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Abstract: - Usage of chatbot platforms is acquiring great attention at all levels of education. Human-chatbot
interactions generate huge amounts of data which are a valuable source of information, when properly analyzed
by means of data and text mining. One of the most challenging tasks in the mining process is the selection of
the appropriate algorithm for a data set at hand. This is a complex task and depends on characteristics of the
dataset used in the analysis. Those characteristics are formalized through meta-features. In this paper, we
identified meta-features of chatbot and survey data. As a case study, we evaluated two data sets and identified
their general meta-features along with discussion. This is, to the best of our knowledge, the first examination of
meta-features for chatbot interactions data and their comparison with survey data.
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1 Introduction Inspired by these efforts, we are taking a step
forward, and providing  description and
During the past few years, chatbots, which engage character!zation of chatk_Jot dgta. l_:irst step in the
users in conversation to find out their opinions, have characterization process is to identify meta-features
been adopted for a wide variety of applications [1]. for meta-learning. So far, meta-learning has been
Among various chatbot applications, a promising used in general, on publicly available datasets. Most
one is conducting interviews with students. Chatbots of the research papers are focused on the analytical
serve as a tool for giving feedback to the students system design, experimental methods or survey
[2], and have been also used as a new channel of methods [11]. There are only a small number of
collecting feedback from students. They are less papers (e.g. [12]) tackling the educational domain.
time and resource-demanding from traditional Among that, we have not found any papers that
surveys [3]. So far surveys have been widely used, tackle r_net_a—learnmg anq meta—featu_res of_ chatbot
although their application has several limitations data within the educational domain. Given the
such as low data quality in the open-ended questions challenges mentioned above, we focus on the
([4]; [5]). To overcome these limitations individual ~ Chatbot data meta-features and their comparison
interviews are used to gain deeper insights [6]. with tradl_tlonal survey data. Ou_r mvestlga_tlon has a
Recently, chatbot is receiving attention among goal to discover if there are_dlffere.nces in general
practitioners and researchers as a potentially met:fl-_features of chatbot mtefactlons data and
valuable tool comprising advantages from traditional survey data. \To achlt_eve that g(_)a_l, we
qualitative and quantitative evaluations. Their evaluated both: chatbots™ data with 82 participants
capability of communication with users through and survey data with 50 participants, both from
natural language interaction interfaces serve as University of Zagreb, Faculty of Organization and
excellent basis to overcome challenges [7]. There is Informatics. Both evaIL_Jatlons were focused on the
a small number of papers focusing on the education students’ course evaluation.
[8], especially research papers researching chatbot The rest of the paper is organized as follows. In
usage on students' evaluation of the course ([9], Section 2, data is explained and the process of
[10], [3]). collecting both chatbot and survey data. In Section

3, an overview of meta-learning is given. The meta-
features are defined and explained. Section 4
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Section 5 summarizes our work, outlines directions
for future research and ends in discussing how meta-
features

2 Literature review

Our work is related to research in three areas:
chatbots in higher education, survey data in higher
education and meta-learning in data mining. All are
explained in the following three subsections, with
the focus of the paper on the first one.

2.1 About chatbots and chatbot data
Depending on the main use of the chatbot data can
be stored in different ways. Most chatbots have a
database which provides the basis for their output.
Educational chatbots are still in an early phase of
artificial intelligence teaching assistants and thus
provide different ways of providing answers to the
users, mostly students [13]. Some chatbots use
predefined entries, while others employ keyword
recognition, closed type decision trees or simple
database searching and matching algorithms [14].
While in the public domain some rely on an open
data approach, others are focused on privacy and
confidentiality, thus using proprietary code [15].
Chatbots are used in different fields, and education
is just a small fraction of their general use. When
considering all fields, the most common chatbot
type in published research papers is CALM-
Systems, followed by Mobile Chatbot, FIUTEBOT
and NDLtutor [11].

Chatbots rely on their data but can also be trained by
different datasets to improve their effectiveness [8].
Some chatbots employ text-mining techniques to
increase interpretation quality of user inputs.
Additionally, they can use event sequence analysis
to further increase the quality of the interpretation
[16].

Some results indicate that chatbots which apply
humanization techniques provide higher data quality
in the context of self-disclosure and social
desirability bias [17]. In the higher education
context chatbots should have a character, consistent
responses, delve into a topic and have some
understanding of factors related to a culture [18].
Most of the papers do not describe chatbot data in
detail, nor do they provide detailed information
about its structure or storing techniques.

2.2 Chatbot and survey data comparisons

Literature review indicated few approaches to
examination of chatbot and survey data. Celino and
Calegari [19] investigated the effectiveness of a
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conversational survey in comparison to a traditional
questionnaire. Their results showed that users prefer
conversational form over a traditional approach and
that, from a data collection point of view, the
conversational method shows higher response
quality with respect to a traditional questionnaire.
Yet another perspective is informativeness and
clarity of the responses. Xiao et. al. [20] performed
research of quality responses measured by Gricean
Maxims in terms of their informativeness,
relevance, specificity, and clarity. Their conclusions
indicated a high level of participant engagement
when applying for a chatbot survey. However, they
indicated several drawbacks and provided
guidelines for creating Al-powered chatbots to
conduct effective surveys. Athreya, Ngonga Ngomo
and Usbeck [14] introduced the DBpedia Chatbot, a
knowledge chatbot developed to optimize
interaction. The bot was designed to facilitate the
answering of recurrent gquestions.

Recent paper of Rhim et. al [17] introduced
humanization survey chatbot, which is another level
of improvement. Authors compared how applying
humanization techniques to survey chatbots can
affect survey-taking experience in three aspects:
respondents' perceptions of chatbots, interaction
experience, and data quality. Regarding data quality,
authors reported better results in the terms of self-
disclosure. Te Pas et al. [21] also compared the user
experience of a chatbot questionnaire with a
traditional questionnaire.

Literature review showed comparisons of chatbot
and traditional survey from different perspectives:
response rate, informativeness or relevance.
However, we did not find any paper tackling this
issue from the perspective of data quality measured
and characterized by meta-features.

2.3 Meta-learning and meta-features

Meta-learning is the process of learning from
previous experience gained during applying various
learning algorithms on different kinds of data and
hence reducing the needed time to learn new tasks
[22]. Main idea of meta-learning is to exploit the
knowledge gained out of previous data analysis
experience [23] and to use this experience of
previous experiments to learn how to improve
automatic learning and recommendation of
algorithms. Meta-learning consists of three steps: (i)
to establish a meta-learning space using meta-data
comprising of meta-features and a performance
measure (meta-response) for machine learning
mining algorithms particular datasets [23], (ii)
developing meta-model out of the meta-dataset
constructed in the first phase, (iii) predictive meta-
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model from second step is used to predict the
performance of an algorithm.

Meta-learning success depends on the input, meta-
features used to describe the given problem. Finding
appropriate meta-features which explain specific
tasks well is a basic problem of meta-learning [24].
Vanschoren [25] 40 meta-features grouped into Six
categories: simple, statistical, information, model-
based, and landmarkers. Simple measures are
commonly known and easily extracted from data
[26]. They are also called general measures [24].
Those measures are [25]: Number of instances,
Number of features, Number of classes, Number of
missing values, Number of outliers. Statistical meta-
features give information about data distribution:
average, standard deviation, correlation, and
kurtosis. Statistical measures are used only for
numerical  attributes Those  measures are:
Correlation, Covariance, Concentration, Skewness,
Kurtosis, ANOVA p-value, Coefficient of variation,
Sparsity, Gravity, PCA 1, PCA skewness, PCA
95%, Class probability. Information meta-features
are from information theory. Information measures
are based on entropy, and they are used for
categorical attributes. Those measures are Mutual
information, Class entropy, Uncertainty coefficient,
Equivalent number of features, and Noise-signal
ratio. Model based features and landmarkers are
specific groups of meta-features which depend on
the modeling algorithm used in the data analysis.
Since this paper is focused on data characterization,
and modeling is not performed, those two groups
are not subject of the investigation in this paper.

3 This research
3.1 Research design: research questions and
methods

Aim of this paper is to research meta-features of
chatbot and survey data. Research design is
constructed around the first three steps of the CRISP
DM process for data mining. CRISP DM consists of
six steps: (i) domain understanding, (ii) data
understanding, (iii) data preparation, (iv) modeling,
(v) evaluation, (vi) deployment. Domain
understanding is described through literature review
in section 2. Data understanding and data
preparation are presented through research results in
section 3. Modeling, evaluation and deployment,
refers to model development and usage of the results
in real-world scenarios, and those steps are not part
of this research.
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By using above described methodology and data,
following research questions are addressed:

RQ1: What are general and information-based meta-
features of chatbot interactions data?

RQ2: What are the differences in general and
information-based meta-features between chatbot
interactions data and traditional survey data?

3.2 Research data: chatbot data from the
EDUBOTS project and the faculty's survey
In order to answer to the aforementioned research
questions, we compared data from two different
sources: i) a chatbot Hubert which was investigated
within the project EDUBOTS [27], and ii) a
faculty's survey which is conducted each semester at
the Faculty of Organization and Informatics from
the University of Zagreb [28].

One of the goals of the project EDUBOTS (Best
practices of pedagogical chatbots in higher
education) was to document best practices for the
use of chatbots in higher education, by introducing
two chatbots into university courses: a chatbot BO
within the chat application Differ [29] and a chatbot
Hubert [30], a web application with integrated Al
algorithms developed to automate recruiting process
but also for gathering opinions in the form of the
survey with open-ended questions.

In our research Hubert was used to provide students
with more responsive and entertaining means for
collecting their opinions about the university course.
Educators at three courses created an evaluation for
their course by using a customized educational
template in Hubert. The template consisted of
several main questions that were asking the
following: 1) What is working well on
(course_name) and should it continue in the same
way? 1) What could teachers start doing, that would
improve it? I11) What could teachers stop doing, that
would improve (course_name)? 1V) What is your
overall experience of (course_name)? Please write a
sentence or two. V) Do you want to add something
more [3].

Students were provided the link to the course
evaluation in Hubert and were asked to respond in
the form of the sentence in English language.
Subquestions were asked from the Hubert side if it
did not understand the student's answer (Figure 1).
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Anonymous feedback chat

Alright. & By the way, just say "go back" and
correct me if | misunderstand you.

What could Dijana Plantak Vukovac stop doing,
. that would improve predmet OTIS?
stop finish the lab exercise 1 min late
Hubert
| understand...
What could Dijana Plantak Vukovac start doing,
. that would improve it?
use differ more often to explain
excercise
Hubert

Okay

I've got 3 more things I'd like to ask you
about

What is working well with predmet OTIS and
. should continue in the same way?

Figure 1. Conversation in Hubert for course
evaluation

All conversations related to one course could be
downloaded in the form of a transcript in a .txt file.
In addition, collected answers are visualized in a
Hubert evaluation dashboard, in the form of
numerical data and graphs. Data are also classified
according to the positive or negative tone of the
answer (see Figure 2).

Detailed question report

Show help (T Common words

related 1o continue
curriculum
interesting

lessans
structured
subjects
topies
teaching
units

(33.3%) of which 50%

exercises
explaned
good
possibility
colleting
exira

points
theary
ecanamics
students
don
classes |
practicat
nature |
refreshing
learned
basic

I ke the Curriculum PLANNING . Lessons ore
and fepics susject

well structured PLANNING . Interesting INTERESTING  subjects SUBJECT skills
future

All the teaching units are very inferssting INTERESTING |, the |exercises EXERCISES | (1-7) are well explaned, its good that
there is a passibilty of colleting of extra points

yes

For me, everything is ok, maybe less theary THEORT/PRACTICE EOEINE) Licotn @

Figure 2. Data visualisation in Hubert
The second set of data is from the faculty's survey

about perceptions of the students about the course
quality and its delivery in the online environment.
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This survey was introduced in summer semester
2019/2020 after all teaching was shifted to the full
online in both asynchronous mode (Moodle, video
lectures etc.) and synchronous mode (e.g.
videoconferences and chats with the students) due to
COVID-19 pandemic. The survey is now used
regularly in each semester to evaluate every faculty
course and its teaching quality, to identify trends
and room for improvements.

The survey consists of 27 questions grouped into the
following categories: 1) course organization and
communication, Il) teaching materials on LMS, 111)
knowledge and skills assessment, and V) delivery
of the course. Students rated their opinions about the
course on the Likert scale from 1 (totally disagree)
to 5 (totally agree) or selected a single or multiple
response from a predefined list, but also had the
opportunity to provide the answers to four open-
ended questions. Figure 3 shows the example of the
data visualization of the answers to two questions

from the category Course organization and
communication.
Sve moje obaveze i rokovi na predmetu jasno su definirani.
16

16

14

12

10 8

8

6 5

4 2

2 0

1}

U potpunosti se ne slaZem (1) Me slazem se (2)
Miti se slaZzem niti se ne slaZem (3) SlaZem se (4)
U potpunosti se slazem (5)
U komunikaciji s nastavnikom na predmetu koristim: (viSestruki odabir)

16 15

14 13 12

12

10

8 T

6 5 4

o |

Nisam bila/bio svjesna/tan mogucénosti komunikacije s nastavnikom
Nisam imao potrebe Koristiti Samo komunikaciju na nastavi Mail

Forum Chat [0 Online konzultacije putem BEB/Zoom/Teams

I Konzultacije uzivo

Figure 3. An example of data visualisation in FOI
Students surveys

In the section 4, research results are presented with
an aim to answer research questions.

Volume 19, 2022



WSEAS TRANSACTIONS on ADVANCES in ENGINEERING EDUCATION

DOI: 10.37394/232010.2022.19.3

4 Results

Meta-learning process consists of the: (i) data
collection, (ii) data understanding activities which
are focused at detecting data quality. Two datasets
are presented in this paper: one collected with the
chatbot Hubert within the EDUBOTS project and
the second one collected with the classical survey.
First dataset consists of chatbots® data with 82
participants, students which were asked to evaluate
the course. Second dataset consists of survey data
with 50 participants, students which were asked to
evaluate the course through a survey questionnaire.
Research was conducted at the winter semester of
2020/2021 academic year (survey data) and summer
semester (chatbot data) of 2019/2020 academic
year. Chatbot data was collected within the
following three undergraduate courses at University
of Zagreb, Faculty of Organization and Informatics:
Software Engineering, Text and Image Editing and
Business Informatics. Via forum messages on
Moodle, students were asked to give feedback and
evaluate the course using chatbot application
Hubert.

Survey data was collected within the following two
courses at the undergraduate level: Knowledge
based systems and Knowledge discovery in data,
and one course at the graduate level: Intelligent
systems.

On the previously explained data sets, meta-features
are extracted. General meta-features include general
information related to the dataset at hand. To a
certain extent they are conceived to measure the
complexity of the underlying problem. Some of
them are the number of instances, the number of
attributes, dataset dimensionality, the ratio of
missing values. Table 1. depicts main meta-features
for both datasets.

Table 1. General meta-features for chatbot and
survey data

Meta-feature | Chatbot data | Survey data

Number of 82 50

instances

Number of 7
attributes

17

Number of 7
categorical
attributes

17

Number of 0 0
numerical
attributes

Ratio 0/7
categorical to

numerical

0/17
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attributes

Number of 15% 22 %

missing values

Statistical meta-features are defined for numerical
attributes since those meta-features describe
attribute statistics and class distributions of a dataset
sample. They include various summary statistics per
attribute like mean, standard deviation, class
entropy, etc. Hereinafter, information based meta-
features are calculated since those features are
intended for categorical attributes, and two datasets
involved in the research consists of categorical
attributes

Table 2. Information based meta-features for
chatbot and survey data

Meta-feature | Chatbot data | Survey data
Class entropy 0.43 0.66
Mutual 0.57 0.34
information
Uncertainty 0.26 0.33
coefficient
Equivalent 1 1
number of
features
Noise-signal 0.17 0.33
ratio

According to information based meta-features,
chatbot data gives more relevant information
(measured by mutual information) and gives less
noise (measured by noise-signal ratio).

5 Discussion

In this section, we provide answers on research
guestions and discuss our results. General meta-
features of chatbot data are: low number of
instances and low number of attributes, higher
number of categorical attributes than numerical, and
low number of missing values (see Table 1, RQ1).
In our sample data, both sets had low number of
instances and low number of attributes. Information-
based meta-features of chatbot data are low level of
mutual information, low level of uncertainty
coefficient and noise-signal ratio (see Table 1,
RQ1). Comparison of chatbot interactions data and
traditional survey data yielded differences in
number of attributes, number of instances, number
of missing values, class entropy, mutual information
and noise-signal ratio (see Table 2, RQ2)
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In this research, we performed data characterization
through meta-features for both human-chatbot
interaction and survey data and provided their
comparison. Our approach focuses on general and
information meta-features with an aim to detect data
guality. General and information meta-features
show higher data quality for chatbot data. In order to
give a broader conclusion, this paper investigated
previous comparisons of chatbot and survey data,
from various perspectives. Some of the previous
research papers on the topic are presented in the
second section of the paper. Our results are in line
with previous research papers investigating a given
topic, but from different perspectives than ours.
Celino and Calegari [19] reported higher response
guality of chatbot evaluations with respect to a
traditional questionnaire. Furthermore, Rhim et. al
[17] showed better data quality of chatbot data
measured through self-disclosure. Our investigation
showed that chatbot data gives more relevant
information (measured by mutual information) and
gives less noise (measured by noise-signal ratio).
Implications of such results provide valuable
contributions. Results indicate that chatbots can
serve as valuable and quality tool for data
collection.

6 Conclusion

Despite recent advances in machine learning, it is
still challenging to find appropriate algorithms for
data analysis. Especially, with a growing body of
data sources emerging every day. Selection of
appropriate algorithms is dependent on the meta-
features of employed data. Thus, meta-features
should be explored and elaborated to characterize a
specific domain. In this research, we focused on
chatbot data and compared it with traditional
sources in the educational domain in order to
understand characteristics of datasets. One group of
meta-features,  general meta-features,  were
investigated to understand data properties. Our
research resulted with the following scientific
contributions: (i) identification of meta-features in
chatbot data, (ii) comparison of chatbot data meta-
features with survey data meta-features, (iii) Since
this is only the first part of the research, it has
several limitations. We have employed only general
and information meta-features into account.
Secondly, only two datasets were included in the
research. In the future research, there will be a
broader number of chatbot datasets to increase the
possibility of results generalization. Furthermore,
other groups of meta-features will be employed in
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order to make a reliable base for meta-model
development.
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