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Abstract—The evaluation of Al educational dialogue systems
for middle-school students has been limited. This study employs a
state-of-the-art Al chatbot that answers students’ questions exclu-
sively based on educator-provided learning materials. Following
an initial assessment by 10 middle-school teachers using the
Chatbot Suitability Questionnaire, we conducted a mixed-method
intervention user study involving 18 middle-school students
to explore usability expectations, knowledge acquisition, and
learning experience. Findings reveal that interacting with the AI
chatbot enhanced self-reported knowledge acquisition, improved
learning outcomes measured by test scores, and maintained
student interest for future use. The chatbot achieved a usability
score of 71.44% (£ 16.28), attributed mainly to its high answer
accuracy and effective interpretation of student input. Error
management emerged as the most critical usability factor.

Index Terms—Cipherbot, middle-school education, conversa-
tional agent, chatbot, AI chatbot, usability

I. INTRODUCTION

Encouraging students to ask questions is essential to effec-
tive learning, particularly in middle-school (MS) settings [1].
Question-based interaction allows students to tailor their learn-
ing experiences and improve retention [1]. However, students
often hesitate to ask questions during class due to factors
such as fear of negative reactions from educators or peers [2].
Educators, on the other hand, face the repetitive challenge
of addressing the same questions multiple times [2]. Some
educators even discourage questions that are mainly factual or
procedural, as these tend to limit opportunities for deeper dis-
cussions and critical thinking [3], [4]. Furthermore, responding
to numerous student inquiries can be time-intensive [5], a
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difficulty compounded in online education where immediate
teacher feedback may be unavailable.

Al chatbots have emerged as promising tools for address-
ing students’ questions through real-time interactions [6]. Al
chatbots may enhance cognitive abilities by supporting critical,
creative, and reflective thinking in class dialogues, although
concerns of their contrary effects also persist [7]. Integrating
Al into classrooms poses challenges, particularly in ensuring
that it enriches learning [8] and meets students’ usability and
user experience (UX) expectations [9].

Research on the usability of Al chatbots in MS education
remains limited [10]. MS students, usually in fifth to eighth
grade, are in a crucial developmental stage, making them
a crucial demographic for Al-based educational tools [11].
Integrating Al into K-12 education has shown positive learning
outcomes [12]. However, the adoption of Al technologies in
these settings is still limited, in part due to educators’ re-
luctance stemming from perceived challenges of implementa-
tion [13]. Therefore, while Al technologies have gained signif-
icant traction in education, there is a lack of understanding of
younger (such as MS) students’ and educators’s expectations
and experiences with Al chatbots in education [14].

Bridging this gap is crucial as MS represents a fundamental
stage in which students form their technological literacy and
learning habits. The MS educational context presents unique
challenges, including age-appropriate content restrictions, the
timeliness of knowledge bases, and response accuracy [15],
making this understanding more vital. Moreover, students’
expectations and understanding of Al chatbots influence their
willingness to adopt such educational technologies [16]. To
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this end, this research investigates what MS educators and
students expect from an educational chatbot, how it impacts
the learning experience, how they assess its usability, and what
attributes they consider most significant. More specifically, we
address the following research questions (RQs):

e RQI: What do middle-school educators and students
expect from an Al chatbot designed for educational
purposes?

e RQ2: How do middle-school educators and students
evaluate the usability of an Al chatbot?

o RQ3: How does interacting with an Al chatbot influence
middle-school students’ knowledge acquisition, learning
experience, and engagement?

We conduct two studies to address these RQs. Study 1
centers on MS educators to gather initial expectations and
validate the chatbot’s design and applicability, aligning pri-
marily with RQ1 and RQ2. Study 2 evaluates MS students’
knowledge acquisition and usability, aligning with RQ3 and
reinforcing insights relevant to RQ1 and RQ2. We employ
a mixed-method approach. Qualitative analysis of interviews
with educators and students addresses RQ1, focusing on their
expectations of Al chatbots. We deploy the Chatbot Usability
Questionnaire (CUQ) [17] to assess the chatbot’s usability,
complemented by qualitative analysis of student interviews to
identify key usability attributes, addressing RQ2. To exam-
ine RQ3a, we quantitatively measure students’ self-reported
knowledge acquisition before and after their study session.
We also explore how the Al chatbot contributes to students’
learning experience (RQ3b) and their future interest in using
Al chatbots for learning (RQ3c).

II. RELATED WORK

Chatbots, also known as conversational agents (CAs) or
Question and Answering (Q&A) platforms, have become
prominent in Human-Computer Interaction (HCI), Informa-
tion Systems (IS), and Education Technology (ET) for their
ability to simulate human interactions, personalize support,
and enhance engagement [18], [19]. They support diverse
educational functions, from instruction to assessment [20],
[21]. Multiple attempts to develop educational chatbots have
been documented [6], [11], evolving from rule-based systems
limited in handling complex queries [22]-[25] to more adap-
tive large language model (LLM)-based systems capable of
natural dialogue and personalized interactions that adjust to
individual learner needs [18], [26].

Recent studies show that educational chatbots can promote
self-regulated learning (SRL) by guiding students’ indepen-
dent learning and promoting active, student-driven partici-
pation [27], [28]. However, integrating these tools into MS
education presents challenges in meeting student expectations
and engagement, key aspects explored in RQ1 and RQ2.

Understanding MS students’ expectations is essential for
designing effective educational chatbots. While research iden-
tifies a range of expectations from emotional engagement to re-
liability [29], few studies focus on MS students’ expectations.
RQ1 addresses this gap by identifying student expectations.

A systematic review of 83 chatbot studies [30] revealed a
focus on simulated interactions with prototypes rather than
existing chatbots, with many chatbots falling short due to poor
design, limited conversational capabilities, or unrealistic user
assumptions [9], [31], [32]. Gathering feedback from real-
world experiences offers deeper insights on expectations and
challenges, central to this study’s focus.

Al chatbots have shown positive impacts on learning, par-
ticularly in higher education [18], [33]-[35], but research in
MS settings remains limited RQ3 addresses how Al chatbots
influence knowledge acquisition, learning experience, and sus-
tained interest in educational technology. While Q&A chatbots
offer personalized, on-demand support [2], their use in MS
education is still underexplored [36]-[38].

Educational chatbot usability is vital for effective learning
integration [39] and directly influences student motivation.
While common tools like System Usability Scale (SUS) [40]
and User Experience Questionnaire (UEQ) [41] often over-
look conversational dynamics, the CUQ offers a more tai-
lored evaluation [17], [42]-[46]. Though originally developed
for healthcare, the CUQ aligns well with chatbot needs in
education [17], [47]. Its strengths in assessing satisfaction,
interaction, and error handling justify its use for evaluating
usability in this MS context and addressing RQ2.

III. METHODOLOGY

This research included two studies to evaluate the Al
chatbot’s effectiveness and usability. Study 1 involved MS
educators (n = 10) assessing the chatbot’s classroom rele-
vance, focusing on its conversational use for MS students.
It addressed RQ1 by exploring educators’ expectations, and
contributed to RQ2 by offering early insights on usability.
Study 2 involved MS students (n = 18) and examined their
expectations, learning experiences, and perceptions of the
chatbot’s usability. A mixed-method approach using surveys,
the CUQ, and interviews provides a rounded perspective to
Cipherbot’s educational value.

A. Cipherbot: An Educational Al Chatbot

In this study, we employ Cipherbot!, a state-of-the-art,
educational Al chatbot [48], [49]. Cipherbot differs from many
other LLM-based applications primarily in its custom-made
design for educational settings. Unlike general-purpose LLM
tools, such as ChatGPT, Cipherbot is specifically configured to
respond exclusively based on educator-vetted learning materi-
als, ensuring that its answers are accurate, age-appropriate,
and aligned with educational standards. This customization
mitigates the risks of hallucinations, a challenge often asso-
ciated with generic LLM-based tools. Additionally, Cipher-
bot integrates OpenAl’s GPT-4, strengthened by a Retrieval-
Augmented Generation (RAG) framework to enhance the
reliability of its responses. These functionalities set Cipherbot
apart from general-purpose Al chatbots, such as ChatGPT, as
a unique educational Al tool to meet the specific needs of MS
students and educators.

Thttps://cipherbot.qcri.org/

Authorized licensed use limited to: Qatar University. Downloaded on February 20,2026 at 06:55:26 UTC from IEEE Xplore. Restrictions apply.

143



2025 3rd International Conference on Foundation and Large Language Models (FLLM)

Al

Large Language

Model (LLM
Student 10:30 AM SK

questions

Upload Learning

Material Cipherbot 10:30 AM

Educator Student

Fig. 1. Cipherbot’s workflow shows an educator uploading learning material
and a student chatting with Cipherbot by asking questions.

TABLE 1
CIPHERBOT CHAT SYSTEM PROMPT.

Instruction

You are a teaching assistant who answers based
on the retrieved documents. You must scru-
tinize the retrieved documents based on the
user’s query language. You must formulate a
response in the same language as the retrieved
documents’ language. You must be capable of
offering answers and explanations in different
languages if requested. If the question cannot
be answered from the given data, be sweet and
apologetic and guide them in the right direction
of what questions can be asked instead.

If the school_level parameter is speci-
fied, you must use the corresponding school
level language, ensuring that the vocabulary
and complexity are suitable for the intended
audience.

Condition
Initial Prompt

School Level

External Unless specified otherwise, you must not use

Knowledge external knowledge beyond the retrieved doc-
uments for your response.

Follow-Up If enabled, with your answer, you must provide

Questions up to three possible contextually appropriate

follow-up questions based on the retrieved
documents.

Figure 1 shows Cipherbot’s workflow. Educators can create
classes (e.g., History), add subtopics (e.g., Al Zubara Fort),
upload materials (PDFs, videos, etc.), and share them via links
or QR codes. Students access resources and engage in dialogue
with Cipherbot, which responds based on uploaded content.

Cipherbot is programmed with conditional instructions that
tailor its responses based on student queries, education level,
and available information. The initial prompt defines the
core behavior of the agent, such as language consistency,
cross-language adaptability, and graceful handling of unknown
answers. Acting as a “teaching assistant”, Cipherbot ensures
that responses are appropriate in tone and context [50]. Table I
displays the Cipherbot system prompt. The parameter School
Level directs Cipherbot to modify language complexity to suit
the audience. The parameter External Knowledge limits Ci-
pherbot from retrieving documents unless specified otherwise.
When activated, the parameter Follow-Up Questions allows
Cipherbot to generate up to three relevant follow-up questions
based on the retrieved documents.

IV. STUDY 1: ASSESSMENT OF THE Al CHATBOT BY MS
EDUCATORS

Study 1 aimed to evaluate the practical use and effectiveness
of the Al chatbot in MS settings. Its two main goals were to
validate the construct of the Chatbot Suitability Questionnaire
(CSQ) and assess whether Cipherbot is an appropriate tool
for MS students. Even though Study 1 provides insights into
teacher expectations, its primary focus is to validate that
the chatbot is suitable for classroom use and that the CSQ
effectively captures relevant aspects of chatbot usability for
educators. This validation sets the stage for additional in-depth
data collection in Study 2.

A. PFarticipants

We recruited 10 subject matter experts (SMEs), experienced
MS educators actively teaching in MS classrooms, through
Upwork, inviting them based on the platform’s profile order.
Only invited individuals could join, with an 80% response
rate and $40 USD compensation. Participants (M age = 34.8,
range = 25-45) included eight from the US and two from
the Philippines (nine females, one male). On average, the
participants had 10.9 years of classroom experience (max = 22,
min = 3, SD = 6.44), with class sizes averaging 31.4 students
(max = 65, min = 15, SD = 14.4), covering diverse grades
and subjects. Participants expressed a positive perception of
the use of Al in education, rating its use by students at 4.0
(SD = 1.25) and by teachers at 4.8 (SD = 0.42) [51].

B. Procedure

We conducted a mixed-methods evaluation of the Al chatbot
with ten MS educators via Microsoft Teams. Each remote
session lasted 40-45 minutes and included a walkthrough
of the same task planned for MS students (see Section V).
Participants engaged in a chat dialogue with the AI chatbot,
asking at least eight questions; four returned to test additional
queries or the system’s error-checking capabilities.

After the task, participants completed the CUQ [17] to as-
sess usability and the ten-item CSQ (see the Appendix), mod-
eled after the SUS [40], to evaluate perceived MS classroom
suitability. The CSQ covered three constructs: Interface and
Design (3 items), Language and Communication (3 items),
and Interest & Beneficial (4 items). The scores were scaled to
a 100-point maximum.

Participants followed a think-aloud protocol throughout the
study, including during surveys [52], providing real-time in-
sights into their experiences, needs, and challenges with the Al
chatbot [53]. They also answered open-ended questions about
potential classroom use and attitudes toward Al in education.

C. Results of MS Educators Study

To analyze the qualitative data, we used thematic analy-
sis [54] on the think-aloud transcripts, applying a line-by-line
open coding process. Two researchers independently coded
2,207 relevant phrases (excluding administrative comments),
resolving discrepancies through discussion and refining dis-
tinct categories. Inter-Rater Reliability, measured by Cohen’s
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Kappa, was « = 0.81, indicating strong agreement, confirming
the robustness of the thematic coding.

Three main themes emerged: Interface, Aesthetics, & De-
sign, Language & Communication, and Interest & Beneficial.
Comments were assigned to subcategories themes, with dis-
agreements resolved collaboratively to ensure reliability.

1) RQI1: What do middle-school educators expect from an
Al chatbot designed for educational purposes?: Of the 2,207
statements, 745 aligned with the key themes: 155 (20.8%) on
Interface, Aesthetics, & Design, 225 (30.2%) on Language
& Communication, and 365 (49.0%) on Interest & Benefits,
making sure that the themes truly represented the insights
shared by the educators during interviews.

Concerning Interface, Aesthetics, & Design, there were
many positive comments. For example: “Yeah, I think the
speed of it and just the option would be really helpful for
kids especially I think it is also be very helpful for reaching
kids of all ability levels.” (P-6), “Right. So I'm thinking that,
yeah, so as I'm going through, I think it’s quick, which I think
is good for the kids like attention span and whatnot.” (P-7),
and “MS students would like to find the Al chatbot interface
easy to navigate and understand, I think.” (P-5).

One concern raised was the need for initial guidance. “Yeah,
I definitely think some more instruction at the beginning. |
definitely think I needed a little help from you on that end.
[...] I think if I had a little trouble in the beginning maybe.
But also kids are very savvy with computers, so.” (P-2), which
we addressed by adding context instructions in the main study.

For Language & Communication, the participants found the
dialogue appropriate (e.g., “Yeah, all the responses. I think the
responses were really good and they were like a good length
for that age group. It wasn’t too much. It was like pretty easily
digestible.” (P-1), “Let’s see the language appropriate and
understandable, yes. Which is why I asked about the grade
levels and the flexibility because I think that plays a pivotal
role into chatting. You know the answers and whether the
students can comprehend or understand them.” (P-3)).

Possible concerns with language abilities were noted: (“As
far as the language, I think it was maybe a little advanced for
like 9 year olds.” (P-1)), prompting us to adjust the chatbot’s
language by aligning it with course grade level settings.

Regarding Interest & Benefits, the feedback was highly
positive: “So now this is forcing me to read more. The method
I’'m doing now instead of just copy pasting that the copy
pasting the question, getting the answer I'm reading and
thinking [...]” (P-2), “It would be very helpful for students
to be able to use that as a study guide, you know, so then no
longer you can, you can provide the student with the notes
and the PowerPoints and things like that and then they can
use the Al chatbot to help dig in the curiosity to.” (P-8),
and “Yeah, there’s no questions with the educational benefits
and the supports it’s giving on the objectives that the teacher
wanted to.” (P-9).

Some suggested feature enhancements, such as page refer-
ences:(“Can you tell me what specific part of page 12? And
you’re working on what you're trying to achieve.” (P-10)).

TABLE II
AVERAGED RESPONSES ACROSS ALL PARTICIPANTS ON 5-POINT LIKERT
SCALE. CRONBACH’S ALPHA MEASURES THE INTERNAL CONSISTENCY OF
MULTIPLE SURVEY ITEMS.

Constructs Mean SD Cronbach’s Alpha
Interface & Design (3 items) 3.97 1.33  0.74
Language & Communication (3 items)  4.70 0.60 0.71
Interest & Beneficial (4 items) 4.60 0.67 0.88

2) RQ2: How do middle-school educators evaluate the
usability of an Al chatbot?: Participants rated the chatbot’s
usability with an average CUQ score of 78.8 (max = 100.0,
min = 46.9, SD = 16.4), indicating a Good rating [17]. SMEs
rated its suitability for MS students with an average CSQ
score of 77.0 (max = 99.0, min = 57.5, SD = 11.5). Table II
summarizes the three CSQ constructs.

Cronbach’s Alpha values (o = 0.71-0.88) indicate reliable
constructs (see Table II). Participants found the interface
user-friendly, the language age-appropriate, and the content
engaging and educationally beneficial for MS students.

3) MS Educators Summary of Results: Consistent with the
quantitative evaluation, the qualitative insights were largely
positive. The CUQ and CSQ scores offered a measurable
usability assessment, with most participants rating the Al
chatbot from good to excellent. Qualitative analysis added
context to the ratings, emphasizing UX, usability, language
appropriateness, and response speed, which supported moving
forward with testing the chatbot in Study 2 with MS students.

V. STUDY 2: EVALUATION OF THE AI CHATBOT BY MS
STUDENTS

We conducted an intervention user study [55], [56] (i.e.,
studies that compare outcomes in participants receiving the in-
tervention to outcomes before the intervention was introduced)
with MS students at their school, following both the school’s
research protocols and obtaining an Institutional Review Board
(IRB) approval.

A. System Setup

We set up the Al chatbot by creating a class titled ‘Social
Science’ and a sub-class called ‘Al Zubara Fort, which
included a two-page document with relevant content. During
the study, students interacted with the chatbot through Q&A
based on this material. Figure 2 shows an example of a student
interacting with the AI chatbot to learn about “Al Zubara
Fort”, with responses based only on the uploaded material.
The topic was selected for its cultural relevance and grade-
level suitability, as confirmed by two school teachers.

We created individual Cipherbot credentials for each partic-
ipant and provided the login details and class link during the
user study session. Each student was assigned a computer at
a designated workstation, where the Cipherbot chat page was
pre-opened. Figure 3 shows a photo of the workstation setup.

B. Participants and Procedure

To recruit participants, we collaborated with the school’s
administrators. We recruited 18 students (9 females, 9 males)
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Fig. 3. On the left side, the setup of the class on Cipherbot from the instructor
front-end. On the right side, the working station was set up with a computer
for the user study session, displaying the Cipherbot chat page. Hard copies
of the pre-session and post-session surveys and a fill-in-the-blank sheet were
provided with pencil and rubber.

aged 9-13, with an average age of 11 (+ 1.3) years. All
participated in English, the school’s main instruction language.

The procedure included a (1) a pre-session survey assessed
students’ prior knowledge and demographics; (2) students
accessed the Al chatbot with no prior training; (3) they com-
pleted the fill-in-the-blank tasks on Al Zubara Fort by asking
the chatbot questions; (4) a post-session survey measured
knowledge gains and chatbot usability (CUQ); and (5) brief
interviews gathered qualitative feedback. The session lasted
about an hour. The session included a pre-survey, a chatbot
task, post-survey, and interviews, lasting about an hour.

C. Measures

We used both quantitative and qualitative measures.

1) Quantitative Analysis: To assess learning gains, we used
a pre-session survey to capture students’ demographics and
prior knowledge of Al Zubara Fort, and repeated the same
knowledge question in the post-session survey. This measured
students’ self-evaluation of knowledge before and after the
session (RQ3). The survey question we used in both the pre

and post-surveys is “How much do you know about Al Zubara
Fort in Qatar?”, which has a 5-point Likert scale from “I’ve
never heard of it” to “I'm like an expert!” A paired t-test
assessed the chatbot’s effect on knowledge.

In the post-session survey, we used the CUQ [17] to assess
the AI chatbot’s usability (RQ2). Completed after the task, the
CUQ includes 16 equally weighted items and is comparable to
the SUS, with 68/100 as the usability benchmark [17]. Higher
scores indicate good usability; lower ones suggest room for
improvement. Table IV lists all CUQ questions, covering
chatbot personality, onboarding, navigation, input understand-
ing, response time, error handling, and overall intelligence.
Odd-numbered items are positive while even-numbered are
negative. Some questions were rephrased to suit MS students.

We calculated the CUQ of each student using Equation 1.

cUQ = ((Y_nds—8) + (10 -3 nd.,)) /64 x 100
(1

During interviews, we collected exploratory data on partici-
pants’ online habits and prior chatbot use to assess their tech-
nology and chatbot expertise. After the study, we analyzed all
chatbot interactions, reporting the number of questions asked,
average and SD of questions per participant, average and SD
of characters per question/answer, and response time. The lead
author graded the Al Zubara Fort worksheet, assigning 1 point
per correctly answered blank (10 total).

2) Qualitative Analysis: In addition to completing the
Al Zubara Fort task and pre/post-surveys, participants were
interviewed about their general chatbot experience and ex-
pectations, as well as their experience and impressions of
the AI chatbot’s personality, navigation, comprehension, and
error handling. The interviews concluded with questions about
future use.

We used interview data to address RQ1, RQ2, and RQ3,
applying thematic analysis [54] using line-by-line open coding.
Two researchers independently coded transcripts, resolved
differences through discussion, and developed a shared cod-
ing guide. The final scheme was applied across all data.
Cohen’s Kappa (K = 0.823) indicated a substantial level of
agreement, confirming the robustness of the thematic coding.
Three themes emerged around chatbot usability: Ease of Use,
Interaction Quality, and Error Handling, each that detailed
specific UX aspects.

D. Results of Study 2

Students reported spending an average of 3 hours (SD =
2.4) online daily. Most students (n = 10, 55.5%) indicated that
they use chatbots like ChatGPT for non-academic purposes
(e.g., testing, cooking, writing), while only three students
(16%) used them for school-related work. Students completed
the fill-in-the-blank tasks using the chatbot, with an average
score of 9 out of 10 (SD = 0.69, Min = 8) and an average
completion time of 13.6 minutes (SD = 5.3). Students asked
274 questions in total: 111 (40.5%) from females and 163
(59.5%) from males, averaging 15.2 questions per student (SD
= 7.7). The questions averaged 29.8 characters (SD = 22.8),
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and the responses averaged 265.6 characters (SD = 224.6).
The average response time was 3.9 seconds (SD = 12.4).

1) RQI: What do middle-school students expect from an
Al chatbot designed for educational purposes?: Our thematic
analysis of student interviews revealed key expectations for
an educational chatbot: Accuracy (38.3%), speed (25.5%),
ease of use and interaction quality (both 10.6%), concise
answers (8.5%), and effective input understanding and error
handling (6.4%). Students emphasized the need for a usable
interface, accurate and fast responses, human-like interaction,
and concise replies to support learning and engagement.

Table IIT summarizes the main themes from our qualitative
interview analysis, which are detailed in the following.

Ease of Use: Students emphasized the importance of a
simple, user-friendly interface, expecting the chatbot to be
“easy to use and understand” (P-17). Visual clarity and
intuitiveness were common expectations (P-2, P-12).

Answers’ Accuracy & Errors: Clear, correct, and trust-
worthy responses were a top priority. As one student put it:
“Give me the correct answers” (P-10). Students were frustrated
by errors, unclear explanations, or overly complex responses
(e.g., P-2, P-7, P-17).

Speed of Response: Students expected near-instant replies,
such as “fast answers” (P-15), and showed low tolerance for
delays or lags (P-4, P-10).

Interaction Quality: A natural, human-like interaction was
valued, with one student noting the chatbot should feel like
“talking to a person” (P-13). They were critical of bots that
couldn’t learn or crashed under pressure (e.g., P-5, P-18).

Answers Length: Students preferred concise responses,
noting that the chatbot should “not talk too long” (P-11). Long
answers were perceived as overwhelming (P-9, P-14).

User Input & Errors: Students expected the chatbot to
manage unclear or incorrect inputs. As one participant noted:
“If I wrote the questions incorrectly, I think he [chatbot] may
not know” (P-9). Misunderstandings and uncorrected errors
were perceived as usability issues (P-11, P-12).

Addressing RQ1, students expect the chatbot to be easy
to use, featuring a user-friendly interface and intuitive in-
teractions. They value accurate, reliable answers, as errors
hinder learning. Fast responses are essential to maintain focus,
while human-like, conversational interactions boost engage-
ment. Concise responses are preferred, as lengthy ones can be
overwhelming.

2) RQ2: How do middle-school students evaluate the us-
ability of an Al chatbot?: Usability Score of the AI chat-
bot: Using the post-session CUQ survey, we calculated the
overall usability score (M = 71.44, SD = 16.28, median =
72.66) using Equation 1, and per-question averages (Table IV).
Scores ranged from 31.25 to 98.43. Compared to the 68-point
benchmark [17], the chatbot showed good usability. Although
CUQ has no official threshold, we adopted 68 based on SUS
conventions. The lowest score (31.25) came from a 9-year-old
male with no daily online activity.

Usability Attributes: Our thematic analysis of student
interviews identified key attributes in the CUQ usability cate-

gories: personality, navigation, understanding, responsiveness,
and error handling [17]. Personality assessed human-likeness;
Navigation, ease of use; Understanding, input comprehension;
Responsiveness, reply helpfulness; and Error handling, how
well mistakes were managed. Table III summarizes the themes,
followed by detailed descriptions.

Personality: Answers’ Accuracy & Errors: Students gen-
erally found the chatbot’s answers efficient and helpful, with
one noting: “Very straight away and effective answers” (P-
8). Although some responses exceeded expectations (e.g., P-
9), overly complex language sometimes challenged younger
users’ understanding (e.g., P-13).

Knowledge Depth: Students appreciated the chatbot’s
depth of knowledge, which enhanced its realism—*“It knows
a lot.” (P-6). However, limitations tied to educator-uploaded
content made the experience feel less dynamic or human-like
to some (P-18).

Interaction Quality: Many students highlighted the human-
like quality of the chatbot’s dialogue, with one stating, “It
seems like a real human with answers” (P-17), and others
appreciating its ability to respond naturally to greetings (e.g.,
P-10, P-16). However, some found the interaction robotic—*‘It
was like talking to a robot or AI”’ (P-3)—pointing to unnatural
language, typing style, and overformality (P-4, P-5, P-7, P-9).

Answers Length: Students perceived non-realistic behavior
because of the Al chatbot’s long answers, “long answers in a
short period of time” (P-11); “not really because it gave me
every single detail” (P-14); “long paragraph and it was like
talking to a robot or AL” (P-3).

Navigation: Speed of Response: Students found the Al
chatbot easy to use because of its quick answers. Some
examples are: “The answers here are quick” (P-2); “gave the
answers right away” (P-10); “just I type the question and give
me a full answer” (P-3).

Answers’ Accuracy & Errors: Students generally found
it easy to locate relevant information using the chatbot, “I just
type the question and [Cipherbot] gives me a full answer”
(P-3), and appreciated its ability to handle long or misspelled
queries (P-7, P-13). Responses were often described as “quick
and easy to understand” (P-2), relevant (P-4), and accurate
when questions were clearly phrased (P-6). Some students
noted challenges when the chatbot failed to answer (P-10) or
provided responses that were difficult to grasp (P-17).

User Input & Errors: Many students appreciated that
the chatbot could interpret brief and informal input “I would
write a bit and it would understand” (P-11), without needing
proper punctuation or capitalization (e.g., P-12). Some found it
challenging to frame questions clearly enough to get accurate
responses. As one student noted, “The most challenging thing
is that you must know what kind of question you should ask to
reach your answer” (P-9). However, formulating questions was
challenging for some, “I had to write two times. sometimes,
the first time it said clarify the question.” (P-6); “Making up
the questions properly to get correct answer” (P-8); “The most
challenging thing is that you must know what kind of question
you should ask so you can reach to your answer.” (P-9).
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TABLE III
THE RESULTS OF THE THEMATIC ANALYSIS OF STUDENTS’ INTERVIEWS.
9

Ease ::cslv:::; Speed of Interaction Answers User Input  Knowledge Learning

of Use & Errors Response Quality Length & Errors Depth Value
User Expectations (RQ1) X X X X X X
Personality (RQ2) X X X X
Navigation (RQ2) X X X X X X
Understanding (RQ2) X X
Responsiveness (RQ2) X X X X X X
Learning experience (RQ3b) X X X X

No Acknowledge Error Enhancing in Information = Homeworks
. Recovery & .
Errors uncertainty . Class Learning Source & Exams
Understanding

Error Handling (RQ2) X X X
Using Cipherbot (RQ3c) X X X

TABLE IV adapted their phrasing to be more natural for better com-

RESULTS ON A 5-POINT LIKERT SCALE SHOWING THE POSITIVE AND
NEGATIVE FEATURES OF CIPHERBOT. THE HIGHER THE VALUE FOR
POSITIVE FEATURES, THE BETTER, AND THE LOWER THE VALUE FOR
NEGATIVE FEATURES, THE BETTER.

Question | “Positive” features of the chatbot M SD
11 Cipherbot responses were useful, appropriate, and informative. 444 | 0.62
15 Using Cipherbot was very easy. 433 | 1.03
5 Cipherbot did a good job explaining what it can do and its purpose. 4.17 | 1.20
7 Cipherbot was easy to navigate. 4.06 | 0.80
13 Cipherbot did a good job handling any mistakes or errors that came up. | 4.06 | 0.80
9 Cipherbot understood what I was saying really well. 3.89 | 1.08
3 Cipherbot was welcoming during the initial setup. 3.83 | 0.99
1 Cipherbot felt like a real friend and was fun to talk to. 356 | 1.10

“Negative” features of the chatbot
2 Cipherbot acted more like a robot than a buddy. 333 | 1.24
8 It was easy to get confused while using Cipherbot. 250 | 1.25
14 The chatbot seemed unable to handle any errors. 244 | 1.10
10 A ot of times, Cipherbot failed to understand my questions. 228 | 1.07
12 The answers Cipherbot said didn’t match what I was asking. 222 | 1.26
16 Cipherbot was very complex to use. 222 | 148
4 Cipherbot seemed very unfriendly. 2.06 | 0.87
6 I couldn’t tell what Cipherbot was supposed to help with. 1.56 | 0.62

Answers length: Students appreciated the chatbot’s short
answers, “answers were not long” (P-4), “it easily answers
long questions, not extra things that I do not need.” (P-
13). However, longer answers were found challenging for
students, “The question: [...] it says a bunch of things, too
much information. > (P-13).

Interaction Quality: Many students found the chatbot easy
and fun, likening it to normal texting. Examples: “Like how
you text. Normally, you ask a question, and he answers.” (P-
8); “It was so easy. I just have To ask, and he already knows
what I want to know [...] it’s so much fun and beautiful.”
(P-9); “just I type the question and give me a full answer” (P-
3). However, the robotic-like interaction is challenging when
using the Al chatbot: “Just how he looked like a robot. ” (P-9)

Knowledge Depth: Since the chatbot knowledge was lim-
ited to one topic “Al Zubara Fort”, students found it challeng-
ing when asking off-topic questions, “because I asked some
questions and it kept on saying like sorry I don’t know well.”
(P-1); “the requested information is not found” (P-10); “hard
to find answers” (P-5).

Understanding: User Input & Errors: The chatbot gener-
ally understood students’ questions, even with spelling errors:
“Most of the time, it understood me. I purposely misspelled
some stuff, but it still understood” (P-13). Some students

prehension (P-9). However, the chatbot struggled with poor
grammar (P-5), occasionally misunderstood questions (P-6),
and failed to respond to queries beyond its limited topic scope
(e.g., Al Zubara Fort) (P-10).

Answers’ Accuracy & Errors: Students felt that the
chatbot understood their questions, providing accurate re-
sponses— it gave me the exact answer I wanted” (P-11), and
sometimes anticipating what was asked (P-9). One summed it
up as, “It answered everything” (P-4).

Responsiveness: Interaction Quality: The interaction was
perceived as natural and human-like, with one student saying,
“I kept on asking questions and it kept telling me stuff” (P-1).
The chatbot provided correct answers even when students felt
their own questions were unclear (P-7). However, a limitation
was noted in the input method, as the study allowed only
keyboard input, prompting suggestions for multimodal input
such as voice: “Use only some things so I did not need to
write” (P-18).

Answers’ Accuracy & Errors: The students found the
chatbot answers helpful because of their accuracy, “they give
specific answers” (P-5), “give me a very specific and correct
answer about what I need.” (P-8). However, one student found
the AI chatbot responses not helpful when they are wrong
(“when it gave me the wrong ones”, P-6).

User Input & Errors: The students found the Al chatbot
answers helpful because the Al chatbot “understood despite
typos” (P-7) on their questions.

Speed of Response: The students found the AI chatbot
answers helpful because they are fast, “They [Cipherbot] gave
the answer directly.” (P-3); “found the answers I wanted. It
was fast.” (P-4); “It gave a straight answer” (P-18).

Answers Length: Some students appreciated the chatbot’s
informative and relevant answers, while others found re-
sponses too long or including unnecessary details, for example,
“[Cipherbot] gave me the answer, they gave you a bunch of
other things. I didn’t need that” (P-3), and “Sometimes it was a
little too long and not very convenient. Maybe shorter answers
would be better” (P-8).

Learning Value: Students found the chatbot’s answers
helpful and educational, noting its role in enhancing their
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knowledge: “It made me learn a lot of things” (P-6); “It was
very helpful and improved my knowledge about the topic I was
learning” (P-8); and “All was helpful. Like I can read it and
understand everything he [Cipherbot] said” (P-9).

Error Handling: No Errors: Some students perceived no
errors while using the Al chatbot, “there was no mistakes”
(P-16); “nothing went wrong” (P-17); "I don’t think I made a
mistake” (P-12). Acknowledgment of uncertainty: Students
noted that the chatbot admitted uncertainty, replying with “I’m
sorry I don’t know” (P-1) or asking for clarification when it did
not understand (P-18). Error Recovery and Understanding:
Students found the chatbot provided correct answers despite
errors: “it gave the right answers always” (P-7); “I made a lot
of typos, and it understood the question correctly without me
fixing mistakes” (P-8); and “It worked well even with typos or
grammatical errors” (P-13).

Addressing RQ2, MS students rated the chatbot’s usability
at 71.44%. Their evaluations highlighted quick, accurate re-
sponses; understanding despite input errors; sufficient knowl-
edge; human-like interaction; educational value; and effective
error handling.

3) RQ3: How does interacting with an Al chatbot influence
middle-school students’ knowledge acquisition, learning expe-
rience, and engagement?: Knowledge Acquisition Address-
ing knowledge acquisition, the results of the paired t-test in-
dicated a significant increase in students’ knowledge about Al
Zubara Fort from pre-session (M = 2.33, 5D = 1.08) to post-
session (M = 3.11,5D = 1.08), t(17) = —3.50,p = .003,
suggesting that interaction with the Al chatbot significantly
improved students’ learning.

Learning experience: In describing how Cipherbot sup-
ported their learning, students highlighted its educational
value, human-like interaction, and ability to deliver fast, ac-
curate answers.

Learning Value: Students reported gaining knowledge about
the topic (e.g., “it helped me know about Al Zubara Fort” (P-
4); “help me learn” (P-6)) and about using Al tools—*“helped
me learn more about Cipherbot” (P-7).

Interaction Quality: The chatbot’s human-like, contextual
responses enhanced understanding—*“It gave answers with
context... so I could understand more” (P-3); “It was infor-
mative and effective” (P-8).

Speed of Response and Answers’ Accuracy & Errors:
Students valued the quick, correct, and detailed responses:
“The answers came up quickly... the correct answer” (P-2);
“helpful and detailed” (P-17), and noted its ability to interpret
imperfect questions (P-13).

Student Engagement Interest Student engagement was
measured through the interview question: “Are you interested
in using Cipherbot for learning?” Most students (15, 83.3%)
responded “Yes”, showing strong potential for ongoing use.
Two (11.1%) were unsure: one would use it for specific ques-
tions, the other preferred not to talk to a bot; another student
(5.6%) found it boring and was not interested. Interested
students highlighted three different use cases:

e Enhancing In-Class Learning: Using Cipherbot to clarify
misunderstandings or ask class-related questions espe-
cially when misunderstanding in class, “If I didn’t un-
derstand properly in class” (P-7), students would use the
Al chatbot to improve their understanding.

e Information Source: Quickly obtaining specific informa-
tion with less effort than traditional search engines (e.g.,
“Google does not give me the answers that I want”, P-9).

e Homeworks & Exams: Helping with homework questions
and exam preparation by memorization and answering
support (P-3, P-6, P-11).

In summary, our investigation into the Al chatbot’s influence
on MS students provided valuable insights. Our study found
that interacting with the AI chatbot significantly improved
students’ knowledge about Al Zubara Fort (RQ3a). The chat-
bot’s educational value, human-like interaction, and accurate,
fast answers enhanced the learning experience (RQ3b). Most
students (83.3%) expressed interest in ongoing use, highlight-
ing its potential to support learning both in class and inde-
pendently, promoting sustained engagement with educational
technology among MS students (RQ3c).

VI. DISCUSSION

This study examined the usability and educational impact
of the AI chatbot Cipherbot through three key questions:
expectations (RQ1), usability assessment (RQ2), and effects
on learning and engagement (RQ3).

The two studies, one with MS teachers and one with MS stu-
dents, provide complementary and interconnected insights into
Cipherbot’s usability and effectiveness. Educators emphasized
accurate, age-appropriate, and contextually relevant content
with necessary oversight, which aligns with students’ feedback
on the need for clear, concise, accurate answers, human-like
interaction, and effective error handling.

Regarding RQ1, students expected quick, accurate re-
sponses in an easy-to-use system. Most student expectations
align with the CUQ survey [17]. For instance, the students’
preference for ease of use is captured by CUQ questions
on intelligence (Q15-16) and navigation (Q7-8), while in-
put comprehension (Q9-10), error handling (Q13-14), and
chatbot personality (Q1-4) reflect students’ focus on human-
like, responsive interaction. Although students valued concise
answers, CUQ only measures response time and accuracy
(Q11-12), not satisfaction with answer length or speed. Future
surveys could include these aspects.

The only misalignment with students’ expectations was the
onboarding process (questions 5-6) [17], which evaluates how
well the AI chatbot explained its capabilities and purpose.
This discrepancy in the CUQ results is possibly due to the
overly complex or unengaging initial greeting of the chatbot.
Adapting onboarding content for younger users is a potential
area of future work.

For RQ2, the usability score shows the AI chatbot is
effective but could improve personality and response time.
MS educators rated usability higher than students, suggesting
age and expertise influence how users perceive the chatbot’s
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ease of use. The CUQ score of 71.44% (x16.28) indicates
that on average, students found the Al chatbot to be usable.
However, the large standard deviation suggests a wide range of
individual experiences. This variation is likely influenced by
factors beyond the chatbot’s performance, such as a student’s
prior digital literacy and their expectations of how an Al
chatbot should interact. For instance, students with higher
digital literacy are more likely to find the chatbot easier to
use than those with lower literacy [57]. This interpretation is
supported by further investigation of the lowest CUQ score
(31.25%), which came from a male student (aged 9) who
reported spending no time online on a typical day, suggesting
that minimal digital exposure can significantly affect percep-
tions of usability.

For RQ3, our findings align with prior research [16], [23],
[58], [59], confirming that AI chatbots support MS students’
learning and outcomes. All students used Cipherbot for Q&A
to complete their assigned task, although success varied based
on digital literacy and self-regulated learning.

The findings suggest that Al chatbots are valuable tools
for MS students, who valued the chatbot for in-class support,
information access, and exam preparation. Effective use re-
quires educator involvement to upload relevant material and
guide ethical use, such as paraphrasing to avoid plagiarism
and monitoring interactions [60].

Usability issues included mixed preferences for answer
length, which stresses the need for a “shorten” or “lengthen”
option. Even though accuracy built trust, some students strug-
gled with complex language, suggesting a “simplify” button.
Although the chatbot adjusted language by grade level (see
Table 1), individual differences still affected comprehension.
The Al chatbot’s ability to understand questions despite gram-
mar or spelling issues enhanced usability and realism. Adding
features such as related questions or clarification prompts (e.g.,
“Did you mean...?”) could further aid comprehension.

Knowledge depth also shaped students’ perceptions of us-
ability, including navigation and answer relevance. Though
the chatbot acknowledged off-topic queries, students often
asked unrelated questions, likely influenced by experiences
with open-ended tools like ChatGPT. Since access was limited
to uploaded materials to ensure accuracy [61], clearly commu-
nicating this scope and adapting the CUQ items to the study
context is recommended.

Implementing Al chatbots in real-world classroom settings
involves integrating conversational agents to support both
teaching and learning processes [62]. Beyond answering stu-
dent queries, these conversational agents can facilitate skill
development, support collaborative learning, and streamline
administrative tasks, all while dynamically adapting to individ-
ual learning levels [63]. However, successful implementations
depend on the selection of Al technology with robust natu-
ral language processing capabilities and on integration with
existing learning management systems and alignment with
pedagogical goals [64].

A. Implications

This research offers important theoretical and practical
insights for AI chatbots, particularly for MS students, HCI,
and usability. Theoretically, evaluating a knowledge-limited
chatbot reveals the need to clarify the chatbot’s limited knowl-
edge base, and more class-specific CUQ questions. Since MS
students prefer brief responses, chatbot evaluations should be
adjusted to reflect this. Likewise, the CSQ should be adapted
to better reflect student expectations and educational contexts.

Practically, this research points to key design improvements
for improving chatbot usability for MS students: adding a
“simplify” button for clearer responses, providing answer
length customization, and improving question comprehension
through detecting errors, acknowledging them, and suggesting
corrected or related questions. These features would better
align the AI chatbot with student needs. HCI researchers,
should prioritize tailored usability studies for user-centered
design. AI engineers can improve usability with features
like personalized feedback. Educators can use Al chatbots
to provide instant support and increase student engagement.

B. Limitations and Future Research

Limitations include a small sample size limiting general-
izability and focus on a single topic restricting understand-
ing of broader performance. Future research should involve
larger, diverse groups and explore other subjects. Reliance on
educator-provided content poses scalability challenges; auto-
mated, quality-controlled content curation is needed. Adding
multimodal inputs like voice could improve accessibility for
younger students. Enhancing natural language understanding
to better handle complex queries and conducting comparative
studies with other learning methods would further improve
usability and clarify Al chatbots’ classroom value.

VII. CONCLUSION

Cipherbot demonstrates the benefits of an Al educational
chatbot. Our study with 18 MS students found it effective
for knowledge acquisition, learning experience, and engage-
ment. Students valued ease of use and answer accuracy, that
influenced their evaluations. Findings stress the significance
of understanding student expectations from Al chatbots, which
strongly affects learning experience and usability assessments.
This offers valuable insights for improving Al chatbots to
better serve MS students’ needs.
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APPENDIX
THE CHATBOT SUITABILITY QUESTIONNAIRE

Instructions: The Chatbot Suitability Questionnaire (CSQ),
an assessment survey consisting of ten questions to measure
factors related to the participants’ beliefs about an Al chatbot’s
suitability for deployment in a MS classroom. The CSQ is
based on SUS [40], and all questions are measured using mul-
tiple Likert-style items along three constructs of Interface and
Design (3 items) of Cipherbot, Language and Communication
(3 items) of the chatbot’s dialogue, and Interest and Beneficial
(4 items) of and for MS students. The CSQ average score is
calculated (similar to SUS) by subtracting one from score of
each question, summing these new scores, and multiplying
by 2.5, with results in a number with one hundred as the
maximum. For deployment, we suggest changing the phrase
“the chatbot” to the actual name of the system being evaluated.
Also, the term “MS” can be changed to any appropriate grade
or grade level. The Chatbot Suitability Questionnaire (CSQ)
items are:

o Interface and Design

— My K12 students would likely find the chatbot’s
interface easy to navigate and understand.

— My KI12 students would likely find the chatbot’s
colors, fonts, and layout appropriate and engaging.

— My K12 students would likely find the chatbot
interesting.

o Language and Communication

— My KI12 students would likely find the chatbot
language appropriate and understandable.

— The chatbot responds quickly enough for my K12
students.

— My K12 students would likely be satisfied with their
interactions with the chatbot.

o Interest and Beneficial

— The chatbot provides educational benefits or supports
learning objectives for my K12 students.

— The chatbot’s interactions would be meaningful and
helpful for my K12 students.
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