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Abstract

While conversational agents’ (CAs) semantic and syntactic capa-
bilities have advanced, their pragmatic skills, using language ap-
propriately in context, have emerged as a critical focus in practical
applications. Hence, scholars integrate conversational skills derived
from human-human interaction into CA designs. However, existing
research mainly adopts an empirical approach and focuses on spe-
cific CA deployment, making it challenging to identify overarching
patterns or develop a comprehensive methodology for transferring
human pragmatic skills to CA design. Thus, we conducted a sys-
tematic review of 85 studies from primary databases (e.g., ACM,
IEEE, etc.), focusing on designing CAs with human-derived conver-
sational skills. We identified skill categories (verbal, paralinguistic,
nonverbal), transfer strategies (from dialog data, theories, and via
co-design), implementations, and evaluation metrics. We consoli-
dated these insights into a four-stage design process: human skill
exploration, definition, transfer, and iterative evaluation. Future re-
search can leverage this to design CAs that achieve conversational
goals through contextually appropriate language use.
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1 Introduction

There is an increasing presence of conversational agents (CAs),
also known as chatbots, personal assistants, or digital compan-
ions, in diverse application domains to provide interactive services
through text-based or speech-based dialogues, including, but not
limited to, health care [85, 167], education [156], and customer ser-
vice [14, 103]. Compared to traditional systems such as graphical
user interfaces, CAs offer superior user engagement with their in-
teractivity, immediacy, intention of use, and social characteristics
conveyed by conversations [51, 75, 156], as well as better accessi-
bility to facilitate individuals with specific accessibility challenges,
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such as visual impairments or cognitive disorders [1, 192]. The
computers are social actors (CASA) paradigm [118] posits that hu-
mans tend to interact with computing systems as they do with
other humans, applying similar social rules and expectations. It is
suggested that the CA’s improved conversational skills increase
its perceived social presence and affect user behaviors of interac-
tion, which might further lead to increased satisfaction, enjoyment,
perceived usefulness, and use of the system [146].

In the scope of this paper, “conversational skills” denote prag-
matic communication abilities to use language in context, highlight-
ing the parts beyond comprehending and conveying primary mean-
ings of words (semantics) in correct grammatical forms (syntax) [90].
Such conversational skills, empirically identified in human-human
interactions, can be divided into verbal behaviors (e.g., topic man-
agement, turn-taking, and breakdown repair), paralinguistic be-
haviors (e.g., fluency, prosody, and vocal quality), and nonverbal
behaviors (e.g., facial expressions, gaze, and gestures) [132, 155].
Early development of CAs since the first chatbot ELIZA [173] fo-
cused primarily on improving the quality of content generation
(semantics) and the accuracy of language forms (syntax). The recent
large language model, GPT-4, has surpassed ELIZA and gained the
language ability that is comparable with humans in certain setups,
such as the game based on the Turing test [70]. Interestingly, one
apparent difference between the model and humans is the model’s
“too perfect grammar” [70]. It is advised that CAs should enable
pragmatic conversational skills to meet the user’s expectation of
their conversational and social intelligence to avoid frustration and
dissatisfaction [23]. In the past decade, there has been an increasing
recognition of the importance of pragmatic communication skills
in CAs across academia and industry, leading to emergent designs
of CAs’ use of language in context. Take turn-taking as an example.
Although conventional voice user interfaces impose a strict request-
response structure and only allow users to take the turn to speak
after a wake word, such as “Alexa,” previous research found that
this brings users extra efforts to integrate the CA into daily con-
versations [131]. This is regarded as a critical difference between
human-CA and human-human conversations, which might lead
to interruption, inefficiency, and dissatisfaction [131]. Conversely,
the absence of such conversational skills can result in poor user
evaluations such as reduced user trust, perceived transparency, em-
pathy, and/or suboptimal task performance [99, 178], as observed
in baseline CA systems in prior research.

To realize CA conversational skills, researchers employ rule
sets, retrieval algorithms, (neural/deep) generative models, to large
language models (LLMs) (e.g., [53, 84, 130, 148]). Notably, the devel-
opment of CAs has become less burdensome with recent advance-
ments in artificial intelligence (AI). Designers and researchers can
now implement conversational skills by LLM prompting (e.g., the
LLM-based self-disclosure [115]) rather than relying on resource-
intensive, technically complex alternatives, allowing focus on high-
level designs of conversational skills (e.g., the inner thought frame-
work of CA [100]) instead of technical development. Thus, more
complicated conversational skills for specific contexts are explored,
such as the interview skills required for hospital admission [99], as
well as the administrative skills for conducting tasks for screening
cognitive disorders [39, 64].
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Human-computer interaction (HCI) scholars stressed the neces-
sity to take inspiration from human-human interaction to design
CAs with these special conversational skills. They experimented
with different ways to extract skills, from human conversation
data [62, 119, 128] or expert feedback [115, 184]. No systematic
synthesis of literature, however, has yet explored the whole process
by which conversational skills, derived from human interactions,
can be translated into CA design. One existing survey develops a
taxonomy of CA communicative behaviors and identifies underex-
plored behaviors that ought to be transferred from human dialogue
to CAs [168]. Nevertheless, it did not provide a tactic roadmap for
designers to follow. A separate systematic review examines CA
design practices, with more emphasis given to the evaluation meth-
ods and metrics [186]. While it mentioned some broad categories
of design methods (e.g., theory- or framework-based approaches,
and participatory design), no specific details were provided about
how to implement skill transfer from humans to CAs.

To fill these gaps, we conducted a systematic review of 85 studies
to answer the following research questions:

e RQ1: What are the skills that practitioners transfer from
human conversations to CA design?

e RQ2: How are conversational skills derived from human
dialog to CA design?

e RQ3: How are the skills implemented and evaluated?

Our findings reveal that the skill transfers happened across di-
verse human-CA interaction scenarios: health, customer service,
education, social support, and so on. According to the pragmatic the-
ories [132], we categorized the identified skills that are transferred
from humans to CAs into verbal, nonverbal, and paralinguistic skills.
Specifically, speech acts, turn-taking, topic, and stylistic variances
are identified as sub-categories under verbal skills. The CA’s facial
expression, gesture, eye gaze, and typing behaviors consist of the
nonverbal skills. Last, paralinguistic skills cover aspects of prosody,
vocal intensity, and fluency of the CAs. More importantly, we sum-
marized three primary transfer strategies. The reviewed works ex-
tract conversational skills from human dialog data, either collected
by the researchers or from previous works, through mixed-method
analysis. A more flexible strategy is to conduct consultations, in-
terviews, or surveys with human participants to synthesize the
conversational skills. Sometimes, the participants are required to
craft the skills directly, such as providing the response contents or
templates. The most common way is to transfer the conversational
skills from the theories of linguistics, communication, psychology,
or sociology. The transferred skills are implemented through the
traditional model training, such as training a language generation
model with the collected dialog data with target conversational
skills. To implement the conversational skills in a more controlled
way, the reviewed works also build knowledge bases to manage the
skills. The more recent trend of utilizing large language models to
implement conversational skills is also identified, via approaches
from basic prompting engineering to the more advanced chain-of-
thought or multi-agent frameworks.

Our work contributes to a systematic review of the literature
about transferring human conversational skills to the design of
conversational agents. More importantly, we propose the design
process for effective and efficient skill transfers by integrating our



From Human Pragmatic Language Skills to Conversational Agent Design

findings with the Double Diamond design process [31, 32]. The
four-stage process includes human skill exploration, skill defini-
tion, skill transfer, and iterative evaluation. The process balances
creativity and implementation of the CA design with two rounds
of divergent and convergent processes. It depicts a comprehensive
method for future design that requires the CA to be human-like,
socially appropriate, and effective in service delivery

2 Related Works

2.1 From the Theory: Computers Are Social
Actors

The anthropomorphic design of conversational agents (CAs) finds
its roots in an early human-computer interaction (HCI) framework,
the CASA theory (Computers Are Social Actors) [117, 118]. At its
core, this theory suggests that we are inclined to engage with com-
puters not as mere instruments, but as social beings, especially
when they bear the hallmarks of human interaction, such as the
natural language woven into CAs’ conversations. This anthropo-
morphic bent, however, is not merely a quirk of interaction. It
carries tangible advantages for user experience and task perfor-
mance in contexts. In retail settings, for instance, CAs endowed
with human-like linguistic cues, such as using more first-person
descriptions, foster greater trust, stronger purchase intent, word-
of-mouth, and higher satisfaction than their non-anthropomorphic
conditions [81]. The reason, in part, lies in the texture of their
communication: an anthropomorphic style exerts a significant in-
fluence on social presence, that intangible sense of “being with”
another, which in turn weaves connections to user trust, empathy,
and satisfaction [66]. Today, it is artificial intelligence technologies,
most notably large language models, that have propelled these CAs
beyond previously imagined limits, pushing the boundaries of what
they can achieve [148]. Empowered by such Al-driven text genera-
tion tools, CAs now mirror human conversation with a naturalness
and complexity once elusive: their responses flow with the cadence
of real dialogue, navigating nuance and complexity in ways that
blur the line between machine and human interaction [68, 69]. This
leap toward humanlikeness aligns with a broader design impera-
tive, as noted in prior reviews: CAs are increasingly crafted with
both verbal and non-verbal human behaviors, each a deliberate
brushstroke in the portrait of anthropomorphism [168].

2.2 Anthropomorphic Skill Design of
Conversational Agents

Turning first to verbal skill design, prior studies highlight how CAs’
linguistic behaviors shape user perceptions and interaction quality.
These verbal behaviors or skills occupy an explicit, tangible role in
the back-and-forth between CAs and users. Consider, for instance,
a CA skill design that embeds memory into dialogue: recalling
personal details from a conversation, even including intentional
lapses to mimic human forgetfulness [137]. This careful calibration
of remembering and forgetting, the research found, heightened
both user enjoyment and the CA’s believability, as if the CA carried
the faint, familiar imperfection of a human mind. Beyond memory,
researchers have probed the texture of language itself, exploring
how human-like linguistic styles shape interaction. Assistant CAs,
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for example, have been designed with empathetic language, using
tones that mirror care or understanding. In contrast, survey CAs
adopt more formal cadences, each style tailored to its context [63,
75, 169]. These variations, like the dynamics of human speech,
underscore how verbal skills serve as deliberate tools to bridge the
gap between machine and person.

Beyond verbal behaviors, researchers have also examined how
non-verbal skills contribute to anthropomorphic CA design. In
human conversation, non-verbal cues carry as much weight as
verbal signals that shape connection, trust, and understanding. It
is this truth that guides the design of CAs, which are increasingly
endowed with non-verbal skills to mirror the rhythms of human
interaction. Consider gaze, for instance: in task-assisting contexts,
a CA’s deliberate gaze movements have been shown to strengthen
user trust, as if the agent’s attention, even in digital form, fosters
a sense of reliability [159]. Facial expressions, too, serve as tools
of empathy: CAs designed to display such cues can cultivate an
empathetic profile, bridging the gap between machine and human
emotion [112].

2.3 Previous Review Works Related to
Conversational Agents

Across existing review studies, three major strands become appar-
ent, although each addresses different aspects of CA design. The first
strand focused on human-like design: identifying both verbal and
non-verbal human-like behaviors in CAs as mentioned earlier [168],
or distilling the characteristics of CAs’ conversational and social in-
telligence [23]. Yet such inquiries remain sparse, overshadowed by
the far larger body of reviews that fixate on domain-specific niches,
such as elderly support [65, 78], customer service [17, 177, 183], and
health care [26, 79, 85, 167]. Others turn a business lens to the sub-
ject, dissecting adoption motivations, engagement drivers, and their
downstream outcomes [14, 103]. This scholarship maps the commer-
cial pulse of CA integration but stops short of broader design ques-
tions. A bigger strand of review works fixates on the technical parts:
implementing CAs or outlining technical frameworks for their de-
velopment [53, 84, 148]. One such survey, for instance, parses the
architectural backbone of CA design, categorizing conversation
generation into rule-based, retrieval-based, and generation-based
methods [130]; another recent work sketches human-centered ap-
proaches to algorithm and model development [126]. Within HCI,
too, reviews have probed CA research from distinct angles: one cen-
ters on usability evaluation [44], while others unpack critical user
experience factors—engagement, satisfaction, privacy, and trust,
all threaded through the literature [56, 134, 136]. Yet for all this
attention, a quiet gap persists: the review works have largely over-
looked the design methods that underpin anthropomorphic CA
development. The question of how to design CA, through inten-
tional, theory-driven design choices, remains underexplored.
Alongside these review strands, a smaller but important body of
work has examined the design methods behind CA development.
Much of the existing work on CA design has leaned on empirical in-
quiry, grounding its insights in prototype systems and user studies
to distill actionable design implications [13, 27, 64]. Yet alongside
this empirical vein, a smaller body of work has delved into the the-
oretical methodologies that shape CA design, each probing distinct
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facets of the process. In healthcare, for instance, one paper revisited
longstanding knowledge engineering methodologies, proposing an
updated lifecycle that weaves knowledge gathering and usability
testing into its core [21]. To gather the domain-specific knowl-
edge that animates a CA’s conversation design, researchers often
turn to familiar tools: crowdsourcing, interviews, and co-design
with experts, each a thread in the fabric of intentional dialogue
scripting. A study exploring polyadic human-CA interactions, for
example, notes that participatory design often takes center stage
in such design scenarios [186]. A rapid review dedicated to co-
designing CAs unpacks the techniques, outcomes, and benefits
of this collaborative approach, shedding light on how shared cre-
ation shapes better CAs [141]. Beyond specific methods, reviews
have cast a wider net, cataloging application domains, user-CA
relationship dynamics, and evaluation metrics that anchor CA de-
sign [37, 152, 186]. Theoretical frameworks, too, have shaped this
landscape, such as the Natural Conversation Framework, drawing
inspiration from the patterns of human dialogue [111], while other
work has leaned on established conversation theories to structure
CA interaction [37, 186]. Taken together, these efforts sketch a field
increasingly drawn to anthropomorphic design, a trend evident in
the focus on human-like skills, conversational fluency, and social
acumen. Yet for all this attention to what makes CAs feel human,
a critical question lingers, half-formed: the process by which hu-
man conversational techniques, including the subtle, learned skills
that animate face-to-face exchange, might be translated into the
mechanics of human-CA interaction remains unclear. It is this gap
that underscores the need for a deeper inquiry into the translation
of human dialogue into CA design.

3 Methodology

Inspired by previous HCI literature review works [151, 163], we
follow the PRISMA guidelines [127] to implement a four-stage sys-
tematic review process as fig. 1 illustrates: 1) Identification through
database searches; 2) Screening with explicit rules; 3) Eligibility
assessment through full-text review; and 4) Final inclusion based
on relevance criteria.

3.1 Paper Collection

3.1.1 Identification. We conducted systematic searches across six
major academic databases: ACM Digital Library (ACM-DL), IEEE
Xplore Digital Library (IEEE-XDL), Taylor & Francis Online (T&F),
Web of Science (WoS), ScienceDirect (SD), and Scopus. These databases
were selected for their strong coverage of human-computer inter-
action, conversational Al, and computer science, ensuring compre-
hensive capture of relevant literature across multiple disciplinary
perspectives.

The search query is composed of two parts. Inspired by the pre-
vious works of conversational agent researches [168, 172, 186], we
first searched for papers with conversational agent terminology in
title using the following query: “(conversation AND (agent OR AI
OR assistant)) OR chatbot OR socialbot OR (digital AND (assistant OR
agent)) OR (intelligent AND (assistant OR agent)) OR (virtual AND
(agent OR assistant)) OR (personal AND assistant)”. It allowed us to
cover diverse CAs, both dyadic and polyadic, embodied and non-
embodied. In order to look for papers that potentially include the
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conversational skills or strategies designed by authors themselves,
we organized a secondary search query through searching in all
fields with these keywords: “conversational skill*” OR “conversa-
tional strateg™” OR “conversational theor™” OR “conversational frame-
work™” OR ‘communicational skill*” OR “communication strateg™” OR
“communication theor*” OR “communication principle”” OR “commu-
nication mechanism™” OR “communication framework™” OR “commu-
nication behavior*” OR ‘conversational dynamic*” OR ‘conversation
dynamic*”. We focused exclusively on English-language papers pub-
lished in peer-reviewed conferences and journals, while excluding
literature reviews, books, extended abstracts, workshop papers, and
other non-peer-reviewed materials. This search was completed on
July 30th, 2025, by using these queries throughout the six academic
databases, which resulted in 1,024 relevant papers after removing
duplicates.

*

3.1.2  Screening. In the screening stage, our workflow requires
rapidly evaluating a large number of paper titles and abstracts and
distinguishing CA-related work from adjacent but irrelevant fields.
Prior research has shown large language models (LLMs) as effective
tools for systematic reviews, particularly for screening and extract-
ing information from academic documents [8, 101, 144]. Thus, we
implemented an LLM-assisted screening approach. Prior work sug-
gested that the GPT-4 models are promising in the title and abstract
screening task [104, 122]. Given that the OpenAl platform offers
accessible APIs that support reproducible batch processing, we de-
ployed our system via the Azure OpenAI GPT-40 Chat Completions
API with 0.1 temperature to reduce variability !. Specifically, the
screening on title and abstract considered two key criteria: 1) The
paper focuses on specific conversational behaviors, techniques, or
strategies designed for CAs, and 2) the paper suggests a pathway
from human conversational skills to CAs, such as informing skill
design with theories from the literature. As suggested by prior
work [104], we applied a similar layered strategy to compose the
LLM prompt to check if the title and abstract mentioned any CA and
human conversational skill, and skill evaluation with confidence
scores (high/medium/low) respectively. We optimized the LLM
prompt iteratively as suggested [101], to verify whether the LLM’s
output was in the correct format and with minimized hallucinations.
Then, we manually assigned papers with “INCLUDE”, “EXCLUDE”,
or “CHECK FULL TEXT” labels, referring to the LLM output and
the original title and abstract, following the requirement of human
verification for Al-assisted literature review [8, 153]. Those with all
high scores or all low scores could be quickly labeled as included or
excluded after reading the title and a few sentences of the abstract.
Titles and abstracts with mixed scores were carefully examined.
To ensure the consistent understanding of the screening criteria,
we checked the inter-rater reliability with the intraclass correla-
tion coefficient ICC(3,1)=0.55 (fair agreement) [29, 105] among five
coauthors based on a subset of 50 papers. Then we independently
screened the rest papers. After excluding papers with “EXCLUDE”
labels, we retained 233 papers out of 1,301 initially identified papers
(17.9%). During this phase, many papers from unrelated fields (e.g.,
telecommunications engineering, military communications, and
information systems without conversational focus) were excluded
to maintain research scope alignment.

!(Accessed by November 29, 2025) https://platform.openai.com/docs/api-reference/chat
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Figure 1: Flowchart of our paper collection process following the PRISMA framework

Process Criteria ACM-DL Scopus SD T&F WoS IEEE-DL Total
Identification Search term 223 394 166 118 154 246 1301
Screening Title and abstract 193 253 166 117 69 220 1018
Eligibility Full paper 71 52 41 38 13 18 233
Inclusion - 34 17 15 12 5 2 85

Table 1: Number of papers processed across four stages in different databases

3.1.3  Eligibility. To ensure the eligibility of the screened papers,
we further excluded papers that 1) focus primarily on appearance
design, such as avatars, visual interfaces, or color schemes; 2) only
focus on technical implementation; 3) derives entirely from previous
CA works instead of human conversational skills; 4) involves no
specific CA skills; 5) indicates or suggests no clear process from the
human skills to CA designs. Similarly, the GPT-4o assessed the full
text and identified the transfer process, i.e., WHY and HOW human
conversational skills are transferred to CA design, categorized into
three levels: Highly Relevant, Moderately Relevant, and Minimally
Relevant, which served as an initial reference for us to quickly
grasp the paper idea. Then, two coauthors manually checked the
full-text papers based on the eligibility criteria. To ensure we have
a consistent understanding of the criteria, we assessed the inter-
rater reliability on a subset of 20 papers ICC(3,1)=0.8 (excellent
agreement) [29, 105].

3.1.4 Inclusion. Following the systematic screening and eligibility
assessment process, the final corpus consists of 85 papers. Table 1
presents the detailed breakdown of studies filtered at each stage,
while Figure 2 shows the temporal distribution of these papers from
2001 to 2025. Two distinct research surges around 2020 and 2024
overlap temporally with breakthroughs in large language models,
namely the release of GPT-3 in 2020 and the ChatGPT-4 series mod-
els from 2022 to 2024. Among the included studies, 10 explicitly
stated the application of GPT-3 or more advanced LLM models.

The majority of the selected studies were published in high-impact
conferences and journals, including but not limited to Conference
on Human Factors in Computing Systems (CHI), International Jour-
nal of Human-Computer Studies (ITHCS), International Conference
on Intelligent Virtual Agents (IVA), Special Interest Group on In-
formation Retrieval (SIGIR), Journal of Medical Internet Research

(JMIR), Computer Supported Cooperative Work (CSCW), Interna-
tional Journal of Human-Computer Interaction (JHCI), Journal
of Business Research, and Behaviour & Information Technology.
This distribution reflects the interdisciplinary nature of conver-
sational agent research, spanning fields from computer science
and psychology to business and healthcare informatics. Last, we
appraised the included paper quality with the Mixed Methods Ap-
praisal Tool (MMAT) [61] and identified three papers with limited
methodological quality for the absence of clear research questions
and inadequate evidence-based findings.

Number of Papers

Figure 2: Temporal distribution of the included papers
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3.2 Data Analysis

Based on the research questions, our data analysis focuses on data
extraction in the following aspects. First, we identify the conver-
sational skills that the paper focuses on. Specifically, we extract
information about specific skills, including behaviors, strategies,
techniques, functions, features, or manipulations, that are designed
or implemented for the CA in the paper. Then we look for the
sources from which the authors derive the skills, as well as the
approach adopted for the transfer. Specifically, we first engage in
close, critical reading of each full paper document: this involves
analyzing the study’s research questions, methodology, findings,
and discussions to gain a deep understanding of how skill transfers
are conceptualized, implemented, measured, and contextualized
within each work. Second, we extract targeted information about
skill transfers and consolidate it in a collaborative table document to
organize two key components: summarized key phrases generated
through open coding (where we label specific concepts, patterns,
or instances of skill transfer in our own concise language) and
verbatim original quotes from the papers (to preserve the authors’
original intent and provide direct evidence for each coded item). To
maintain consistency in coding standards and resolve any ambigui-
ties, the authors conduct at least two meetings per week throughout
this phase, using these sessions to align coding protocols, clarify in-
terpretive differences, and ensure all team members apply the same
criteria when labeling and extracting data. Finally, we employ a
mixed-methods approach, defined here as the integration of deduc-
tive and inductive coding, to synthesize the preliminary open codes:
this involves using inductive coding to identify emergent patterns
and group conceptually similar codes into initial categories based
on the raw data, while also applying deductive coding to create the
high-level categories: verbal, nonverbal, and paralinguistic skills
based on prior work on pragmatics [132]. This dual approach helps
merge overlapping codes, resolve inconsistencies, and organize the
refined data into coherent, meaningful themes that capture the core
insights about skill transfers across the literature.

To facilitate the data extraction, we used the LLM, Doubao 2,
to search preliminary key phrases and related parts from the pa-
per documents. We selected this tool for two reasons. First, prior
work indicates that its underlying model demonstrates performance
comparable to mainstream LLMs (e.g., Deepseek V3, Kimil.5) with
accuracy and reproducibility across multiple languages, including
English [49, 190]. Second, and most critically, Doubao, either its
website or application version, offers superior source grounding
capabilities. Unlike standard text-generation tools, it supports vi-
sual traceability by highlighting and linking generated answers
directly to their corresponding segments in the original PDF. This
feature was instrumental in allowing authors to instantly verify
the context and validity of the extracted information. Furthermore,
as a freely available tool with proficiency in English academic text
processing, it offered a cost-effective solution for our workflow. The
prompt includes the target information, such as “check what the
conversational agent skills are in the paper”, the relevant sections,
such as “look at the methodology-related sections” or “the CA skills
in related work or background sections should be excluded from the
search”. The LLM is requested to highlight the related original text

2(Accessed by November 29, 2025) https://www.doubao.com/chat/
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in the document first, and then provide a brief summary. Please see
the supplementary materials for the full prompts. It is important to
emphasize that our extraction workflow remained fundamentally
human-led. Doubao served strictly as an assistive tool for locating
candidate passages, while the final coding was conducted manually
by two researchers. To ensure data integrity, we enforced a strict
human-verification protocol consisting of three steps: 1) Checking
if the extracted data format follows the requirement in the prompt.
2) Cross-referencing extracted quotes against the full-text PDF to
ensure accuracy. 3) Manually reviewing related sections to identify
any critical information missed by the LLM.

Regarding the data integrity and copyright issues, we double
checked the policy of Doubao 3 and ensured that the data is well
protected from other unintended usage. Doubao also provides the
local processing function without uploading the original documents
to the cloud.

4 Findings

Our findings were organized into four primary themes. First, we
summarized the CA application scenarios where the transfers usu-
ally happened. Inspired by the taxonomy in pragmatic theories [132],
we then categorized all the identified skills transferred from hu-
mans to CA designs into three modalities: verbal, nonverbal, and
paralinguistic. Second, we identified the primary strategies adopted
by researchers to transfer humans’ conversational skills to CAs, the
approaches of skill implementations, and the metrics for evaluat-
ing the transferred skills. Lastly, the major pathways of CA skill
transfer were summarized.

4.1 Scenarios

Our analysis reveals that the transfer of human conversational skills
to CA design is situated within distinct application scenarios. These
scenarios, as summarized in table 2, can be broadly categorized
into five primary domains: Health, Customer Service & Commerce,
Education, Social Support, and Others.

The Health domain represents a significant and diverse area
for CA applications. CAs are frequently designed as health infor-
mation providers, delivering healthcare services as medical chat-
bots [120, 149], offering advice on specific conditions like acne [67],
and providing guidance against public health misinformation [129].
Another major sub-topic within health is behavior change, where
CAs act as persuasive counselors or partners. This includes pro-
moting COVID-19 vaccination [121, 166], supporting smoking ces-
sation [60], encouraging physical health [24, 147, 162], counseling
for substance use [125], and ensuring medication or treatment ad-
herence [2, 25]. Mental health is another critical area, with CAs
designed to facilitate user self-disclosure [86, 88], assisting in coun-
seling sessions [3, 174], offering mental health support as a so-
cial partner [47, 96, 107, 108], or improving mental health aware-
ness [115]. Finally, some CAs deal with specific disease-related is-
sues, including autism [182] and neurocognitive disorders [39, 64].
And some are also designed for more general-purpose symptom
checking [178] and hospital admission interviews [99].

Then, the Social Support domain focuses on the relational and
affective functions of CAs. Many agents are designed for casual and

3(Accessed by September 10, 2025) https://www.doubao.com/legal/privacy
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Scenario Sub-topic Description Examples
Health Info Provider Provide health-related information for users, such as answering questions about [25, 36, 67, 120, 129, 149]

Health healthy habits
Behavior Change or Adherence Persuade users to change unhealthy behaviors or maintain a healthy lifestyle  [2, 24, 25, 36, 60, 121, 125, 147, 160, 162,

166]
Mental Health Provide mental health support, such as counseling or consultation [3, 47, 86, 88, 96, 107, 108, 115, 174]
Clinical or Disease-related Facilitate screening, diagnosis, or intervention for certain diseases or symptoms [39, 64, 99, 178, 182]
Casual & Open-Domain Chat Provide general or non-task-oriented social interactions, such as small talk, [46, 82, 100, 109, 123, 188]
. storytelling, or acting as a conversational partner.
Social Support

Relational & Emotional Support Mediate conflicts, enhance specific human-to-human relationships, or provide [58, 92, 185]
emotional support
Group & Collaborative Support group conversations or collaborative tasks [7, 40, 191]
Elderly Care Provide companionship and social support for older adults [50, 97, 140]
Customer Service Operational Support Address customers’ operational needs, such as booking a hotel [71, 138, 150, 180, 189]

& Commerce

Sales & Information Provider

Provide counseling, recommendations or suggestions

[55, 72, 76, 87, 91, 113, 116, 119, 165,
181]

Information Collection

Collect information such as customer survey

[28, 62, 83, 157, 187]

One-on-one Coaching

Act as a one-on-one coach to help users practice and develop specific skills

[95, 124, 142, 143, 184]

Education
Classroom Teaching Take on the role of a tutor or lecturer to facilitate learning in traditional academic  [6, 45, 89, 98]
subjects
General Scenarios or Generic CA At- Support everyday, general-purpose tasks; Studies investigate fundamental, trans- [22, 34, 94, 102, 133, 146, 158, 179]
Others tributes ferable CA capabilities

Workplace & Specialized Domains Provide assistance in specific professional, industrial, or technical contexts [48, 52, 145]
Recommendation Provide tailored recommendations [93]
Games & Entertainment Facilitate engagement and entertainment in playful, non-utilitarian, and game- [82]

oriented interactions

Table 2: Application scenarios of the CAs from the reviewed studies

open-domain chat, acting as non-task-oriented peers or partners
for small talk [82, 109, 188], storytelling [46], and general social
conversation [100, 123]. For relational and emotional support, CAs
are designed to provide empathetic chat [92], mediate conflicts [58],
or enhance communication between long-distance romantic part-
ners [185]. CAs are also being explored in group collaboration
and communication. Examples include assistance in group online
chats [40], supporting collaborative planning [7], or even social
implications with multiple CAs in the group [191]. Another partic-
ularly specialized area in this domain is elderly care, where CAs
serve as social partners and daily assistants for older adults [50, 97]
and act as communication supporters within caregiving relation-
ships [140].

In Customer Service and Commerce, CAs are widely deployed
to enhance efficiency and customer experience. For basic opera-
tional support, they address routine commercial needs such as
booking and ordering things [71, 138, 150, 158], managing shipping
and delivery [180], and assisting with unemployment benefit appli-
cations [189]. Beyond these, CAs function as sales assistants and
information providers, offering product details [165] and sugges-
tions [55, 87, 181]. Some of them are more humanized as virtual
salespeople for digital devices [116], financial investments [76], and
generic online shopping [72, 91, 113, 119]. Furthermore, the last
sub-category covers CAs that are designed to be customer infor-
mation collectors, gathering user data for marketing [28], handling
service failure and recovery [83, 157, 187]. The Education sec-
tor leverages CAs to provide personalized and scalable learning

support. One key role is one-on-one coaching, where CAs help
users develop specific skills. Apart from one work in which the
CA helps develop children’s socio-emotional skills [143], examples
mostly target language skills such as oral presentation [184], negoti-
ation [124], group discussions [142], and writing [95]. Another role
of CA is the tutor or lecturer in classroom teaching. This has been
applied to elementary computer science [45], foreign language [98],
and generic pedagogical methodologies to increase student engage-
ment [6, 89]. Additionally, learners can converse with multiple CAs
with distinct roles, such as a pedagogical host CA for tests and a
crowd of student CAs that provide applause and empathy [89]. An-
other example includes pedagogical CAs that provide instruction
on counseling skills and some other role-play CAs that allow users
to practice these skills [121].

In addition, several papers explore CAs in more general sce-
narios, where CAs serve as all-purpose assistants for everyday
tasks [94, 102], in smart speakers [133], or for driving cars [34].
Some studies focus on investigating fundamental capabilities like
emotion and personality expressivity that are applicable across mul-
tiple contexts rather than being tied to a specific scenario [22, 158].
In Workplace and Specialized Domains, agents are designed to func-
tion in professional settings like offices [145], manufacturing [52],
or to aid in complex tasks such as data science analysis [48].

4.2 Transferred Skills

4.2.1  Verbal Skills. Compared to the other two modalities, ver-
bal skills represent the most extensively studied modality. Their
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Category Sub-category Description Examples
Emotion-awareness & Em- Express that the CA can feel or understand the user’s feelings, or adjust responses [3, 36, 67, 71, 86, 89, 92, 96, 99, 129, 147, 166,
pathy accordingly 174, 189]
Self-disclosure The CA discloses information about itself [88, 93, 115, 124, 140, 147]
Persuade & Encourage Use persuasive or encouraging responses to maintain or change user behaviors or [2, 50, 60, 121, 125, 142, 147, 160]
Speech Act opinions
Rapport Recovery Recover rapport between the CA and the user [76, 157, 187]
Personalized Response Differentiate user profiles and adjust responses accordingly [3, 72,98, 107, 113, 115, 119, 165, 174]
Personal Pronoun Use Tend to use a specific personal pronoun more often, such as “you” [7, 133, 165]
Asking Questions Ask questions to the user [45, 62, 102, 116, 121, 146, 147]
Scaffolding Provide “just enough” support for the user’s task maintaining or autonomy [64, 99, 140]
Referring to History Refer to contents that have been mentioned in conversation history [107, 108, 146]
Explanation Explain system or CA outputs [178]
Imprecise Statement Mimic humans’ imprecise statements such as describing a date with “few days ago” [145]
Response Timing Decide when to respond to the user [55, 109, 179, 184]
Turn Taking Active Listening & Back- Express a state of listening, such as paraphrasing user input, or use Back-channels such [39, 86, 87, 97, 121, 123, 150]
channel as “OK” or “Uh-huh” without taking the turn
Proactivity Proactively initiate a new conversation or join an ongoing conversation in either a [40, 58, 94, 97, 100, 182, 185]
dyadic user-CA context or a group conversation
Breakdown Repair Repair the conversation from breakdowns [34, 52, 64, 180]
Step-by-step Workflow Provide step-by-step guidance through the conversation or the task [48, 64, 83, 95, 99, 140, 143]
Topic Session Structure Predefine primary sessions for the conversation [24, 45, 185]
Small Talk Have casual small talk sessions with the user [86, 121, 147]
Stylistic Style Adoption Adopt specific language styles, such as warm, humorous, or formal, in conversations  [25, 28, 91, 138, 149, 162, 178, 181, 185]
Variances [

Style Control

Adapt language styles to the CA’s personality settings or maintain a specific style across
multiple modalities

7,120, 165]

Table 3: The taxonomy of CAs’ verbal skills, focusing on the lexical or syntactic aspects of language use in text messages or

speech

largest cluster is the speech act, referring to functional behav-
iors performed through language use for specific communicative
purposes [9, 132]. Among them, emotion-awareness and empathy
emerge as a core competency, implemented through various ap-
proaches, including emotion-aware responses that adjust based on
detected user emotional states [63, 89] and empathetic message
generation [63, 71, 166]. Self-disclosure represents another criti-
cal skill in many scenarios, such as mental health support, where
CAs share information about themselves to facilitate user disclo-
sure [93, 115, 124]. Different from the common context in which
the CAs answer questions from the users, recent CAs began to
reverse the interaction to ask questions to the users. For exam-
ple, CAs are equipped with skills to ask follow-up questions that
elicit information from users [45, 121, 146]. Then, turn-taking
refers to the smooth alternation of “speaker” and “listener” roles
between communicative partners, including a series of behaviors
that regulate when to initiate speech, respond to others, and repair
breakdowns [132]. For example, response timing control allows
CAs to simulate human-like pauses and deliberation [55], while
proactive response capabilities enable them to appropriately initiate
conversations rather than merely responding reactively [94, 97, 182].
Then, CAs’ active listening and back-channeling behaviors help
maintain conversational flow and engagement in scenarios like
shopping [87] and disease screening tests [39].

To a higher level of dialog organization and management, topic
is the category representing a core verbal component of pragmatic
competence, focusing on how CAs choose, present, sustain, and
shift conversational topics or themes in line with contextual norms
and interaction goals [19, 132]. For example, the CA may manage
the topic via structured approaches, including dialogue frameworks
that provide step-by-step guidance [95] or sophisticated dialogue
session organization systems using decision trees and categorized
responses [45]. Meanwhile, stylistic variances refer to the ability
to modulate their communication styles across different contexts
and listeners [132]. Included studies enabled CAs with specific
language styles, such as humorous via joke telling by CAs [162, 185].
Sometimes, different styles are compared to investigate their effects
under a certain context. In customer service scenarios, for example,
warm versus competent [28, 138] and formal versus informal [91]
communicative styles of the CAs may affect user experience, such
as trust. Moreover, the CA’s conversational style is suggested to be
adaptive, such as CA personality-based style expression to manifest
consistent personality traits [120], and dynamic style adaptation
that adjusts communication patterns based on user styles [165].

4.2.2  Paralinguistic and Nonverbal Skills. Compared to verbal skills,
paralinguistic and nonverbal skills have received relatively less
research attention, yet they play a crucial role in creating natural
human-CA interaction experiences. In human pragmatic language
skills, they are used to shape the understanding of the message and
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Category Sub-category Description Examples
Paralinguistic Prosody Vary pitch, loudness, and duration to convey meaning and affect [7, 22, 87, 165]

Fluency Control the smoothness and pacing of speech, including pauses and fillers [47, 179]

Facial Expression Convey emotions through facial expressions [7, 22, 82, 158, 165, 174, 179, 181]
Nonverbal Eye Gaze Direct the eyes to signal attention, regulate turn-taking, or express social and emotional cues [6, 46, 116, 124, 191]

Gesture Use movements of hands, arms, or body that support, complement, or replace verbal commu- [22, 124, 184, 191]

nication
Typing Behavior Simulate human typing delays and input styles [188]

Table 4: The taxonomy of CAs’ paralinguistic skills and nonverbal skills, focusing on vocal (but not lexical or literal), physical,
or behavioral cues that shape and regulate interaction or complement verbal messages

complete the verbal message via vocal but non-linguistic aspects
such as prosody and fluency, or physical and behavioral aspects
such as body posture and facial expression [43, 132].

Paralinguistic skills primarily involve acoustic characteristics
and temporal features of speech. Prosodic control emerges as a
core capability, including the CA’s speech length, pitch, and loud-
ness manipulation [7, 165]. For the text-based CAs, the prosodic
cues can be simulated with punctuation marks such as “!!!” [87].
Besides, fluency management involves addressing chatbot delays
through filled pauses or time lags [47, 179]. On the other hand, CAs
equipped with nonverbal skills communicate with various visual
and behavioral cues. They usually have an embodiment design,
such as virtual agents with a human body in VR [46, 47, 184, 191]
or a screen [22, 82, 97, 124, 125, 158]. So, arm gestures can facil-
itate the conversation [22, 191]. It could be only a virtual head
if involving no bodily gestures [7, 165]. Thus, facial expression
represents the most extensively studied skills, including emotion-
driven designs such as smiling with different frequencies [82] and
personality-based facial expression updates [158]. Eye gaze skills
of CAs can facilitate communicative accuracy and perceived natu-
ralness in the context of information-seeking [6]. Most of the CAs
are non-embodied, for example, text-based chatbots [28, 95, 149] or
voice-based agents [50, 102, 140], but they can still use emoticons
to simulate facial expressions [181].

4.2.3  Skills Synergies. Reviewed studies sometimes implement
skills in synergies. For example, social rapport building relies on
a synergy of small talk, self-disclosure, and active listening to es-
tablish trust, which serves as a foundation for effective persua-
sion [86, 121, 147]. CAs for clinical or elder care use often com-
bine scaffolding with empathy skills. This combination aims to
reduce user frustration and maintain motivation during complex
tasks [64, 99, 140]. The synergies are also cross modalities. Verbal
skills like empathy and style adoption are frequently reinforced by
nonverbal skills such as facial expressions and prosody to create
more authentic emotional agents [7, 22, 165, 174].

4.3 Transfer Strategies

We identified three primary strategies for researchers to transfer
conversational skills from humans to CAs. First, they analyze the
human-human conversation dialog data to extract the skills or
the parameters for skill implementation. Or, they apply co-design
methods to invite individuals with certain conversational skills to

the design process. Last, a more common way is to use the literature
as inspiration or motivation for the skill transfer.

4.3.1 Transfer From Human Dialog Data. To extract human con-
versational behaviors, researchers rely on open datasets from prior
work that possibly contain certain conversational skills, such as
the NoXi database [20], a corpus of screen-mediated face-to-face
interactions, or the Counseling Conversation Analysis dataset [4].
If there is no available dataset, researchers may consider augment-
ing existing data with large language models (LLMs). For instance,
researchers transformed the non-humorous human-crafted dia-
logues into humorous dialogues with LLMs [162]. Alternatively,
researchers create dialog datasets either by collecting from a real-
world scenario or building in a lab context. For instance, to ex-
tract the elevator pitch skills, researchers attend public talks to
observe and videotape any potential elevator pitches with con-
sent from participants [184]. Or, they also recruit human speakers
to the lab to demonstrate conversational skills. For example, to
observe how older adults apply support interruptions and back-
channels, researchers invite them to pair up and discuss provided
topics in a university laboratory [97]. To equip the CA with skills
to understand human behaviors in conversations, researchers use
prototypes, such as a manually controlled CA (Wizard-of-Oz), to
stimulate human participants’ behaviors [116].

Regarding the approach to extract conversational skills from
data, researchers apply qualitative analysis and mixed-methods
combining qualitative and quantitative analysis. One example is
that to extract professional skills to ask follow-up questions, re-
searchers qualitatively analyzed the dialog data to identify different
question types [62]. When the transferred skill requires quanti-
fied parameters from data, mixed-method analysis is the option.
To decide the back-channel timing, researchers analyzed the time
interval distributions of different types of back-channels in human
dialogues [39]. Sometimes, specific knowledge about the skills is
not required, then, researchers annotate the data for later model
training, especially when the skills can be implemented via end-
to-end language models, such as the model to generate empathetic
responses [96].

4.3.2 Transfer via Co-design. Researchers often involve human
participants with certain conversational skills in the design pro-
cess to share or summarize their skills in interviews or surveys.
For example, retrospective think-aloud protocols are frequently
used so the participants can clarify their skill knowledge while
watching the replay of the recorded conversation [97, 100]. A more
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Primary Strategy

Approach

Description

Examples

Transfer from
Human Dialog
Data

Qualitative Analysis

Apply qualitative methods such as thematic analysis to extract strate-
gies and guidelines as skills

[62, 182, 184]

Quantitative or Mixed-method
Analysis

Add quantitative analysis to check behavior distribution or extract
parameters for CA skill implementation

[39, 58, 64, 97, 116, 119, 123]

Model Training Data is for later model training to generate conversational behaviors [3, 39, 62, 92, 96, 125, 174, 182]
or skills
Transfer via Summarize  Strategies or Invite human participants to share their conversational experience to [2, 97, 99, 100, 145, 184, 185]

Co-Design

Guidelines

inspire CA skill design

Craft Dialog Content

Invite human participants to directly craft dialog content, such as
predefined responses or templates

[45, 60, 92, 115]

Collect Feedback

Invite human participants to provide feedback in the skill design phase

[45, 50, 60, 86, 95, 119, 142, 178, 185]

Transfer from
Theories

Inform Skill Design by Theo-

ries

Use theories from the literature about human conversational behaviors
or skills to inform CA skill design; the referred theories encompass
linguistics, sociology, psychology, and cognitive science

[6,7, 22, 24, 25, 28, 34, 36, 40, 46-48, 52, 55, 67, 71, 72,
76, 82, 83, 87-89, 91, 93, 94, 98, 102, 107-109, 113, 120,
121, 124, 129, 133, 138, 140, 143, 146, 147, 149, 150, 157,
158, 160, 162, 165, 166, 179-181, 187-189, 191]

Motivate Skill Transfer

Use theories, such as Computers As Social Actors (CASA), as the origi-
nal motivation for the skill transfer

[25,40,67,71, 82, 87, 93, 94, 102, 107, 108, 120, 129, 146,
147, 150, 166, 189]

Table 5: Primary strategies identified for conversational skill transfers from human-human to human-CA conversations

straightforward approach is to invite participants to directly craft
the conversational skills by providing response scripts or templates
for the CA. This is for the skills that require more professional
expertise to deliver information precisely, such as the phrasing
and wording by psychologists in mental health scenarios [92, 115].
Additionally, feedback on the CA skill design from participants is
valuable, such as the knowledge confirmed by the experts as a part
of the customer service skills [119].

4.3.3 Transferred From Theories. A more prevalent transfer strat-
egy is to derive conversational skills from theories in the literature.
The theories about how people converse or communicate with oth-
ers can directly inform the conversational skill design. Reviewed
studies often look into the theories in linguistics, such as the speci-
fication of temporal expressions [33, 154] and the communication
adaptation theory in pragmatics [161], to design the CA’s skills of
imperfect temporal statement [145] and pronoun adaptation [133].
A larger number of reviewed studies are also inspired by theories
related to psychology, cognitive, and social science. For instance,
CAs (3,120, 174] are equipped with therapy or intervention skills for
mental health derived from psychological therapy theories, such as
the Cognitive-Behavioral Therapy (CBT) [15]. Similarly, the method
of motivational interviewing is referred to when researchers design
the CAs with skills of behavior change motivation [160]. More-
over, the design of CA’s self-disclosure skills [93, 115, 140] follows
the Social Penetration Theory (SPT) [5]. Empathy-related theo-
ries [54, 57, 115] are frequently mentioned to inform the empathic
response skills design for the CAs [67, 96].

Other than deriving skills from theories in the literature, the
reviewed works also find theories as their theoretical grounding for
the skill transfer. For instance, they usually mention “Computers
Are Social Actors” (CASA) [117, 118], positing that humans tend
to exhibit social norms, as they interact with other humans, to
computers with limited human characteristics. Many reviewed
works [87, 150, 166] narrate it as that based on the CASA theory,
if the CA exhibits more humanlikeness, it may trigger more social

behaviors of the user, leading to positive effects for the human-CA
interaction.

4.4 Skill Implementation

We identified four primary approaches that researchers employ to
implement conversational skills for CAs. First, traditional model
training equips models with skills via data-driven methods. Second,
knowledge base development utilizes structured repositories, such
as special databases, for CA information retrieval when executing
the skill. Third, large language models (LLMs) handle skill man-
agement via their powerful language capabilities. Lastly, the major
approach is rule-based, using predefined guidelines for consistent
skill execution.

4.4.1 Traditional Model Training. Traditional model training used
to be a popular method before the widespread adoption of LLMs,
such as in previous works before 2019 [116, 123]. If the training
data is available, it is still an effective approach for developing con-
versational skills in CAs, suitable for scenarios where precise intent
recognition and targeted response generation are critical. For exam-
ple, models are trained to discern user emotions [92] or engagement
levels [116] to determine appropriate skill timing and selection. An-
other purpose is skill generation, including both verbal [3, 96] and
nonverbal [174] skill outputs. Additionally, model training enables
parameter prediction, which improves interactive behaviors by fore-
casting values such as optimal back-channel timing to enhance the
naturalness [39]. Multiple training approaches are also identified.
For example, researchers have fine-tuned RoBERTa to recognize
emotions and CDial-GPT to generate empathetic replies, effectively
integrating empathy as a skill into the system [96]. Direct training,
on the other hand, creates purpose-built models from scratch, as
exemplified by SVM classifiers that detect user intents and trigger
corresponding back-channel responses [39].

4.4.2 Knowledge Base Development. Knowledge bases serve two
primary objectives for skill implementation: enabling efficient in-
formation retrieval and supporting contextual decision-making. For
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Category Sub-category Approach Description Examples
Intent Classification Detect specific user intents or behaviors [92, 116, 182]
Model Objective Entity Extraction Extract critical entities or keywords from user inputs [92]
Traditional Model Skill Generation Generate CA’s responses or behaviors [3, 96, 123, 174]
Development
velop Skill Retrieval Retrieve appropriate skills from knowledge bases [39, 62, 125, 182]
Parameter Prediction  Predict skill parameters, such as response timing [6,39]
Training Fine-tuning Fine-tune traditional models with a amount of data [3, 62, 96]
Approach Training Train model weights with existing data [3, 39, 125, 174, 182]
Parameter Transfer Extract critical features or parameters from data [39, 123]
Knowledge Base Knowledge General Database Organize databases by indexing or pairing for CA to retrieve [39, 62, 72, 109, 115, 116, 119]
Development Structure information to execute skills
Structured Knowledge  Organize knowledge as graphs or trees [48, 64, 99, 182]
User Understanding Identify user needs or update user profiles [99, 109]
LLM-based LLM Objective Skill Control Manage conversational skills, such as deciding which skill to [64, 97, 99, 100, 109]
Implementation use or adjusting skill parameters
Skill Generation Directly generate contents to implement skills, such as text [25, 99, 109, 115, 160]
responses
Special Chain-of-thought Break down skills into several steps which align with the [64, 100]
Architecture chain-of-thought concept

Multi-agent

Implement skills using multiple agents with different roles  [97, 109]

Wizard-of-Oz

Simulate CA skills through human researchers instead of au- [2, 45, 58, 82, 87, 94, 107, 108, 116, 184]
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Rule-based Only Rule Execution

tomated systems

Predefined Workflows Rule-based skill management based on predefined flows or [7, 22, 24, 28, 34, 36, 40, 46, 47, 50, 52, 55, 60, 67,

and Responses scripted responses

71,76, 83, 86,88, 91,93, 95, 98, 102, 113, 120, 121,
124, 129, 133, 138, 140, 142, 143, 145-147, 149,
150, 157, 158, 162, 165, 166, 178-181, 185, 187
189, 191]

Table 6: Identified approaches employed by the reviewed studies for CA skill implementation

retrieval, as demonstrated in question-answering systems [119] and
back-channel selection [39], domain knowledge databases utilize
indexing and pairing mechanisms to provide on-demand access to
specific responses. For complex reasoning or decision making for
skill implementation, domain knowledge with special structures,
such as the state machine used in multi-step dialogue manage-
ment [182], and the scaffolding strategy knowledge graph in CA-
administered tasks [64], organizes information through semantic
relationships, facilitating context-aware skill execution and dia-
logue flow management.

4.4.3 LLM-based Implementation. LLMs have become a popular
approach for implementing conversational skills in CAs since the
rise of generative technology, particularly in user understanding,
skill control, and generation. They provide benefits over earlier
methods, such as better adaptability, improved context awareness,
and the ability to create more nuanced responses. For instance,
researchers have applied LLMs to interpret user preferences and
behaviors [109], generate CA’s self-disclosure to encourage user
self-disclosure in counseling dialogues [115], and decide when the
CA should take the turn [97]. Two prevalent architectures identi-
fied are chain-of-thought and multi-agent. The chain-of-thought
method decomposes skills into sequential steps, as demonstrated
in frameworks like “inner thoughts,” which uses components such
as trigger, retrieval, thought formation, evaluation, and partici-
pation to manage the CA’s turn-taking skill in group chat con-
text [100]. In contrast, the multi-agent approach employs several

specialized LLM-based agents behind the CA, each dedicated to
a specific function, for example, separating interruption handling
and back-channel mechanisms into distinct modules [97]. Please
note that the user should only interact with one CA, though its skill
is implemented via the multi-agent approach, differentiating from
the special scenario we mentioned in 4.1 where the user converses
with multiple CAs.

4.4.4 Rules-based Only. This category includes the most studies
that only adopted rule-based approaches for CA skill implementa-
tion. One classic execution method for early-stage CA prototypes
is the Wizard-of-Oz [41, 73]. In Wizard-of-Oz studies, researchers
simulate CA skills through human operators following a structured
feedback strategy or protocol, rather than using an automated sys-
tem. For example, researchers developed a graphic interface for
the human operator to control the CA’s embodied feedback in a
reviewed paper [184]. In contrast, the other method, also the most
common one, employs an automated system operating through
fixed event triggers and corresponding responses, which could be
described as a series of “if-else” logics. It could be implemented in
platforms like Google DialogFlow [86], where developers predefine
intents, entities, and response logic within a structured dialogue
framework to enable deterministic and rule-based conversational
interactions.

4.5 Skill Evaluation
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Category

Sub-category

Examples

General Metrics

Manipulation Check

25,76, 107, 121, 129, 149, 162, 180, 189]

Linguistic Quality

3, 24, 62, 92, 99, 100, 160, 166, 188]

Usefulness, Perceived Competence or Intelligence

Ease of Uses

94, 125, 140, 165, 188]

[
[
(6,7, 58, 87, 94, 100, 107, 108, 116, 119, 140, 142, 145, 149, 160, 165, 178, 180, 187, 188]
[
[

& Usabilit;
¥ User Satisfaction and Likeability 2,6,7,24,50,52, 60, 67,71, 89, 94, 96, 113, 121, 125, 129, 150, 157, 165, 178, 180, 181, 184, 187-
189]
Engagement [3, 6,47, 60, 89, 93, 97, 98, 100, 115, 146, 162, 174, 180, 188]
Naturalness [3, 6,109, 116, 158, 165, 174, 188]
Preference [47, 48, 52, 92, 100, 102, 125, 133, 145, 165, 188]
Intention or Willingness to Use [47, 55, 67, 87, 91, 109, 120, 129, 149, 166]
General User Experience or Perception [34, 39, 40, 45, 47, 48, 82, 83, 88, 93, 95, 97, 100, 102, 115, 116, 124, 133, 142, 147, 160, 182, 184,
185, 188]
Human-CA Conversation Analysis [2, 24, 45, 46, 50, 62, 64, 82, 88, 93, 95, 98, 99, 107, 109, 115, 116, 121, 125, 142, 143, 174, 188, 191]
Anthropomorphism & Social Perception [2,7, 46, 47, 50, 55, 58, 67, 71, 86, 100, 109, 113, 116, 143, 145, 146, 150, 165, 174, 178, 188]
Social & . X X
E . Manner, politeness and Friendlieness [119, 123, 191]
motional
Intelligence Relationship, alliance or rapport with User (6, 58, 60, 83, 86, 87, 91, 98, 120, 125, 138, 174]
Trust or Reliability [2, 6, 25, 28, 76, 88, 94, 124, 125, 129, 142, 178, 184, 189]
Perceived Empathy or Warmth [60, 71, 92, 99, 108, 149, 178, 181, 184, 187]
Specific Quality of Skill Content [6, 39, 40, 64, 71, 99, 100, 108, 174]
Skill Quality and  Effects on Behaviour or Mindset Change [2, 25, 28, 45, 60, 86, 91, 96, 98, 129, 138, 147, 150, 162, 166, 191]
Effects Effects on User Emotion Improvement [7, 24, 50, 83, 108, 143, 174, 179]
Other Task Gains [6, 40, 48, 62, 87, 93, 121, 124, 142, 181, 184]
Potential Downsides [7, 86, 165]

Table 7: Taxonomy of evaluation metrics for CAs and their skills

Last, we summarised the metrics used to assess conversational
agents (CAs) and their skills in table 7. The most common cate-
gory is general metrics and usability, assessing the general user
experience of the CA. Reviewed studies often check if their ma-
nipulations or the implemented skills were effective. For example,
a one-way ANOVA was employed to check the CA style differ-
ence between two conditions, making the comparison experiment
valid [25]. Then, linguistic quality is a traditional metric to evaluate
how well the CA can understand what the user says and express
itself clearly. Both objective and subjective measurements can be
used, such as perplexity and distinct n-grams indicating fluency and
informativeness [92], and the questionnaire to assess the perceived
factual correctness and relevance of the CA’s interview skills [99].
The participants are usually required to compare multiple condi-
tions and choose their preferred CAs or skills, such as ranking
two conditions (CAs with or without feedback modalities) by user
preference [47]. If there is no specific evaluation aspect to focus
on, researchers also use comprehensive scales, questionnaires, or
interviews with open-ended questions to collect user feedback. For
example, a 34-item questionnaire measured user perception of the
smiling CA [82]. In addition, some studies analysed human-CA
conversation logs to verify the proper execution of CA skills or
examine interaction patterns. For instance, the user’s group joining
behaviors were analyzed to evaluate the CA’s persuasion skill [191].

Beyond general metrics, many studies assess the CA’s social and
emotional intelligence. Perceived empathy is a typical metric for

the user to assess if the CA feels their emotions and responds ap-
propriately, such as the artificial empathy questionnaire, including
items like if the CA tried to put themselves in my shoes [71]. The
last category is skill quality and effects. Some skills have special
aspects to evaluate, such as skill usage appropriateness [39, 64]
and CA response informativeness [40, 99]. The CA skills’ effects on
tasks and users are also evaluated, such as their effects on behavior
or mindset change [60, 166], work efficiency [48], and emotional im-
provement [50, 143]. Moreover, the potential negative effects, such
as taskload measured by NASA Task Load Index (NASATLX) [59].

4.6 Skill Transfer Pathways

To provide practical implications for future CA design, we created
the Sankey diagram based on our data distribution in Figure fig. 3.
We also provide an interactive website for better presentation?.
The visualization reveals that the pathway from theories to rule-
based implementation currently predominates. This prevalence
likely reflects the historical context of the pre-LLM era, as well as
the need to use explicit design rules in early design stages to build
controlled prototypes for concept validation. While this traditional
pathway serves as a mature reference, the currently underutilized
flows from data to LLM-based implementation suggest potential for
leveraging generative Al to automate complex skill implementation,
indicating a promising direction for future exploration.

“https://sankey-ca-skill-transfer.vercel.app/
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Figure 3: The pathways of CA skill transfer based on the distribution of the reviewed studies. Verbal skills consist of the
majority of CA skills. Verbal skills constitute the primary component of CA skills. The predominant mainstream pathway for
transferring these skills involves drawing insights from existing theoretical frameworks in the literature and operationalizing
them through scripted rules. With the proliferation of high-quality human dialogue datasets and advances in LLMs, we advocate
for data-driven pathways while emphasizing the critical role of co-design to uphold a human-centered approach throughout

the transfer process.

5 Discussion

5.1 Design Process for Conversational Skill
Transfer from Humans to CAs

5.1.1 Double Diamond Process for CA Design. To synthesize a
practical method for CA researchers and designers, we propose
our design process based on our findings and the Double Diamond
process [31, 32]. The process has been widely applied in the domain
of design [12, 30, 80]. It is valuable because it combines proven
structural logic with adaptability—helping designers solve the right
problems, build the right solutions, and navigate the uncertainties
of real-world design. Its integration of both divergent and conver-
gent thinking helps designers balance research width and depth,
creativity, and implementation. We keep the four stages from the
original Double Diamond process and adapt them to the CA design
domain: human skill exploration, key skill definition, skill transfer,
and iterative evaluation (Figure 4).

5.1.2  Human Skill Exploration. In the first stage, it is a divergent
process to explore human conversational skills after the scenario
and the goal of conversations are confirmed. To identify the key con-
versational skills, the literature on how humans or human experts
converse in this scenario may provide valuable insights. Referring
to the identified strategies in section 4.3, analyzing available dia-
log data is another option to explore skills adopted by humans in
the target scenario. Prior work [131] leverages the methods from
linguistics, such as conversation analysis [131], to investigate the
detailed dynamics during the conversations, which may inspire the
skill design of the CA. Including the conversation analysis, other
methods of qualitative analysis, such as thematic analysis [18], can

also provide an overview of the skill taxonomy, while the quantita-
tive analysis may provide a statistical perspective, such as identify-
ing skills that are more frequently used by humans in this scenario.
Another design factor should be considered at this stage, the CA
embodiment, as it scopes the skill types to explore. For example,
non-verbal skills such as facial expressions [82, 158, 179] require
embodied CAs with a face and adjustable features. Additionally,
skills like hand gestures in an elevator pitch scenario[184] or arm
gestures for politeness[191] require body parts and skeletons capa-
ble of performing body language.

5.1.3  Skill Definition. This convergent stage identifies the key con-
versational skills among alternatives. Researchers may check what
conversational skills have been proven or suggested to be effective
in this scenario, or what limitations these skills still have, to moti-
vate the definition of the new or updated key skills in researchers’
current works. Next, a systematic analysis and deconstruction of the
key skills is necessary to define the design space and factors that are
worth further investigation. For instance, when researchers design
the CA’s back-channeling skills, factors such as back-channeling
timing and contents are deemed critical [39, 97], and they propose
different solutions to implement the two factors. It is also a way
to bridge the research gaps to the previous works. Thus, clear hy-
potheses or research questions are recommended to lead the design
study, as the output of the convergent process of the second stage.

Please note that the literature or the dataset should be culturally
appropriate to avoid any cross-cultural pragmatic failures [164].
For instance, we should be careful when designing the CA’s gesture
skill because one neutral gesture might be considered offensive in
another cultural context [77]. Especially for the CAs in cultural
scenarios, such as cultural learning [124] and cross-cultural cus-
tomer service [113], designers may position the cultural factor in
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Figure 4: The Double Diamond design process for transferring conversational skills from human dialogues to CAs. The process
involves two cycles of divergence and convergence: the first divergence phase explores scenario-specific human conversational
skills, followed by convergence to identify core skills aligned with conversational objectives; the second divergence phase
investigates diverse resources for skill design and development, and subsequent convergence refines the optimal design through

systematic iterative development and testing.

the center of the design process. Sometimes, for generalizable CA
skill design, it is applicable to extend the skill definition with an
additional study to identify the cultural variations of the human
conversational skill [145].

5.1.4  Skill Transfer. Then, it is another divergent process to ex-
plore the available solutions to develop the key skill defined in the
previous stage. The conversational skill transfer strategies we iden-
tified in this paper exhibit a diverse range of complexity. Strategies
with relatively low complexity can be implemented by extracting
guidelines or rules from the literature and applying them by rule-
based LLM prompting or predefined responses. For example, in-
spired by the doctor-patient communication literature, the reviewed
work transfers the affiliative language style to the CA design by
prompting the LLM to generate responses in this style [25]. Some
early works before the prevalence of LLMs also craft predefined
responses for the CA, such as the health care chatbot’s professional
style verbal skills like professional jargon [120]. These strategies
are applied for conversational skills at the scenario level; in other
words, the skills can be used generally in the target scenario. How-
ever, many conversational skills require specific cues to activate,
and the simple scenario-skill matching can not sufficiently describe
the skill. Instead, it may consider multiple contextual factors as
cues to activate, which requires other transfer strategies. To deal

with different types of cues and responding strategies, knowledge
graph-based approaches emerge as the key point of the transfer.
For instance, to deal with different situations in cognitive disorder
screening tasks, the CA is equipped with a knowledge graph of scaf-
folding skills managed by an LLM in one of the review works [64].
Though the work does not achieve a fully automated CA, leaving
the cue understanding (intent classification) for the human wizard,
their design method demonstrates a transfer strategy that extracts
human skills from dialog data to build a complex knowledge graph
as a form to develop the skill for the CA. To break down the archi-
tecture, a full process to implement a conversational skill at this
cue level includes the cue recognition for the skill activation, the
management module to match an appropriate strategy, and finally,
a behavior renderer or generation module to output the skill in a
concrete form, such as a verbal utterance or a nonverbal cue. To
build up such a detailed skill, only extracting the human skill from
the literature might be insufficient, but researchers may turn to
leverage available dialog data or human resources for skill detail
extraction.

This stage is usually a divergent process because researchers
develop multiple versions of the skill, such as with or without the
skill, the same skill but with different parameters, or different skills
for comparison. For instance, the reviewed studies develop both
warm and competent language styles as a skill to compare for the
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customer service CAs [28, 138]. To explore the CA’s skill of asking
questions, the reviewed work implements three versions of follow-
up question skills to compare their effectiveness in information
elicitation [62]. When it comes to the next stage, an interactive
and convergent process is used to gradually polish and finalize the
conversational skill design.

5.1.5  lterative Evaluation. Though language models have signifi-
cantly advanced, designing and developing human-level conversa-
tional skills for CAs is still a challenge. Thus, we recommend an
iterative process to continuously improve the design, aligning with
other design literature in HCI [11, 114, 175]. Aside from evaluating
the CA with benchmark datasets, usually adopted by works in the
natural language processing domain [10, 135], we also suggest the
involvement of target human users to evaluate the CA skills. This
approach is not limited by the skill coverage of the benchmark
databases, e.g., if the databases do not include the target skills, they
are inapplicable for evaluation. Moreover, it allows for collecting
real human feedback in a near-real-world scenario and detailed
dynamics of the human-CA conversation. This is also motivated
by the reviewed works that provide design implications as part
of the contributions [64, 162, 188]. Additionally, as we mentioned
earlier in the skill definition, cultural aspects are also important in
the evaluation stage. For instance, the evaluation scale used should
fit the cultural background of the users [96]. We suggest involv-
ing target users in evaluation or earlier stages and collecting their
thoughts and feedback from their specific cultural backgrounds,
aligning with the culturally informed CA design practices [110].

5.2 Ethical Considerations

The endeavor to transfer human conversational skills to conver-
sational agents (CAs) is accompanied by significant ethical chal-
lenges that demand careful consideration throughout the design,
implementation, and evaluation lifecycle [139, 171]. These consid-
erations span the nature of the skills being transferred and the
methods for evaluation. A primary concern is the inadvertent trans-
fer of negative, toxic, or hostile human conversational patterns. CAs
trained on large, unrestricted datasets from the internet often learn
and reproduce undesirable human behaviors such as toxicity and
bias [16, 38, 176]. This issue is twofold: CAs can be manipulated
by imperceptible triggers to generate toxic language [106], and
they can also elicit unethical behavior from users, such as flaming
and bullying [35]. Addressing this requires a proactive approach,
such as developing specialized datasets and models designed to
teach CAs how to respond to problematic content in line with pos-
itive social norms [74]. The ethical issues may also be rooted in
the unrestricted types of data used for CA development and the
often unethical practices of its collection. The reliance on vast cor-
pora of human interaction data from the internet is the primary
source of learned toxicity and bias [16]. Thus, the proposed de-
sign process does not rely on a single source of dialog data, but
also derives conversational skills from controlled resources, such
as involving human participants to extract or craft skills. Finally,
potential ethical challenges may also arise when evaluating CAs
with human participants, especially those from vulnerable popula-
tions. Beyond general concerns of accountability and interpretabil-
ity [170], heightened risks emerge when testing involves groups
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such as older adults, children, or individuals with mental health
disorders [78]. These users may be more susceptible to forming
inappropriate attachments, being misled by biased information, or
having their trust exploited. This necessitates the creation of strict,
tailored guidelines to ensure the development of trustworthy and
safe CAs for special user groups. Ultimately, fostering ethical CA
development requires a holistic approach focused on calibrating
user trust appropriately and embedding responsible principles into
the core design process [42].

6 Limitations And Future Work

This systematic literature review presents several limitations. First,
the heterogeneity of experimental designs, sample sizes, and out-
come measures across studies prevented meaningful quantitative
analysis and meta-analytic synthesis of the transfer approach’s
effectiveness. Second, our LLM-assisted screening, while human-
verified, may have introduced selection biases, and our focus on
explicitly described transfer processes could have excluded valuable
work that implicitly adopted such methods. Future work should ad-
dress several key areas. Establishing standardized evaluation frame-
works with multi-dimensional metrics covering skill effectiveness,
user experience, and cross-cultural applicability is essential for
meaningful comparison across studies. Cross-cultural expansion
is particularly important given the current Western-centric focus
of existing research. Finally, as CA capabilities advance, compre-
hensive ethical frameworks addressing user dependency, privacy
protection, and manipulation risks become increasingly critical for
responsible skill transfer implementation.

7 Conclusion

This systematic literature review addressed a critical gap in con-
versational agent research by providing the first comprehensive
synthesis of how human conversational skills are transferred to CA
designs. Through the analysis of 85 studies, we identified three pri-
mary skill modalities, verbal, paralinguistic, and nonverbal, while
systematically cataloging the specific skills being transferred across
diverse application domains. Our findings reveal three primary
transfer strategies: transfer from dialog data and theories, as well as
via co-design. We propose the four-stage design process, offering
practitioners a structured methodology for implementing conversa-
tional skills while maintaining flexibility across different contexts.
To summarize, our work contributes comprehensive taxonomies
that organize the fragmented landscape of conversational skills
research and provides concrete guidance for developers seeking to
create more human-like conversational experiences. The research
reveals that successful skill transfer requires careful consideration
of contextual factors, user characteristics, and cultural differences,
while the emerging dominance of LLM-based implementations
presents both opportunities for sophisticated skill deployment and
challenges in maintaining ethical considerations. As conversational
agents become more prevalent across society, appropriate transfer
of human conversational skills becomes not merely a design or
technical challenge but a social imperative for creating trustworthy
and effective human-computer interactions.
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