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 A B S T R A C T

Participant-involved formative evaluations is necessary to ensure the intuitiveness of UI transition in mobile 
apps, but they are neither scalable nor immediate. Recent advances in AI-driven user simulation show promise, 
but they have not specifically targeted this scenario. This work introduces UTP (UI Transition Predictor), a 
tool designed to facilitate formative evaluations of UI transitions through two key user simulation models: 
1. Predicting and explaining potential user uncertainty during navigation. 2. Predicting the UI element users 
would most likely select to transition between screens and explaining the corresponding reasons. These models 
are built on a human-annotated dataset of UI transitions, comprising 140 UI screen pairs and encompassing 
both high-fidelity and low-fidelity counterparts of UI screen pairs. Technical evaluation indicates that the 
models outperform GPT-4o in predicting user uncertainty and achieve comparable performance in predicting 
users’ selection of UI elements for transitions using a lighter, open-weight model. The tool has been validated 
to support the rapid screening of design flaws, and the confirmation of UI transitions appears to be intuitive.
1. Introduction

Designing user-friendly mobile interfaces is crucial for the success of 
mobile applications. An essential part is ensuring that first-time users 
can confidently navigate between UI screens by selecting the correct 
‘‘link UI elements’’ (i.e., buttons or links that trigger transitions) based 
on the current screen content and their mental abstraction of the target 
screen (Li and Luximon, 2023; Dørum and Garland, 2011). Designers 
often rely on familiar navigation patterns and design principles to cre-
ate intuitive UI transitions but they may not generalize to all apps and 
can sometimes conflict with user expectations. Therefore, formative 
evaluations such as cognitive walkthroughs and quick usability tests 
with users are necessary during design iterations, from low-fidelity UI 
sketches to connected high-fidelity screens.

In UX design, running formative evaluations with users requires 
significant resources, limiting scalability and delaying feedback. On the 
other hand, designers’ expertise can bias judgment when role-playing 
as users. Motivated by evidence that large language models (LLMs) can 
mimic human judgments from textual descriptions (Kosinski, 2023), 
there has been a growing interest in leveraging them to generate 
usability insights. Prior systems such as UXAgent (Lu et al., 2025) 
and SimUser (Xiang et al., 2024) employ LLMs to simulate usability 
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feedback but assume highly complete, executable apps, and target 
large-scale usability testing. How to facilitate the formative evaluation 
of UI transitions by simulating user interactions based on early-stage, 
non-executable UI prototypes remains to be explored. Additionally, 
advances in UI understanding and agentic control have enabled agents 
that automate UI tasks (Hong et al., 2024; Rawles et al., 2024; Yang 
et al., 2023; Wang et al., 2024; Yan et al., 2023), but these agents are 
commonly trained on app-harvested traces (Rawles et al., 2024; Deka 
et al., 2017) or LLM-generated data (Jiang et al., 2023) and optimized 
to finish tasks. As a result, their action traces can diverge from first-time 
users’ behavior and cognition, a gap exacerbated by the lack of datasets 
annotated with first-time users’ UI transition choices.

This work focuses on facilitating formative evaluations of UI tran-
sitions throughout the design process by simulating users’ real UI 
transition behaviors. We develop the UI Transition Predictor (UTP), 
an AI-driven tool that provides instant user simulation support for 
designers from low-fidelity UI mockups to high-fidelity UI screens. UTP 
targets two primary concerns of designers during formative evaluations 
of UI transitions: the confidence of the user in choosing the link UI 
element as well as the UI element they will most likely pick (Candiasa 
https://doi.org/10.1016/j.ijhcs.2025.103661
Received 20 May 2025; Received in revised form 16 October 2025; Accepted 29 O
vailable online 1 November 2025 
071-5819/© 2025 Elsevier Ltd. All rights are reserved, including those for text and 
ctober 2025

data mining, AI training, and similar technologies. 
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et al., 2023; Cepeda et al., 2021), addressed through the two following 
functions: 1. Uncertainty prediction: Predicting and explaining how 
uncertain users might feel on selecting the correct link UI element to 
the target screen. 2. Link UI prediction: Predicting the link UI ele-
ment users would most likely select to transition between screens and 
explaining the reason behind the prediction. The uncertainty prediction 
results help ensure that users select link UI elements with confidence, 
rather than guessing among several similar options. The link UI predic-
tion further helps designers assess whether the link UI element selected 
by users is consistent with their expected design decision.

To enable faithful user simulation functions of the UTP, we first con-
duct a data collection study with 40 participants to create a validated 
human-annotated benchmark dataset of UI transitions. The dataset 
consists of 140 pairs of UI screens. Each pair is annotated by 20 
participants, comprising their first-time choices of link UI elements and 
the reasons for such choices. Our dataset includes low-fidelity and high-
fidelity designs of each pair of UI screens, allowing assessment from the 
early stages of the design process to the final prototypes. We also collect 
participants’ common strategies for identifying link UI elements and 
sources of uncertainty, which inform our model design and strategies 
to prompt LLMs.

We apply the dataset to develop user simulation functions of UTP. 
GPT-4o is adopted as the baseline for all user simulation functions 
due to its state-of-the-art performance across various domains (Lu 
et al., 2024), integrating different prompting strategies and utilizing the 
human-annotated data. Due to the limited transparency of commercial 
models and the ever-changing nature of their training data, we also 
train a binary classification model for uncertainty prediction and fine-
tune an open-source, memory-efficient LLM (LLaMa-3.1-8B) for link UI 
prediction. Our uncertainty prediction model consistently outperforms 
GPT-4o in identifying UI transitions that cause user uncertainty dur-
ing navigation, both in low- and high-fidelity prototypes. Similarly, 
our fine-tuned LLaMa-3.1-8B model achieves comparable accuracy to 
well-prompted GPT-4o in predicting user-anticipated link UI elements 
(64.35% vs. 71.30%).

We implement these user simulation functions into two interac-
tion modes to support different scenarios: 1. Screening mode: An 
automated mode of UTP, which allow designers to quickly screen 
potential design flaws; 2. Dedicated mode: A semi-automated mode 
where designers can manually mark candidate UI elements that could 
be confusing to users. UTP disambiguates and decides which one the 
user is likely to pick.

We evaluated the effectiveness of the user simulation functions of 
UTP for designers through a controlled experiment involving 12 UI/UX 
practitioners. Participants were asked to inspect UI transitions both 
with and without the assistance of UTP. To ensure that any observed 
human performance or confidence stems from the presentation and use 
of accurate simulation signals, rather than being confounded by model 
prediction errors, we used only verified correct predictions from UTP’s 
simulation results in the study. UTP’s screening mode significantly 
improves the designers’ accuracy of inspecting UI transitions to 75% 
(58.33% for without UTP and 62.50% for dedicated mode) while 
reducing the time cost by 65.70% compared to the condition without 
UTP, and by 59.43% compared to the dedicated mode of UTP. Our 
study further reveals a clear division of strengths between UTP’s two 
modes. The screening mode effectively improves detection accuracy on 
unintuitive UI transitions to 75.00% compared to 41.67% without UTP 
and 33.33% with the dedicated mode. The dedicated mode should not 
be used as a stand-alone inspection method due to the low accuracy for 
detecting unintuitive UI transitions. However, it effectively helps with 
verifying UI transitions that already appear intuitive, achieving 91.67% 
accuracy versus 75.00% for both screening and manual inspection. 
Therefore, UTP can be adopted through a staged design workflow: 
screening to surface potential issues first, then confirming UI flows that 
are likely intuitive. Additionally, participants also report significantly 
higher confidence when utilizing the screening mode (Median = 5/5, 
2 
IQR = 1.25) compared to the inspection without UTP (Median = 4/5, 
IQR = 1.5) and with dedicated mode (Median = 4/5, IQR = 1).

The contribution of this work can be summarized as follows.

1. A human-annotated benchmark dataset of UI transitions and the 
corresponding human factor insights to support the development 
of AI models for user simulation on UI transitions.

2. AI models and prompting strategies built on the human-annota-
ted dataset, to predict and explain users’ selection of link UI 
elements.

2. Related work

We examine previous research under four aspects: design of GUI 
navigation, design evaluation methods, UI evaluation with user simu-
lation methods, and UI understanding with LLM.

2.1. GUI navigation design

The inception of the Graphical User Interface (GUI) introduced 
UI components for linking separate interfaces, facilitating users to 
navigate either to a new page or another section within the current 
page (Tidwell, 2010). We segment the vast body of research on GUI 
navigation design into macro and micro levels. Research on GUI naviga-
tion which was conducted from a macro perspective, emphasize design 
guidelines (Kalbach, 2007; Nielsen, 1999; Farkas and Farkas, 2000), 
conceptual models (Webster and Ahuja, 2006; Djonov, 2007), and 
interactive techniques (Baeg et al., 1994) to rationalize the hierarchical 
structure of web information and simplify users’ information retrieval. 
Conversely, micro-level insights into GUI navigation design focus on 
the logic of UI transition between two consecutive GUI screens. Chang 
and Dillon (1998) propose that intuitive UI navigation includes the 
logical presentation of static UI elements and the logical way to chain 
the preconditions and postconditions of each navigational event. To 
this end, semantic-based design concepts like interface metaphors are 
commonly applied to facilitate users’ understanding of UI transition 
logic (Lakoff and Johnson, 2008; Barr et al., 2002), and laws of visual 
perception are playing a role in directing the consumer flow (Koch 
and Oulasvirta, 2016). Extensive design guidelines exist for crafting UI 
elements to be visually attractive and semantically clear, particularly 
within typical web (Farkas and Farkas, 2000; Burrell and Sodan, 2006) 
and mobile applications (Punchoojit et al., 2017). Although existing de-
sign guidelines are useful for facilitating users to perceive and learn the 
UI semantics quickly, research on how users understand the transition 
logic between consecutive UI screens is lacking.

2.2. Design evaluation methods

Typical design evaluation methods can be classified into user-
participated and designer-centered approaches (Granollers and Lorés, 
2004). User-participated methods typically involve testing with rep-
resentative users who perform specific tasks using a given prototype, 
such as usability tests (Arning and Ziefle, 2009; Leesutthipornchai 
and Pradubsuwun, 2023) and A/B tests (Vanderdonckt et al., 2019). 
Designer-centered methods, also known as design inspection meth-
ods (Nielsen, 1994; Granollers and Lorés, 2004), include techniques 
like heuristic evaluation (Nielsen, 1992; Nielsen and Molich, 1990) and 
cognitive walkthrough (Polson et al., 1992; Lewis and Wharton, 1997). 
Due to practical constraints such as time and budget, user-participated 
evaluations cannot be frequently or immediately conducted during 
design iterations. As a result, designers often rely on designer-centered 
methods, which are more cost-effective and can be applied at var-
ious stages of prototyping (Nielsen, 1994). For example, heuristic 
evaluation is a widely used designer-centered method that employs 
a set of guidelines to identify and characterize undesirable interface 
features (Nielsen, 1992; Nielsen and Molich, 1990). However, this 
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method reflects feedback from the designer’s perspective, lacking direct 
insights from users. Cognitive walkthroughs provide a more user-
centered method, where designers act as the users, walking through 
the UIs step by step to predict potential user feedback (Polson et al., 
1992; Lewis and Wharton, 1997; Nielsen, 1994). However, since real 
users are not involved, these evaluations often miss important issues 
that typical users might encounter, primarily due to the differences in 
how design experts and regular users understand the UI (Granollers and 
Lorés, 2004; Mahatody et al., 2010). Effectively and instantly accessing 
users’ feedback in the design inspection is valuable but challenging for 
designers.

2.3. UI evaluation with user simulation

Evaluating UI design through user testing is often time-consuming, 
labor-intensive, and costly. To address this, AI-driven systems have 
emerged to help designers instantly evaluate their UI prototypes. Some 
techniques utilize rule-based pipelines to automatically detect whether 
a UI prototype adheres to general design guidelines (Yang et al., 2021; 
Chen et al., 2017; Blackmon et al., 2007). Others follow a data-driven 
approach to evaluate UI designs by predicting how users may perceive 
and interact with the interface (Wu et al., 2020; Schoop et al., 2022; 
Bellamy et al., 2011; Kim et al., 2022; Wu et al., 2019; Bylinskii 
et al., 2017; Swearngin and Li, 2019; Fosco et al., 2020; Lee et al., 
2020). These methods also predict specific UX metrics, such as task 
completion time (Bellamy et al., 2011; Biswas and Robinson, 2010), 
user engagement (Wu et al., 2020), brand personality (Wu et al., 2019), 
and the tappability of GUI elements (Swearngin and Li, 2019; Schoop 
et al., 2022). With large language models (LLMs) demonstrating the 
ability to mimic human characteristics through text (Kosinski, 2023), 
recent research has explored their potential for UI evaluation. Duan 
et al. (2024) leverage GPT-4 to automatically generate expert feedback 
on UI mockups for heuristic evaluation, while Simuser (Xiang et al., 
2024) and UXAgent (Lu et al., 2025) both introduce multi-agent sys-
tems to facilitate an LLM to simulate various users’ perception of UI 
contents, generate user flows on interactive prototypes, and provide 
with usability feedback on whether the UI content aligns with user 
expectations. However, current research overlooks a common cogni-
tive process users engage in when navigating between UI screens: 
identifying the most likely UI element to reach the desired UI screen 
(link UI element) from multiple options on the current UI screen. 
Simulating this process is important because users’ selection of link UI 
elements, whether correct or incorrect, informs the intuitiveness of the 
mapping between UI elements on one UI screen and their corresponding 
target UI screens. Ensuring such intuitive UI transitions is essential to 
facilitating smooth user flows toward desired screens. In this work, we 
aim to address this gap by focusing on two primary prediction tasks: 
predicting user uncertainty about which UI element will link to the 
desired screen and identifying the most likely UI element users will 
select to navigate to the target screen. We also investigate methods for 
generating explanations for these predictions.

2.4. UI understanding with LLM

Enabling AI models to understand UI content and support the 
workflows of users or UI designers has been a long-standing goal in 
HCI research. Before the advent of LLM, it was common practice to 
train task-specific models using large datasets for UI-related tasks such 
as tappability prediction (Swearngin and Li, 2019; Schoop et al., 2022), 
UI screen summarization (Wang et al., 2021), UI element detection 
and metadata reconstruction (Li et al., 2020; Zhang et al., 2021; Chen 
et al., 2022; Wu et al., 2021), UI element relationship recognition (Wu 
et al., 2023), UI screen relationship recognition (Feiz et al., 2022), 
and predicting the UI element linking two UI screens (He et al., 2021; 
Johns et al., 2023). With the rise of textual and multimodal LLMs, 
researchers have begun exploring how to train, fine-tune, and prompt 
3 
large foundational models to improve their performance across multiple 
UI tasks. For instance, Spotlight (Li and Li, 2022) presents a vision-
based approach for a range of mobile UI understanding tasks, while 
Wang et al. (2023) propose representing mobile UI screens as HTML 
to enhance GPT-2’s performance on several UI tasks. As multimodal 
LLM capabilities grow, there has been a surge of work on collecting 
specialized datasets (Jiang et al., 2023; Rawles et al., 2024), fine-
tuning open-source models (Hong et al., 2024; Si et al., 2024), and 
prompting closed-source models like GPT-4V in automated systems 
such as AppAgent (Yang et al., 2023), Mobile-Agent (Wang et al., 
2024), and MM-Navigator (Yan et al., 2023), laying the groundwork for 
automatic GUI agents. However, there remains a significant research 
gap in using advanced LLMs to simulate user interactions. There is a 
need for systematic exploration of how textual or multimodal LLMs 
can simulate users’ selection of UI elements during transitions and 
their understanding of the logic behind these transitions. The lack of 
datasets is a key obstacle. Although the Ricolink (Deka et al., 2017; 
Johns et al., 2023) and AITW (Rawles et al., 2024) projects provide 
datasets on UI transitions, and IluvUI (Jiang et al., 2023) uses large 
language models (LLMs) to create vision-language datasets in the UI 
domain, a significant challenge remains. There is no dataset annotated 
by humans that captures the real users’ anticipated link UI elements, 
the uncertainty in the selection process, and the reasons behind these 
choices. To address this gap, we have contributed a human-annotated 
benchmark dataset. Additionally, recognizing that the logic of UI tran-
sitions is often established during the early design stages, we have also 
collected low-fidelity versions of high-fidelity UI transitions. We aim to 
apply user simulation on both low-fidelity UI mockups and high-fidelity 
UI screens to improve UI design processes.

3. Data collection

We recruited 40 participants and conducted a two-part study to 
collect the data necessary for AI-driven user simulation of UI transi-
tions. We prepared 1776 consecutive UI screen pairs for participants to 
annotate. The participants were asked to identify the link UI element 
between the consecutive screens and explain the reasons behind their 
choices. In the first part of the study, 140 pairs of UI screens were anno-
tated. Each pair of UI screens received 20 annotations. The annotations 
from this process were used to create the test set. Additionally, the qual-
itative explanations left by the participants were analyzed to investigate 
how users commonly understand the connection between consecutive 
UIs and identify the UI elements for navigating between them. In the 
second part of the study, each UI screen was only annotated by one 
participant, allowing us to accumulate more annotated data for model 
training. A total of 1636 UI screens were annotated in this process and 
used as training data.

3.1. Sources and representations of UI screens

We sampled UI screens from the GUI animation sub-dataset of the 
Rico dataset (Deka et al., 2017) by extracting the start and end frames 
of each UI transition animation. We only sampled single-tap gestures 
as we focus on how users identify link UIs between two screens.

To explore effective user simulation methods for both high-fidelity 
and low-fidelity UI screens, we prepared three types of UI repre-
sentations within our dataset: high-fidelity UI images, low-fidelity UI 
images, and JSON files containing UI metadata (id, positions, and text 
descriptions of UI elements, see Fig.  A.9). The high-fidelity UI images 
were directly extracted from the Rico dataset, while the low-fidelity 
counterparts and JSON metadata were created manually by human 
creators (for the test set) or automatically by AI (for the training 
set). The rationale behind this approach was that manually created 
UI mockups or metadata though more accurate, were often in limited 
supply. Using high-quality data that was created manually for testing 
could ensure the evaluation accuracy, while training the model on less 
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accurate UI data created by AI helped enhance the model’s robustness 
and adaptability. Through this dataset processing, we aimed to reduce 
the quality requirements for the training data and explored the effec-
tiveness of using automatically generated UI representations as training 
data.

When creating the test set, we recruited two professional UI design-
ers to recreate the low-fidelity UI images according to their high-fidelity 
counterparts. Additionally, we hired a human annotator to manually 
annotate the positions and text descriptions of each UI element. Since 
the annotator was allowed to generate such metadata using generative 
AI, we also invited a human inspector to review the annotated metadata 
to ensure accuracy. The rigorous collection and annotations process 
of test data allowed the test set to become a benchmark dataset to 
measure the performance of user simulation models. When applying AI 
to automatically generate UI data in the training set, we removed color 
from the UI screenshots and applied YOLOv81 to detect UI elements on 
each screen at first. Then we extracted the position of each UI element 
and generated text descriptions for each UI element using GPT-4o.

3.2. User annotation

We recruited 40 participants (23 females, 17 males; aged 22 to 31, 
M = 26.98, SD = 2.08) to annotate their anticipated link UI elements 
between given UI screen pairs. All participants were college students 
with over five years of smartphone experience. As such, they were 
familiar with common UI semantics. They had no prior exposure to the 
apps sampled in the dataset, ensuring their reliance on general mobile 
UI conventions rather than app-specific knowledge to annotate the UI 
data.

Each participant was assigned a set of UI screen pairs consisting 
of a current screen and a target screen. Their task was to annotate 
the link UI element that they believe connects the two screens. If 
participants felt uncertain about the correct link UI element among 
other possible candidates, they could mark the UI pairs as ‘‘uncertain’’. 
After completing the annotation, they were also asked to provide 
a rationale for their choices. All annotations were performed using 
the same annotation tool, deployed on a laboratory workstation. 27 
participants completed the annotation in person on this workstation, 
and 13 participants accessed it through remote-desktop software. The 
annotation sessions began with a brief standardized tutorial and writ-
ten instructions. Participants could ask for help anytime during the 
annotation process except for task hints or correctness feedback.

The participants only annotated high-fidelity UI screens which re-
flect how users typically experience user interfaces in real smartphone 
usage. We translated the annotations to the corresponding low-fidelity 
UI images and JSON representations of the screens. This approach 
enables us to train models that can simulate users’ possible choices of 
link UI elements when interacting with finalized UI prototypes even 
before high-fidelity prototypes are completed.

We adopted an unbalanced distribution strategy to maximize an-
notated data while collecting sufficient samples for analyzing users’ 
common selection patterns and strategies. As such, the 140 test pairs 
received annotations from 20 individual participants during the first 
part of the collection study, while the 1,636 training data received a 
single annotation during the second part of the collection study.

3.3. Quantitative analysis of dataset

To enhance the test set’s diversity and accuracy, we first analyzed 
the distribution of different navigation patterns and then refined the 
annotations of link UI elements and uncertainty through agreement 
analysis. To conduct the agreement analysis, we categorized the an-
notated link UI elements into five groups based on vote count: the 

1 https://universe.roboflow.com/encora-inc/ui-detection-with-yolov8
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most preferred, second preference, third preference, fourth preference, 
and others. Using Fleiss’ kappa equation (Eq. (1)), we calculated an 
agreement score 𝑃𝑖 for each pair, where 𝑛𝑖𝑗 represents the number of 
raters assigning the 𝑖th pair to the 𝑗th category, and n denotes the total 
votes per pair (n = 20). 

𝑃𝑖 =
1

𝑛(𝑛 − 1)

𝑘
∑

𝑗=1
𝑛𝑖𝑗 (𝑛𝑖𝑗 − 1) (1)

Table  1 shows the distribution of navigation patterns in the test 
set, which covers 7 common types (tab bar, float button, top navi-
gation, bottom navigation, hamburger menu, vertical navigation, and 
card (Neil, 2014)). The agreement analysis among test set samples 
revealed that some samples failed to achieve high agreement scores, 
suggesting participants’ uncertainty. Consequently, we labeled samples 
as ‘‘uncertain’’ if they were either directly annotated as such by more 
than half of the participants or had an agreement score below 0.3. 
Finally, 21 samples were annotated as ‘‘uncertain’’ in the test dataset. 
Among the remaining 119 samples, the average agreement score was 
0.79 (SD = 0.23), reflecting substantial agreement on the link UI 
elements. The UI element receiving the most votes was designated as 
the users’ anticipated link UI element.

As for the training set, agreement analysis was not conducted due 
to limited labels. Therefore, participants’ annotations for uncertainty 
and link UI elements were directly used for model training. There were 
750 ‘‘uncertain’’ samples and 936 ‘‘certain’’ samples in the training set, 
and the entire training set was used to train the model for ‘‘uncertainty 
prediction’’. Since participants only annotated their anticipated link UI 
elements on the data samples where they were sure about their choices, 
the subset where the data samples were annotated as ‘‘certain’’ was 
employed to train the link UI prediction model.

3.4. Qualitative findings

We conducted a qualitative analysis of participants’ explanations for 
their selections during the annotation of test data, aiming to uncover 
common strategies they used to identify the link UI element. After 
filtering out vague or non-informative responses (e.g., ‘‘I chose this 
part’’), we retained 2,766 effective codes. Through thematic analysis, 
we derived 5 common themes (denoted as W1 to W5) that characterize 
how users commonly understand navigation mechanisms and recognize 
the link UI element for screen transitions. Furthermore, we explored 
how these common ways of identifying link UI elements contribute to 
user uncertainty during UI transitions.

W1: Leveraging Semantic consistency. Experienced UI designers 
usually obey the semantic consistency principles for users to easily 
relate consecutive UI screens. In practice, both the link UI element and 
the following screen should contain similar semantics (e.g., a button 
named ‘‘Plans’’ leading to a screen titled ‘‘Plans’’ in Fig.  1(a)).

W2: Following UI content hierarchy. UI content in a mobile app 
is often hierarchical. The home screen often displays icons of various 
functions, while children screens, deeper in the hierarchy, present the 
details of specific functions. Users can often decide to go back or move 
forward based on their understanding of the hierarchical relationship 
between consecutive UI screens. For example, in the transition illus-
trated in Fig.  1(e), participants commonly indicated they should return 
to the main page.

W3: Detecting visual variants between two UI screens. Visual 
feedback is presented to confirm that interaction happened with the UI 
element (e.g., in Fig.  1(a), the ‘‘Plans’’ button changes color between 
screens).

W4: Recognizing standard navigation patterns. Through years 
of smartphone use, users have learned common navigation patterns. 
Familiar components like icons, menus, or navigation bars placed in 
expected locations serve as intuitive cues (e.g., Fig.  1(b) shows a sharing 
icon at the top-right corner of the screen, a familiar and intuitive 
feature. Fig.  1(a) also shows a standard bottom nav bar).

https://universe.roboflow.com/encora-inc/ui-detection-with-yolov8


X. Hu et al. International Journal of Human - Computer Studies 206 (2025) 103661 
Table 1
Count distribution of navigation patterns in the test set.
 Design 
pattern

Tab bar Float button Top 
navigation

Bottom 
navigation

Side menu Vertical 
navigation

Card Total  

 Count 18 29 16 20 14 28 15 140  
 
(a) An intuitive UI transition where 
users can identify the link UI through se-
mantic consistency (W1), visual variants 
(W3), and the standard bottom navbar 
(W4).

  
(b) An intuitive UI transition that 
presents a standard navigation pattern 
to convey the sharing operation (W4).

  
(c) An unintuitive navigation where the 
application of W1 and W5 conflict.

 

 
(d) An intuitive UI transition where 
users can identify the link UI by imagin-
ing the UI content hierarchy (W2), and 
detecting the most salient UI element 
(W5). The screen transitions from a gen-
eral ‘‘study plan’’ screen to a detailed 
‘‘plan’’, while the ‘‘START PLAN’’ is the 
most salient button.

  
(e) An intuitive UI transition where 
users can identify the link UI by reason-
ing the UI content hierarchy (W2) and 
go back to the main page.

  
(f) An unintuitive navigation pattern 
where users’ understanding of UI con-
tent hierarchy (W2) is inconsistent with 
the current workflow. Users generally 
expect the ‘‘Back’’ button to return them 
to the ‘‘Home’’ screen, while the ‘‘Next’’ 
button is associated with progressing 
through the current workflow.

 

Fig. 1. Examples of UI transitions to exemplify users’ common ways to understand UI transitions and identify the link UI element. The red bounding box shows 
the real link UI set by designers while the blue bounding box shows users’ common choice of the link UI.
W5: Confirmation through visual saliency. When a UI screen 
contains only a few UI elements, the most visually salient element tends 
to capture the users’ attention. This makes users more confident in 
their selection of the link UI. For example, when identifying the link 
UI between the screen pairs shown in Fig.  1(d), participants frequently 
noted that ‘‘START PLAN’’ is the only button, leading them to believe 
it was the correct choice.

Conflicts between common ways of understanding UI transi-
tions can lead to user uncertainty. Although intuitive UI transition 
logic can indicate the appropriate link UI element to the user in 
different ways, ambiguous interfaces can lead to conflicts between these 
interpretations. In the example shown in Fig.  1(c), 12 participants 
selected the list item ‘‘Luke 5:27-39’’ based on consistent text label 
semantics (W1), while 6 participants chose the ‘‘Read’’ button due 
to its visual saliency (W5). Additionally, when a user workflow is 
inconsistent with the hierarchical relationship reflected in the GUI 
semantics (W2), users may become confused. As Fig.  1(f) shows, the 
designer set the ‘‘Next’’ button as the link UI element because ‘‘Next’’ 
5 
aligns with the program’s workflow semantics (W1). However, users 
expected the ‘‘Back’’ button to link to the ‘‘Home’’ page, following their 
perception of the UI hierarchy (W2).

4. AI-driven user simulation models

Based on the dataset and human factor insights we collected in 
Section 3, we develop AI-driven user simulation models to assist UI/UX 
designers in formative evaluations of UI transitions. Specifically, we 
focus on two tasks:

1. Uncertainty prediction: Predicting and explaining how uncertain 
users feel about selecting the UI element on the current screen 
to reach the target screen.

2. Link UI prediction: Predicting the UI element users would most 
likely select to transition between screens and explaining the 
reason behind the prediction.
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Fig. 2. The illustration of exemplified prompting elements. Five types of prompting elements can appear in a prompt: preamble, text prompt of human knowledge 
summarization, exemplar input, exemplar output, and task instructions. One prompt can involve one or more types of prompting elements.
4.1. Problem formulation

In typical UI transition scenarios, users form an internal represen-
tation of their target screen. They interpret the current screen’s UI 
semantics and search for the UI element that links it to the target 
screen. To computationally simulate this cognitive process, we struc-
ture the model input to include both the current UI screen and a text 
description of the target screen. With such formulation, we aim to 
predict whether users are likely to feel uncertain about selecting the 
correct UI element for transitioning to the target screen, as well as 
identifying their common choice of the link UI element.

We use a textual description rather than directly providing the 
visual image of the target screen. This choice serves two important 
purposes. On one hand, it prevents the model from completing the 
task through trivial visual feature matching alone, forcing it to deeply 
understand the semantic connotations of various elements (including 
labels, icons, and functional affordances) within the current screen. 
On the other hand, this formulation also mirrors common practice in 
design evaluation workflows, where evaluators are given goal descrip-
tions rather than visual representations of the target screen. Text-based 
target descriptions not only provide a unified and controlled way to 
express user intent but also avoid prematurely exposing the visual 
information of the target screen, thereby preventing disruptive biases 
from influencing the process of searching for relevant UI elements.

4.2. Prompting GPT-4o as baseline

We first consider GPT-4o, which has demonstrated state-of-the-
art (SOTA) performance on various multimodal tasks, to serve as the 
baseline for our target tasks: (1) predicting users’ uncertainty regarding 
UI transitions and generating explanations for these predictions, and (2) 
predicting the link UI element needed for transitioning to the target 
UI screen, along with the corresponding explanations. We apply the 
following prompt elements, as summarized in Fig.  2.
6 
Preamble The preamble introduces the context, capabilities, and 
role of the LLM, guiding it to perform the given task as the intended 
role. We provide the LLM with the following preamble:

‘‘You are an ordinary smartphone user who can understand the transi-
tion logic between consecutive GUI screens’’.

Summarization of human knowledge To guide the LLM in iden-
tifying the link UI element based on common user logic, we pass a 
summary of relevant human knowledge derived from our findings in 
the data collection study Section 3.

‘‘You can reason the transition logic with the following 5 principles:
Principle (1). Comparing semantic consistency and choose the UI ele-

ment that is related with the main topic of the next screen.
Principle (2). Reasoning the logic or workflow of the whole task based 

on the imagination of the GUI content hierarchy.
Principle (3). Comparing the visual variant between two GUI screens and 

choose the UI element that got larger or highlighted.
Principle (4). Understanding and recognizing the common navigation 

mode.
Principle (5). Choosing the most visually salient UI element.
If you result in a different choice of the link UI element or you feel none 

of the UI elements on the given screen should be the link UI, then you will 
feel uncertain about the link UI. Otherwise, you should feel certain about 
your choice’’.

Few-shot exemplars To construct the prompt, we use four exem-
plars based on the dataset we collected during the data collection study 
Section 3. Each exemplar consists of an input, which includes a UI 
screen along with the text description of the target screen, and an 
expected output specifying the index number of the link UI element and 
the anticipated explanation of the reasoning process, as shown in Fig.  2. 
The exemplars provided during prompting adhere to the same schema 
as the input screens used for prediction. For instance, when GPT-4o 
is tasked with predicting link UI elements based on low-fidelity UI 
images, the exemplars embedded in the prompt are likewise presented 
in low-fidelity form.
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Fig. 3. There are four types of prompt structure. (1) The direct prompt, which includes only a preamble and a task instruction. (2) The prompt that incorporates 
human knowledge summarization, where the human knowledge is added to the prompt. (3) The prompt that utilizes few-shot exemplars, where a set of exemplar 
inputs and outputs is included. (4) The prompt structure that combines human knowledge summarization with exemplars, involving both the human knowledge 
summary and exemplars in the prompt.
Task instruction We provide the multimodal LLM with the current 
UI screen and the text description of the target UI screen, along with 
the following instructions to introduce the intended task:

• Uncertainty prediction task: ‘‘Will you feel uncertain about the 
operation you need to take to transit from the given UI screen to 
the target UI screen since you may have multiple or no candidates to 
choose from and are unsure which is the correct one? Please answer 
‘yes’ or ‘no’ and explain the reasons’’.

• Link UI prediction task: ‘‘Please describe how to transit from the 
current UI screen to the target UI screen. You need to identify the 
index number of the UI element that links the current UI screen to the 
target UI screen and explain your reason for such a choice’’.

We develop four prompting strategies for GPT-4o to perform un-
certainty prediction and link UI prediction (see Fig.  3), and generate 
explanations for the prediction results as follows:

• Direct prompt: Only augment the task instruction with a pream-
ble.

• Prompt with summarization of human knowledge: Augmenting 
the task instruction by combining preamble with human knowl-
edge summarization.

• Prompt with few-shot exemplars: Augmenting the task instruction 
by combining the preamble with a few pairs of input and output 
exemplars.

• Combining human knowledge summarization with exemplars: 
Augmenting the task instruction by combining preamble, human 
knowledge summarization, and a few pairs of input and output 
exemplars together.

4.3. Uncertainty prediction: Binary classification

In addition to prompting LLMs, we frame uncertainty prediction as 
a binary classification task. By leveraging a pre-trained CLIP model, 
which aligns visual and linguistic features in a unified space, we train 
a binary classifier to predict users’ uncertainty when navigating to the 
target UI screen.
7 
4.3.1. Uncertainty prediction pipeline
Fig.  4 provides an overview of the uncertainty prediction model 

pipeline. The current UI screen and the text description of the target 
screen are first encoded by a pre-trained CLIP model with a ViT-L/14 
backbone (Radford et al., 2021). The embeddings for each screen are 
then concatenated and passed through three fully connected layers. 
A Sigmoid activation function in the output layer produces a binary 
classification, indicating whether users might feel uncertain about the 
UI transition between the given pair of consecutive screens.

4.3.2. Training procedure
We trained the uncertainty prediction model with the training 

dataset collected in Section 3. First, we only used high-fidelity UI 
screens to train the model, while evaluating it on both the high-fidelity 
and low-fidelity test data. We then trained an uncertainty prediction 
model on both the high-fidelity data and low-fidelity versions of our 
collected training dataset. The models were implemented using Py-
Torch and trained by minimizing binary cross-entropy loss. The training 
was conducted on an NVIDIA A100, with a learning rate of 1e-3, 
using a batch size of 256 screen pairs, and optimized with the Adam 
optimizer (Kingma and Ba, 2014). The models trained over different 
epochs were selected using cross-validation on both high-fidelity and 
low-fidelity data.

4.3.3. Explanation generation
To generate explanations for the uncertainty prediction results, we 

prompt GPT-4o by providing the prediction results within the task 
instruction. The task instruction is: ‘‘You are certain/uncertain about the 
UI element you need to tap to transition from the given screen to the target 
screen. Please explain your reasoning’’. Additionally, we experiment with 
the four prompting strategies discussed in Section 4.2.

4.4. Link UI prediction: Fine-tuning LLaMa-3.1-8B

Given the limited transparency of commercial LLMs, we aim to 
enable open-source alternatives for link UI prediction. To minimize 
the computing resource requirements, we focus on memory-efficient 
models. In this work, we fine-tune the LLaMa-3.1-8B model, which 
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Fig. 4. The pipeline of the uncertainty prediction model.
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is an open-source, memory-efficient LLM developed by Meta.2 Its low 
VRAM requirements allow it to run off consumer-grade GPUs (starting 
at the low-cost NVIDIA RTX 4070) and have demonstrated SOTA 
performance among open-source models on various tasks. Based on the 
JSON representation of UI screens, we format the training dataset in a 
JSON structure compatible with LLaMa-3.1:

{
" Instruction ": task instruction ,
" Input ": {

" current screen ": JSON representation
of the current UI screen,

" target screen ": text description of
the target UI screen

},
" Output ": {

" id ": id number,
" reason ": explanation for the choice

of the link UI
}

}

We use the LLaMa factory (Zheng et al., 2024) to fine-tune LLaMa-
.1 on our training set. For this process, we apply 4-bit QLoRA
Dettmers et al., 2024) to the base model, integrating LoRA modules 
nto all linear layers with a rank of 8. The learning rate is set to 5e-5, 
ith a warm-up ratio of 0.1, and the model is fine-tuned on an A100 
PU with a batch size of 2. During inference, we set the temperature to 
.001 to ensure consistent generation. Additionally, we evaluate four 
ifferent prompting strategies, as we did with GPT-4o (see Section 4.2), 
n both the fine-tuned and original LLaMa-3.1 models.

.5. Technical evaluation of uncertainty prediction and link UI prediction

We evaluate the performance of uncertainty prediction models and 
ink UI prediction models using the benchmark test set described in 
ection 3, consisting of 140 data samples.

2 https://ai.meta.com/blog/meta-llama-3-1/
 e
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.5.1. Performance on uncertainty prediction
UI pairs where users were uncertain about the transition logic were 

abeled as positive, while pairs where users were confident in how to 
avigate from one screen to the next were labeled as negative, leading 
o 21 positive and 119 negative samples.
We compare our uncertainty prediction models against GPT-4o. 

s shown in Table  2, two uncertainty prediction models trained with 
ifferent data adoption strategies both outperform GPT-4o in predicting 
ser uncertainty. Specifically, the uncertainty prediction model trained 
xclusively on high-fidelity UI screens achieves 35.00% precision and 
6.67% recall for positive samples when tested on low-fidelity data. 
he model that was trained on both high-fidelity and low-fidelity 
I screens achieves 26.92% precision and 66.67% recall. In contrast, 
PT-4o’s best performance on low-fidelity data reaches only 22.58% 
recision and 47.62% recall. When tested on high-fidelity data, the 
odel trained solely on high-fidelity UI screens achieves a precision of 
7.08% and a recall of 61.90% for positive samples. The model trained 
n both types of UI screens achieves a precision of 22.58% and a recall 
f 66.67%. By contrast, GPT-4o’s best performance on high-fidelity data 
s 20.83% precision and 23.81% recall.
Our experiments reveal that GPT-4o continues to struggle with iden-

ifying UI transitions that could lead to navigation difficulties for users. 
iven that designers prioritize detecting unintuitive transitions over 
etecting intuitive ones, it is critical to achieve high recall for positive 
amples—those that cause user uncertainty—while maintaining high 
recision for negative samples. By ensuring high recall for positive 
amples and high precision for negative samples, our models are more 
ffective than GPT-4o in pre-screening UI transitions for designers.
Moreover, models trained solely on high-fidelity UI data serve as ef-

ective zero-shot learners for low-fidelity UI data. These models are able 
o successfully transfer their understanding of high-fidelity interfaces to 
ow-fidelity screens, achieving even better performance on low-fidelity 
ata than on high-fidelity data. Through comparing models trained on 
ifferent datasets, we found that incorporating machine-generated low-
idelity UI data into the training set does not significantly enhance 
he model’s capabilities; in fact, it can even degrade performance. 
herefore, when manually created low-fidelity UI data is limited, train-
ng models directly on high-fidelity UI data and applying them to 
ow-fidelity UI prediction tasks is a more effective strategy than gen-
rating more low-fidelity data by automatically reducing the fidelity of 
igh-fidelity screens.
Finally, we observe a consistent limitation across all models: they 

xhibit low precision in identifying positive samples. This means that 

https://ai.meta.com/blog/meta-llama-3-1/
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Table 2
Comparison of model performance on uncertainty prediction with the test set.
 Low fidelity High fidelity
 Negative samples Positive samples Negative samples Positive samples
 Precision Recall Precision Recall Precision Recall Precision Recall  
 Our Model 1 93.00% 78.15% 35.00% 66.67% 91.30% 70.59% 27.08% 61.90%  
 Our Model 2 92.05% 68.07% 26.92% 66.67% 91.03% 59.66% 22.58% 66.67% 
 Prompt 1 84.89% 99.16% 0.00% 0.00% 85.00% 100.00% 0.00% 0.00%  
 Prompt 2 81.73% 73.95% 20.51% 47.62% 86.20% 84.03% 20.83% 23.81%  
 Prompt 3 87.16% 79.83% 22.58% 33.33% 85.59% 84.87% 18.18% 19.04%  
 Prompt 4 85.19% 57.98% 15.25% 42.85% 87.13% 73.95% 20.51% 38.06%  
Notes:
Our Model 1: Uncertainty prediction model (trained on PURE high-fidelity UI screens).
Our Model 2: Uncertainty prediction model (trained on BOTH high-fidelity and low-fidelity UI screens).
Prompt 1: Directly prompt GPT-4o.
Prompt 2: Prompt GPT-4o with human knowledge summarization.
Prompt 3: Prompt GPT-4o with few-shot exemplars.
Prompt 4: Combine human knowledge with few-shot exemplars to prompt GPT-4o.
UI transitions predicted as ‘‘uncertain’’ may not always indicate actual 
user uncertainty. As a result, designers need to examine these cases 
further, which can increase their workload. The GPT-4o’s weakness in 
this aspect could be rooted in reinforcement learning (RL) strategies, 
which are common in LLMs’ training. Rewarding decisive, helpful 
answers while penalizing hedging (e.g., ‘‘I’m not sure’’) could make the 
model less likely to accurately simulate user uncertainty. Our work 
presents collecting UI transition samples that specifically challenge 
users’ confidence, and training a dedicated binary classifier for un-
certainty prediction can be a practical remedy. Such an uncertainty 
predictor can be exposed to LLM-driven agent systems through function 
calling. Although our uncertainty predictor outperforms GPT-4o in cor-
rectly identifying positive samples, its precision on the benchmark test 
set is still insufficient. We see two main causes: (1) the overall size of 
our training data is limited, and (2) when annotating positive–negative 
pairs, each data sample only reflects the uncertainty judgment from a 
single annotator, introducing label noise and bias. Collecting a larger 
volume of high-quality, carefully annotated training data, ideally with 
multiple raters per example and stronger coverage of positive samples, 
is essential for further improving the performance of the uncertainty 
prediction model.

4.5.2. Performance on link UI prediction
We conducted experiments with different prompting methods on 

GPT-4o, the original LLaMa-3.1-8B, and our fine-tuned LLaMa-3.1-8B 
using the benchmark test set. Additionally, we replicated UXAgent (Lu 
et al., 2025) using GPT-4o as a foundation model, which is the most 
relevant open-source user simulation framework for UI interactions. 
We excluded samples labeled ‘‘uncertain’’ from training the link UI 
prediction model because they lack annotations for the link UI element. 
For prompting GPT-4o, we used three input formats: the low-fidelity 
version, the high-fidelity version, and the JSON representation. In the 
case of LLaMa and UXAgent, we only used the JSON representation of 
UI screens.

Accuracy was measured by comparing the model’s predictions with 
the users’ common choices. To further evaluate performance, we clas-
sified each sample as positive if the model’s prediction matched the 
ground truth link UI element defined by the designers, and negative if 
it did not. Predictions that aligned with human labels were considered 
true predictions, while those that did not were categorized as false 
predictions. As such, the accuracy, precision, and recall of the models 
are shown in Table  3.

As shown in Table  3, using few-shot exemplars as prompts for GPT-
4o was more effective than summarizing human knowledge. However, 
for LLaMa, text summarization of human knowledge performed bet-
ter than few-shot examples. Additionally, prompting GPT-4o with a 
9 
JSON representation of UI screens, which describes the position and 
semantics of UI elements in text form, resulted in better performance 
compared to using low-fidelity or high-fidelity UI screenshots. This 
indicates that a textual representation of the positions and semantics of 
UI elements is an effective way to help large language models (LLMs) 
predict the link UI element. This approach could serve as a viable 
alternative to low-fidelity UI mockups.

Fine-tuning LLaMa-3.1-8B significantly improved its performance 
on the link UI prediction task. Combined with an appropriate prompt-
ing method, the fine-tuned LLaMa-3.1-8B achieved comparable results 
to GPT-4o, with greater transparency, lower operational requirements, 
and the guarantee that the model will operate as expected over time.

Finally, while there is room for improvement in both accuracy 
and recall, all models demonstrated relatively high precision. This 
indicates that when the model’s predicted link UI element aligns with 
the designers’ expected element, there is a strong likelihood that users 
will also consider it the correct link UI. This quality highlights the 
potential of prompting LLMs to effectively inspect the intuitiveness of 
UI transitions.

4.6. Human evaluation of explanation generation

To evaluate the credibility, clarity, and designers’ satisfaction of the 
generated explanations for the predicted results, we conducted a human 
evaluation for the generated explanations.

4.6.1. Methods
We invited 10 UI/UX design practitioners (5 females and 5 males; 

aged from 23 to 28, M = 25.70, SD = 1.77) to act as human evaluators 
tasked with assessing AI-generated explanations by comparing them to 
real user feedback on specific UI transitions. We selected 4 pairs of UI 
transitions where users were uncertain about the link UI element and 
4 pairs where users typically identified the correct link UI element, 
using samples from the benchmark test set. Each sample corresponds 
to explanations from 20 users. Both user-provided explanations and AI-
generated explanations were presented to the evaluators. They rated 
the explanations on a 5-point Likert scale based on three criteria: 
credibility (1 = least credible, 5 = most credible), clarity (1 = least 
clear, 5 = most clear), and satisfaction (1 = least satisfied, 5 = most 
satisfied).

Each evaluator first assessed the explanations provided by real 
users, followed by evaluating 8 versions of AI-generated explanations. 
For the UI pairs labeled as ‘‘uncertain’’, these 8 versions were created 
by combining 4 different prompting strategies (as shown in Fig.  3) 
with two conditions: (1) prompting GPT-4o using known uncertainty 
prediction results, and (2) prompting GPT-4o to manage both the 
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Table 3
Comparison of link UI prediction performance across different UI presentation, prompting methods, and foundation models.
 GPT-4o

 Low fidelity High fidelity Json presentation
 ACC Precision Recall ACC Precision Recall ACC Precision Recall  
 Method 1 46.96% 96.08% 45.79% 62.61% 97.14% 62.39% 66.09% 100.00% 63.89% 
 Method 2 47.83% 98.08% 46.37% 66.09% 97.34% 66.34% 42.61% 100.00% 40.54% 
 Method 3 50.43% 98.18% 49.09% 70.43% 97.44% 70.37% 71.30% 97.47% 71.30% 
 Method 4 53.91% 98.28% 52.29% 66.96% 98.63% 66.06% 69.57% 97.40% 69.44% 
 UXAgent – – – – – – 43.48% 98.04% 45.45% 

 LLaMa-3.1-8B Fine-tuned LLaMa-3.1-8B
 Json presentation Json presentation
 ACC Precision Recall ACC Precision Recall  
 Method 1 26.03% 96.43% 24.32% 55.65% 100.00% 55.56%  
 Method 2 33.04% 100.00% 31.25% 64.35% 98.59% 63.64%  
 Method 3 30.43% 96.67% 26.36% 56.52% 96.83% 55.96%  
 Method 4 33.04% 97.14% 30.91% 57.39% 96.88% 56.88%  

Notes:
Method 1: Direct prompt.
Method 2: Prompt with human knowledge summarization.
Method 3: Prompt with few-shot exemplars.
Method 4: Combine human knowledge with few-shot exemplars.
Table 4
Subjective scores of generated explanations for uncertainty prediction.
 Real 

users
GPT-4o 
uncertainty prediction and 
explanation generation

GPT-4o 
pure explanation generation 
with already predicted uncertainty

Kruskal-
Wallis
(H, P)

 

 Method 1 Method 2 Method 3 Method 4 Method 1 Method 2 Method 3 Method 4  
 Credibility 4.00 (1.00) 4.00 (0.00) 4.00 (0.00) 4.00 (1.25) 4.00 (2.00) 4.00 (1.00) 4.00 (1.00) 4.00 (1.00) 4.00 (1.00) (9.71, 0.29)  
 Clarity 4.00 (1.00) 4.00 (1.25) 4.00 (1.00) 4.00 (2.00) 4.00 (1.00) 4.00 (1.25) 4.00 (2.00) 4.00 (2.00) 4.00 (2.00) (5.94, 0.65)  
 Satisfaction 3.50 (1.25) 4.00 (1.25) 4.00 (1.00) 4.00 (1.00) 4.00 (1.00) 4.00 (1.00) 4.00 (1.00) 4.00 (2.00) 4.00 (1.00) (7.28, 0.50)  
Notes:
n = 40 for all evaluations.
Method 1: Direct prompt.
Method 2: Prompt with summarization of human knowledge.
Method 3: Prompt with few-shot exemplars.
Method 4: Combine human knowledge with exemplars.
uncertainty prediction and explanation generation. For the UI pairs 
where participants commonly identified the correct link UI element, 
the 8 versions of explanations were generated from a combination of 
the 4 prompting strategies (as detailed in Section 4.2 and shown in 
Fig.  3) along with two different models: GPT-4o and the fine-tuned 
LLaMa-3.1-8B.

4.6.2. Results
To ensure that our evaluation provides reliable and representative 

results, we first analyzed how the average standard deviation of re-
viewer ratings varies with the panel size (Fig.  5). For the three criteria: 
clarity, credibility, and satisfaction, the average standard deviation 
of scores gradually converges as the number of evaluators increases 
from two to ten. This indicates that a panel of ten evaluators provides 
representative estimates and is sufficient to mitigate bias induced by 
sample size.

The distribution of subjective scores for the different explanation 
generation methods suggested non-normality, which was confirmed by 
a Shapiro–Wilk test. As a result, we applied non-parametric tests to 
evaluate the significant differences between the explanation generation 
methods. As shown in Table  4, there was no significant difference 
between the various methods for generating explanations related to 
uncertainty prediction results. All AI-generated explanations received 
similar subjective scores in terms of credibility, clarity, and satisfaction 
with explanations from real users.

For explanations regarding the selection of the link UI element, 
Kruskal–Wallis tests revealed significant differences among the meth-
ods in terms of credibility (p = 0.005 <0.01, see Table  5). Further 
10 
analysis using Dunn’s t-test with 𝑝-value adjustment showed that real 
users’ explanations were rated significantly higher in credibility com-
pared to those generated by GPT-4o with few-shot examplars, and those 
generated by fine-tuned LLaMa-3.1-8B, whether it was prompted di-
rectly, with human knowledge summarization, or examplars. However, 
Dunn’s t-test also indicated that the clarity of real users’ explanations 
and the satisfaction they received were not significantly different from 
that of AI-generated explanations.

The statistical results demonstrate that combining the binary classi-
fier of uncertainty prediction with GPT-4o’s explanation capability pro-
vides higher prediction accuracy while ensuring high explanation qual-
ity. For generating explanations related to link UI prediction results, 
GPT-4o performs on par with our fine-tuned LLaMa-3.1-8B.

5. Design of the AI-driven user simulation tool for UI transition 
inspection

We integrate the user simulation functions developed in Section 4 
into an interactive tool named UTP (UI Transition Predictor). UTP fa-
cilitates formative UI transition inspection by simulating user decisions 
with AI to quickly identify unintuitive UI transitions.

5.1. System pipeline and operation

UTP allows designers to input a UI flow composed of several screens 
and provides insights into the intuitiveness of UI transitions. Fig.  6 
summarizes its pipeline. UTP first separates the UI flows into a series of 



X. Hu et al. International Journal of Human - Computer Studies 206 (2025) 103661 
Table 5
Subjective scores of generated explanations for link UI prediction.
 Real 

users
GPT-4o Fine-tuned LLaMa-3.1-8B Kruskal–Wallis

(H, P)
 

 Method 1 Method 2 Method 3 Method 4 Method 1 Method 2 Method 3 Method 4  
 Credibility 5.00 (1.00) 4.00 (1.00) 4.00 (1.00) 4.00 (1.25) 4.00 (1.00) 4.00 (1.25) 4.00 (2.00) 4.00 (1.25) 4.00 (2.00) (22.18, 0.005**)  
 Dunn’s t test P 
(p-adjustment)

1.00 0.978 0.015* 1.00 0.013* 0.030* 0.038* 0.419  

 Clarity 4.00 (2.00) 4.00 (1.00) 4.00 (1.25) 4.00 (2.00) 4.00 (1.00) 4.00 (2.00) 4.00 (1.00) 4.00 (2.00) 4.00 (1.00) (12.12, 0.15)  
 Satisfaction 4.00 (1.00) 4.00 (1.00) 4.00 (2.00) 4.00 (2.00) 4.00 (1.00) 4.00 (2.00) 3.50 (1.00) 4.00 (2.00) 4.00 (2.00) (12.88, 0.12)  
Notes:
n = 40 for all evaluations.
Method 1: Direct prompt.
Method 2: Prompt with summarization of human knowledge.
Method 3: Prompt with few-shot exemplars.
Method 4: Combine human knowledge with exemplars.
Fig. 5. The curves presenting the convergence of the average standard deviation.
screen pairs, each representing a UI transition step. Then, each screen 
pair is processed as follows: (1) the target screen is analyzed by the 
screen description module, which generates a text description of the UI 
screen, (2) the current screen is parsed by the UI metadata generator, 
which creates a JSON representation of the screen. Following this 
pre-processing step, UTP operates in two modes:

1. Screening mode: for automated screening of UI transitions.
2. Dedicated mode: designers manually annotate candidate UI el-
ements that could be confusing to users, UTP then disambiguates 
and decides which one the user is likely to pick.

In the screening mode, the system leverages the uncertainty predic-
tion model to predict whether the users may feel uncertain about the 
link UI element for each step. When the prediction result is ‘‘uncertain’’, 
the explanation generation module generates the explanation for such 
uncertainty and proposes a list of candidate UI elements that could 
be interpreted as a link UI element to the target screen, providing 
designers with detailed information on the source of ambiguity. When 
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the prediction result is ‘‘certain’’, the system leverages the link UI 
prediction model to predict the link UI element and generate the 
explanations.

In the dedicated mode, we allow the designers to manually mark 
the UI elements they want to analyze and compare. Designers mark the 
coordinates of each element by drawing their bounding boxes onto the 
UI screen. The UI element selector removes the UI elements outside 
of the bounding boxes in the UI screen metadata represented with 
JSON. Then, the system transfers the edited UI screen metadata and 
the description of the target UI screen to the link UI prediction module 
to predict the link UI element and generate corresponding explanations.

5.2. Modules

To build the operations detailed above, UTP relies on following 
modules.
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Fig. 6. The system pipeline of the UI Transition Predictor.
5.2.1. Pre-processing
UI Transition Separator. The UI Transition Separator separates a 

sequence of UI flow into several pairs of consecutive UI screens, which 
are the basic units to the user simulation functions.

Screen Description Module. The screen description module gen-
erates descriptions of the primary content and functions of a given 
UI screen. We implement this by passing the UI image to GPT-4o, 
along with the task instruction ‘‘Please generate the summary for the given 
smartphone UI. Describe the main contents or functions in this UI screen’’.

UI Metadata Generator. This module translates the UI screen into 
a JSON file which contains the position and semantic information of 
UI elements (as shown in Fig.  A.9). We use the pre-trained YOLOv83 
to detect the UI elements in a UI screen. Then we pass the image 
of detected UI elements to GPT-4o to generate the alt-text for the UI 
elements using the task instruction ‘‘Please generate the alt text or caption 
for the given smartphone UI element. If it include text information, you 
should also include its text information in your caption. If it is a pure icon or 
image, you should generate the alt text or caption that describes its semantic 
meaning’’.

5.2.2. Prediction
Uncertainty Prediction Module. We use the uncertainty predic-

tion model described in Section 4 to predict whether users may feel 
uncertain about the UI transition for the given step.

Explanation Generation Module. As described in Section 4, we 
provide GPT-4o with the current UI screen image, the description of 
the target UI screen, and the uncertainty prediction result to generate 
explanations for the uncertainty prediction. By using exemplars where 
users make different selections of the link UI element, GPT-4o is 
prompted to suggest potential candidate link UI elements.

Link UI prediction module. Based on the technical evaluation 
results, prompting GPT-4o with few-shot exemplars using the JSON 
representation of UI screens yielded the best performance for predict-
ing the link UI element among the tested methods. As a result, we 
implemented this approach in the tool.

Grounding Module. Using the generated text content regarding 
the prediction of the link UI element, we prompt GPT-4o to map the 
predicted link UI element to its corresponding JSON object within 
the UI screen metadata. This allows us to retrieve the bounding box 
coordinates from the JSON file and visually mark the corresponding UI 
element on the user interface.

5.3. User interface

Fig.  7 details the user interface of UTP. Designers can drag a se-
quence of screenshots from their desktop to UTP as a UI flow. They can 
either directly click the ‘‘Predict’’ button to use the screening mode, or 

3 https://universe.roboflow.com/encora-inc/ui-detection-with-yolov8
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mark candidates they want to test in the dedicated mode before clicking 
the ‘‘Predict’’ button. The prediction result includes a sequence of UI 
screens, each with one or two bounding boxes to mark the possible link 
UI, and a paragraph of explanation for the prediction result. UTP also 
provides an assistance function for designers to remove the bounding 
box marks created by mistake (using the ‘‘Redo’’ button).

6. Evaluation user study: Evaluating the effectiveness of AI-driven 
user simulation in UTP for inspecting UI transitions

We conducted a user study to evaluate the effectiveness of UTP in 
helping designers inspect UI transitions. The evaluation aims to address 
the following research questions:

1. Does user simulation with UTP help designers accurately detect 
unintuitive UI transitions and confirm intuitive ones?

2. Does user simulation reduce the time required to inspect UI 
transitions?

3. What value and limitations do designers perceive in applying 
user simulation to UI transition inspection?

We ran a within-subject study in which each participant completed 
six UI transition inspection tasks under three tool conditions (without 
UTP, with the screening mode, with the dedicated mode). We evaluated 
the participants’ inspection accuracy, time costs, and self-confidence 
under each condition. We also dig the usefulness and limitations of the 
AI-driven user simulation methods through short post interviews.

6.1. Participants

We recruited 12 participants (4 females and 8 males) through 
online social platforms and collected their demographic information. 
The participants were aged from 23 to 28 (M = 23.50, SD = 2.12). Six 
of them were industry UX design managers, three were UI designers 
or interns, and three were non-professionals who design mobile UIs for 
independent projects. They all held a college degree or higher. Demo-
graphic information of the participants is listed in Table  B.7, Appendix. 
We provided the participants with 55 HKD for their participation.

6.2. Materials and apparatus

The six UI transition inspection tasks were based on high-fidelity UI 
flows extracted from the benchmark dataset (as outlined in Section 3). 
Each UI flow involved two transition steps. Three of these UI flows were 
logically intuitive, where users can select the link UI elements correctly. 
The other three contained design flaws, where users were uncertain or 
failed to select the correct link UI element.

Since the performance of the user simulation models was already 
quantified in Section 4, this user study examined whether accurate 
simulation can effectively assist designers during UI transition inspec-
tion. We ensure that any observed human performance or confidence 

https://universe.roboflow.com/encora-inc/ui-detection-with-yolov8
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Fig. 7. The user interface of UI Transition Predictor. Users can drag a UI flow to the interface. Directly clicking the ‘‘Predict’’ button can invoke screening mode. 
To use dedicated mode, users need to mark candidate UI elements first on each UI screen, then click ‘‘Predict’’ button. The predicted link UI elements will be 
marked with red bounding boxes. The explanations of AI’s choices are presented in the middle of each UI screen pair. Users can click the ‘‘Redo’’ button to clear 
the AI-generated contents in the interface.
stems from the presentation and use of accurate simulation signals, 
rather than being confounded by model prediction errors. Therefore, 
we selected only UI flows for which the models either correctly pre-
dicted user uncertainty or accurately identified the user-anticipated 
link UI element as deliberately including cases with known model 
errors would add little value. This sampling choice did not imply that 
UTP could always return correct feedback. For UI flows predicted as 
user-uncertain, the screening mode would further propose possible can-
didates of users’ choices, which may contain errors and be misleading. 
When using dedicated mode, users must first specify a set of candidate 
link UI elements and if the correct option were omitted, UTP would 
fail to produce a correct judgment. Therefore, UTP should be treated 
as decision support rather than an oracle and designers were expected 
to interpret its outputs and made their own choices, mirroring realistic 
usage.

The UTP prototype was deployed on a laboratory workstation. Three 
participants came to the lab and used the system on site to complete 
the experimental tasks, while nine completed the tasks remotely via 
remote desktop software. The prototype system automatically recorded 
the time each operation step took in the inspection process.

6.3. Procedure

Participants first received an overview of the study procedure and 
watched a short tutorial video instructing the UTP’s screening mode 
and dedicated mode. Then, they practiced on tutorial examples until 
they were familiar with the system features before beginning the formal 
tasks. Each participant was required to inspect the assigned UI flows 
under three conditions.

• C1: Without UTP. Participants load the UI flow into the interface 
of the UTP. Without using the user simulation features provided 
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by the UTP, they manually inspected each transition step, marked 
the link UI element users might choose, described the users’ likely 
reasoning, and concluded whether the flow was intuitive.

• C2: Screening mode. After loading the UI flow, participants 
clicked ‘‘Predict’’ button to activate the screening mode, which 
simulated users’ understanding of each UI transition step and 
predicted users’ anticipated link UI element. Participants could 
accept or reject the AI prediction, optionally marking their own 
choice and rationale, and then concluded whether the flow was 
intuitive.

• C3: Dedicated mode. Participants first conducted a manual pass 
as in C1, and marked multiple candidates of link UI elements 
for each transition step. After that, they clicked ‘‘Predict’’ button 
and the dedicated mode would be invoked to examine the can-
didate UI elements they wanted to assess further. As in C2, they 
could accept or reject the model’s output and documented a final 
judgment of the UI transition intuitiveness.

Each condition was assigned two UI transition flows (one is an intuitive 
UI flow and the other is an unintuitive UI flow), and the sequence of 
these three conditions was counterbalanced across participants using 
the Latin square method. The order of intuitive and unintuitive UI 
flows was randomized for each condition. We did not disclose to 
participants that the UI flow set was balanced, nor that each condition 
contained one intuitive and one unintuitive UI flow. The participants 
were required to judge each UI flow independently.

The design inspection documents from each participant were saved 
for further analysis. After completing each condition, participants were 
asked to rate their confidence in the inspection results on a 5-point 
Likert scale for each UI flow they inspected. They were also invited to 
a short post-interview about the usefulness and limitations of the tool. 
9 of the participants participated in the post-interview.



X. Hu et al. International Journal of Human - Computer Studies 206 (2025) 103661 
Table 6
Accuracy of UI flow inspection.
 Without UTP Screening mode Dedicated mode 
 Overall accuracy 58.33% (14/24) 75.00% (18/24) 62.5% (15/24)  
 UI flows including design faults 41.67% (5/12) 75.00% (9/12) 33.33% (4/12)  
 Intuitive UI flows 75.00% (9/12) 75.00% (9/12) 91.67% (11/12) 
To minimize variations due to factors like participants’ writing 
habits, we only recorded and calculated the time taken to identify 
the link UI element. This time measurement began when participants 
started loading the UI flows and ended when they finished marking 
their predicted link UI element. The inference time of the AI models was 
excluded from the time cost calculations, as it depends on computing 
power and does not reflect the actual impact of the AI model’s output 
on the design inspection process.

6.4. Quantitative results

We present the data collected and the metrics used for quantitative 
analysis. The inspection accuracy, time cost, and designers’ confidence 
in design inspection are quantitatively analyzed.

6.4.1. Data collection
Through the experiment, we got 72 completion time records (12 

participants × 2 UI flows of each condition × 3 conditions), with 
24 time records per condition. We coded the participants’ design in-
spection documents and rated their inspection accuracy. For the three 
UI flows with unintuitive transitions, we analyzed whether partici-
pants successfully identified the design defects and highlighted the 
unintuitive steps within the UI flow. In total, 36 data points (12 partici-
pants × 3 unintuitive UI flows) were collected. For the three intuitive UI 
flows, we evaluated the accuracy of participants’ predictions for users’ 
choice of the link UI element. Since each UI flow consisted of multiple 
transition steps, a prediction was considered correct only if participants 
accurately predicted the link UI element at each step and identified the 
flow as intuitive. Again, 36 data points (12 participants × 3 intuitive 
UI flows) were collected to assess prediction accuracy for users’ UI 
transition choices. Additionally, we gathered 72 records of subjective 
feedback regarding participants’ confidence in the design inspection of 
UI flows (1 = least confident, 5 = most confident).

6.4.2. Accuracy
Overall result. As summarized in Table  6, screening mode im-

proves overall accuracy relative to the condition without UTP (75.00% 
vs. 58.33%). Confirmation mode yields intermediate overall accuracy 
(62.50%).

Post-hoc analysis by UI kinds. As shown in Table  6, under the 
condition without UTP and the dedicated mode, participants often fail 
to identify the unintuitive navigation design. The accuracy is only 
41.67% without UTP, and 33.33% with the dedicated mode. With the 
screening mode of UTP, participants can achieve an accuracy of 75.00% 
in identifying unintuitive UI flows. For intuitive UI flows, participants 
sometimes felt uncertain and suggested alternative link UI choices, 
resulting in an accuracy of 75.00%. Meanwhile, the dedicated mode 
helped participants confidently make the correct choice, improving 
accuracy to 91.67%.

Adoption of AI-simulated user choices. We coded participants’ 
acceptance of the AI-predicted user choices. Participants ignored AI 
predictions in 5/24 screening trials and 6/24 dedicated inspections.

Implications. Our results indicate that the screening mode is suit-
able for flaw discovery (75.00% on unintuitive flows vs. 41.67% with-
out UTP and 33.33% in the dedicated mode), while the dedicated mode 
is useful at verifying flows that appear correct (91.67% on intuitive 
flows vs. 75.00% screening mode and without UTP). This pattern 
suggests a staged workflow: designers could first screen candidate UI 
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flows to surface potential defects quickly, and use dedicated inspection 
to confirm those that would have already been regarded as intuitive. 
Because dedicated inspection underperforms on unintuitive UI flows, it 
should not be used as a stand-alone detector.

We also found that overrides were infrequent but costly. In the 
screening mode, participants overrode the AI in 5/24 trials and ev-
ery override resulted in an error; in the dedicated inspection, 6/24 
overrides occurred, 4 of which were erroneous. Qualitative annotations 
suggest a plausible mechanism: even when the uncertainty predic-
tion was correct, the explanation sometimes surfaced low-probability 
alternatives to illustrate ambiguity, which appears to have induced 
skepticism and triggered overrides. When designers and the AI di-
verged, tentative rationales lacked persuasive force, particularly when 
the link UI prediction is correct. Rather than encouraging blind ac-
ceptance of predictions from AI, the tool should promote calibrated 
reliance where explanations should adapt to model confidence so they 
persuade when warranted and hedge when not.

6.4.3. Time cost
The average time cost is 99.22s (SD = 55.88) without UTP, 83.96s 

(SD = 59.56) with dedicated mode, and 34.06s (SD = 29.72) with 
screening mode. The time cost distribution suggests non-normality, 
confirmed by a Shapiro–Wilk test. As shown in Fig.  8(a), Friedman’s 
test with Bonferroni post hoc correction reveals that the time cost of 
screening mode is significantly less than the condition without UTP 
(time reduced by 65.70%, 𝑝 < 0.001), and with dedicated mode (time 
reduced by 59.43%, 𝑝 < 0.001). The results validate that AI-driven user 
simulation can reduce the time cost for UI transition inspection.

6.4.4. Confidence
Fig.  8(b) shows a box plot presenting subjective scores received 

by the condition without UTP, screening mode, and dedicated mode 
in terms of enhancing the confidence of UI/UX practitioners. The 
distribution of the ratings is non-normal, confirmed by a Shapiro–Wilk 
test. The Friedman test confirms the significant difference among these 
three conditions (without UTP: Median = 4, IQR = 1.5; screening mode: 
Median = 5, IQR = 1.25; dedicated mode: Median = 4, IQR = 1, 
𝑝 < 0.05). This confirms the significant effect that AI-driven user 
simulation brings to the designers in enhancing their confidence. Post 
hoc pairwise test with Bonferroni correction further confirms that the 
screening mode can significantly improve the designers’ confidence in 
the design inspection (𝑝 < 0.05).

6.5. Qualitative results

Our qualitative analysis explores the perceived value of AI-driven 
user simulation and areas where participants suggested improvements.

6.5.1. Usefulness of AI-driven user simulation: reminding and inspiring
Participants generally found the AI models effective in reflecting 

user behavior and providing meaningful explanations. Although they 
strongly believed in their expertise so that they would not directly 
adopt the prediction results, they agreed that the UTP offers extra 
protection for UI transition design in addition to common design work-
flows. They noted that the AI enhanced design evaluation by reminding 
potential flaws and inspiring new perspectives. For instance, some 
participants mentioned that the AI made unexpected suggestions they 
had not considered (P3) and reminded them to rethink potentially 
misleading UI elements in their designs (P11).
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(a) Bar chart of time cost on different modes. 

  
(b) Box plot of subjective score in terms of confi-
dence

 

Fig. 8. Statistical plot of time cost and confidence score.
6.5.2. Limitations and implications
While participants acknowledged the benefits of AI-driven user 

simulation, they also identified limitations and suggested areas for 
improvement.

Improving the trust and providing concrete suggestions. Partic-
ipants generally agreed that while the user simulation results can be 
effective, they still had difficulties in fully trusting them. To this end, 
two participants requested more quantitative data and visualizations 
to help them assess the credibility of predictions. As P8 stated, ‘‘I 
want to know the percentage of users who would choose each of the 
candidates, that would be more helpful and convincing’’. Additionally, 
designers often use user simulation results as a reference for improving 
UI design. Therefore, they believe that actionable suggestions derived 
from the user simulation results could be more beneficial than the 
user simulation results themselves. As P11 indicated ‘‘Currently it only 
analyzes the problem of the given design, I hope it also propose suggestions 
or recommendations to improve the design’’.

Focusing on assisting the design of ToB applications. ToB ap-
plications typically refer to applications that facilitate business trans-
actions, focusing on the interactions and processes between businesses. 
These applications usually manage standard operation flows such as 
invoicing, order processing, and supply chain management. In contrast, 
ToC applications usually refer to applications that support commercial 
transactions between businesses and consumers. These applications 
are more customer-focused and content-oriented, such as e-commerce, 
online shopping, and video watching. Our findings suggest that the 
design of our UTP should be oriented toward supporting ToB appli-
cations rather than ToC applications. Participants indicated that ToB 
products, which are task-oriented, are more suitable for our tool. P7 
suggested ‘‘I think it might be more suitable for B-end tool-type products. 
For C-end products that need to guide user traffic, it doesn’t seem quite 
appropriate, because users don’t have a specific intention beforehand; they 
are led there’’. P1 indicated the gap between the current implementation 
of UTP and the real situations in designing ToB applications, ‘‘B-end 
data samples usually containing prior knowledge of certain industries are 
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often scarce. Since public datasets may not contain this kind of knowledge, 
further validation is needed’’.

7. Discussion

This section presents ethical considerations of applying AI-driven 
user simulation for UI evaluation, insights gained from our user studies, 
and novel methodological findings for simulating user decisions when 
navigating among mobile UIs. We also identify the limitations of the 
current research and outline directions for future work.

7.1. Considerations of applying AI-driven user simulation for UI evaluation

Currently, applying AI-driven user simulation is still an open re-
search question in the field of human–computer interaction, presenting 
both opportunities and challenges. Our work provides empirical in-
sights into the effectiveness and limitations of such simulations through 
the development and evaluation of UTP. Based on our research, we 
discuss the validity of using AI as simulated users, and the role of 
AI-driven user simulation plays in the UI evaluation.

7.1.1. Validity of using AI as simulated users
Based on our research findings from Section 4, directly prompting 

general LLMs like GPT-4o can introduce biases compared to real user 
feedback. However, by incorporating common thought patterns of users 
into AI models, we can mitigate these biases to some extent. We develop 
uncertainty prediction models that achieve higher precision (35.00% 
vs. 26.92% on low-fidelity data and 27.08% vs. 22.58% on high-
fidelity data) and recall (66.67% vs. 47.62% on low-fidelity data and 
66.67% vs. 38.06% on high-fidelity data) than GPT-4o in identifying 
UI transitions that may cause user uncertainty. This indicates that 
specialized models, trained on human-annotated datasets, can more 
accurately reflect user uncertainty compared to general-purpose LLMs. 
Additionally, with appropriate prompting strategies, GPT-4o’s accu-
racy on link UI prediction can be improved from 42.61% to 71.30%, 
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while through supervised fine-tuning on a specific human-annotated 
dataset, the accuracy of open-source LLaMa-3.1-8B can be improved 
from 33.04% to 64.35%. Therefore, by embedding the cognitive pro-
cesses users employ when selecting link UI elements into LLMs through 
prompting or instruction-tuned datasets, we can effectively enhance the 
models’ ability to mimic user decision-making patterns. This approach 
also aids in the miniaturization of user simulation models and facilitates 
localized deployment. Finally, as what we have conducted in this work, 
it is crucial to have a benchmark dataset annotated by multiple users 
to evaluate the performance of AI-simulated users. Once validated, 
AI models can serve as useful tools for design evaluation to some 
extent. We will release the benchmark dataset that we collected in this 
research.

7.1.2. The role of AI-driven user simulation in the UI evaluation
In the design evaluation and iteration process, the primary decision-

makers are the designers themselves. The qualitative findings we de-
rived from the evaluation user study reveals that the role of AI-driven 
user simulation should be to remind potential flaws or provide insights, 
helping designers avoid design errors caused by oversight or lack of 
consideration. AI-generated user feedback cannot replace real user 
experiments. Designers should still base their decisions on actual user 
testing, especially when the AI does not agree with designers’ dedicated 
choices. In practical design scenarios, conducting user experiments can 
often be inconvenient (Xiang et al., 2024). Even low-cost informal 
user tests can consume significant time and effort from designers. 
Moreover, when the number of participants in user experiments is 
insufficient, the results can also be biased. Therefore, the greatest 
advantage of AI-driven user simulation lies in its convenience. It allows 
designers to obtain valuable feedback from a user perspective anytime 
and anywhere.

7.2. Summary of insights from user studies

Our data collection study established the foundation for simulating 
user behaviors on UI transitions. The benchmark dataset, annotated 
by 20 real users, captures common navigation patterns, ensuring both 
rigor and representativeness. We identified five general approaches 
users take in understanding UI transition logic: (1) Leveraging Semantic 
consistency. (2) Following UI content hierarchy. (3) Detecting visual 
variants between two UI screens. (4) Recognizing standard navigation 
patterns. (5) Confirmation through visual saliency. These insights are 
instrumental in guiding LLMs to simulate user behaviors effectively.

Our evaluation study shows the effectiveness of the screening mode 
of UTP, which improves the designers’ accuracy of inspecting UI transi-
tions from 58.33% (without UTP) to 75% while reducing the time cost 
by 65.70%. The dedicated mode should not be used as a stand-alone 
inspection method due to its low accuracy for detecting unintuitive UI 
transitions (33.33%). However, it can be support designers to confi-
dently validate their decision and avoid misjudging the intuitive design 
of UI transitions due to its high accuracy on intuitive UI flows (91.67%). 
As a result, UTP can be adopted through a staged design workflow: 
screening to surface potential issues first, then confirming UI flows that 
are likely intuitive.

Interestingly, the credibility of AI-generated feedback is crucial 
in the design evaluation process. As shown in the user evaluation 
study, even when the prediction of user behavior was correct, the AI-
generated explanations sometimes illustrate ambiguity, which may lead 
the design users to override correct predictions. An ideal yet chal-
lenging scenario involves generating more persuasive feedback when 
the AI accurately predicts user behavior, and less persuasive feedback 
when it does not, necessitating the AI model’s ability to assess its own 
confidence in its predictions. Furthermore, to better meet designers’ 
needs, the user simulation tool should offer quantitative analyses and 
visualizations that help assess the credibility of predictions, as well as 
provide concrete design recommendations.
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7.3. Methods for simulating user decision in the UI understanding domain

We discuss the insights of two aspects in simulating user decision-
making: predicting uncertainty and forecasting actions with link UI 
elements, which represent different decision states. Link UI prediction 
anticipates user actions, while uncertainty prediction assesses user 
confidence during navigation.

LLMs excel at predicting and explaining specific user actions but 
often fall short in capturing users’ subjective uncertainty. This is likely 
because they tend to provide confident outputs due to extensive train-
ing. To tackle this issue, we model the uncertainty using traditional 
classification models with built-in self-confidence mechanisms that bet-
ter reflect user hesitation. Based on the predicted uncertainty, LLMs 
can generate explanations accordingly. This hybrid approach opens up 
possibilities for exploring how LLMs and traditional models can work 
together to predict subjective confidence in various contexts. Addition-
ally, a model trained on high-fidelity UI data can also effectively predict 
outcomes for low-fidelity UI mockups. This suggests an opportunity 
to utilize the automatically collected user interaction trace data on 
commercial apps to predict user uncertainty on designated mobile 
UI transitions, even when the model input consists of low-fidelity UI 
mockups during the inference. A key gap remaining to be addressed 
is the automatic detection of user uncertainty when using smartphone 
apps.

For link UI prediction, using a JSON representation of the UI screen 
with GPT-4o is more effective than using the raw UI image. Since 
GPT models primarily process text, structured formats like JSON allow 
for more effective reasoning by bridging the gap between vision and 
language. The JSON is created by YOLOv8, which detects UI elements, 
and GPT-4o labels them. This ‘‘agentic workflow’’ combines vision 
and language models, enhancing visual reasoning tasks in UI design. 
Currently, vision language models (VLMs) are evolving rapidly, and 
such an agentic workflow could be replaced by one-shot prediction. 
However, the JSON representation of UI screens, which can convey 
the semantic information of both high-fidelity and low-fidelity UIs, 
may still be effective in supporting design inspections at both early 
and later stages. Moreover, although the JSON data for training the 
user simulation model was automatically generated by AI models based 
on the UI screen images and does not match the quality of manually 
processed benchmark datasets, it has been effective for fine-tuning 
LLMs to predict user-anticipated link UI elements. This finding also 
suggests the possibility of predicting users’ possible selection of link 
UI elements during a designated mobile UI transition by training the 
prediction model with the user interaction trace data automatically 
collected on commercial apps.

7.4. Limitations and future work

We discuss the limitations of this work and outline potential direc-
tions to address them, as well as opportunities to extend the current 
research further. The discussion of the limitations and future work 
is presented in three aspects: data collection, user study, and model 
development.

7.4.1. Data collection
For annotating low-fidelity UIs, we directly transferred the annota-

tions from high-fidelity UIs rather than requiring participants to select 
link UI elements on low-fidelity screens. Our motivation is to enable the 
predictive model to simulate user selections on high-fidelity UIs based 
on a given low-fidelity UI flow. However, the validity of this approach 
requires further investigation, as UI elements in low-fidelity and high-
fidelity UIs are not equivalent due to variations in affordance, saliency, 
and color. For example, if the design of a low-fidelity UI contains 
structural or semantic flaws that are partially compensated by the color 
information in its high-fidelity counterpart, the annotations from the 
high-fidelity data may conceal these deficiencies in the low-fidelity 
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design. The presence of such cases in the dataset could potentially 
make the predictive model less sensitive to design flaws in low-fidelity 
UIs. In future work, we plan to explore these issues by collecting and 
comparing user annotations on both low-fidelity and high-fidelity UIs. 
We also plan to evaluate the performance of models trained on these 
two different annotation sets.

Considering that the performance of our uncertainty prediction 
model is hindered by the limited size of our training data and the 
reliance on annotations from a single annotator per sample, which in-
troduces noise and bias. In the future, we plan to gather a larger volume 
of high-quality UI transition samples with multi-rater annotations to 
better capture the subtleties of user uncertainty.

Additionally, the data used in this study is sourced from the RICO 
dataset, which, while referring to older applications’ UI screens, proved 
useful for our research. Since RICO was created when mobile UI design 
was still developing, it offered the opportunity to identify design flaws 
that aided our research. Moving forward, we plan to collect more recent 
datasets that reflect modern UI navigation paradigms, ideally drawn 
from iterative design drafts rather than finalized apps. We will also 
seek to gather more data from different specific user groups or persons, 
such as older adults or people with lower digital literacy, and examine 
whether such user simulations facilitate the accessibility of UI design.

7.4.2. User study
In the user study for collecting annotated UI data, participants 

were located in different places. Some participants joined in person, 
while others participated remotely via remote desktop. Although the 
annotation tool and the process remained consistent across locations, 
the mixed participant settings may introduce potential risks to data 
validity. In the evaluation study, each participant was assigned one 
intuitive UI flow and one unintuitive UI flow in each of the three 
conditions. Although the order of intuitive and unintuitive UI flows 
was randomized for each condition, there remains a possibility that 
participants might guess the intuitiveness of subsequent UI flows based 
on their evaluations of the previous ones.

7.4.3. Model development
The model development includes several simplifications. We fo-

cused exclusively on tap gestures, omitting other navigation gestures, 
and limited our prediction model to consecutive UI screens, ignoring 
the potential influence of previous user flows on users’ decisions. Future 
work will address these limitations by incorporating more complex real-
world smartphone interactions to enhance the model’s generalizability.

Moreover, due to constraints of computing resources, we relied on 
a smaller open-source LLM for link UI prediction without integrating 
multimodal methodology. Combining visual cues from images with 
semantic and positional data from JSON could enhance prediction ro-
bustness, but bring more computing costs. Future work will investigate 
fusion-based approaches to leverage the strengths of both modalities. 
Despite these limitations, our results are promising, and we anticipate 
that fine-tuning larger open-source LLMs and multimodal LLMs will 
further improve performance in future research.

8. Conclusion

This work highlights the significant potential of applying
AI-simulated user decision-making and behaviors to support the for-
mative evaluation of UI transitions. Our contributions include a novel 
dataset and effective methods that advance AI-driven user simula-
tion. Notably, our uncertainty prediction model outperforms GPT-4o, 
while a fine-tuned LLaMa-3.1-8B model achieves comparable results 
in predicting user-anticipated link UI elements. Technical evaluations 
reveal that current large language models still exhibit shortcomings in 
accurately simulating user behavior. Incorporating real user behavior 
data and decision-making strategies, either through model training or 
advanced prompting, can enhance the user simulation performance. 
17 
Based on our user simulation method, we design and evaluate the UTP, 
an interactive tool which support designers to rapidly screen design 
flaws in UI flows and confirm the design that already appears to be 
intuitive. User evaluations validate that simulated user feedback guides 
and reminds designers in detecting potential design issues, but also 
acknowledge the limitations of current simulation techniques, which 
do not fully capture the credibility of real user interactions. Collecting 
more high-quality user data is critical for future improvements.
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Appendix A. Example of the low-fidelity, high-fidelity and JSON 
representation version of data samples in the dataset

See Fig.  A.9.

Appendix B. Demographic information of participants in the eval-
uation user study

See Table  B.7.
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Fig. A.9. Example of the low-fidelity, high-fidelity and JSON representation of UI mockup.
Table B.7
Demographic information of participants.
 Participant ID Gender Age Literacy Years of UX/UI design experience Expertise  
 p1 Male 26 Bachelor’s 6 Company UX Project Manager  
 p2 Female 25 Master’s 2 Company UX Project Manager  
 p3 Female 23 Bachelor’s 3 Interaction Design Student  
 p4 Male 27 PhD 4 Independent App Designer and Developer 
 p5 Male 27 PhD 4 Independent App Designer and Developer 
 p6 Male 26 PhD 3 Independent App Designer and Developer 
 p7 Male 25 Master’s 2 Company UX Project Manager  
 p8 Male 27 Bachelor’s 3 UI Designer  
 p9 Male 22 Bachelor’s 3 UI Design Intern  
 p10 Female 28 PhD 6 Company UX Project Manager  
 p11 Male 28 Master’s 6 Company UX Project Manager  
 p12 Female 27 Master’s 6 Company UX Project Manager  
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