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Abstract This review gives an overview of evaluation methods for task-oriented dialogue systems, discussing the constructs, metrics
and operationalisations used in previous work and highlighting the challenges in the context of dialogue system evaluation. The
objective of this review is to encourage a more critical approach when evaluating dialogue systems. To that end, a systematic
review of four databases was conducted (ACL, ACM, IEEE and Web of Science), which after screening resulted in 122 studies. Those
studies were carefully analysed for the constructs and methods they proposed for evaluation. Four of the most occurring constructs
(satisfaction, correctness, quality, and efficiency) are discussed as an example of how constructs are operationalised and measured
in research. Additionally, recent developments regarding large language models are discussed for their applicability in the context
of evaluation of dialogue systems. Furthermore, considerations and concerns about validity and reliability are discussed in relation
to the found constructs and metrics. To improve consistency in evaluation approaches, future work should take a critical and
systematic approach to the operationalisation and specification of the used constructs. To work towards this aim, this review ends
with a research agenda for dialogue system evaluation and suggestions for outstanding questions.

1 Introduction

Over the last few years, dialogue systems (schemati-
cally depicted in Figure 1) have become much more ro-
bust, and practical applications are within reach and
even in existence already. This development resulted in
an increased interest in dialogue system research both
in practice as well as in science (Følstad et al., 2021).
The 2022 survey by Costello and LoDolce (2022) illus-
trates this increased interest in the application of dia-
logue systems, demonstrating that in the customer ser-
vice domain, already 54% of the surveyed companies
use a dialogue system when communicating with their
customers. Additionally, Costello and LoDolce (2022)
predict that by 2027, dialogue systems will be the pri-
mary channel for approximately a quarter of organisa-
tions. Although these systems are often employed in
practice, users often feel frustrated with the interac-
tions (Press, 2023). This frustration might even cause
users to avoid using a dialogue system in the future. A
recent survey shows that 30% of customers either aban-
don the brand or tell their friends about the bad experi-
ence with the customer service dialogue system (Press,
2023).

To avoid such bad experiences, it is important to
accurately define and assess the capabilities of a dia-
logue system. Therefore, evaluation of such systems
remains an important task. However, many challenges
arise when trying to evaluate a dialogue system. In
practice and in research many distinct evaluation met-
rics and constructs are being used, but it is not always
clear what is being measured and how the evaluation
is conducted. The selection of constructs and methods
thus seems to be a challenging task. Moreover, it is hard
to define what a good dialogue or dialogue system is
and how this quality could eventually be captured in a
measure (Deriu et al., 2021). There are many different
constructs that can be measured; it depends on the task
and context which of those are relevant.

As a result, evaluation needs to be done with great
care to ensure reliability and reproducibility of the re-
sults. However, there seems to be a lack of standardis-
ation, regarding both metrics, constructs and their op-
erationalisations (as mentioned for example by Casas
et al. 2020). Thus, proper evaluation of dialogue systems
is important, as a well-functioning system is essential
for both the user and the stakeholders behind the dia-
logue system (such as the organisation developing and
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Figure 1: Simplified depiction of an interaction with
a task-oriented dialogue system. Internally, messages
are traditionally processed through a Natural Language
Understanding (NLU) module, after which a dialogue
manager updates the internal state of the system, and
selects an appropriate response, which is then realised
by the Natural Language Generation (NLG) module.
(Icons via Freepik.com.)

implementing the system). To work towards this aim,
this review will take a critical approach towards cur-
rent evaluation procedures currently being used in lit-
erature.

1.1 Dialogue Systems

There is a high degree of variation in the terminology
used to refer to task-oriented dialogue systems. While
Jurafsky and Martin (2024) argue that chatbots are dis-
tinct from task-oriented dialogue systems as chatbots
are designed for more unstructured conversations, in
the literature the aforementioned terms tend to be used
interchangeably. In this review, both the terms ‘dia-
logue systems’ and ‘chatbot’ will be used to refer to
task-oriented systems.

ELIZA (Weizenbaum, 1966) is seen as the first chat-
bot to have been developed. It was based on a small set
of rules and keywords, enabling it to respond to users
with either a pre-programmed response or a variation
of the user’s own utterances. Although Weizenbaum
has repeatedly stated that ELIZA was created as a par-
ody of Rogerian psychotherapists,1 others nonetheless
took ELIZA quite seriously, as a first step towards au-

1See Yao and Kabir (2023) for a brief introduction to Rogerian psy-
chotherapy.

tomating psychological treatment (Weizenbaum 1976
cites Colby et al. 1966 as an example). More impor-
tantly, and again to Weizenbaum’s surprisal, people
started to have deep conversations with ELIZA, and
were quick to anthropomorphise the system (Weizen-
baum, 1976). This shows the impact that dialogue
systems can have on users, even with relatively sim-
ple means. A final observation Weizenbaum (1976)
made (perhaps connected to the anthropomorphisa-
tion of ELIZA) was “the spread of a belief that [ELIZA]
demonstrated a general solution to the problem of
computer understanding of natural language” (Weizen-
baum, 1976, p. 7), even though this is demonstrably
false. We currently see a similar kind of wishful think-
ing around the performance of Large Language Mod-
els (LLMs; Mitchell 2021). To us, these observations
highlight the importance of both (i) critically thinking
about what it means for a system to have particular cog-
nitive/linguistic abilities, and (ii) the use and develop-
ments of valid and reliable evaluation methods that test
the abilities that a system has, and the impact that the
system has on the user.

This literature review focuses on task-oriented di-
alogue systems as illustrated in Figure 1. In inter-
actions with task-oriented dialogue systems, the user
first presents a problem that they would like to solve.
Through a series of messages to and responses from the
dialogue system, both interlocutors work towards find-
ing a resolution. The processing and generating com-
ponents shown in Figure 1 may vary from straightfor-
ward rule-based to more complex machine learning ap-
proaches (Harms et al., 2018). Different input meth-
ods can be used, all with different processing meth-
ods. Users can click on buttons (the dialogue system
will then by necessity follow a straightforward prede-
fined script) or make use of free input fields (which
needs intent-recognition for handling the user’s re-
quest). Nowadays, task-oriented dialogue systems can
be much more complex than systems like ELIZA, that
mostly relied on rule-based algorithms. While rule-
based systems are unlikely to disappear as that they are
easy to maintain and adjust, reliable and predictable
(Leusmann et al., 2024; McTear and Ashurkina, 2024),
LLMs are increasingly used for powering dialogue sys-
tems. A recent example involves the work by Chung
et al. (2023), who use LLMs in their framework for
creating an end-to-end task-oriented dialogue system.
The advantages of LLMs are clear: the output is often
more fluent, and the enormous amount of training data
means they have a broad vocabulary and can produce
rich and varied texts straight away. That said, there are
still many open questions in the literature on the use of
LLMs for dialogue systems. In our view, regardless of
the technology that is used, in all cases evaluation is an
important factor to take into account. Although new
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technologies might result in more and different evalua-
tion metrics, the basic ideas behind evaluation remain
the same.

1.2 Constructs and Measurement
Evaluating a dialogue system involves characterising
the external behaviour of the system, its internal work-
ings, or the effects that the system has on either its
users or on other processes that the system is embed-
ded in. For this characterisation, different ideas or con-
cepts are employed to help explain the situation. For
example, the high readability and accuracy of the gener-
ated responses might make a system easy to use, which
increases the users’ efficiency and intention to use the
system again. Following longstanding tradition in psy-
chology, we refer to these ideas or concepts as constructs
(Cronbach and Meehl, 1955).2 The term construct is also
often used within the field of Natural Language Gener-
ation (NLG) when discussing evaluation (see for exam-
ple Van der Lee et al. 2021). Since constructs are fairly
abstract concepts, they are not directly measurable. To
do so, they need to be operationalised, i.e. “define them
in such a way that they can be measured” (Treadwell,
2017, p. 30). For example, recent work has already used
these terms to define and measure model bias in NLP
(Van der Wal et al., 2024). Figure 2 provides an illus-
tration of this idea - multiple metrics can measure the
same construct, but at the same time capture different
aspects of the construct. Meaning that in some cases
the construct might not be fully represented in the op-
erationalisation. To summarise, we will use the follow-
ing terminology in this review:

• Construct: Ideas or concepts to explain situations,
e.g. user satisfaction.

• Operationalisation: Definition of the construct so
that the construct can be measured, e.g. are the
user’s expectations met?

• Metric/measure: How the construct is actually
measured, e.g. surveys or questionnaires.

As will become evident, research on dialogue sys-
tems has explored a variety of constructs, with different
studies operationalising the same construct in many
distinct ways3. This is problematic, as it is not always
clear what exactly is being measured. In this review
we encourage a more critical approach to the opera-
tionalisation of constructs and associated metrics. In

2Strauss and Smith (2009) provide an in-depth discussion of the
origins and current debates around the idea of construct validity.

3Confusingly, different authors also (i) refer to the same con-
structs with different names, or (ii) refer to different constructs with
the same names. This observation has also been made in NLG re-
search by Howcroft et al. (2020).

M1 M2 M3 M4

Construct

Measures

N
ot operationalised

Figure 2: Different measures (M1. . .M4) operationalis-
ing the same construct, capturing different aspects. We
may obtain a fairly good coverage of the construct by
combining different metrics, but some aspects may re-
main elusive.

our results section we will show the most used con-
structs in literature and the most used metrics to mea-
sure these constructs. Additionally we will also discuss
the operationalisations of the constructs. To not over-
load the reader we will only focus on the discussion
of four of the most used constructs as an example to
show how one can reason about such constructs. Addi-
tional tables with all the found constructs can be found
on OSF4. Through our construct-driven approach, we
are also able to contrast different operationalisations
of the same construct, showing how they each focus
on different aspects of the ideas they aim to capture.
Through our work, we provide a template for future re-
searchers to critique and systematically approach the
operationalisation of different constructs. This allows
for a higher degree of reproducibility and a more valid
comparison between studies.

1.3 Why this Review?

Many reviews on dialogue system (evaluation) have
been published, as Table 1 demonstrates. These reviews
often have a different scope than the current review.
There are reviews on dialogue systems in general, or
specifically focusing on the question of evaluation of
dialogue systems. Some reviews focus on specific tech-
nical aspects while other reviews narrow the scope by
focusing on systems in a specific domain.

The current review therefore aims to provide a criti-
cal discussion of the different evaluation constructs and
metrics for task-oriented textual dialogue systems. This
paper serves two goals. First, we will show the vast

4https://osf.io/x2qja/overview
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Evaluation

Task-oriented

C
onstructs

Federici et al. (2020) + + –
Abd-Alrazaq et al. (2020) + + –
Valizadeh and Parde (2022) + + –
Deng et al. (2023) + + –
Ni et al. (2023) + + –
Algherairy and Ahmed (2024) + + –
Yi et al. (2024) + + –
Edwards and Mason (1988) + – +
Abu Shawar and Atwell (2016) + – +
Ren et al. (2019) + – +
Casas et al. (2020) + – +
Finch and Choi (2020) + – +
Motger et al. (2022) + – +
Liu et al. (2016) + – –
Maroengsit et al. (2019) + – –
Fan and Luo (2020) + – –

Evaluation

Task-oriented

C
onstructs

Deriu et al. (2021) + – –
Yeh et al. (2021) + – –
Caldarini et al. (2022) + – –
Nakano et al. (2025) + – –
Singh and Namin (2025) + – –
Jannach et al. (2021) – + +
Peng and Ma (2019) – + –
Syvänen and Valentini (2020) – + –
Zhang et al. (2020b) – + –
Deng et al. (2025) – + –
Mariani et al. (2023) – – +
Chen et al. (2024b) – – +
Cui et al. (2020) – – –
Kusal et al. (2022) – – –
Park et al. (2022) – – –
This paper + + +

Table 1: The focus of previous overviews on (evaluation of) dialogue systems.

amount of different constructs and operationalisations
and discuss four of the most used constructs in depth.
Additionally, we will discuss how LLMs can be used for
dialogue system evaluation and how these new devel-
opments relate to existing approaches. Furthermore,
we will examine how the concepts of validity and relia-
bility relate to evaluation approaches discussed in this
paper. Second, we will show how evaluation can be ap-
proached while taking into account a broader perspec-
tive (such as the customer service domain). The pa-
per ends with a research agenda that aims to stimulate
follow-up research on the evaluation of task-based di-
alogue systems, and to generate mutual agreement on
the different constructs, operationalisations and mea-
sures used for chatbot evaluation in general. Although
developments in dialogue systems research are evolv-
ing rapidly, we believe that the constructs and metrics
used will remain relevant over the coming years.

1.4 Reading Guide
This review will start with the Method (§2) in which
we will show the way in which the literature was se-
lected (§2.1 and §2.2) and how subsequently data was
extracted (§2.3). Next we will discuss in Section 3 how
one can reason about these constructs and propose a
preliminary division into categories. In Section 3.1 the
top-10 most occurring constructs in the literature are
discussed together with the definitions of the top-four
constructs. Then in Section 3.2 we will discuss how
these four constructs can be operationalised and show
the most common metrics in the literature. Then we

will catch up with current work involving LLMs in the
evaluation process (§3.3). In Section 4 the validity and
reliability of evaluation measures will be discussed. Ad-
ditionally, we will focus on triangulation and combin-
ing different evaluation approaches (§4.7) and discuss
the current problems around standardisation (§4.8). Fi-
nally, the customer service domain will be used as a case
study to show that it is always important to take the
context into account when evaluating a system. Sec-
tion 5 contains an example conversation and a step-by-
step evaluation to illustrate how these findings can be
applied in practice. This is followed by a discussion on
the challenges of evaluation within the customer ser-
vice domain (§6). We will end this review with the lim-
itations (§7) and a brief conclusion (§8) proposing out-
standing questions and recommendations.

2 Method

2.1 Databases and SearchQueries

The first round of literature selection concerned the
selection of databases that would be used for finding
the literature. Four databases were chosen that contain
published papers focusing on the more technical (NLP
related) fields (ACM5, ACL anthology6, IEEE7 and Web
of Science8). The search needed to be as comprehen-

5https://dl.acm.org/search/advanced
6https://aclanthology.org/
7https://ieeexplore.ieee.org/search/advanced
8https://www.webofscience.com/wos/woscc/advanced-search
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sive as possible so no time periods were specified and
the default setting of the respective database-search
engines were used. To make sure papers were included
that mainly focused on dialogue systems and involved
some kind of evaluation, only the title and abstract
were searched (not the full text). In all databases the
following search query was used:

(chatbot* OR ‘dialogue system*’ OR ‘dialog sys-
tem*’)

AND
(eval* OR analy* OR perf* OR perc*)

The query ensured that plurals and different
spellings of the words were selected. This means for
example that papers containing the keywords chatbots
and evaluating or analysing were selected but also ar-
ticles on dialogue systems, analyzing and performing or
perceptions. We chose to restrict to the terms dialogue
system and chatbot because these are often used within
NLP and can be used interchangeably.

For ACM the full text collection was searched. In
IEEE, the default settings were used, and in Web of Sci-
ence all editions of the Web of Science collection were
searched. The searches were done on the eighth and
ninth of December 2021. For ACL, the ACL anthology
BibTeX download including abstracts (08-12-2021) was
used. Our goal was to make an inventory of constructs
and metrics - with the current time frame (up to and
including 2021) we can make a thorough and complete
assessment. The explosion of papers (see also Figure 4)
makes a larger scan infeasible. Of course, major post-
2021 developments such as the rise of LLMs requires
additional attention. These developments will be dis-
cussed in Section 3.3.

In total 3,800 papers were found using this search
strategy. From the results, duplicate entries were re-
moved based on the title and DOIs. If the title and
DOI were the same, only one entry was kept. If there
were doubts (e.g. title is the same but DOI was differ-
ent) these were marked and evaluated manually. This
meant that eventually 3,458 records were kept for the
first round of manual selection. Code and data for
screening of the duplicates and the further selection
process can be found on OSF.

2.2 Paper Selection
We used the PRISMA approach (Figure 3) to filter out
irrelevant papers and to obtain a manageable subset for
further analysis. We considered a paper to be relevant
when there is some sort of (reflection on) evaluation of
a task-oriented dialogue system.

A first quick selection consisted of screening the ti-
tle and abstract by the first author. Based on automat-
ically searching for keywords, papers were either re-

Records screened (n = 3,458) 
ACL: 709 
ACM: 669 
IEEE: 1,050 
WoS: 1,030 

Records excluded manually (n = 2,807) 
ACL: 593 
ACM: 519 
IEEE: 856 
WoS: 839 

Sought for retrieval (n = 155) Not retrieved (n = 9) 

Studies included in review 
(n = 122) 

 
 
 
 
 
 

 

 

 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Records (n = 3,800) identified 
from n=4 databases. 
ACL: 729 
ACM: 892 
IEEE: 1,052 
WoS: 1,127 

Removed duplicates before screening: 
Automatic removal (n = 275) 
Manual removal (n = 76) 

Fully read (n = 146) Excluded (n = 24; ACL: 5, ACM: 6, IEEE: 2, 
WoS: 11) 
Reason: surveys (n = 17), evaluate user 
model (n = 2), thesis (n = 1), panel/ 
proposal (n = 2), other (2) 

Reports assessed for eligibility 
(n = 651).Ten percent by two 
annotators. 
ACL: 116 
ACM: 150 
IEEE: 194 
WoS: 191 

Duplicates resolved in Rayyan (n = 6; 
ACL: 1, ACM: 2,WoS: 3) 
Reports excluded: no eval (n = 177); 
spoken (n = 42); open-domain (n = 9); 
avatar (n = 8); databases (n = 18); 
technical element (n = 167); dialogue 
dataset (n = 54); BLEU (n = 3); F1 (n = 
12) 
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Figure 3: PRISMA figure showing the selection process.

tained or discarded. In case of doubt, the paper was
retained in this stage of the procedure to make sure no
papers were missed. Papers that included key phrases
like spoken, interface, open-domain, emotion and an-
notation were thought to be about different sort of sys-
tems (such as social agents) or focus on different as-
pects of a dialogue system (such as the interface), and
were discarded. Of the 3,458 papers screened, 2,807 pa-
pers were manually removed.

To finalise the selection of papers relevant for the
aim of this review, we used Rayyan (Ouzzani et al., 2016,
a collaborative online platform for carrying out system-
atic reviews), to create and manage annotations. Using
Rayyan, an extra round of duplicate removal was done,
resulting in 645 papers for the next selection phase. By
means of a flowchart with exclusion and inclusion cri-
teria (see OSF), ten percent of the 645 papers were an-
notated by two annotators. Papers that for example
focus on a virtual avatar were excluded from the data
set. In addition, to narrow the selection further, papers
that only use BLEU or F-scores for evaluation were also
removed since a first screening showed that many pa-
pers use these metrics without further discussing eval-
uation and often only focusing on specific elements of
dialogue systems. Without a proper reflection on eval-
uation, these standardised metrics become less mean-
ingful. As will be evident from the results section of our
review (§3), these metrics are still also present in our
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Figure 4: Bar graph showing the occurrence of papers
within each year.

final selection since these metrics were also often used
with other accompanying metrics in previous papers, or
they were accompanied by a broader discussion of the
evaluation method in these papers. This broader anal-
ysis fits better with the scope of the current review.

Ten papers were used for training the second an-
notator (an independent researcher who works with
chatbots and who has less knowledge about technical
aspects of evaluation). After training and discussion,
the flowchart was accordingly updated and ten percent
(i.e., 65 papers) of the sample was annotated by both an-
notators. Yet another paper was found to be duplicate,
resulting in 64 doubly annotated papers. Papers were
annotated based on a full read of the title and abstract.
Out of 64 papers there were 13 disagreements on dis-
card/retain. This resulted in a Kappa statistic of 0.491,
indicating moderate agreement. The 13 disagreements
were easily resolved after discussion, and the decision
tree was updated to clarify a few remaining ambigui-
ties. The remaining papers were assessed for eligibility
using the decision tree. In total 155 records were kept,
out of which nine could not be retrieved.

Out of the resulting 146 papers, 17 papers turned
out to be reviews or overviews themselves (included in
Table 1). These were excluded from the study as they
themselves sum up metrics (which might result in dou-
ble counts of constructs in our results). Another two
papers were excluded because they focused specifically
on evaluation of the user model instead of a dialogue
system itself. One addition was a thesis, which was ex-
cluded because there was a similar paper of the author
included in the selection. Two reports were excluded
because they were a panel summary and a proposal.
Another two were excluded because they were either
unclear about what is being measured or how it should
be measured.

Subsequently, a total of 122 papers were included
in the current review. All of these papers were included,
even if they turned out to not completely focus on task-

oriented textual systems because these papers still can
provide valuable insights in the evaluation of dialogue
systems. As can be seen in Figure 4 there is a steep
slope in how many papers are being published in this
domain, with an increase especially since 2019. Since
carrying out a systematic review at this scale is time-
consuming, many new papers are published after the
initial selection period. Therefore, we manually looked
trough the literature after 2021 to ensure that recent
developments have also been taken into account. We
will reflect on these developments in Section 3.3.

2.3 Data Extraction Sheet
A data extraction sheet was made to systematically
record relevant information from each paper. As a first
step this sheet was piloted on ten of the included stud-
ies to make sure all important and interesting informa-
tion was included. The data extraction sheet was di-
vided into general information and study specific in-
formation. Table 2 shows the outline of the sheet.

Bibliographical and contextual information of the
papers was first recorded. This included information
like the title but also the domain and goal of the papers.
Next, information on evaluation and measurement was
recorded. Metrics were documented together with in-
formation on if they were specific for dialogue system
evaluation and if they needed a reference for compari-
son. Then the construct and evaluators were recorded.
It was documented if human and/or automatic evalu-
ation was used. If human evaluation was used it was
recorded who was the one evaluating (authors, experts,
participants, users). Finally, some system details and
additional information was documented. It was doc-
umented if the authors provided a critical analysis of
the evaluation method, if they included statistics on the
evaluation and if there was any qualitative analysis on
the evaluation outcomes.

We tried to fill in the sheet as much as possible but
in some cases this was not always feasible as some pa-
pers were quite vague and did not always mention all
(sometimes important) details. This complicated our
comparison of the different papers, and also made it
very challenging to reproduce the experiments. This is
a well-known issue often discussed within the field of
NLG and NLP (see for example Howcroft et al. 2020;
Belz et al. 2023). We will further reflect on this in the
section about validity and reliability (§4).

3 Constructs and Measurement
In the 122 papers, 109 distinct constructs were found
that were used for evaluation. There are many ways
to examine these constructs and the associated met-
rics. Distinctions between constructs are somewhat ar-
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Bibliographical
Title
Author(s)
Year
Journal
Language

Measurement data
Metric
Construct
Evaluator

System details
Type of system
Goal/purpose of system
Language
Implementation of system

Context
Domain or industry
Goal of paper

Evaluation details
Data set used
Sample size
Turn or conversation level
Moment of evaluation
Intrinsic/extrinsic

Additional information
Critical analysis
Statistics on evaluation
Qualitative analysis
Reflection on difficulty
Other comments

Table 2: Information extracted from papers.

bitrary and it is entirely possible that some constructs
fit into multiple categories. Table 3 shows a preliminary
distinction into two perspectives: intrinsic and extrin-
sic. This division is merely a way to create a simpler
overview over the 109 found constructs. The complete
overview of these categories and constructs along with
the metrics can be found on OSF.

Operationalising constructs and measuring rele-
vant variables can provide insights on properties of the
system on its own. This is often referred to as intrin-
sic evaluation (see for example Resnik and Lin 2010).
Within intrinsic evaluation we identified three subcat-
egories (Table 3). The first subcategory, natural lan-
guage understanding (NLU), focuses on understand-
ing the users’ utterances. This can be considered as a
key factor for a well-functioning dialogue system. Af-
ter all, if the system fails at this part, the utterance is
likely to be misunderstood and the chances are high
that the user will not be content with the response and
hence the overall system. As can be seen in Table 3,
we could only associate two constructs with NLU. With
just ten papers mentioning constructs related to NLU,
it seems fair to say that less attention is devoted to this
category than to the other categories related to intrin-
sic evaluation. The second subcategory, natural lan-
guage generation (NLG), focuses on the texts that
are produced by the system. These constructs are typ-
ically operationalised using metrics that are also used
in the NLG field (see Celikyilmaz et al. 2020, for an ex-
tensive overview). The last subcategory focuses on per-
formance and efficiency related constructs, often fo-
cusing on the question of how (efficiently) the system
performed in general or in certain tasks, taking into ac-
count aspects like time or costs.

Secondly, constructs can provide insights about a
system in a certain context. This is often referred to
as extrinsic evaluation (Resnik and Lin, 2010). We also
identified three subcategories within extrinsic evalua-
tion. Firstly, task success and effectiveness includes

constructs that focus mainly on the outcomes of a
task or intervention. Not surprisingly, this subcategory
contains a number of constructs that can be explicitly
linked to certain domains and contexts. For example,
comparing treatments and health outcomes are of im-
portance in a healthcare context, knowledge of material
and learning outcomes for education, and (customer)
loyalty is key for a customer service chatbot. Next we
identified the subcategory usability which focuses on
constructs like the ease of use, accessibility and learn-
ability. Usability is often also seen as a construct of its
own, which can be defined as: “the capability in hu-
man functional terms to be used easily and effectively
by the specified range of users, given specified train-
ing and user support, to fulfil the specified range of
tasks, within the specified range of environmental sce-
narios” (Shackel, 2009, p. 340). Lastly, user experience
was identified as a subcategory. This category contains
constructs related to users’ perceptions of the system.
Where usability mostly focuses on the practical evalu-
ation of a system, user experience more closely incor-
porates the perceptions of the users. User experience
contains the most identified (distinct) constructs, high-
lighting the interest in the perceptions of the users with
regards to their usage of the systems.

In the end, it can be a puzzle to categorise the con-
structs as it can be difficult to see how they relate to
each other and there can be many different definitions
for a single construct (see also §4.8). Therefore, Ta-
ble 3 does not show a final categorization but a pos-
sible way to categorise constructs. In the next sections
we will therefore not focus on all of these categories,
but will discuss in detail the constructs that are most
often found in the data. By exploring four example con-
structs, we hope to show how one can reason about
these constructs and their measurement. In the next
section (§ 3.1) we will first show and discuss what is be-
ing measured in the context of task-oriented dialogue
system evaluation. Next, we will discuss how these con-
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Perspective Subcategory Number
of constructs

Examples

Intrinsic evaluation Natural language understanding 2 Context-capturing, understanding

Natural language generation 31 Coherence, naturalness, relevance

Performance/efficiency 15 Compatibility, efficiency, robustness

Extrinsic evaluation (Task) success
/effectiveness

15 Effectiveness, health outcomes, (cus-
tomer) loyalty

Usability 9 Ease of use, intention to use, learnabil-
ity

User experience 37 Engagement, enjoyment, satisfaction

Table 3: Number of constructs (total of 109) and examples categorised by perspectives and categories.
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Figure 5: Top-10 most occurring constructs in dialogue
system evaluation research.

structs are actually being measured (§ 3.2). Finally, we
will examine the role of LLMs in the context of dialogue
system evaluation (§ 3.3).

3.1 What is being Measured?
Seventy-two constructs appear at least twice in our
data, with 31 of them occurring at least five times. Fig-
ure 5 shows the ten most measured constructs. Both
satisfaction and correctness occur 20 times or more,
quality and efficiency are used 16 times, and all other
constructs occur less than 15 times. We will focus on the
four constructs most frequently used (satisfaction, cor-
rectness, quality, and efficiency). Satisfaction (extrinsic
evaluation) occurred most often, while the other three
most common constructs (correctness, quality, and ef-
ficiency) focus on intrinsic evaluation. This shows that
researchers have a strong focus on measuring the capa-
bilities of a system on its own, but also frequently take
the user’s perspective into account.

Satisfaction

Most often, researchers focus on the construct satis-
faction. Satisfaction reflects if users are satisfied and
content with the system and/or conversation. In some

cases, this might also involve how satisfied users are
with the outcomes of the conversation (such as reach-
ing their goal). User satisfaction can consist of several
components as described by Maier et al. (1997): “the
user gets the information s/he wants, is comfortable
with the system, gets the information in an accept-
able elapsed time” (Maier et al., 1997, p. 9). Research
often follows previous work on (user) satisfaction for
defining this construct. For example, Eren (2021) follow
the expectation-confirmation theory (ECT) from Oliver
(1980) to define user satisfaction. According to this
theory, satisfaction is defined by whether perceived
performance of the system aligns with (previous) user
expectations (Oliver, 1980).9 Abu Shawar and Atwell
(2007) follow the definition given by Maier et al. (1997)
in which user satisfaction is partly expressed in terms
of perceived usefulness and usability. Satisfaction is
a complex and multifaceted construct, this is why in
these definitions it is often defined in terms of other
constructs. As we will see in Section 3.2, this also means
that we cannot operationalise this construct through a
single question. Instead, researchers should ask users
multiple questions to accurately capture their level of
satisfaction with the system.

Correctness

Correctness tends to focus on how accurate, correct
and precise the utterances of a dialogue system are.
Some of the papers in the selection address the state of
the given information, evaluating if the information re-
turned by the system is factual and correct (Campillos-
Llanos et al., 2020, 2021). Su et al. (2020) use the term
factuality to refer to the veracity of the output. Veracity
of a text can be reinforced by other constructs, e.g. as a
text is deemed very fluent one might think the chances
are higher that the text is correct (Van Deemter, 2024).
Sometimes researchers thus connect correctness to a

9For a more detailed discussion on the expectation-confirmation
theory see §6.2.
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different construct, such as relevancy. For example,
Duggenpudi et al. (2019) ask users to rate the sys-
tem output using the question/description “How rele-
vant/correct is the answer retrieved.” This illustrates
that there are many different ways to interpret cor-
rectness. Involving multiple constructs into the ques-
tion asked to the user might be confusing, therefore re-
searchers should both carefully consider how the con-
structs should be defined and how this is reflected in
the question (Van der Lee et al., 2021).

Quality

The third most used construct for dialogue system eval-
uation is quality. Defining quality seems to be quite dif-
ficult, because what does it actually mean to be of high
quality, and how does it relate to other constructs like
correctness? There are many papers discussing quality
as an autonomous construct. Finch et al. (2021), for ex-
ample, aim to measure overall dialogue quality but do
mention that the interpretation of dialogue quality is
especially hard for chat-oriented systems. As an exam-
ple, they mention that misunderstandings might indi-
cate low quality. It could be argued that the same also
holds for task-oriented systems. Quality can also be
applied to more specific parts of the dialogue system,
such as the quality of information, as for example in
Gonzales and González (2017), or the generation qual-
ity as discussed in Shi et al. (2021). Some of the usages
of quality raise the question as to how this construct is
different from other constructs.

The quality of information as used by Gonzales and
González (2017) mirrors the definition of correctness,
as this quality might also refer to the factuality of the
utterances (among other constructs). Consequently,
quality seems, in most cases, to incorporate multiple
different constructs.

The difficulty of defining quality actually arises
from the fact that the definition of quality sometimes
consist out of multiple different constructs. Shi et al.
(2021) for example involve other constructs to measure
the quality of responses, namely nonrepetiveness, con-
sistency, and fluency. The quality of the responses is
thus measured by combining multiple constructs that
are also used separately in the literature. This shows
that quality is a complex construct, often defined in
terms of other constructs that seem to be somewhat
subjectively selected.

Efficiency

Efficiency often seems to be defined as accomplishing a
specific goal given, for example, a certain time frame or
other specified ‘costs’. Often research refers to the PAR-
ADISE framework when defining and operationalising
efficiency (especially when they refer to the ‘costs’)

(Walker et al., 1997). The PARADISE framework was
specifically designed for spoken dialogue systems. The
goal of the framework is to minimise the costs to even-
tually reach user satisfaction. The costs can be mea-
sured by efficiency measures such as time - the costs
can therefore refer to anything that you don’t want
from your system (Walker et al., 1997). For example, in
the context of task-oriented systems the system should
probably be quick in answering the user query (e.g. de-
fined in the number of turns or the time taken for the
complete conversation). Bickmore and Giorgino (2006)
for example measure efficiency as part of the ‘costs’ de-
fined by PARADISE, eventually resulting in one overall
quality score. Similarly, Foster et al. (2009) create three
categories based on PARADISE - dialogue efficiency, di-
alogue quality and task success. Dialogue efficiency in
their cases also focuses on time (measuring time taken,
mean time of the system to respond and number of
turns).

The costs seem to be specific to the task that needs
to be accomplished or the function of the dialogue sys-
tem (e.g. Takanobu et al. 2020 define efficiency in terms
of accomplishing the task of the task-oriented system).
In cases of task-oriented systems, for example, the users
often want quick interactions, therefore minimizing the
time seems to be efficient. On the other hand, for open-
domain or chit-chat systems, users may expect longer
interactions. Therefore, researchers need to consider
their specific context to define efficiency. Thus, effi-
ciency is task and context dependent.

Conclusion. Overall, there are many constructs that
are used in research to evaluate dialogue systems but in
some cases one could wonder if they are not too vague
or if constructs are used interchangeably (see also the
discussion in Howcroft et al. 2020 and Fitrianie et al.
2020). A construct like quality is very broad and not all
researchers define what they mean with the construct
(which makes comparison more challenging). Similarly,
a construct like correctness might be used as part of
quality. It makes one wonder how informative a mea-
surement of the construct is. These complications high-
light the importance for researchers to clearly define
the construct of interest, motivate why this construct is
of importance and carefully consider the operationali-
sation.

3.2 How are Constructs Measured?

In this section we will describe how the constructs are
operationalised, while illustrating how they are actu-
ally measured in research. In general, a division can
be made between automatic and human evaluation ap-
proaches. While automatic approaches often focus on
intrinsic evaluation, human evaluation aims to capture
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Figure 6: Amounts of distinct constructs and papers associated with approach. Bubble size indicate frequency. (Eng -
engagement metrics; P,R,F1,acc - precision, recall, F-score and accuracy)

how users actually perceive the system (extrinsic evalu-
ation; see §3 for a more detailed explanation on intrinsic
versus extrinsic evaluation). This section will begin with
a first impression based on the results in Figure 6. Fol-
lowing this, the same constructs as in Section 3.1 (top
four most measured constructs) will be used as exam-
ples to illustrate how constructs can be operationalised
when evaluating a dialogue system.

A first impression. Figure 6 shows the number of
distinct papers and constructs associated with each ap-
proach. Surveys and ratings (asking users to rate state-
ments without having a full survey) are by far the most
used metrics (categorised together as ‘surveys’). This
approach was used in 81 papers and with 91 different
constructs. A reason for why surveys are popular is
probably because they can easily be reused from pre-
vious work and can be optimized according to the re-
searchers own needs.

The figure shows that in general many human ap-
proaches are used, such as interviews, focus groups,
and obtaining feedback. These human approaches offer
a high degree of flexibility in what they can measure, so
it is logical that they measure many different constructs
and are also used in many distinct papers. Some of the
approaches are in-between human and automatic mea-
sures such as analysing logs or using engagement met-
rics. Analysing logs can be done manually but also au-
tomated. Engagement metrics (such as duration of the
conversation or the length of the responses) can also
be measured using both human approaches as well as
automatically. With these metrics, researchers attempt
to objectively measure the users’ attitude (in terms of
the construct ‘engagement’ but also in terms of other
constructs such as ‘intention to use’).

The automatic metrics are often adopted from other
domains within NLP such as machine translation. The
figure shows that metrics like precision, recall and
BLEU (and variants of BLEU such as delexicalized-
BLEU or kn-BLEU) are often used (even though we
filtered out papers that exclusively evaluate using f-
score/recall/precision metrics, see §2.2). A more exten-
sive discussion on these metrics will be provided in the
discussion on Correctness and Quality. More surprising
is the variety of different constructs that are measured
by an approach like BLEU. The BLEU metric, as defined
by Papineni et al. (2002), compares a system utterance
to a reference-utterance and therefore seems to deter-
mine the quality of an utterance based on the similarity
to a reference. It is surprising, then, that over five dif-
ferent constructs are measured by BLEU.

Lastly, in the lower-left corner of Figure 6 a big bub-
ble indicates that there are many metrics that are only
used to measure a few constructs by a handful of pa-
pers. This includes for example metrics that have been
introduced by these papers, often specifically intended
for dialogue system evaluation. We will discuss some
of the approaches in more detail below by taking the
four most used constructs (as outlined in §3.1) as ex-
amples. More information on how these constructs are
measured can be found on OSF.

Satisfaction

Satisfaction is a multi-faceted construct as Section 3.1
already showed. This construct is sometimes consid-
ered a hard to quantify, all-compassing construct as
it covers all aspects of a system, from recognition to
generating output (Aust and Ney, 1998). Although the
definition may seem broad, the construct is in practice
mostly measured by one approach: surveys. This is
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not surprising as satisfaction encompasses users’ per-
ceptions. Furthermore, surveys offer the advantage
of incorporating multiple items to highlight the differ-
ent aspects of satisfaction. The definition of satisfac-
tion should match the operationalisation in the sur-
veys. However, some work bases the operationalisation
of satisfaction on only one construct and often ask par-
ticipants to simply rate their satisfaction on a scale. For
example, Kataoka et al. (2021) ask participants to rate
on a 0 (highly dissatisfied) to 5 (highly satisfied) scale
how satisfied they are with the chatbot. One could
wonder if this question captures all aspects of the con-
struct. As satisfaction is a multi-faceted construct, a
single item probably does not fully capture this con-
struct and multiple items might be the preferred option.
Some of the authors actually do employ multiple items.
Sensuse et al. (2019) for example utilize four items to
measure user satisfaction.

While surveys are often used in research, the type
of survey and items included can vary. Some of the
used surveys are existing surveys that have been reused
in the context of dialogue systems such as the System
Usability Scale (SUS) (Brooke, 1996) and the Question-
naire for User Interface Satisfaction (QUIS) (Chin et al.,
1988). The SUS-scale was introduced as a broad and
quick measure for usability across multiple use-cases. It
consists out of ten items that are rated on a five-point
scale, such as “I thought the system was easy to use”
(Brooke, 1996). Usability itself is a broader construct
and Brooke (1996) argues that this construct consists
of the sub-dimensions effectiveness, efficiency and sat-
isfaction. In the literature, this scale is therefore often
used to measure system satisfaction. The QUIS was de-
veloped in the context of software evaluation and fo-
cuses, as the name mentions, specifically on the inter-
face of a system. It covers items such as “Organization
of information on screen” (10 point scale from confusing
to very clear) and “Task can be performed in a straight-
forward manner” (10 point scale from never to always).
This survey seems to be somewhat broader as it also
encompasses items that focus on system reliability and
terminology used by the system.

Next to using existing surveys, researchers often de-
velop their own surveys or refine surveys and base this
on previous work as well. For example, Eren (2021) use
items by Chung et al. (2020) who also base their items
on previous work. Satisfaction is defined by the extent
to which expectations are met (this definition was also
discussed in §3.1) (Chung et al., 2020). Six items are
used to measure satisfaction, including questions like
“The service agent did what I expected” and “I am sat-
isfied with the service agent” (Chung et al., 2020).

Only two other methods are used to measure sat-
isfaction: informal user feedback (used once) and com-
paring to another system (also used once). In the first

case users are prompted to provide general feedback on
the system, in the latter case users are being asked to
compare different versions of dialogue systems on this
construct.

Overall, satisfaction is measured only by human ap-
proaches, primarily surveys. This is reasonable as this
construct focuses on how users perceive the system.
However, it is important to use multiple items to mea-
sure satisfaction as it is a multi-faceted construct. Ad-
ditionally, researchers should carefully consider if there
are pre-existing surveys that can be used and if these
are suitable to measure satisfaction.

Correctness

In contrast to satisfaction, correctness is often mea-
sured using multiple automatic metrics. For example,
accuracy (correct items divided by all items) is used by
several papers, in some cases together with precision
(number of items among selected items that are cor-
rect), recall (number of correct items that are correctly
selected) and F1 (harmonic mean of precision and re-
call) (Jurafsky and Martin, 2024). With these metrics,
researchers often focus on specific parts of the dialogue
system such as intent recognition (the correctness of
the predictions). Some of the metrics are specifically
designed for the context of dialogue systems. An exam-
ple of this is DialTest (Liu et al., 2021), which measures
the accuracy of the intent recognition and robustness
of the dialogue system. DialTest generates similar test
cases and is able to select data that might trigger errors
in the model. The data set is then used to test the ro-
bustness of the model or for retraining (Liu et al., 2021).

In addition to automatic metrics, human evaluation
of correctness was carried out by means of a survey,
analysing the logs, or by ranking. Campillos-Llanos
et al. (2021), for example, analyse the conversation logs
manually to verify if the information provided is cor-
rect compared to the information in the user record.
When surveys are employed, sometimes only one item
is used to ask participants for rating correctness (as we
have seen in §3.1 with the example of Duggenpudi et al.
2019). Eric et al. (2017), for example, ask participants to
evaluate output on correctness on a scale from one to
five. Presumably, they use only one question to mea-
sure this. This assumes that there is one unambigu-
ous way to measure correctness. This can be problem-
atic as this is often not realistic for most constructs (see
Howard 1981, on the mono-operation bias). All papers
in our review actually employ only one item to mea-
sure correctness. This problem also does not mean that
it is always necessary to use multiple items, but mono-
operation brings the risk of only capturing a part of the
construct. On the other hand, it can be expensive to in-
corporate multiple items, creating a trade-off between
validity and efficiency.
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Overall, automatic metrics provide an objective and
clear picture of correctness, often focusing on specific
elements of a dialogue system such as the intent recog-
nition module. In contrast, human evaluation does not
necessarily focus on one specific component of the sys-
tem and can take a broader approach to correctness
(taking into account for example contextual factors).
Combining human and automatic approaches there-
fore could be a good venue for future evaluation at-
tempts of correctness.

Quality

Quality can be measured both automatically and by
human evaluation. Some of the automatic metrics are
more straightforward and measure, for example, the re-
sponse time and response length. Other metrics are
adopted from other disciplines within NLP, such as ma-
chine learning. An example thereof is BLEU (used for
example by Yin et al. 2017). The BLEU metric is an
n-gram based textual similarity score (Papineni et al.,
2002). This metric requires there to be a set of refer-
ence utterances to which an automatically generated
utterance (the candidate) can be compared. Intuitively,
BLEU looks at the overlap between the candidate and
the reference utterances (in the case of Yin et al. 2017
the rewritten response is compared to the given query).
This overlap is computed using the exact tokens in the
sentence, meaning the BLEU score does not take syn-
onyms into account, unlike alternative metrics such as
METEOR (Banerjee and Lavie, 2005). The BLEU metric
has extensively been used in machine translation and
NLG, because for any given input, there is often only a
limited set of possible translations or other appropriate
outputs that need to be taken into account. Compar-
ing automatically generated outputs to expected out-
puts makes sense, because a greater similarity could be
expected between output and reference data to corre-
late with higher quality output. However, the BLEU
metric has been criticised for its lack of correlation
with human judgements, see for example Reiter (2018).
Moreover, in the context of dialogue, one might won-
der whether BLEU is still the right choice, since there
are many possible responses to a given input.

There are also various different human evaluation
approaches that can be used to measure quality. Most
of the times this is either done by conducting a survey
or asking for a rating. Measures can also be combined.
Gonzales and González (2017) employ four different hu-
man approaches of measuring quality (specifically the
quality of the information provided by the bot), namely
conducting a survey, conducting an interview, directly
observing participants and analysis of the usage poli-
cies of a (news providing) chatbot. Sensuse et al. (2019)
focus on information quality, but also on service and
system quality, following the information system suc-

cess model by DeLone and McLean (1992). These differ-
ent dimensions of quality can also encompass multiple
other constructs (such as conciseness for information
quality). The researchers measure these quality aspects
by conducting a survey with items such as “ELISA can
understand what I was asking for”.

In conclusion, quality can be assessed using both
human and automatic metrics. The complexity of defin-
ing quality is reflected in the variety of different met-
rics and also in how these metrics are operationalised
(e.g. multiple different items in a survey focusing on
different aspects of quality). Combining different ap-
proaches could possibly lead to a more comprehensive
assessment of the construct, considering both a quan-
titative evaluation as well as a more nuanced human
judgement of quality.

Efficiency

The most straightforward way to measure efficiency
is simply measuring the number of dialogue turns or
time. This is for example done by Takanobu et al. (2020).
Measurement of efficiency is most of the time (semi-
)automatic or focuses on human evaluation. A mea-
surement like time can both focus on ‘actual’ time as
well as perceived time, since there can be a discrepancy
between the perceived time and the actual time (as
demonstrated by Thompson et al. 1996; perceived wait-
ing time is more predictive for satisfaction than actual
time). This raises the question if perceived efficiency is
more important than ‘actual’ efficiency - the focus of
the papers on human evaluation seems to suggest so.
These perceptions are often examined through surveys.
Roque et al. (2021) for example apply a standardised
survey, namely the System Usability Scale (SUS, Brooke
1996; which was also used for satisfaction) which en-
compasses questions like “I found the system unneces-
sarily complex” and “I would imagine that most people
would learn to use this system very quickly” (Brooke,
1996). Similarly, Pricilla et al. (2018) also ask users
about the efficiency in a questionnaire, where partici-
pants had to rate on a five-point scale. With this ques-
tionnaire they measure multiple constructs next to effi-
ciency such as effectiveness and helpfulness. However,
it is not clear how these constructs are measured and
how the questionnaire is developed.

Overall, efficiency can thus be measured (semi-
)automatically or by human evaluation. However, there
can be a discrepancy between perceived efficiency and
‘actual’ efficiency. Therefore, a combination of these
approaches could potentially be the most informative
to measure efficiency.

Conclusion. This section has shown that there are
many different ways to measure evaluation constructs.
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Notably, most of these metrics rely on human evalu-
ation - particularly through surveys. However, the re-
lation between these metrics and the definitions given
by researchers is not always clear. Additionally, con-
structs are sometimes measured with only one sur-
vey item, raising concerns about the mono-operation
bias. In some cases, survey items are not even reported
clearly, which creates difficulties when comparing stud-
ies. Combining human and automatic metrics may
provide a more comprehensive assessment of the con-
structs.

3.3 Using Large Language Models to
Evaluate Dialogue Systems

Looking through the history of dialogue systems, it is
clear that different kinds of technology may require
different forms of evaluation to address their particu-
lar strengths and weaknesses. For example, research
on hallucinations only became widespread after LLMs
were adopted (see Ji et al. 2023 for a survey on halluci-
nation). We believe that many of the current constructs
will stay relevant over the next years, but there might
be a shift in importance: a construct like fluency might
be less relevant while a construct like factuality or cor-
rectness might gain importance when evaluating LLM
based dialogue systems.

At the same time, LLMs may introduce a new di-
mension in automatic evaluation of dialogue systems.
LLMs have great potential for the evaluation of dia-
logue systems, although there are also concerns. Pre-
vious work has already examined the use of LLMs in
the context of NLG-evaluation (Li et al., 2024; Riyadh
and Shafiq, 2023). In the context of dialogue systems,
we believe LLMs can be used roughly in four ways:

1. To say something directly about the quality of a
text, for example by means of a perplexity score
to gauge the fluency of a text.

2. To train a regression model that predicts hu-
man quality scores either from the generated text
alone10 or from the generated text and a refer-
ence text. Examples include BLEURT (see Sel-
lam et al. 2020, who augment BERT with pre-
training on synthetic data. They test their model
on the constructs fluency, grammar and seman-
tics), BERTscore (see Zhang et al. 2020a, who
compute similarity between a source sentence
and candidate sentence) and COMET and its ex-
tension CometKiwi (see Rei et al. 2020, 2022, who
also incorporate source language input).

3. To use the model instead of a human annotator.
Through prompting the model, evaluations can

10Note that this has a long history in machine translation (see e.g.
Specia et al. 2018).

be elicited. An example of this is GEMBA (Kocmi
and Federmann, 2023), which shows state-of-the-
art results in the field of translation quality as-
sessment through zero-shot prompting (asking
without further training whether the model can
do something). Another example comes from
Zheng et al. (2023), who discuss three types of
LLM-as-a-judge: pairwise comparison (which re-
sponse is the best), single answer grading (im-
mediately giving a score), and reference-guided
grading (using a reference answer to compare the
output with). Recently, a shared task has been in-
troduced to focus on prompting LLMs for evalu-
ation of machine translation and summarisation
(Leiter et al., 2023). Pradhan and Todi (2023) cre-
ate in the context of this task five prompts to
evaluate summarisation. They focus on prompt-
ing an overall score, coherence, consistency, flu-
ency and relevance. Similarly, Akkasi et al. (2023)
also participate in this task and prompt the mod-
els to evaluate coherence, completeness, concise-
ness, consistency, readability, syntax and a com-
bination of all constructs.

4. To simulate user interactions with the dialogue
system. Instead of relying on real users for eval-
uation, LLMs are sometimes employed to simu-
late users. This is often seen as a cost-effective
strategy (De Wit, 2024). Researchers have used
for example generative user simulators for re-
inforcement learning in task-oriented dialogue
systems focusing on multi-domain goal state-
tracking (Liu et al., 2022). ChatGPT has also been
used to create simulated users for the evaluation
of rule-based conversations (De Wit, 2024). Of-
ten these LLM based simulators are evaluated
on user goal fulfilment and compared to either
other simulators or human interactions (David-
son et al., 2023; Sekulić et al., 2024). Work by
Meyer et al. (2022) examines if ’real’ user data
can be replaced by synthetic data generated by
LLMs. In their zero-shot approach they prompt
GPT-3 by asking questions in the domain of mo-
tivational interviewing through a conversational
agent. They evaluate the performance of the syn-
thetic data on a classification task (predicting
three labels related to health changes) using a
BERT-model with either original data, synthetic
data, mixed data and mixed data with labels clas-
sified with a confidence level of 95% (Meyer et al.,
2022).

The four ways described above all have their pros
and cons. Many of the challenges that emerge when
employing LLMs for evaluation concern validity and
reliability. Reliability is generally good if a number of
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conditions are met to ensure that the system (both di-
alogue systems and evaluation models) is determinis-
tic. In other words: it always gives the same output
with the same input. Despite automatic solutions being
deterministic, LLM-based systems can be brittle, with
minimal changes to the input leading to different re-
sults. For example, previous work has shown that the
order in which input is given changes the results of the
task, showing a bias in ChatGPT for the first input item
(Wang et al., 2023). To ensure validity, we must ask our-
selves to what extent the model is able to ‘capture’ the
relevant construct and to what extent this depends on
the domain on which the model has been trained. Va-
lidity of LLMs will be discussed in more detail in Sec-
tion 4.5.

4 Validity and Reliability
As noted in the introduction (§1.2), this paper concerns
constructs and measurement; given a particular con-
struct of interest, how can researchers operationalise
that construct and actually measure to what extent a
dialogue system is satisfactory, correct, high-quality, ef-
ficient, or . . . ? To make all of this work, we need a deep
understanding of these concepts, and how they relate
to other concepts that we are interested in. Or at least:
such an understanding is needed if we are to develop
any kind of theory about how to build a good dialogue
system that helps us achieve our goals. Furthermore, if
we are interested to learn more about cognitive aspects
of dialogue, the need for such an understanding is self-
evident. This brings us to the question of validity. This
section discusses some of the basics of validity theory.

Textbooks on research methodology (e.g. Bryman
2012; Treadwell 2017) often discuss validity in tandem
with reliability. Generally speaking, validity is about
measuring what you want to measure, and reliability is
about the consistency of your measurements. Ideally,
metrics should be both valid and reliable, since each is
useless without the other; we cannot draw any conclu-
sions from measures that are either meaningless or that
deviate wildly from their intended target. In practice,
there is often a trade-off between validity and reliabil-
ity, since human ratings more closely match our expe-
rience (and are thus more valid), but they are more sub-
jective (and thus less reliable) than automatic metrics.
Automatic metrics are seen as offering quick heuristics
or simplified proxies to the human experience (mak-
ing them less valid), but they do provide consistent re-
sults (making them more reliable). Recent work in NLP
by Van der Wal et al. (2024) discuss validity (in partic-
ular construct validity) and reliability and show how
these perspectives can help improve the measurement
of model bias.

There is a vast body of literature on the topic of va-

lidity (see the recommended readings in Fried and Flake
2018), but for brevity’s sake we will focus on the ‘Four
Validities,’ as presented by Vazire et al. (2022): construct
validity (§4.1), internal validity (§4.2), external validity
(§4.3), and statistical-conclusion validity (§4.4).11 We
shall only cover a selection of the issues that arise when
looking at validity. In Section 4.5 we will then discuss
the validity of LLM generated scores and in Section 4.6
we will discuss work on validity in the NLP field. Lastly,
we will get back to the trade-off between human and
automatic metrics (and when to use which kind of eval-
uation) in Section 4.7.12

4.1 Construct Validity

Construct validity “refers to the validity of inferences
about how the measured or manipulated variables re-
late to the constructs of interest” (Vazire et al., 2022,
p.163). First and foremost, authors should clearly de-
fine their construct of interest, so it is clear what is
meant with the specific construct, and so that read-
ers can assess the extent to which their measures op-
erationalise that construct. As mentioned in our re-
sults section, few authors actually provided a definition.
Moreover, where authors did define their constructs of
interest, we found that different authors provided dif-
ferent (and sometimes incompatible) definitions for the
same terms. This terminological confusion makes it
hard to compare different papers.

Second, authors should provide enough informa-
tion about how they operationalised the relevant con-
structs. Without this information, we also cannot tell
whether their quality measures serve their intended
purpose. To their credit, many authors do provide the
code for their experiments (see Schmidtova et al. 2024
for a discussion on the availability of code in NLG),
which in theory makes it possible to find out how they
actually measured the quality of their models. How-
ever, we would still have to reconstruct the reasoning
behind their approach, which is challenging to say the
least. Furthermore, for human rating studies, it is ab-
solutely essential to have a full specification of the ex-
perimental set-up. Without it, it is impossible to assess
the construct validity of the study.

Third, authors can consider the evidence for the va-
lidity of their metrics. As an example, what evidence do
we have that a Likert scale item such as ’this response
sounds fluent’ covers the full spectrum of what it means
to be fluent? How do we know that participants’ ideas

11The authors cite Shadish et al. (2002) as a source for this distinc-
tion, see their page 37 for the original definitions. Chapters 2 and 3
discuss their taxonomy of validities in more detail.

12The idea of reliability may also be tied to the idea of repro-
ducibility (i.e., how repeatable are measures performed by different
researchers?), but providing a full discussion goes beyond the scope
of this review (see Belz et al. 2021 for an overview).
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of fluency correspond to any established notion of flu-
ency? And since different authors use different ques-
tions to assess the same constructs, what effect do all
of these different formulations have on the outcomes of
our experiments? The answer is that we do not know,
and that hardly any papers provide any evidence for
the validity of their metrics. Worse, still, despite the
evidence against the validity of automatic quality mea-
sures such as the BLEU metric (e.g., Ananthakrishnan
et al. 2007; Novikova et al. 2017; Sulem et al. 2018; Re-
iter 2018), these measures are still in use. Some papers
in this review already spent some time discussing the
validity of their automatic metrics. Both D’Haro et al.
(2019) and Ye et al. (2021) propose a new automatic met-
ric and show how their new metrics correlates to hu-
man evaluation.

4.2 Internal Validity
Internal validity refers to “the validity of causal infer-
ences: Are assumptions upon which causal inferences
are based explicitly stated and justified? Have plau-
sible alternative explanations been convincingly ruled
out?” (Vazire et al., 2022, p.164). Generally speaking,
most inferences about dialogue systems in the NLP lit-
erature are fairly limited; the main goal seems to be to
determine whether the proposed system is better than
the alternative(s). Thus, the key independent variable is
System, and the dependent variable is the quality met-
ric of interest. The question, then, is whether the former
has any impact on the latter. For reasons of space, we
have not looked into the different system comparisons
in detail, but in our experience the main threats to the
internal validity in NLP are:

1. Confounding variables: when researchers
present a new system and compare it to the
state-of-the-art, we cannot know exactly what
caused any differences in performance if the
authors changed multiple variables at the same
time.

2. Order effects: when participants always see the
same items in the same order, this could poten-
tially lead to a bias in their ratings (e.g. due to
fatigue, or anchoring effects where the first few
items serve as a reference point for the rest of the
evaluation).

3. Lack of anonymisation: when participants know
which system is which, this could potentially lead
to them providing socially desirable responses
(trying to please the researchers), rather than ac-
curate assessments of system quality.

For a more in-depth discussion of potential issues
in the design of human evaluations, we refer to Van der
Lee et al. (2021).

4.3 External Validity
External validity refers to “the validity of inferences
about how the observed effect will generalise beyond
the specific conditions of the study” (Vazire et al., 2022,
p.165). Given the characterisation of most NLP re-
search, the conditions of most NLP studies could be de-
fined in terms of three main components: participants,
system properties, and context. Authors should make it
clear to what extent they expect their findings to gen-
eralise towards other settings that differ in one or more
of these dimensions. The following topics are pertinent
to our discussion:

Sampling and score averaging. One question we
may ask ourselves, for example, is whether the conver-
sations with the system during the evaluation are rep-
resentative for all possible conversations with the sys-
tem. In this light, Van Miltenburg et al. (2021a) provide
a discussion of different ways to sample the output-to-
be-evaluated for human rating tasks or manual error
analysis. Another question, often noted by Ehud Re-
iter (2017, 2022), is to what extent average-case perfor-
mance is a good proxy for the user experience. Worst-
case performance may be a better indication of the per-
ceived quality of the system during real-world usage,
since full breakdowns (however rare they may be) may
render the system fully unusable.

Ecological validity. One important sub-category of
external validity is ecological validity, which we might
define as the extent to which the system, experiment,
or metrics are true to reality. One question we can
ask here is: to what extent is the system able to han-
dle real-world conversations? (As opposed to conver-
sations held in an artificial setting.) And what does it
mean to hold a real-world conversation? Dingemanse
and Liesenfeld (2022) discuss the importance of linguis-
tically diverse conversational corpora to study these
questions, and in follow-up work propose an evalua-
tion approach to match their ambitions (Liesenfeld and
Dingemanse, 2024).13

Reporting standards and design. Authors should
also report all relevant characteristics of the sample,
system, and context for us to assess any claims about
generalisability. Based on earlier findings by Howcroft
et al. (2020), we know that this is not the case: particu-
larly human evaluations are often underdocumented.

Finally, authors should ensure that their claimed
implications for future research or real-life applications
are supported by the design of their study. This again

13Note that ecological validity does not require that dialogue sys-
tems themselves should appear humanlike, but they should be able
to converse with humans. (Anthropomorphism is a contentious issue;
see Abercrombie et al. 2023 for discussion.)
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means that they should think carefully about the role
that their constructs of interest play in a broader theo-
retical framework. As noted above, this requires clarity
about the way those constructs are defined, and how
they (supposedly) interrelate.

4.4 Statistical-Conclusion Validity
Statistical-conclusion validity refers to “the validity of
statistical inferences” (Vazire et al., 2022, p.165). In re-
cent years, this topic has started to receive more atten-
tion in NLP and NLG (e.g., Dror et al. 2018; Van der Lee
et al. 2021; Van Miltenburg et al. 2021b), though the re-
producibility crisis has put Psychology at the forefront
of research on this topic. Since this goes beyond the
scope of this review, we refer readers to the paper by
Vazire et al. (2022) that we started this discussion with.

4.5 Validity of LLM-generated Scores
and Simulated Users

In the field of machine translation, a lot of work has
been done on (the validity of) quality estimation (Fon-
seca et al., 2019; Han et al., 2021). Recently, this kind
of work has also focused on the possibilities of us-
ing LLMs for quality estimation (Huang et al., 2023).
One of the problems with validity is the question of
what aspects of the measured constructs are actually
captured by the LLM in the evaluation. Some of the
regression-based models are already able to model hu-
man predictions and achieve high correlations to these
human scores, such as BLEURT (Sellam et al., 2020) and
COMET (Rei et al., 2020). In the cases of BLEURT, re-
search has shown that pre-training improves the ro-
bustness of these models in the case of domain shifts
(Sellam et al., 2020). These regression based models
are also compared to prompt-based methods. For ex-
ample, Leiter et al. (2023) discuss the results of the
shared task for prompting LLMs as metrics and for ex-
ample compare newly created models to models such
as BERTScore (Zhang et al., 2020a) in a machine trans-
lation context. In this case, one of the newly created
models based on prompting actually achieves higher
correlations to human scores than the baseline mod-
els such as CometKiwi (Rei et al., 2023) and BERTScore.
Recent research examines prompting more closely and
compares the outcomes of different prompts. In the
context of the medical domain, Wang et al. (2024) show
that multiple models behave different when given dif-
ferent prompt types (ranging from direct instructions
to prompts that involve backtracking). The type of the
prompt thus seems to matter to get reliable and consis-
tent results.

Furthermore, Hu et al. (2024) show that LLMs actu-
ally confuse evaluation criteria (i.e. the constructs). For
certain constructs, the scores generated by the model

actually have a higher correlation with human ratings
for another construct than with the human ratings for
the indented construct. This is the case for example
for LLM generated fluency scores, which show a higher
correlation to human coherence scores than to human
fluency scores. The authors also conclude that confu-
sion issues shown by these models cannot be overcome
by more elaborate definitions of a construct, while hu-
mans actually behave differently when given more elab-
orate definitions (Hu et al., 2024). Another question
is how these models behave in different domains. Li
et al. (2024) discuss the relevance of developing domain-
aware models, as current models are often not specif-
ically designed for one domain. This makes it difficult
for those models to properly evaluate content in a spe-
cific domain (as for example a certain construct such
as (medical) correctness is more important in a medi-
cal domain than in a customer service setting). Newly
developed LLMs used for evaluation in specific domains
should be made aware of domain-specific quality needs
and constructs (Li et al., 2024).

Validity of using simulated users LLM-based sim-
ulations of users are often not seen as a replacement
for real human evaluation (De Wit, 2024), raising the
question of how these models actually reflect real user
behaviour. Several studies have investigated if and how
language models can model human behaviour in mul-
tiple domains. Argyle et al. (2023) use LLMs as a proxy
for human populations in the context of for example
vote prediction. Similarly, Horton (2023) uses LLMs to
emulate experiments in an economical context. They
both argue that this approach seems promising but also
briefly discuss the negative consequences that these
models can bring, such as dependency on owners of the
models and misinformation (Argyle et al., 2023; Horton,
2023). Additionally, the work by Meyer et al. (2022) ex-
amined if real data (motivational interviews with a con-
versational agent) could be replaced by LLM generated
data. The authors conclude that a classifier trained on
synthetic data cannot reach the same performance as a
classifier trained on real user data (showing also differ-
ences in language variability).

Domain dependency and societal inequality To
train LLMs, quality filters are usually used to ensure
that the model itself also generates language of accept-
able quality. In a recent study, Gururangan et al. (2022)
show that the GPT-3 quality filter is not neutral, but
prefers texts from richer, urban and (on average) higher
educated areas. So there is a confounding variable:
while we would like to see that a language model can
assess a text on a specific inherent quality dimension
(such as fluency), it may be the case that the author of
the text (who should not be relevant for our judgement)
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has an improper influence on the final score. Chen et al.
(2024a) investigate the biases (such as an authority bias
- having higher confidence in experts) present in LLM
judges and human judges, and show that the five in-
vestigated biases are present in both human and LLM
judges. Humans are not always outperforming the sys-
tems on certain biases showing that researchers should
be aware of these problems both with LLM evaluation
as well as with human evaluation (Chen et al., 2024a).

The dual role of LLMs LLMs can be used in multi-
ple different roles and contexts, ranging from designing
to evaluation. Previous work has done exactly this by
employing ChatGPT as both the designer as well as the
user that evaluates the product (Kocaballi, 2023). How-
ever, it is currently unclear what the implications are of
using LLMs to both power and evaluate dialogue sys-
tems at the same time. A general rule in Machine Learn-
ing (ML) is that you should not test an ML system on
training data, because then we will not get a good idea
of the ability of systems to generalise to new data. But
with LLMs used both in a dialogue system (to generate
dialogue) and in the evaluation of that system (to eval-
uate the dialogue), it is unclear how generalisable the
results of the evaluation are. A complicating factor here
is that it is not always clear which data has been used
as training data —LLMs use too much data to be able
to document them afterwards (Bender et al., 2021).

4.6 NLP and Validity

Our discussion of validity is not to suggest that validity
is not discussed at all in the NLP community, actually
it is becoming more common. Below is a brief overview
of relevant contributions.

Different studies in NLP (e.g., Kocmi et al. 2021;
Moramarco et al. 2022) compare different metrics and
human ratings, to see where they differ and where they
agree. This is an example of convergent validity: testing
whether measures that should in theory be related, are
actually related. Xiao et al. (2023) go beyond correla-
tion analyses, and provide an introduction to reliability
and validity from the perspective of measurement the-
ory, and translate these ideas into a set of tools (called
MetricEval) to perform statistical analyses of NLG eval-
uation metrics. Our work in this paper is complemen-
tary to MetricEval, in that we take a more conceptual,
high-level approach to validity.

Some recent papers also reflect on the status of
benchmarks in our field. For example, Sun et al. (2023)
test the concurrent validity of different benchmarks
that aim to test compositional generalisation in LLMs,
and shows that the use of different data sets results in
a different model ranking. In a more theoretical pa-
per, Schlangen (2021) presents an analysis of the way

benchmarks are currently used to measure progress in
our field. He argues that we should give more thought
to the relation between data sets, tasks, individual cog-
nitive capabilities, and overall language competence.
In Schlangen (2021)’s view, we need to (re-)establish
the connection between NLP tasks and related fields
that study human competence in those areas. The
paper by Sugawara et al. (2021) seems to do exactly
this. They analyse the task of Machine Reading Com-
prehension (MRC; similar to NLU) from a psychologi-
cal/psychometric perspective. The scholars follow Mes-
sick (1995) in distinguishing six aspects of validity14

and translate these to the domain of MRC. In doing
so, they establish what machine reading comprehen-
sion entails, and how to evaluate it. Subramonian et al.
(2023) provide further reflections on the topic of bench-
marks, based on a meta-analysis of the literature and a
survey among NLP practitioners.

Finally, Sugawara and Tsugita (2023) discuss de-
grees of freedom in the way that researchers define
and test systems for Natural Language Understanding
(NLU). The authors provide a checklist for ensuring the
validity of the validity of a test/benchmark. Although
the paper is targeted at NLU, its arguments generalise
to other areas of NLP.

We are happy that the question of validity is start-
ing to receive more attention in the NLP literature, and
fully support this movement. We recommend using
the tools and checklists mentioned above, or the on-
line Seaboat.io checklist, developed by Schiavone et al.
(2023) which was also used as a guide for writing this
section.15

4.7 Triangulation

This survey has provided an overview of different mea-
sures to quantify the performance of task-oriented di-
alogue systems. Here we will reflect on the type of ap-
proach; i.e., how you want to measure a construct. To
be clear: there is no single best way to study the per-
formance of a task-oriented dialogue system. Different
approaches have different strengths and weaknesses,
and every metric just highlights a subset of all possi-
ble quality dimensions. To fully understand the perfor-
mance of a task-oriented dialogue system, it is neces-
sary to combine different approaches. This is a prac-
tice known as triangulation (e.g., Noble and Heale 2019;
Thurmond 2001). Thurmond (2001, p.253) defines it as
“the combination of two or more data sources, inves-
tigators, [methodological] approaches, theoretical per-

14Referred to as content, substantive, structural, generalizability, ex-
ternal, and consequential. See the paper for definitions and more de-
tails.

15Alternatively, one might also refer to the checklist from Flake and
Fried (2020), which they developed to avoid ‘Questionable Measure-
ment Practices.’
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spectives (Denzin, 1970; Kimchi et al., 1991), or ana-
lytical methods (Kimchi et al., 1991) within the same
study.” We will first give a brief overview of the differ-
ent approaches we have seen, and then consider ways
to combine these approaches.

Asking People The first set of approaches used to
evaluate task-oriented dialogue systems is to ask peo-
ple about their interactions with the system. Human
evaluation is generally still seen as the gold standard
in NLG research, since automatic metrics are currently
still unable to interpret and contextualise textual out-
put as well as humans (Van der Lee et al., 2021). In the-
ory, this could either be done before, during, or after
interacting with the system. Although very few of the
studies we looked at asked participants any questions
before interacting with the dialogue system, this could
be useful to gauge their expectations and perhaps their
first impression of the system as has been shown in sev-
eral studies in the fields of communication science (e.g.,
Van der Goot et al. 2021) and human-computer interac-
tion (e.g., Khadpe et al. 2020).

We saw several studies that asked participants to
reflect on their experiences during the interactions, for
example using the concurrent think aloud study proto-
col (Holmes et al., 2019).16 The authors describe this as
a situation where the participant was recorded (both
audio and video) while completing the task, talking
through their observations and actions. This affords
us more insight into the participants’ experiences and
thinking process. One important caveat, however, is
that not all mental processes can be (accurately) ver-
balised. For further discussion of the origins and lim-
itations of the think aloud protocol, see Nielsen et al.
(2002). Finally, Fan et al. (2020) discuss how think aloud
studies are generally used by UX-practitioners.

Most approaches are suitable for consultation af-
ter interacting with a dialogue system. Many studies
opted for a survey, which was either developed by the
authors themselves, or based on existing models, such
as UTAUT-2 (Venkatesh et al., 2012) or the NASA Task
Load Index (Hart and Staveland, 1988). While a self-
authored survey does offer maximal flexibility, it ham-
pers the ability to compare results between different pa-
pers. Hence we would recommend using pre-existing
items (i.e., individual questions), scales (i.e. combina-
tions of items measuring the same construct),17 or ques-
tionnaires (i.e., combinations of scales that together
provide an overview of relevant variables).18

16There are different kinds of think aloud protocols, but Alhadreti
and Mayhew (2018) found that the concurrent think aloud method
seems to give the best results.

17Scales often combine multiple items because it is often hard to
capture a construct using a single item, and because it may be more
reliable to average scores across multiple different items.

18Authors using crowdsourcing should also try to avoid the com-

Next to surveys, we also saw researchers carrying
out interviews with individual participants and focus
groups where a moderator leads a group discussion
between participants, talking about their experiences.
These methods are more qualitative in nature, and thus
allow for a richer, more contextualised understanding
of the participants’ experiences. Interviews and focus
groups are more common for Human-Computer Inter-
action researchers than in the Natural Language Pro-
cessing community. For those new to these methods,
we recommend the introduction by Bryman (2012).

Expert feedback can be gathered through having an
expert either interact with the dialogue system itself,
or having the expert look at (recorded) interactions be-
tween users and the system.

Looking at the Data Instead of asking people, we
can also look at the interaction data ourselves. Al-
though there may be a large amount of manual labour
involved, there is no replacement to seeing what is go-
ing in the data. There are different kinds of data that
may be used.

Most forms of evaluation involve spoken or writ-
ten data: either a human or an artificial agent interacts
with the dialogue system, and the interactions between
them can simply be logged. These interactions also
come with metadata, such as the number of conversa-
tional turns, response length, time spent on the task,
and so on. Some scholars would consider these meta-
data as automatic metrics. As an example, Miraj et al.
(2021) use different methods to measure both feasibility
and acceptability, one of them being user engagement
metrics. Similarly, Piau et al. (2019) use multiple metrics
such as drop-out rates and the average time to answer
questions to measure the construct acceptability.

An alternative to using spoken or written data is to
go beyond these forms of communication. If the dia-
logue system is used by human participants, a video
recording for example also allows analysis of their non-
verbal responses (Holmes et al. 2019 used for example
video and audio to record user experience), and the re-
sponses of others witnessing the interaction. Besides
video, it may also be possible to capture biometric data
of the participants. This is for example done by Prze-
galinska et al. (2019), who take psychophysiology met-
rics to measure the construct trust. Adding these ap-
proaches can create a more comprehensive overview of
the users’ perceptions.

Automatic Metrics The main benefit of automatic
metrics is that they do not require any human assess-
ments, making them quick and cost-effective (Deriu
et al., 2021). Moreover, they are usually repeatable, and

mon mistakes described by Karpinska et al. (2021).
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often come with a precise definition. The latter prop-
erty also makes it possible to reason about their faith-
fulness in terms of the construct of interest. In the sec-
tion about LLMs (Section 3.3) we have also discussed
the advantages and disadvantages of using LLMs as a
metric. We have shown that there are still issues with
LLMs concerning reliability and validity of the gener-
ated scores.

Scholars should select relevant metrics based on
their construct of interest, so that the evaluation scores
are pertinent to their research question. Having that
said, the speed and cost-effectiveness of automatic
metrics mean that there is a relatively low threshold to
publish more information about a dialogue system than
is strictly necessary. For transparency reasons, schol-
ars may wish to publish a larger set of scores to capture
the overall performance of the system, and so that the
scores can be scrutinised in future research.19

Combining Approaches There are two ways in
which we can combine different approaches. Re-
searchers and developers may use different evaluation
approaches over time, or they synchronously use mul-
tiple evaluation strategies.

Evaluation starts when a project begins, and ends
with the final assessment of the finished system. Dif-
ferent kinds of evaluation may be appropriate for dif-
ferent stages of the development process. By talking
to experts and relevant stakeholders (users, develop-
ers, product owners, conversational designers etcetera)
scholars develop a clear set of goals and key perfor-
mance indicators for the dialogue system. During de-
velopment, automatic metrics can be used to measure
relevant variables directly, and to serve as proxies for
variables that can later be measured more reliably by
collecting user ratings and feedback. Once the (first
version of the) dialogue system is ready, a more ex-
tensive evaluation can be carried out. At this stage
one might also look at downstream effects on user be-
haviour and other business processes.

It may also be useful to use different evaluation
strategies at the same time, since different evaluation
approaches lead to different perspectives on the perfor-
mance of a system. Again, this holds in two ways:

1. As we have seen in the results section, differ-
ent metrics may capture different constructs.
Thus, the quality of a dialogue system cannot be
captured in a single number, which is why re-
searchers need to be clear about the constructs
of interest. If these are not specified and defined,
it is unclear what the results even mean.

19This is reminiscent of the approach taken by the GEM bench-
mark (Gehrmann et al., 2021), where submissions are assessed with
as many metrics as possible, to enable future system comparisons
with relatively little effort.

2. Constructs themselves may be complex or mul-
tidimensional. We have also seen this earlier:
when multiple metrics operationalise the same
construct, they may capture different aspects of
what it means to be fluent, for example.20

Next to these evaluation strategies, one might also
use multiple different quality measurement approaches
to demonstrate criterion validity. For example, an auto-
matic metric can be shown to have a high concurrent va-
lidity (a sub-type of criterion validity) if it shows a high
correlation with human ratings of the same construct;
for many metrics this has simply not been done yet.
Demonstrating high concurrent validity is very useful if
you have a larger project where it may not be feasible to
run human evaluations for all experiments. If an auto-
matic metric has a high correlation with human ratings
for data in a particular domain, other researchers will
probably have more confidence in the results obtained
solely using the automatic measure.

4.8 The Need for Standardisation
As we have seen above, there is a wide range of differ-
ent constructs that different researchers aim to mea-
sure. There is also a high degree of variation both in
the terms used to refer to these constructs, as well as
in the ways to operationalise them. As Howcroft et al.
(2020) have also observed for human evaluation studies
in the field of NLG: researchers may either use the same
terms to refer to different constructs, or the other way
round. This terminological confusion makes it hard to
compare different results. Moreover, many studies fail
to provide a definition for the constructs that are opera-
tionalised through their evaluation metrics, while some
do not even mention the constructs of interest. Readers
are left to wonder: what is measured, exactly?

Following Howcroft et al. (2020), we believe that it
is important to standardise our evaluation terminology,
and to improve our reporting standards. Some earlier
studies that have worked towards standardisation are
Belz et al. (2020) and Fitrianie et al. (2020). For human
evaluation in particular, Shimorina and Belz (2022) pro-
vide a useful datasheet to include with any publication
using human judges.

Beyond the standardisation of evaluation measures,
there is also value in sharing model outputs in simi-
lar formats. For a concrete example, the GEM bench-
mark uses a common evaluation framework to facilitate
model comparisons not just using existing metrics, but
also using future metrics that are yet to be developed
(Gehrmann et al., 2021, 2022).21

20For further reading, Bryman (2012, Chapter 7) provides a useful
discussion on multiple-indicator measures and multidimensionality
—an idea he associates with the work of Lazarsfeld (1958).

21Earlier, Sedoc et al. (2018, 2019) presented a similar evaluation
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5 How to Apply These Findings?
A Case Study of Customer Ser-
vice Chatbot Evaluation

The findings of this paper show what and how re-
searchers measure when evaluating dialogue systems.
However, the question remains how this knowledge can
be applied in practice. In this section we will therefore
discuss a fictitious conversation, shown in Figure 7, and
demonstrate how readers can approach the evaluation
of such a conversation/system. The example presents a
conversation with both a customer service chatbot and
a customer service employee. Imagine that this chatbot
uses intent-recognition and pre-scripted responses. The
customer wishes to return shoes. At first attempt the
chatbot is unable to understand the user utterances and
asks for a rephrase. The second attempt is understood,
however the chatbot cannot deal with these kinds of
questions yet and hands over to a human employee.
Eventually, the employee is able to help the customer
with the request. Three constructs will be discussed as
an example for a possible evaluation approach, as these
constructs differ in the way they are typically mea-
sured: fluency (mostly measured automatically), effec-
tiveness (measured by human evaluation but also semi-
automatically), and lastly satisfaction (measured only
by human evaluation). To determine how to evaluate
the conversation, we propose the following steps:

1. Determine the constructs of interest and their
definition (in the case of the following example
these are fluency, effectiveness, and satisfaction).

2. How is the construct typically evaluated, and
what is the intuition behind these methods?
Are there existing methods or standardized ap-
proaches that can be used to make the evaluation
comparable to previous work?

3. How does the operationalisation of the construct
relate to the case to be evaluated and its context?

4. Is this evaluation approach meaningful, feasible
and worthwhile?

5. If this approach is not meaningful, is there an al-
ternative to obtain an meaningful evaluation?

These steps (1-5) will be followed in the discussion
of the evaluation of example conversation.

platform, though at a smaller scale.

Fluency (1) tends to refer to the naturalness of ut-
terances produced by a dialogue system. D’Haro et al.
(2019) take the definition of fluency from machine
translation and focus on the quality of the construction,
emphasising syntax.

(2) Fluency is mostly measured automatically, al-
though incidentally some researchers also ask users
about their perceptions of fluency. For example, Fir-
daus et al. (2020) ask users to rate fluency based on the
question ‘The generated response is grammatically cor-
rect and is free of any errors.’ Different automatic met-
rics can be used to measure fluency. In the literature
review we found that, perplexity (used by Firdaus et al.
2020), the BLEU score (used by Peng et al. 2021) and
AM-FM (used by D’Haro et al. 2019) were used for au-
tomatically measuring fluency. Perplexity refers to the
inverse probability of an utterance (computed using a
language model), normalised by the number of words in
that utterance (Jurafsky and Martin, 2024). Intuitively,
this corresponds to the surprisal of seeing a particular
sequence of words, given data used to train a language
model. Firdaus et al. (2020) emphasise that as the per-
plexity score decreases, the responses become more flu-
ent and grammatical. BLEU is a n-gram based textual
similarity score (Papineni et al., 2002), it needs reference
utterances to compare a candidate utterance with (see
Section 3.2 for more information about BLEU). BLEU’s
dependence on context-dependent reference data sug-
gests a notion of ‘conversational fluency’ which incor-
porates ideas about appropriateness of the generated
response. This is different from what is captured by
the perplexity metric, which only looks at the intrin-
sic fluency of an utterance in isolation, disregarding the
context (which is to be captured by a different metric).
In addition, BLEU is dependent on its settings (like the
amount of references), which complicates the compari-
son of BLEU scores across studies (Post, 2018). To over-
come the limitation of needing a reference text, AM-FM
was introduced (Banchs and Li, 2011). The AM-FM met-
ric is an adequacy-fluency metric that uses both syntac-
tic (referencing to fluency) and semantic (referencing
to adequacy) information on a sentence level (D’Haro
et al., 2019). The fluency component of the metric is
measured by using the probability of a n-gram language
model.

(3) The example chatbot is made with intent-
recognition and pre-scripted responses. Therefore, we
would expect fluency mostly to be considered when the
responses were designed - if fluency is measured on the
utterance level. When fluency is measured with regards
to previous and next turns, evaluation should be per-
formed after the conversation has taken place. The pre-
scripted responses can not be adapted to certain situa-
tions, therefore they may not be completely in line with
what the user was asking for.
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Hello, I bought these shoes, but I would like to send them back 

If I understand correctly you have a question about shoes. 

I would like to return them 

I don’t fully understand what you mean. Can you rephrase the question in di?erent words? 

Returns 

Unfortunately, I cannot help you with that yet. Shall I connect you to my colleague at the helpdesk? 
 

Yes please 

Estimated waiting time 10 minutes 

Hello, I see you would like to return the shoes you ordered. May I ask what the reason is? 

 
They don’t fit 

I understand. I will create a return label for you. Since you are logged into your account, I will upload the label 
there. You can find it in the returns section of your account. Once you have printed the label, you can use it to 
return the shoes. Your refund will be processed in three working days. I hope this answers your question? 

 

Yes thank you 

Figure 7: A fictitious example of a customer service interaction. (Icons from Freepik.com.)

Both perplexity and AM-FM use external language
models to score fluency. Additionally, they operate at
the sentence level. One can therefore wonder how these
metrics can be applied to our example as the answers of
the chatbot are predefined. In theory, these metrics can
be applied in the design phase, however, intuition of the
designer might be an equally effective measure for flu-
ency. BLEU on the other hand does consider to some
degree the context as the human-generated reference
answers are typically context-dependent. However, in
the case of the pre-scripted example the answers are
already human-generated and therefore can be consid-
ered the reference data.

(4 + 5) As became evident from the discussion above,
automatically evaluating fluency in this context is prob-
ably not meaningful as the responses are pre-defined.
As described above, in some cases human evaluation is
used to determine the fluency of chatbot utterances. In
the case of this example, humans wrote the pre-defined
responses. However, a chatbot is not static and con-
tinuous development is needed to keep it up-to-date.
Therefore, designers need to keep fluency in mind when
refining and creating responses.

Effectiveness (1) measures the extent to which the
system achieves its intended results, also consider-
ing the process of achieving that result (which relates
closely to efficiency).

(2) In the literature review, time needed to complete
the task and the correctness of the task were for exam-
ple used to assess the dialogue systems effectiveness

(Okanović et al., 2020; Tsai et al., 2022). Time needed
can also be applied as a measure of efficiency, how-
ever the combination with correctness of the final task
aligns it closer to effectiveness. Effectiveness is some-
times also measured by employing questionnaires. For
this example, only the time needed might not be a suf-
ficient indication of effectiveness as there is also a han-
dover to a human employee. Therefore, obtaining the
users’ perceptions of effectiveness might be a valuable
addition.

(3) In our example, time needed to complete the
task is quite long as the chatbot needs to handover to
an employee. Eventually the employee is able to solve
the user’s request. However, the chatbot is not able to
do this so we could argue that the chatbot is not very
effective. Companies also often measure effectiveness
based on these handovers. This is what is often called
the escalation rate. 22 The less escalations to a human
employee, the more effective the chatbot is. However,
this might not in all cases be a good measure of effec-
tiveness. Some users might have left the chatbot early
without having their problem solved. These users are
not counted as escalations, although the chatbot was
not able to handle their request. In these cases the chat-
bot’s effectiveness is still low.

(4 + 5) In the case of our example one can wonder
if it is an effective conversation if we base effective-
ness on the time needed. Therefore, it might be im-

22See for example the KPI in the Microsoft Bot dash-
board https://learn.microsoft.com/en-us/dynamics365/customer-
service/use/oc-bot-dashboard?tabs=copilotstudiodashboard.
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portant to also get the user’s perceptions on the topic.
In our review we saw that measures like time are some-
times combined with a questionnaire item. Pricilla et al.
(2018) for example combines the number of tasks a user
was able to complete with a questionnaire item that
asks the user to rate how effective the system was to
use. In the case of our example this question could be
interpreted in multiple ways. Maybe participants find
the chatbot effective because it hands over, maybe oth-
ers would find this not effective at all. Therefore, the
results of such a single item might be slightly hard to
interpret. This means that multiple items need to be in-
cluded, the item needs to be specified, or the user needs
to provide a explanation with their rating.

Satisfaction (1) was also discussed in Section 3.1.
With satisfaction one can measure if users are satisfied
with the conversation, an utterance and/or the system
as a whole.

(2) In our literature review satisfaction was only
measured by means of human evaluation (see Sec-
tion 3.2). However, there have been attempts to auto-
matically predict user satisfaction, for example by mak-
ing a prediction model based on human-annotated data
(e.g. Sun et al. 2021; Lin et al. 2024). Nevertheless, one
can wonder if satisfaction can be thoroughly measured
automatically from a conversation such as the one in
Figure 7. This conversation might not be rich enough
to measure a construct like satisfaction (for a discus-
sion of conversational richness and measurement see
Van Miltenburg et al. 2025).

(3) In this example the customer remains quite po-
lite, but at the same time the customer might not be
very happy with the chatbot’s performance. There-
fore, we can argue that human evaluation of satisfac-
tion is necessary. Two existing scales (as discussed in
Section 3.2) were used in the literature we discussed:
the System Usability Scale (SUS) (Brooke, 1996) and the
Questionnaire for User Interface Satisfaction (QUIS)
(Chin et al., 1988). In this case we should check how
well the questionnaires line up with our chatbot and
what we intend to measure with satisfaction. If the fo-
cus in on the interface we could opt for the QUIS, if
the focus is broader (which would be the case in this
example) we could opt for SUS. In Section 3.2 an exam-
ple item of the SUS was already mentioned: ‘I thought
the system was easy to use’. Some of the items might
need to be adapted to the current situation, for exam-
ple by changing system into chatbot. As mentioned be-
fore, this construct is multi-faceted and we would ex-
pect multiple items in this case for measuring satisfac-
tion. At the same time, next to only rating these items
on a scale we would like to add open-ended questions
if possible to elicit why for example the system was (or
was not) easy to use. This would give more directions

for improving the chatbot.
(4+5) Regarding the example conversation, we could

imagine that the user would be satisfied at the end of
the conversation. After all, the employee was able to
help the customer with the query. But if the focus
is purely on the functioning of the chatbot, the cus-
tomer would not be so satisfied any more – the em-
ployee saved this conversation. The handover option is
probably preferred over an error. Therefore, it would
be good in this case to at least split the satisfaction
with the overall conversation from the satisfaction with
the chatbot conversation. It is therefore important to
phrase the questionnaire items accordingly to empha-
sise that it concerns satisfaction regarding the chatbot.

Conclusion This example shows that it is important
to first determine what constructs need to be measured.
For this case study we chose three constructs that were
measured differently in literature but might not be the
most informative in a certain context. Next, it is impor-
tant to consider how these constructs should be mea-
sured and in what phase of the development. A con-
struct like fluency should be tackled in this case maybe
even before deployment and during the iterative devel-
opment process, while effectiveness can only be mea-
sured after the conversation has taken place. Addition-
ally, when conversation logs are used, it is important
to consider what can actually be measured from these
logs. This example shows that there is not one universal
evaluation approach, but that the choice for the con-
structs and metrics depend on the domain and context
of the system. With the steps outlined in this section
we hope to provide a starting point for researchers and
practitioners for evaluating their dialogue system.

6 Key Challenges of Applying
Evaluation in the Customer
Service Domain

Different domains all have specific characteristics and
thus use (and need) different constructs and subse-
quently different evaluation metrics. In this section
the customer service domain is again used as a case
study to show the importance of taking into account
the context in which a system is employed. In cus-
tomer service, chatbots are increasingly employed and
constantly under development (both in scientific and
practical settings). Costello and LoDolce (2022) predict
that by 2027, chatbots will become the primary commu-
nication channel for a quarter of organisations. There-
fore, there is a need to create an overview of evaluation
methods and constructs for this task-oriented domain.

Within customer service, dialogue systems do not
just interact with users to answer their questions or
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help with basic tasks (i.e., task-based systems), but
they also serve as brand ambassadors (see Harris and
de Chernatony 2001 for a discussion of this concept).
Both users and organisations perceive customer service
chatbots as an extension - and sometimes even as a
(partial) replacement - of the human customer service
agent with whom (potential) customers could chat or
call (Zhang et al., 2023). Thus, whatever these systems
do also reflects on the corporate image of the organi-
sation that they serve. Bad experiences with a dialogue
system may give (potential) customers a bad impres-
sion of the organisation as a whole (Liebrecht et al.,
2024).

In addition, customer service chatbots have a set
of characteristics that distinguish them from other
chatbot contexts like health care or social chatbots.
Users look for an efficient conversation (Brandtzaeg
and Følstad, 2018). They expect to be assisted in
a friendly, often human like, manner (Liebrecht and
van der Weegen, 2019; Liebrecht et al., 2021). In all
cases, a user (customer) has a certain task that needs
to be accomplished with a (task-based) chatbot (Zhang
et al., 2020b). Often the conversations are text-based
and last several turns until the query of the customer is
answered (or if unsuccessful, the conversation results
in a breakdown; see Braggaar et al. 2024). When the
conversation is finished, the customer has formed an
opinion not only about the dialogue system itself but
often also about the organisation that the chatbot rep-
resents. Pavone et al. (2023) for example show that cus-
tomers blame the company more for negative outcomes
than the chatbot itself. Thus, as good evaluations of or-
ganisations are important for their image, negative user
experiences of a customer service chatbot conversation
should be avoided.

Figure 8 provides a general model of customers in-
teracting with a chatbot that acts on behalf of an organ-
isation (see Fitrianie et al. 2020 for a similar model on in-
teractions between humans and artificial social agents).
The customer accesses the chatbot with a particular set
of goals that they would like to achieve, and the chat-
bot is designed to help the customer achieve (a subset
of) those goals, as a means to lighten the load on the
human customer service agents. Those agents and the
chatbot collaborate to provide customers with the best
possible service, to create a positive impression of the
organisation.23 We can see the different constructs that
have been discussed so far as relating to our general
model of chatbot interaction. Specifically: most met-
rics either focus on the intrinsic qualities of the chatbot,
or the user’s opinion of the chatbot. This leaves open
many research questions about the rest of Figure 8. No

23Of course, at the organisation itself there are also different stake-
holders involved in the development, maintenance, and day-to-day
operation of the chatbot. We will not discuss these in detail, to avoid
further complication.

papers in our sample looked into the experiences of hu-
man support agents, or into the user’s opinion about
the organisation represented by the chatbot. At the
same time, researchers in communication science and
human-computer interaction are building up a body of
knowledge about the different relations illustrated in
Figure 8. We believe it would be very useful to build a
connection between NLP and these neighbouring fields.
To this end we provide some pointers below.

6.1 The Relation between Users and
Chatbots

Now organisations increasingly implement chatbots in
their customer service, and customers are at the first
instance exposed to this automated interlocutor when
seeking for online assistance, it is of great importance
that customers accept the technology. Several exist-
ing theories describe which factors impact users’ accep-
tance of new technologies.

The Technology Acceptance Model (Davis, 1989,
TAM) is a widely used theoretical framework that seeks
to explain and predict how users accept and use new
technologies. It is based on the premise that the per-
ceived usefulness and perceived ease of use of a tech-
nology are key factors influencing its adoption - in this
literature review we saw that both constructs were also
distinguished as relevant measures for the evaluation
of task-oriented dialogue systems.

Over the years, several extensions of TAM were pre-
sented to provide a more comprehensive understand-
ing of technology acceptance, such as TAM2 (Venkatesh
and Davis, 2000), the Unified Theory of Acceptance and
Use of Technology (Venkatesh et al., 2003, UTAUT), and
subsequently UTAUT2 (Venkatesh et al., 2012). The the-
oretical models distinguish additional predictors of per-
ceived usefulness and ease of use, such as job relevance
(the extent to which the user believes the system is
suitable for the job; Venkatesh and Davis 2000), out-
put quality (the perception of the system’s ability to
perform specific tasks; Venkatesh and Davis 2000), and
hedonic motivation (user’s experience of joy and play-
fulness; Venkatesh et al. 2012). These predictors can be
related to evaluation constructs identified in the cur-
rent literature review, such as competence, usefulness,
and enjoyment.

Theoretical models on technology acceptance thus
provide both (NLP)researchers and chatbot developers
grip on the constructs to (systematically) focus on when
evaluating a task-based dialogue system to gain insight
into the relation between user and chatbot.
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Consults

Customer supportCustomer Organisation

Represents

Responds

Responds

H
ands over

Forms opinion about

Figure 8: A general model of customers interacting with a chatbot that acts on behalf of an organisation. By interacting
with the chatbot, customers form impressions and opinions about both the chatbot and the organisation. Some con-
versations cannot be handled by the chatbot alone, and should be handed over to a human agent who then responds
to the customer. (Icons from Freepik.com.)

6.2 The Relation between Users and Or-
ganisations

In the field of communication science, several theoreti-
cal models have been developed that describe how peo-
ple’s initial expectations towards e.g., an organisation,
a product or service, or a communicative utterance, can
impact their final satisfaction and subsequently their
continuance intentions.

One of the theoretical models that can describe the
relation between user and organisation in the current
study’s context, is the Expectation-Confirmation The-
ory (Oliver, 1980, ECT). The ECT originated in consumer
behaviour research and describes how expectations and
(dis)confirmation of these expectations of e.g., an or-
ganisation’s service performance can impact users’ sat-
isfaction. The theory has been applied to various tech-
nology adoption contexts, among which chatbot re-
search. ECT unfolds through four stages (Oliver and
DeSarbo, 1988):

1. Applied to the context of chatbot research, the
first stage describes users’ expectations about the
technology prior to using it. With regard to user
expectations, for example, it has been known that
they can be shaped by several social characteris-
tics of the chatbot such as conscientiousness, per-
sonalisation and emotional intelligence (Chaves
and Gerosa, 2021). Also in the subsequent stages
of the ECT, several constructs that have been
identified in the current literature review can be
applied.

2. The second stage describes the usage of the tech-
nology itself, which is influenced by these ex-

pectations. If a notable disparity arises between
the actual performance and user expectations,
perceived performance adjusts in accordance (ei-
ther increasing or decreasing) with those expec-
tations.

3. In the third stage, the perceived performance ei-
ther aligns with or contradicts user expectations.
This has been shown by, for example, Khadpe
et al. (2020) who on the basis of three studies
state that projecting a chatbot’s competence can
be beneficial to attract new users, but should be
corrected quickly during the real chatbot interac-
tion to avoid discardance.

4. Finally, in the fourth stage, user satisfaction is
impacted by the interplay of user expectations
and perceived approval levels, with satisfaction
increasing when user expectations are met. Sat-
isfaction, in turn, could impact other percep-
tion measures, such as the user’s intention to re-
use the chatbot in the future (e.g., Ashfaq et al.
2020), loyalty towards the organisation (Cheng
and Jiang, 2020), and purchase intention (Jiang
et al., 2022).

The takeaway here is that the different constructs
mentioned above are all related through a general the-
ory of human behaviour. Some are related because they
can be subsumed under a more general construct, while
others are causally related. For example, if someone is
satisfied with a chatbot they are more likely to stay
loyal to the organisation and use the system again in
the future. Our impression is that NLP researchers are
mostly focused on measuring performance, and they
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1. Define the construct of interest. Try to ground the definition in the literature on the topic (e.g. linguistics
or psychology).

2. Motivate your choice of constructs (why are they relevant?) and show how those constructs relate to
each other.

3. Think about the operationalisation of the construct. How do your metrics align with the definition of
the construct? Which aspects does it capture?

4. Maximise the comparability of your measurements by using established metrics, but remain critical
about their operationalisation.

5. Be detailed and specific. Make sure readers (readers of your paper and evaluators) don’t need to fill in
any details themselves. Be clear in your formulations.

6. If possible, share your materials, such as the used surveys or the code for automatic metrics. For human
evaluation, you could for example use the human evaluation data sheet (HEDS) (Shimorina and Belz,
2022).

7. Focus on generalisability. Reflect on how the evaluation generalises to other contexts/situations.
8. Make your evaluation outcomes public and reflect on your outcomes and methods. This enables scholars

to compare results and develop validated measures.

Table 4: Recommendations for evaluation of dialogue systems.

spend relatively little time discussing how different per-
formance measurements may be related.24

Existing theory may also help us see whether any
constructs may be overlooked in the literature. Pre-
vious work focusing on customer service interactions
already described some quality measures. Lewis and
Mitchell (1990) describe five quality measures (based on
work by Parasuraman et al. 1988): tangibles , reliabil-
ity, responsiveness, assurance, and empathy. Four out
of five are directly found in this review, only tangibles
(which concerns physical attributes and facilities like
the employee) is not clearly found. Ghosh and Mandal
(2020) distinguish nine different constructs (or dimen-
sions) that are important in a webcare context (a written
human-human service context). Some of these such as
coherence and assurance are also found in this review,
others such as ownership are not found in this selection
of literature. Previous work focusing on customer ser-
vice in general can thus also help define constructs of
interest from their more general customer service per-
spective.

6.3 The Relation between Human and
Automatic Customer Service Agents

Next to the interaction between users and dialogue sys-
tems, Figure 8 also shows how human customer service
agents are impacted by automation: after the dialogue
system triages the customer’s request, the interaction
may be handed over to human agents. This shows that
not only users, but multiple different groups of peo-
ple are involved in the development and usage of the

24Work on ethics and AI safety may be the exception here; by the
nature of this area, one has to consider the impact of technology on
both individual humans as well as on society as a whole. See Aber-
crombie et al. (2023) for a recent example.

chatbot. Customer service managers, conversational
designers and human agents are all involved with the
system, and all of these groups have different perspec-
tives when it comes to evaluation (Martijn et al., 2024).
Different perspectives thus might need a different focus
when it comes to evaluation. For a full understanding
of the performance of a dialogue system, organisations
should also evaluate for example the customer service
agents’ impressions of and experiences with the sys-
tem. Improving handovers between dialogue systems
and human agents may also involve summarising the
conversation so far, which can either be framed as a
separate task (dialogue summarisation, see Feng et al.
2022) or as part of a conversation with the human agent.

7 Limitations of this Review

No review can ever be fully exhaustive, and our review
is similarly limited. We aimed for a transparent selec-
tion procedure of the papers, so that our process is re-
producible and gaps in our review are easier to identify.
As a consequence of the scale and nature of this project
(manually analysing all selected publications), our main
selection of papers is limited to those published up to
2021. We have addressed this gap by discussing newer
developments with respect to LLMs. Nevertheless this
paper provides an elaborate overview of most, if not all
constructs that are currently being considered in the
literature. Furthermore, we focus explicitly on a critical
analysis of construct definitions and their operational-
isations. This method is timeless and can be applied
to all constructs, either already used in literature or
newly defined. And although the technology is evolv-
ing rapidly, the development of theory on dialogue sys-
tems evolves at much slower pace. Multiple experimen-
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1. How do existing constructs relate to each other?
2. Can the set of constructs be reduced to a smaller set? See for example Fitrianie et al. (2020) on creating

a list of unifying questionnaire constructs.
3. How reproducible are different evaluation metrics?
4. How can we overcome terminological confusion with regards to the definition and operationalisation of

constructs?
5. How do automatic metrics relate to human evaluation? Can we automatically predict human ratings?
6. How do we know that participants’ ideas about a construct correspond to our notion of the construct?
7. Different questions are used for the same construct. What effect do different formulations have on the

outcomes?
8. Are new metrics/constructs needed with the advent of LLMs?
9. How can we overcome concerns around the validity and reliability of evaluation using LLMs?

10. How do already developed constructs and metrics line up with existing research in a certain domain
such as customer service?

11. Can we predict how users/customers react to a dialogue system based on the existing evaluation meth-
ods?

12. How do objective measures correspond to “perceived” measures of a construct?
13. What are the current practices and assumptions among dialogue system researchers with respect to

evaluation? Similar to Zhou et al. (2022), who explore this for NLG evaluation, an overview can be made
for dialogue system evaluation.

Table 5: Outstanding questions for the evaluation of dialogue systems.

tal studies are needed to test the hypotheses about how
different constructs relate to each other.

We were also limited by the amount of documenta-
tion provided by the authors of the papers in our se-
lection (the lack of clarity in papers is also reported
by Howcroft et al. 2020). Where some papers were ex-
tremely detailed and all information could be easily ex-
tracted, other papers were not. We have tried to obtain
all possible information from the papers (such as con-
struct names, definitions, metrics), but this sometimes
proved to be a difficult task.

Because of space constraints, we have not been able
to discuss all 109 constructs. Our goal with this re-
view was not to be exhaustive (that would have been
impossible and this paper would have become unread-
able), but to give an outline of a general method to crit-
ically analyse the operationalisation of any construct.
Nonetheless, an overview of all constructs can be found
on OSF.

8 Conclusion and Future Direc-
tions

We set out to provide a systematic review of evalua-
tion methods that are used to assess the performance of
task-based dialogue systems. Our results show a wide
diversity in both constructs that are considered and
evaluation methods that are used in the evaluation of
dialogue systems. Next to the diversity in approaches,
we also found inconsistencies in the terminology used

to refer to different constructs, missing definitions, and
an overall lack of detail in the description of the evalu-
ation procedures. This made comparing papers a chal-
lenging and time consuming task. To be sure: it should
not be this hard to determine whether two studies look
at the same or different constructs. Moreover, it should
be straightforward to understand and build on evalua-
tion procedures used in previous research. This problem
is not unique to NLP; transparency and reproducibility
are recurring themes in the Open Science movement.25

We are hopeful that in the future researchers will work
towards improved reporting standards. To this end we
have provided some recommendations in Table 4.

In Sections 3.3 and 4.5 we have discussed recent de-
velopments concerning the usage of LLMs. These sec-
tions reflected on the potentials of using LLMs to eval-
uate systems with LLMs. In the context of evaluation,
we discussed the current state of research and possible
problems with validity concerning the usage of LLMs.
We argue that, although LLMs give us many new op-
tions to build and evaluate task-oriented dialogue sys-
tems, the constructs identified in our review remain rel-
evant. The arrival of LLMs has just meant that some
constructs have become more relevant (hallucination,
repetition), and there are more ways to operationalise
a construct of interest.

Looking at task-oriented dialogue systems at a high
level (as in Figure 8), it is clear that there is space
for more discussion and innovation regarding the more

25For further reading on the Open Science movement, see for ex-
ample Spellman et al. (2018).
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practical applications of evaluation. Our review shows
that virtually all attention in the NLP literature goes to-
wards the relation between users and chatbots. But at
the same time, there has been an increase in the re-
search about dialogue systems in the customer service
domain. We have argued that research in NLP could
very well align more with this research. As a field we
could at least learn more about theory that has already
been developed by scholars in marketing, communica-
tion science and human-computer interaction. For ex-
ample, are we able to relate evaluation metrics devel-
oped by NLP researchers to variables that are theoreti-
cally significant to communication scientists? And are
we able to predict the real-world reactions of customers
to a deployed dialogue system?

If anything, our review shows that there are still
many outstanding questions regarding the evaluation
of dialogue systems. Table 5 provides an overview of
the outstanding questions arising from this review. We
hope that these will be helpful to guide future research
towards a more integrated account of task-oriented di-
alogue system evaluation.
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van Stigt, Marcos Treviso, Luisa Coheur, José G. C.
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