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Abstract

Purpose of the study: The purpose of this study is to review and analyze current
automated techniques for monitoring chatbot conversations in the field of
Conversational Artificial Intelligence. It aims to highlight the challenges and
limitations of these techniques and provide insights into various metrics used to
measure chatbot performance, with the goal of enhancing it.

Methodology: The study employs a comprehensive literature review of existing
automated techniques for monitoring chatbot conversations. Then, focusing on state-
of-the-art approaches, the study introduces a division into numerical metrics
(performance statistics and user engagement) and linguistic metrics (conversation
analysis). Within conversation analysis, which is crucial for improving chatbot
responses and accurately recognizing user intentions, the study identifies and presents
three leading methods.

Main Findings: The paper highlights that, while current chatbot numerical
conversation metrics allow for continuous monitoring and enhancement of chatbot
performance, there is still room for improvement in the automated linguistic analysis
of chatbot conversations. Furthermore, monitoring chatbot conversations in an
automatic way in order to implement adequate corrective actions, is an essential task
for refining chatbot efficiency through continuous learning and adaptation.

International License

Applications of the study: The findings of this study have practical applications for
businesses employing chatbots. By understanding the potential of current automated
monitoring techniques and addressing their limitations, commercial chatbot systems
can be improved for the benefit of customer satisfaction.

Novelty/Originality of the study: The paper provides readers with the novel
knowledge necessary to understand key metrics used to measure chatbot conversations
from both numerical and linguistic perspectives. It adds value by guiding readers on
how monitoring numerical metrics helps analyze chatbot interactions and explains how
the automated linguistic analysis of chatbot conversation content is utilized in leading
approaches.

INTRODUCTION

Many approaches are proposed to enhance the effectiveness of conversations lead by chatbots (Moore, Arar, 2019)
(Adamopoulou, Moussiades, 2020) (Silva, Canedo, 2024). One approach is to focus on automation of context recognition
for better understanding of both the queries and the underlying intentions of the users, which are crucial for ensuring
optimal interaction quality and maintaining user satisfaction. Another approach is to define and develop chatbot
conversations metrics which play a vital role in assessing how well chatbots manage user queries and interactions, as well
as in identifying areas for improvement. Despite a variety of propositions with their benefits, all these approaches face
common limitations. Therefore, in this paper we aim to explore state-of-the-art approaches employed in the field of chatbot
conversations’ metrics — derived from automatic monitoring of conversations conducted by commercial chatbots.
Particular emphasis is placed on automated approaches, the mechanisms that create them, and their drawbacks and
limitations.

While much research has been done on developing specific components of chatbots, like automatic speech recognition,
text-to-speech, and dialog mechanisms for conversational agents (Ashktorab, Jain, et al., 2019) (Guo, Zhang, et al., 2021)
(Faruqui, Hakkani-Tir, 2022), there is a gap in the literature regarding the after-implementation maintenance phase of
conversational systems within an enterprise production environment. EXxisting papers address many aspects of
implementing general-purpose, research-oriented chatbots offering open-domain conversations. At the same time, they
seem to overlook industry-oriented chatbots providing closed-domain conversations in a business environment (Caldarini
Jaf, et al., 2022). It is crucial to implement methods for identifying new errors and failures that conflict with commercial
assumptions, assessing their impact on performance metrics, and ensuring consistent chatbot improvement in line with
these metrics. Recent studies lack focus on the practicalities and operational challenges that arise when deploying such
technologies in a business context. This context is crucial because the chatbot market has experienced significant growth
since early chatbot implementations. In early 2024, the market size was projected to be USD 7.01 billion, and it is expected
to expand to USD 20.81 billion by 2029, with a compound annual growth rate (CAGR) of 24.32% (Chakraborty, Pal, et al.,
2023). This growth is attributed to the increasing demand for Al-driven customer service solutions and the integration of
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chatbots with messaging applications, which enhance user experience and provide businesses with valuable consumer
analytics. The trend suggests a continued expansion as chatbots become more integrated into various business operations
and communication platforms. This all highlights the need for research dedicated to the maintenance and automatic
monitoring of conversational Al in real-world enterprise settings.

In our preliminary work, we reviewed the available research papers (of which there are relatively few) focused on the
mechanism of chatbot conversations automatic monitoring. The comprehensive review of these sources helped us identify
and assess the vulnerabilities inherent in various approaches, irrespective of the particular implementation. Consequently,
this has laid the groundwork for addressing these identified challenges and to outline the key issues that need to be
resolved in the near future.

LITERATURE REVIEW - KEY CHATBOT CONVERSATIONS METRICS

The performance of a chatbot is not set in stone: regardless of its current efficiency, it will inevitably decline as it
encounters new and unforeseen errors and challenges. Therefore, chatbots should be able to differ each conversation
session that is running and should keep a conversation log for monitoring chatbot knowledge storage and pattern-matching
process (Setiaji, Wibowo, 2016). It is done by analyzing chatbot’s engagingness, interestingness, humanness, and
knowledgeability (McTear, 2020) (Jurafsky, Martin, 2023), as well as ensuring the chatbot's performance aligns with
business objectives set (Xiao, Zhou, et al., 2020). This practice helps in identifying areas for improvement, and in making
informed decisions to enhance the chatbot's ability to handle complex queries and improve the so-called customer journey.

Appropriate metrics constitute an essential component for evaluating the performance and effectiveness of any system. In
the context of chatbots, they are important for assessing the ability of handling user queries and interactions. Utilizing
machine-assisted framework for conversation monitoring and discovering errors becomes crucial in maintaining a state-of-
the-art chatbot that can adapt to meet evolving customer needs, ultimately improving the quality of chatbot technologies in
business environments (Suryanto, Wibawa, et al., 2023) (Hanafi, Reiss, et al., 2024). Several metrics stand out as critical
for assessing the effectiveness and improving the performance of chatbots (Chakraborty, Pal, et al., 2023). The scientific
studies primarily examine chatbots either as software applications or as experimental dialogue systems, and these studies
assess different indicators related to how these chatbots are implemented and used within organizations. The focus is on
evaluating the effectiveness of chatbots based on specific criteria that indicate their implementation success. Nevertheless,
additional metrics introduced in commercial chatbots, are not only visualizing the simple statistics of logs of conversations,
but also measuring performance of the system, user engagement and satisfaction. This comprehensive insight is the key to
better understanding of gathered dialogue data, based on which businesses can improve their chatbots. According to
research on business-related and commercial chatbot resources, chatbot metrics can be categorized into three main groups,
namely performance statistics, user engagement, and conversation analysis (McTear, 2020) (Cyca, 2022) (Dilmegani,
2024) (Inbenta, 2024) (Visiativ, 2024):

1) Performance statistics track numerical metrics such as conversation length, number of chats, and engaged
conversations. Main examples:

o Total Number of Conversations: tracks the overall usage of the chatbot, indicating user acceptance and interaction
frequency.

e Average Conversation Length: measures the depth of interactions, reflecting the chatbot's ability to maintain user
engagement.

e Number of Engaged Conversations: represents interactions that go beyond initial greetings, suggesting the chatbot’s
effectiveness in engaging users.

2) User engagement tracks numerical metrics such as the average response time or number of missed messages per
conversation. Main examples:

e Goal Completion Rate: quantifies the chatbot’s success in achieving predefined objectives, such as sales or
information dissemination.

o Average Response Time: critical for user experience, representing the swiftness of the chatbot's replies.

o Missed Messages (Utterances) Rate (also known as Fallback Rate, FBR): tracks instances where the chatbot fails to
provide relevant responses, signaling the need for enhanced understanding or knowledge base expansion.

e Human Takeover Rate: indicates the frequency with which human support agent needs to intervene and take over a
query from the chatbot. This metric helps in understanding whether the conversations are sufficiently interactive or
if users drop off quickly.

e Customer Satisfaction Scores: measures user satisfaction, giving users the opportunity to rate the chatbot, and
providing feedback on the chatbot’s conversational capabilities and helpfulness.

3) Conversation Analysis tracks the linguistic layer of the content of chats and so the conversation capabilities of
chatbot. This analysis is crucial for refining the chatbot’s responses and ensuring they align with user expectation and
business goals. For this purpose, manual review is frequently employed as a mechanism for checking and improving
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the quality of conversations. However, manual review is time-consuming and therefore expensive, given the large
volumes of data that need to be analyzed. Consequently, the primary objective of current research efforts is the
development and refinement of automated conversation analysis and architectures capable of performing these
analyses. The complexity of Natural Language Processing (NLP) tasks and the need for contextual understanding of
utterances present significant challenges in automating apt analysis of conversations. The leading state-of-the-art
approaches in this field are presented in the next section.

By using key chatbot conversations metrics, we can not only monitor but also continuously enhance the chatbot’s
performance. To monitor above-mentioned metrics, it's advisable to utilize integrated reports and archiving tools provided
by chatbot development platforms or employ external analytics tools designed for deeper conversational insights (Lin,
Huang, 2023). While these tools typically provide extensive data visualizations that facilitate the rapid detection of trends
and patterns, allowing for prompt adjustments to the chatbot’s operational parameters, it is important to highlight that they
rarely address the linguistic layer of the content of chats, which is essential for enhancing the chatbot’s responses.

AUTOMATED CONVERSATION ANALYSIS: STATE-OF-THE-ART APPROACHES

The evolution of chatbots has seen a significant shift from basic pattern matching and rule-based systems to the current
integration of advanced natural language processing, neural network and deep learning technologies (Adamopoulou
Moussiades, 2020) (Deng, Yu, 2023). It reveals a clear trend toward improving the contextual and emotional intelligence
of chatbots by the application of various architectures on a commercial chatbots, such as Recurrent Neural Network, Long
Short-Term Memory-based Sequence-to-Sequence model, Bi-directional Encoder Representation from Transformers and
Generative Pre-trained Transformer frameworks, after they demonstrated satisfactory performance across various metrics
(Li, Galley, et al., 2016) (Xu, Liu, et al. 2017) (Hu, Xu, et al., 2018) (Borah, Pathak, et al., 2019) (McTear, 2020).
Additionally, several research indicated that the Conditional Variational Autoencoder model allows for a more nuanced
understanding of the intent’s context and the generation of responses that are not only relevant but also diverse. This
progression enables chatbots to generate dynamic responses that are not pre-programmed, thereby creating more fluid,
engaging and natural interactions (Bilquise, Ibrahim, et al., 2022) (Lin, Deng, 2022) (Su, Xie, 2022). The ability to control
conversational styles is a critical step in moving beyond simple response generation to more sophisticated and user-tailored
interactions.

In the pursuit of enhancing chatbot performance and conversation capabilities through the analysis of conversations,
various advanced approaches for processing the linguistic layer are being examined. They aim to ensure that chatbots are
not only functional but also highly efficient in handling diverse customer interactions, interpreting user intent, and
understanding context. These approaches, rooted in Natural Language Processing, Machine Learning, and Deep Neural
Networks, may be perceived from three theoretical angles described below.

First angle involves the use of intent classification models that leverage deep learning algorithms to analyze the user's input
and classify it into predefined categories. These models are trained on vast datasets of conversational exchanges, allowing
them to recognize patterns and nuances in language that indicate specific user intentions (Xiao, Zhou, et al., 2020)
(Chandrakala, Bhardwaj, et al., 2024). Second angle involves the implementation of context aware recognition systems.
These systems not only consider the immediate input from the user but also take into account the broader context of the
conversation. By maintaining a history of the interaction, they can discern the user's intent more accurately, even when the
input is ambiguous or lacks specificity. This is particularly useful in complex dialogues where the user's intention may
evolve over the course of the conversation (Kocon, Cichecki, et al., 2023). Third angle involves integration of sentiment
analysis to detect the emotional tone behind a user's message to detect subtle cues in the utterances. This reveals the
underlying intent and builds a conversation flow based on the recognized emotions. Recent research has shown that
accurately identifying emotions in users' intentions by chatbots is highly effective for enhancing user interaction,
particularly when further chatbot responses are tailored to the emotions expressed by the user. Thus, emotional recognition
may serve as a universal approach to improve user experience, engagement, and satisfaction (Asghar, Poupart, et al., 2018)
(Zhou, Huang, et al., 2018) (Pawlik, 2022) (Pawlik, Ptaza, Deniziak, Boksa, 2022). For instance, expressions of frustration
or urgency can prompt the chatbot to respond with solutions or assistance more swiftly, directing the conversation towards
more positive emotions.

Moreover, there is a push towards more interactive, adaptive, context aware and empathetic communication methods,
where chatbots can also ask clarifying questions when uncertain about user intent. In this context, we can point three
practical solutions, deriving from the previously mentioned theoretical background, of leading innovative methods
implemented to automate conversation analysis and automatically detect user intentions in conversations that include
(Kocon, Cichecki, et al., 2023) (Jones, Xu, et al., 2024) (Malamas, Symeonidis, et al., 2024): 1) Context-Aware
architectures based on Recursive Neural Networks or Transformer models, 2) Semantic Clustering techniques applying
various similarity measures or Interactive Clustering for cycling through iterations, 3) Intent Recognition through
Reinforcement Learning (IRRL), also known as Reinforcement Learning from Human Feedback (RLHF).

Context-Aware chatbot architectures are developed to parse and interpret user inputs by considering not only the
immediate textual input but also the contextual history of the given conversation. They operate on the principle that the
intent behind a user's current input can be better understood considering previous exchanges (Niederer, Schloss, et al.,
2023). They utilize a layered recursive neural network structure, where each node represents a word or phrase from the
user's input, and each layer represents a contextual understanding from previous conversational turns. The innovative
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aspect of Context-Aware architectures lies in its dual-focus architecture. The lower layers capture syntactic nuances of the
input, using pre-trained embeddings from models like BERT or GPT, while the upper layers focus on semantic
comprehension, integrating contextual clues over the conversation’s history (Chehri, Jbene, et al., 2024). This dual
approach ensures a deep semantic understanding, essential for accurate intent detection.

Semantic Clustering method groups user intents into clusters with similar semantic meaning or concepts by analyzing their
underlying context, making it useful for organizing information based on conceptual content rather than just surface-level
lexical word similarity and characteristics. Dynamic Time Warping (DTW), that could be added to clustering as a distance
measure, was originally developed for and is extensively used in speech recognition to handle variations in speaking speed
and temporal distortions. DTW aligns time series text data by minimizing the distance between sequences, allowing
comparison of time series of different temporal dynamics (Javed, Rizzo, et al., 2024). Not surprisingly, Semantic
Clustering with Dynamic Time Warping (SC-DTW) bases on DTW as a distance measure and employs an enhanced
version of the Dynamic Time Warping algorithm to measure the similarity between different sequences of word vectors,
thus identifying patterns that indicate similar intents under varying syntactic constructions in time. SC-DTW is particularly
useful in scenarios where user inputs are dynamically evolving and can vary significantly in their expression. On the other
hand, a related method of Interactive Clustering constitutes a methodology combining human and computer actions as it
depends on the interplay between automated data segmentation into intents and human annotations driven by responses,
which place constraints on clusters to enhance relevance (Schild, Durantin, et al., 2022). To enhance user experience
during annotation, the imposition of constraints on the dataset is emphasized instead of predefining the intent models.

Intent Recognition through Reinforcement Learning (IRRL), also referred to as Reinforcement Learning from Human
Feedback (RLHF), incorporates a reinforcement learning framework where the chatbot is trained not only to recognize the
intent but also to actively learn from user feedback (Ricciardelli, Biswas, 2019). In IRRL and RLHF, a reward system is
established based on the user's satisfaction with the chatbot's responses, catched from direct feedback mechanisms like
ratings or inferred through follow-up actions by the user (e.g., completing a transaction, asking a related follow-up
question) (McTear 2020) (Ouyang, Wu, et al., 2022) (Kocon, Cichecki, et al., 2023). Chatbot with IRRL/RLHF adapts
over time, with the model continuously refining its predictions based on the received rewards, making it exceptionally
powerful in applications where user preferences and behaviors may shift over time.

Methods and architectures described in this section represent cutting-edge approaches to enhancing chatbot interactions.
Each technique brings a unique perspective and methodological innovation to the challenge of understanding human input
through precise intent detection in conversational system settings. As chatbots’ architectures continue to evolve, these
methods will need to adapt to new languages, dialects, and ever-changing user expectations, underscoring the importance
of continuous learning and adaptation in the field of Al-driven communication.

FUTURE DIRECTIONS AND CHALLENGES

The described approaches are not without their challenges, however. Studies have shown that main difficulties still lie in
the subtleties of human language, and chatbots frequently fail to accurately detect specific behaviors in dialogues such as
sarcasm, use of idioms, and cultural references, leading to suboptimal performance in real-world applications (Finch, Paek,
et al., 2023). Facing this challenge is vital to design chatbots that can understand and mimic human emotions to some
extent. It can be achieved by implementing NLP techniques that enhance the chatbot's ability to comprehend emotional
contexts and respond more empathetically (Caldarini, Jaf, et al., 2022). This will also help create intuitive, user-friendly
conversational flows in the chatbot’s dialogue structure, fundamental for maintaining user engagement through various
stages of interaction.

On the other hand, the need for extensive and diverse training data presents a significant obstacle, particularly in languages
or dialects with limited resources. Ongoing research is focused on overcoming the limitations in this matter: blindness to
grammatical errors, closed-domain settings, semantics and context, emotion detection, formulating adequate questions by
chatbots (Nuruzzaman, Hussain, 2018). To address these challenges, NLP-based components are developed to expand
chatbots’ linguistic and cultural understanding by using algorithms capable of learning from fewer examples and datasets
that reflect a wide range of linguistic variations.

Similar challenge applies to the limitation of information stored in particular database from which the chatbot sources
relevant responses, when integrated for the internal business’s purposes. In this case, building a chatbot can also face
complex design and integration problems, such as the ability to handle various backend systems, APIs, and data
synchronization processes, as well as managing the rapid scaling of chatbot services without compromising on quality.
Naturally, it applies to the integration of all systems, not only chatbots - similarly to the appearance of bugs, glitches, and
any other technical problem that can significantly decrease the performance of a chatbot. To mitigate these issues, it is
crucial to implement testing and debugging procedures before and after a full-scale deployment to ensure minimal
disruption in chatbot services.

By addressing these challenges with Machine Learning algorithms equipped with Natural Language Processing
capabilities, as well as with best business-derived processes optimization approaches (Nuruzzaman, Hussain, 2018) (Xu,
Sanders, et al., 2021) (Deng, Yu, 2023), it is possible to significantly enhance the performance and reliability of
commercial chatbots, ensuring they meet both user expectations and business objectives, while ensuring the highest
standards of data protection and implementing advanced security measures.
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CONCLUSION

Through a deep dive into the latest research and leading approaches, this paper presented core principles behind chatbot
conversations automatic monitoring strategies. Insights were gained on how to refine chatbot performance, with techniques
involving the detection of intent, optimization of response quality, and adaptation to user queries. Moreover, performance
metrics provide better understanding of user interactions and chatbot responsiveness which is essential for refining Al-
driven customer support systems. For improving the chatbot’s responses, businesses can benefit more when addressing
also the linguistic layer of the content of chats by employing architectures rooted in Natural Language Processing, Machine
Learning, and Deep Neural Networks. As chatbot technology continues to evolve, the insights drawn from their rigorous
monitoring will undoubtedly contribute to shaping future advancements, ensuring that Al remains at the forefront of
delivering exceptional user experiences and operational excellence.
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