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Figure 1: EvAlignUX comprises three main panels, each powered by large language models (LLMs): the project IDEATION 
Panel (left), the METRICS EXPLORER Panel (center), and the IMPACT AND RISK Panel (right). After the user provides 1) a 
project description, 2) an initial evaluation plan, and 3) expected outcomes, they can utilize five key features–INDEX [A], METRICS 
GRAPH [B], METRICS LIST [C], OUTCOMES [D], and RISKS [E]–to refine the UX evaluation plan and hypothesize potential results. 
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Abstract 
Evaluating UX in the context of AI’s complexity, unpredictabil-
ity, and generative nature presents unique challenges. How can 
we support HCI researchers to create comprehensive UX evaluation 
plans? In this paper, we introduce EvAlignUX , a system pow-
ered by large language models and grounded in scientific literature, 
designed to help HCI researchers explore evaluation metrics and 
their relationship to research outcomes. A user study with 19 HCI 
scholars showed that EvAlignUX improved the perceived quality 
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and confidence in UX evaluation plans while prompting deeper 
consideration of research impact and risks. The system enhanced 
participants’ thought processes, leading to the creation of a “UX 
Question Bank” to guide UX evaluation development. Findings also 
highlight how researchers’ backgrounds influence their inspiration 
and concerns about AI over-reliance, pointing to future research on 
AI’s role in fostering critical thinking. In a world where experience 
defines impact, we discuss the importance of shifting UX evaluation 
from a “method-centric” to a “mindset-centric” approach as the key 
to meaningful and lasting design evaluation. 

CCS Concepts 
• Human-centered computing → Interactive systems and 
tools; Empirical studies in HCI ; HCI design and evaluation meth-

ods. 
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1 Introduction 
The rapid integration of AI into interactive systems presents a 
growing challenge for user experience (UX) evaluation [12, 88]. 
Traditional usability evaluation guided by standard frameworks 
such as the System Usability Scale (SUS) [6], User Experience Ques-
tionnaire (UEQ) [82], NASA Task Load Index (NASA-TLX) [36], 
falls short in capturing the complex, dynamic interaction between 
humans and AI [48]. As AI systems become more context-aware and 
capable of generating responses in real-time, UX researchers are 
confronted with new questions about trust, emotional engagement, 
and ethical considerations [2, 55, 68, 85]. 

Addressing these new considerations is especially challenging 
for systems research, where a range of evaluation methods, often 
borrowing and combining techniques from software engineering, 
design, and usability evaluation, is triangulated to evaluate the UX 
of interactive computing systems [59]. Current UX evaluation meth-
ods, e.g., the Post-Study System Usability Questionnaire (PSSUQ) 
[54], the Subjective Mental Effort Questionnaire (SMEQ) [40], while 
robust for traditional systems, are inadequate for AI-powered inter-
faces. Researchers are striving to develop new frameworks that take 
into account ethical considerations, trust dynamics, intimacy, and 
multimodal behaviors, to adequately guide scholars and practition-
ers in developing their UX evaluation plans for human-AI interac-
tion research, e.g., [57, 110]. Given the plethora of well-documented 
evaluation methods, heuristics, and metrics (e.g. [49, 63, 95]), much 
less is known about How researchers select appropriate metrics to 
conduct a comprehensive evaluation of a system. 

Also, despite the availability of various UX evaluation methods 
[14, 45, 74, 77, 95], there is a lack of practical tools to guide re-
searchers in developing comprehensive evaluation plans. Research 
has shown that incorporating evaluation metrics as part of the 
design materials in the early stages can improve the clarity in the 
design of human-AI interaction research [109]. UX is frequently 
regarded as a rigid set of methods, leading to calls for research and 
education that encourage framing UX as “more of a mindset than 
a method” within the community [34]. However, with the rapid 
advancement of AI models, the literature on AI-mediated multi-
stakeholder interactions has expanded exponentially. This growth 
presents challenges for novice researchers in acquiring knowledge 
of relevant evaluation metrics, while seasoned researchers also face 
increasing pressure to stay current with the latest developments. 

To bridge this gap, we designed, implemented, and evaluated 
EvAlignUX , an interactive system that supports novice and ex-
perienced HCI researchers in developing UX evaluation plans for 
their research projects. EvAlignUX is powered by the generative 
capabilities of Large Language Models (LLMs) to facilitate the ex-
ploration of UX evaluation ideas, as LLMs have demonstrated their 
potential for the ideation of scientific research by processing vast 
amount of information, generating context-aware insights, retriev-
ing literature, and brainstorming [21, 29, 58]. Specifically, as shown 
in Fig. 1, EvAlignUX comprises three primary panels: the Project 
Ideation Panel, the Metric Explorer Panel, and the Outcomes 
and Risks Panel. These panels allow users to explore UX metrics, 
potential outcomes, and potential risks associated with human-
AI interaction research. In an evaluation with 19 HCI scholars, 
EvAlignUX led to significant improvements in the clarity, con-
creteness, and confidence of their revised UX evaluation plans. 
Participants were able to better justify selected UX metrics, self-
critique their plans, and raise awareness of potential risks using 
the system features. 

This work makes several significant contributions to the HCI 
community. First, EvAlignUX is a novel system designed to sup-
port the ideation process of developing UX evaluation plans. Pow-
ered by LLMs, it enables users to explore UX metrics and their rela-
tionships with potential research outcomes. The unique visual inter-
face of the metrics graph supports users in examining the connec-
tions between different UX metrics. To the best of our knowledge, 
EvAlignUX fills the gap in tool support available to researchers by 
providing insights into the research literature on human-AI eval-
uation metrics and facilitating better decision-making regarding 
UX evaluation. Second, our user studies demonstrate the effective-
ness of EvAlignUX in helping users achieve significantly greater 
clarity and feasibility in their proposed UX evaluation plans. Our 
findings revealed that researchers’ backgrounds impacted their per-
ceived levels of inspiration and their concerns about over-reliance 
on AI. They also integrated the system features into their thought 
processes differently, focusing on varied utilities such as the com-
prehensiveness of self-critique and the efficiency of implementing 
the ideas. Third, our analysis of participants’ think-aloud protocols 
and perceived value of different features produced a comprehensive 
Question Bank for UX Evaluation Development, highlighting the spe-
cific questions researchers asked at different steps of UX evaluation 
development and identifying how AI provides valuable support 
such as envisioning the research impact, assessing the risks, and 
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justifying metric selection. Lastly, our findings prompt a critical 
discussion on shifting the focus from method to mindset in future 
research on UX evaluation. 

2 Related Work 
In this section, we review the literature on (1) current UX evaluation 
approaches and (2) the potential of leveraging LLMs to provide tool 
support. 

2.1 UX Evaluation of HCI System Research 
Developing a UX evaluation plan can be challenging, as it is often 
unclear what constitutes "evaluation" and which metrics are appro-
priate [38, 50]. Hillman et al. [38] elaborated on several challenges 
involved in developing a solid evaluation plan, such as selecting 
metrics that accurately reflect UX and research goals, choosing data 
collection methods, establishing collection protocols, and ensuring 
consistency across products and organizations. Additionally, long-
term effects and social or cultural barriers further complicate the 
process [14, 38, 95]. Several foundational conceptual frameworks 
serve as the backbone for UX evaluation, including Nielsen’s us-
ability engineering [65] and heuristic evaluation [64], Hassenzahl’s 
UX framework [37], and Norman’s emotional design theory [67]. 
These frameworks emphasize multi-dimensional assessments, mov-
ing beyond performance metrics to encompass user perceptions, 
attitudes, and context of use. 

To measure users’ perceptions quantitatively, researchers of-
ten use established surveys, such as the System Usability Scale 
(SUS), the User Experience Questionnaire (UEQ), the Post-Study 
System Usability Questionnaire (PSSUQ), the NASA Task Load 
Index (NASA-TLX), the Subjective Mental Effort Questionnaire 
(SMEQ), and the Customer Satisfaction (CSAT) [6, 36, 54, 75, 82]. 
PULSE metrics (e.g., page views, uptime, latency, etc.) are also com-
monly used to track user behavior [78]. However, these metrics are 
often “low-level or indirect measures of user experience” [78]. Sev-
eral evaluation frameworks relating to user-centered metrics have 
been introduced to the HCI and UX domains, such as the Software 
Development Productivity Framework [81] and Google’s HEART 
framework [78]. For instance, the HEART framework, which in-
cludes Happiness, Engagement, Adoption, Retention, and Task Suc-
cess, was introduced to measure web-based applications at scale 
[78]. 

Beyond selecting appropriate metrics to evaluate systems, re-
searchers have also developed methods and tools to enhance sur-
vey and interview question design. For example, the Question Ap-
praisal System (QAS-99) [104] and Willis’s cognitive interviewing 
methodology [105] provide structured approaches for detecting 
and refining data collection items, ensuring that questions are clear, 
unbiased, and aligned with research goals. Similarly, QUAID [33] 
offers diagnostic support for identifying comprehension issues in 
survey questions, while Survey Sidekick [39] assists in creating sci-
entifically sound surveys. Semi-automated approaches [86] further 
aid in generating relevant and effective questions. Incorporating 
such methods into UX evaluation can yield instruments that better 
capture users’ experiences, perceptions, and emotional responses. 

As HCI rapidly shifts toward AI-driven systems, recent studies 
in UX research highlight several emerging trends and challenges. A 

group of HCI researchers aims to identify and propose new evalua-
tion metrics for both usability and user-centered evaluation in the 
age of AI. For example, Zheng et al.’s literature review of human-AI 
interaction research in HCI, which included user evaluations, re-
ported a suite of metrics that were collected using surveys, system 
logs, and interviews to collect [110] and argued the importance 
of including more user-centered metrics (e.g., sociability, socio-
emotional, and AI anthropomorphism metrics) with AI’s evolving 
role in human social interactions. Likewise, Faruk et al. proposed 
new subjective scales for measuring the UX of voice agents [24] and 
conversational agents [25]. In other domains, such as healthcare, 
Abbasian et al. summarized some foundation metrics for evaluating 
the effectiveness of healthcare conversations powered by AI [1]. 

However, there is a lack of tools to help researchers understand 
the evaluation metrics literature and design a comprehensive eval-
uation plan for human-AI interaction research. As Yang et al. [107] 
systematically reported that an AI system’s uncertainty and com-
plexity can lead to unpredictable errors that damage UX and result 
in undesired societal impact.. Gray’s finding, encapsulated in the 
phrase "more of a mindset than a method" also highlighted that UX 
practitioners often follow a codified method rather than adopting 
a "mindset" that aligns with their design process, practice context, 
and the specific design problem [34]. All these works suggest that 
new tools and approaches are needed to support researchers and 
practitioners in developing their UX evaluation plans. 

2.2 The Potential of LLM-Supported Ideation 
Large Language Models (LLMs) can process vast amounts of multi-
modal information and generate context-aware, coherent text, mak-
ing them ideal tools for evaluation-related tasks in various domains. 
A group of researchers developed novel interaction prototypes 
using LLMs for evaluating generative outputs [19, 47, 83]. For ex-
ample, Kim et al. developed EvalLM [47], an interactive system for 
refining prompts by evaluating multiple outputs on user-defined 
criteria. This helps developers compare prompt outputs to diagnose 
weaknesses in their prompts. Regarding LLMs’ support for scien-
tific tasks, recent studies have showcased LLM-powered methods 
for retrieving and recommending relevant literature [84], review-
ing and critiquing research drafts, writing research manuscripts, 
and augmenting research ideation and brainstorming for scientific 
writing by leveraging scientific evidence and large datasets [66]. 
Recent advancements in HCI and AI research also have also aimed 
to support UX practitioners with AI-enabled tools for usability 
testing (e.g., LLMs are employed to help human evaluators iden-
tify additional usability issues in usability test video recordings). 
All these research highlights the significant potential of LLMs to 
support research ideation and provide valuable feedback for task 
evaluation. However, little is known about how researchers with 
varying levels of experience can benefit from using LLM-supported 
tools to develop their UX evaluation plans. 

3 EvAlignUX 
To address the research gap, EvAlignUX was designed as a tool 
to aid researchers in exploring evaluation metrics for develop-
ing UX plans for Human-AI research. The system was developed 
through an iterative process, informed by both the literature review 
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[14, 41, 77, 95, 110] and input from a focus group. Leveraging the 
authors’ expertise in HCI research and practices, we began with an 
initial process of developing a UX evaluation plan, e.g., proposing 
a research topic, identifying relevant UX metrics for evaluation, 
and framing the expected research contribution. The design was 
refined over two months through multiple weekly feedback ses-
sions with an HCI research group composed of, consisting of nine 
graduate students and faculty members from the HCI, Informatics, 
and Computer Science departments (n=9). All of the participants 
have worked on at least one HCI project where they designed or 
developed systems. Their applications covered diverse contexts: 
vision-based question-answering, ideation and writing, accessibil-
ity, immersive technologies, and intelligent assistants. Based on 
the UX evaluation challenges reported in prior literature [38, 50], 
and after piloting the initial pipeline with this group, we estab-
lished three design goals (DG). We then iteratively searched for 
additional literature and sought feedback through weekly focus 
group meetings. 

• DG1: Recommend UX metrics relevant to a project; 
• DG2: Explain how the metrics are used in existing literature; 
• DG3: Inform researchers about potential risks associated 
with their design and evaluation plans. 

3.1 System Design 
Based on the DG2, EvAlignUX comprises with three main panels, 
as shown in Figure 1. To illustrate interactions in EvAlignUX , we 
present a walk-through with Sarah, a UX researcher designing an 
AI counseling chatbot for alcohol addiction. The user journey is 
likened to a "shopping" process, where Sarah selects ideal evaluation 
plans for her proposed system. See Figure 2 for User Journey 1. 

3.1.1 Project Ideation Panel (DG1). This panel extracts relevant 
indexes to categorize the work within the existing literature. In 
the rapidly evolving field of UX research, evaluators often face 
challenges in understanding the context and relevance of newly 
proposed systems [50]. To enhance the UX evaluator’s understand-
ing of the context in which a system operates and its significance 
within the broader field of UX research, we built on categorizations 
from prior literature reviews and key guiding literature for UX in 
AI design practices [45, 56, 95, 110]. We leverage these established 
frameworks to integrate critical factors into the system output. This 
output is designed to automatically map the proposed system based 
on the provided narrative, into categories including paradigms, 
application domains, modalities, system features, design novelty, 
design methods, human-AI relationship types, stakeholders, social 
scales, and theoretical frameworks. See Appendix 10 for details. See 
Figure 3 for User Journey 2. 

3.1.2 Metric Explorer Panel ( DG1, DG2). This panel recommends 
relevant evaluation metrics and related literature while enabling 
users to explore additional metrics through both a list-view and 
graph-view interactions, helping them formulate a comprehensive 
evaluation plan. See Figure 4 for User Journey 3. 

Prior literature has highlighted that users are often excluded from 
the process of defining evaluation criteria for a system, with most 
participants consulted only at the end of the design process to assess 
the system’s effects, rather than being actively involved in setting 

these criteria. This exclusion contradicts the goal of democratizing 
the design process, which seeks to empower all stakeholders to 
contribute meaningfully throughout the design life-cycle [10, 109]. 
Inspired by this challenge, we propose a metric recommendation 
feature that integrates UX evaluation metrics into design mate-
rials as inputs for design or evaluation. Given that graph-based 
interaction is a commonly used and effective approach for recom-
mendation systems [4], we propose incorporating a graph-view 
alongside the traditional list-view. This graph-view will allow users 
to visualize UX metrics and their related metrics, fostering inspira-
tion and enabling more informed filtering and selection of metrics. 
Furthermore, prior literature outlines various methods for collect-
ing metrics, such as system logs, surveys, and interviews [110]. To 
enhance user understanding, we will provide context and examples 
of how these metrics have been derived and applied. 

3.1.3 Outcomes and Risks Panel (DG2, DG3). Assists users in 
framing their research contributions based on previous studies and 
identifying potential pitfalls by referencing databases of prior AI 
risks and incidents. Technologies have positively transformed soci-
ety, but they have also led to undesirable consequences not antici-
pated at the time of design or development. Previous HCI research 
has explored using insights from past undesirable consequences to 
help researchers and practitioners gain awareness of potential ad-
verse effects and reflect on their own experiences with technology 
[72]. Inspired by this, we propose a panel for generating related 
research outcomes and risks based on existing research and real-
world cases. We sourced case studies from a database indexing real 
AI incidents documented by journalists — the AI, Algorithmic, and 
Automation Incident and Controversy (AIAAIC) repository, which 
previous papers have used [51]. This approach aims to strengthen 
UX evaluation metrics by incorporating literature-based research 
outcomes and relevant risks grounded in real-world incidents. 

User Journey 4: As Sarah adds and removes metrics 
from her shopping cart, she notices that the results in 
the Outcome feature update dynamically. She selects 
outcomes from prior studies that catch her interest. 
Then, she explores potential risks associated with her 
proposed UX evaluation plan by clicking on the Risk 
feature. “All set!” said Sarah. She then exports the 
data and conducts a final review of her generated UX 
evaluation plan and UX outcomes report. 

3.2 System Backend and Implementation 
In this section, we describe the process of preparing the data reposi-
tory, system backend, and implementation, as well as the techniques 
used for prompting and making recommendations. The frontend 
of the system is implemented using ReactJS1 , TypeScript and CSS. 
The backend uses Python with FastAPI2 as the RESTful API server 
framework. The data is represented as a Knowledge Graph using 
the Neo4j3 Graph Database to model the complex relations among 
research papers [43, 94, 102]. We use the GPT-4o model as our LLM 
engine and set the temperature to 0.7 for all components. The em-
beddings in the system are generated using text-embedding-3-small, 
1https://github.com/facebook/react
2https://github.com/tiangolo/fastapi/
3https://github.com/neo4j 

https://3https://github.com/neo4j
https://2https://github.com/tiangolo/fastapi
https://1https://github.com/facebook/react
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Figure 2: EvAlignUX Landing Page 

User Journey 1: 
Upon landing on EvAlignUX , Sarah inputs her 
project details. She names the project “Mindful 
Drinking”, selects “brainstorming” and “designing the 
study” as the current project statuses, and provides a 
project description, evaluation plans, and details the 
expected outcomes. After entering all details, she clicks 
“Generate” and proceeds to the main interaction page. 

Figure 3: Project Ideation Panel 

User Journey 2: 
Sarah views a list of indexed recommendations from 
EvAlignUX , noting that some are selected while 
others are not. She realizes that "Addiction Recovery" 
isn’t checked under "Application Domain," so she 
selects it (A). She also checks "Family Members" as the 
evaluation target stakeholder, which she had previously 
overlooked. After making these changes, she clicks 
"Regenerate" (B) followed by "Compare Metrics" (C). 
This process updates her list, showing added, retained, 
and removed metrics (D), sparking her curiosity about 
the new metrics. 

with FAISS4 as the vector database for data retrieval. Additionally, 
Langchain5 is used for prompting the GPT-4o model. 

3.2.1 Data Preparation. In this section, we present how the scien-
tific database was prepared. First, we established an initial reposi-
tory of evaluation metrics based on the definitions specified in 
prior literature (e.g., [110]). Soon, we recognized that the literature 
review focused on conversational AI interactions; thus two authors 
expanded the UX evaluation metrics to include interactions in other 
modalities by incorporating additional metrics that were widely 
applied beyond conversational interactions [41, 95]. For example, 
we expanded the repository by incorporating metrics related to 
ethics and risks, such as "communication fairness," "user control," 

4https://github.com/facebookresearch/faiss
5https://github.com/langchain-ai/langchain 

and "privacy concerns," which address broader dimensions of re-
sponsible interaction design. We do not claim that the repository is 
complete or exhaustive. It will continue to grow as new HCI litera-
ture and UX evaluation metrics emerge. Definitions for all metrics, 
including the newly added ones, were either directly sourced from 
these surveys or developed collaboratively by the authors to ensure 
completeness and coherence. 

After building the repository of evaluation metrics, we created a 
paper database from the same survey papers and utilized GPT-4o 
[69] to generate more fine-grained information associated with the 
evaluation metrics. We prompted GPT with the full text of each 
paper and asked it to provide a narrative of the system described in 
the papers, along with the challenges or the research gaps that the 
papers addressed. We provided index definitions and asked GPT to 
generate a list of ten descriptive indices based on the content of the 
papers. These descriptive indices include: interaction paradigms, 

https://5https://github.com/langchain-ai/langchain
https://4https://github.com/facebookresearch/faiss
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Figure 4: Metrics Explorer Panel 

User Journey 3: 
Sarah starts by reviewing the suggested metrics in the 
list (A) and is intrigued by the "goal attainment", de-
fined as assessing users’ perceptions of achieving their 
recovery goals through the system (D). She clicks the 
metric info button (C) to explore how this metric is 
measured—through surveys, system logs (E), and inter-
views—and reviews related papers on each method’s 
application and findings (F). Interested, she adds it to 
her shopping cart (B) and uses the Metric Graph feature 
to explore additional metrics. 

application domain, modality, system features, design novelty, de-
sign methods, human-AI relationship types, stakeholders involved, 
social scale, and theoretical frameworks used. The definitions for 
these indices can be found in Appendix A.1. 

Between the metrics and the papers in the database, we also 
created usage information for each metric in the relevant papers. 
For example, a metric usage is formatted as follows: "This paper 
uses the [X] metric to evaluate users’ [Y] towards [Z technology]. It 
was found that [S findings related to Y]." [X] represents the metric 
identified in the paper, [Y] is the aspect of user interaction being 
evaluated, [Z] is the technology or system being evaluated, and [S] 
is the findings related to the user interaction being evaluated. 

We then crawled metadata and appended it to each paper. The 
metadata includes the paper’s UID, title, authors, abstract, publica-
tion date, UIDs of papers that cited it, keywords, publication venue, 
publisher, and authors’ affiliations. Besides, we also leverage the 
existing AI Incident Database as a repository for risks [60] and 
extracted relevant incidents and risks. 

EvAlignUX ’s backend recommends UX metrics based on an 
initial System Description. After a series of user interactions, it gen-
erates a new Evaluation Plan and UX Outcome using an LLM and 
data from research papers via a Knowledge Graph, which represents 
complex entity relations derived from source documents. 

3.2.2 Index Generation and derivation of Knowledge Graph. Our 
system, EvAlignUX , generates a list of indexes using the initial 
system description provided by the user. The indexes are intended 
to standardize the system description into fixed categories. Indexes 
are generated by providing the System Description, examples of 
other generated indexes, and the corresponding definitions of each 

index as input to the LLM. Subsequently, the system recommends 
three additional index values for each category. These indexes and 
the initial system description are used to retrieve a list of metrics 
from our Knowledge Graph. 

The Knowledge Graph, built using the Neo4j Graph Database, 
serves as the foundation for recommending metrics. We structured 
our data as a graph to capture the intricate relationships within our 
dataset [43, 94, 102], enabling efficient information extraction and 
retrieval of global contextual information [22]. The backing dataset 
of research papers is organized into distinct clusters of communities 
[28] based on their index similarity, citations, and common metrics, 
using the Louvain Community detection algorithm [17]. The graph 
consists of three different types of nodes, each characterized by 
distinct properties. Table A.2 in the Appendix provides a detailed 
overview of the distinct nodes and their associated properties. The 
three unique nodes are as follows: 

• Paper Node: This node contains details about each unique 
research paper. 

• Metric Node: The node includes attributes specific to a UX 
metric. This node is attached to the Paper and the Outcome 
node via several edges. The node is shared between two 
paper nodes if they measure the metric. 

• Outcome Node: It is attached to the Paper Node and the 
Outcome Node via several edges. The node is shared between 
two Paper Nodes if they measure the same metric. Since 
the metric node could be shared between multiple paper 
nodes, this node stores the unique information of a metric 
corresponding to each metric as used in a research paper. 
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Figure 5: In EvAlignUX , the user provides a project description, an initial evaluation plan, and an initial outcome. 1 ○
EvAlignUX uses the project description to generate a list of indexes using the index generation prompt and a manually coded 
index; 2 ○ Based on either system-suggested or user-selected indexes and the initial project description, metrics are extracted 
from the Knowledge Graph and filtered through a metrics generation prompt to recommend UX metrics; From the user-selected 
metrics, a group of potential outcomes appears using information from the Knowledge Graph; 3 ○ Additionally, based on the 
user’s project description, initial evaluation plan, initial outcome, and information from risk samples and AI Risk repository, 
several risks are displayed; 4 ○ A UX evaluation plan and UX Outcome are generated based on the selected UX Metrics, project 
description, initial evaluation plan, initial outcome, and risks. 

All nodes are unique and do not duplicate. Furthermore, weighted 
edges exist between nodes. For instance, there exist three edges 
between each pair of paper nodes, namely, [SHARED_METRIC], 
[CITES], and [CITED_BY]. The [SHARED_METRIC] edge exists 
between two paper nodes if they share at least one common met-
ric. Similarly, if any paper A cites another paper B, there exists a 
[CITES] edge from paper node A to paper node B, and a [CITED_BY] 
edge from paper node B to paper node A. Edges of type [CITES] and 
[CITED_BY] are assigned relatively higher weight, compared to 
[SHARED_METRIC] edge. This is achieved by multiplying the edge 
weight with a constant value, due to stronger relation among the 
papers because of the citation relation, based on an increase in the 
modularity score as discussed in [8]. The weight assigned to these 
edges is influenced by the relative importance of each index cate-
gory in evaluating the similarity between research papers. Index 
categories that indicate greater similarity receive higher weights. 
These weights are then multiplied by the similarity score between 
index values of the categories for each paper, contributing to the 
overall edge weight. Additionally, each Paper node is connected to 
a Metric node via a non-weighted edge of type [HAS_METRIC], 
which is then connected to an Outcome node via another non-
weighted edge of type [HAS_OUTCOME]. 

3.2.3 Metrics Recommendation. The provided system description 
and its corresponding generated indexes are used to extract metrics 
from the Knowledge Graph. The system description and indexes 
are vectorized, and the most similar paper is determined using 
cosine similarity on the existing Knowledge Graph. The community 
for the most similar paper is determined from the aforementioned 
Knowledge Graph and consequently, all metrics linked to the paper 
nodes belonging to that community are extracted. These metrics, 
along with the user system description and generated indexes, are 
used to further filter metrics, by prompting an LLM. Additionally, 
each metric is further classified into three metric collection methods, 
based on its usage in previous research papers, using the Knowledge 
Graph. These metrics are displayed in a list view and a graphical 
view to the user. 

3.2.4 Potential risks and metric outcomes. Each metric in the Knowl-
edge Graph is associated with outcomes corresponding to the re-
search paper. Subsequently, these results are retrieved from the 
Knowledge Graph based on the final metrics list and displayed to 
the user so that they can filter them based on relevance to the user’s 
system description. Each outcome is specific to a research paper 
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and is mapped to all metrics associated with that paper. Conse-
quently, these outcomes are further considered when generating 
the Potential Evaluation Plan and the Potential UX Outcome. 

In addition to the recommended metric outcomes, our system 
generates potential risks associated with the user system using the 
AIAAIC repository. We extract the top three incidents that have 
a Euclidean distance of less than 0.5 by performing a vector-based 
similarity search, using FAISS between the user system description 
and the AI system description present in the AI Incident dataset. 
Subsequently, we extract risks associated with these AI systems, 
and provide them along with the user system description to a LLM 
to filter the most relevant risks for the system. The identified risks 
are contextualized based on the initial system description, and 
corresponding URLs for related incidents are also provided to the 
user. 

Once the metrics have been finalized by the user, along with the 
corresponding metric outcomes, a Potential Evaluation Plan and 
Potential UX Outcome are recommended to the user. The Potential 
Evaluation Plan includes detailed instructions on the usage of each 
metric and the methods for measuring them based on the user’s 
system description and initial evaluation plan. The potential evalu-
ation plan is generated by providing the user’s system description, 
a list of selected metrics, the specified metric outcomes, and the 
methods previously used to evaluate the UX metrics to an LLM, and 
then prompting the LLM to generate the plan. The Potential UX 
Outcomes are generated by considering the list of selected metrics, 
the desired results from the metric outcomes, the initial System 
Description, and the risks associated with the system. 

3.3 Technical Evaluation 
We conducted a small-scale evaluation to compare EvAlignUX ’s 
understanding of evaluation metrics with human understanding 
and to assess the quality of its metric suggestions based on a given 
narrative. Figure 6 illustrates the process used to extract UX metrics 
applied in HCI publications and the method used to evaluate the 
accuracy of metric recommendations with EvAlignUX . 

3.3.1 Evaluating Metrics Extraction. To assess GPT’s capability in 
extracting evaluation metrics in research papers from a predefined 
list of candidate metrics, we adopted a similar strategy as in [72] 
and randomly selected 15 papers from our initial pool of research 
articles. The evaluation metrics used in these papers were extracted 
using our GPT prompt. One author reviewed each identified metric 
and rated it from three aspects: whether the metric was actually 
measured, whether the metric was in the candidate list, and whether 
the reasoning or citation provided makes sense. A second author 
verified these assessments. A metric was considered accurate if it 
fulfilled the above requirements. 

We found that out of the 102 metrics identified in the 15 papers, 
94% (96/102) were indeed measured, 92% (94/102) were in the can-
didate list, and 88% were accurate (90/102), noting that two metrics 
overlapped between the first and second criteria. 100% (102/102) of 
the reasoning and citations made sense. Overall, the results suggest 
that with our prompt, GPT’s ability to identify metrics is largely 
reliable. 

A common source of hallucination is that the metric extracted 
was not actually measured in the evaluation section of the paper 

(i.e., hallucination [42]). More specifically, there were three types of 
hallucination: a) GPT inferred metrics based on descriptions from 
the paper, but these metrics were not explicitly measured in the 
evaluation process; b) GPT synthesized metrics from the results, but 
these metrics were not explicitly measured in the evaluation pro-
cess; and c) GPT made recommendations for a metric that should 
have been used but was not actually used, based on the context of 
the paper. The case for (a) and (b) was often that GPT often selected 
a statement or conclusion from a qualitative result described in 
the paper. However, such qualitative results were synthesized from 
interviews or surveys, and therefore the identified metric was not 
explicitly measured in the paper. For example, GPT identified "atti-
tude towards the agent" as an evaluation metric from [97], quoting 
"students made positive comments about the interaction with CAs 
related to the perceived level of enjoyment and interaction." While 
attitude towards the agent was not explicitly measured in the paper, 
it was described in the findings and was thus misidentified. For (c), 
an example is GPT identifying "privacy concern" as a metric from 
[53], quoting "because chatbot use can result in users’ self-disclosure 
of sensitive topics" from the discussion section. Although it makes 
sense to measure "privacy concern" based on the context of po-
tential self-disclosure of sensitive information, this metric was not 
explicitly measured in the paper, so it was marked as inaccurate. 

It was possible that the extracted metric was not in the list of 
candidate metrics. There were two reasons: (a) GPT reworded the 
metric in the candidate list while preserving its meaning, and (b) 
GPT invented a metric that was not included in the candidate list. 
For (a), one example is GPT identifying "utterance length" from 
[92], while the candidate list actually uses "length of utterance". 
Regarding (b), GPT identified "transparency" as a metric from [73], 
even though "transparency" is not part of the candidate list. 

Additionally, we observed two scenarios in which certain met-
rics were presented in the papers but not extracted by the model. 
First, as noted in [101], GPT struggled to accurately extract metrics 
presented in tables or figures and omitted metrics such as "fear 
of being judged" and "usefulness." Second, GPT omitted metrics 
that were described as ’measured’ in the original text but were not 
explicitly reported in the final results. For example, in [46], "usage 
motivation" was "measured" in the questionnaires but not reported. 
Similarly, in [97], "technology acceptance" was measured but not 
reported; instead, "intention to use a conversational agent" was 
reported. 

3.3.2 Evaluating Metrics Recommendation. We evaluated the per-
formance of the metrics recommendation using a sample of 40 pa-
pers, including papers from CHI, CSCW, DIS, UIST, etc., in emerging 
technologies such as AI, wearable technology, VR/AR, conversa-
tional agents, and similar fields. The metrics for these papers were 
extracted using GPT-4o by providing the complete text of the pa-
pers to the LLM engine and they were manually verified by two 
authors to serve as the ground truth. 

Our system is supported by GPT-4o, and we also compared our 
system against the same LLM engine to recommend UX metrics 
using precision, recall, and F1 score [26, 90]. The baseline GPT-4o 
and our system were given the same set of inputs, including the 
system description and the corresponding list of indexes. Unlike 
metrics extraction, where the entire text of the paper was provided, 
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Figure 6: An overview of the workflow for evaluating Metrics Extraction (illustrated in the upper box, details provided in Section 
3.3.1) and Metrics Recommendation (illustrated in the lower box, details provided in Section 3.3.2). For example, the metrics 
extracted from the full text and manually validated by researchers served as the ground truth. To evaluate the performance of 
the metrics Recommendation, we compared the metrics recommended by GPT-4o (baseline) with those recommended by our 
EvAlignUX tool, using abstracts from sample papers published in HCI conferences such as CHI, CSCW, DIS, and UIST. The 
evaluation was based on precision, recall, and F1 scores calculated using the ground truth metrics. 

the evaluation against both EvAlignUX and the baseline LLM 
(GPT-4o) was conducted using only the system description as the 
input. This approach reflects the likelihood that EvAlignUX users 
would typically provide only a brief description of their system. 
Given the system description, a corresponding list of indexes was 
inferred using an LLM for each paper, as described in section 3.2.2. 
We then compared EvAlignUX and the baseline GPT-4o based on 
the number of metrics they recommended that were actually used 
in the papers, as determined by referring to the ground truth. For 
instance, Wan et al. [98] used “response quality”, “conversation 
quality”, “average response time”, and “agent behavior” to measure 
users’ satisfaction with NPC responses, evaluate the coherence and 
contextual relevance of NPC dialogues, determine the response 
latency, and assess the emotional authenticity of NPC interactions, 
respectively. Given the system description and identified indexes 
for this work, we assessed EvAlignUX ’s and the baseline’s ability 
to recommend relevant and coherent UX metrics. 

For implementation, we sampled each input three times using 
our system and the baseline to generate a list of metrics. The results 
obtained from both systems were generalized to reflect the naming 
standards used in the test dataset. To perform the final comparison, 
we calculated the precision, recall, and F1 score for each subsequent 
run, and the final metric scores obtained were averaged to obtain 
the overall mean scores. 

Table 2 demonstrates that our system significantly outperforms 
the baseline GPT-4o, with a 6% increase in precision, a 10.1% in-
crease in recall, and a 7.4% increase in F1 score. We further con-
ducted a pairwise t-test by processing each sample 10 times on both 
systems, to compare the metric mean between EvAlignUX and the 
baseline (𝑡 = 8.32, 𝑝 = 0.014∗). The t-test demonstrates that there is 
a statistically significant difference between the performance (pre-
cision, recall, and F1 score) of the two models on the same dataset. 
Additionally, we observed that our system recommends more rele-
vant UX metrics for a given system description than the baseline 
GPT-4o. For instance, when evaluating Tan et al.’s work [91], our 
system recommends using Perceived Naturalness to measure how 
naturally the AI-generated visuals integrate with the audiobook 
narrative. 

However, when evaluating the baseline GPT-4o, none of the 
generated metrics explicitly address the naturalness of the inte-
gration between visuals and audio. Furthermore, when testing the 
system on Wang et al. [103], our system recommends evaluating 

Model Mean Precision Mean Recall Mean F-1 Score 
GPT-4o 0.096 0.203 0.121 

EvAlignUX 0.156 0.304 0.195 

Table 1: Comparison for metric recommendation between 
GPT-4o and EvAlignUX 
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Emotion Awareness to monitor the system’s ability to recognize and 
appropriately respond to users’ different emotional states, which 
is also measured in the research. In contrast, none of the metrics 
recommended by the baseline model address the evaluation of the 
varied emotional states of the user. Additionally, when using the 
approach from [89], the system recommends measuring Perceived 
Intelligence to assess how users perceive the system’s ability to gen-
erate coherent motions, which the baseline model does not explicitly 
recommend. The results indicate that our system outperforms the 
baseline GPT-4o in recommending UX metrics to users. 

4 User Study 
In this section, we outline how we evaluate EvAlignUX ’s user 
experience and explore the following key research questions. 

RQ1: How effectively does the use of EvAlignUX impact researchers 
when developing their UX evaluation plans? 

RQ2: How do users leverage the EvAlignUX features to enhance 
their thought processes when developing UX evaluation plans? 

RQ3: How do users’ backgrounds impact their use of EvAlignUX ? 

4.1 Participant 
Our study was approved by the university’s IRB. We recruited 19 
participants from social media. All participants reported that they 
had extensive experience with HCI/UX research: 11 participants 
(57.9%) had 3–4 years of experience, 7 participants (36.8%) had 1–2 
years of experience, and only one participant had less than one year 
of UX experience. Regarding participants’ use of AI in research 
studies, the majority used AI to help with simple tasks, such as 
coding and writing (17, 89.5%), literature review (7, 36.8%), and data 
analysis (11, 57.9%). Notably, we found that few participants used 
AI for tasks that require rigor and creativity, including research 
ideation (7, 36.8%), design prototyping (7, 36.8%), research evalu-
ation plan development (3, 15.8%), and usability testing (1, 5.3%). 
The background information of participants is shown in Appendix 
6. Each user study lasted 1.5 to 2 hours. Participants received 20 
USD per hour as compensation for the study. 

4.2 Procedure 
Figure 7 demonstrates the study procedure. ① The study began 
with collecting background information, including participants’ UX 
experience levels. Researchers then introduced the study context 
and explained the tasks. Then, they used EvAlignUX ’s landing 
page to spend about 10 minutes entering their project descriptions, 
evaluation plans, and expected outcomes. After that, they completed 
an initial survey that captured their perceptions of the proposed 
project plans (survey 1, initial plan). Then, participants used the 
Zoom Whiteboard to draw their thought processes for developing 
the UX evaluation plan and engaged in a think-aloud to ensure 
their ideas were communicated clearly. 

In EvAlignUX , participants were guided through the system 
features and asked to refine their project plans using all available 
features. After experimenting with the features and achieving satis-
factory results, participants used the "Export Data" button to review, 
regenerate, and re-edit their project plans. Upon finalizing their 
plans, they completed exit surveys (survey 2, revised plan; survey 3, 
EvAlignUX ) to evaluate their perceptions of the generated plans 

and their experience with the system. During the EvAlignUX pro-
cess, the think-aloud method was employed to observe and record 
participants’ interactions and thoughts. Next, participants used 
Zoom Whiteboard to revise their thought processes for developing 
the UX evaluation plan if they felt changes were needed. Finally, 
participants were interviewed to delve deeper into their overall 
experiences and gather additional insights. This step provided a 
comprehensive understanding of user perceptions and allowed the 
collection of feedback on both the proposed plans and the system 
features. 

4.3 Measures 
We recorded the following data to assess participants’ performance 
and perceptions during the study: task logs, thought process dia-
grams, think-aloud data, Likert-scale questionnaire responses, and 
interview transcripts. 

4.3.1 System Logs. For system log data, we first collected user’s 
input to the system, including the project description (i.e., What 
are the main objectives of your project?), UX evaluation plans (i.e. 
How do you plan to evaluate the UX of your project?), and expected 
outcomes (i.e. What outcomes do you expect from this evaluation?) 
as well as any updated ones. Additionally, we logged their usage 
behavior data, including (1) the number of times a user regenerated 
indexes, (2) the total number of metrics selected, (3) the number 
of metrics added through the graph, (4) the number of outcomes 
clicked including both selected and deselected outcomes, and (5) 
the number of risks clicked. We also logged their revised system 
description, UX evaluation plans, and expected outcomes. 

4.3.2 Thought Process Diagrams. We collected users’ thought pro-
cess visualizations for developing a UX evaluation plan using Zoom 
Whiteboard before and after using the EvAlignUX to see how 
AI-based assistance influenced their thinking. 

4.3.3 Questionnaire. The questionnaire is divided into three main 
parts: 

• Background information: Users answered questions related 
their past UX experiences, AI literacy, and AI usage for re-
search purposes. 

• Perceptions of initial and revised UX study plan (survey 1 
and 2): We collected user perceptions before and after they 
explored EvAlignUX to determine if there were significant 
differences between their perceptions of their UX research 
plans. The survey items are adapted from main schemes 
for analyzing UX evaluation methods [18, 93, 95], including 
novelty, relevance, efficiency, completeness, clarity, concrete-
ness, quality, feasibility, rigorous, risks considerations, and 
confidence. 

• System feature perceptions: For each metric, we asked par-
ticipants to rate their perceptions of each feature across 8 
Likert-scale items (survey 3): enjoyment of use [15], inten-
tion to use it in the future [23], perceived usefulness [16], 
trust in the suggestions and decisions provided [23], per-
ceived cognitive load in understanding the information [70], 
inspiration for exploring and developing UX research [13], 
the system’s contributions to the UX evaluation plan, and 
the system’s contributions to the UX outcome. 
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Figure 7: The Study Procedure. Participants took four surveys at different times during the study. They were asked to provide 
initial project ideas to EvAlignUX and explore its three panels to select metrics and finalize their evaluation plans. They were 
also asked to draw their thought-processes before and after using the EvAlignUX panels. 

4.3.4 Think Aloud. We recorded participants’ think-aloud proto-
cols while they used the system features as well as their thought 
process diagrams. For example, we asked them to provide the rea-
soning behind their decision-making process. 

4.3.5 Interview. Finally, we conducted a short follow-up semi-
structured interview. We asked questions in three main categories, 
supplemented by follow-up questions based on the interviewee’s 
responses. 

• Perceptions of features and their role in decision-making for 
proposing a UX plan: Which feature is the most impressive? 
Which feature is the least impressive? How do these features 
support your decision-making? 

• Overall user experience and potential improvements: After 
using the system, how useful do you feel about the system? 
Were there any features or information that you felt were 
lacking? How do you view your original and revised plans? 

• Follow-up questions about their research mental model: What 
differences do you notice between your previous research pro-
cess and the process of interacting with EvAlignUX ? How do 
you perceive the strengths and weaknesses of these strategies? 

4.4 Data Analysis 
We analyze each participant’s ① thought process diagrams, ② quan-
titative data from surveys and logs, and ③ user decision-making 
reasoning through think-aloud protocols, interview transcripts, and 
UX research plans. 

4.4.1 Thought Process Diagrams Analysis. We standardized the 
thought process diagrams drawn by participants by coding each 
illustrated step. Modifications, such as envisioning AI assistance 
or adding new steps, were identified. These changes were further 
analyzed by examining the diagrams alongside the think-aloud data. 
We summarized the benefits participants identified where AI could 
assist in proposing a UX research plan. 

4.4.2 Quantitative Data Analysis. We analyzed participants’ re-
sponses to the two post-task surveys. For all these measures, we 
conducted a Shapiro-Wilk test [31] and found that the data were 
not normally distributed. Given the nature of our data, we applied 

Kendall’s tau correlation to explore relationships between user ex-
perience levels, system usage, and perceptions of changes in plans 
and system features [9, 44]. We also reported effect sizes using 
standardized methodologies [20]. All statistical analyses were con-
ducted using Python 3.12. 

4.4.3 Behavioral Analysis through Think-Aloud and Interviews. A 
thematic analysis [11] was performed on data from think-aloud 
sessions and interviews. Two researchers collaboratively identified 
common themes through an iterative process. This analysis helped 
map how EvAlignUX features address the challenges stemming 
from participants’ thought processes while also outlining the pros 
and cons of these features. 

5 Findings 
This section presents findings on how participants’ perceptions 
of their proposed UX evaluation plans changed through the use 
of EvAlignUX (RQ1) in Section 5.1, their feature usages and per-
ceptions (RQ2) in 5.2, and how these perceptions varied based on 
their UX research background (RQ3) in Section 5.3. Participant 
quotes are indicated by quotation marks, while system features 
are formatted in code style. 

5.1 EvAlignUX Significantly Improves the UX 
Evaluation Plans (RQ1) 

In this section, we compared participants’ ratings of their original 
and revised UX plans across 11 measurement criteria. Of these, 
nine measurements showed significant improvement in the revised 
plans compared to the original. Five participants fully accepted 
the system-generated evaluation plan without modification. On 
average, 60.1% (SD = 0.33) of the generated UX evaluation plan and 
59.6% (SD = 0.38) of the generated UX outcome were incorporated 
into their final evaluation plans. The results are shown in Figure 8, 
with detailed information available in Appendix Table 7. 

Overall, the revised plans were more specific. The increased 
scores in Concreteness (W = 24.0, 𝑝 = .032∗ , 𝑟𝑏 = 0.74), Complete-
ness (W = 16.0, 𝑝 = .004∗∗ , 𝑟𝑏 = 0.79), Rigor (W = 15.0, 𝑝 = .009∗∗ , 
𝑟𝑏 = 0.75), and Quality (W = 11.0, 𝑝 = 0.004∗∗ , 𝑟𝑏 = 0.82) suggest 
that participants added more detailed information to their revised 
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Figure 8: Distribution of participants’ ratings on their proposed UX plan before (top of each item) and after (bottom of each item) 
using EvAlignUX . Participants felt that the updated plans are more efficient in achieving their research goals, more complete, 
clear, concrete, high-quality, feasible, rigorous, considerate ethical issues, trustworthy, and enhanced their self-confidence 
compared to their original proposed plans.(*:p<.05, **:p<.01). The effect size for all significant findings ranges from 𝑟𝑏 = 0.51 to 
0.90. 

plan. Several participants only had a vague idea about which vari-
ables to measure (e.g., P7, P14, see Table 2). With EvAlignUX , 
they noted how it helped them improve the details in the UX plans. 
For example, P14 later strategically specified six measurements by 
questionnaires and system logs, with each in great detail; and P7 
copied a holistic UX evaluation plan using a survey, system logs, 
and interview protocols, each with specific details added. 

Participants not only added more details to their initial plans 
but also perceived them as more concise and relevant, as both 
Clarity (W = 4.0,  = 0.005∗∗ 𝑝 , 𝑟𝑏 = 0.90), and Efficiency in achieving 
research goals (W = 12.0, 𝑝 = .012∗ , 𝑟𝑏 = 0.74) also demonstrated a 
considerable improvement. Participants made meaningful revisions 
for clarity. For instance, P5 removed text related to assessment from 
their initial system description, as they found it more suitable as 
a part of the evaluation plan instead of putting it into the system 
narration. Also, several participants praised the "Metrics list" 
feature for clarifying metric relevance, noting it showed "how this 
metric can be relevant in the context (P3)" and "encouraged the rea-
soning of using this metric (P17)". P8, during a think-aloud session, 
explained, "I just selected ‘information retention’ because my project 
is about memory, and the definition reminds me of the importance of 
evaluating how well my participants retain information to measure 
the effectiveness of counseling sessions in my project." 

Participants also felt more confident and believed their plans 
were feasible as Feasibility (W = 16.5,  = 0.035∗ 𝑝 , 𝑟𝑏 = 0.64) and 
Self-Confidence (W = 18.0, 𝑝 = .014∗ , 𝑟𝑏 = 0.70) as indicated by 
significant increases. For example, participants felt they could know 
how to cite (P12, P15), "measure (P1, P3, P14)", "design questions (P1, 
P9, P17)", “learn previous findings (P8, P2)” for metrics using the 
metric feature, making the UX plan tangible, and even “how to 

collect the data specifically" (P13, see Table 2). They also gained 
confidence, especially when noticing prior work used the same 
metric selections. As P3 expressed, "I’m really happy someone else 
also uses’ improvement in social skills in this context." The validation 
further reinforced their self-confidence in the chosen metrics and 
plans. 

Participants also significantly revised their plans to include more 
risk considerations (W = 10.0, 𝑝 = 0.007∗∗ , 𝑟𝑏 = 0.81). For example, 
building upon their original UX outcomes, P11 expanded, "There 
alongside the expectations the research outcome may not align with 
education effect the system may not be generalizable. However, these 
issues could be partially reflected in the objective metrics and be 
acknowledged in the limitations." P11 took inspiration from concerns 
about generalizability from the system’s output (see Table 2, where 
"Generalization Failure" was mentioned, stating, "Thinking about 
the potential biases made me rethink how I approach user data to 
ensure that I don’t overlook important issues." 

However, there were no significant changes found in "Novelty" 
(W = 22.0, 𝑝 = 0.083, 𝑟𝑏 = 0.51) or UX plans’ "Relevancy" to research 
questions. Several participants felt that the system was hard to 
change. P4 noted, "The core idea is already set," while P6 said, "It’s 
challenging to introduce major changes." Participants also reflected 
that "It is hard to justify the novelty without referring to the actual 
paper and verifying it on my own" (P4). 

5.2 EvAlignUX Feature Use and Perceived 
Value (RQ2) 

In this section, we discuss how features of EvAlignUX helped 
overcome various challenges in developing evaluation plans while 
also streamlining the thought process. In particular, three features, 
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Input ID Initial Plan Revised Plan 
UX Plan P7 To conduct a semi-structured interview 

with experts to see how they collaborate 
with our system to analyze the video 

Use a survey to measure the trust experts have in the 
AI’s analysis capabilities. Questions could focus on reli-
ability, perceived competence ... Discuss their percep-
tions of the assistant’s expertise, any concerns about 
the analysis, and instances where the assistant’s sug-
gestions were particularly effective or ineffective. 

UX Plan P14 Ask users to experience this tool and 
other similar ones and then report us-
ability, satisfaction, and others with 
questionnaires. 

Collection of short open-ended responses from partici-
pants to analyze qualitatively. Ask pre and post survey 
questions about their decision confidence (how accu-
rate they feel about their prediction of what the AI will 
do), perception of how clear the AI visualization was, 
and how accurate their prediction was. Do these before 
and after each action. 

UX Outcome P13 Low mental load, higher satisfaction, 
higher quality of subfield extraction. 

I can expect the tool to provide accurate and useful sum-
maries for both lay people and HCI researchers, leading 
to high user satisfaction and effective functionality. The 
interactive visualizations will likely be well-received for 
their ability to save time and allow quick exploration. 

UX Outcome P11 It outperforms the baseline techniques 
in the education effect and subjec-
tive preferences. Achieved this results 
through a more engaging experience, 
which also lowered participants’ under-
standing difficulty. 

(...Same with initial...) There are potential risks along-
side the expectations that the research outcome may 
not align with the intended education effect and the 
system may not be generalizable. However, these may 
could be partially reflected in the objective metrics and 
be acknowledged in the limitations. 

Table 2: Participants’ Initial and Final UX Evaluation Plans 

metrics graph, metrics list, and outcomes, were regarded as the 
most effective. 

5.2.1 The Value of EvAlignUX Features in Enhancing UX Evaluation. 
We observed how the use of individual features and the combined 
use of different features in EvAlignUX enhanced the user experi-
ence. In Figure 9, we summarized a set of prototypical questions 
that UX researchers asked themselves while developing their UX 
evaluation plans, annotated from think-aloud data collected during 
participants’ thought processes, which highlighted five perceived 
benefits of AI: justify, inform, support self-critique, streamline, and 
vision. 

Participants mentioned that AI could be used to inform them 
by providing knowledge from prior literature, e.g., to quickly “sug-
gesting relevant literature” (P15, 18), “summarizing existing eval-
uation methods based on the research context” (P3, P11). AI also 
supported researchers in understanding appropriate metrics by of-
fering “definitions” (P8), “citations” (P3), “how it can be used” (P16), 
and information on “constructs adopted” (P17). For example, P19 
combined the Index and Metrics List features. P9 initially felt 
that EvAlignUX did not accurately capture their intentions. They 
proposed a version control system, but EvAlignUX recommended 
metrics that were more likely to measure "machine learning effi-
ciency," such as accuracy. However, after modifying a few indexes 
(e.g., adding two design novelties: graph-based version control, and 

automated design documentation), they found that EvAlignUX sug-
gested new metrics, such as interaction experience, overall satisfac-
tion, perceived usability, and task success, that were much more 
accurate and aligned with their research. 

Many participants recognized the value of using AI to visualize 
literature networks, which help them better justify metric choices 
to align with research goals. This capability was particularly appre-
ciated because it facilitates “metric selection across various venues 
and disciplines” (P17), “highlight connections between metrics” (P16) 
to determine whether two metrics are “interrelated or distinct” (P13) 
and supports decisions based on “popularity and relevance in the 
field” (P9) in a way that “aligns with their (my) research goal” (P6). 
For example, P9 used Metrics Graph and Outcome together. P9 
designed a conversational agent for judges. After reviewing the 
graph, they found that user satisfaction, accuracy, and task com-
pletion were connected, which motivated them to think about the 
relationship between these three metrics. However, they found that 
while certain metrics aligned with their research goals, not all find-
ings were applicable to their specialized context. They remarked 
that, no emotions or diversity should be included as my evaluation 
outcomes; otherwise, the judges would be easily biased. 

Participants recognized the value of using AI to help them better 
self-critique during the development of their UX evaluation plans. 
This capability was particularly appreciated as it facilitates “prompt 
feedback” (P1) and provides “new perspectives" (P15), acting as 
a “teammate" (P6, P16) or “partner" (P18) in scholarly settings by 
commenting on the “effectiveness and limitations" of their proposed 
plans (P13). One participant also mentioned its potential to support 
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Figure 9: Question Bank for Developing UX Evaluation 

"overcoming social inhibitions, such as hesitancy in seeking advice or 
posing questions to peers too frequently" (P16). As P4 commented that, 
"It’s nice also to have EvAlignUX where you can throw ideas around, 
and then it will guide you directly in your research project, what to 
think about—not just a chat with somebody, which can sometimes be 
embarrassing." 

Participants also recognized the value of using AI to reduce 
cognitive load, which helps them better streamline their UX eval-
uation development and align it with dynamic project timelines. 
This capability was particularly appreciated as it "simplify decision-
making processes in UX design" (P16) to determine whether new 
updates are "directly contributing to the UX" (P13) of their original 
research goal or not. For example, P4 said, "Generally if I need to 

propose a UX plan, I probably need to spend like two days at least to 
collect all the papers. I believe your system can actually help us [HCI 
researchers] to shorten the time. Because every paper here comes from 
valid sources, so we can trust the results." Furthermore, participants 
also shared the value of using the system for re-structuring their 
thought process of the UX plan development. Figure 10 is an ex-
ample illustrating how P2 modified the literature review process by 
using AI to conduct the literature review and brainstorm metrics 
earlier in the process. 

Nearly all participants recognized the value of using AI to pro-
mote early detection of risks, which helps them better envision 
their UX planning. This capability was particularly appreciated 
as it facilitates “spotting potential risks before they turn into real 
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Figure 10: P2’s Thought Process. P2 emphasized that AI “lowers the efforts so that the two steps can now occur simultaneously” 
so that “rapid updates to evaluation plans as new features are added.” 

headaches after the study is done” (P5), and supports decisions based 
on “minimizing unexpected challenges” (P9). As P10 said mentioning 
the Risk feature, "It doesn’t simply show a list of risks but encourages 
users to click the associated link to review the actual report." 

5.2.2 Enriched Thought-Processes with the Support of EvAlignUX . 
Besides how participants used the EvAlignUX features differently, 
they also demonstrated diverse thought processes during their de-
velopment of UX evaluation plans. When updating their thought 
processes, they all revised their literature review process by in-
corporating relevant EvAlignUX features. More than half of the 
participants expressed that AI facilitates iterative loops during the 
development of an evaluation plan (8 participants). For instance, 
Figure 11 illustrates P13, a UX researcher with 1-2 years experience, 
revised thought process after using EvAlignUX , showing AI’s 
role as a supportive teammate in this process. The AI-suggested 
metrics, as highlighted by the purple boxes, prompted participants 
to critically assess the relevance and appropriateness of AI’s rec-
ommendations, ensuring alignment with system design goals and 
expected results. This iterative reflection, where P13 evaluates the 
added value of AI’s input, emphasizes AI’s role in fostering critical 
thinking and refinement. Similarly, Figure 12. demonstrates how 
P11, with 3-4 years of UX experience, views AI as beneficial to the 
iterative metric selection process. 

We also observed that UX risks and outcomes were incorporated 
into participants’ thought processes, regardless of their experience 
level. Overall, 42% of participants incorporated new components 
into their UX evaluation development thought processes after using 
EvAlignUX . Notably, these included "Propose measurements" (3 
junior UX-level participants, mixed research stages), "UX risks" 
(mixed UX levels, mixed research stages), and "Research outcomes" 
(mixed UX levels, mixed research stages). These additions reflect a 
newly gained awareness of potential challenges and impacts in their 
UX evaluation plan development. For example, Figure 13 shows 
how P7, a UX researcher with 1-2 years of experience, added two 
new considerations: defining the ideal outcome of the evaluation 

and identifying potential risks associated with the chosen measure-
ments to their thought process after using EvAlignUX . 

5.2.3 The Significant Use of Hypothesized Outcome and Metrics 
Exploration Features. Based on these observations, we further 
analyzed the relationship between users’ system log variables (e.g., 
the number of times indexes were regenerated, the number of met-
rics selected via the Metrics List, the number of metrics selected or 
deselected via Metric Graphs, the number of outcomes clicked, and 
the number of risks clicked) and their perceptions of five different 
features across 11 perception variables (e.g., enjoyment, intention, 
usefulness, cognitive load, inspiration), see Section 4.3.3 for mea-
surements. A total of 55 pairs were examined, with 6 showing 
significant results. All significant results are presented in Table 7. 

The results showed that selecting more potential outcome items 
(i.e., previous research findings) is associated with higher user rat-
ings of the Outcome feature, both enjoyment (r = 0.57, 95% CI [0.28, 
0.82], p < 0.01∗∗) and intention to use (r = 0.40, 95% CI [0.05, 0.66], 
p < 0.05∗). Additionally, users rated this feature more positively in 
terms of its contribution to revising their project idea (r = 0.45, 95% 
CI [0.05, 0.76], p < 0.05∗), UX evaluation plan (r = 0.44, 95% CI [0.08, 
0.71], p < 0.05∗), and UX outcomes (r = 0.49, 95% CI [0.16, 0.75], p < 
0.05∗). The findings from relevant HCI domains encouraged partic-
ipants to consider questions such as what demographic is left in the 
original plan? (P5) What factor was not considered yet? (P14) These 
thoughts prompted them to refer back to their original project idea, 
UX evaluation plan, and UX outcomes. P4 selected 15 potential 
outcomes that were derived from prior work, they commented that 
for instance, "measuring trust and confidence in the chatbot’s abilities 
and context understanding" was "exactly what they were looking for 
and this point really hit the point". P4 further commented, they liked 
this feature because they felt "the generation understands my initial 
thoughts about the project... It helps me finalize the details of my 
plan." 

Additionally, the results also indicated that adding more metrics 
to the graph was associated with a reduction in perceived cognitive 
load (r = 0.40, 95% CI [0.07, 0.72], p < 0.05∗). Participants found 
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Figure 11: P13’s evolving thought process when viewing AI as a teammate supporting interactive self-critique in developing UX 
evaluation plans for Index and Metric Graph feature. The upper left shows their initial thought process, while the purple-shaded 
areas indicate the perceived benefits AI introduces in the revised thought process. 

Figure 12: P11’s evolving thought process when viewing AI as a teammate supporting interactive self-critique in developing 
UX evaluation plans for Metrics List feature. The blue lines shows their perceived AI’s benefits in the iteraction on metric 
selection. 

Dependent Variable 
Feature Usage Log Feature: Perception Scores Mean SD 𝑟 95% CI 
# of metrics added by graph Metrics Graph: Cognitive Load ∗ 2.74 1.15 -0.40 [-0.72, -0.07] 
# of selected results Outcome: Enjoyment ∗∗ 3.32 1.16 0.57 [0.28, 0.82] 

Outcome: Intention to Use ∗ 3.63 1.07 0.40 [0.05, 0.66] 
Outcome: Contribution to UX evaluation∗ 3.42 1.39 0.44 [0.08, 0.71] 
Outcome: Contribution to UX outcomes∗∗ 3.37 1.50 0.49 [0.16, 0.75] 

Table 3: Examining the interaction between participants’ feature uses (based on the system log) and their perceived value of the 
features (N = 19). Significant values: **𝑝 < 0.01, *𝑝 < 0.05. Note that questions about fear of over-reliance were reversed and 
phrased as an attention check question. 

using the feature of Metrics Graph simple – not only showing "an aerial view of how these metrics tie together" (P6) but also the usage 
of each metric in prior research, which is "easy to understand" (P8). 
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Figure 13: P7’s evolving thought process by adding a new component of outcomes and risks inspired by the Outcome and Risk 
features. 

5.3 EvAlignUX Perception Varying by 
Research Background (RQ3) 

In this section, we examined the relationship between users’ back-
grounds and their perceptions of five different features across nine 
perception variables (e.g., enjoyment, intention, usefulness, cogni-
tive load, inspiration, see measurements in Section 4.3.3), aiming to 
identify which users benefit the most from our system and which 
users require additional support. Seven significant results were 
found. All significant results are shown in Table 4. 

5.3.1 The Extent of Perceived Inspiration Varies by Users’ Research 
Experience. Overall, the perceived value of providing inspiration 
through EvAlignUX was significantly negatively correlated with 
participants’ background, with the exception of the Outcome fea-
ture. Specifically, participants with less UX experience pro-
vided higher scores for perceived inspiration, except with 
the Outcome feature. Despite this, all participants rated the inspi-
rational measure highly (M = 3.58–4.00, SD = 0.94–1.33). 

For Index, some participants with less experience shared that 
the feature helps to structure research ideas using relevant ter-
minologies as sometimes they "just have a vague thought without 
knowing the exact terms" (P9). P6, with 1 year of UX experience, 
shared that the feature is a "very good at pinpointing important as-
pects, like user-centered design and stakeholders (researchers). It did a 
good job of checking what the user intended. I wouldn’t say anything 
was wrong or needs changing. Everything was spot on. There are 
certain things you can add, but they’re already in line with what was 
checked before." For experienced researchers like P2, she mentioned 
that the feature helps to distinguish "umbrella terms" when they 
only have a vague understanding of what is being measured: "It 
lowered the effort to identify the literature that is actually related. 
For instance, I saw three terms, knowledge acquisition, knowledge 

retention, and knowledgability. If I just use the wrong term, I may 
think that no one has done it before, but it turns out people have 
already done it." While experienced users acknowledged its utility 
for combining suggested indexes in their paper searches, they felt 
it lacked novelty, as many of the indexes were already familiar (P2), 
"I am looking for something that I have no knowledge about." Instead, 
they tend to "self-validate whether they are on the right track" (P4) 
rather than seek inspiration for relevant knowledge. 

For Metrics List and Metrics Graph, less experienced users 
valued these features for revealing "metrics [they] hadn’t considered" 
(P7). As P3 (with 1-2 years of UX experience) mentioned, "Because 
generally if I need to do that (on my own), I probably need to spend 
like 2 days at least to collect all the paper, which is really bad. I 
think EvAlignUX can actually help us to shorten the time. Because 
every paper here is coming from valid sources, such as top conferences, 
so we can trust the result." Similarly, P6 said that the graph gives 
her serendipity, "An aerial view of how these evaluation schemes tie 
together, like from usefulness to ease of use, helps when writing the 
paper or designing an evaluation scheme. Certain things in usefulness 
and trust are often correlated, as shown by the thickness of the line, 
which is inspiring." Participants shared that the graph helped them 
explore metrics that were “novel” (P3), as they noticed smaller nodes, 
disconnected nodes, or nodes with unfamiliar names. The graph 
made them feel more interested in discovering “under-studied” (P6) 
metrics in a domain; and for commonly used metrics, they felt they 
gained insights into common practices (P7, P12). As P7 shared, "I 
feel like changing my selections based on the graph resulted in better 
and more related contributions." 

This pattern extended to the Risk feature. P6, with 1-2 years of 
UX research experience, found it interesting that the feature helped 
identify "risks that directly related to the system." More experienced 
researchers, like P1, mentioned that "The risks mentioned here are not 



CHI ’25, April 26–May 01, 2025, Yokohama, Japan Zheng et al. 

Dependent Variable 
Background Feature: Perception Scores Mean SD 𝑟 95% CI 
UX experience Index: Perceived inspiration ∗ 4.00 0.94 -0.44 [-0.73, -0.05] 

Metrics list: Perceived inspiration ∗∗ 4.11 0.94 -0.67 [-0.84, -0.43] 
Metrics Graph: Perceived inspiration ∗ 3.89 1.10 -0.49 [-0.77, -0.13] 
Outcome: Perceived inspiration (n.s.) 3.68 1.00 
Risk: Perceived inspiration∗ 3.68 1.33 -0.42 [-0.72, -0.04] 

Table 4: Examining the interaction between participants’ background (based on the survey Likert 1-5) and their perceived value 
of the features (N = 19).Significant values: **𝑝 < 0.01, *𝑝 < 0.05. 

hardl ines, meaning that if users are not followed, then the system will 
fail. For instance, if the evaluation plan doesn’t receive IRB approval, 
they cannot continue to the next step; whereas the potential risk 
information here is more likely to be soft suggestions that may not 
contribute to actual revision." 

Interestingly, inspiration from the Outcome feature did not vary 
with UX experience, aligning with participants drawing of thought-
process, where outcomes were often missing from initial UX plans 
regardless of participants’ UX experience. The overall high mean 
score for rated inspiration from Outcome suggests that the feature 
resonated across all users, though for different reasons based on ex-
perience level. Several participants with less UX experience found 
the Outcome feature useful for refining their research plans, not-
ing how it helped them "rephrase [their] outcome to make it more 
detailed" (P13). P7 said, “I haven’t thought about it before, but now 
that I saw it here, that can be an useful contribution... It’s really cool 
that they come from actual papers and aren’t fabricated or made 
up." In contrast, P4, with 3-4 years of UX experience, noted that 
“without going into too much like spending a day thinking about it 
(UX outcomes). I think that it (your suggested UX outcomes) is a really 
great restatement of my original one.” 

6 Discussion 
In this section, we discuss methods for fostering a mindset-focused 
UX evaluation in HCI education and practice, the potential risks of 
using Large Language Models to support UX evaluation, and the 
design implications of our findings. 

6.1 Shifting UX Evaluation from 
Method-Centric to Mindset-Centric 

Gray’s prior work [34] highlighted that many UX practitioners 
view UX as a "rigid set of methods" rather than as a "mindset". This 
method-centric perspective often emphasizes the application of 
techniques without fully aligning with project-specific goals. Sim-
ilarly, prior research [32, 35, 61, 79] has critiqued academic dis-
cussions for focusing on method creation and testing, neglecting 
real-world implementation contexts. This disconnect creates a "pro-
jected practice community" [34, 35], where academic conceptions 
fail to align with practitioners’ realities. 

The interaction design and evaluation of EvAlignUX demon-
strated that it empowered UX researchers to conduct UX evaluation 
more holistically. First, providing metric definitions, relevant liter-
ature, and examples that enabled for researchers to reflect on the 
implications of these metrics enhanced both the perceived quality 

of their proposed plans and their confidence in their UX evaluation 
plans (RQ1). Second, combining different EvAlignUX components 
to refine UX plans allowed participants to self-validate, critique, 
and rationalize their evaluation choices (RQ2). Third, participants’ 
thought processes and perceived inspirations from the system var-
ied based on their UX experience and evolved from asking general 
questions to leveraging AI for iterative reasoning about their cho-
sen metrics, including previously unconsidered aspects, such as 
outcomes and AI risks (RQ3). 

6.1.1 Mindset-Centric Evaluation: Encouraging Reflections on In-
sights. Unlike method-centric approaches, mindset-centric evalua-
tion emphasizes critical reflection on why, what, and how evalua-
tions are conducted, aligning choices with broader implications– 
goals, values, and the insights researchers and practitioners aim 
to achieve. This paradigm shift acknowledges the complexity and 
adaptability required in UX evaluation, bridging the gap between 
academic research and practical applications. EvAlignUX facili-
tates this shift by not only helping define metrics, enabling users 
to understand their underlying concepts, relevance, and alignment 
with other research areas, but also by connecting researchers with 
example research papers and real-world applications. This integra-
tion encouraged them to move beyond focusing solely on specific 
methods and to instead reflect on the insights they aim to achieve, 
such as fostering engagement or building trustworthiness. By shift-
ing their question from "What method should I use?" to "What in-
sights am I seeking?", EvAlignUX helped researchers adopt a more 
holistic perspective. Additionally, the inclusion of AI risk consider-
ations encouraged users to evaluate their UX plans through new 
lenses, adding depth and broadening the implications of their work. 
This shift enriched the researchers’ mental models, underscoring 
EvAlignUX ’s value in promoting a mindset-centric approach to 
UX evaluation. 

6.1.2 Implications for HCI Practice and Education. This mindset-
centric shift holds significant implications for both HCI practice 
and education. 

First, it aligns with the increasing diversity and sophistication of 
UX evaluation approaches [74]. While numerous reviews outline 
UX evaluation methods [14, 45, 74, 77, 95], few interaction designs 
directly support the development of comprehensive evaluation 
plans. For example, scholars have stressed the need for adaptable, 
context-sensitive approaches: Vermeeren et al. [95] stress that no 
single method fits all projects; Rivero et al. [77] advocate for itera-
tive frameworks that incorporate feedback; and Darin et al. [14] call 
for continuous critical reflection throughout the evaluation process. 
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Our design aligns with the intention to democratize the design pro-
cess: when EvAlignUX users select metrics from the recommended 
options, click “more” to explore additional metrics, edit the index 
to update the recommendations, or adjust their selection after iden-
tifying potential risks, they provide feedback to the system. In the 
final UX evaluation export, users can further refine their selected 
metrics. Our findings demonstrate an effective interaction design 
that fosters a mindset-centric perspective, informing and elevating 
HCI systems research. 

Second, our findings reveal that EvAlignUX offers five key ben-
efits for developing UX research plans. However, participants ex-
hibited diverse usage patterns (RQ1, RQ2). Some enriched system-
generated plans with detailed context; others prioritized applying 
the application of specific metrics; and some adopted the plans 
without critical evaluation. These patterns were, to some extent, 
linked to participants’ UX experience (RQ3). For example, less ex-
perienced UX researchers used EvAlignUX to explore unfamiliar 
metrics, domains, and terminologies, thus finding it more inspira-
tional. In contrast, experienced researchers primarily leveraged the 
system as a validation tool rather than a source of inspiration. This 
suggests that EvAlignUX ’s primary value evolves with users’ ex-
pertise—serving as an exploratory and instructive tool for novices 
while functioning as a confirming and refining aid for experts. Prior 
work emphasizes that HCI education should extend beyond teach-
ing predefined methods to fostering adaptability, improvisation, and 
critical thinking skills [34]. EvAlignUX embodies these principles 
by enabling researchers to tailor their approaches to the unique 
demands of each project. Rather than enforcing rigid processes, 
future AI-driven UX evaluation systems and educational frame-
works should encourage researchers to treat metrics as core design 
materials—fundamental elements that shape and guide evaluation. 
By adopting this mindset-centric perspective, researchers and prac-
titioners can better navigate evolving complexities, ensuring their 
UX evaluations remain meaningful, impactful, and contextually 
relevant. 

Third, the literature-based UX repository is a growing collection 
that could expand to include industry case studies and metrics, 
broadening its applicability beyond academic research. While aca-
demic UX research emphasizes systematic methodologies, theoreti-
cal frameworks, and empirical validation, industry UX case studies 
often prioritize practical insights, real-world constraints, and ag-
ile decision-making processes. Integrating industry contributions 
would make the repository more reflective of diverse UX practices, 
enabling designers, engineers, and customers to generate tailored 
plans and share them for collaborative decision-making. Future 
studies could explore how to structure this integration effectively, 
curating a broader spectrum of metrics from both peer-reviewed 
sources and real-world implementations, while maintaining clar-
ity and usability. Additionally, incorporating industry case studies 
could introduce new ways of evaluating UX beyond traditional 
academic benchmarks, offering a more holistic perspective on how 
different sectors define and measure UX. 

6.2 Towards Responsible Use of LLMs in 
Interdisciplinary and Cross-Disciplinary UX 
Research 

Previous literature has highlighted the ethical concerns and po-
tential harms of over-reliance on LLMs in various domains. For 
instance, Ahmad et al. [3] found that excessive dependence on AI 
in education led to students becoming passive, diminishing their 
decision-making abilities, and negatively impacting their cognitive 
skills. Similarly, in human-AI co-creative writing, AI outputs are 
heavily influenced by the distribution of their training datasets 
[5, 80]. Without considering users’ unique needs, over-reliance on 
these outputs can result in research homogeneity and a lack of 
creativity [52, 76]. Additionally, issues such as hallucination, lack 
of transparency, and algorithmic bias have been identified as major 
barriers to effective AI collaboration [108]. To mitigate these risks, 
future iterations of EvAlignUX and similar tools could be designed 
with adaptive modes or adjustable feedback mechanisms that align 
with a user’s experience level. Such tailoring would help novices 
develop core competencies over time while allowing more expe-
rienced users to refine advanced strategies, ultimately supporting 
meaningful skill growth rather than hindering it. Given the limita-
tions of LLMs, future studies need to carefully consider and address 
the ethical concerns raised, ensuring that UX researchers remain 
critical, reflective, and ultimately self-reliant evaluators. Potential 
research directions include: 

6.2.1 Mitigating Potential Over-Reliance and Triggering Deeper 
Thought Processes. Questions about potential over-reliance have 
also emerged. We position the design of such a tool as an educational 
resource that potentially bridges formal education and real-world 
practice, helping novices transition into more advanced roles while 
also supporting experts in adopting new perspectives. It is designed 
to foster a mindset-centric approach, which inherently encourages 
reflection and critical thinking, counteracting de-skilling risks. One 
potential direction is to use AI systems that provide hints, or to use 
a Question Bank (see Fig. 9). This approach may aim to augment 
researchers’ reasoning by prompting reflection and encouraging 
deeper engagement with their work. Essential features include 
controllability and explainability, alongside clear disclaimers that 
warn users about the risks of over-reliance on generative AI [56]. 
Previous research highlights that transparent systems with clear 
AI outputs foster better human-AI collaboration by encouraging 
users to engage more critically with the tool [30, 99]. Furthermore, 
studies indicate that embedding mechanisms that encourage active 
thinking—such as presenting alternative viewpoints or highlighting 
uncertainties—can help mitigate the risk of over-dependence on 
AI-generated solutions and foster deeper cognitive engagement [7]. 

6.2.2 Using AI to Support Self-Critique. Our findings suggest that 
AI may assist in addressing challenges through self-critique mech-
anisms. For example, EvAlignUX uses its literature base to pro-
vide users with relevant information that encourages self-critique. 
However, unlike human experts, AI systems often fail to identify 
nuanced flaws in research plans that stem from researchers’ mis-
understandings. Previous studies have shown that AI’s capacity 
for self-critique is limited, particularly when dealing with complex, 
contextual errors that require domain-specific knowledge or critical 
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thinking [7, 100]. While AI’s ability to critique existing research is 
promising, it lacks the contextual depth found in human-to-human 
collaboration [100, 106]. Further research is needed to explore how 
AI can more closely mimic human critical evaluation in the research 
process. 

6.2.3 Using AI to Mitigate UX Risks. A key design implication 
often overlooked is the concept of “impact visioning." While only 
one participant in our study considered potential risks during the 
initial development of their UX plans, previous studies have shown 
that the negative consequences of new technologies can often be 
predicted in early design stages [51, 72]. AI systems, by drawing 
on cross-disciplinary insights, may also help researchers anticipate 
and mitigate potential risks in UX evaluation, raising awareness of 
emerging concerns in technology use and design. Prior studies in AI 
ethics and risk management suggest that AI can be instrumental in 
identifying unintended consequences and risks in various domains, 
including UX design, by leveraging data across disciplines to foresee 
issues that might not be immediately apparent [27, 96]. As the 
body of evaluation metrics and AI-related risks expands in the 
rapidly evolving landscape of human-AI interaction, practitioners 
can benefit from recommendations that continuously evolve. 

6.3 Limitations and Future Work 
We acknowledge several limitations that can affect EvAlignUX ’s 
performance and the findings. First, as an exploratory system, it 
incorporates a limited selection of papers, primarily focused on 
human-AI interaction. Also, for the EvAlignUX backend, recom-
mendations are confined to metrics that have been predefined in 
our database. Participants proposing studies in interdisciplinary 
fields may find the system’s suggestions less relevant or accurate; 
however, we do not claim that the current metrics repository is ex-
haustive. Second, although we observed differences in participants’ 
perceptions and usage behaviors, the majority of participants were 
doctoral students, which may limit the generalizability of our find-
ings. Our user evaluation was conducted by HCI researchers, but 
in the future, we can include industry practitioners who may lack 
formal UX research training but need to conduct effective system 
evaluations. Expanding the system’s design to better support these 
groups in conducting effective evaluations could be an important 
direction for future development. Finally, EvAlignUX scaffolds the 
conceptual phase of early-stage UX research planning. It focuses 
on ideation, metric selection, and critical reflection, providing a 
foundation for subsequent stages, such as methods, logistics, and 
participant considerations. For instance, selecting metrics upfront 
facilitates targeted discussions about participants and data collec-
tion methods. However, we acknowledge that detailed logistical 
support is beyond the tool’s scope and could be addressed in future 
enhancements. 

7 Conclusion 
User experience is vital to any Human-Computer Interaction re-
search, yet many UX designers and practitioners often rely on rigid 
evaluation methods rather than adopting a holistic approach. In this 
paper, we introduced EvAlignUX , an LLM-based tool designed 
to support UX evaluation development. Through an evaluation 
with 19 HCI researchers, we found that centering UX metrics in 

the evaluation process fostered a mindset that balanced holistic 
UX impact with contextual factors, evaluation practices, and re-
search value. This approach significantly improved participants’ 
perceived plan quality and confidence, while also prompting their 
thought processes to consider risks when evaluating systems. For 
practical implications, we offer a Question Bank to guide future UX 
evaluation efforts, and suggest that future researchers can enhance 
EvAlignUX by incorporating domain-specific literature to further 
refine their evaluation planning. In a world where experience de-
fines impact, a UX-driven mindset serves as the key to meaningful 
and lasting designs evaluation. 
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A Appendix 

A.1 Definitions for Index 
(1) Paradigms: 

• Dyadic: One-on-one interaction between human and AI. 
Dyadic human-AI interaction, where end users interact 
with AI systems, and end users are not AI creators. 

• Polyadic: Multiple social interactions mediated by AI. Where 
AI sits between two or many types of end users, and these 
end users are not AI creators either. 

(2) Application domain: The specific field or sector in which 
the system is applied, such as education, healthcare, finance, 
urban planning. 

(3) Modality: The form or channel through which users interact 
with the system, including Text-Based, Voice-Based, Multi-
Modal (Text and Voice Based), Visual Based, Sensor Based, 
Haptic (touch) Based. 

(4) System Features: The characteristics and attributes of the 
system, including embodiment, level of intelligence, auton-
omy, adaptability, and learning capabilities. 

(5) Design Novelty: The uniqueness and innovativeness of the 
system’s design, indicating how novel the system is com-
pared to existing technologies. 

(6) Design methods: Refers to the systematic approaches, strate-
gies, and techniques employed in the creation and devel-
opment of designs. These methods guide designers in the 

process of generating ideas, solving problems, and produc-
ing effective, functional, and aesthetically pleasing solutions. 
Example design methods can be: 
• Framework-based design (proof-of-concept designs guided 
by prior frameworks, models, or theories) 

• Participatory design 
• Need-finding interviews 
• Ideation workshops 
• User-Centered Design 
• Research through design 
• Design fiction 
• Human-Centered Design 
• Contextual design 
• Service design 
• Inclusive design 
• Ethnographic design 
• Critical design 
• Reflective design 
• Sustainable design 
• Wizard of Oz 

(7) Human-AI relationship types: The nature of the inter-
action and relationship between humans and the system, 
ranging from assistant, collaborator, tool, to advisor. 

(8) Stakeholders: Individuals or groups who have an interest 
in, are affected by, or can influence the design, development, 
deployment, and use of the system. This includes: 
• Primary Users: Main direct users. 
• Secondary Users: Occasional or indirect users. 
• Tertiary Users: Affected non-users. 
• Designers and Developers: System creators and maintain-
ers. 

• Organizations: Entities managing or funding the system. 
• Policymakers: Regulators setting guidelines. 
• Support Teams: Maintenance personnel. 
• Researchers: Those studying and evaluating the system. 

(9) Social scale: The scale at which the system operates, such 
as individual, group, organizational, societal. 

(10) Theoretical Frameworks: The underlying theories and 
concepts that support the development and application of the 
system, which may include theories from cognitive science, 
social science, computer science. 

A.2 Graph 
Table 5 is the table for the graph database nodes and their attributes. 

A.3 User Study Survey 
(1) Background collection 

• What’s your name? 
• What’s your email address? 
• What’s your age? (optional) 
• How do you identify your gender? Male, Female, Prefer 
not to say, Other, please specify 

• What degree program are you currently enrolled in? Bach-
elor’s Degree, Master’s Degree, Doctorate (PhD or equiva-
lent), Other, please specify 
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Node Type Attributes Explanation 
Paper Title 

Narrative 
Indexes 
CommunityID 

Narrative Embedding 
Index Embedding 

The research paper title 
The narrative/abstract of the research paper 
The results corresponding to each index category 
The communityID to which the research paper is classified into 
The embedding of the research paper narrative 
The embedding of each index value 

Metric Metric Name 
Metric Type 

The metric name category to which the metric is assigned 

Outcome Outcome Achieved 
Paper Title 
Paper Citation 
Metric Method 
Metric Usage 
Metric Challenges 

Metric outcome/result 
The research paper title 
The reason for using the metric 
Method used to evaluate the metric 
How the metric is used in the research paper 
The challenges or research gap identified in the research paper 

Table 5: Graph Database Nodes and Their Attributes 

• UX research experience: How many years of UX research 
experience do you have? None, less than 1 year, 2-3 years, 
3-4 years, 5+ years 

• Coding experience: How many years of coding experience 
do you have? None, less than 1 year, 2-3 years, 3-4 years, 
5+ years 

• AI literacy [62]: How strongly do you agree or disagree 
with the following statements? 
– I can operate AI applications in everyday life. 
– I can use AI meaningfully to achieve my everyday goals. 
– I can assess what the limitations and opportunities of 
using an AI are. 

• AI Assistance in UX Research: Currently, what types of 
research tasks do you use AI (e.g., ChatGPT) to assist 
with? Research Ideation, Literature review, Evaluation 
plan development, Data analysis, Prototyping and design, 
Usability testing, Coding, Writing, Other please specify 

(2) Survey 1 and 2 Initial/Final UX Study Plan: We are going 
to ask about your perceptions of the proposed UX plans for 
your project. 
• How do you feel about the following statements about 
your proposed UX plans? Strongly disagree, Disagree, Nei-
ther agree nor disagree, Agree, Strongly agree 
– Novelty [18]: My proposed UX plans are novel. 
– Relevance [18]: My proposed UX plans are relevant to 
my research goal. 

– Efficiency [93]: My proposed UX plans are efficient in 
supporting my research goals. 

– Completeness [18]: My proposed UX plans are complete. 
– Clarity [18]: My proposed UX plans are clear. 
– Concreteness [18]: My proposed UX plans are concrete. 
– Quality [18]: My proposed UX plans are of high quality. 
– Feasibility [18]: My proposed UX plans is workable and 
can be easily implemented. 

– Rigorous [93]: My proposed UX plans are methodologi-
cally rigorous. 

– Risk considerations [93]: My proposed UX plans are in 
consider of potential issues. 

– Confidence [87]: My proposed UX plans are making me 
feel confident about them. 

(3) Survey 3 System Features: We are going to ask about your 
perceptions of each feature in our system. How do you feel 
about the following statements regarding the Index/ Metric 
Graph/ Metric List/ Outcome/ Risk feature? (We repeated 
the same set of questions for each feature.) Strongly disagree, 
Disagree, Neither agree nor disagree, Agree, Strongly agree 
• I enjoy using this feature. [15] 
• I will use this feature in the future if it is publicly available 
[23]. 

• I find this feature useful [16]. 
• I trusted the suggestions and decisions provided by it [23]. 
• It took significant mental effort to understand this feature 
[71]. 

• I was more interested in exploring and developing my 
research projects/UX evaluation plan/UX outcomes after 
using it [13]. 

• This feature contributes to revising my UX evaluation 
plan. 

• This feature contributes to revising my UX outcomes. 

A.4 Demographic 
Table 6 is the demographic table. 

A.5 Data Analysis 
Table 7 is the data analysis for changes in user perceptions towards 
the proposed UX plan result. 
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Table 6: Participants Demographic. LR = Literature Review, RI = Research Ideation, EPD = Evaluation Plan Development, PD = 
Prototyping & Design, DA = Data Analysis, C = Coding, W = Writing, UT = Usability Testing. 

ID Education 
Level 

UX Experi-
ence 

Coding Ex-
perience 

AI Literacy [62] AI Usage in Research 

P1 Master’s 3-4 years 1-2 years 4.33 RI, EPD, C, W. 
P2 Master’s 3-4 years 5+ years 5.00 RI, EPD, PD, DA, C, W. 
P3 Doctorate 1-2 years 3-4 years 4.67 LR, PD, DA, C, W. 
P4 Master’s 3-4 years 5+ years 4.67 RI, LR, DA, C, W. 
P5 Postdoc 1-2 years 3-4 years 4.00 LR, UT, C, W. 
P6 Doctorate 1-2 years 3-4 years 5.00 PD, DA, C, W. 
P7 Doctorate 1-2 years 5+ years 4.00 DA, C, W. 
P8 Doctorate 3-4 years 5+ years 5.00 LR, DA, C, W. 
P9 Doctorate 1-2 years 3-4 years 4.00 RI, C, W. 
P10 Doctorate 3-4 years 3-4 years 4.00 DA, C, W. 
P11 Doctorate 3-4 years 5+ years 3.67 RI, DA, C, W, Other 
P12 Master’s 1-2 years 3-4 years 5.00 RI, LR, EPD, PD, DA, C, W. 
P13 Doctorate 1-2 years 3-4 years 4.00 C, W. 
P14 Bachelor’s 3-4 years 3-4 years 5.00 LR, PD, DA, C, W. 
P15 Doctorate 3-4 years 5+ years 4.00 C, W. 
P16 Doctorate < 1 year 5+ years 4.33 Other 
P17 Doctorate 3-4 years 5+ years 4.67 Other 
P18 Doctorate 3-4 years 5+ years 5.00 RI, LR, PD, DA, C, W. 
P19 Master’s 3-4 years 5+ years 4.00 PD, C, W. 

Table 7: Descriptive Analysis and Wilcoxon Signed Rank Test Results for Changes in User Perceptions Towards a Proposed UX 
Plan (N = 19). Significant values: **𝑝 < 0.01, *𝑝 < 0.05. 

Constructs Before Me-

dian 
Before 
IQR 

After Me-

dian 
After IQR Test Statis-

tic 
Effect Size 
𝑟𝑏 

Novelty 3 2 4 1 22 0.51 
Relevance 5 1 5 0.5 8 0.56 
Efficiency∗ 4 0 5 1 12 0.74 
Completeness∗∗ 3 2 4 1 16 0.79 
Clarity∗∗ 4 1 4 1 4 0.90 
Concreteness∗ 4 1 4 1.5 24 0.74 
Quality∗∗ 3 1 4 0.5 11 0.82 
Workability∗ 4 2 5 2 16.5 0.64 
Rigor∗ 3 2 4 1.5 15 0.75 
Ethics∗∗ 3 2.5 4 1.5 10 0.81 
Trust∗ 4 1 4 1 5 0.82 
Confidence∗ 3 1 4 1 18 0.70 
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