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H I G H L I G H T S

• This paper develops Feed-O-Meter to help students practice design feedback skills.

• We conduct a within-subject user study with 24 design students.

• We show that Feed-O-Meter helped students provide detailed and empathetic feedback.

• This paper provides design considerations for design education tools with AI agents.
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A B S T R A C T

Effective feedback, including critique and evaluation, helps designers develop design concepts and refine their 

ideas, supporting informed decision-making throughout the iterative design process. However, in studio-based 

design courses, students often struggle to provide feedback due to a lack of confidence and fear of being judged, 

which limits their ability to develop essential feedback-giving skills. Recent advances in large language models 

(LLMs) suggest that role-playing with AI agents can allow learners to engage in multi-turn feedback without the 

anxiety of external judgment or the time constraints of real-world settings. Yet prior studies have raised concerns 

that LLMs struggle to behave like real people in role-play scenarios, diminishing the educational benefits of these 

interactions. Therefore, designing AI-based agents that effectively support learners in practicing and developing 

intellectual reasoning skills requires more than merely assigning the target persona’s personality and role to 

the agent. By addressing these issues, we present Feed-O-Meter, a novel system that employs carefully designed 

LLM-based agents to create an environment in which students can practice giving design feedback. The system 

enables users to role-play as mentors, providing feedback to an AI mentee and allowing them to reflect on how that 

feedback impacts the AI mentee’s idea development process. A user study (N=24) indicated that Feed-O-Meter 

increased participants’ engagement and motivation through role-switching and helped them adjust feedback to 

be more comprehensible for an AI mentee. Based on these findings, we discuss future directions for designing 

systems to foster feedback skills in design education.

1 . Introduction

In the iterative design process, where solutions are progressively 

refined, feedback is indispensable for enhancing the quality and ef­ 

fectiveness of design (Wynn and Eckert, 2017). Mastering the art of 

giving feedback is critical for designers, as it not only improves design 

performance (Wynn and Maier, 2022) but also integrates the diverse per­ 

spectives within a design team toward a shared objective (Valkenburg 

and Dorst, 1998) while enabling the expression of individual design 

viewpoints (Braha and Maimon, 1998). Recognizing its significance, 

design education has long emphasized feedback as a core learning 

experience. Among various educational strategies, peer feedback is a 

common way for students to practice giving and receiving feedback, 

which raises the quality of their work while fostering key competencies 

such as communication, collaboration, and critical thinking (McDonnell, 

2016; Bjorklund et al., 2004).
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Despite the recognized value of feedback in enhancing both design 

outcomes and student competencies, there remain few opportunities 

for students to learn how to provide effective feedback. While many 

design studio courses encourage peer feedback through project-based 

learning (Ching and Hsu, 2013; Ertmer et al., 2007), students often face 

challenges in providing constructive feedback and remain disengaged in 

peer feedback (Ching and Hsu, 2013; Gielen et al., 2010; Hovardas et al., 

2014). This difficulty stems from students’ limited feedback experience 

and design knowledge (Ching and Hsu, 2013), as well as anxiety or hes­ 

itation about giving feedback due to concerns over receiving criticism 

for inadequate input (Ertmer et al., 2007; Gielen et al., 2010; Cook et al., 

2020). To address this challenge, previous studies have emphasized the 

importance of providing comfortable educational environments that en­ 

courage students to actively engage in giving feedback and cultivate 

their feedback skills (Cook et al., 2020; Jug and Bean, 2018).

The HCI community has sought to create environments that foster 

higher-quality feedback in creative activities such as design. Prior re­ 

search has proposed online platforms (Cheng et al., 2020; Lambropoulos 

et al., 2010) that allow design students to exchange feedback at scale, 

particularly crowd-sourcing systems (Oppenlaender et al., 2021; Krause 

et al., 2017; Lekschas et al., 2021), and interactive guidelines for 

crafting effective feedback (Ngoon et al., 2018). Although these ap­ 

proaches increase the volume of feedback and participation (Cheng 

et al., 2020; Oppenlaender et al., 2021), limited motivation and the ab­ 

sence of actual bi-directional communication often lead to superficial 

feedback (Oppenlaender et al., 2021; Nguyen et al., 2017). Meanwhile, 

advances in large language models (LLMs) have prompted investigations 

into AI agents that help learners practice logical and critical thinking 

skills—including arguing (Wambsganss et al., 2021), teaching (Markel 

et al., 2023), speech practice (Park and Choi, 2023), and convers­ 

ing (Shaikh et al., 2024). For instance, GPTeach (Markel et al., 2023) 

employs an LLM-driven agent that adopts a student persona, enabling 

teaching assistants to rehearse their instructional strategies through 

simulated teaching scenarios. Role-playing with AI agents lets learners 

engage in multi-turn feedback without the anxiety of external judgment 

or the time constraints of real-world settings (Wambsganss et al., 2021; 

Markel et al., 2023; Shaikh et al., 2024).

However, prior studies have raised concerns that LLMs struggle to 

behave like real people in role-play scenarios, thereby diminishing the 

educational benefits of these interactions (Jin et al., 2024; Lim et al., 

2024; Jo et al., 2023). For example, LLM-based agents with a student 

persona often provide responses that are far more intelligent and refined 

than those of actual students due to the extensive knowledge embedded 

in the LLMs (Jin et al., 2024; Lim et al., 2024). Studies have revealed 

that this misalignment between the agent’s capabilities and its intended 

persona can lead users to inadvertently rely on the AI’s responses rather 

than developing their own abilities through interactions (Jin et al., 2024; 

Lim et al., 2024; Jane et al., 2024). Therefore, designing AI-based agents 

that effectively support learners in practicing and developing intellec­ 

tual reasoning skills requires more than merely assigning the target 

persona’s personality and roles to the agent; it demands deliberate strate­ 

gies to align the AI’s behavior and knowledge system with its intended 

educational role (Markel et al., 2023; Jin et al., 2024; Jo et al., 2023).

Building on these insights, this study introduces a novel system with 

AI agents that empowers students to practice their design feedback skills. 

We propose Feed-O-Meter, a system that facilitates design feedback prac­ 

tice through role-playing interactions, allowing students to mentor an AI 

that adopts the persona of a design student. The system includes key fea­ 

tures: (1) a chat interface for role-switched conversations, where users 

act as mentors and the AI as a mentee, (2) feedback reflection interfaces 

that show how their feedback influences the AI mentee’s idea develop­ 

ment, allowing users to reflect on the effectiveness of their feedback 

and make adjustments accordingly. By incorporating LLMs, Feed-O-

Meter enables the AI agent to understand and respond to feedback in 

real-time while maintaining the role of a design student and visually 

demonstrating how the feedback impacts the mentee’s idea development 

process.

To examine how students interact with Feed-O-Meter and its effec­ 

tiveness in enhancing design feedback skills, we conducted a user study 

with 24 design students. This study employed a within-subject com­ 

parative study to assess the impact of the system’s feedback reflection 

features on students’ feedback. Our findings reveal that the AI mentee 

and Feed-O-Meter environment provided a realistic and low-pressure 

feedback experience, allowing participants to engage more actively in 

feedback activities without fear of judgment. Moreover, the system’s 

feedback reflection features encouraged participants to focus not only 

on the content of their feedback but also on effective communication 

strategies to make their feedback clear and acceptable. Participants rec­ 

ognized that Feed-O-Meter could go beyond improving design feedback 

skills to help them critically analyze their own designs and identify ar­ 

eas for improvement. Based on our findings, we discuss the implications 

of role-playing interactions for feedback practice and offer insights into 

designing AI personas that effectively integrate these interactions within 

educational contexts.

The contributions of our paper are as follows: 

1. The design and development of Feed-O-Meter, a system that allows 

design students to improve their feedback skills through role-

playing interactions with an AI mentee. We outline the system’s 

design rationale and capabilities, demonstrating how it facilitates 

effective feedback practices.

2. An empirical understanding of how design students engage with 

Feed-O-Meter. Through a user study with 24 design students, we 

analyzed interaction logs and interview transcripts to provide in­ 

sights into how students use the system to practice and refine 

feedback on design ideas.

3. Design considerations for incorporating LLM-driven systems in 

design education. We discuss the benefits of leveraging LLMs to 

create interactive environments and AI agents that support learn­ 

ing design principles, as well as the challenges of simulating 

realistic design feedback scenarios.

2 . Related work 

2.1 . Interactive tools for design education

The HCI community has long explored the use of technology to sup­ 

port and enhance the design process (Frich et al., 2021). A key focus 

has been on developing creative support tools (Shneiderman, 2002) that 

promote effective engagement in inherently creative tasks, with design 

being a prime example. These studies have extended to educational tech­ 

nologies aimed at enhancing practical design skills. Several studies have 

introduced physical interactive tools for gaining specialized knowledge 

through practical experiences, such as haptic interfaces (Minamizawa 

et al., 2012), IoT-based systems (Jang et al., 2018), and physical comput­ 

ing platforms (Bianchi et al., 2024). Interactive applications in visual and 

graphic design education focus on enhancing learning through visual 

examples. For instance, learner-centered online design galleries allow 

students to acquire knowledge from curated examples (Yen and Dow, 

2022), while ProcessGallery (Yen et al., 2024) helps users compare pairs 

of design examples to grasp key principles. DesignQuizzer (Peng et al., 

2024), an AI agent, assists users in gaining visual design knowledge by 

drawing on insights from an online community.

While acquiring and applying design knowledge is valuable, many 

researchers in design education also emphasize that strengthening stu­ 

dents’ critical thinking serves as the backbone of effective and self-

directed design practice (Henriksen et al., 2017; Razzouk and Shute, 

2012). This competency can be developed when designers engage in in­ 

teractive feedback exchanges with stakeholders, continuously reflecting 

on the feedback received and applying it to refine their own ideas (Zhu 

et al., 2014; Ahern et al., 2019). Yet, despite widespread discussions 
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about the potential of digital tools and computer-supported creativ­ 

ity in design education, relatively little attention has been devoted to 

fostering the design feedback skills essential for nurturing critical think­ 

ing. Roldan et al. (2020) noted that most design tools, methods, and 

guidelines used in design and HCI education concentrate on the act 

of designing while overlooking the reflection, such as feedback skills 

needed to assess outcomes. Given that reflective practice, such as peer 

feedback, has already been extensively explored in pedagogy for criti­ 

cal thinking, they also proposed integrating those strategies into design 

education tools (Roldan et al., 2020; Clemente et al., 2016).

To bridge this gap, our study proposes educational tools that cultivate 

critical thinking skills in design, focusing on helping students practice 

and deliver effective feedback. In Section 2.2, we review prior HCI re­ 

search focused on eliciting high-quality design feedback. These studies 

focus on helping designers receive high-quality feedback, but there are 

still limitations in the educational aspect of fostering students’ design 

feedback skills. In Section 2.3, we explore the potential of conversational 

agents in education and outline the requirements and design consider­ 

ations for adapting these approaches to systems that foster students in 

providing better design feedback.

2.2 . Approaches to improve feedback in design

Design feedback offers designers valuable insights and opportunities 

to refine their work (Wynn and Maier, 2022). Nevertheless, obtaining 

high-quality feedback remains challenging because it requires feed­ 

back providers with deep design knowledge and extensive feedback 

experience, prerequisites for providing truly constructive and relevant 

critiques (Ching and Hsu, 2013). Recognizing this challenge, researchers 

in HCI have proposed interactive tools and structured approaches that 

deliver effective feedback strategies and give feedback providers more 

practice in applying them. One of the initial attempts to enhance the 

quality of feedback is to introduction of structured guides and frame­ 

works developed for effective design feedback (Cook et al., 2020; Krause 

et al., 2017; Ngoon et al., 2018; Yuan et al., 2016). Ngoon et al. (2018) 

proposed CritiqueKit, an interactive guideline that provides rubrics 

(Specific, Justified, Actionable) with specific examples to enhance the 

quality of feedback. Krause et al. (2017) have further suggested that 

feedback guidelines generated by natural language models help stu­ 

dents better understand the characteristics of effective feedback and 

enable them to provide more helpful feedback. One such approach in­ 

troduced a scaffolding step that prompted students to reflect on their 

feedback before giving it, allowing them to provide more targeted and 

specific feedback (Cook et al., 2020; Greenberg et al., 2015). Recent 

research has even proposed strategies using LLMs to improve students’ 

feedback by automatically adding positive summaries of feedback (Yang 

et al., 2025). While these approaches have improved the quality of feed­ 

back, their effectiveness is limited in design education, where there 

are often no definitive answers due to the open-ended nature of design 

work. Manual feedback—such as rubric and structured guideline-based 

critiques—can unintentionally constrain the development of creative 

concepts by imposing rigid criteria (Yuan et al., 2016). Furthermore, cre­ 

ating guidelines and examples demands significant collaboration among 

experts and substantial effort to adapt them to different contexts (Krause 

et al., 2017; Yuan et al., 2016). Many feedback strategies in previous 

studies take the form of static documents or written comments, rarely 

reflecting the dynamic nature of design feedback in conversational and 

practical settings.

In response to these constraints, research has shifted toward creat­ 

ing immersive environments that improve the quality of design feedback 

by encouraging active engagement (Jug and Bean, 2018; Lambropoulos 

et al., 2010; Sadler, 1989). Online communities have proven effec­ 

tive in enabling designers to provide design feedback by helping them 

overcome real-world constraints, such as anxiety or hesitation about giv­ 

ing feedback in a classroom setting (Cheng et al., 2020; Oppenlaender 

et al., 2021; Krause et al., 2017; Kang et al., 2018). For instance, Kang 

et al. (2018) created Paragon, an online gallery that allows feedback 

providers to reference rubrics defined by recipients and tailor their 

comments accordingly, reducing social friction and ensuring the feed­ 

back addresses recipients’ needs. While this approach has increased 

the frequency and involvement in providing feedback (Cheng et al., 

2020; Oppenlaender et al., 2021), concerns remain about the quality 

of feedback, as insufficient motivation and a lack of bi-directional com­ 

munication often lead to superficial discussions (Oppenlaender et al., 

2021; Nguyen et al., 2017). Meanwhile, although fostering a competitive 

environment to prompt frequent feedback may boost student participa­ 

tion, it can also create discomfort by prompting students to compare 

themselves to one another and pressuring them to favor specific de­ 

signs (Cambre et al., 2018). To overcome the inherent limitations of 

standard design feedback sessions, which require students to critique 

peers’ work, this research aims to identify less burdensome environ­ 

ments that can provide more effective feedback for students and design 

novices.

2.3 . Conversational agents for education: from automated instruction to 

persona-enhanced interactions

Advances in natural language processing (NLP) have paved the 

way for the AI-powered conversational agents that offer significant 

potential for educational support. While these agents have taken on 

multiple roles—from dictionary chatbots to automated graders (Han 

et al., 2024)—the most compelling role is that of an AI tutor, which 

can automate instruction by simulating teacher–student role-play in­ 

teractions (Wambsganss et al., 2021; Han et al., 2024; Graesser 

et al., 2004). Prime examples include intelligent tutoring systems like 

AutoTutor (Graesser et al., 2004), which teach not only subjects ranging 

from physics to law but also basic learning capabilities such as read­ 

ing comprehension (Graesser et al., 2004; VanLEHN, 2011; Ma et al., 

2014; Kulik and Fletcher, 2016). Beyond these competencies, AI agents 

are advancing into advanced abilities like argumentation and critical 

thinking, exemplified by ArgueTutor, a dialogue-based system for teach­ 

ing argumentation skills (Wambsganss et al., 2021), CReBot for critical 

reading (Peng et al., 2022), and Sara for video lecture comprehen­ 

sion (Winkler et al., 2020). Although these agents provide immersive 

experiences, previous research suggests that students risk becoming 

overly dependent on AI tutors, potentially hindering the development 

of essential higher-order thinking skills (Fuchs, 2023; Yu, 2023). Over-

reliance on AI tutors can prompt learners to forfeit critical evaluation of 

information quality, creative ideation, and the kind of critical thinking 

crucial for genuine intellectual growth (Fuchs, 2023).

Recent breakthroughs in large language models (LLMs), such as 

ChatGPT, have further accelerated the evolution of these conversational 

agents, allowing them to mimic specific personas and create dynamic, 

context-aware conversations (Han et al., 2023; Junprung, 2023; Baidoo-

anu and Owusu Ansah, 2023). These studies have expanded their scope 

beyond conventional tutoring roles to address emerging concerns about 

student over-reliance and uncritical thinking. For instance, Algobo, an 

AI-powered teachable student, has been developed to teach program­ 

ming skills using the learning-by-teaching theory (Jin et al., 2024). 

GPTeach also helps teaching assistants acquire teaching competencies 

by interacting with LLM-powered students (Markel et al., 2023). Other 

studies have explored role-playing interactions to enhance questioning 

skills, allowing users to pose more critical questions to AI students (Lim 

et al., 2024). Still, these approaches have encountered challenges, as 

the LLMs’ extensive knowledge often leads to overly adept responses 

that disrupt the student persona, diminishing the immersion in role-play 

and limiting educational effectiveness (Jin et al., 2024; Lim et al., 2024). 

Such findings underscore the importance of not merely assigning specific 

personas to LLMs, but also carefully designing both the LLM pipeline and 

interactions to ensure that these personas function effectively (Jin et al., 

2024; Lim et al., 2024). To overcome these challenges, our research aims 

to explore how AI agents can be better implemented to support effective 
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conversation with LLMs, including the use of a controlled knowledge 

state (Jin et al., 2024). Further details on the development of a sys­ 

tem that facilitates the practice of design feedback through AI, focusing 

on key characteristics for effective design education, are provided in 

Section 3.1.

3 . Design of Feed-O-Meter

We designed and developed a Feed-O-Meter, which allows users to 

practice providing design feedback. This section provides a detailed 

description of the design rationale and the specifics of the system’s 

pipeline.

3.1 . Design rationales 

3.1.1 . DR1: simulate a novice design student as an agent persona

As highlighted in related works, fostering students’ feedback skills 

requires providing an immersive environment that encourages active en­ 

gagement in the feedback process (Jug and Bean, 2018; Sadler, 1989). 

Role-play has long been recognized as an effective teaching method, 

offering students indirect experiences of challenging situations (Ahern 

et al., 2019). By leveraging the capabilities of LLMs, which can simu­ 

late specific personas and facilitate role-playing interactions (Junprung, 

2023), we aimed to create a role-playing experience where users provide 

feedback during the design process.

Our objective was to enable users to practice providing feedback in 

scenarios that closely mirror real-life situations while fostering active 

engagement, in contrast to the hesitation often observed in traditional 

environments. To achieve this, we assigned users the role of a mentor 

and designed scenarios where they provided feedback on an AI mentee’s 

design idea. This role-switching encourages users to adopt a new per­ 

spective and become more engaged in the task (Ferrari et al., 2020; 

Rao and Stupans, 2012) while also providing a learning experience sim­ 

ilar to learning by teaching (Fiorella and Mayer, 2013). In addition to 

simulating conversations where the AI mentee receives feedback, we 

also enabled behaviors that allow the mentee to update their ideas based 

on the feedback. Although students in the real world do not immedi­ 

ately revise their ideas, our system aims to help users practice feedback 

skills, enabling them to reflect on how effectively they have guided the 

mentee’s design ideas and prompting them to refine their own feedback 

strategies.

For these interactions to be genuinely effective, the AI mentee should 

be designed to gain knowledge and develop ideas based on user feed­ 

back rather than developing ideas on its own (Jin et al., 2024; Lim et al., 

2024). In line with this goal, we designed our AI mentee to embody the 

persona of a novice design student with a knowledge state that advances 

exclusively through user-provided feedback. In our proposed scenarios, 

we distinguish two forms of knowledge state based on feedback type: 

knowledge and action plan. The knowledge stores new information or eval­ 

uations drawn from user feedback, allowing the AI mentee to gradually 

build design expertise. The action plan tracks recommendations for re­ 

fining or updating the design ideas, enabling the AI mentee to update 

ideas based on user feedback.

3.1.2 . DR2: promote critical reflections on feedback and its effects

Our system is designed not only to provide an environment where 

users can practice giving feedback but also to help them improve their 

feedback skills. Rather than prescribing a specific feedback rubric, we 

emphasized user autonomy by allowing them to observe how their feed­ 

back influences the AI mentee’s design ideation process. We adopted the 

following three components to deliver indirect guidance and encourage 

users to reflect on the impact of their feedback and independently refine 

their strategies.

First, the system provides real-time visual representations that as­ 

sess both the type and quality of each piece of feedback. This design 

choice draws on evidence that nudging or visualizing message character­ 

istics can encourage deeper self-reflection and improve overall feedback 

quality (Shaikh et al., 2024; Menon et al., 2020; Wambsganss et al., 

2022). Concretely, our system analyzes the quality and type of feedback 

as soon as it is entered and provides visual indicators on a dashboard, 

enabling users to immediately recognize how their feedback might be 

improved. Second, the system provides the feedback recipient’s (in this 

case, the AI mentee’s) reactions—such as shifts in facial expression, inner 

thoughts, and an evolving knowledge level—according to the feedback. 

This design choice helps users understand how others receive their feed­ 

back, so they can reflect on how they can improve to better deliver 

their feedback to others (Shaikh et al., 2024; Yeo et al., 2024; Kiskola 

et al., 2021). Lastly, we designed the AI mentee to ask counter-questions, 

prompting users to offer feedback that they had not initially consid­ 

ered (Cook et al., 2019). Specifically, we designed our system to analyze 

what was lacking in the user’s feedback and ask questions that could 

elicit that feedback from users.

Collectively, we refer to these system components as Feedback 

Reflection Interface (FRI) detailed in Section 3.4. By designing the 

system around these elements, we aim to ensure that users experience a 

robust, realistic practice environment in which they can continually as­ 

sess and refine their feedback skills. Note that we iteratively improved 

the Feed-O-Meter’s interface and underlying pipeline based on pilot ses­ 

sions with three design experts, each with over ten years of experience 

in design and design education.

3.2 . Evaluation of design feedback qualities

To design a system that aligns with our design rationales, we must 

clearly define what constitutes good feedback and how to evaluate 

it (Ngoon et al., 2018; Yuan et al., 2016). However, assessing feedback 

is inherently challenging because it is subjective and influenced by con­ 

text and the recipient’s perception (Rucker and Thomson, 2003; Yoshida, 

2008; Cho et al., 2006). To address these challenges and evaluate feed­ 

back more objectively, prior research has shifted toward focusing on 

semantic and linguistic features rather than relying on subjective as­ 

sessment from feedback recipients (Cheng et al., 2020; Cook et al., 

2019; Hurst and Nespoli, 2019). Building on these approaches, we de­ 

veloped a feedback typology and corresponding criteria to implement in 

Feed-O-Meter.

Since feedback varies in function and thus requires different eval­ 

uative criteria, it is important first to categorize the types of feedback 

to ensure accurate evaluation (Hurst and Nespoli, 2019). Past research 

commonly breaks general feedback down into information, evaluation, 

and recommendation components (Shute, 2008; Narciss, 1999; Tohidi 

et al., 2006). However, unlike statement-based feedback, the conversa­ 

tional feedback we focus on evolves over multiple interactions, requiring 

the inclusion of questions as part of the feedback process (Hurst and 

Nespoli, 2019; Cardoso et al., 2020; Cordova et al., 2021). Design ques­ 

tions that stimulate creative thinking are often classified using Eris’s 

taxonomy (Eris, 2004), which includes low-level, deep reasoning, and 

generative design questions. Our study combines these classifications 

and organizes feedback into six distinct types (Table 1).

Next, we established specific evaluation criteria for each feedback 

type by referencing prior feedback assessments (Table 2). While many 

studies commonly evaluate statement-based feedback using criteria 

such as specificity, justification, and action (Cheng et al., 2020; Krause 

et al., 2017; Ngoon et al., 2018; Sadler, 1989; Cook et al., 2019; 

Misiejuk et al., 2021), assessment of feedback that takes the form of 

questions does not have a widely accepted standard. To address this 

gap, we reviewed prior research and conducted an expert workshop, 

which led us to identify three criteria for question-based feedback: 

timeliness (Jane et al., 2024; Eris, 2004; Thurlings et al., 2013), goal 

relevance (Misiejuk et al., 2021; Thurlings et al., 2013), and level (Eris, 

2004; Seaman, 2011). Given that design is an iterative process involving 

phases of exploration (i.e., divergence) and refinement (i.e., conver­ 

gence), it is crucial to provide appropriate feedback that aligns with 

the specific needs of each phase (Eris, 2004; Yilmaz and Daly, 2016;
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Table 1 

Feedback typology used in Feed-O-Meter.

Category Description

Question Low-level Question The feedback leading to primary clarification of

missing or incomplete information during communication. 

Deep Reasoning Question The feedback leading to causal explanations of the phe

nomenon under discussion. 

-

Generative Design Question The feedback leading to reframing and conceptual exp

loration of problem- and solution-spaces. 

-

Statement Share Information The feedback that consists of additional information

necessary to make progress on the task. 

Evaluation The feedback that assesses the quality of an individual

answer or solution to the task. 

Recommendation The feedback that contains suggestions on how to im

prove the solution.

-

Table 2 

Evaluation criteria used in Feed-O-Meter. Single-turn metrics assess the quality of an individual feedback turn, whereas multiple-turn metrics assess feedback at the 

session level.

Feedback Type Criteria Description

Single-turn Question Timeliness The feedback is timely, offering questions that match the recipient’s current stage in the design process.

Goal Relevance The feedback is aligned with the design goal and does not address points irrelevant to the recipient’s hand-in. 

Level The feedback is appropriately challenging, requiring a degree of complex, critical, or creative thinking 

appropriate for the recipient.

Sentiment The feedback is positive (or negative) in tone.

Statement Specificity The feedback is specific, pointing to exact design elements or artifacts.

Justification The feedback is well-justified, backed by clear reasoning or evidence.

Action The feedback is actionable and can be implemented immediately.

Sentiment The feedback is positive (or negative) in tone.

Multiple-turn Ratio of Divergent and Convergent The feedback session adapts to each state of the work, offering divergent feedback when exploration is needed

and convergent feedback when focus is required. 

 

Ratio of Question and Statement The feedback session adapts to each state of the work, providing questions when open inquiry is appropriate

and statements when definitive direction or consolidation is needed.

 

Lekschas et al., 2021; Cardella, 2019). Thus, we introduced a measure 

that determines whether the current feedback is diverging or converging 

in nature and signals this to the user. Additionally, many studies have 

shown that feedback quality of feedback is significantly impacted by its 

sentiment (Krause et al., 2017; Yuan et al., 2016; Cardella, 2019; Wu 

and Bailey, 2021), leading to the inclusion of sentiment in our quality 

measurement.

These feedback typologies and evaluation criteria are used for real-

time feedback evaluation through LLMs, which are applied to implement 

the mentee’s knowledge state and FRI.

3.3 . Design of mentee persona AI

We developed an LLM-based agent named Alex that functions as a 

mentee in role-playing scenarios. Alex performs two key actions in role-

playing: (1) responding to user feedback and (2) updating its ideas based 

on conversations with users. This section provides a detailed overview 

of the technical aspects of these features, as illustrated in Fig. 2, which 

outlines the entire pipeline.

3.3.1 . Simulating immersive feedback interactions

We established mentee personas not only through carefully crafted 

LLM prompts but also by embedding a knowledge state mechanism and 

conceptual design elements, thereby immersing users in role-playing and 

enhancing the realism of their responses (Zhang et al., 2018). Drawing 

on demographic information used in LLM-agent persona design (Lee 

et al., 2025), we added the social identity (name, nationality, and edu­ 

cation level) and personal identity required for our role-playing context 

to the prompt. In sum, we modeled Alex as a Korean first-year design 

major with limited design knowledge yet a strong desire for feedback 

on their project, mirroring a realistic scenario in which a novice seeks 

constructive input from experts. To bound the mentee’s expertise, we 

initially assigned an empty knowledge state, which is continuously up­ 

dated throughout the feedback session. We also designed a cartoon-style 

portrait for the mentee featuring 25 distinct facial expressions to convey 

emotional states and deepen conversational immersion.

Alex can interact with the user through a chat interface. Alex’s re­ 

sponses are generated within 4–10 s, and during this time, a placeholder 

text such as “Umm… Uh…” or “In my opinion…” is displayed to simulate 

a natural conversational flow and maintain immersion.

3.3.2 . Shaping ideas with user feedback

We designed an LLM-based pipeline that updates Alex’s design ideas 

based on the feedback provided by the user. It was important to ensure 

that these updates were confined to the knowledge Alex could acquire 

through the conversation to maintain immersive experiences (DR1).

In detail, we first implemented an LLM-based categorizer (explained 

further in Section 3.4.1) to classify the user’s feedback. When the 

feedback does not fall into categories such as “no feedback” or “low-

level question” (which typically do not introduce new information 

or concepts), an LLM-powered knowledge extractor retrieves relevant 

knowledge and action plans from the feedback. We defined knowledge as 

high-level insights for the general design process, while the action plan is 

specific guidance for the current design project. Therefore, we extracted 

and stored them separately and used the knowledge to shape the ongoing 

conversation(e.g., prompting relevant counter-questions) and the action 

plan to update the Alex’s design idea.

3.4 . Design of feedback reflection interface

Beyond interacting with Alex, Feed-O-Meter incorporates interactive 

features that indirectly support users in improving their feedback dur­ 

ing practice. The feedback reflection interface (Fig. 1(C) displays the 
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Fig. 1. The main user interface of the Feed-O-Meter. (A) The Idea Proposal Interface displays predefined design topics, goals, and the AI mentee’s current design 

idea. By clicking the “Update Idea” button (A1), the user can request the AI mentee to update its design idea based on feedback. (B) Chat Interface allows users to 

provide feedback to the AI mentee. (C) Feedback Reflection Interface includes the Mentee’s Profile (C1), showing the mentee’s progress, and the Feedback Evaluation 

Dashboard (C2), which visualizes feedback criteria. The timer (D) tracks the session duration.

Fig. 2. Structure of the Feed-O-Meter’s baseline pipeline. (1) Feedback is provided by the user and processed by the response generator through the following steps. 

(2) The categorizer categorizes the feedback into six predefined categories, such as information and recommendations. (3) knowledge and action plan are extracted 

by the knowledge extractor according to their categories and integrated into the knowledge state. When the user clicks the “Update Idea” button, a design idea is 

revised based on action plans and the chat history.

results of feedback evaluations and Alex’s reactions, allowing users to re­ 

flect on the quality and the impact of their feedback. Furthermore, Alex 

poses counter questions to elicit more detailed feedback and thoughtful 

responses. This section explains the technical details of these features, 

and Fig. 3 illustrates the pipeline of these functionalities.

3.4.1 . Evaluation dashboard

Building on the feedback quality evaluation criteria from Section 3.2, 

we developed a pipeline for evaluating feedback provided by users 

to Alex. Since different feedback types require distinct evaluation cri­ 

teria, we first implemented an LLM-based feedback categorizer. The 
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Fig. 3. Pipeline of the Feedback Reflection Interface. The pipeline starts by categorizing user feedback into one of six categories—three from the question family and 

three from the statement family. Each feedback sentence is then evaluated according to criteria specific to its category. The evaluation results are displayed in the 

feedback reflection interface, influencing the mentee’s facial expressions, which change dynamically based on the feedback. Counter-questions are generated when 

certain conditions are met.

categorizer classifies feedback into one of the six categories outlined 

in Table 1, or returns “No Feedback” if the input lacks valid content.

Once categorized, the LLM-based evaluator applies specific criteria 

tailored to each feedback type, as specified in the Single-Turn column 

of Table 2, and determines where the feedback falls within these cri­ 

teria. For questions, the evaluation focuses on timeliness (whether the 

feedback was posed at the appropriate time), goal relevance (whether 

it aligns with design goals), and level (high-level or low-level) of the 

question. For statements, the pipeline assesses specificity (how de­ 

tailed the feedback is), justification (whether the feedback is supported 

by reasoning), and actionability (whether the feedback is actionable). 

Additionally, the pipeline evaluates the sentiment of the feedback, 

determining whether it has a positive or negative tone.

The results of this evaluation are updated in real-time on the dash­ 

board, as shown in Fig. 1(C2). The dashboard displays the ratio of 

divergent and convergent feedback and the ratio of questions and 

statements, as well as each single-turn evaluation criterion. Sentiment, 

however, is not directly shown on the dashboard but is reflected through 

changes in the facial expression of the AI mentee.

3.4.2 . Mentee (Alex) profile: visualizing mentee’s reactions

To enhance immersion (DR1) and support feedback improvement 

(DR2), we visualized Alex’s reactions to the feedback provided by users 

Fig. 1(C1). The interface offers three visualizations: Level Bar, Facial 

Expression, and Inner Thoughts. First, the Level Bar shows the amount 

of knowledge accumulated in Alex’s knowledge state, encouraging users 

to provide more valuable feedback to enhance this level.

Alex’s facial expressions are determined by two key factors: (1) 

the sentiment of the feedback and (2) the results from the single-turn 

evaluation. The sentiment factor is represented on a five-level scale— 

positive feedback makes Alex smile, while negative feedback results in 

a sad expression. The second factor, the feedback evaluation, is also dis­ 

played on a five-level scale—highly evaluated feedback makes Alex’s 

eyes sparkle, while poor feedback causes a skeptical expression in the 

eyes. By observing Alex’s changing expressions, users are indirectly 

motivated to improve the quality of their feedback.

We also introduce an interface displaying Alex’s inner thoughts gen­ 

erated by LLMs based on the knowledge and action plans extracted 

from the idea-updating pipeline discussed in Section 3.3.2. These in­ 

ner thoughts are presented as concise, one-line sentences in a thought 

bubble above Alex’s face.

3.4.3 . Asking counter-questions

We designed a pipeline that allows Alex to ask counter-questions 

when the user’s feedback requires improvement or diversification. 

These counter-questions are triggered when users give repetitive feed­ 

back, such as consecutive questions or statements, prompting them 

to vary their responses. Additionally, counter-questions are generated 

when feedback evaluations show extremes, such as consistently low-

level questions, or when feedback lacks specificity. In such cases, the 

system generates counter-questions to guide users toward better feed­ 

back. The system continuously tracks the types and quality of feedback 

throughout the conversation. We also set the threshold for triggering 

counter-questions at four consecutive occurrences of specific feedback 

conditions, as a lower threshold might disrupt the user’s ability to 

provide feedback proactively.

3.5 . User interface 

3.5.1 . Onboarding

To help users fully embody the mentor’s role, we designed an on­ 

boarding interface where they create a mentor profile and set their 

feedback style and goals before entering the main interface (DR1). In this 

interface (Fig. A.6), users select one of five character profiles and answer 

three open-ended questions: ‘What type of mentor are you?’, ‘What are 

the characteristics of your feedback?’ and ‘What is the goal of the feed­ 

back session?’. This flow is designed to help users immerse themselves 

in the mentoring scenario by encouraging them to adopt a clear role and 

mindset before giving feedback.
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3.5.2 . Main interface

The Feed-O-Meter interface is designed as a chat-based web ap­ 

plication (Fig. 1) to provide an intuitive and immersive experience 

for simulating feedback exchange scenarios. After completing the on­ 

boarding process, users are introduced to three main components: the 

Idea Proposal Interface Fig. 1(A), the Chat Interface Fig. 1(B), and the 

Feedback Reflection Interface (Fig. 1(C).

The Idea Proposal Interface (left panel) displays the design project 

topic, design goals, and Alex’s current design idea. Alex’s idea includes 

a title, a description of the target problem, and an explanation of the 

proposed design solution. The “Update Idea” button Fig. 1(A1) allows 

users to refresh and review updates to Alex’s idea based on their ongoing 

conversation.

The Chat Interface (center) is where the interaction between the 

user and Alex takes place. It begins with a message from Alex saying, 

“Hi, my name is Alex. I appreciate any feedback on my idea.” Users 

provide feedback through the chat while referring to Alex’s current ideas 

displayed in the left panel, the chat history, and the feedback reflection 

interface on the right panel.

The Feedback Reflection Interface (right panel) helps users reflect 

on their feedback at a glance. It includes two non-interactive fea­ 

tures: Mentee’s Profile Fig. 1(C1) and the Feedback Analysis Dashboard 

Fig. 1(C2). Mentee’s Profile displays Alex’s facial expression reacting 

to feedback (Fig. A.7) and a “thought bubble” showing their inner 

thoughts. This affective feedback mechanism is designed based on 

related works, which show that such expressions enhance user engage­ 

ment and perceived social presence (Brave et al., 2005). The Feedback 

Analysis Dashboard provides real-time visualizations, including two O-

Meters: one showing the ratio of divergent to convergent feedback and 

another displaying the ratio of question-based to statement-based feed­ 

back. A bar chart also presents the accumulated scores of each feedback 

criterion.

3.6 . Implementation

We developed the system interface using React 

1  and connected it to 

a Flask 

2  backend server that leverages the GPT API. We used OpenAI’s 

chat completion API 

3  to analyze user feedback, generate mentees’s re­ 

sponses, and update ideas. We employed the GPT-4o model, which is 

particularly suited for chat interactions due to its fast response genera­ 

tion speed. For parameter settings, we consistently used a temperature 

of 0, with all other values set to their defaults. All log data associated 

with each user is stored in a MySQL database. The source code of Feed-O-

Meter is publicly available at https://github.com/Hyunseung-Lim/Feed-

O-Meter.

3.7 . Pipeline evaluation

Feed-O-Meter incorporates various LLM-based modules, most of 

which utilize the LLM’s text-generation capabilities. These capabilities 

are well-suited for tasks like generating responses to user feedback to 

enhance immersion. As these tasks represent well-established use cases 

for LLMs, we did not conduct a separate evaluation for these modules. 

However, the LLM-based feedback categorizer required a dedicated per­ 

formance evaluation, as categorization accuracy can vary based on the 

prompts used. To confirm the reliability of the LLM-based categorizer, 

we used data from the user study. Out of 1386 feedback sentences, 

we randomly selected 60, with 10 samples drawn from each of the 

six categories identified by the LLM pipeline. Two authors indepen­ 

dently categorized these sentences, blinded to the LLM’s results, and 

we measured the agreement between human and LLM classification 

without knowing the LLM’s categorization results. Then, we measured 

the alignment between human and LLM classifications. The evaluation 

1 https://react.dev
2 https://flask.palletsprojects.com
3 https://platform.openai.com/docs/guides/chat-completions

showed a Cohen’s Kappa of 0.86 between the two authors, indicating 

strong agreement. When comparing the LLM’s categorizations to the au­ 

thors’ labels, Cohen’s Kappa values were 0.80 and 0.72, respectively. 

The results suggest substantial alignment between the LLM and human 

judgments, indicating that the LLM-based categorizer is both effective 

and reliable in accurately categorizing feedback. 

4 . User study

The user study investigates how Feed-O-Meter influences users’ 

design-feedback skills and their overall perceptions of the system. 

Rather than replacing existing peer feedback, Feed-O-Meter introduces 

a novel experience in which students adopt the instructor’s perspec­ 

tive. Accordingly, our focus is not on direct comparisons with previous 

feedback practices but on how participants perceive this new approach 

to agent-based feedback training and how Feed-O-Meter can be inte­ 

grated into the current feedback practice. As outlined in the design 

rationales, Feed-O-Meter aims to engage students in the practice of giv­ 

ing feedback and to help them reflect on their feedback to come up 

with higher-quality feedback. This leads us to the following research 

questions:

• RQ1: How do students perceive the experience of providing feedback 

through Feed-O-Meter?

• RQ2: How does the Feedback Reflection Interface (FRI), a set of novel 

features in our system, affect users’ feedback skills?

To explore these questions, we conducted a within-group compar­ 

ative study. This section provides a detailed description of our study 

design, which was approved by the university’s Institutional Review 

Board (IRB).

4.1 . Participants

We recruited 24 participants (12 females, 12 males) through on­ 

line university communities in South Korea. The recruitment specifically 

targeted both undergraduate and graduate students majoring in de­ 

sign, with participants grouped by their design education experience 

in 2-year intervals to ensure a balanced distribution across experience 

levels. Demographic details are presented in Table 3. Participants’ ages 

ranged from 19 to 32 (𝑀 = 23.17, 𝑆𝐷 = 3.10), with most majoring in 

Industrial Design and two participants majoring in Design & Art. The 

study lasted 100 min, and participants were compensated 50,000 KRW 

(approximately 37 USD).

4.2 . Study design

We conducted a within-subject study with two conditions: (1) a 

baseline condition and (2) the Feed-O-Meter condition. In the base­ 

line condition, participants used a version of Feed-O-Meter without the 

Feedback Reflection Interface (FRI), meaning that the feedback evalua­ 

tion was not displayed, and Alex did not ask counter-questions. In the 

Feed-O-Meter condition, all features of Feed-O-Meter were activated. 

To maintain consistency in response time across both conditions, we 

used the same prompts to generate responses in the baseline condition, 

though the evaluation results were not displayed.

Participants engaged in a role-playing task in which they were asked 

to provide feedback on design ideas presented by an AI mentee. Their 

goal was to help the AI mentee refine the ideas and design objectives. 

The task was repeated three times: a 5-minute pre-session for exploring 

the interface and two 20-minute sessions under each condition (baseline 

and Feed-O-Meter condition). While the task remained the same in each 

session, the AI mentee asked for feedback on different ideas each time.

Our system targeted the early ideation phase of the design process 

for problem-solving, a commonly adopted design task in the educational 

setting (Jonassen, 2000). We selected three topics for the role-playing 

task–Carbon Emission Reduction, Pet Care, and Child Protection–based 
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Table 3 

Demographic information of study participants. Study Condition refers to the order in which conditions were administered in the 

within-subject study.

Participant Age Gender Experience in Major Study

ID Learning Design Condition

P1 20 F Under 2 years Industrial Design

P2 21 F 2 - 4 years Industrial Design

P3 23 F 2 - 4 years Design & Art

P4 23 F 2 - 4 years Industrial Design

P5 25 F 2 - 4 years Design & Art Feed-O-Meter

P6 24 F Over 4 years Industrial Design →

P7 20 M Under 2 years Industrial Design Baseline

P8 19 M Under 2 years Industrial Design

P9 21 M 2 - 4 years Industrial Design

P10 23 M 2 - 4 years Industrial Design

P11 24 M Over 4 years Industrial Design

P12 24 M Over 4 years Industrial Design

P13 28 F Under 2 years Industrial Design

P14 22 F 2 - 4 years Industrial Design

P15 23 F 2 - 4 years Industrial Design

P16 23 F 2 - 4 years Industrial Design

P17 24 F Over 4 years Industrial Design Baseline

P18 32 F Over 4 years Industrial Design →

P19 19 M Under 2 years Industrial Design Feed-O-Meter

P20 18 M Under 2 years Industrial Design

P21 25 M Under 2 years Industrial Design

P22 25 M Over 4 years Industrial Design

P23 23 M Over 4 years Industrial Design

P24 27 M Over 4 years Industrial Design

Fig. 4. The outline of the user study with the time allocated for each step.

on example themes proposed by the renowned Red Dot Design Award. 

4 

These socially, ethically, and environmentally relevant issues were cho­ 

sen for their potential to broaden the focus of feedback beyond visual 

outcomes, encouraging critical discussions on how defined problems and 

generated ideas impact people and society. We also defined five de­ 

sign goals for the mentee’s ideas–Innovation, Elaboration, Usability, Use 

Value, and Social Responsibility–based on criteria from the iF 

5  and Red 

Dot Awards.

We generated six seed design ideas for the AI mentee–two for each 

topic–that the mentee will present during the feedback sessions. To en­ 

hance realism, four undergraduate design students drafted ideas for each 

topic, including the title, target problem, and proposed solution. We se­ 

lected six ideas from the initial 12 drafts by excluding overly abstract or 

narrowly specific ideas to allow substantive feedback sessions on each 

topic. The design ideas were presented in a different order for each par­ 

ticipant, with researchers ensuring all ideas were used an equal number 

of times during the sessions.

We asked participants to complete two types of surveys in our study. 

First, to assess whether Feed-O-Meter impacts participants’ feedback 

skills, we administered pre-surveys and post-surveys on feedback ef­ 

ficacy (TschannenMoran and Hoy, 2001) to answer RQ2. Second, to 

compare the baseline and Feed-O-Meter conditions, participants com­ 

pleted a debriefing survey after each experiment to answer RQ1. Based 

4 https://www.red-dot.org/design-concept/categories
5 https://ifdesign.com/en/

on our design rationales, we selected nine survey items: four regarding 

RQ1 and five regarding RQ2.

4.3 . Study procedure

The study was conducted in person, with an option for online par­ 

ticipation via Zoom. The process is shown in Fig. 4. We first briefed 

the participants on the study’s objectives and had them complete a pre-

survey. After being introduced to Feed-O-Meter’s interface and features, 

they had five minutes to explore the system and set up their mentor 

profiles (see Fig. A.6). The study consisted of two 20-minute feedback 

sessions: one under the Feed-O-Meter condition and one under the base­ 

line condition. During these sessions, participants provided feedback on 

design ideas while interacting with an AI mentee, clicking the “Update 

Idea” button at least once. After each session, participants completed a 

debriefing survey, and after both sessions, a post-survey on feedback effi­ 

cacy. The study concluded with a 30-minute interview to gather insights 

into their experience and perceptions. The interview protocol covered 

the overall experience of using the system, the characteristics of partici­ 

pants’ feedback with Feed-O-Meter in comparison to real-world feedback 

scenarios, and the difference in the experience of providing feedback 

between the Feed-O-Meter and baseline conditions.

4.4 . Measures and analysis

We collected log data of all interactions between users and Feed-

O-Meter and audio-recorded post-interview sessions. Both quantitative 

and qualitative methods were used to analyze the log data, survey 
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Table 4 

Statistical summary of interaction logs (including the number of user feedback, mentee responses, syllables in feedback and responses, counter-

questions (only in Feed-O-Meter), and clicks on the Update Idea button) between Feed-O-Meter and baseline conditions. (-: 𝑝 > .05, ∗: 𝑝 < .050, 

∗∗: 𝑝 < .010, ∗∗∗: 𝑝 < .001).

Feed-O-Meter baseline statics

mean std mean std P sig.

# of (user’s) feedback 12.63 4.15 14.29 6.60 0.3005 –

# of syllables in (user’s) feedback 207.85 135.99 183.11 138.94 0.0229 ∗
# of (user’s) feedback (by sentence) 25.25 6.15 26.41 9.15 0.6066 –

# of syllables in (user’s) feedback (by sentence) 103.40 62.94 98.80 61.03 0.1924 –

# of (mentee’s) responses 12.63 4.15 14.29 6.60 0.3005 –

# of syllables in (mentee’s) responses 218.70 76.08 210.67 75.35 0.1788 –

# of (mentee’s) counter questions 3.79 1.10 – – – –

# of syllables in (mentee’s) counter questions 132.79 37.94 – – – –

# of clicks on Update Idea button 2.63 1.06 2.91 1.56 0.4516 –

# of syllables in (mentee’s) idea 1358.75 213.07 1356.89 187.70 0.9574 –

responses, and interview transcripts. First, we performed descriptive sta­ 

tistical analysis on participants’ feedback and Alex’s responses. To gain 

deeper insights, we employed open coding along with thematic anal­ 

ysis (Braun and Clarke, 2006). First, we divided one user’s feedback 

log into individual sentences because it contained multiple sentences 

featuring various feedback types. Two researchers then independently 

categorized these sentences into six pre-defined categories (see Table 1), 

which were further refined into 15 subcategories through discussion (see 

Table 5).

Additionally, we conducted an expert evaluation of the log data to 

compare the quality of feedback in each condition. We recruited 12 de­ 

sign experts (eight males, four females; mean age = 29.33, 𝑆𝐷 = 3.11), 

each holding at least a master’s degree in industrial design, with an av­ 

erage of 9.5 (𝑆𝐷 = 2.24) years of experience, and having taught design 

at the college level. We randomly assigned eight feedback sessions (four 

Feed-O-Meter conditions and four baseline conditions) to each expert, 

resulting in a total of 96 evaluated feedback sessions. For each session, 

experts assessed every sentence-level user log as well as the entire ses­ 

sion according to specified criteria (see Table 2). Experts rated timeliness, 

goal relevance, and level on a 7-point Likert scale for question-based feed­

back at the sentence level, and specificity, justification, and action on a 7-

point Likert scale for statement-based feedback. After reviewing all user 

logs, the experts provided overall ratings on a 7-point Likert scale based 

on three criteria–two from the typology in Table 2 (ratio of divergent and 

convergent feedback, ratio of question and statement feedback) and overall 

helpfulness. Finally, they were invited to leave open-ended comments.

We analyzed four sets of survey data. First, to compare participants’ 

feedback experiences between the two sessions (Feed-O-Meter and base­ 

line), we conducted paired t-tests on each post-session survey item. We 

also reported effect sizes as Hedges’ g (Hedges, 1981) to contextualize 

statistical significance and mitigate concerns that our inferences were 

driven by sample size alone. Because these items were conceptually 

independent rather than forming a single family, we did not apply a 

Bonferroni correction. Second, to examine changes in feedback efficacy 

from pre- to post-experiment, we ran paired t-tests on the pre- and post-

surveys and likewise reported Hedges’ g. In this case, to control for Type 

I errors across multiple comparisons, we applied a Bonferroni correction.

Finally, we conducted a thematic analysis (Braun and Clarke, 2006) 

of interview transcripts to complement the survey and log data findings. 

The first author performed open coding, and the research team identified 

overarching themes through discussion, adding depth and validity to our 

qualitative analysis.

5 . Findings

In this section, we present the key findings from our study. First, 

we provide a descriptive summary outlining the details of the overall 

use of Feed-O-Meter. Second, we compare the feedback quality and 

participants’ usage experiences between the baseline and Feed-O-Meter 

conditions to determine how our Feedback Reflection Interface (FRI) 

influenced their quality of feedback. Finally, we examine the partici­ 

pants’ overall perspective on Feed-O-Meter as a design feedback practice 

system.

5.1 . Descriptive summary of Feed-O-Meter usage 

5.1.1 . Feedback provided by participants

In the user study, 24 participants each completed two feedback 

sessions, exchanging a total of 1431 chats with the AI mentee (of 

which 646 were from the participants). In the Feed-O-Meter con­ 

dition, they provided an average of 12.63 (𝑆𝐷 = 4.15, min = 

7[𝑃 4], max = 22[𝑃 1]) chats, with each chat averaging 207.85 (𝑆𝐷 = 

135.99, min = 78.38[𝑃 3], 471.86[𝑃 4]) syllables per chat. In the baseline 

condition, participants provided an average of 14.29 (𝑆𝐷 = 6.60, min = 

5[𝑃 2], max = 34[𝑃 1]) chats over 20 min, with each chat averaging 183.11 

(𝑆𝐷 = 138.94, min = 93.68[𝑃 3], max = 453.60[𝑃 2]) syllables per chat. 

Participants’ feedback was statistically significantly longer in the Feed-

O-Meter condition (𝑡 = −2.28, 𝑝 = 0.0229). A statistical summary of the 

interaction logs is provided in Table 4.

Participants provided various types of feedback to improve Alex’s 

ideas (see Table 5). At the sentence level, the most frequent type of 

question-based feedback was Low-Level Questions (𝑁 = 195), fol­ 

lowed by Deep Reasoning Questions (𝑁 = 118) and Generative Design 

Questions (𝑁 = 92). Interestingly, the total number of question-based 

feedback was higher in the baseline condition (𝑁 = 243) compared to 

the Feed-O-Meter condition (𝑁 = 162) across all sub-categories except 

for the Understanding Mentee, where the Feed-O-Meter condition (𝑁 = 

23) had more questions than the baseline (𝑁 = 15). Among statement-

based feedback, Recommendations (𝑁 = 337) were the most common, 

followed by Evaluations (𝑁 = 299) and Sharing Information (𝑁 = 121). 

While statement-based feedback appeared more frequently in the Feed-

O-Meter condition (𝑁 = 405) than in the baseline condition (𝑁 = 352), 

Evaluations were more prevalent in the baseline condition (𝑁 = 162) 

compared to the Feed-O-Meter condition (𝑁 = 137). Notably, in the 

Feed-O-Meter condition, Positive Assessments (𝑁 = 63) were more fre­ 

quent than Negative Assessments (𝑁 = 58), whereas, in the baseline 

condition, Negative Assessments (𝑁 = 85) appeared more often than 

Positive Assessments (𝑁 = 67).

5.1.2 . AI mentee’s responses to feedback

A total of 737 responses from Alex were observed, excluding the 

starting messages. Of these, 646 were direct responses to user feedback, 

and 91 were counter-questions generated only in Feed-O-Meter condi­ 

tion. The average response length was 218.70 (𝑆𝐷 = 76.08) syllables in 

the Feed-O-Meter condition and 210.67 (𝑆𝐷 = 75.35) syllables in the 

baseline condition.
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Table 5 

Categorization of user feedback at the sentence level. Six predefined categories have 15 subcategories, each with associated descriptions and examples. The number 

of feedback instances belonging to the Feed-O-Meter condition is indicated by F, and those in the Baseline condition are indicated by B.

Category Sub-Category Description Example

 

 

 

 

Low-Level (F: 81, B: 114) Verification (F: 9, B: 18) Feedback to make sure the user understands

the mentee’s idea. 

P22: So this idea is a filtering service for kids? 

Alex: Yes, that’s right.

Completion (F: 43, B: 76) Feedback to clarify something that is not 

clearly explained. 

P13: How exactly does virtual adoption work? 

Alex: It uses VR to simulate pet ownership experience.

Understanding Mentee (F: 

23, B: 15)

Feedback to get to know mentee’s back­ 

ground, understanding, interests, and 

more. 

P21: Alex, do you have any pets? 

Alex: Yes, my family has a dog, and that’s what inspired me to

come up with this idea. 

Deep Reasoning (F: 46, B: 72) Logical / Causal Reasoning 

(F: 37, B: 60)

Feedback that prompts the mentee to 

reason about the feasibility, realization, 

effectiveness, etc. of the idea. 

P24: Is it scientifically possible? 

Alex: To be honest, I haven’t thought deeply about that.

Instrumental / Procedural 

Reasoning (F: 8, B: 11)

Feedback asking about the procedure and 

reasons behind the mentee’s decision.

P15: Why did you limit the target to children under 7 years 

old? 

Alex: Oh, I didn’t limit it to children under 7.

Generative Design (F: 35, B: 

57)

Brainstorming /Ideation (F: 

19, B: 26) 

Negotiation (F: 7, B: 16)

Feedback that provides or elicits ideas 

without a deliberate end goal.

Feedback to suggest/negotiate the new idea 

instead of the current one. 

P15: How about letting them know in the dog’s voice saying “I 

want to go for a walk”? 

P19: Is there any way we could detect child abuse earlier, 

before it gets too serious? 

Scenario Creation (F: 9, B: 

12) 

Feedback that presents specific scenarios that 

could happen. 

P20: In abusive households, parents might prevent children 

from making emergency calls. How can we address this issue? 

Share Information (F: 75, B: 

46)

Sharing Examples / 

Personal Experience (F: 

34, B: 26) 

Feedback that provides an example or 

personal experience

P10: Have you heard of ‘Elsagate’? […], it seems difficult to 

filter out malicious content similar to those interests.

Providing Design 

Knowledge (F: 24, B: 15)

Feedback that provides design knowledge or 

principles.

P6: Another important factor to consider is what stakeholders 

can help when child abuse issues occur. […] It’s important to 

consider these various stakeholders. 

Evaluation (F: 137, B: 162) PositiveAssessment (F: 63, 

B: 67)

Feedback that explicit positive assessment of 

the quality of the design.

Alex: Users could express satisfaction with emoticons after

watching content. 

P16: Oh, using emoticons for feedback is a great idea! 

NegativeAssessment (F: 58, 

B: 85) 

Feedback that explicit negative assessment of 

the quality of the design. 

P10: I got the impression that the target problem and the ideas 

aren’t really well aligned. 

Recommendation (F: 193, B: 

144)

DirectRecommendation (F: 

103, B: 86)

Feedback that gives specific advice on what 

or how to do.

P23: Let’s design a platform that’s not just for adopters, but 

one that various stakeholders from each facility can use 

together. 

Hinting (F: 73, B: 50) Feedback that indirectly suggests a way to

proceed without making a direct suggestion. 

P9: You should look that up. As a hint, think about what’s 

currently used in automatic doors. 

ProjectManagement (F: 15, 

B: 8)

Feedback on project management, including 

scheduling, deliverables, and stakeholder 

management. 

Social expression, empathy, and compliments

P18: It would be good to organize the types and situations of 

child abuse by third parties indoors more specifically.

No Feedback (F: 39, B: 39) P4: Hello, I’ve carefully read your ideas.

P5: I didn’t give you much advice, but you’re really good at 

developing ideas! Haha.

5.1.3 . Ideas generated by AI mentee

Participants requested a total of 133 idea revisions by clicking 

the “Update Idea” button during the feedback sessions, averaging 

2.63 times (𝑆𝐷 = 1.06) in Feed-O-Meter condition and 2.92 times 

(𝑆𝐷 = 1.56) in the baseline condition. A total of 48 ideas were gen­ 

erated across three topics, with 16 ideas per topic. The average idea 

length was 1310.50 (𝑆𝐷 = 341.00) syllables in the initial idea, 1358.75 

(𝑆𝐷 = 213.07) syllables in the Feed-O-Meter condition, and 1356.89 

(𝑆𝐷 = 187.70) syllables in the baseline condition. A t-test showed 

no statistically significant difference in idea length between the two 

conditions (𝑡 = −0.05, 𝑝 = 0.9574).

5.2 . Impact of the feedback reflection interface on feedback

To answer RQ2, we analyzed the participants’ feedback quality dur­ 

ing the study session and their perception differences between the 

two conditions. In this session, we will first report on the differences 

in feedback quality in each condition, followed by the differences in 

participants’ feedback experiences in each condition.

5.2.1 . Feedback quality between Feed-O-Meter and baseline conditions

Fig. 5 shows the expert evaluation results comparing the user ex­ 

perience of Feed-O-Meter with the FRI and the baseline system. For 

the question-based feedback criteria, timeliness (Feed-O-Meter: 𝑀 = 

4.68, 𝑆𝐷 = 1.34 / baseline: 𝑀 = 4.80, 𝑆𝐷 = 1.45 / 𝑝 = 0.3108), goal rele­ 

vance (Feed-O-Meter: 𝑀 = 4.70, 𝑆𝐷 = 1.48 / baseline: 𝑀 = 4.89, 𝑆𝐷 = 

1.57 / 𝑝 = 0.1453), and level (Feed-O-Meter: 𝑀 = 3.94, 𝑆𝐷 = 1.66 / 

baseline: 𝑀 = 4.19, 𝑆𝐷 = 1.68 / 𝑝 = 0.0622) all showed no statis­ 

tically significant differences between the two conditions. Meanwhile, 

for the statement-based feedback criteria of specificity (Feed-O-Meter: 

𝑀 = 4.64, 𝑆𝐷 = 1.56 / baseline: 𝑀 = 4.34, 𝑆𝐷 = 1.70 / 𝑝 = 0.0005), justi­ 

fication (Feed-O-Meter: 𝑀 = 4.73, 𝑆𝐷 = 1.43 / baseline: 𝑀 = 4.42, 𝑆𝐷 =
1.64 / 𝑝 = 0.0001), and action (Feed-O-Meter: 𝑀 = 4.19, 𝑆𝐷 = 1.55 / 

baseline: 𝑀 = 3.93, 𝑆𝐷 = 1.66 / 𝑝 = 0.0025), the Feed-O-Meter condition 

showed significantly higher scores across all measures. For the overall 

evaluation of the feedback session, the ratio of divergent and convergent 

(Feed-O-Meter: 𝑀 = 4.18, 𝑆𝐷 = 1.50 / baseline: 𝑀 = 3.65, 𝑆𝐷 = 1.71 / 

𝑝 = 0.1191) was higher in the Feed-O-Meter condition but did not reach 

statistical significance, and neither the ratio of question and statement 

(Feed-O-Meter: 𝑀 = 4.07, 𝑆𝐷 = 1.42 / baseline: 𝑀 = 4.17, 𝑆𝐷 = 1.75 / 

𝑝 = 0.7661) nor overall helpfulness (Feed-O-Meter: 𝑀 = 4.47, 𝑆𝐷 = 1.56
/ baseline: 𝑀 = 4.38, 𝑆𝐷 = 1.75 / 𝑝 = 0.7930) showed a statistically 

significant difference.

5.2.2 . Participants’ experiences between Feed-O-Meter and baseline 

conditions

Table 6 shows the post-survey results comparing the user experience 

of Feed-O-Meter with the FRI and the baseline system. Participants found 

providing feedback with Feed-O-Meter more enjoyable (baseline: 𝑀 = 

5.88, 𝑆𝐷 = 0.95 / Feed-O-Meter: 𝑀 = 6.54, 𝑆𝐷 = 0.59 / 𝑝 = 0.0053 

∗∗). 

However, there was no significant difference in whether the AI mentee 

felt more like a design student. Participants indicated that the FRI helped 

them recognize whether they were giving good feedback (Feed-O-Meter: 
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Fig. 5. Comparison of expert evaluation of participants’ feedback under the Feed-O-Meter condition and the baseline condition. For sentence-level, question-based 

feedback was evaluated by timeliness, goal relevance, and level, while statement-based feedback was evaluated by specificity, justification, and action. The overall feedback 

session was evaluated by ratio of divergent and convergent, ratio of question and statement, and overall helpfulness. (-: 𝑝 > .05, ∗: 𝑝 < .050, ∗∗: 𝑝 < .010, ∗∗∗: 𝑝 < .001).

Table 6 

Nine themed questions were given in a debriefing survey. The four questions above are related to RQ1, and the five below are related to RQ2 (-: 𝑝 > .05, 

∗: 𝑝 < .050, ∗∗: 𝑝 < .010, ∗∗∗: 𝑝 < .001). Effect sizes(ES) are reported as Hedges’ 𝑔 (pooled-mean SD standardization with small-sample correction). 

Magnitudes: small ≈ 0.20, medium ≈ 0.50, large ≈ 0.80.

Feed-O-Meter baseline statics

mean std mean std 𝑃  (sig.) ES

It was enjoyable to provide feedback through the system. 6.54 0.59 5.88 0.95 0.0053 (∗∗) 0.82

I would like to practice giving feedback through the 

system in the future.

6.08 0.97 5.71 0.95 0.1846 (−) 0.38

Giving feedback on design ideas through the system felt 

similar to giving feedback on real design projects.

5.62 1.38 5.50 1.56 0.7699 (−) 0.08

The mentee (Alex) resembled real design students. 5.12 1.30 4.58 1.56 0.1969 (−) 0.37

The system helped me recognize whether I was providing 

good feedback.

6.00 0.88 3.75 1.15 0.0000 (∗∗∗) 2.16

Conversations with the mentee (Alex) inspired me to 

provide feedback I hadn’t considered before.

5.83 1.17 4.79 1.67 0.0158 (∗) 0.53

It was easy to provide feedback through the system. 5.42 1.28 4.54 1.69 0.0495 (∗) 0.57

Using the system has enhanced my feedback skills. 5.62 1.06 5.04 1.20 0.0799 (−) 0.50

My feedback improved the mentee (Alex)’s idea. 6.25 0.53 5.58 1.21 0.0174 (∗) 0.71

𝑀 = 6.00, 𝑆𝐷 = 0.88 / baseline: 𝑀 = 3.75, 𝑆𝐷 = 1.15 / 𝑝 =  

 0.0000∗∗∗ ), 

and counter-questions inspired them to provide more feedback (Feed

O-Meter: 𝑀 = 5.83, 𝑆𝐷 = 1.17 / baseline: 𝑀 = 4.79, 𝑆𝐷 = 1.67 / 

𝑝 = 0.0158∗ 

 ). Participants also felt that Alex’s ideas improved more with 

feedback through the Feed-O-Meter (Feed-O-Meter: 𝑀 = 6.25, 𝑆𝐷 = 0.53 

/ baseline: 𝑀  

 = 5.58, 𝑆𝐷 = 1.21 / 𝑝 = 0.0174 

∗) and found feedback 

easier to provide (Feed-O-Meter: 𝑚𝑒𝑎𝑛 = 5.42, 𝑆𝐷 = 1.28 / baseline: 

𝑚𝑒𝑎𝑛 = 4.54, 𝑆𝐷 = 1.69 / 𝑝 =  

 0.0495∗ ). However, there was no sig

nificant difference in perceived improvement in their feedback skills 

(Feed-O-Meter: 𝑀 = 5.62, 𝑆𝐷 = 1.06 / baseline: 𝑀 = 5.04, 𝑆𝐷 = 1.20 / 

𝑝 = 0.0799).

-

­

To gain deeper insights into participants’ experiences with the two 

conditions, we identified key themes from their subjective perspectives 

and experiences through qualitative analysis.

Most participants (22/24) found that the visualized information on 

the FRI helped them reflect on their feedback patterns and how Alex 

perceived them. For example, P18 mentioned, “I enjoyed seeing the Alex’s 

inner thoughts on my feedback. It’s a perspective we don’t usually have, so 

it was insightful and engaging.” For some participants (6/24) with less 

feedback experience, this visualization served as a guide for providing 

constructive feedback. P8 said, “The interface showed divergent and con­ 

vergent feedback, right? I realized feedback has these criteria and that most 

of mine was convergent.”

The visual nature of FRI allowed participants to check if their feed­ 

back was delivered as intended and adjust it for clarity when necessary. 

P19 stated, “It was easier to give feedback when I could see how it was un­ 

derstood in the top section (Mentee’s Profile). I would rephrase it if Alex did 

not get my point.” Participants also adjusted the flow or style of their 

feedback. P18 shared, “I initially tried to give more divergent feedback but 

realized most of what I said was actually convergent. So, I started asking 

things like, ‘What do you think?’ instead of just giving definitive answers.” 

Although participants recognized their feedback patterns through the 

FRI, not all adjusted their feedback. Some (5/24) found it challenging 

to act on the information. For example, P3 wanted to improve a spe­ 

cific metric but struggled with how to do it. Likewise, P4 mentioned, 

“The criteria were kind of abstract, so it was hard to tell if I was doing 

well.”

Some participants (10/24) appreciated how counter-questions 

helped break repetitive feedback patterns and pushed the discussion 

in deeper, more diverse directions. P1 observed that Alex’s questions 

introduced new topics, moving the conversation into new phases. P23 

shared, “When I thought there was nothing left to give feedback on, Alex 

suddenly asked what I thought about the financial aspects. I hadn’t ex­ 

pected that.” Some participants (8/24) enjoyed engaging with diverse 

perspectives. P10 remarked, “Since it’s a design project, I can’t just make 

everything to fit my preferences. In the Feed-O-Meter condition, Alex’s 
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Table 7 

Pre- and post-test comparison of self-efficacy survey results. The significance level after the Bonferroni correction was 0.0039 (-: 𝑝 > .0039, ∗: 𝑝 < .0039, ∗∗: 𝑝 < .0008, 

∗∗∗: 𝑝 < .0001). Effect sizes(ES) are reported as Hedges’ 𝑔 (pooled-mean SD standardization with small-sample correction). Magnitudes: small ≈ 0.20, medium ≈ 0.50, 

large ≈ 0.80. 

pre post statics

mean std mean std 𝑃  (sig.) ES

I can provide alternative explanations or examples when feedback 

receivers are confused.

5.58 0.78 5.92 0.88 0.1707 (−) 0.41

I can craft good questions for feedback receivers. 4.46 1.18 6.12 0.74 0.0000 (∗∗∗) 1.61

I can respond well to difficult questions from feedback receivers. 4.54 0.93 5.54 0.83 0.0003 (∗∗) 1.10

I can adjust feedback to the proper level for individual feedback 

receivers.

4.54 1.56 5.21 0.72 0.0636 (−) 0.51

I can gauge feedback receivers’ comprehension of my feedback. 4.79 1.18 5.75 0.79 0.0019 (∗) 0.92

I can use a variety of assessment strategies. 3.67 1.20 4.92 1.10 0.0005 (∗∗) 1.07

I can provide appropriate challenges for very capable feedback 

receivers.

5.17 1.24 5.79 0.98 0.0585 (−) 0.54

I can get feedback receivers to believe they can do well in design. 5.29 1.23 5.50 1.10 0.5404 (−) 0.17

I can help feedback receivers value the design. 5.29 0.91 6.00 0.88 0.0088 (−) 0.79

I can motivate feedback receivers who show low interest in design. 4.08 1.64 4.83 1.34 0.0895 (−) 0.48

I can help feedback receivers think critically. 5.38 1.01 6.08 1.02 0.0197 (−) 0.69

I can foster feedback receivers creativity. 4.38 1.31 5.17 1.13 0.0300 (−) 0.64

I can help feedback receivers who are having difficulty with their 

designs.

5.50 0.78 5.88 0.99 0.1522 (−) 0.42

differing views encouraged me to broaden my thinking and find a middle 

ground.”

Half of the participants (12/24) reported feeling a sense of ac­ 

complishment when their experience points increased or when Alex 

displayed a happy facial expression. P15 noted feeling especially satis­ 

fied when Alex gained design knowledge, as reflected in inner thoughts 

like, ‘Oh, that is something I need to consider!’ This motivated partic­ 

ipants to put more effort into providing constructive feedback. Several 

participants (6/24) also noted that Alex’s counter-questions made the 

interaction feel more engaging, as Alex appeared more committed. P11 

remarked, “The counter-question showed how well Alex understood my feed­ 

back, and I felt proud seeing him come up with his own question. It made me 

want to give him even more feedback.”

However, a few participants (2/24) found the FRI burdensome, mak­ 

ing them more hesitant about providing feedback. P3 noted that while 

the feedback score was interesting, its explicit nature added pressure 

when the score dropped. P21 added, “I felt like I was giving answers that 

would earn the score rather than providing what Alex actually needed.”

5.3 . Participants’ perception toward design feedback with AI mentee 

5.3.1 . Enhancing perceived feedback efficacy

Overall, the survey results indicated positive changes in participants’ 

self-efficacy regarding providing feedback (See Table  7). There was a 

statistically significant improvement in the question, “I can craft good 

questions for feedback receivers.” (𝑡 = −5.8645, 𝑝 = 0.0000 

∗∗∗ ). Notable 

gains were also seen in the question, “I can respond well to difficult 

questions from feedback receivers” (𝑡 = −3.9203, 𝑝 = 0.0003 

∗∗ ), “I can 

gauge feedback receivers’ comprehension of my feedback” (𝑡 = −3.3033, 𝑝 =
0.0019 

∗), and “I can use a variety of assessment strategies,” (𝑡 = −3.7551, 𝑝 = 

0.0005 

∗∗).

Some participants (8/24) with limited experience in giving feedback 

found Feed-O-Meter valuable for reducing the emotional burden of pro­ 

viding feedback. While they had opportunities in class, participants often 

struggled with delivering feedback promptly and worried about how it 

would be perceived. They appreciated that Feed-O-Meter allowed them 

to focus purely on the feedback process and saw practicing feedback 

over several turns as a novel and beneficial experience. Also, interacting 

with the AI mentee felt less pressured than with human counterparts. P6 

noted that since Alex responded like a human but was not, there was less 

fear of giving incorrect feedback, making it easier to practice. P24 added 

that because Alex accepted feedback without hesitation or arguments, it 

was easier to focus on critiquing the ideas.

Several participants (9/24) valued immediate responses from Feed-

O-Meter, which facilitated reflection and improved their feedback. They 

appreciated that Alex consistently responded quickly, and the “update 

idea” feature allowed them to examine how their feedback was immedi­ 

ately applied, providing direct insight into its impact. P15 commented, 

“I appreciated being able to exchange brief feedback and see it applied right 

away. Unlike typical mentoring, this system lets me observe the immediate 

effects of my feedback, which was both satisfying and useful. I really liked 

this aspect of the system.”

5.3.2 . Perceptions on the AI mentee’s novice persona

Interestingly, although participants recognized that some of Alex’s 

responses were hallucinations, some (7/24) still felt a strong connec­ 

tion, perceiving it as a lifelike presence with its own individuality and 

agency. P6 remarked, “Usually, machines or GPT don’t offer preferences or 

opinions, but I was surprised when Alex suggested what he wanted to focus 

on for this project.” Alex even responded to unscripted, personal ques­ 

tions like, “Have you ever had a dog?” with “I have a dog with my family.”, 

creating a sense of authenticity. Alex’s realistic responses made partici­ 

pants perceive him as more lifelike, leading some to develop a sense of 

connection and more care about Alex’s feelings. P18 shared, “His initial 

idea was unrealistic and messed up, but I couldn’t say that because it would 

hurt him, so I tried to soften it as much as possible”

Some participants (6/24) felt that Alex’s naivety, implemented 

through its constrained knowledge state, mirrored the trial-and-error 

process experienced by novice design students. They noted that Alex 

resembled an inexperienced design student struggling with practical 

feasibility. P9 said, “It seemed like Alex wanted to solve everything with 

sensors, which is a typical oversight of students who don’t yet understand the 

technical limitations. Sensors aren’t a catch-all solution, and that’s something 

novice designers often fail to grasp.”

However, some participants (7/24) observed that Alex’s novice-

exclusive persona, intentionally designed to represent foundational 

learners, could feel somewhat simplistic compared to the diverse skill 

levels of real-world design students. While real-world design students 

exhibit a wide range of skill levels depending on academic standing 

or experience, Alex was designed to represent a beginner with minimal 

foundational knowledge. P24 noted, “When Alex asked for straightforward 

solutions like ‘What should I do if I go in this direction?’, it felt more like in­

teracting with an absolute beginner student, as they often seek direct answers 

from professors.” In addition, P6 remarked, “If Alex had been modeled after 

a more advanced student, they might have defended their ideas or challenged 

critical feedback, which would have felt closer to interactions with actual 
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design students.” These participants observed that the mentee’s passive 

role occasionally shifted the activity’s focus toward incremental idea 

refinement rather than reflecting real-world design feedback dynamics.

5.3.3 . Developing meta design skills through feedback

A few participants (4/24) found this system useful not only for prac­ 

ticing feedback but also for enhancing their design thinking skills. They 

realized the need for specific design knowledge while providing feed­ 

back during the ideation phase. For example, P13 pointed out that 

answering the Alex’s questions required in-depth design knowledge, and 

P8 inquired if internet searches were allowed during the study.

Some participants (4/24) also found that observing Alex’s frequent 

errors in the design ideation process acted as a mirror. P9 saw reflections 

of his own past errors and felt that early exposure to such a system could 

have been beneficial. P10 also remarked, “The mentee’s initial ideas often 

lacked a strong causal connection between the target problem and the idea 

itself. Viewing this as a third-party observer made it clearer and reminded 

me of my own past mistakes. Moving forward, I plan to view my ideas from 

different perspectives to avoid these issues.”

The ability to observe the idea development process motivated par­ 

ticipants to reflect on their own process from a third-person perspective. 

P17 noted that she is often too attached to her own ideas to assess 

them objectively, believing that this system could help her gain that 

distance. P6 added that providing feedback revealed both her design 

preferences and biases, suggesting that Feed-O-Meter could help her 

better understand her own tendencies.

6 . Discussions

In this study, we introduce Feed-O-Meter, a system that enables par­ 

ticipants to practice design feedback by interacting with an AI agent, 

Alex, which takes on the persona of a novice design student. In this 

section, we reflect on the lessons learned from the design and imple­ 

mentation of Feed-O-Meter, focusing on how LLMs can be leveraged 

for role-switching interactions. We also discuss methods for guiding ef­ 

fective design feedback based on findings from our comparative study. 

Lastly, we discuss the broader implications of using LLMs in design 

education and the value of design feedback in this context.

6.1 . Reflection on the Feed-O-Meter: enhancing student feedback quality 

through reflection

6.1.1 . Encouraging detailed and empathetic feedback

Feed-O-Meter was designed with a Feedback Reflection Interface 

(FRI) running on an LLM-based pipeline, allowing participants to pro­ 

vide feedback while simultaneously reflecting on and improving their 

own feedback. According to expert evaluations of within-subject ex­ 

periments, when Feed-O-Meter supported reflection on feedback, par­ 

ticipants’ statement-based feedback became more specific, justified, 

and actionable. This suggests that recognizing how the AI mentee 

understands and responds led participants to refine their feedback for 

clearer communication.

In particular, there was an increase in feedback categorized under 

Recommendation and Share Information, indicating participants’ efforts 

to provide a friendly guide beyond merely stating opinions by including 

evidence and suggestions. In contrast, the Evaluation category domi­ 

nated the baseline condition, which primarily involved assessing ideas or 

claims. These strategies mirror elements such as clarity, feasibility, and 

empathy that real-world educators often emphasize when giving writ­ 

ten feedback (Cardella, 2019), suggesting that this approach naturally 

fosters effective, learner-centered feedback.

Furthermore, the rise in questions within the Understanding Mentee 

category under the Feed-O-Meter condition shows a clearer attempt to 

understand the mentee and tailor feedback accordingly. Prior research 

supports the view that awareness of the recipient’s response makes feed­ 

back more precise and nuanced (Yeo et al., 2024), highlighting the 

importance of recognizing the recipient’s immediate needs and selecting 

the best method of delivery (Jane et al., 2024; Cardella, 2019). Unlike 

previous approaches that have not fully addressed the communicative 

aspect of design feedback, our system facilitates multi-turn interac­ 

tions that resemble real-world conversations and supports reflection to 

enhance feedback clarity and effectiveness. Given our findings that a 

Feed-O-Meter can help enhance the ability to understand others and pro­ 

vide feedback at an appropriate level, it offers significant implications 

for both educational and communicative aspects of feedback.

6.1.2 . Challenges in eliciting critical design questions

However, Feed-O-Meter did not significantly improve the quality 

of participants’ question-based feedback and decreased the number of 

question-based feedback instances. This outcome aligns with expecta­ 

tions, as the AI mentee in the Feed-O-Meter condition actively asked 

counter-questions to participants, likely prompting them to prioritize 

statement-based responses over questions. Beyond these factors, we fur­ 

ther speculate that the mentee’s human-like reactions may have caused 

participants to hesitate when asking critical questions. Our findings in­ 

dicated that participants consciously accounted for the FRI’s mentee 

profile interface (which includes facial expressions, inner thoughts, and 

a level bar) and tried to give feedback from the mentee’s perspec­ 

tive. As a result, they tended to provide relatively friendly explanations 

rather than negative or critical feedback. This reflects the hesitation 

students often show when offering peer feedback in real learning en­ 

vironments (Ertmer et al., 2007; Gielen et al., 2010; Cook et al., 2020). 

These findings suggest that there may be a tension between providing 

a more realistic environment and striving for immersion that enhances 

critical feedback.

A complementary perspective on the limited improvement in the 

quality of question-based feedback may lie in the possibility that FRI 

alone does not inherently encourage critical design questions. This limi­ 

tation may stem from the complexity inherent in design feedback, which 

often requires grappling with multiple perspectives and subjective de­ 

sign elements. More critically, design feedback is not a straightforward 

process with clear-cut solutions; for example, asking divergent questions 

does not necessarily lead to convergent solutions. As a result, the FRI, 

including evaluation scores, did not always offer participants actionable 

insights for refining their quality of feedback.

In summary, our findings show that although Feed-O-Meter helps 

students consider others’ perspectives and produce more deliverable 

feedback, it does not significantly enhance their skills to generate critical 

or constructive design questions that foster meaningful idea improve­ 

ment. Nevertheless, the primary objective of Feed-O-Meter was not 

merely to prompt high-quality feedback in the short term but to foster 

the long-term development of feedback skills through iterative learning 

and reflective practice. Given these perspectives, we suggest that future 

longitudinal studies are needed to track the ongoing usage of Feed-O-

Meter and measure its impact on students’ feedback skill growth. Our 

findings indicate that participants became aware of their limited design 

knowledge while using Feed-O-Meter, prompting deeper reflection on 

what constitutes better feedback. Aligning with previous research that 

suggests the potential of LLMs as tools for fostering critical question­ 

ing (Lim et al., 2024), this suggests that prolonged use of Feed-O-Meter 

could enable students’ feedback skills to evolve beyond mere com­ 

municative effectiveness, fostering critiques and insights anchored in 

substantive design knowledge. In this regard, we propose that Feed-

O-Meter may have a lasting impact not only on improving students’ 

ability to convey feedback but also on enhancing their ability to for­ 

mulate design questions and their integration into real-world design 

education.

6.2 . Role-switching interactions with LLM-generated mentee for engaging 

design feedback

Role-switching, particularly between teacher and student roles, pro­ 

vides students with a deeper understanding of both perspectives. This 
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technique encourages active learning by requiring students to articulate 

concepts clearly and consider the needs of their mentees. In our study, 

we crafted an AI mentee powered by an LLM pipeline to replicate a 

novice design student persona via constrained knowledge states and 

participant-led interactions. Our findings revealed that participants 

perceived the AI mentee as a genuine learner requiring guidance, 

motivating them to proactively refine feedback to improve the mentee’s 

ideas. Since design feedback not only critiques ideas but also guides 

and provides insights for a successful project (Valkenburg and Dorst, 

1998), this sense of achievement served as a strong motivator. Our 

results suggest that these role-switching interactions not only engage 

students more deeply but also prompt reflection on providing effective 

feedback to mentees.

However, the proposed persona was designed at the most founda­ 

tional novice level without fully accounting for the diverse skill levels 

that real-world design beginners may exhibit. Our findings indicate 

that while this approach empowered participants to lead feedback ses­ 

sions, it did not fully capture the range of scenarios where feedback 

dynamics involve a more receptive mentee without significant debate. 

In practice, design feedback often requires adapting to the recipient’s 

knowledge level, design experience, and other contextual factors, which 

shape the scope and method of guidance (Wynn and Maier, 2022). 

Though we prioritized engagement in feedback delivery by adopting this 

persona, our findings highlight the need for AI mentees with diverse 

personas and varying design skill levels to better simulate real-world 

feedback scenarios. Future work should explore how to develop multi­ 

ple personas that align with real-world learning needs and how they can 

enhance training by exposing students to a broader range of feedback 

dynamics.

Interestingly, while hallucinations—when LLMs generate content 

beyond predefined information—are often considered detrimental in 

teaching roles (Han et al., 2024), our findings suggest they can instead be 

beneficial when LLMs act in mentees’ roles. Our findings revealed that 

the AI mentee sometimes hallucinated answers to unscripted personal 

questions, such as opinions on design preferences or background sto­ 

ries that were not explicitly programmed. These spontaneous responses 

made the interaction feel more lifelike and immersive, deepening partic­ 

ipants’ engagement. Moreover, although the mentee’s counter-questions 

were often out of context or uncritical, they resembled the behavior 

of real novice students, contributing to a more immersive and engag­ 

ing interaction. By leveraging this dynamic, role-switching interactions 

demonstrate how LLMs’ hallucination tendencies can be strategically re­ 

purposed to foster critical thinking and educational engagement. These 

insights highlight the need for future research to develop structured 

approaches for leveraging hallucinations in role-playing frameworks, 

ensuring they enhance rather than disrupt the learning experience.

6.3 . Integrating LLMs in design: balancing creative and critical thinking 

skills

Educational strategies that encourage students to provide feedback 

on others’ designs have long been effective in helping students grasp 

design principles, justify their critiques, and enhance critical think­ 

ing (Zhu et al., 2014; Scott et al., 2001; Feldman, 1994). Similarly, using 

Feed-O-Meter provided students with an opportunity to engage with es­ 

sential design concepts and reflect on key considerations in the design 

process. While Feed-O-Meter was designed to improve feedback skills, 

it also functioned as a learning tool by highlighting the connection be­ 

tween giving feedback and developing design knowledge  (Scott et al., 

2001; Feldman, 1994). Several participants expressed a desire to apply 

the system to their design courses and projects to refine their own de­ 

sign ideas. In studio-based design courses, learning often occurs through 

practical, situated contexts (Green and Bonollo, 2005). Feed-O-Meter 

shows promise not only for teaching feedback but also for the design pro­ 

cess itself, helping students critically evaluate and improve their design 

ideas.

While there is increasing interest in leveraging LLMs for design due to 

their creative potential, concerns have been raised about over-reliance 

on LLM-generated ideas leading to design fixation (Wadinambiarachchi 

et al., 2024; Jane et al., 2024) or homogenization (Anderson et al., 

2024). Novice designers, in particular, may lack the critical skills to 

evaluate LLM-generated concepts and may passively accept them, in 

contrast to more experienced designers who critique these sugges­ 

tions more effectively (Wadinambiarachchi et al., 2024). However, our 

findings showed that Feed-O-Meter enabled even novice designers to 

critically assess LLM-generated ideas and develop their concepts. The 

interactive feedback environment helped our participants actively en­ 

gage with LLMs, mitigating the risk of fixation and fostering a deeper 

understanding of design principles.

Our findings suggest that systems like Feed-O-Meter have the poten­ 

tial not only for design education but also for addressing the risks of 

over-reliance on LLMs in the design process. Since feedback skills are 

critical in this context, our study underscores the need for continued 

research on improving these skills. As LLMs become more integrated 

into design workflows, developing strong critical thinking and feedback 

skills will be essential for harnessing their creative potential effectively. 

Future research should consider refining these interactive systems to en­ 

hance their educational and practical value, ensuring that both novice 

and experienced designers can benefit from the potential of AI-driven 

tools without losing the creative autonomy that defines the design 

process.

7 . Limitations and future works

While our findings provide valuable insights into designing a novel 

system that utilizes LLMs for practicing design feedback, this study 

has several limitations regarding both system design and empirical 

evaluation.

First, we explored Feed-O-Meter’s potential as a feedback training 

tool by examining the experience of using the system over a 20-minute 

feedback session, but we were unable to verify its long-term effec­ 

tiveness. Given that learning effects often unfold over longer training 

periods, longer or repeated deployments may be necessary to observe 

sustained skill development. While we demonstrated the promise of 

Feed-O-Meter, future work should investigate its long-term and educa­ 

tional effects in extended, real-world settings.

Second, as Feed-O-Meter employs multiple LLM-based modules 

throughout the feedback process, this can raise several concerns, such as 

the potential for hallucinated or inaccurate outputs, which may mislead 

users into undesirable feedback behavior. Furthermore, although such 

automation enables scalable and responsive interactions, it may reduce 

opportunities for critical skill development and foster over-reliance on 

AI feedback. Accordingly, we suggest Feed-O-Meter should serve as a 

pedagogical scaffold gradually enabling users, over the long term, to 

provide effective feedback in real-world settings. Future work should 

explore hybrid approaches that incorporate human-in-the-loop mecha­ 

nisms or pedagogical scaffolds to balance automation with reflection and 

promote feedback skills.

Third, while we conducted a pipeline evaluation for the catego­ 

rizer, we did not perform separate component-level evaluations for 

the knowledge extractor, response generator, and evaluation modules. 

Isolating and assessing these modules is challenging because such judg­ 

ments depend on task context and value-laden criteria. Nevertheless, 

improving these pipeline components could yield clearer guidance and 

more reliable support; we therefore point to this as an avenue for future 

NLP research.
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Fourth, our evaluation involved only 24 participants, all of whom 

were Korean. Although this sample size is comparable to that of re­ 

cent HCI studies (Jane et al., 2024; Peng et al., 2024; Yuan et al., 

2016), we acknowledge this limitation, and future work could recruit 

additional participants to further validate and generalize our findings. 

Furthermore, cultural norms and contexts can significantly influence 

how people give and receive feedback. Prior research has shown that re­ 

ceptivity to feedback and the methods of providing it are closely tied to 

cultural dimensions identified by Hofstede (Hofstede, 1984). Therefore, 

future research could include additional participants from diverse cul­ 

tural backgrounds to provide a broader understanding of how such 

systems perform across different cultures and settings.

Finally, due to our focus on utilizing LLMs, we confined our design 

ideas and feedback within the system to text formats, whereas typi­ 

cal design processes often involve multiple visual representations and 

sketches. Future research should explore integrating multimodal interac­ 

tions (e.g., visual and auditory elements). Additionally, evaluating what 

constitutes effective feedback is inherently challenging. Although our 

experts were able to rate the quality of feedback in this study, we em­ 

phasize the need for future work to further clarify and refine the methods 

used to evaluate feedback quality.

8 . Conclusion

This study introduced Feed-O-Meter, a novel system that enables 

students to practice design feedback through role-playing interactions 

with an AI mentee. Our findings reveal how leveraging LLMs in these 

interactions deepens students’ engagement in the feedback process. 

Moreover, the system’s feedback reflection interface promoted reflec­ 

tion and iterative refinement, guiding participants to provide detailed 

and empathetic feedback. This study underscores the broader poten­ 

tial of integrating LLMs into design education, suggesting that systems 

like Feed-O-Meter can enhance learning by encouraging more active and 

reflective participation in feedback activities.
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Appendix A . Details of Feed-O-Meter interface 

A.1 . Onboarding interface

Fig. A.6 illustrates Feed-O-Meter’s onboarding interface. 

Fig. A.6. Feed-O-Meter’s Onboarding Interface. A progress bar at the top indi­ 

cates the current session within the overall experiment. Participants can select 

a mentor character and answer questions about their own thoughts about ideal 

mentors, their feedback characteristics, and goals for the feedback session.

A.2 . Visualization of Alex’s facial expressions

Fig. A.7 shows a grid of Alex’s faces illustrating varying emotions 

based on two axes: sentiment (vertical) and quality of questions (hor­ 

izontal). The facial expression of Alex initially starts at the coordinate 

(3,3) and moves up or down by one space per feedback evaluation re­ 

sult. If it is already at its happiest expression, it will not change upon 

receiving positive feedback. The same applies in the other direction.

Fig. A.7. A grid of Alex’s facial expressions varying along sentiment (vertical) 

and quality of questions (horizontal).
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Appendix B . Raw usage log

Fig. B.8 visualizes interaction logs for the baseline and Feed-O-Meter 

conditions.

Fig. B.8. Visualization of the usage logs from both baseline and Feed-O-Meter conditions for each participant along a timeline. Blue dots represent feedback exchanges 

between the participant and mentee, pink dots indicate idea updates, and green dots (only in the Feed-O-Meter condition) show when the mentee asked a counter-

question.
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Appendix C . Final ideas generated by AI mentee from the user 

study

Table C.8 provides examples of final design ideas generated by the 

AI mentee during the user study to illustrate the nature and level of the 

study’s outcomes.

 

Table C.8 

Examples of design ideas from the user study on the topic of Child Protection.

Child Protection

Initial Idea Title: Wearable Device for Child Safety

Problem: Child protection services exist to prevent child abuse and neglect, and to support child safety. However, child 

abuse and neglect mainly occur indoors, making it difficult for bystanders to recognize and respond to a child’s condition. 

In other words, child protection services have spatial limitations. To quickly recognize and respond to situations of child 

abuse or neglect, it is necessary to collect data that can identify a child’s condition anywhere. 

Idea: A child safety wearable device that looks like a regular bracelet has GPS tracking functionality, a microphone, heart 

rate monitoring, and an emergency call button. Real-time data about the child’s situation can be collected through GPS, a 

microphone, and a heart rate. Therefore, if a child is in a dangerous situation, their condition can be immediately checked, 

and appropriate action can be taken. Additionally, if the child is in a situation where they can report themselves, they can 

directly press the emergency call button to request help. 

P18 (baseline) Title: Wearable Device for Continuous Monitoring of Child’s Physical Condition and Location

Target Problem: Child abuse mainly occurs indoors, which is an environment difficult to intervene from the outside. Also, 

while quick response is important in cases of child abuse, current child protection systems often fail to provide sufficient 

support for this. Accordingly, a practical solution is needed to detect abuse situations in a timely manner and respond 

quickly. 

Idea: This wearable device is available in various forms that can be attached to a child’s wrist, neck, or shoes and moni­ 

tors the child’s heart rate, location, and surrounding sounds in real-time. In addition to a function that notifies emergency 

situations with a simple button operation, it implements a function that automatically detects danger and immediately 

sends notifications to parents or guardians. It also provides selectable alarm methods depending on the situation, includ­ 

ing functions that allow children to directly request help through vibration or sound. This device is designed for children 

to respond immediately in emergency situations and has a simple and intuitive interface necessary for detecting dangers 

and taking action. In the future, this device will be continuously improved based on user feedback and plans to introduce 

improved functions through analysis of various child abuse situations. 

P12 (Feed-O-Meter) Title: Customized Wearable Device for Child Safety

Target Problem: Wearable devices currently on the market are mainly designed for adult users, and as a result, they are 

not designed with sufficient consideration for children’s cognitive and usage abilities. This creates limitations in children 

being protected in real-time using the device and quickly responding to emergency situations. Also, there are limited ways 

for children to quickly alert parents or guardians in potentially dangerous situations. 

Idea: This wearable device is designed to match children’s cognitive and motor skills, providing a simple and clear user 

interface (UI). Key features include GPS tracking, real-time microphone monitoring, heart rate measurement, and a physi­ 

cal emergency call button. The device’s GPS tracking function is always active and easily displayed on the screen, allowing 

real-time location checking of the child. The emergency call button is designed to be easily accessible to children, but is 

protected in a special way to prevent malfunction. This device is designed considering children’s characteristics, using 

characters and colors that children like, and provides various customization options such as allowing users to add or deco­ 

rate accessories themselves. In particular, the UI uses clear color coding for functions that need to be emphasized, making 

it intuitively understandable. This wearable device is designed to help children maintain safety both indoors and outdoors 

and to respond quickly in dangerous situations.
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