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Abstract

Chatbots for customer service have been widely
studied in many different fields, ranging from
Natural Language Processing (NLP) to Com-
munication Science. These fields have devel-
oped different evaluation practices to assess
chatbot performance (e.g., fluency, task suc-
cess) and to measure the impact of chatbot us-
age on the user’s perception of the organisation
controlling the chatbot (e.g., brand attitude)
as well as their willingness to enter a business
transaction or to continue to use the chatbot
in the future (i.e., purchase intention, reuse
intention). While NLP researchers have de-
veloped many automatic measures of success,
other fields mainly use questionnaires to com-
pare different chatbots. This paper explores
the extent to which we can bridge the gap be-
tween NLP and Communication Science, and
proposes a research agenda to further explore
this question.

1 Introduction

We need to talk about measurement requirements.
There is a vast body of literature on the evaluation
of dialogue systems, with a wide range of different
methods to assess different properties of the con-
versations that people have with chatbots and the
impressions that are formed during those conver-
sations. The goal of many Natural Language Pro-
cessing (NLP) researchers seems to be to avoid ask-
ing people about their experiences because human
evaluation is costly and time-consuming. However,
most of the literature rests on the assumption that
the properties that we are interested in are measur-
able from the conversational data. We question this
assumption and ask: to what extent do chatbot
conversations contain useful cues to determine
conversation quality (and beyond)? Although
this question is relevant for all kinds of chatbots,
we will focus on task-oriented dialogue systems.
As we will argue, NLP researchers mostly focus

on intrinsic properties of these systems (§2) while
organisations are often more interested in extrinsic
evaluation (§3). An open challenge in dialogue re-
search is to predict the users’ opinion of the system
based only on their conversation. To tackle this
challenge, we believe it is essential to think about
the requirements for us to be able to say more about
what users think about chatbots. For this, we need
to study conversational richness (§4,5). Based on
an overview of the existing literature, we propose a
roadmap for future research (§6).

2 Chatbot assessment in NLP

Let us first look at chatbots from a technological
perspective. NLP researchers have a particular
way of looking at the assessment of chatbots: they
mostly care about the inner workings of the system
and less on the effects that the system has on its
users (see for example the work by Vijayaraghavan
et al. (2020) which discusses different algorithms to
evaluate separate components of dialogue systems).
Common constructs of interest are, for example,
coherence (of the conversation, e.g. Dziri et al.
2019), robustness (of the system, e.g. Cheng et al.
2019) relevance and correctness (of the generated
utterances; discussed by Deriu et al. 2021). This
leads us to:

Observation 1
NLP researchers tend to focus on constructs that
are associated with intrinsic evaluation.

Where possible, NLP researchers tend to prefer
automatic metrics to quantify system performance,
since automatic approaches are generally cheaper
and faster (Maroengsit et al., 2019). Depending on
the purpose of their study, NLP researchers may
even choose not to let their system interact with
people at all, but rather to have the system engage
in simulated (parts of) conversations (e.g., Vascon-
celos et al. 2017; de Wit 2024). This allows them to
compare how different systems respond to the same
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utterances. For example, researchers may investi-
gate how appropriate the different responses are
(e.g., Chen et al. 2023). When NLP researchers en-
gage in human evaluation studies, they often do this
through relatively superficial crowd-sourcing tasks,
providing participants with responses in particular
conversations, and asking questions about the qual-
ity of these individual responses (see e.g. Sedoc and
Ungar (2020), who ask human annotators to select
the better system answer to a specific prompt).! Ad-
ditionally, NLP researchers have explored methods
to automatically predict human judgements (Reddy,
2022; Wu and Chien, 2020; Deriu and Cieliebak,
2019). An interesting observation about this line
of work is that nobody discusses the feasibility of
the task; it is more or less assumed to be possible
to predict the ratings, and the studies themselves
show to what extent the authors’ approach seems
to work. Finally, NLP research typically does not
specify the properties of conversations for which
the proposed approach should work.?

3 The Communication Science perspective

Task-oriented chatbots are designed to be used, of-
ten by organisations aiming to alleviate the work-
load of their customer support agents. Communi-
cation scientists may study the use of chatbots in
such an organisational context.’

The Communication perspective differs from
that of NLP researchers. The review of Brag-
gaar et al. (2023) shows that NLP typically does
not assess either the attitude of the customer sup-
port agent or the user’s attitude towards the brand.
While NLP thus mostly seem to focus on the qual-
ity of the interaction, researchers in business com-
munication are more interested in the impact of
chatbot interactions on users’ experience and their

'Also note that there is typically only one question item
per construct, leading to mono-operation bias.

2Another concern is that research on dialogue systems of-
ten uses controlled evaluations that often do not involve human
participants. An example of this is work on conversational
agents that guide a user through the different steps to prepare
a meal. Although the context of a user standing in the kitchen
is rather prominent for how a conversation may unfold and
be appreciated by the user, performance on subtasks like in-
tent detection, instruction ordering and response helpfulness
is evaluated by comparing to an artificial dataset based on
role-playing between crowd-workers (Le et al., 2023) or on a
dataset augmented from user-system interactions that did not
involve cooking (Gldria-Silva et al., 2024).

*Business communication has three different application
domains: business-to-consumer, business-to-business (also
known by the acronym b2b), and internal communication. We
focus on the business-to-consumer (b2c¢) domain.

perceptions of the organization employing the chat-
bot. Subsequently, they also tend to focus more
on evaluating the chatbot from the organisations’
perspective. For example, research has explored
chatbot implementation (e.g., Araujo et al. 2022)
and chatbot collaboration (e.g., Martijn et al. 2024),
as well as the distinction between the drivers of
chatbot adoption and the outcomes of interacting
with these systems (Mariani et al., 2023). Typical
constructs of interest include customer satisfaction
(e.g. Chung et al. 2020; Ruan and Mezei 2022),
user experience (e.g. Chen et al. 2021; Trivedi
2019), brand attitude (e.g. Shahzad et al. 2024),
continuance usage intention and purchase intention
(e.g. Jiang et al. 2022; Li and Wang 2023; Akdemir
and Bulut 2024). This leads us to:

Observation 2
Communication researchers focus on constructs
associated with extrinsic evaluation.

Most research in this area relies on interviews
or scenario-based experiments followed by ques-
tionnaires using validated scales. Yet, few studies
have analysed the complete chatlogs from these in-
teractions, which is a missed opportunity. A mixed-
method approach that combines chatlog analysis
with traditional surveys can yield a broader per-
spective on service quality by capturing both the
internal dynamics of chatbot conversations and ex-
ternal customer perceptions (e.g., customer experi-
ence, brand attitude, continuance usage intention).
Moreover, the current state of AI and NLP makes it
possible to automate chatlog analysis and perhaps
even predict evaluation scores.* However, for this
to work, we need to consider media richness.

4 Media richness and chatbots

Media richness refers to the idea that our means of
communication differ in the kind and number of
cues that they can process (Daft and Lengel, 1986).
For example, a text message does not carry any au-
ditory information, whereas a telephone call does.
Videoconferencing introduces visual information
but may still lack other features of face-to-face con-
versations: haptic cues such as touch and smell,
but also the affordance to interact with the real
world and manipulate objects together. Researchers
studying media richness may, for example, look at
how the richness of different means of communi-

“This goal is present in the literature at least since the
introduction of the PARADISE framework (Walker et al., 1998),
but it keeps re-appearing (e.g. recently in Ay et al. 2025).
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Kind Dimension

Potential values

Form of interaction
Available modalities
Physical presence

Affordances

Buttons, written, spoken, signed
Text, audio, image, video
Picture, moving avatar, embodied agent (i.e. face-to-face)

Implementation Length of the interaction Less than 5 turns, 5-10 turns, more than 10 turns

Length of the responses
Conversational genre
Usage duration

Scope

1-2 words, short phrases, full sentences, extended responses
Informational request, transaction, instruction, discussion
Single interaction, repeated over a short period, extended use
Narrow domain, broad domain, open domain

Table 1: Different dimensions that contribute to the richness of interactions with dialogue systems.

cation affects the kinds of interactions that people
have, and the kinds of information that interlocu-
tors are willing to disclose (Antheunis et al., 2012).

Traditionally, the media richness literature de-
fines richness in terms of the ability a medium has
to reproduce any given information. A criticism of
this perspective is that the theory does not make any
distinctions within a medium. This paper builds
on the media richness literature and introduces dif-
ferent gradations in the richness of conversations
that can arise within one single medium (in this
case, human-chatbot interactions). We propose
to consider the question of how rich an interac-
tional setting needs to be before you can meaning-
fully analyse the interaction and draw conclusions
about different kinds of constructs. These could
be high-level constructs such as customer satisfac-
tion, brand attitude, reuse intention and so on, but
also lower-level constructs such as fluency; we just
never seem to have any conversation about whether
it makes sense to measure these constructs at all,
based on the richness of the conversation.

A scale of interactional richness? Chatbots
seem to exist on a scale of media richness. On
the lower end, there are chatbots that are designed
to answer queries as efficiently as possible, using
mostly buttons or closed yes/no-questions. But
conversations with such chatbots hardly contain
any useful information about the user experience.’
Thus we make the following observation:

Observation 3
Meaningful analyses require meaningful content;
you cannot measure what is not measurable.

Fortunately, customer service chatbots have moved
away from the rigid stereotype described above,

SThere could be valid reasons for these design choices. Our
point is that those choices have consequences for evaluation.

and (informally) seem to be richer. Let us now
operationalise what we mean by ‘richness.’

What dimensions would be relevant to establish
the richness of the interactions with a particular
dialogue system? Table 1 provides a (prelimi-
nary) taxonomy, showing the axes along which we
can measure the richness of any given chatbot. We
make a general distinction between affordances
(features that the system has, and that enable the
user to carry out different actions) and implementa-
tion (how those features are used in practice), since
the mere presence of particular affordances is not
enough for a rich and satisfying conversation.

The dimensions in Table 1 are not equal; dif-
ferent dimensions may have different effects. For
example, some dimensions are facilitating the con-
versation (e.g. form of interaction, available modal-
ities) while others are stimulating the conversation
and possibly extending the range of topics that may
be discussed (e.g. length of the responses, scope).
And some dimensions, such as physical presence
may do both at the same time. More work needs to
be done to establish a general framework to charac-
terize the richness of chatbot interactions.

5 Conversation requirements

When installing a piece of software on a computer,
the computer needs to meet a particular set of sys-
tem requirements for the software to run properly.
We do not yet have any equivalent to system re-
quirements (perhaps we could call these ‘conver-
sation requirements’) for evaluation metrics. That
leads us to ask:

When is a conversation rich enough? Different
constructs have different requirements that need
to be fulfilled before they can be operationalized
through behavioural data. As we said before: low-
level constructs such as the fluency of the system
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responses can already be measured in many cases.
Through fully written conversations we may also
be able to determine the smoothness of the conver-
sation, and given the full conversation, we are also
able to determine task success. But what about the
user’s mood or their level of satisfaction? What
kind and amount of information do we need to es-
tablish these? And what else can we learn from
conversations with chatbots?

Correlates of extrinsic constructs. We do not
have to start from scratch. Researchers from
different areas have found correlations between
(non-)verbal behaviour and different mental states.
For example, there is a long history in psychol-
ogy of inferring writers’ mental characteristics
based on the words they use (Tausczik and Pen-
nebaker, 2010). Researchers in the field of affective
computing have worked to extract emotions from
speech and facial expressions (for surveys, see:
George and Muhamed Ilyas 2024; Ballesteros et al.
2024). Aside from emotions, other researchers
have worked on audiovisual cues that signal uncer-
tainty (e.g. Krahmer and Swerts 2005), which may
be a good indicator for when users are confused
about the actions of the chatbot. Similarly, previous
work has compared textual cues of engagement to
self-reported engagement, demonstrating that utter-
ance level cues can predict engagement in chatbot
conversations (He et al., 2024).% This leads us to:

Observation 4

There may be hope:

a. Proxies or antecedents of extrinsic constructs
can be measured from interaction data.

b. Different researchers are working to identify
relations between relevant variables (e.g. language
use and level of confusion)

Of course, this kind of research is not without its
drawbacks. Tausczik and Pennebaker (2010) are
the first to admit that the relation between texts and
authors’ mental states is very complex, and exist-
ing text analysis methods are still relatively crude.
Furthermore, Barrett et al. (2019) note that the re-
lation between facial expressions and experienced’
emotions may not be universal, and so it may be
hard to draw reliable conclusions based on visual
features alone.® Finally, we again emphasize that

®Again, the conversational data does need to be rich
enough to be able to carry out such analyses.

" As opposed to perceived emotions that may only exist in
the eyes of the observer.

8Given the lure of ‘mind reading software’ we need to be
careful here, not least because of the ethical implications of

the question is not just about whether one can in
principle make the connection between what some-
one says and how they feel. We should also look at
how much text, video, or audio is needed in order
to make any inference at all, and how much data is
needed for that process to be reliable.

6 Discussion

In summary, we propose that research on evaluation
metrics should pay more attention to the require-
ments for those metrics to work properly. These
requirements should be operationalised using dif-
ferent richness dimensions, along the lines of Ta-
ble 1 (presented on the previous page).

6.1 Research agenda

We propose the following research agenda. Evalua-
tion researchers should: 1. Develop a standardized
way to quantify the richness of chatbot interaction
designs. 2. Investigate how and to what extent dif-
ferent properties of the conversations are related
to constructs of interest, i.e. intrinsic evaluation
targets and extrinsic business and communication
objectives. 3. Establish basic requirements for dif-
ferent evaluation metrics. (If these requirements
are not met, other approaches such as question-
naires should be used.) However, these goals are
not without challenges. We discuss these below.

6.2 Is standardisation feasible?

The lack of standardization in NLP is a major chal-
lenge to the development of conversation require-
ments for evaluation metrics. There is a great deal
of variation in the terminology used and the meth-
ods applied to evaluate natural language genera-
tion systems (Howcroft et al., 2020; Schmidtova
et al., 2024) and task-oriented dialogue systems
(Braggaar et al., 2023). How can we agree on the
requirements for different evaluation metrics if we
do not even agree on the relevant terminology and
the way those metrics should be applied?

Reasons for optimism The recent observations
about terminological and methodological confu-
sion in our field make the standardisation of our
evaluation practices seem like a daunting task. Still,
the publication of these studies is a good sign: the
field is changing and people are paying attention to
the improvement and standardisation of our eval-
uation practices (the GEM workshop is another

such technology, but also from a purely scientific standpoint:
extraordinary claims require extraordinary evidence.
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case in point). Indeed the recent work of Belz
et al. (2020, 2024) and Fitrianie et al. (2025) shows
that we are making progress in the standardisation
of terminology and approaches. Now we need to
push through and determine when and how these
approaches can be used. Another reason to be
optimistic is that the conversational capacities of
chatbots has been improving. This gives us another
way forward.

6.3 Designing conversations for user insights

Our discussion so far has focused on conversation
requirements for evaluation metrics, but we have
not discussed the idea that we could also enrich
conversations to make it easier to measure user en-
gagement. The core question is this: how can we
ask users about their experiences, without asking
them about their experiences? Conversation de-
signers may be able to implement conversational
cues that invite the user to engage more with the
chatbot, or at least to provide responses that indi-
cate their stance towards the chatbot and the current
conversation. We can then measure users’ actual
level of engagement more easily.

The use of invitational rhetoric may be use-
ful to prompt users to respond in a particular way.
Liebrecht et al. (2021) define six different ways
in which organisations may elicit responses from
chatbot users. These range from explicit ques-
tions (asking for feedback) to apologies (sorry!)
and well-wishing (have a good day!) that may
prompt users to respond in kind (no problem; you
too!). Traditionally, this kind of rhetoric was intro-
duced for users to perceive chatbots as more warm
and human-like, which in turn might improve the
users’ brand attitude and purchase intention (e.g.
Liebrecht and van der Weegen 2019). But a wel-
come side-effect of invitational rhetoric is that we
may gain some insight into the users’ thoughts
through their responses.

6.4 Do current systems support rich dialogue?

It is currently unknown to what extent existing chat-
bots support or stimulate rich conversations. Future
research should investigate the richness of chatbots
that are currently deployed, so that we have a better
sense of the kind of dialogue that is elicited by ex-
isting systems and the ways in which these systems
actively stimulate conversation. This would serve
two purposes. First, this would help to expand our
taxonomy to better capture the ways in which chat-
bots may facilitate rich conversations. Second, we

would have a better understanding of the context in
which evaluation metrics may be deployed in the
real world, and the limitations that are posed by the
way the conversations are designed. The overview
studies of Chaves and Gerosa (2021) and Janssen
et al. (2020) are a good starting point, but then we
still need to determine the extent to which different
design characteristics support rich conversations.

6.5 Assessing richness

While it is relatively easy to gauge the richness of
rule-based dialogue systems, it is harder to do the
same for LLM-based chatbots. For example, with
rule-based systems we can check how often the
system asks closed versus open questions, and how
often the opportunity arises for users to provide
meaningful answers (where ‘meaningful’ could be
defined as the extent to which the answer provides
insight into the user’s engagement and stance to-
wards the system). For LLM-based systems it is
not immediately clear how we could measure the
extent to which the system offers users the opportu-
nity to show their engagement in the conversation,
particularly since it is notoriously hard to evaluate
multi-turn interactions (Laban et al., 2025).

7 Conclusion

This paper has discussed the evaluation of chatbots
from two perspectives, NLP and Communication
Science. Communication Scientists tend to focus
more on constructs that NLP researchers would
consider extrinsic: a shift in BRAND ATTITUDE
may be a consequence of an interaction with a chat-
bot, whereas intrinsic constructs such as FLUENCY
are assumed to be measurable on the basis of in-
teractions with the chatbot. We may be able to
predict a user’s BRAND ATTITUDE if the conversa-
tion is rich enough to contain clues about the user’s
stance towards the organisation that the chatbot rep-
resents. But when we take a step back, we have
to acknowledge that this also holds for the mea-
surement of FLUENCY and so many other intrinsic
constructs that NLP researchers seem to take for
granted. When can we meaningfully assess any
property? Different constructs will have different
conversation requirements, but we always have to
take conversational richness into account.
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Ethical considerations

Although our paper aims to advance a theoretical
discussion on the requirements for us to make valid
measurements, the paper also touches on the idea
that we may predict the mental state of chatbot
users, specifically variables such as customer sat-
isfaction, purchase intention, brand attitude. This
idea should be handled with care. One way to
reduce the risk of misuse is to work towards aggre-
gate metrics that capture the distribution of user
experiences and common causes of those experi-
ences rather than predicting specific properties of
individual users (Baldridge, 2017). We do not need
to know any intimate details about the users; we
just want to know how to improve the overall user
experience for people interacting with chatbots.
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