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Abstract

Conversational Recommender Systems (CRSs) have emerged as an important research area
that combines recommendation algorithms with natural language interaction to provide more
personalized and engaging user experiences. While current studies mostly focus on improving
accuracy, dialogue management, and model performance, less attention has been given to user
experience. This literature review examines the shift from system-centered research toward
human-centered CRS design by synthesizing studies on explainability, trust, discoverability,
preference elicitation, and exploratory information seeking. It compares different ways that help
the user who is not sure what they are looking for to explore information instead of providing the
most accurate recommendations. This review also discusses the current method for evaluating
users’ experience and some improvements that could be made to it. Overall, this review argues
that future research ought to not only be done towards improving recommendation accuracy but
also on user experience by helping them to understand, explore, and make better decisions.

Keywords: Conversational Recommender Systems, Natural language interaction,
Human-centered CRS, Explainability, Exploration, User experience

1 Introduction

1.1 Background and Context

With the increase in online information, finding relevant information has become harder for
users. Recommendation systems help solve this problem by suggesting products, movies,
music, or other content based on a user’s interests and previous interactions [7, 12, 20].
However, traditional recommendation systems mainly rely on historical data and often assume
that users already know what they are looking for. This can make it difficult for users to discover
new interests or explore unfamiliar options [7, 14].

Conversational Recommender Systems (CRSs) extend traditional recommendation systems by
having a dialogue with the user to take in current preferences from the user, allowing the user to
interact with the system through natural language conversations [7, 10, 14]. Instead of only
providing recommendations, these systems can ask follow-up questions, explain their
suggestions, and adjust recommendations as users share more information [10]. As large
language models (LLMs) become more advanced, CRSs also become more capable of
engaging and interacting with the user [20, 25].
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1.2 Research Motivation

Although many studies have focused on improving recommendation accuracy and conversation
strategies, particularly through preference elicitation, dialogue management, and strategic
planning [4, 7, 14, 25], less attention has been given to how users experience these
interactions. Recent research has begun to explore how explainability, trust, discoverability, and
preference elicitation can help users better explore the possibilities and make decisions [6, 9,
11, 20]. These human-centred aspects are important to help users discover all kinds of
possibilities instead of simply receiving the most accurate recommendation. To better
understand the shift from recommendation performance toward broader user support, this
literature review explores the following research question: How can Conversational
Recommender Systems support users in developing, exploring, and understanding their
preferences?

This literature review examines how recent research is shifting from improving recommendation
performance to improving the overall user experience of Conversational Recommender
Systems. It focuses on four areas that emerged from the literature as different ways CRS can
support users throughout the recommendation process: discoverability and information
exploration, which help users find and explore options, and explainability and trust, which help
users understand and evaluate recommendations. Together, these factors can help
conversational systems better support users throughout the recommendation process.

2 Methods

2.1 Search Strategy

To provide an overview of how CRSs have improved and the future improvements towards user
experiences, we identified, reviewed, and selected relevant literature using PRISMA guidelines.
To ensure the studies are applicable, we considered 2 factors: (1) the number of times it was
cited and (2) time — after 2018. We used Google Scholar and ACM Digital Library to find
research related to Conversational Recommender Systems with search terms such as
“conversational recommendation”, “conversational recommender system,” “explainable

conversational recommendation,” and “user experience.”

2.2 Inclusion Criteria

The following are the criteria to identify whether a study is related to Conversational
Recommender Systems:

e The paper was published after 2018.

e The paper is written in English.
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e The paper focuses on Conversational Recommender Systems (CRSs) or closely related
conversational recommendation technologies.
The paper was peer-reviewed.
The paper discusses at least one aspect of CRS design, performance, interaction, or

user experience that could contribute to understanding how CRSs support users beyond
recommendation accuracy.

The initial search contains 91 studies. We evaluated these studies based on the title and
abstract; 85 studies remained. After reading and reviewing these studies fully, we selected 23
relevant studies that meet the criteria for analysis (see Figure 1).

The papers reviewed (n = 23) were published between 2018 and 2026, with an increasing
number in 2024 (see Figure 2). Most of the papers were published in the ACM Digital Library.
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Figure 1: PRISMA Flow Chart [3]
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Figure 2: Number of Papers by Year

2.3 Analysis Method

The selected papers were grouped according to the research themes, including adapting to
users' preferences, supporting exploration and discoverability, improving understanding by
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explanation, and creating a user-centered interaction. The similarities and differences between
studies were then compared to identify the trends and research gaps.

3 Results

In this study, we suggest that supporting users in conversational recommender systems (CRSs)
involves more than generating accurate suggestions. While recommendation accuracy remains
an important measure of CRSs' effectiveness, recent research has increasingly examined how
systems can support users throughout the recommendation process. Across this literature, four
main forms of user support were shown: understanding and adapting to users’ preferences,
facilitating exploration and discoverability, helping users understand recommendations through
explanations, and creating human-centered interactions. These dimensions highlight how CRSs
can move beyond simply predicting users’ preferences towards supporting users in exploring
possibilities, making decisions, and engaging in meaningful conversations.

3.1 Supporting Users Through Adaptive Preference Understanding

Traditional recommender systems primarily rely on historical user data, provide limited
interaction with users, and provide a one-shot recommendation [1, 7]. To tackle these
limitations, Conversational Recommender Systems (CRSs) are needed. These types of systems
provide real-time interactions and negotiated dialogues with users, enabling recommendations
to take in current preferences from users and be updated throughout the interaction [10, 14].
This interactive process provides an opportunity for CRSs to move beyond sticking with a fixed
user’s preference and instead continuously adapt to the user’s needs as the conversation
develops.

Recent research has therefore focused on making preference understanding more adaptive and
responsive. Rather than relying on a single preference or treating each user response
independently, researchers have explored methods that allow CRS to plan conversations,
incorporate feedback, and continuously update their understanding of users. These approaches
aim to address situations where the users have multiple, incomplete, changing, or unreliable
preferences.

One recent approach is SAPIENT, a framework for conversational recommender systems to
help the Al agent think in the long term and train it to perform better as it goes [4]. Rather than
reacting to each user’s messages, SAPIENT considers different actions that can be taken, such
as asking additional questions, providing explanations, or making recommendations, to select
the best actions to maximize user satisfaction. This type of approach allows the system to
determine which information is necessary and reduce redundant questions. By planning across
multiple turns, SAPIENT produces more efficient dialogues and improves recommendation
quality, conversation success rate, and overall user engagement.
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While SAPIENT focuses on planning conversational actions, Reinforced Strategy Optimization
(RSO) focuses on adapting conversational strategies to different users and conversation states
[25]. It splits the user input into two parts: (1) Macro-level Strategy Planning, which determines
the overall conversational strategy and selects which type of action to take (e.g., recommend,
explain, encourage) based on the conversation state and user feedback; and (2) Micro-level
Strategy Adaptation, which operationalizes the chosen strategy by adapting it to the user’s
context. With this strategy, it lowers the difficulty and complexity of the system and enables more
personalized strategy learning. Overall, the study demonstrates that strategy-level adaptation
can improve conversational quality and recommendation performance, while allowing the
systems to respond more flexibly to users [25].

Other researchers have focused on improving the CRS model for user preferences during the
conversation. The Multi-Interest Multi-Round Conversational Recommendation System with
Fuzzy Feedback Based User Simulator recognized that users often have multiple preferences
that cannot be represented by a single fixed profile [19]. Its use of fuzzy feedback allows the
system to represent uncertainty instead of forcing a user’s preferences into precise rankings.

Uncertainty also arises when user feedback is unreliable. Online Learning and Detecting
Corrupted Users for Conversational Recommendation Systems address the underexplored
challenges of misleading or corrupted feedback from users in CRSs by enabling the system to
detect it during the learning process [2]. By filtering the unreliable feedback, the system can
improve its accuracy in modeling user preferences and recommendations.

Another issue in conversational recommender systems is confounding bias, where previous
system interactions influence the feedback used to predict user preferences. To address this
issue, researchers came up with the User-Regulation Deconfounded Conversational
Recommender System with Bandit Feedback, which uses bandit learning techniques to
separate genuine user preferences from behavioral biases [23]. By reducing the influence of
confounding factors, the model is able to produce recommendations that more accurately reflect
the user’s actual preferences. Together, these studies demonstrate that adaptive preference
understanding involves more than collecting additional user information. Effective CRS must
also determine how preferences change, how reliable feedback is, and how previous
interactions may influence the interpretation of user behavior.

Taken together, these studies show that CRS can support users by treating ongoing preference
understanding as an ongoing process rather than a one-time prediction. Planning conversational
strategies, adapting to user feedback, and accounting for unreliable preferences allow systems
to respond to users who are still uncertain about their needs. However, understanding users
more effectively does not necessarily mean that users know what they want in the first place.
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When users have uncertain preferences or are interested in discovering unfamiliar possibilities,
CRS can play a different role: helping them explore

3.2 Supporting Exploration and Discoverability

Understanding users’ existing preferences is only one way that conversational recommender
systems can support them. Users do not always enter a conversational recommender with
clearly defined preferences or options. In these situations, the role of CRS can extend beyond
predicting what the user will likely prefer to help them discover relevant possibilities and
formulate what they are looking for. Recent research has therefore examined how
conversational systems can improve discoverability, proactively introduce relevant options, and
encourage users to explore interests beyond their existing knowledge or historical preferences.

One challenge in conversational systems is that users may not be aware of all the capabilities or
skills available to them, limiting their ability to benefit from the conversational assistant. Kalirai
et al. [12] found that users typically interact with only a small number of available skills because
they do not know what functions the assistant offers. To solve this issue, the authors proposed
faceted skill recommendations, which suggest relevant tools based on the user’s interests.
Rather than requiring users to know what capabilities to ask for, the system introduces
potentially useful functions during the interaction. This demonstrates how conversational
recommender systems can not only provide suggestions on relevant items, but also help users
discover what the system can help them accomplish.

Similar ideas are explored by Liao et al. [5], who examined discoverability in enterprise
conversational assistants. Using real-world data from the Al Assistant for Adobe Experience
Platform, the researchers discovered how users generally use a small fraction of features. To
address this problem, the authors propose skill question suggestions, which use previous
interactions to generate questions that may be useful to the user. These suggestions can help
users discover additional system capabilities and encourage users to explore topics they might
not have considered. Compared with faceted skill recommendation, which primarily focuses on
exposing available system functions, proactive question suggestions guide users toward asking
better questions, thereby formulating new directions for the conversation.

Exploration can also extend beyond discovering system capabilities to discovering new personal
interests. Manveer et al. [10] stated that future recommender systems should support and
nurture user self-actualization rather than simply use a fixed preference inferred from historical
interactions. Interactive conversational recommendation could help the agent take in real-time
information to ensure the recommendations are suitable for the users’ current preferences. This
system also encourages users to discover new interests, pursue future goals, and explore
identities that may not be reflected in historical interaction data. From this perspective, CRS
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does not merely infer what users already want; it can participate in the process through which
users explore and develop new preferences.

Together, these studies demonstrate that exploration in CRS can occur at multiple levels.
Faceted skill recommendations and skill question suggestions improve the discoverability of
system capabilities and help users formulate new directions for conversation, while work on
self-actualization extends exploration to users’ own developing interests and goals. These
approaches shift the role of conversational recommendation from predicting a fixed preference
to supporting users as they discover new possibilities. However, greater exploration also
introduces a need for users to understand and evaluate unfamiliar recommendations, making
explanation an important component of the exploratory experience.

3.3 Supporting Understanding Through Explanations

Exploration does not end when a CRS presents an unfamiliar option. Users also need to
understand why an option may be relevant and determine whether it aligns with their interests.
Explanations can therefore serve not only to justify a recommendation, but also to provide
information that helps users evaluate unfamiliar possibilities. Recent research has examined
how the content and quality of explanations influence users’ understanding, trust, and
willingness to explore recommendations.

Explanation Driving Exploration argues that conversational recommender systems should
explain recommendations to users in a way that helps them explore unfamiliar content, not just
accept recommendations blindly [11]. By explaining a decision or option the CRS recommends
to the user, the system becomes more trustworthy to the user, and it helps the user to
understand the recommendation better. Through user studies, the author identified four
dimensions of information that people naturally seek when exploring unfamiliar items: essence,
experience, exchange, and entwinement. While humans typically combine multiple dimensions,
many existing systems only provide one type of explanation. Providing explanations that include
multiple information dimensions can therefore improve users' understanding of
recommendations and encourage deeper exploration. These findings suggest that explanation
quality plays not only a technical role in a recommendation system, but also an important part of
how users make sense of and evaluate recommendations.

The importance of explanations is also reflected in research on user-centered evaluation.
CRS-Que examines how explainability and transparency contribute to users’ experience with
CRSs [9]. Its findings suggest that explanations can increase users’ sense of control by giving
them greater insight into the recommendation process. This indicates that explanations can
serve as a broader function than providing reasons for recommendations: they can help users
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feel more informed and involved in the recommendation process. In this way, explainability
connects the recommendation itself with the user’s ability to understand and evaluate it.

Other explainable CRS research similarly demonstrates the relationship between explanation
quality and trust. Explainable conversational recommendation approaches have been
developed to generate explanations alongside recommendations, allowing users to better
understand the reasons for the recommended items. Research has shown that improving the
quality and informativeness of these explanations can increase the explainability and
trustworthiness of the CRS [22]. More recent work also highlights the importance of credibility,
as explanations containing misinformation can undermine users’ trust even when they are
persuasive [18]. Therefore, simply providing an explanation won’t necessarily improve user
experience; explanations must also provide credible, understandable, and relevant information.

As a whole, these studies suggest that explanations can support users at several stages of the
recommendation process. They can help users understand unfamiliar options, evaluate the
effectiveness of recommendations, and develop greater trust during the interaction. Importantly,
this means that explanation quality should not be evaluated solely according to whether a
system can generate a plausible justification. From a user-centered perspective, explanations
are valuable when they provide the information users need to understand and make decisions
about recommendations. This extends the role of CRS beyond selecting relevant options toward
helping users actively evaluate and make sense of those options.

3.4 Human-Centered Interaction

The previous sections show that CRSs can support users by adapting to their preferences,
helping them explore different possibilities, and providing explanations for recommendations.
However, these functions are all experienced through the interaction between the user and the
system. A CRS can provide relevant recommendations but still be difficult to use if it does not
understand the user, respond appropriately, or communicate naturally. Therefore, recent
research has also examined CRS from a human-centered perspective, focusing on how users
experience and interact with these systems.

One of the first comprehensive frameworks developed specifically for evaluating conversational
recommender systems is CRS-Que [9]. Unlike traditional evaluation methods that primarily
measure recommendation accuracy or dialogue success, CRS-Que evaluates the entire
conversational experience from the user’s perspective. The framework incorporates 6 major
critical conversation constructs: CUI Understanding, CUI Adaptability, CUI Response Quality,
CUI Attentiveness, CUI Rapport, and CUl Humanness. With these constructs, studies on user
experience and user satisfaction can be conducted. They measure how naturally the system
communicates with users. This was validated through user studies involving music exploration
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and mobile phone purchase, which demonstrate good reliability in assessing user experience.
The author also discovered that explainability increased users’ control, and increasing the
humanization level could increase users’ trust. These findings suggest that conversational
quality is closely connected to users' willingness to continue using a system.

While CRS-Que focuses primarily on users’ experience during the conversation with the agent,
CONCEPT considers both system- and user-centric factors to evaluate conversational
recommender systems. CONCEPT is a tool that provides an overview of the pros and cons of
CRS models and offers a reference guide to evaluate CRS [6]. It evaluates how technical
system performance affects users’ experience. This evaluation demonstrates that
recommendation quality and users’ experience are correlated. By considering both factors,
CONCEPT provides a better and more accurate assessment for CRSs. As a result, researchers
found the limitations in current CRS models and suggested that even "omnipotent" systems lack
practical usability. With CONCEPT, a guideline or reference for evaluating CRSs has been
provided.

Beyond developing evaluation frameworks, researchers have investigated the system qualities
that enhance user experience. CRS-UX is a model to capture key qualities of conversational
recommender systems from the users’ perspective [8]. Using this model, researchers found that
recommendation relevance, transparency, adaptability, trustworthiness, and conversational
naturalness contribute to positive user experiences. With this information, they were able to
improve the system’s quality and evaluate the key factors in improving user experience.
Moreover, researchers came up with the thought that speech-based conversational
recommenders, such as intelligent voice assistants, are becoming prevalent. As a whole, these
findings reinforce the idea that recommendation quality alone cannot fully explain users'
satisfaction with conversational systems.

Several recent studies suggest that how conversational recommender systems recommend is
equally important as what the systems recommend. Different conversational styles can influence
users’ experience. Research suggests that adapting conversational strategies to individual
users can improve overall conversion quality and engagement [13]. Furthermore, another study
found that different users significantly prefer different conversational systems to communicate.
With this being said, researchers indicate that conversational recommender systems that can
adapt according to the users’ preferred style can further improve the overall experience [15].
More broadly, the design of a conversational agent’s dialogue shapes user satisfaction. Its
structure, format, and style affect users’ trust, the agent's intelligence, and overall credibility [21].
Together, these studies show the importance of the style and design of the system. It is an
essential component that strengthens users’ satisfaction while using this system. Systems that
can adapt to their users are key to improving conversational recommender systems.
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Improvements in large language models (LLMs) have also contributed to the improvement of
user experiences in conversational recommender systems. A study reported that LLM-based
CRSs produce conversations that users described as more natural, flexible, and engaging
compared to traditional CRSs. This system can clarify implicit needs, support unique
explorations, and facilitate a deeper understanding of the topic the user wants to explore [24].
However, there are still ongoing challenges with this system, including occasional inaccuracies,
inconsistent recommendations, and concerns regarding transparency. These findings suggest
that although LLMs improved the quality of the conversation and user interactions, further
improvements to this system are still needed to provide an overall more satisfying user
experience.

Across these papers and studies, they all show that supporting users involves more than
improving the recommendations themselves. Users also need a system that can understand
their needs, adapt during the conversation, respond appropriately, and communicate in a way
that feels natural and trustworthy. Research such as CRS-Que, CONCEPT, and the study of key
CRS qualities provides different ways of evaluating these user-centered factors, while studies
on conversational strategies and LLM-powered CRS show how interaction can be adapted and
improved. These findings suggest that a human-centered approach is important for designing
CRS supportive experiences throughout the conversation.

4 Discussion

The findings of this review suggest that the role of Conversational Recommender Systems is
becoming broader than simply predicting what users may prefer. Although recommendation
accuracy is still important, the literature suggests that users may need support at different
stages of the recommendation process, such as developing their preferences, discovering
unfamiliar options, understanding recommendations, and interacting with the system. These
findings raise a broader question about what the main purpose of a CRS should be: should it not
only predict what users are likely to prefer, or should it also help users explore and make
decisions?

4.1 From Recommendation to Exploration

One important finding from this review is that users do not always know exactly what they want
when they begin a conversation with a recommender system. Their preferences can change as
they receive new information or discover options they had not considered before. Researchers
argue that future recommender systems could support users not only with their current
preferences but also with their future goals and personal development [10]. This means that a
CRS cannot always treat user preferences as something that can simply be collected at the
beginning of a conversation and used to produce one recommendation.

10
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Instead, the conversation itself can become a part of the decision-making process. When a
system adapts to changing preferences, introduces new possibilities, and provides information
about recommendations, it can help users understand their own preferences as they interact
with the system. This is different from a traditional recommender system, where the main goal is
often to predict what the user will like based on existing data. Research on discoverability and
exploration similarly shows that CRS can introduce system capabilities, suggest questions, and
help users discover options that they may not have considered before [11, 12]. Explanations can
also help users understand unfamiliar recommendations and decide whether they are relevant
to their needs [11].

This also connects the different areas found in this review. Adaptive preferences understanding
allows the system to respond when users’ interests change. Exploration gives users the
opportunity to consider options outside their initial request. Explanations can then help users
understand and compare these options. These functions work together rather than separately,
since users may need to discover an option before they can understand whether it is suitable for
them.

Therefore, the role of conversational recommender systems should not simply be finding the
most relevant recommendation. It could also act as a form of decision support by helping users
explore their choices and make their own decisions. However, this raises another question: how
much should a CRS guide users without taking control away from them? If a system
becomes too proactive, it may limit the user’s choices instead of supporting them. Future CRS
research should therefore consider not only how systems can help users, but also how much
control users should have over the interaction.

4.2 Rethinking How CRS Should Be Evaluated

The findings also show that recommendation accuracy does not tell us everything about
whether a CRS is useful. Accuracy measures whether a system can provide relevant
recommendations, but it does not tell us whether users understand those recommendations,
feel that the system understands them, or find the conversation helpful. Human-centered CRS
research has therefore considered factors beyond recommendation performance, including
users’ perceptions of the interaction [8, 9].

This is important because the purpose of a conversational system is different from that of a
system that only produces recommendations. Users are actively involved in the interaction,
which means that their experience can affect their thoughts on the usefulness of the system. For
example, a system may recommend an item that matches the user’s preferences but still
provide a poor experience if it does not respond to their questions or adapt when their
preferences change [13, 21].

11
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The human-centered studies in this review suggest that these factors should be considered
when evaluating CRS. Measures such as adaptability, understanding, response quality,
transparency, trustworthiness, and conversational naturalness provide information that
recommendation accuracy cannot capture [8, 9]. These findings suggest that two CRS with
similar recommendation accuracy could still provide different experiences for users.

However, this does not mean that accuracy should be ignored. The issue is not whether
accuracy or user experience is more important. Instead, the two types of evaluation can provide
different information about the system. Accuracy can show whether a CRS is providing relevant
recommendations, while user-centered measures can show whether the system is actually
helping users during the interaction.

This means that future evaluations should expand beyond accuracy rather than replace it. A
CRS should be considered successful not only when it recommends relevant options, but also
when it helps users understand, explore, and evaluate those options. A more complete
evaluation could therefore consider both what the system recommends and how the user
experiences the process of reaching that recommendation [6, 9].

4.3 Future Research Directions

The findings of this review raise several questions for future research. First, more research is
needed to develop evaluation methods that combine recommendation performance with user
experience. Frameworks such as CRS-Que and CONCEPT provide important steps in this
direction by considering both system-centered and user-centered factors [6, 9]. However, these
approaches also raise the question of how different aspects of user support, such as
exploration, understanding, trust, and user control, can be measured consistently across
different CRS.

Second, future research should examine CRS over long periods of time. Many CRS studies
evaluate users through individual conversations or controlled experiments. However, users’
preferences may change over time, and their relationship with a system may also change
through repeated interactions. A system that works well during one conversation may not
necessarily continue to support the same user effectively over a longer period. Long-term
studies could therefore provide a better understanding of how CRS adapt to changing
preferences and whether users continue to find these systems useful.

Another important question is how proactive a CRS should be. The literature suggests that

introducing unfamiliar options and helping users explore can provide value beyond simply
matching an existing preference [10, 11, 12]. However, there needs to be a balance between

12



Q Research Archive of

Rising Scholars (preprint) Where bright minds share their learnings

helping users discover new possibilities and influencing their decisions too much. This raises the
question of whether different users may prefer different levels of system guidance. Research on
conversational styles already suggests that users can have different preferences for how they
interact with CRS [13]. Future research could therefore examine how the level of proactivity
should be adapted to individual users.

Finally, the increasing use of Large Language Models presents both opportunities and
challenges. Although LLM-based conversational recommender systems provide more neutral,
flexible, and engaging interactions, transparency, factual accuracy, privacy, and explainability
remain issues to solve [18, 24]. Therefore, future studies should explore methods for balancing
conversational flexibility with trustworthy and transparent recommendations while maintaining
positive user experiences.

Overall, the findings suggest that the future of CRS should not be measured only by how
accurately a system can recommend an item. A CRS can also support users in discovering,
understanding, and evaluating their options. This does not make recommendation accuracy less
important. Instead, it places accuracy within a larger goal of helping users make informed
decisions while maintaining control over the recommendation process.
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6 Conclusion

Conversational Recommender Systems (CRSs) have evolved from traditional recommender
systems that relied on users’ historical data and one-shot recommendations. Through
conversational interactions, modern CRSs gather user information over time, adapt their
recommendations, and provide a more personalized experience. Recent advancements in
Large Language Models have further improved the flexibility and naturalness of conversations,
enabling the system to understand the users’ intentions better and maintain multi-turn dialogues.

This literature review identified three major research directions in recent CRS research. First,
researchers have been constantly improving recommendation performance through strategic
planning, reinforcement learning, adaptive user modeling, and personalized dialogue strategies.
Second, more attention is being paid to supporting human information exploration by improving
discoverability, providing richer explanations, and encouraging users to explore unfamiliar
options rather than simply reinforcing existing preferences. Finally, research has gradually
shifted from focusing solely on recommendation accuracy toward human-centered measures
that consider trust, explainability, conversational quality, and overall user experience.

13
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Overall, we suggest that the role of Conversational Recommender Systems is evolving beyond
providing accurate recommendations. Rather than acting only as a recommendation tool, CRSs
are increasingly designed to serve as intelligent conversational partners that help users discover
information, refine their preferences, and make informed decisions. As conversational
technologies continue to advance, future research should continue emphasizing
human-centered design principles to ensure that conversational recommender systems are not
only about accuracy but also trustworthy, transparent, and genuinely supportive of users
throughout their conversation with the systems to find information.

14
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