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Abstract— The proliferation of large language models in 

recent years has led to the widespread development of AI 

chatbots. AI chatbots are smart systems that enable 

conversations with users using natural language. Chatbots are 

used to automate tasks, offer real-time assistance, and enhance 

user experiences. Their increasing use in many domains, such as 

customer service, education and healthcare support, makes 

their reliable evaluation essential. To this direction, this paper 

presents a literature review on evaluation frameworks for 

adaptive AI chatbots, highlighting the trends, gaps, and future 

research directions. It focuses on four critical dimensions of 

chatbot assessment: personalization and adaptability, 

information accuracy, response adequacy and speed, as well as 

bias and ethical concerns. The comparative analysis of related 

studies shows the importance of applying multidimensional 

evaluation approaches that integrate both technical features and 

user-centered metrics. Furthermore, it identifies major 

challenges, such as the lack of standardized evaluation criteria 

and the need for transparency and ethical accountability in 

chatbot deployment. 
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I. INTRODUCTION 

The rapid growth of digital technologies, and especially of 
artificial intelligence (AI), has given rise to AI chatbots [1]. 
These are conversational systems that use intelligent 
techniques to mimic human dialogue, enabling users to 
interact with computers through natural language [2]. Today, 
chatbots are widely used across various sectors, such as 
customer service, healthcare, education, and e-commerce, 
where they automate tasks, provide instant responses, retrieve 
useful information, and personalize interactions based on user 
behavior [3-6]. Due to their ability to simulate human-like and 
real-time conversations, chatbots have become a valuable tool 
in many aspects of daily life. 

As chatbots’ use become more widespread, the need for 
systematic evaluation is more essential. In particular, it is 
important to ensure that these systems function accurately, 
efficiently, and ethically in order users to trust them [7-9]. 
Evaluation not only identifies weaknesses but also guides 
improvements and ensures that chatbot behavior aligns with 
user expectations and societal norms [9-10]. However, the 
dynamic and human-centric nature of chatbot interactions 

often challenges traditional evaluation methods. This has led 
to the development of specialized frameworks that assess 
multiple dimensions of chatbot performance, including 
personalization, information accuracy, responsiveness, and 
ethical behavior [11]. These frameworks combine technical 
metrics with user-centered approaches to provide a more 
holistic understanding of how chatbots perform in real-world 
settings [10]. 

Some studies in this field focus on personalization and 
user adaptation as core evaluation dimensions, highlighting 
the importance of adjusting chatbot behavior to individual 
preferences and personality traits [12]. Others propose 
quantitative performance metrics, such as answerability, task 
completion, or error correction, as tools for measuring chatbot 
effectiveness in real time [7, 13]. Many studies also explores 
methodological frameworks and taxonomies for evaluating 
conversational agents across various contexts, emphasizing on 
usability, responsiveness, and content quality [1, 9-11]. 
Finally, several researches investigate the ethical and social 
implications of chatbot use, introducing frameworks that 
assess transparency, fairness, data privacy, and accountability 
[8, 14]. 

In view of the above, this paper presents a comparative 
analysis of established evaluation frameworks of intelligent 
chatbots, aiming to highlight the most relevant concepts, 
methods, and emerging challenges. As such, it provides an 
overview of the key evaluation dimensions, namely 
personalization, adaptability, response accuracy, speed, bias, 
and ethical concerns. The scope of this comparative analysis 
is to explore how chatbot performance is currently assessed, 
what gaps remain, and which areas demand further 
exploration. Moreover, this review aims to identify the most 
commonly used evaluation frameworks, assess their 
effectiveness, and investigate what makes each method 
valuable and reliable. Based on the findings, this study 
proposes directions for an integrated AI chatbot evaluation 
framework that could support the development of more 
robust, fair, and human-centered conversational AI systems. 

II. RESEARCH METHODOLOGY 

This study follows the five-step framework for scoping 
reviews proposed by Arksey and O’Malley (2005) [15], which 
provides a systematic approach to organizing and synthesizing 
the existing literature. The five stages include:  



1) identifying the research questions,  

2) identifying relevant studies,  

3) study selection,  

4) charting the data, and  

5) collating, summarizing, and reporting the results. 

Regarding the research questions of this study, they were 
designed to explore different aspects of chatbot evaluation, 
from personalization and performance to ethical 
considerations. Thus, the research questions defined are the 
following: 

 RQ1: How is a chatbot's personalization and 
adaptability to individual user preferences and needs 
evaluated? 

 RQ2: What methods are used to assess the accuracy of 
the information provided by AI chatbots? 

 RQ3: How is the adequacy and response speed of AI 
chatbot answers evaluated in current research? 

 RQ4: How are ethical considerations addressed in 
chatbot evaluation models? 

Afterwards, the search criterion were defined in order to 
find the most relevant studies. As such, keywords and phrases 
that include both broad and specific terms derived from each 
research question, were used, like “AI chatbot evaluation”, 
“chatbot evaluation framework”, “AI chatbot personalization 
assessment”, “AI chatbot performance evaluation”, 
“evaluation metrics for chatbots”, “ethical considerations in 
conversational AI” etc. This strategy helped find a diverse 
range of studies across technical, methodological, and ethical 
dimensions of chatbot evaluation. The search engines used in 
this study were Scopus, Google Scholar, and the IEEE Xplore 
digital library, since they provide access to a wide range of 
peer-reviewed publications. 

After the initial identification of potentially relevant 
studies, a systematic screening process was applied to 
determine which publications would be included in the final 
review. The selection was based on a set of predefined 
inclusion and exclusion criteria designed to ensure both the 
quality and relevance of the chosen literature. Thus, the 
studies had to be written in English, published between 2018 
and 2024, and provided clear methodological details or 
theoretical contributions relevant to the research questions. 
From this step, around 35 studies was selected for review in 
this work. 

The selected studies were systematically organized and 
classified according to the research questions. Each paper was 
reviewed to extract relevant information regarding the 
evaluation approach they used.  

Finally, the extracted data were synthesized to highlight 
common practices, identify gaps in the literature, and suggest 
directions for future research. The findings were interpreted in 
relation to the research questions. 

 

III. COMPARATIVE ANALYSIS 

A. Personalization and adaptability 

Evaluating how well chatbots personalize content and 
adapt to individual users is essential for their acceptance and 
adoption in everyday life. To this direction, it is needed to 
clarify what is being adapted, namely tone, content, 
recommendations, dialog strategy, and for whom, like user 
traits, preferences, current goal and context. Thus, there are 
studies that combine technical measures with human-
experience outcomes [3, 12, 16-17], while others that use 
frameworks aligned with ISO usability dimensions, such as 
effectiveness, efficiency, and satisfaction, augmented with 
constructs such as engagement, empathy, and task success for 
different user segments [9, 18-19]. 

Collaborative filtering approaches have been employed to 
tailor recommendations, accelerating information retrieval 
and reservation tasks while improving user satisfaction, but 
they remain dependent on large-scale historical datasets and 
raise privacy concerns [3, 20-21]. Comparative studies 
between chatbot-based and menu-based interfaces reveal that 
adaptability to user autonomy and cognitive load plays a 
critical role in perceived usability, with chatbots performing 
better in exploratory tasks but sometimes increasing mental 
effort for goal-oriented users [22].  

In applied service domains, natural language processing 
combined with neural network architectures has enabled real-
time personalization and rapid response generation, reducing 
operational costs while improving task success rates [23]. 
Moreover, advanced machine learning models perform well in 
understanding user requests and adjusting their responses  
properly, and thus making interactions over time more 
personalized [7, 24].  

Overall, the literature highlights that effective evaluation 
requires a multi-method approach that combines both 
objective task performance and subjective user experience, in 
order to ensure that personalization mechanisms align with 
user preferences and needs. 

B. Ιnformation accuracy 

It is crucial to ensure that AI chatbots provide accurate 
information in order to trust and use them effectively, 
especially in sensitive domains like healthcare, education, and 
financial services. Multiple studies have shown that chatbots 
that incorporate Large Language Models (LLM) exhibit 
variability depending on the topic domain, language, and 
source of information. For instance, in [5], the authors 
conducted a comparative analysis between chatbot-generated 
answers and responses from human medical experts, revealing 
that while LLMs demonstrated high accuracy rates in 
standardized, fact-based questions, they showed reduced 
consistency in open-ended queries, with statistically 
significant deviations exceeding 15%. Similarly, in [4], the 
authors investigated the ability of chatbots to verify political 
information and found accuracy rates of 72% for ChatGPT 
and 67% for Bing Chat, highlighting the difference in 
performance across platforms. 

Researchers have explored many ways to detect and fix 
errors in order to boost chatbot accuracy. In [13], the authors 
demonstrated that the integration of reinforcement learning 
and user feedback loops reduced error rates by 28% and 
increased overall chatbot accuracy by up to 20%. This 
confirms that continuous model refinement can significantly 



enhance output quality. In a related study [25], the authors 
applied cosine similarity to measure semantic closeness 
between chatbot-generated and reference answers, providing 
a quantitative approach to assessing retrieval accuracy. 

Another major challenge is the management of 
misinformation and AI hallucinations, where LLMs generate 
fabricated or misleading content [26-28]. In [26], the authors 
introduced a multi-model consensus strategy that compared 
outputs from different chatbots, reducing hallucination rates 
by 23% and improving answer consistency by 17%. This 
approach indicates that cross-model verification can be a 
powerful safeguard against inaccurate outputs. 

C. Adequacy and response speed of AI chatbot answers 

The literature review showed that researchers use a wide 
range of criteria and methodologies for evaluating the 
adequacy and response speed of intelligent chatbots, including 
both technical performance and the overall user experience 
[29-30]. 

Firstly, it is examined the ability of chatbots to deliver 
correct and contextually appropriate answers to user queries. 
In [7], the authors introduced the concept of “answerability” 
as a quantitative measure of response quality, assigning scores 
from −1 to +1 based on correctness and completeness. 
Similarly, in [31], the authors developed the Chattest 
framework, which uses a fixed set of test questions to check 
the precision and relevance of chatbot answers in a systematic 
way. 

Regarding usability and user satisfaction, the authors of 
[1] emphasized that chatbot usability involves effectiveness, 
efficiency, and satisfaction in achieving user goals, while in 
[38], the authors highlighted trust, perceived usefulness, and 
emotional engagement as critical determinants of a successful 
interaction. 

Linguistic quality and anthropomorphism also emerged as 
key evaluation factors. Studies have highlighted the need for 
chatbots to be linguistically accurate, coherent, and natural in 
their responses [10-11]. To measure this, researchers have 
used a mix of quantitative tools like BLEU scores and lexical 
diversity metrics, as well as qualitative approaches such as 
user surveys, to evaluate how fluent and human-like the 
conversation is. 

In addition, functional performance and efficiency have 
been assessed using operational metrics such as task 
completion rates, conversation duration, and frequency of 
required human intervention [9, 32]. From a business 
perspective, operational efficiency is closely tied to cost 
savings and the degree of automation in customer interaction 
workflows [9]. 

Finally, technological performance and system reliability 
have been investigated not only in terms of the chatbot’s 
outputs but also with respect to the underlying algorithms. In 
[30], the authors demonstrated an open-source system 
enabling comparative evaluations of different chatbots 
through standardized technical metrics, allowing researchers 
and practitioners to benchmark systems in a reproducible 
manner. 

D. Ethical considerations 

The evaluation of biases and ethical considerations in AI 
chatbots encompasses two distinct but interrelated domains 
[33-35]. The first concerns biases, which are either those 

learned and perpetuated by chatbots or those that emerge in 
users as a result of interacting with them. The second 
addresses broader ethical issues, which can span multiple 
dimensions such as fairness, accountability, privacy, and 
transparency. In the context of bias detection, evaluation 
frameworks are often assessed based on the breadth of biases 
they can identify and their ability to determine, or at least 
provide evidence toward determining, the underlying causes. 
For ethics, the relevant evaluation criteria relate to the range 
of ethical concerns addressed by the framework and the extent 
to which causal factors are explored. 

Empirical studies have examined the detection of 
demographic and cognitive biases in chatbot outputs using 
both human-centered experiments and automated 
interrogation of chatbot systems. In [36], the authors 
investigated the degree to which large language models 
influence human evaluators, finding that while such biases can 
be identified relatively easily, pinpointing the precise source 
within the model architecture or training data remains 
challenging. In [37], the authors applied structured prompts to 
multiple AI chatbots and categorized responses according to 
bias scales, highlighting the difficulty of achieving a 
universally accepted operational definition of bias in 
conversational AI. In [38], the authors advanced this line of 
inquiry by employing association tests to measure social bias 
in GPT-based models, demonstrating that a generalized 
evaluation framework can be adapted to detect a wide range 
of prejudices, though subjectivity in bias definitions limits 
interpretability.  

On the ethical dimension, in [14], the authors applied a 
multi-dimensional moral framework to chatbot outputs, 
enabling the identification of issues across diverse ethical 
categories, from data privacy to harmful content generation. 
However, the authors noted a lack of domain-specific 
granularity when applying such frameworks exclusively to 
chatbots. 

In [8], the authors conducted a comparative study of 
existing ethical AI frameworks in practical chatbot 
deployments, identifying missing elements in current 
approaches, particularly with respect to transparency and 
accountability in automated decision-making. Collectively, 
these studies underscore that while current evaluation 
methods can surface both bias-related and ethical 
shortcomings, limitations persist due to subjective definitions, 
incomplete causal mapping, and the absence of chatbot-
specific ethical evaluation standards. Addressing these 
challenges requires not only methodological refinements but 
also the development of domain-specific tools tailored to 
conversational AI systems. 

IV. DISCUSSION 

A. Trends in AI Chatbot Evaluation 

The analysis of recent studies on AI chatbot evaluation 
reveals several important trends that define the current state of 
the field. In the area of personalization, there is a clear move 
away from traditional evaluation methods, such as the Turing 
Test, toward more multidimensional evaluation frameworks. 
These newer approaches combine both numerical and 
qualitative measures, including user engagement and 
empathy. Frameworks like SPACs and OPACs support the 
adaptation of chatbot responses to individual user needs, 
improving the quality of interaction [1, 12]. 



In the field of ethics, although general guidelines for AI 
exist [8, 14], many of them are not specifically designed for 
chatbots. Recent studies, however, are beginning to address 
this gap by focusing on the detection and reduction of bias, 
using clearer definitions and more objective methods [37-38]. 

Regarding information accuracy, modern approaches 
include the use of AI auditing, natural language processing 
techniques for semantic similarity, and real-time fact-
checking tools. These help improve the consistency and 
trustworthiness of chatbot responses, especially in areas like 
healthcare where accuracy is critical [4-5, 22, 25]. 

Moreover, there is increasing use of combined evaluation 
methods that take into account both technical performance and 
the user experience. These include automatic measurements 
along with human feedback related to usability and 
satisfaction. Such combined methods help provide a more 
complete understanding of how well chatbots perform in real 
conditions [2, 7, 11]. 

B. Gaps in AI Chatbot Evaluation 

In the area of personalization, many studies do not offer 
clear or standardized frameworks. Real-time adaptation and 
personality recognition remain difficult challenges, and many 
models do not fully consider cultural and emotional 
differences, which limits their ability to meet the needs of 
diverse users [3, 12]. 

In terms of ethical evaluation, there is still a lack of 
practical tools for detecting bias in newer chatbot models. 
Often, the source of bias is not clearly identified, and the 
definitions used can be too subjective, making evaluation 
inconsistent [37-38]. In addition, privacy protection is not 
always addressed in depth, and more work is needed to 
develop effective and transparent evaluation methods [14]. 

As for information accuracy, current evaluation methods 
mostly rely on structured prompts, which do not reflect how 
users interact with chatbots in real life. Furthermore, many 
systems perform poorly in languages other than English due 
to limited multilingual support [13, 36]. 

Finally, regarding efficiency, the lack of a common 
evaluation standard makes it difficult to compare different 
chatbot systems. Also, the use of subjective measures, such as 
user satisfaction, can lead to results that are not consistent or 
easy to interpret [10, 22, 31]. 

C. Proposed Integrated Evaluation Framework for AI 

Chatbots 

Based on the comparative analysis presented in this study, 
an integrated evaluation framework designed to holistically 
assess AI chatbot performance is proposed. This framework 
adopts a multidimensional approach, which combines 
quantitative with qualitative metrics to provide an holistic 
analysis of AI chatbot performance. The proposed framework 
is structured based on four key dimensions: i. personalization 
and adaptability, ii. information accuracy, iii. response 
adequacy and speed, and iv. bias and ethical considerations. 
For each dimension, specific metrics and methods are defined, 
which range from semantic similarity scores and fact 
verification rates to bias detection measures and user 
satisfaction indicators. As such, the framework integrates 
technical capabilities along with user experience and ethical 
compliance. Table 1 illustrates the four dimensions of the 
framework. 

Table 1. The Proposed Integrated AI Chatbot Evaluation Framework 

Dimension Goal Metrics Methods 

Personalizati
on & 
Adaptability 

Ensure 
dynamic 
adjustment of 
tone, content, 
and 
recommendati
ons without 
compromising 
accuracy or 
ethical 
integrity. 

Task success 
rate per user 
segment, 
engagement 
duration, 
repeated 
usage 
frequency, 
personalizati
on score 

Controlled 
user studies 
combined 
with real-
world 
interaction 
logs; 
adaptive 
scenario 
testing 
where user 
preferences 
evolve 
during the 
evaluation 
period. 

Information 
Accuracy 

Minimize 
misinformation 
and 
hallucinations 
while 
maintaining 
domain-
specific 
accuracy. 

Semantic 
similarity 
(cosine 
similarity, 
BERTScore), 
fact 
verification 
accuracy, 
correction 
rate post-
feedback, 
cross-model 
consistency 
score. 

Benchmark 
question 
sets with 
verified 
ground 
truth, multi-
model 
consensus 
checks, real-
time fact-
checking 
modules. 

Response 
Adequacy & 
Speed 

Balance rapid 
response 
generation 
with contextual 
completeness 
and fluency. 

Answerabilit
y score (−1 to 
+1), task 
completion 
time, latency 
to first 
response, 
BLEU/ROU
GE scores for 
linguistic 
quality, 
distinct-n for 
lexical 
diversity. 

Scripted and 
live user 
sessions 
measuring 
both 
efficiency 
and 
conversatio
nal 
coherence; 
stress 
testing 
under high 
query 
volume. 

Bias & 
Ethical 
Consideratio
ns 

Identify and 
mitigate unfair 
biases, protect 
user privacy, 
and maintain 
transparent, 
accountable 
system 
behavior. 

Bias 
detection 
rate, privacy 
compliance 
score, 
transparency 
index, ethical 
category 
coverage. 

Structured 
bias 
prompts, 
cross-
cultural 
scenario 
testing, 
independent 
ethical 
audits, 
explainabilit
y reports for 
decision-
making 
processes. 

 

V. CONCLUSIONS 

This study focused on the comparative analysis of AI 
chatbot evaluation frameworks. The findings confirm that a 
multidimensional approach is essential for evaluating  this 



technology, including factors like information accuracy, 
adaptability, ethical considerations, and user experience. In 
particular, key elements are the personalization and 
adaptability of these systems, as chatbots that can recognize 
and respond to user preferences and needs, significantly 
enhance usability. Similarly, the assessment of chatbots’ 
accuracy and reliability is important for their acceptance, since 
these factors influence user trust and perceived usefulness. 
Moreover, ethical concerns, including bias detection and 
privacy protection, have to be evaluated in order to ensure 
fairness and transparency. As such, the development of an 
evaluation model that combines ethical techniques, functional 
metrics, human-in-the-loop methods, and user experience 
analysis appears to be the most effective approach.  

Future steps include the systematic evaluation of the 
proposed evaluation framework in order to ensure that its 
structure and components effectively address the 
multidimensional nature of chatbot performance. In particular, 
future work will define specific, measurable metrics and 
appropriate evaluation methods tailored to each evaluation 
dimension. Moreover, the framework will be applied across 
various domains to test its adaptability and identify domain-
specific challenges. 
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