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Main tasks of usability experts for Web sites comprise the analysis of user interaction behavior on graphical
user interfaces, the discovery of issues, and the derivation of improvements to the interface. The analysis of
user interaction behavior and corresponding discovery of issues are made difficult by modern Web interfaces
that incorporate dynamic interface elements and that orchestrate complex reactions to user responses. We
propose a semi-automated approach for discovering visual stimuli, which capture summarized views of
the interface as encountered by users during interaction. Discovered visual stimuli allow for meaningful
aggregations of user interactions based on what users encountered on the interface such that the analysis by
usability experts can relate the interface views with user interactions correctly and identify arising issues. We
provide WebVSD as an implementation of the approach and perform a set of evaluations with real-world Web
sites that show the accuracy of proposed methods in isolation and in the tool chain, as well as case studies
and a survey of usability experts indicating the usefulness of the suggested approach.
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1 INTRODUCTION
User experience (UX) has emerged as a pivotal factor in gauging the quality of a product or service,
focusing on how effectively a product performs for end-users. While there is no universally accepted
definition of UX, various perspectives converge on the idea that it integrates the physical and
technical aspects of a product with the cognitive processes that occur during user interaction [45,
60, 78, 89]. This emphasis on emotional impact and overall satisfaction underscores the importance
of UX in product development.

Usability, an integral component of user experience, is the most commonly employed paradigm in
the product design industry. Usability studies focus on the effectiveness, efficiency, and satisfaction
with which users can achieve specific goals with a product or system [78]. More specifically,
usability studies play a crucial role in optimizing user interactions on graphical user interfaces of
the Web. Clickstream analysis [81, 97, 98] or A/B testing [8, 87] are popular methods for usability
studies that aim at understanding how often users interact with which individual elements. However,
these methods often lack the ability to contextualize user engagement, making it challenging for
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usability experts to understand the specific circumstances prompting user responses to various
element.

In contrast, we aim at supporting usability experts to analyze user interaction behavior targeting
a more comprehensive understanding of the what user encountered during interaction [36, 77, 80].
This lifts the scope of analysis from how the users interact with individual elements in the interface
to the question how the users interact with the arrangements of all the elements that the interface is
composed of. For example, the same button element might draw users’ attention and trigger action
next to a slowly evolving video, but might be overlooked next to a fast-paced video. Therefore,
usability experts need to understand how the arrangements of elements in interfaces stimulate user
responses, such as mouse or eye movements, mouse clicks, touch, or key pressings, to discover
shortcomings of these interfaces.

1.1 From Analysing Usability of Static Views to Analysing Dynamic User Interfaces
Commonly, usability experts define areas of interest (AOIs) [48] on user interfaces to aggregate and
analyze interaction data from multiple users. For instance, a usability expert might want to analyze
eye gazes or mouse movements within an AOI to answer questions like “In which part of the menu
have users fixated their eye gaze most often?,” “Have users understood where in the photo carousel
they might click?,” or “Has the title text or the image attracted more attention by the users?” When
multiple AOIs are marked on an interface, the sequence of visited AOIs can be noted to answer
questions that concern the user engagement, e. g., “Did users first look at the product or the price
tag?”
Traditionally, graphical user interfaces on the Web have comprised views with a static set of

elements and the views have not changed their appearance during a user session [14, 18, 35, 54, 83].
Then, each view may be considered a stimulus that triggers various responses of users, e. g., eye
gaze paths or mouse traces, which may be recorded for each such stimulus. A usability expert may
easily mark AOIs on these stimuli and analyze and aggregate recorded observations at the level of
one or several AOIs or a whole stimulus providing her with a wealth of implicit user feedback to
judge the suitability of a user interface design.

In modern Web interfaces, however, users manipulate and respond to passive as well as to active
content [70]. We refer to such interfaces as dynamic user interfaces. Dynamic user interfaces may
extend menus and choreograph photo carousels, adjust dynamically to clicking, hovering, and
scrolling triggered by the user, or exhibit other complex rendering and visual effects [11]. See
Figure 1 for an example of an expandable menu on the front page of the WebMDWeb site. User
interface designers may use a plenitude of styling attributes per element like visibility, opacity,
display, transform, and z-index to overlay content and dynamically control the visuals of an
interface via scripts. The actual visibility of an element is not only controlled by the attributes of
the element itself, but it also depends on the configuration of other elements on the user interface,
which may overlay the element or themselves become hidden by the element.

These characteristics of dynamic user interfaces make it difficult to align the various interactions
of multiple users with well-defined stimuli such that the usability expert would easily understand
how the users responded to which dynamic states of an interface. Usability experts so far have
tackled this challenge conducting analyses on dynamic user interfaces employing one or several of
the following three paradigms:

(1) Video and Interaction Recordings. This method records each user session in a video, which is
temporally aligned with the recording of the user’s interactions [1, 29, 67, 92]. Thus, arbitrary
dynamics of an interface are captured. However, due to differences between users’ behaviors,
the recordings of various users cannot be aligned and aggregated. Therefore, a usability
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(a) Front page of the WebMD site after the initial
loading before any user interaction.

(b) The same pagewhen a user hovers with themouse
cursor over the menu entry “NEWS AND EXPERTS.”

Fig. 1. The appearance and functionality of a dynamic user interface can dramatically change automatically
over the course of time or at user interaction.

expert must inspect the recordings of the screen contents and the user interactions one-user-
at-a-time to understand all the effects of the design, making the analysis time-consuming and
tedious and often overwhelming. Overall, this approach does not scale to the considerable
number of users required in usability analyses [37].

(2) Introspection and Interaction Recordings. This method interprets the code that defines an
user interface. In theory, the recording of changes in the internal structure of an interface
allows for reproducing the stimuli. However, it can be (i), difficult to keep up-to-date with
the interface technologies, (ii), difficult to judge the effect of structural changes on the visuals
of an interface, (iii), result in a plenitude of recorded states, which hinder an aggregation of
the interaction recordings from multiple users, and (iv), limited to interfaces that allow for
introspection. The introspection method has been applied in the context of Web [18, 44, 54]
and Android applications [30–32, 63, 105], yet it is not suitable for analyses of dynamic user
interfaces with study participants in general.

(3) Virtual Screenshot and Interaction Recordings. This method treats each view of an interface,
e. g., per loading of a Web page, as a stimulus [27, 41, 82, 86, 92]. This method has been
extended by us through stitching consecutive screenshots resulting from the scrolling of a
static Web page identified by its URL [69]. By such means, recordings of user interactions may
be aligned to fewer virtual screenshots facilitating analysis by the usability expert who needs
to define AOIs on fewer visual stimuli and must inspect fewer stimulus-response recordings.
The disadvantage of this method is that the screenshots cannot generally reflect dynamic
content changes. Dynamics in interfaces that are not related to solely scrolling of the entire
page body cannot be properly aligned with corresponding user interactions.

Virtual screenshots and video recordings constitute two extreme points as to what they assume
should be the basis for analyzing stimulus-response behavior. At one end virtual screenshots,
which represent possibly dynamic user interfaces assume that each user interface view, e. g.,
corresponding to one URL, constitutes a single stimulus. This assumption, however, fails to capture
all the dynamics. At the other end, video recordings assume that each video frame constitutes a
stimulus overwhelming the usability expert with too many stimulus-response pairs. Therefore,
we argue for a middle ground between the two extremes that exhibits the advantages of both,
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while avoiding their disadvantages. While introspection methods also target such a middle ground,
the difficulties we analyzed above call out for replacing introspection methods by an alternative
approach.
Since usability experts are interested in the systematic responses of users to stimuli provided

by a user interface, let us scrutinize what constitutes a stimulus. In general, a stimulus is any
kind of sensory information that is received by an agent and is capable of evoking a response. In
psychology, a stimulus is an independent variable defined and manipulated by an experimenter
[42]. In usability analysis, the user interface sets the stimuli and the challenge lies in discovering
which stimuli triggered which response — or lack of response.1

Given the purpose of analyzing the usability of graphical user interfaces, we are most interested
in users’ responses to visual stimuli. If the visual stimuli as independent variables are not carefully
defined by an experimenter, but serendipitously by the user interface dynamics, how can we define
and represent them and delineate one from the other?
We suggest to define a visual stimulus according to what users encountered visually on the

screen and to delineate two states of screen displays into two different visual stimuli if users would
note a remarkable difference between the two. Thus, a visual stimulus can be represented by a
set of frames that are equivalent according to a human observer. While this definition allows for
the intrusion of human subjectivity, we will later find that our annotation protocol leads to high
inter-annotator agreement.
Corresponding to this definition of visual stimulus, visual stimulus discovery is defined as the

task that automatically groups visually similar states, be they contiguous or disjointed within a
single user session or resulting from different users’ sessions.

1.2 Performing Usability Analysis with Visual Stimuli
Following their discovery, visual stimuli from dynamic user interfaces can be used as a tool for
analyses by usability experts. The aim of this research work has been the development of a method
that discovers suitable virtual stimuli in the recordings of user engagement on dynamic interfaces
and its embedding in an overarching framework for usability analysis with visual stimuli. The
usability expert employs our framework, whose core parts are formalized in Section 3, according to
the following phases (also cf. Figure 2):

Phase 1: Setup. The usability expert sets up a user study. Interactions of study participants and
videos of their screen appearances are automatically recorded and aligned (cf. Section 4).

Phase 2: Bootstrapping. In the bootstrapping phase, contiguous video frames are semi-automatically
labeled either as belonging to one stimulus shot, i. e., a partial recording corresponding to
one visual stimulus, or representing the boundary between two adjacent stimulus shots (cf.
Section 5.1).

Phase 3: Training. In the training phase, a visual change classifier learns to mimic the usability
expert decisions as to whether two contiguous frames should be considered as belonging to
the same or different visual stimuli (cf. Section 5.2 and its evaluation in Section 5.3).

Phase 4: Application. In the application phase, the learned classifier is applied to video recordings
in order to (i), group contiguous video frames from one user session into stimulus shots and
to (ii), cluster stimulus shots from several user sessions that correspond to likewise user
interactions (cf. Section 6 and its evaluation in Section 7).

1In typical applications of A/B testing, the stimulus is carefully manipulated by incrementally changing the user
interface. However, such incremental changes are not applicable for all usability analysis questions and not during the
whole life cycle of a software application.
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Phase 5: Analysis. In the usability analysis phase, the usability expert models her analyses by
defining AOIs on visual stimuli, visualizing results on visual stimuli and querying for ag-
gregated measures on AOIs and on visual stimuli (cf. Section 8.1). We have surveyed the
suitability of visual stimuli discovery for inclusion in the workflow of usability experts (cf.
Section 8.2).

Phases 1 and 5 are basically identical to corresponding phases when using the virtual screenshots
methods, which usability experts are already accustomed to in their current work routine. Phase 2
is a labor-intensive labeling process. This labeling process can be skipped if no domain-specific
training is required, though domain-specific training may substantially improve the quality of visual
stimulus discovery (cf. Section 5.3). We have developed a semi-automated annotation approach
that significantly streamlines the labeling work (cf. Section 5.1). Phases 3 and 4 are fully automatic
and correspond to the core method development of our work. We call our specific implementation
of the visual stimuli discovery in this work WebVSD.
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Fig. 2. Graph that shows the relations between the phases in usability analysis and the sections of this article.

1.3 Research Methodology Pursued in this Article
Research presented in this article pursues a complex undertaking. First, we define the new challenge
of discovering visual stimuli that is rooted in the real-world needs of usability analysts. Second, we
propose methods to address that challenge. From a research methodology point of view we then
need to answer two corresponding research questions: (i), are methods for visual stimuli discovery
suitable to help usability analysts? And, (ii), is our method for visual stimuli discovery the right
method? These two questions cannot be completely disentangled. Responding to question (ii), we
have performed data-driven evaluations and comparison of methods for discovering visual stimuli
to address the issue of technical accuracy. However, such an evaluation and comparison would
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be void, if we did not show its usefulness, too. Responding to question (i), we need to provide
indications of the usefulness of visual stimuli discovery in usability-expert-centered evaluations,
which is only possible, if we already have a corresponding method for visual stimuli discovery of
sufficient quality.

Evaluating Technical Accuracy. We have borrowed evaluation methodology commonly applied
in shot detection when evaluating visual stimuli discovery in Section 5.3 and Section 7. As is also
indicated in Figure 2, we have created a dataset of substantial size, and we evaluate them with
several complementary measures.

Indicators for the Usefulness of Visual Stimuli Discovery. Evaluating usefulness of visual stimuli
discovery is more tricky. There is no suitable open-source usability analysis suite which we could
have augmented by visual stimuli discovery to evaluate its usefulness. Also, it is out of scope of
this research contribution to engineer such a comprehensive usability analysis suite that would
integrate visual stimuli discovery for full-fledged investigation. Therefore, we have decided to
evaluate usefulness by the following two schemes that provide complementary supporting indicators
(cf. Section 8).

The first evaluation aims at describing indicators for usefulness when a usability expert applies
visual stimuli discovery to real-world Web sites (cf. Section 8.1). The reader may note that such
usefulness will not only depend on theWeb site appearance and dynamics, but also on the objectives
of the Web site operator and the task that a user aims to accomplish. For instance, a car registration
site should allow the user to easily and efficiently complete the registration, while an online shop
might rather want to entice the user to browse for and buy products. Given the huge combinatorics
of possible appearances, dynamics, operator objectives and user tasks, our aim for evaluation cannot
be the investigation of a representative sample as exploring the notion of representativeness itself
would already exceed the scope of this paper by far. However, with four Web sites and questions
involving AOIs that usability experts are typically interested in, we claim we can cover substantial
ground to derive reasonable indicators for usefulness of the proposed methods.

While in the first evaluation concerning usefulness, we rely on our own experience and knowl-
edge about what usability experts are typically interested in, in the second evaluation we survey
independent usability experts for their opinion about the usefulness of our method (cf. Section 8.2).
To this end, we have presented usability experts with an interactive online survey that allowed the
usability experts to understand the method as applied in a typical work context in order to judge
its usefulness. The experts provide us with rich feedback about the usefulness of our method in
improving their work routines.

Ethical Considerations of the Dataset Collection, Dataset Annotation, and Evaluations. All human-
related studies as part of the data collection, data annotation, and evaluations have been performed
while the first, second, and last authors, who supervised the studies, were at the University of
Koblenz, Germany. The university did not have an ethical commitee at that time. However, we had
prepared user consents according to best practices in HCI-studies, explaining each study to the
participant in detail. Every participant who participated in the study has signed such a consent.

1.4 Contributions of this Article
To summarize, this work comprises the following contributions:

– We describe the novel challenge of visual stimuli discovery on dynamic graphical user inter-
faces.

– We define a methodology for acquiring data for visual stimuli discovery and apply it on
real-world Web sites with WebVSD.
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– We define a framework and methods for visual stimuli discovery.
– We evaluate the methods and the framework using various measures related to technical
accuracy.

– We evaluate the framework with regard to usefulness by several case studies as well as by a
survey of usability experts.2

– We provide WebVSD as open-source software to the research community including the tools
to create a visual stimuli discovery framework and to evaluate it.3

– We provide a rich data set of user sessions on dynamic Web sites including all annotations
and outputs from the execution of the visual stimuli discovery.4

2 RELATEDWORK
The primary goal of this work is to enhance the efficiency of UX experts in their tasks. In this
regard, it partly aligns with various other approaches aimed at automating usability and UX studies
that share a common vision [2, 34, 88]. For example, the utilization of visualization [15], machine
learning [2, 34], and numerous other AI techniques [88] to automate UX processes. Compared
to these automation tools and methods, it is essential to highlight that our approach prioritizes
accurately depicting user interactions with an interface. As a result, our approach is more specifically
comparable to specific techniques for visual stimuli discovery to improve usability analysis with
dynamic interfaces. In the following sections, we delve deeper into related work concerning the
understanding of user sessions on dynamic states of interfaces for usability analysis. First, we
review methods of introspection that interprets the code to render the interface on a screen. Second,
we review approaches of virtual screenshots that consider the interface as it is a stimulus to the
user on a screen. Finally, we discuss the methodology of shot and scene detection, as we employ
that methodology for defining our approach to visual stimuli discovery.

2.1 Introspection and Interaction Recordings
We call methods that interpret the interface-defining code introspection methods. Introspection
methods rely on the fact that interfaces are defined by code in languages and corresponding libraries
which have been specifically designed for the purpose of interface definition (HTML and CSS,
Microsoft WinUI with XAML, Apple Cocoa with Objective-C, Java Swing, Qt with C++). The
interface-defining code entails all information about elements in an interface and their attributes
like type (e. g., text, button, slider, or image), position (e. g., x-y-coordinate on screen), size (e. g.,
width and height), color (e. g., font color for a text or area color of a button), and interactivity (e. g.,
mouse hover, mouse click). Sometimes this code is available for parsing (like on the Web with
HTML and CSS) or often the code can be retrieved via accessibility APIs like the IAccessible2,5 the
Microsoft System.Windows.Automation framework,6 or the Assistive Technology Service Provider
Interface.7 We elaborate on related work that uses introspection for segmenting contents in an
interface, associating interactions with an interface, crawling of interface designs, and enabling the
usability analysis on interfaces. Moreover, we provide insights from our past work on introspection
of interfaces.

2https://github.com/raphaelmenges/vsd-expert-survey
3https://github.com/raphaelmenges/visual-stimuli-discovery/tree/master/code
4https://zenodo.org/record/5031618
5https://accessibility.linuxfoundation.org/a11yspecs/ia2/docs/html
6https://docs.microsoft.com/en-us/dotnet/api/system.windows.automation?view=net-5.0
7https://en.wikipedia.org/wiki/Assistive_Technology_Service_Provider_Interface
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Segmenting Interface Contents. Introspection has been used to segment interfaces into multiple
blocks. The blocks may be defined to contain elements that look similar or offer a certain function-
ality (e. g., message list, item in a shop). One might imagine to apply a segmentation iteratively to
the interface during recording and compare the segments over time to understand changes in an
interface. Cai et al. [18] described one of the most popular segmentation methods for Web pages.
Their algorithm employed a top-down approach by parsing the document tree and applying heuris-
tics to identify elements that might separate blocks along horizontal or vertical axes. Even though
the algorithm was called “Vision-based Page Segmentation” (VIPS), Cai et al. did not consider the
rendering of the Web page but instead interpreted styling rules like borderColor via introspection.
There had been attempts to improve the algorithm by adding more rules to the heuristics [3] and
going beyond introspection by applying image processing on the rendered interface [28]. However,
no overlapping elements can be considered by these methods and dynamics in interfaces have not
been regarded, yet.

Associating Interactions with an Interface. Introspection has also been used to associate interac-
tions like mouse clicks and eye gaze data with an interface. Burg et al. [17] proposed a tool to support
Web developers in understanding visual changes of elements on Web pages. The tool allowed for
automatically tracking changes of a selected element and it revealed the code snippets that caused
the visual change. However, a prior selection of elements is not feasible for a usability study because
a usability expert might not anticipate which parts of the interface will cause problems during user
interactions. Lamberti et al. [58] described a method to aggregate and display the intensity of user
attention Web pages with element-aware heatmaps. Before recording interaction, they simulated
mouse clicks and structural changes on the document tree, which were rendered in the viewport.
The resulting visuals were stored on a server-side recording tool. During the interaction recording,
they gathered dynamic changes in the document tree at user events or via frequent polling of the
document tree. However, neither did they clarify how the changes in the visibility of elements
were recognized, nor did their evaluation cover dynamic interfaces. Hienert et al. [47] processed a
Web page at its textual level and mapped eye gaze data to the fixated words. They estimated which
words have been read more often by users and which parts of the text on a Web page were ignored
by users. They took a Web page document as input, rendered it with a Web browser, and queried
for the coordinates of the words on the rendering of the Web page. Then, they stored for each word
the number of fixations that fell onto it. To compensate for slight layout changes and animations,
they merged the same words among different users within a context of 50 characters in the text
before or after. They did only consider textual contents. Neither did they consider the formatting
of the text nor did they consider any other elements on the page. There have been further works to
associate interaction data with single elements on a Web page [10]. However, none of the methods
create visual stimuli from dynamic interfaces that allow aligning the interactions by multiple users.

Crawling the Design of Interfaces. Kumar et al. [54] presented “Webzeitgeist,” a framework that
allowed for querying visual properties of Web pages and elements represented in the document
tree and stylesheet. The framework consisted of a database that stored the document tree, styling
attributes, a rendered image, and computer vision features from the rendered image of each Web
page. While the database provided a rendering of each Web page, the contents of the document
tree itself were not checked for visibility in the rendered image. Dynamics that occurred during
interaction by users were explicitly excluded from the crawling process. Recent methods for
understanding the design of interfaces by using huge data sets using deep learning [21, 49] have
similar limitations in regard to dynamics.
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Synthesis of Viewport-depending Layouts. With the arrival of novel devices of different sizes and
shapes, the diversity of screens has increased. The adaption of user interfaces to these different
screen sizes requires further effort for interface designers and usability experts. Several approach
partly automate the generation of different layouts [50, 53, 66] using introspection. So far, however,
these approaches do not automatically adapt the full dynamics of user interfaces.

Methods and Tools for Usability Analysis. Another approach to capture the interaction with Web
pages is the recording of user actions at document tree level, called session replay. One can record the
document tree on the client side, e. g., using the Mozilla Firefox Web browser and the WebReplay8
functionality. However, the technique was designed to support Web developers in analyzing the
behavior of individual elements when a single user interacts with them. Alternatively, there are
frameworks like LogRocket9 or mouseflow10 that require a script to be integrated into a Web page,
yet can record the sessions of every user who accesses the Web site. But the integration of a script
limits the approach to Web sites to which a usability expert has administrative access. In general,
session replays do not automatically create visual stimuli from the recordings that could be aligned
between multiple users.

Authors’ Prior Work. We have developed a Web browser that can be controlled entirely by eye
gaze [68]. In this Web browser, we augmented the interactive elements of each Web page with gaze-
sensitive icons, such that a user could select an interactive element conveniently with eye gaze. We
provided the user with an appropriate interaction mode after the selection of an interactive element,
e. g., an eye typing keyboard when the user selected a text input field. We developed an efficient
introspection approach using a Mutation Observer in JavaScript to gather the necessary knowledge
about interactive elements in real-time. The Mutation Observer informed us about changes in
the document tree of a Web page related to interactive elements like hyperlinks, text fields, or
videos. We showed that the adaptation in our Web browser significantly improved the performance
and usability of eye-gaze-based interaction in comparison to approaches that emulate mouse and
keyboard events using eye gaze. While our past work [68] made heavy use of introspection, it also
showed us the limitations of introspection. We found that on some Web pages it was difficult to
understand the visibility of interactive elements. For example, on the front page of Google search
multiple text input fields were stacked one over the other. At least one of the text input fields was
used for displaying suggestions in a gray font, while the other text input field expected the actual
user input. The order of rendering was defined by the z-index property. Because of the frequent
use of Google search, we accommodated such idiosyncrasy by implementing a Google search-
specific heuristic in our Web browser. However, such heuristics does not generalize to complex
visibility configurations. Moreover, visual stimuli discovery must go far beyond the introspection
of interactive elements and rather consider all elements that are displayed on a Web page.

Takeaway. To summarize, introspection has been successfully applied in the past to track inter-
action on single, static elements of an interface. However in recent years, the means for defining
interfaces in general and especially Web pages have become more and more complex with the
introduction of standards like HTML 511 and CSS 3.12 Developers can implement a specific look
and behavior on an interface in various manners. The multitude of variations on how to implement

8https://developer.mozilla.org/en-US/docs/Mozilla/Projects/WebReplay
9https://logrocket.com
10https://mouseflow.com
11https://html.spec.whatwg.org
12https://www.w3.org/Style/CSS/current-work.en.html
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content, design, and interactivity makes it difficult to cover and understand all aspects of an inter-
face with an introspection-based recording. Investigating such methods on current, real-world Web
applications we found that: (i), they are difficult to adapt to changing standards in interface-defining
languages and accessibility APIs, (ii), it remains difficult to understand the implications of structural
changes to the visuals on an interface as relevant to a usability expert, and (iii), it remains difficult
to aggregate a very large number of structural states into meaningful visual stimuli to which the
interactions by multiple users can be meaningfully associated. Therefore, we had to reject the idea
that the recording of changes in the internal structure of an interface allows for reproducing useful
visual stimuli that cover the ensemble of many elements.

2.2 Virtual Screenshot and Interaction Recordings
Interfaces are traditionally displayed on a two-dimensional screen, like a computer monitor or a
smartphone. A screen consists of a pixel matrix, in which each pixel emits portions of red, green,
and blue light. Depending on the interface to be displayed, the portions of emitted light are adjusted
throughout the pixel matrix. The composition of the pixel lights from the matrix are perceived by
a human viewer as interface. These pixels can be composed to virtual screenshots that comprise
the complete interface, which is possibly larger than what can be displayed to the user at once on
a screen. Virtual screenshots can be used to overlay them with eye gaze paths or mouse traces
from multiple users for usability analysis. In this regard, we relate this paper to work from visual
analytics of eye gaze data, reverse engineering of interfaces from pixels, and methods and tools for
the usability analysis, based on the interpretation of pixels. Moreover, we provide insights from
our past work on virtual screenshots.

Analyzing Eye Gaze Data Visually. Visual analytics is a research field that aims to process complex
data such that a human can visually interpret it, i. e., using virtual screenshots. Kurzhals et al. [56]
presented a visual analyticsmethod for the analysis of eyegaze data fromhead-mounted eye-tracking
devices based on automatic image comparison and clustering. First, they cropped thumbnails
of the foveated region from the video recording at every fixation. Second, they aggregated the
thumbnails of subsequent video frames into a segment until the similarity fell below a preset
threshold. Third, they computed a similarity matrix between all segments across the recordings
using SIFT-feature histograms and color histograms. Fourth, they clustered the segments according
to their similarity using unsupervised spectral clustering. Then, analysts could annotate the segment
clusters semantically and might combine them toward areas of interest. Their method was designed
to work on the video recording of physical objects in a real environment. Similar works employed
deep neural networks to identify objects in the foveated region of an ego-centric video stream [7] to
automatically mark areas of interest in the video stream. However, these methods do not include the
surroundings of fixations in the virtual screenshots. Therefore, an interface would be not captured as
a whole because neither spatial relations are preserved nor scroll offsets are compensated. However,
a usability expert needs to work on a representation of an interface that looks similar to what
has been experienced by the users. Only then a usability expert can interpret the attention in the
context of all content that has been visible to the user, including the possibility to observe that
some content was ignored by users.

Reverse Engineering of Interfaces. Methods for reverse engineering of interfaces attempted to
recognize elements through interpretation of pixels and template matching alone [6, 20, 35, 75,
76, 101]. Recently, deep learning has emerged as a promising method to detect and identify the
elements of an interface from screenshots. Zhang et al. used screenshots as input to deep learning
methods to recognize interface elements in iPhone applications to make them accessible with a
screen reader [104]. They have built an extensive data set of iPhone app screens and combined
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structural information and human annotation to label interface elements on each screenshot. There
are further works that employ deep learning to generate vector shapes from interface screenshots
to make designs editable [90], to generate code from interface screenshots [9, 22, 25], to draw
mockups that accelerate the development process [74], or to enable visual design search moving
beyond text-based search queries [14]. All of these methods expect interfaces to originate from
similar toolkits and required layouts without overlaps. None of the methods combine multiple
screenshots to produce virtual screenshots that can align the interactions by multiple users.

Methods and Tools for Usability Analysis. Deka et al. recorded and crawled interactions on Android
app interfaces [30–32]. They captured screenshots every time pixel values changed on the screen.
They did not compose virtual screenshots nor estimate the changes in the interface with regard to
a usability analysis. Simko and Vrba [83] presented a method to support usability analysis of app-
prototype interfaces on a smartphone with eye tracking. In their approach a usability expert defined
reoccurring scenes on the interface before the study. Each reoccurring scene was represented with
one screenshot. During the study, they recorded the interactions with the app-prototype interface
on a smartphone using a camcorder. For each frame from the video recording of the camcorder,
they cropped the screen content and assigned the frame to one of the predefined reoccurring scenes.
They employed scale-invariant feature transform (SIFT) and structural similarity (SSIM) features to
map the frames to the reoccurring scenes and heuristically set a threshold for the mapping process.
Their method did not discover scenes automatically but expected all scenes to be predefined by a
usability expert. Simko and Vrba only evaluated a banking app prototype interface with very little
dynamics in their experiment and each scroll offset was regarded as unique scene.

Feiz et. al [40] have identified the classification of visual change from screenshots as interesting
problem, too. They aimed to improve the automatic crawling and testing of mobile applications
with reliable comparison of screenshots and efficient grouping screenshots. They let crowd workers
interact with 1,110 iPhone applications and collected 77,655 unique screenshots. Another set of
crowd workers annotated the assignment of individual screenshots from each application to clusters
of screenshots that originate from the same screen. They employed an company-internal QA team
to check and improve on the annotations, which implies a high quality of data set. From this
annotated data set, they trained two models: (i), A screen similarity model that combines an UI
object detector [104] with a transformer model to recognize instances of the same screen from a
collection of screenshots from the same application.(ii), A screen transition model using a Siamese
network architecture to identify the dissimilarity between screenshots and the transition to three
types of system events, namely virtual keyboard, dialog boxes, and scrolling of the screen.
Their evaluation results for (i), the screen similarity model with an F1 score of 0.83 and (ii), for
the screen transition model with an F1 score of 0.71 are comparable to our results (cf. Table 4).
The authors published the guideline for annotators as additional material,13 but to the best of
our knowledge neither their collected data set nor their models. Their guideline for annotators is
composed of on-hand examples in iPhone-specific UI designs. Feiz et. al also state that their dataset
rarely includes scrolling activity, which is very different from our work. Last, they do not compose
a visual stimuli from the clustered screenshots. Thus, interaction data cannot be straightforward
aggregated for an analysis by an usability expert.

In contrast, many tools show eye gaze data of multiple users as heatmap on a virtual screenshot,
like sticky.ai [1], eyezag [41], CoolTool [27], or realeye [86]. Tobii Pro Studio [92], a tool by the
market leader of dedicated eye-tracking devices Tobii AB, also offers eye gaze mapping on a
recording of a user session on a Web site. However, Tobii explicitly recommends watching the

13https://dl.acm.org/action/downloadSupplement?doi=10.1145%2F3490099.3511109&file=guidelines.pdf
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interaction with dynamic elements on a video recording instead of the virtual screenshots, because
the dynamics are not covered in their generated virtual screenshots:

“...if the participants access a drop-down menu on the website [,] the viewing patterns
on that menu will be recorded and aggregated on the screenshot of the webpage, but
the menu itself won’t be visible on that screenshot.”14

Since more than 10 years ago there are approaches to apply object tracking algorithms to identify
and track AOIs in video recordings, especially in the context of eye gaze tracking using head-
mounted cameras [13, 93]. Until now they have been neither implemented in usability tools nor
have been broadly used by usability experts.

Authors’ Prior Work. We have proposed a method [69] to aggregate mouse and gaze data from
multiple users onto a single stitched screenshot that served as a virtual screenshot. We took
screenshots of the browser viewport at predefined time intervals during a user session, cropped
viewport-relative elements from the screenshot, stitched the screenshots according to the scroll
offset, and finally composed the screenshots together while depicting each viewport-relative element
only once. While our method accounted for user interaction through scrolling and dynamic loading
of content on the bottom of the interface through JavaScript, further dynamics of an interface like
interactive navigation menus or photo carousels were not addressed. Nevertheless, we employ the
idea to separate the treatment of viewport-relative elements from the rest of the interface also in
this paper.

Takeaway. To summarize, virtual screenshots do not properly handle the dynamics of interface.
Only the previous works in visual analytics [7, 56] include extensive dynamics. However, their
methods do not aim to provide a complete images of the interface as required for a comprehensive
usability analysis. We aim to build on the concept of comprehensive virtual screenshots with the
visual stimuli discovery, yet handle complex dynamics in interfaces.

2.3 Detecting Shots and Scenes in Video Recordings
Since our approach delineates visual stimuli from a video recording, resulting in a series of stimulus
shots, we briefly survey related work on shot and scene detection in video recordings. Scene
detection is a well-established field of research that aims to cluster different shots within a video or
movie into scenes of coherent environment, time, actors, and story [72]. A video can be cut into a
series of scenes, which itself can be separated into shots. A shot is the recording by one camera
from a specific position and angle. A scene is composed based on a coherent environment and set of
actors. There are cases in which two or more shots are interwoven, e. g., through frequent switches
between shots that serve the dramatic purpose. Thus, methods for automatic shot detection and
clustering of shots and scenes constitute research relevant for addressing the problem of stimuli
discovery. Simko and Vrba [83] applied scene detection methods for visual stimuli discovery. They
classified frames from a video recording of the interface into before-known visual stimuli. Instead,
we want to investigate which features from shot and scene detection are useful for our purpose of
delineating visually coherent states of an interface into visual stimuli that are unknown before the
analysis.

Takeaway. Popular features for shot and scene detection like face detection, audio processing,
and subtitle analysis [33] do not apply to our use case. However, various computer vision features
that are used to detect changes in lighting, setting, and environment in videos might signify visual

14https://www.tobiipro.com/learn-and-support/learn/steps-in-an-eye-tracking-study/data/Aggregating-eye-
tracking-data-across-several-participants-in-web-recordings, accessed on 31st May 2021.
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Table 1. Comparison with related work. ●, ◗, and ❍ encode “yes”, “partly”, and “no”, respectively.
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Cai et al. [18] Web 140 crawled
pages

❍ ❍ ● ● ❍ ❍ None

Beymer and Russell [10] Web 1 page ❍ ❍ ● ● ❍ ❍ None
Kumar et al. [54] Web > 100,000

crawled screens
❍ ❍ ● ● ❍ ❍ GIST, color,

edges
Burg et al. [17] Web 1 page + 2 apps ● ❍ ❍ ● ❍ ❍ None
Cormier et al. [28] Web 50 crawled pages ❍ ❍ ● ❍ ❍ ❍ Edges
Lamberti et al. [58] Web 4 pages ◗ ❍ ● ● ❍ ❍ None
Krosnick et al. [53] Web None ❍ ❍ ● ● ❍ ❍ None
Hienert et al. [47] Web 143 pages ❍ ❍ ❍ ● ❍ ❍ None
Chen et al. [21] Mobile 68,702 crawled

screens
❍ ❍ ● ● ❍ ● SSIM, color,

OCR
Huang et al. [49] Mobile 3,802 sketches ❍ ❍ ● ❍ ❍ ● None
Menges et al. [68] Web None ● ❍ ❍ ● ❍ ❍ None
Jiang et al. [50] Flexible None ❍ ❍ ● ● ❍ ❍ None
Lukes et al. [66] Flexible 9 pages at 20

different sizes
❍ ● ● ● ❍ ❍ None
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Yeh et al. [101] Desktop > 50,000 screens
from books

● ❍ ● ❍ ● ❍ SIFT, OCR

Dixon and Fogarty [35] Desktop None ● ❍ ● ❍ ● ❍ None
Brône et al. [13] World None ● ❍ ❍ ❍ ❍ ❍ SURF
Chang et al. [20] Desktop 6 screens ● ● ● ● ● ❍ None
Toyama et al. [93] World 438 images ● ❍ ❍ ❍ ❍ ❍ SIFT
Banovic et al. [6] Desktop 34 tutorial videos ● ❍ ● ❍ ● ❍ None
Kurzhals and Weiskopf
[57]

World 6 images + 90
seconds video

● ❍ ❍ ❍ ❍ ❍ SIFT, color his-
tograms

Nguyen and Csallner [75] Mobile 472 screens ❍ ❍ ● ● ● ❍ Edges, con-
tours, OCR

Barz and Sonntag [7] World None ● ❍ ❍ ❍ ❍ ❍ None
Deka et al. [32] Mobile > 18, 000 crawled

screens
● ❍ ● ● ❍ ● None

Deka et al. [30] Mobile 72,219 (partly
crawled) screens

● ❍ ● ● ❍ ● None

Deka et al. [31] Mobile 15–50 users on 10
apps

● ❍ ● ● ❍ ● None

Menges et al. [69] Web 4 pages ◗ ◗ ● ● ❍ ❍ None
Nguyen et al. [76] Mobile Unclear ❍ ❍ ● ● ❍ ● None
Swearngin et al. [90] Mobile 203 drawings ❍ ❍ ● ❍ ❍ ❍ Edges
Beltramelli [9] Mobile Synthetic screens ❍ ❍ ● ❍ ❍ ● None
Chen et al. [22] Mobile 85,277 crawled

screens
❍ ❍ ● ❍ ❍ ● None

Simko and Vrba [83] Mobile 30,660 frames ❍ ❍ ● ❍ ❍ ❍ SIFT + SSIM
Chen et al. [25] Mobile 46,202 crawled

screens
❍ ❍ ● ❍ ❍ ● None

Moran et al. [74] Mobile 191,300 crawled
screens

❍ ❍ ● ● ❍ ● Edges, morph.,
contours, OCR

Zhang et al. [104] Mobile 80,945 crawled
screens

❍ ❍ ● ● ❍ ● Color, OCR

Bunian et al. [14] Mobile 4,543 screens ❍ ❍ ● ❍ ❍ ● None
Feiz et al. [40] Mobile 77,655 screens ● ◗ ● ● ❍ ● None
Our method Web 45,310 frames

(12 pages)
● ● ● ● ❍ ❍ 53 features

13



To appear in ACM Transactions on the Web, Accepted January 2025, Menges et al.

changes which are relevant our approach. Multiple approaches that successfully employed color
histograms [94], edge-features [102], optical flow [46], and SIFT features [73] in the purpose of shot
and scene detection in videos constitute candidates that we empirically investigate and compare in
this paper.
We provide a comprehensive overview how existing approaches relate to our work in Table 1.

The table provides for each work specifics about their domain and data set, whether the presented
methods cover the various challenges in visual stimuli discovery (dynamics in the interface, over-
lapping contents in the interface, or preservation of context between elements in the interface),
and techniques applied by the authors (code introspection, pixel-pattern-matching, deep learning
on images, or traditional computer-vision features). Papers are grouped by general approach to
the problem (introspection and interaction recordings and virtual screenshots and interaction
recordings) and arranged in ascending order by year or publication.

3 FORMAL FRAMEWORK OF VISUAL STIMULI DISCOVERY
In this section, we give a high-level overview of our method and an abstract formalization of its
major components. We aim to support the usability analysis of dynamic interfaces which exhibit
rich interaction behaviors, choreographing dynamic elements with changing content on user
responses. For such usability analysis, visual stimuli cannot be defined beforehand. We propose
a framework to discover visual stimuli (semi-) automatically. Figure 3 depicts our framework of
visual stimuli discovery in its application phase. In the example, three uses interact with the same
interface. We record a video of the screen contents during their interaction. These video recordings
are first split into stimulus shots per user and then the stimulus shots are clustered across the users
into clusters of stimulus shots. These clusters are then represented by single images, which can be
worked on by a usability expert and which we call visual stimuli. The remainder of this section
formalizes the depicted framework from left to right:

Usability 
Expert

Visual Stimuli

𝑓1
1, … , 𝑓6

1 𝑓7
1, … , 𝑓15

1

𝑓1
2, … , 𝑓5

2 𝑓6
2 𝑓7

2, … , 𝑓14
2

𝑓1
3 𝑓2

3, … , 𝑓13
3

𝜃

መ𝑓3
2 መ𝑓2

1

መ𝑓2
3

መ𝑓1
3 መ𝑓1

2

መ𝑓2
2መ𝑓1

1

Stimulus Shots𝑆

stitched to single image መ𝑓1
1

stitched to single image

User 1

User 2

User 3

𝑠2
1𝑠1

1

𝑠1
2 𝑠2

2 𝑠3
2

𝑠1
3 𝑠2

3

split
𝛿

A

B

A

Video Recordings

𝐹1
interacts
with
interface

interacts
with
interface

interacts
with
interface

mergesplit
𝛿𝐹2

split
𝛿𝐹3

works
on

Splitting Videos into Stimulus Shots Merging Stimulus Shots into Visual Stimuli

Fig. 3. Application phase for visual stimuli discovery considering three user sessions.

Splitting Videos into Stimulus Shots. We define the video recording 𝐹 𝑖 of a user session 𝑖 to consist
of a sequence of frames 𝐹 𝑖 = (𝑓 𝑖1 , 𝑓 𝑖2 , . . . , 𝑓 𝑖𝑛𝑖 ). For this, we define a discrete classifier 𝛿 that detects
visual changes between two frames 𝑓𝑎 , 𝑓𝑏 . The aim is that 𝛿 (𝑓𝑎, 𝑓𝑏) returns 0 if the two frames are
visually so similar that they should be considered to belong to one visual stimulus, and 1 otherwise.

We partition a complete video recording 𝐹 𝑖 of a user session 𝑖 into a totally ordered set of stimulus
shots 𝑆𝑖 = (𝑠𝑖1, . . . , 𝑠𝑖𝑗 ), where for every 𝑠𝑖𝑗 ∈ 𝑆𝑖 there are 𝑘 and 𝑙 such that

𝑠𝑖𝑗 = (𝑓 𝑖
𝑘
, . . . , 𝑓 𝑖

𝑘+𝑙 | ∀𝑚 ∈ [𝑘, 𝑘 + 𝑙 − 1] : 𝛿 (𝑓 𝑖𝑚, 𝑓 𝑖𝑚+1) = 0 ∧ 𝛿 (𝑓 𝑖
𝑘−1, 𝑓

𝑖
𝑘
) = 𝛿 (𝑓 𝑖

𝑘+𝑙 , 𝑓
𝑖
𝑘+𝑙+1) = 1).
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For the first and the last stimulus shot, we apply a slightly simplified formalization that drops the
condition 𝛿 (𝑓 𝑖

𝑘−1, 𝑓
𝑖
𝑘
) = 1 and 𝛿 (𝑓 𝑖

𝑘+𝑙 , 𝑓
𝑖
𝑘+𝑙+1) = 1, respectively. Then, we define 𝑓 𝑖𝑗 as a stitch of all

frames in 𝑠𝑖𝑗 . We define the set of all stimulus shots from all video recordings as 𝑆 = ∪𝑖𝑆
𝑖 .

Merging Stimulus Shots into Visual Stimuli. Our goal is to merge visually similar stimulus shots
within and between user sessions toward a visually coherent visual stimulus. Thus, we perform
agglomerative clustering on the stimulus shots 𝑆 across all users using a discrete distance function
𝜃 . We define 𝜃 between two stitches 𝑓𝑎 , 𝑓𝑏 as

𝜃 (𝑓𝑎, 𝑓𝑏) = (1 − 𝛿 (𝑓𝑎, 𝑓𝑏)) · 𝐴(𝑓𝑎, 𝑓𝑏).

If both stitches are visually different, 𝛿 is 1 and 𝜃 becomes 0. If both stitches are visually similar,
𝛿 is 0 and 𝜃 becomes 𝐴. The function 𝐴 computes the area of overlap between the two stitched
frames 𝑓𝑎 and 𝑓𝑏 and is measured in the number of pixels. The function serves as a similarity score
between two stitched frames. It allows us to cluster stimuli shots that cover bigger portions of
an interface. The output of the clustering is a set of stimulus shot clusters. We stitch the stitched
frames of the stimulus shots of each cluster into a single stitched image, which we call a visual
stimulus. A usability expert then works on the visual stimuli.

4 RECORDING A DATA SET OF USERS SESSIONS ON DYNAMIC INTERFACES
We have created a data set from the recording of study participant interactions with dynamic
interfaces, which corresponds to Phase 1: Setup. We decided to use popular, rich, and complex
Web sites as representatives for dynamic interfaces. The data set is segmented into sessions. We
have recorded a video and a datacast for each session. The video contains a recording of the interface
viewport on the screen as it has been displayed to a participant. The datacast conveys information
as extracted from the introspection of the interface, alongside the interaction recordings. The data
set has been published on the Zenodo platform4 under a CC0 public domain license.15

Creating a Recorder. We have developed a logger application based on the Qt [26] framework
and its integrated Chromium-based [4] Web engine. The video recording was captured with five
frames per second from the Qt environment via FFmpeg [5], using VP9 [91] encoding.16 The direct
capture from the Qt environment allowed us to exclude the mouse cursor from the video. We have
logged mouse cursor movements, mouse clicks, scroll events, and eye gaze data as interaction
recording. Scrollbars have been hidden for the recording, as they would have disturbed the features.
We identified navigation menus or advertisement banners that stay on the same viewport position
while a user scrolls, aka viewport-relative elements or fixed elements [69], by their position
property either set to fixed or sticky. Moreover, we checked the visibility of fixed elements by
(i), checking for the property display to be different from none (ii), checking for the property
visibility to be different from hidden and checking for the property opacity to have a value
higher than 0.4. Thereafter we queried for the position and extents of the fixed elements through
getBoundingClientRect(). This procedurewas triggered every 50milliseconds during a recording.
We are referring to pixels that do not belong to a fixed element as interface body. Each pixel of a
frame either belongs to the interface body or to a fixed element. See Figure 4 for examples.

The display had a size of 24 in. and a resolution of 1,680 × 1,050 pixels. TheWeb browser interface
has been limited to basic browsing controls like an address bar, back and forwards navigation,

15https://creativecommons.org/share-your-work/public-domain/cc0
16We have observed that the video encoder skipped in total 1,270 single frames (2,7% of recording time) during the

recording. The frame loss was distributed uniformly across the duration of all sessions. This loss has no impact on the
evaluations presented in this work.
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Fixed Element

Interface Body

(a) The Web site of General Motors has a fixed ele-
ment that stays on top of the viewport at scrolling.

Fixed Element

Interface Body

(b) The Web site of NIH has a fixed element that
provides links to their social media accounts.

Fig. 4. Pixels of Web sites in a viewport are either assigned to the interface body or to a fixed element.

recording facilities, and a viewport to the Web page with a resolution of 1,024 × 768 pixels, similar
to [28]. The eye gaze data was recorded with a Tobii 4C eye-tracking device, which captures eye
gaze at a frequency of 90Hz. See Figure 5 for the setup.

Defining the Recording Procedure. We have chosen twelve Web sites using English language from
four different categories, inspired by the Alexa Top 5017 categories. The category “Shopping” consists
of the sites “walmart.com” (Walmart), “amazon.com” (Amazon), and “store.steampowered.com” (Steam).
The category “News” comprises “reddit.com/r/pics/top/?t=month” (Reddit), “edition.cnn.com” (CNN),

17https://www.alexa.com/topsites

Fig. 5. The recording setup consisted of a monitor with remote eye-tracking device mounted below the screen
and mouse and keyboard for input. The photo on the right was taken during the recording.
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and “theguardian.com/international” (Guardian). The category “Health” includes “nih.gov” (NIH),
“webmd.com” (WebMD), and “mayoclinic.org” (MayoClinic). The category “Cars” consists of the
sites “gm.com” (General Motors), “nissanusa.com” (Nissan), and “kia.com/us/en/home” (Kia). We
have defined a protocol for the participants that instructed them to explore each page of each
site we included thoroughly and trigger dynamic behavior, i. e., hover over elements and menus
with the mouse, read descriptions, and click through photos of a photo carousel. For each site,
the participants started the interaction on the landing page. Then the participants were given the
task to find a specific hyperlink on the landing page and navigate to the next page. On the next
page, they were asked to explore the page and choose a hyperlink of their own choice as per their
interest. The data set was not designed to uncover usability flaws on these interfaces, as there is no
contextual task given to the participants on each site. Instead, we aimed to create a data set that
would comprise many real-world dynamics a usability expert may be confronted with within a
behavioral study. See Appendix A for details about the protocol.

Participants in the Recording. Four male participants (age = 30 ± 2.35 years) were invited for the
data set recordings. We decided to limit the recording to four participants due to the annotation
effort for the sessions of each participant. All four participants are researchers in computer science
and experienced Web users. They participated voluntarily in the data set recording. The strategy to
invite experiencedWeb users was motivated by the nature of sophisticated tasks, e. g., to explore the
dynamics of pages thoroughly, however, not to leave the page accidentally through the activation
of an outgoing hyperlink. Many menus require a mouse click for expansion, while other interface
elements lead to another site if clicked. Only experiencedWeb users canmake reasonable predictions
of these design choices.

Results of the Recording. We recorded 155 minutes of Web browsing in about 1.23GB of video
recordings and datacasts. All videos together contain a total of 45,310 frames. We have recorded
10,742 scrolls, 111,058 mouse movements, 893 clicks and 837,716 eye gaze points. The participants
have browsed 172 URLs, which means on average 3.56 URLs per session. This reflects our protocol,
considering that some participants clicked by accident on outgoing hyperlinks. The fixed elements
as encoded in the datacasts make up about 15.36% of the pixels in the video recordings. In the
remainder of the paper, we refer to the participants whom we have observed for data collection as
“users.”

5 DESIGNING A VISUAL CHANGE CLASSIFIER
The visual change classifier 𝛿 is required in the framework of visual stimuli discovery for both
splitting and merging of video recordings toward visual stimuli. When coming up with a visual
change classifier, the following two research questions must be answered:

Research Question 1 (RQ1): How can we formalize the decision model of a usability
expert about visual change?

Research Question 2 (RQ2): Which computer vision features and classifiers are best
suited to decide about visual change?

We first define a decision process from the point of view of a usability expert. Then we apply
this decision process to the collected data and perform cross annotator validation, addressing RQ1.
Considering the collected and annotated data, we introduce computer vision features from shot
and scene detection literature and discuss different options for classifiers using these features. Then
we evaluate the proposed features and classifiers, addressing RQ2.
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5.1 Annotating Visual Change in the Collected Data
We have designed a decision process that reflects the point of view of a usability expert whose
objective is to aggregate interactions on distinctive visual states of an interface, as known, e. g., from
tools like Tobii Pro Studio [92] or EYEVIDO lab [38]. This corresponds to Phase 2: Bootstrapping.
See Figure 6 for the decision process.

For annotation of the visual change according to the decision process, we prepare the collected
data as depicted in Figure 7. For each (a) consecutive pair of frames from the video (e. g., frames
n-1 and n, frames n and n+1, ...), we (b) crop the fixed elements from the frames by accessing
the DOM, as described in Section 4. In the figure this results in one region that belongs to the
interface body referred to as html/body and one region that belongs to a fixed element referred to
as html/body/nav. The regions are treated separately in the following — similarly to the enhanced
representation method [69]. Then, (c) each pair of regions is treated as an observation. We assume
that scrolling should not affect the determination of visual change, because we later stitch together
two frames from different scroll offsets. Therefore, we transform the regions from the interface
body to match in their scroll offset and we crop only the overlapping image portions for further
consideration. See Appendix B for details about our approach for estimating the scroll offset. Each
observation is then (d) manually annotated for visual change (“yes”/“no”).

We have developed a tool as part of WebVSD18 that provides a graphical interface to walk through
the observations of a user session and let a usability expert annotate the visual change following
the described procedure. See Figure 8 for a screenshot of the tool as used in the annotation. We
believe that the decision model about visual change cannot be applied in the scope of a crowd
working annotation, as it requires a deep understanding of which visual changes usability experts
are interested in. Therefore, the first author of this paper (an experienced researcher in usability
analysis) performed the task of annotating the data set over 16 hours within three days. We
automatically skipped the annotation of observations that perfectly match every pixel, as the
images are visually identical and would unnecessarily consume annotation effort. This applies to
62,283 out of the total of 86,791 observations. Thus, 23,571 observations have been annotated, from
which 4,446 observations have been annotated as visually different.

To verify the objectivity of our decision process, we also let two students annotate a subset of
the data set. The students were not involved in the development of the visual stimuli discovery.
They were introduced to the task with an explanation of the decision process on a sheet of paper
showing Figure 6 from page 19 and an in-person explanation of the annotation on one exemplary
user session. They annotated a subset of 12 user sessions out of the total of 48 user sessions, i. e.,
the shopping-related Web sites of the first user, the news-related Web sites of the second user, the
health-related Web sites of the third user, and the car-related Web sites of the fourth user. It took
them about three hours, each. We report a Fleiss’ Kappa score of 0.71 in comparing the annotations,
which is to be considered as a substantial agreement according to Landis and Koch [59]. Thus, we
successfully formalized a decision model of a usability export about visual change, resolving RQ1.

5.2 Detecting Visual Change using Computer Vision
The goal of detecting visual change with computer vision is to reproduce the human-based decision
process from Figure 6 with the video recordings as the sole input. For this, we process our dataset,
extract computer vision features, and develop classifiers to detect visual changes based on the
investigated computer vision features. This corresponds to Phase 3: Training.

18https://github.com/raphaelmenges/visual-stimuli-discovery/tree/master/code#trainer
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Fig. 6. Decision process for the annotation of visual change.
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Fig. 7. Observations are extracted from contiguous frames in a video recording and annotated for visual
change by a usability expert. We take (a) a pair of consecutive frames from the video recording and (b) crop
the fixed elements. Moreover, we normalize the scroll offset in the interface body and consider the overlap in
the following for the observation in (c). Last, (d) we label the visual change in each observation.

Preprocessing of the Data. We have removed 937 observations whose image overlap was below
or equal to 32 pixels in either width or height. We consider the overlap of below or equal 32 pixels
as not relevant for the training of the visual change classifier.

Features for Visual Change Detection. A variety of features to compare video frames is applica-
ble [33]. We compute in total 53 computer vision features categorized into seven different types,
deemed relevant to detect visual changes in an interface. See Table 2 for a listing of the features.
Value-based features consider the difference of pixel values between two images either via aggrega-
tion of absolute value differences or via counting of changed pixels. This type of low-level feature
accounts for every kind of visible change in an interface on a local scale. Histogram-based features
consider the change in color distribution between two images on a global scale. This type of feature
might support recognition of overall changes (e. g., dimming of background) on the interface, while
local changes might go unnoticed. Edge-based features rely on changes in the visibility of edges
between two images. Edges are an important aspect of human vision. Therefore, they may provide a
strong indication of visual changes on an interface. Signal-based features like peak-signal-to-noise
ratio (PSNR) and the mean structural similarity index [99] (MSSIM) are popular to measure image
quality differences between two images. Optical-flow-based features consider the movement of
content in video frames. This type of feature might be of interest for moving content like photo
carousels and scrollable regions like chat windows. SIFT-based features could match descriptors
of remarkable points between two images. This complex feature supports checking for changing
contents at a layout level. Some interfaces predominately contain textual content. We detect text
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Fig. 8. Screenshots of the tool used to annotate visual change in each observation. On the left is a screenshot
that shows the observation of the interface body in frame 110 and frame 111 on NIH in the session of the
first user. The observation should be annotated as visually different, due to the open menu in the second
frame. On the right is a screenshot that shows the observation of a fixed element in frame 317 and frame 318
on NIH in the session of the first user. The observation should be annotated as visual same because the visual
change is not of relevance for usability analysis due to the rather small area of change.

using the Tesseract 4.0 optical character recognition library [84] and derive text-based features. We
use the recognized texts both for bag-of-words and for character-level n-gram (with n = 3 [101])
similarity estimations. See Appendix C for more details about the features. We have computed the
features using OpenCV [12]. Moreover, we have normalized all features independently with the
min-max method. The min-max method normalizes all values of each feature in the training data
between zero and one and applies the same transformation for the test data.

Choice of Classifiers for Visual Change Detection. Despite the trend toward deep learning in
interface understanding [23, 100], we employ traditional classifiers in this work. This decision
has been taken due to the limited amount of data we have available, as it has to be annotated
by usability experts. Moreover, there exist well-received and ready-to-use automatic video shot
segmentation tools [52]. One of the best scoring tools is the Multimedia Knowledge and Social
Media Analytics Laboratory (MKLab) [71], which we have applied to our data set. The tool uses a
score function, based on local (SURF) and global (color histograms) features, to compare consecutive
frames for transitions. Applied to our data set, the MKLab tool detects only 175 shot separations
through abrupt transitions, one dissolve transition, and 49 wipe transitions. In comparison, we have
manually annotated 4,446 shot separations throughout the data set. Thus, we argue that existing
video shot segmentation tools which look for explicit transitions cannot be applied to the problem
of visual stimuli discovery and we need to investigate choices in features and classifiers for the
detection of visual change as important to a usability expert.

We have evaluated a logistic regression classifier, a support vector classifier (SVC), and a random
forest classifier. The SVC uses a radial basis function kernel and balanced class weighting using
the synthetic minority over-sampling technique [61]. The random forest classifier makes use of
100 decision trees and entropy as a measurement for purity. We have also evaluated different tree
counts, yet variations did not yield an improvement in classification. Analogously to the SVC, a
balanced class weighting has been applied. Additionally, we have implemented a baseline classifier.
For every training set, a threshold of the feature count_bgr is optimized regarding an average
weighted F1 score. The threshold determined in the count_bgr feature is then used to classify the
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Table 2. Computer vision features we have evaluated to estimate visual change. Postfixes b, g, and r stand for
the blue, green, and red color channel, respectively. Postfixes h, s, and l stand for hue, saturation, and lightness.
The postfixes of the SIFT-based matches describe the applied threshold on the SIFT-feature similarity score.
The postfix spatial stands for an additional check for a similar image coordinate. See Appendix C for details.

Type Value-based Histogram-based

Feature Aggregation Count Correlation
Variations agg_bgr/b/g/r count_bgr/b/g/r corr_b/g/r

agg_h/s/l count_h/s/l corr_h/s/l
agg_gray count_gray corr_gray

Type Edge-based Signal-based

Feature Change Fraction PSNR MSSIM
Variations change_fraction psnr mssim_b/g/r

Type Optical-flow-based SIFT-based

Feature Angle Magnitude Match
Variations angle_mean/std mag_max/mean/std match/_0/4/16/64/256/512

match_spatial
match_dist_min/max/mean/std

Type Text-based

Feature Bag of Words n-Grams
Variations diff_words_count n_grams_match_count/match_ratio/jaccard

unique_term_count n_grams_min_count/max_count
n_grams_vocabulary_size

test data. The baseline can be intuitively described as a threshold of the number of pixels that are
different between two images.

5.3 Evaluating Visual Change Classifiers
After introducing our evaluation setup, we explore two usage scenarios for the visual change
classifiers. In the first usage scenario, we perform training and testing with sessions on the same
Web site, representing highly similar interfaces. This is a scenario in which a usability expert would
annotate the video recording of one user on a specific Web site and then apply the trained classifier
to separate the interaction recordings of all other users. In the second usage scenario, we perform
training and testing with sessions across Web sites, representing diverse interfaces with different
layouts and contents. This is a scenario in which a classifier would be trained independently from
the task at hand of the usability expert. This usage scenario accounts for visual changes that are
general to many Web sites. We have used Python 3 with scikit-learn [79] for both usage scenarios.

Evaluation Setup. Evaluating visual change discovery, we borrow methodology from shot de-
tection. Typical evaluations of shot detection methods are tested on 6 [24, 106] to 10 [95] movies.
We have evaluated the technical accuracy on our recordings from 12 real-world Web sites visited
by 4 users, resulting in 48 user sessions. Our technical evaluation relies on the manual annotation
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of visual frames and visual stimuli by one of the authors. However, the annotations process has
been verified by a cross-validation with 2 students who labeled 12 out of 48 user sessions for visual
change.

The targets of the classifiers are the two classes of “visual change” and its absence, called “visual
same.” We report the F1 scores per class. Additionally, we report the measures of coverage and
overflow for shot detection [96]. The measure of coverage indicates how much a stimulus shot from
the ground truth is represented by the most overlapping computed stimulus shot. For example,
see Figure 9 (a). The ground-truth stimulus shot 𝑠𝑛 has most overlap with the computed stimulus
shot 𝑠2, which represents 3 out of 7 frames of 𝑠𝑛 . Thus, the coverage of 𝑠𝑛 is 3/7 ≈ 0.43. A value
close to one is better, a value close to zero is worse. The measure of overflow indicates how much
the neighboring stimulus shots of each ground-truth stimulus shot are overlapped with computed
stimulus shots intersecting with the ground-truth stimulus shot.
For example, see Figure 9 (b). The ground-truth stimulus shot 𝑠𝑛 neighbors with 𝑠𝑛−1 and 𝑠𝑛+1.

Moreover, 𝑠𝑛 is represented by the computed stimulus shots 𝑠2 and 𝑠3. The overflow computes how
much the computed stimulus shots representing 𝑠𝑛 overlap with the the neighbors of 𝑠𝑛 . Out of 3
frames in 𝑠𝑛−1, 1 frame overlaps with 𝑠2. Out of 3 frames in 𝑠𝑛+1, 3 frames overlap with 𝑠3. Thus, the
overflow of 𝑠𝑛 is (1 + 3)/(3 + 3) = 0.6. A value close to zero is better, a value close to one is worse.
We calculate coverage and overflow by first taking the labels of visual change as boundaries of the
ground-truth stimulus shots. Each classifier is then applied to compute visual changes, which are
then taken as boundaries of computed stimulus shots.

𝑓! 𝑓" 𝑓# 𝑓$ 𝑓% 𝑓& 𝑓' 𝑓! 𝑓" 𝑓# 𝑓$ 𝑓% 𝑓& 𝑓' 𝑓(

𝑠̃)

𝑠! 𝑠" 𝑠#
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Longest overlap
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(a) (b)
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Overflown frames of 𝑠̃)

Fig. 9. Intuition of (a) coverage and (b) overflow measures. Inspired by Figure 1 of Vendrig and Worring [96].

Usage Scenario 1: Within Site. In this setting, we have performed evaluations when working on a
single Web site, where the scenario is that the annotation of one user session serves as training
data the other three user as test data. This corresponds to 25% of the data from one Web site for
training and 75% of the data from the same Web site for testing. Rotating the one user session
that serves as training material, we thus apply a four-fold cross-validation. We think this scenario
represents a realistic usage of WebVSD by one usability expert. For a more conventional data split
using more data for training than for testing, see the second usage scenario. Initially, we have
performed an importance analysis of the features with scikit-learn, which uses a forest of decision
trees to determine the relative importance of each feature in the decisions.19 The results are listed
in Table 3.

19https://scikit-learn.org/stable/auto_examples/ensemble/plot_forest_importances.html
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Table 3. Feature importances when considering one user session as training data and three user sessions as
test data.

Rank Feature Importance Rank Feature Importance

1. change_fraction (edge) 9.5% ± 5.2% 9. psnr (signal) 3.5% ± 3.4%
2. mssim_r (signal) 5.5% ± 4.2% 10. agg_g (value) 3.4% ± 2.1%
3. mssim_g (signal) 5.2% ± 3.5% 11. agg_bgr (value) 3.2% ± 2.2%
4. match_256 (SIFT) 4.3% ± 3.8% 12. agg_r (value) 2.8% ± 1.7%
5. match_spatial (SIFT) 4.2% ± 3.6% 13. agg_gray (value) 2.7% ± 1.5%
6. mssim_b (signal) 4.2% ± 3.1% 14. agg_h (value) 2.5% ± 2.4%
7. count_b (value) 4.1% ± 3.2% 15. match_64 (SIFT) 2.3% ± 1.5%
8. count_l (value) 3.5% ± 1.7% 16. mag_max (optical flow) 2.2% ± 2.5%

We observe that the most important features are edge-based, signal-based, SIFT-based, and
value-based. The features from optical flow, histograms, and text recognition are not important.
Considering only the important features, we have performed a four-fold cross-validation of the
bespoken classifiers. The results are listed in Table 4. The random forest classifier outperforms the
SVC and the logistic regression, why their results are omitted from the table.

The F1 scores for visual same and visual change are overall better for the random forest classifier
than for the baseline classifier. The F1 score for detecting visual same is for all Web sites above 90
percent, even reaching over 95 percent in eight out of twelve Web sites. The F1 scores for the visual
change are mixed. For sites like NIH, MayoClinic, and Nissan the F1 score is above 90 percent. For
other sites like CNN (60%), Reddit (74%), Guardian (79%), and WebMD (73%) the F1 score is below
80 percent. The classification of visual change seems to be worse on news-related sites in general.
In detail, on the recall is better on CNN, Reddit and Guardian (81%, 82%, 87%) than the precision
(51%, 69%, 74%). We think a higher recall is more favourable than a higher precision, because a
false-positive classification does only lead to more stimulus shots which may lead to a higher count
of visual stimuli. In contrast, a false-negative leads to merging visually different frames, which
would mean an incorrect synchronization of interaction data with the visual stimulus. The WebMD
site from the health category has an low F1 score for visual change in comparison to the other
sites from the health category. In detail, the precision is 75% and the recall is 71%. After manually
checking which visual changes are not recognized, we found that visual changes between the bright
background and white menu do not cause significant changes regarding most features.

The baseline classifier often performs best in the overflow measure. However, one must look at
both coverage and overflow in combination. For example, for the NIH site, the baseline classifier
produces many false-positive shot boundaries. Thus, the overflow is zero (which is very good) but
so is the coverage (which is bad). The video would be divided into far too many stimulus shots,
resulting in an over-segmentation.

Usage Scenario 2: Across Sites. This scenario mimics a setting where a usability expert does not
train the tool itself, but rather relies on the tool being pretrained on other domains. Per category,
we use the user sessions from the three other categories as training data and the user sessions from
the category itself as testing data. This corresponds to 75% of the data for training and 25% of the
data for testing. Analogously to the first scenario, we performed an importance analysis of the
features with scikit-learn. The results are listed in Table 5.

The results are similar to those from the first usage scenario, with a slightly different weighting.
The edge-based feature is even more important, while again the signal, value, and SIFT-based
features contribute to most classifications. Similar to the first usage scenario, the features from
optical flow, histograms, and text recognition are not important. Considering only the important
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Table 4. Classifiers of visual change when considering only value-based, edge-based, signal-based, and SIFT-
based features. We use a four-fold cross validation. One user session acts as training data, and three user
sessions act as test data. We report F1 scores and the shot-detection measures of coverage and overflow for
the interface body. R. Forest is a random forest classifier. Best classifier result per Web site is printed in bold
font. ↑ denotes that a higher value is better. ↓ denotes that a lower value is better.

Shopping Sites Walmart Amazon Steam

Classifier R. Forest Baseline R. Forest Baseline R. Forest Baseline
↑ Visual Same [F1] 94% ± 02% 88% ± 02% 95% ± 01% 91% ± 01% 92% ± 00% 72% ± 03%
↑ Visual Change [F1] 88% ± 03% 79% ± 02% 85% ± 03% 76% ± 01% 81% ± 02% 58% ± 01%
↑ Agg. Coverage 0.96 ± 0.04 0.81 ± 0.02 0.96 ± 0.02 0.87 ± 0.04 0.91 ± 0.03 0.82 ± 0.03
↓ Agg. Overflow 0.17 ± 0.07 0.04 ± 0.03 0.12 ± 0.04 0.11 ± 0.03 0.08 ± 0.06 0.11 ± 0.05

News Sites Reddit CNN Guardian

Classifier R. Forest Baseline R. Forest Baseline R. Forest Baseline
↑ Visual Same [F1] 96% ± 01% 84% ± 03% 93% ± 03% 76% ± 07% 97% ± 00% 80% ± 02%
↑ Visual Change [F1] 74% ± 04% 45% ± 05% 60% ± 09% 33% ± 01% 79% ± 03% 44% ± 03%
↑ Agg. Coverage 0.96 ± 0.03 0.75 ± 0.02 0.83 ± 0.09 0.53 ± 0.05 0.87 ± 0.02 0.51 ± 0.02
↓ Agg. Overflow 0.10 ± 0.05 0.00 ± 0.00 0.30 ± 0.20 0.08 ± 0.13 0.07 ± 0.05 0.00 ± 0.00

Health Sites NIH WebMD MayoClinic

Classifier R. Forest Baseline R. Forest Baseline R. Forest Baseline
↑ Visual Same [F1] 97% ± 01% 87% ± 02% 93% ± 01% 86% ± 02% 98% ± 00% 94% ± 01%
↑ Visual Change [F1] 92% ± 03% 72% ± 01% 73% ± 02% 63% ± 04% 90% ± 01% 79% ± 01%
↑ Agg. Coverage 0.97 ± 0.02 0.68 ± 0.09 0.90 ± 0.03 0.82 ± 0.04 0.96 ± 0.02 0.77 ± 0.02
↓ Agg. Overflow 0.11 ± 0.05 0.00 ± 0.00 0.13 ± 0.05 0.07 ± 0.02 0.06 ± 0.01 0.05 ± 0.03

Car Sites General Motors Nissan Kia

Classifier R. Forest Baseline R. Forest Baseline R. Forest Baseline
↑ Visual Same [F1] 97% ± 00% 83% ± 03% 97% ± 00% 93% ± 01% 97% ± 00% 93% ± 01%
↑ Visual Change [F1] 82% ± 01% 40% ± 03% 90% ± 01% 79% ± 02% 84% ± 03% 48% ± 01%
↑ Agg. Coverage 0.91 ± 0.03 0.69 ± 0.10 0.96 ± 0.03 0.79 ± 0.04 0.90 ± 0.05 0.80 ± 0.03
↓ Agg. Overflow 0.24 ± 0.07 0.21 ± 0.19 0.13 ± 0.06 0.10 ± 0.10 0.14 ± 0.10 0.04 ± 0.07

Table 5. Feature importances when considering the user sessions of three categories as training data and the
user sessions of one category as test data.

Rank Feature Importance Rank Feature Importance

1. change_fraction (edge) 13.8% ± 1.7% 9. count_b (value) 2.7% ± 0.5%
2. psnr (signal) 9.6% ± 1.2% 10. agg_h (value) 2.5% ± 0.2%
3. agg_b (value) 5.1% ± 0.6% 11. match_256 (SIFT) 2.4% ± 0.3%
4. agg_g (value) 5.0% ± 0.6% 12. agg_s (value) 2.4% ± 0.6%
5. agg_gray (value) 4.9% ± 0.4% 13. count_bgr (value) 2.2% ± 0.4%
6. agg_l (value) 4.3% ± 0.6% 14. count_s (value) 2.1% ± 0.6%
7. agg_r (value) 3.6% ± 0.3% 15. count_g (value) 2.1% ± 0.4%
8. agg_bgr (value) 3.3% ± 0.5% 16. count_g (value) 2.0% ± 0.5%

features, we have performed a four-fold cross-validation of the bespoken classifiers. The results are
listed in Table 6. The random forest classifier outperforms the logistic regression, therefore results
from the latter are omitted from the table.
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Table 6. Classifier of visual change with user sessions across categories when considering only value-based,
edge-based, signal-based, and SIFT-based features. The user sessions of three categories act as training data,
and the user sessions of one category acts as test data. SVC is a support vector classifier, R. F. is a random
forest classifier. B. is the baseline classifier. Best classifier result per category is printed in bold font. ↑ denotes
that a higher value is better. ↓ denotes that a lower value is better.

Category Shopping News Health Cars

Classifier SVC R. F. B. SVC R. F. B. SVC R. F. B. SVC R. F. B.
↑ Visual Same [F1] 93% 93% 76% 92% 94% 82% 96% 96% 87% 97% 96% 88%
↑ Visual Change [F1] 83% 84% 65% 54% 64% 39% 84% 87% 63% 85% 82% 54%
↑ Agg. Coverage 0.95 0.93 0.74 0.93 0.91 0.62 0.95 0.96 0.78 0.93 0.90 0.68
↓ Agg. Overflow 0.11 0.04 0.02 0.27 0.20 0.05 0.10 0.09 0.06 0.17 0.14 0.06

The F1 scores for visual same are similar to the first usage scenario. For both SVC and the random
forest classifiers, the F1 score is over 90 percent. However, for visual change, the classification is
partly worse than in the first usage scenario. While the F1 score of visual change on Reddit and
Guardian are 74 percent and 79 percent respectively, the corresponding F1 score of news is for the
second usage scenario at best 64 percent.

Takeaway about the Detection of Visual Change. The important features are edge-based, signal-
based, SIFT-based, and value-based across both usage scenarios. We speculate that there may have
been insufficient movement on the interfaces to trigger optical flow. Histograms appear to be
less useful for our purpose, as there are usually no global changes in color distribution caused by
dynamics in interfaces. The text-based features have been promising, yet it might be that dynamics
do not introduce enough new text to be detected in comparison to the already existing text on an
interface. The optical character recognition seems also to be very sensitive to fading animations.
This takeaway addresses RQ2 in regard to which computer vision features are best suited to decide
about visual change.
The baseline classifier can be consistently outperformed by SVC and random forest classifiers.

SVC and the random forest classifiers are both viable choices for visual change classification,
especially in the second usage scenario. This takeaway addresses RQ2 in regard to which classifiers
are best suited to decide about visual change. Nevertheless, the performance of visual change
classification varies from interface to interface, as visible in the results from the first usage scenario.
In the following application and evaluation, we therefore employ the first usage scenario. This
allows for deep insights into what better or worse performance in visual change classification
means to the visual stimuli discovery.

6 WEBVSD: DISCOVERING VISUAL STIMULI ONWEB SITES
We define how to discover visual stimuli on Web sites given the visual change classifier from
the previous section as our method implementation WebVSD, which corresponds to Phase 4:
Application. Similar to the annotation, pixels from the interface body and the fixed elements are
treated separately in the visual stimuli discovery. This is motivated by our previous work [69],
in which we demonstrated how fixed elements can be overlaid on stitched screenshots from the
interface body for a more efficient usability analysis.
First, we split the video recordings into stimulus shots. See Figure 10a for an illustration of the

splitting procedure in visual stimuli discovery. (a) Initially, the first frame is considered the current
stimulus shot. Then, we take the next frame, (b) normalize scrolling, and (c) compute the features
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(b) Merging stimulus shots into visual stimuli.

Fig. 10. Application phase of the visual stimuli discovery by example. Initially, all video recordings are split
into stimulus shots. Then, the stimulus shots are merged across user sessions toward visual stimuli.

on the overlap of both frames. If the visual change classifier detects a based on the features, (d) the
current stimulus shot is closed and a new stimulus shot is started with the currently processed
frame. If the visual change classifier does detect no change, (e) the currently processed frame is put
into the current stimulus shot. (f) The frames of the stimulus shot are stitched and considered for
the next frame in the detection of visual change. After the splitting, each video recording of user
sessions is partitioned into a series of stimulus shots.

We have decided to not stitch the frames at the very end of the splitting procedure. Instead, we
stitch the frames on the fly during the splitting procedure. This allows us to compare each frame
from the video recording not only with the previous frame but with the so-far stitched frame of the
current stimulus shot. The stitched frame can contain areas from frames before the previous frame,
such that the visual change classification has more information to decide whether the current frame
belongs to the current stimulus shot or not. Therefore, this approach further improves the outcome
of the splitting procedure.
Second, we perform agglomerative clustering with single linkage on the set of all stimulus

shots. Analogously to the splitting process, the stitched images of stimulus shots that are found
to be similar during clustering are stitched together and treated as a single stimulus shot in the
further course of clustering. In the end, visually coherent stimulus shots have been merged into
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Table 7. Visual change classifier that has been employed to execute the framework of visual stimuli discovery.
The classifier has been trained with session of the first user on each Web site, according to the first usage
scenario. ↑ denotes that a higher value is better. ↓ denotes that a lower value is better.

Web Site Walmart Amazon Steam Reddit CNN Guardian

↑ Vis. Same [F1]* 92% 93% 93% 97% 89% 97%
↑ Vis. Change [F1]* 85% 82% 80% 78% 50% 81%
↑ Agg. Coverage* 0.91 0.95 0.97 0.95 0.78 0.88
↓ Agg. Overflow* 0.06 0.07 0.13 0.06 0.07 0.11

Web Site NIH WebMD MayoClinic GM Nissan Kia

↑ Vis. Same [F1]* 95% 94% 98% 97% 98% 98%
↑ Vis. Change [F1]* 88% 78% 91% 84% 93% 87%
↑ Agg. Coverage* 0.95 0.94 0.99 0.95 0.98 0.95
↓ Agg. Overflow* 0.08 0.14 0.05 0.11 0.15 0.15

visual stimuli. See Figure 10b for a graphical illustration of the merging procedure in visual stimuli
discovery. (a) We consider each pair of stimulus shots and (b) compute features on the overlap of
their stitched frames. The features are fed into the classifier of visual change. (c) If a visual change
is detected between the stitched frames of a pair of stimulus shots, a score of zero is assigned as
their similarity score. If there is no visual change, the pixel area of overlap of the stitched frames
is assigned as their similarity score. (d) All similarity scores are entered into a matrix that stores
pairwise similarities between entries. Initially, all entries belong to pairs of stimulus shots. When
a pair of stimulus shots are merged, the merged stimulus is considered instead, and the stitched
frame of the merged stimulus shots is used for the computation of further similarity scores. (e) We
iteratively take the entry with the highest score and merge the corresponding pair of stimulus
shots. The procedure does stop at a predefined threshold of similarity that no entry in the matrix
exceeds. The remaining stimulus shots, regardless of whether they have been merged with other
stimulus shots or not, are considered as visual stimuli, represented through their stitched frames.
Many Web sites contain animations of dynamic elements like in- and out-fading menus or

moving photos in photo carousels. The duration of the animations is usually below one second
and triggers a visual change classifier more than once during the animation. We argue that any
stimulus shot that lasts below one second should not contribute to the discovery process, as those
stimulus shots would produce over-segmented results. Therefore, we merge stimulus shots below
one second to the closest stimulus shot in time that is at least one second long without stitching
the pixels of the shorter stimulus shot.

We have implemented WebVSD3 in C++, using OpenCV [12] and the Shogun machine learning
library [85]. We have applied WebVSD to our data set. Specifically, we have chosen the classifiers
from the first usage scenario trained with the video recording and labels of the first user. See Table 7
for details about the performance of the classifiers. Applying WebVSD to our data set, we discover
2,742 visual stimuli for the twelve Web sites across the four user sessions each. See Appendix D
for an example of the visual stimuli discovered by WebVSD. Examples about edge-cases in visual
change classification are depicted in Appendix E, which is part of the quality evaluation of WebVSD.

28



Visual Stimuli Discovery To appear in ACM Transactions on the Web, Accepted January 2025,

7 ASSESSING THE QUALITY OF VISUAL STIMULI
The goal of the visual stimuli discovery is to reduce the information overload in usability analyses
while accurately representing the recorded user sessions. This leads us to the following two research
questions:

Research Question 3 (RQ3): How much can the visual stimuli discovery reduce the
information overload in comparison to video recordings?

Research Question 4 (RQ4): How accurately do the visual stimuli represent the
screen contents for a subsequent usability analysis?

We compare the number of pixels in the visual stimuli to the number of pixels in the video record-
ings to measure information overload, addressing the RQ3. This measure provides a reasonable
indication about how much data a usability expert has to scan when analyzing the user sessions.
The measure can be computed from the data alone. In contrast, the accuracy in representing the user
sessions in the visual stimuli cannot be computed from the data alone, as the decision process of
visual change must be taken into account. Therefore, we need to annotate for each discovered visual
stimulus whether it represents the video recording correctly, addressing RQ4. This assessment
verifies the outcome of Phase 4: Application.

7.1 Annotating the Discovered Visual Stimuli
We annotate for every frame of the video recordings whether it is correctly represented by one of
the discovered visual stimuli according to our definition of visual change in Figure 6 on page 19.

Original Frame from Video Recording
Amazon.com, Participant 1, Frame 132

Corresponding Region
in the Visual Stimulus

Fig. 11. Screenshot of our tool to check for a frame whether it is correctly represented in a discovered visual
stimulus. In addition to a side-by-side comparison on the top, we also display a difference-image on the
bottom. In the example given, the product pictures are missing from the frame, whereas the product pictures
are visible in the visual stimulus. Therefore, we have labeled the representation of the frame as incorrect.
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Table 8. Quality of the visual stimuli from the interface body. Some frames are entirely covered by fixed
elements and do not account for this assessment. The count of annotated frames is therefore stated as #
Annotated Frames. The number of discovered visual stimuli on these frames is denoted as # Visual Stimuli. The
Pixel Ratio is computed by considering dividing the number of pixels from the visual stimuli by the number of
pixels from the frames that display the interface body. The number of ratio of Correct Frames frames shows
how many frames have been labeled as correctly represented by their visual stimulus. ↑ denotes that a higher
value is better. ↓ denotes that a lower value is better.

Web Site Walmart Amazon Steam Reddit CNN Guardian

# Annotated Frames 3, 511 4, 553 5, 466 2, 078 3, 433 3, 725
# Visual Stimuli 135 189 186 37 60 32
↓ Pixel Ratio 5.79% 6.55% 4.84% 5.06% 3.72% 2.91%
↑ Correct Frames 96.89% 95.46% 81.77% 97.23% 99.13% 66.31%

Web Site NIH WebMD MayoClinic GM Nissan Kia

# Annotated Frames 2, 623 3, 736 2, 904 2, 688 4, 507 2, 152
# Visual Stimuli 30 100 38 39 82 22
↓ Pixel Ratio 1.96% 4.14% 2.32% 3.09% 3.67% 2.16%
↑ Correct Frames 99.88% 85.01% 96.5% 95.97% 88.79% 99.1%

We have created a dedicated tool to perform the annotation in WebVSD.20 The tool has a two-
column interface, where the left column displays a frame from the video recording and the right
column displays the visual stimulus by which the frame is represented. See Figure 11 for a screenshot
of the tool. If the pixels between the frame and the visual stimulus match perfectly, the frame is
automatically labeled as represented correctly. See Appendix E for examples from the annotation.
We perform the annotation and assessment separately for the interface body and the fixed elements
in the following.

7.2 Assessing theQuality of Visual Stimuli from the Interface Body
We assess the quality of visual stimuli by estimating their potential reduction in visual overload
and the accuracy in representing the screen contents from the user sessions. The results of the
quality assessment are listed in Table 8. The ratio between the number of pixels in the visual stimuli
and the number of pixels in the video recordings is on macro average 3.85% ± 1.47%, indicating
that the visual stimuli contain tremendously fewer pixels than the video recordings, addressing
RQ3. We argue that this indicates a reduced information overload in usability analysis. In total,
41,376 frames have been annotated with regard to the interface body. The first author of this work
has labeled 35,886 frames manually. 5,490 frames have been matched perfectly with their visual
stimuli and were automatically labeled as correctly represented. The annotation results state that
on macro average 92% ± 10% frames are correctly represented by their visual stimuli, addressing
RQ4. However, the results differ between the Web sites. For eight of the sites, the scores are well
above ninety percent (Walmart with 96.89%, Amazon with 95.46%, Reddit with 97.23%, CNN with
99.13%, NIH with 99.88%, MayoClinic with 96.5%, GM with 95.97%, and Kia with 99.1%). However,
for Steam with 81.77%, Guardian with 66.31%, WebMD with 85.01%, and Nissan with 88.79% the
number of correct frames are below ninety percent. On the Steam site, we found that the order
of game tiles and the order of screenshots of games have been randomized across user sessions.

20https://github.com/raphaelmenges/visual-stimuli-discovery/tree/master/code#finder
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Thus, many frames were wrongly merged into visual stimuli with a similar-looking layout while
containing similar pictures at different positions of the layout. See Figure 32 on page 63 for an
example. The Guardian site changed articles and respective photos on the front page during the
six hours of data set recording, yet, the frames were still merged into visual stimuli. See Figure 29
on page 61 for an example. The WebMD site displayed personalized advertisements in each user
session. See Figure 33 on page 63 for an example. Furthermore, some elements on the WebMD site
were slightly moving up and down during loading the page, which impacted the entire layout of
the page over time. The Nissan site displayed photo carousels with only a slightly different look,
which the visual change classifier struggles to distinguish. See Figure 31 on page 62 for an example.
There is some noise in the results across all sites introduced by animated advertisement banners
and users who highlighted text spans with the cursor.

7.3 Assessing theQuality of Visual Stimuli from Fixed Elements
We found that the visual stimuli discovery created far too many visual stimuli on fixed elements.
See Table 9 for the count of visual stimuli discovered on the interface body against the count of
visual stimuli discovered on fixed elements. WebVSD has discovered more visual stimuli on fixed
elements than on the interface body on eight Web sites, while fixed elements are only 15.36% of the
pixels in the video recordings. The visual stimuli discovery clearly fails for fixed elements, why we
did not take the futile effort to annotate the quality of visual stimuli from fixed elements. Instead,
we provide two examples of the visual stimuli discovery fails for fixed elements.

Figure 12 shows the top menu on the Walmart site, which is a fixed element. The top menu
has a rectangular shape and does not change its shape over time. Therefore we expect a single
visual stimulus to be discovered from it in our WebVSD. But the background of the top menu is
transparent, such that the contents from the interface body are visible behind the top menu. As the
top menu stays on a fixed position, the portion of the interface body that is visible through the top
menu changes during a user session because of animations and scrolling by the user. This changes
the appearance of the top menu dramatically over time and causes WebVSD to discover 105 visual
stimuli. Figure 13 shows a chat avatar on the Kia site, which is a fixed element. A chat avatar has a
non-rectangular shape and changes its vertical position in a hovering animation over time. The
animation and the transparency make WebVSD discover 669 visual stimuli.

We discuss the limitation in discovering visual stimuli fromfixed elements in Section 9 and suggest
approaches for handling fixed elements properly in future works. Similar issues of discovering too
many visual stimuli may arise on highly personalized Web sites in e-commerce that look different
to every user. However, the aim of the visual stimuli discovery is to provide a basis of visually
similar stimuli on which the interaction data of multiple users can be analyzed in combination.
Therefore, highly personalized Web sites are not in the scope of the targeted interfaces and are
thus not included in the data set.

8 EVALUATING THE USEFULNESS OF AUTOMATICALLY DISCOVERED VISUAL
STIMULI

While Section 5 and Section 7 provide quantitative measurements of technical correctness, the
question remains open whether the visual stimuli discovery is useful for usability experts. Therefore
we take the point of view of a usability expert employing WebVSD in her workflow. We come up
with two research questions in this regard:

Research Question 5 (RQ5): Can visual stimuli represent the interface in a manner
that enables subsequent usability analysis for a usability expert?
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Table 9. Count of visual stimuli per Web site from the interface body and from fixed elements.

Web Site Walmart Amazon Steam Reddit CNN Guardian

Total Count 349 266 186 151 275 123
Interface Body 135 189 186 37 60 32
Fixed Elements 214 77 0 114 215 91

Web Site NIH WebMD MayoClinic GM Nissan Kia

Total Count 171 164 38 143 185 691
Interface Body 30 100 38 39 82 22
Fixed Elements 141 64 0 104 103 669

walmart/stimuli/0_html~body~div-0~div~div~div-0~div-0~div-js-global-header-wrapper~div~div-vh-header/37.png

walmart/stimuli/0_html~body~div-0~div~div~div-0~div-0~div-js-global-header-wrapper~div~div-vh-header/25.png

walmart/stimuli/0_html~body~div-0~div~div~div-0~div-0~div-js-global-header-wrapper~div~div-vh-header/24.png

walmart/stimuli/0_html~body~div-0~div~div~div-0~div-0~div-js-global-header-wrapper~div~div-vh-header/4.png

walmart/stimuli/0_html~body~div-0~div~div~div-0~div-0~div-js-global-header-wrapper~div~div-vh-header/0.png

Fig. 12. Visual stimuli discovered from the top menu on the Walmart site, which is a fixed element. We
indicate the file path to the visual stimulus in the data set below each visual stimulus.

kia/stimuli/2_html-ng-app~body~div-6/0.png

kia/stimuli/2_html-ng-app~body~div-6/41.png
kia/stimuli/2_html-ng-app~body~div-6/107.png

kia/stimuli/2_html-ng-app~body~div-6/210.png
kia/stimuli/2_html-ng-app~body~div-6/217.png

kia/stimuli/2_html-ng-app~body~div-6/15.png
kia/stimuli/2_html-ng-app~body~div-6/21.png

kia/stimuli/2_html-ng-app~body~div-6/39.png

Fig. 13. Visual stimuli discovered from a chat robot on the Kia site, which is a fixed element. We indicate the
file path to the visual stimulus in the data set below each visual stimulus.

Research Question 6 (RQ6): Can visual stimuli make the workflow of a usability
expert more efficient?

Addressing both research questions RQ5 and RQ6, we analyze four case studies in detail and
report the results of an interactive survey with experts. This evaluation corresponds to Phase 5:
Analysis.
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8.1 Case Studies about using Automatically Discovered Visual Stimuli
We aim to investigate how the common practice of AOI marking might benefit or might be
jeopardized by tools that exploit visual stimulus discovery. It seems methodologically infeasible
to come up with representative samples of Web sites that a usability expert has to study and
representative samples of AOIs that a usability expert would define. Therefore, we cannot and
do not want to claim that we can provide a comprehensive data set with complete gold standard
annotations. However, we are interested in practical observations that we derive from the application
of visual stimuli discover.
Moreover, usability experts perform the analysis of interfaces in professional software suites

like Tobii Pro Studio [92], RealEye.io [86], or EYEVIDO Lab [38]. These software suites integrate
the recording of user sessions on Web sites, the data processing, and the analysis into a single
workflow. The tight integration of the workflow is necessary due to the amount and specificity of the
collected data. There are yet no standard formats to store eye gaze data or interface representations.
However, this proprietary handling of data renders it impractical to plug the method of visual
stimuli discovery into existing software suites. Therefore, we perform the case studies outside a
software suite and we have written custom tools for annotation.
We first explain the design of our case studies. As part of each case study, we mimic plausible

behaviour of a usability expert by annotating video recordings with typical AOIs. Based on these
annotations, we annotate video recordings and visual stimuli of the case studies about the occurrence
of the respective AOI in terms of precision and recall.

Choice of the AOIs. We have decided to perform case studies for a variety of Web sites and AOIs
from our data set that are chosen according to the following three heuristics H1 – H3, which ensure
that corresponding AOIs cannot be found trivially:

H1: The AOI has occurred in every user session on the respective Web site.
H2: The AOI contains an interactive element that users have interacted with.
H3: The AOI covers contents that have a dynamic appearance or a complex visibility configuration.

We have chosen four AOIs, each analyzed in one case study. See Figure 14 for images of the AOIs.
In the following we shortly introduce and motivate each AOI:
(a) A tile on CNN. The tile links to the review of the movie “Captain Marvel.” The tile was on

the second page of the CNN site the users have browsed to (H1). The tile has been gazed at and
hovered with the mouse cursor by the users (H2). At page load, the tile changes its appearance
over time as itself and its styling is loaded (H3).
(b) The top menu on Guardian. The top menu was available on all pages of the Guardian site

(H1). Users individually expanded the top menu, hovered with the mouse cursor over the entries,
and collapsed the top menu. In addition, they were advised to click on the “Sports” entry, according
to the protocol as listed in Appendix A (H2). Hovering with the mouse cursor, enhancing, and
collapsing dynamically also changed the appearance and visibility of the top menu (H3).

(c) The footer menu on Walmart. The footer menu was on the bottom of all pages of the Walmart
site (H1). Users gazed through the entries of the footer menu and were asked to click on “Toys”
under “In The Spotlight,” according to the protocol as listed in Appendix A (H2). The footer menu
itself is not dynamic but often overlaid by another menu that is aligned to the left side of the
viewport. This makes the visibility configuration of the footer menu complicated (H3). See Figure 17
for a situation in which the footer menu is overlaid by the menu from the left.

(d) A carousel slide onWebMD. The carousel was on the second page of the WebMD site the users
have browsed to and every user was confronted with that slide in the carousel (H1). Users could
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(a) Tile on CNN (b) Top Menu on Guardian

(c) Footer Menu on Walmart (black frame added for readability) (d) Carousel Slide on WebMD

Fig. 14. AOIs that have been chosen for the case studies.

navigate through multiple slides in the carousel by clicking on the arrow icons (H2). Additionally,
the slides changed automatically after a short period (H3).
It is to be noted that out of the twelve Web sites we have chosen sites for which the visual

change classifier has diverse performance. For some Web sites like Walmart and CNN, the visual
change classifier performs well. For other Web sites like Guardian and WebMD, the performance of
the visual change classifier is worse in comparison. Thus, we want to find out how much these
differences in the performance of the visual change classifier would affect the usefulness for a
usability expert.

Annotating the Video Recordings for the AOIs. For each case study, we annotated in which frames
of the video recordings the AOI is displayed as ground truth. The annotation employs the decision
process of visual change from Figure 6 on page 19. If the AOI was only partly displayed because
it was occluded by other elements or cropped by the viewport, it was still labeled as displayed
because it would be still useful to be analyzed in usability analysis. We have developed a tool in
WebVSD21 for the annotation process. See Figure 15 for a screenshot taken during the annotation.
The annotation was performed by the first author of this paper. He annotated in total 15, 938 frames

21https://github.com/raphaelmenges/visual-stimuli-discovery/tree/master/code#evaluator
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Carousel Slide onWebMD

Video Recording of Participant 1 onWebMD

Fig. 15. We annotated each frame from the video recordings of a Web site whether it displays the AOI or not.

across the user sessions on four Web sites. He did also annotate the visual change in Section 5.1,
where the decision process in general and his annotations specifically were cross-validated by
students. Thus, we did not perform additional cross-validation for the annotation here. About 7.3%
of the frames displayed one of the AOIs. Details about the annotation can be found in Table 10.

Annotating the Visual Stimuli for the AOIs. The annotation of the visual stimuli happened in
two steps. First, we annotated for each case study in which visual stimuli the corresponding AOI
is displayed. Similar to the annotation of the video recordings, AOIs which were partly visible
were still labeled as displayed. The tool used for annotating the video recordings could be also
used to annotate the visual stimuli.8.1 See Figure 16 for a screenshot taken during the annotation.
Furthermore, see Figure 17 for examples of visual stimuli from the annotation. Second, for each
visual stimulus that displayed the AOI, we looked up the frames it was created from during the
visual stimuli discovery. We annotated these frames according to they actually display the AOI. In
comparison to the previous annotation of the video recordings, we have not only labeled whether
the AOI is displayed or not. Instead, we decided to use three labels. “Correct Frames” are frames in
the visual stimuli that correctly display the AOI of the case study. “Incorrect Frames” are frames in

Table 10. We have annotated each frame from the video recordings of a Web site whether it displays the
AOI or does not display the AOI. If the AOI was partly occluded through other elements or cropped by the
viewport, it has been still labeled as displayed in the frame.

Area of
Interest

Tile on
CNN

Top Menu
on Guardian

Footer Menu
on Walmart

Carousel Slide
on WebMD

# Annotated Frames 3855 3823 4524 3736
# Frames with AOI 316 235 476 134
# Frames without AOI 3539 3588 4048 3602
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Carousel Slide onWebMD

Corresponding Visual Stimulus

Fig. 16. We annotated each visual stimulus of a Web site whether it displays the AOI or not.

the visual stimuli that do not display the AOI of the case study. “Stitched Frames” are frames in
the visual stimuli that are irrelevant in regard to the AOI, as they are portions of the Web page
that are above or below the AOI and have been stitched accordingly. We added the third label of
“Stitched Frames” to correctly compute the measures of precision and recall in the next paragraph.
We have developed another tool for this annotation in WebVSD,22 see Figure 18 for a screenshot.
Analogously to the other annotations, we employed the decision process of visual change from
Figure 6 on page 19. The annotations were performed by the first author of this paper. Details about
the annotation can be found in Table 11.

Evaluating the Case Studies. Considering the annotation of video recordings and visual stimuli,
we compute the precision and recall for each case study in correctly displaying the AOI. The
precision is computed as the number of correct frames divided by the sum of correct frames and
incorrect frames. The recall is computed as the number of correct frames divided by the number
of frames from the video recordings that display the AOI. See Table 12. The table also shows the
performance of the visual change classifiers as originally stated in Table 7 on page 28. This allows
the reader a straightforward estimation of the influence of the performance of the visual change
classifiers on the case studies. We discuss for each case study the results in the following.
(a) A tile on CNN. The precision has a value of 93% and the recall is perfect. The deficit in the

precision is caused by frames during loading of the page that do not contain the tile but are merged
into visual stimuli that contain the tile. The corresponding visual change classifier shows low scores
of visual change detection and coverage. Yet, the performance does not harm the results of the case
study substantially.

(b) The top menu on Guardian. The precision has a value of 97% and the recall is perfect. A minor
deficit in precision is because of a few frames in which the top menu has already been collapsed,
but the frames are still merged into visual stimuli that display an extended menu. The very good
results in the case study compared with the comparably worse performance of the corresponding

22https://github.com/raphaelmenges/visual-stimuli-discovery/tree/master/code#preciser
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1

cnn/stimuli/0_html/plots/18-scanpath_mouse.png
(the AOI has been found on 9 more visual stimuli)

guardian/stimuli/1_html/plots/
2-scanpath_mouse.png
(the AOI has been found on 3 more visual stimuli)

walmart/stimuli/2_html~body~div-0~div~div~div-0~div-
0~div-header-spark-menu/plots/49-scanpath_mouse.png
(the AOI has been found on14 more visual stimuli)

Top Menu
on Guardian

Footer Menu
on Walmart

Tile on
CNN

Carousel Slide
on WebMD

webmd/stimuli/1_html/plots/40-scanpath_mouse.png
(the AOI has been found on 4 more visual stimuli)

Fig. 17. One exemplary visual stimulus from each of the four case studies that display the respective AOI. We
have marked the AOI on each visual stimulus with a red box. We plot eye gaze data as scanpath and mouse
cursor movements as lines onto the visual stimulus for this illustration. The path to the displayed stimuli in
the data set is given beneath the visual stimulus. 37
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Area of Interest

Frame from
Video Recording

Fig. 18. Screenshot of our tool we used to annotate whether a visual stimulus correctly represents an AOI.
On the left, we display the AOI in an image viewer. Here, it is the tile on CNN. On the right, our interface
loads for each visual stimulus that is labeled to contain the AOI the frames from the video recordings it has
been composed of. For each of these frames, we annotate whether the frame actually displays the AOI or
does not display the AOI.

visual change classifier is due to the task at hand. The quality assessment in the previous section
looks at the entire frames of the video recordings, whereas the case study only focuses on the top
menu. On the Guardian site, the visual change classifier often does not detect a change due to a
different photo behind the top menu. Thus, the visual stimuli discovery merges the top menu into

Table 11. We have annotated each visual stimuli and all individual frames they are composed from whether
they display the AOI or not display the AOI. If the AOI was partly occluded through other elements or cropped
by the viewport, the AOI has been still counted as displayed. It is to note that we also annotated visual stimuli
from fixed elements. However, the only case study in which fixed elements contained the AOIs have been on
Walmart, where the footer menu was sometimes covered by the fixed side menu (see Figure 17). Although
the visual stimuli discovery in general fails, it worked well for the Walmart case study.

Area of
Interest

Tile on
CNN

Top Menu
on Guardian

Footer Menu
on Walmart

Carousel Slide
on WebMD

# Annotated Visual Stimuli 275 123 349 164
# Visual Stimuli with AOI 10 4 15 5
# Visual Stimuli without AOI 265 119 334 159

# Annotated Frames 708 243 859 324
# Correct Frames 330 235 464 106
# Incorrect Frames 26 8 0 147
# Stitched Frames 352 0 395 71
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fewer visual stimuli. This affects the quality evaluation but does not harm the working in the case
study.

(c) The footer menu on Walmart. The precision is perfect and the recall has a value of 97%. These
very good results correspond to the well-performing visual change classifier used in the visual
stimuli discovery.

(d) The carousel slide on WebMD. The precision has a value of 42% and the recall has a value of
80%. We found that other carousel slides and expansions from the top menu have been mixed into
the visual stimuli. This corresponds with the poor classification of visual change on the WebMD
site.

The quality assessment of visual stimuli discovery in the previous section considers everything
on a Web page. When interested in an AOI however, some errors will affect the AOI on that page,
but other errors will only affect other AOIs on that page. Nevertheless, a better-performing visual
change classifier also means a more precise analysis, as the case studies show. Especially when a
well-performing visual change classifier can be provided, the workflow of a usability expert could
be more efficient due to much less effort in marking AOIs.

We argue that the overall outcome shows that visual stimuli can represent the interface suitably
for a usability expert, addressing RQ 5. Similar to the enhanced representation [69], the marking of
AOIs would be faster on the visual stimuli than on the video recording, addressing RQ 6.

8.2 Preliminary Feedback on the Usefulness of Visual Stimuli Discovery
We complement the observations and experiences collected in the case studies with an online
survey targeted at usability experts.2 The purpose of the survey is to gather feedback by external
usability experts in regard to our research questions RQ5 and RQ6. First, we describe the design of
the survey. Then, we present and discuss the results of the survey.

Designing a Survey about Visual Stimuli Discovery. The survey consisted of eleven pages. On the
first two pages, we asked for the demographics and expertise of the participant. We explained what
we define as a dynamic interface on page three. Then, we had three AOIs from the case studies,
namely the footer menu on the Walmart site, the carousel on the WebMD site and the top menu on
the Guardian site. We decided to not include the AOI on the tile from CNN because, (i), the tile does
not change upon user interaction and, (ii), we wanted to shorten the survey to reduce the number
of drop-outs. For each scenario, we had two pages in the survey. First, we pointed to the AOI and

Table 12. Evaluation of the case studies based on the annotation from Table 10 and Table 11. Precision is
calculated as # Correct Frames divided (# Correct Frames + # Incorrect Frames). Recall is calculated as # Correct
Frames divided # Frames with AOI. The values below are repeated from Table 7 from page 28 to allow a
comprehensive reading. They signify the performance of the visual change classifier that was used in the
visual stimuli discovery. ↑ denotes that a higher value is better. ↓ denotes that a lower value is better.

Area of
Interest

Tile on
CNN

Top Menu
on Guardian

Footer Menu
on Walmart

Carousel Slide
on WebMD

↑ Precision 93% 97% 100% 42%
↑ Recall 100% 100% 97% 80%

↑ Vis. Same [F1]* 89% 97% 92% 94%
↑ Vis. Change [F1]* 50% 81% 85% 78%
↑ Agg. Coverage* 0.78 0.88 0.91 0.94
↓ Agg. Overflow* 0.07 0.11 0.06 0.06
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displayed the corresponding four user sessions of the data set as an embedded video recording. The
participants were asked to skim through the video recordings and tell us how they would tackle
the given analysis task for 20 users with their current workflow. Second, we had a gallery with the
visual stimuli that displayed the AOI. It were the same visual stimuli that we annotated for the case
studies and generated by visual stimuli discovery as reported in Section 6. The participants could
zoom and pan the visual stimuli and display the eye gaze paths or mouse traces over the visual
stimuli. We asked the participants how accurately they believe an analysis would be when using
our visual stimuli and whether they could save time in comparison to their current workflow. After
the three case studies, we asked for general feedback about proposed method on the tenth page
and handled the submission of the survey on the last page. See Appendix F for details about how
we have integrated video recordings and visual stimuli interactively into the survey by developing
a custom survey framework with JavaScript.

Results of the Survey. We asked for participation via personal and E-mail-list invites; and public
postings in respective LinkedIn groups. We received eight responses, submitted by five female
and three male participants (age = 35.9 ± 8.0 years). This is a common sample size for a survey
with domain experts in usability [55, 57]. The professions of the participants ranged from three
researchers (1, 2, and 7 years of experience), over a product owner (5 years), a usability expert (5
years), a sales associate (1 year), a consultant (23 years), to the head of an eye-tracking laboratory (8
years). Four of the participants have conducted more than 10 usability studies, three have conducted
4 – 10 studies and one participant has conducted 1 – 3 studies. Conducting Web usability studies
was the most common among participants, as seven votes were received for Web pages, five for
mobile apps, four for desktop applications, and three for advertisements. All participants make use
of eye gaze data for usability analysis, seven consider mouse clicks, and five touch input. Eye gaze
is commonly analyzed with AOIs on the visual stimulus (among all participants), additionally, six
participants also utilize heatmaps.
Given the three case studies, we have asked the participants how they would tackle the given

analysis task for 20 users with their current workflow. We phrased the question in such way to
make the experts consider the most scalable solutions for an analysis task. They have mentioned a
variety of methods, i. e., four participants would use a video recording, two mention screenshots,
four suggest a composed screenshot (like the enhanced representation), two would do a video
recording with a camcorder, three would apply the “thinking-aloud” method, and one mentions
a Live-DOM representation (recording of events and replay on the live Web site). Regarding the
proposed method, we asked the participants for each scenario about the perceived accuracy of
visual stimuli (“I could work with the discovered stimuli as accurate as with the method in my
current workflow.”) and whether using them could save them time in analysis (“I could save time
when working on the discovered stimuli instead with the method in my current workflow.”), each
on a five-point Likert scale with ratings from from “Strongly Disagree” to “Strongly Agree”. The
results are shown in Figure 19. The accuracy is rated high for the footer menu on the Walmart site
and the top menu on the Guardian site. However, the carousel slide on the WebMD site received
a few negative votes. This might be caused by visual stimuli that show the fading process of the
slides, yet are still considered to display the slide-of-interest by our definition of visual change
from Figure 6 on page 19.

The general feedback about is shown in Figure 20 and demonstrates that experts would like to use
the proposed method for usability analysis, addressing RQ 5. The acceptance of the semi-automatic
mode emphasizes that our scenario of labeling one user session manually for visual change to train
the visual change classifier appears to be realistic. We also asked the participants’ opinions on the
novelty of the proposed method. All participants believe the method is novel, half of them state it
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"I could work with the discovered stimuli as
accurately as with the method in my current workflow"

Strongly
Disagree

Disagree Undecided Agree Strongly
Agree

"I could save time when working on the discovered stimuli
instead of the method in my current workflow."

Fig. 19. Ratings of the accuracy and potential for time saving with proposed method per scenario. Footer
Menu on Walmart. Carousel Slide on WebMD. Top Menu on Guardian.

(a) Full-Automatic Mode

Definitely
Not

Probably
Not

Possibly Very
Probably

Definitely

(b) Semi-Automatic Mode

Fig. 20. Feedback whether usability experts would employ the visual stimuli discovery in their workflow. We
distinguish between (a) a full-automatic mode or (b) a semi-automatic mode. For the latter, a usability expert
would have to manually label one user session, to train the visual change classifier.

is very novel, and half of them categorize it as relatively novel compared to the existing methods
they use.
The experts perceived the visual stimuli to be as accurate as video recordings and stated that

the visual stimuli would help them in saving time and effort, addressing RQ 6. The experts were
very welcoming about a method of visual stimuli discovery that can support their workflow. One
participant left feedback that broadens the use-case beyond the aggregation of eye gaze and mouse
data. According to their feedback, dynamics are “especially challenging when synchronizing with

41



To appear in ACM Transactions on the Web, Accepted January 2025, Menges et al.

additional measurements like GSR [Galvanic skin resistance], NIRS [Near-infrared spectroscopy],
EEG [Electroencephalography] etc.”

8.3 Threats to Validity of Preliminary Feedback
In the survey targeted at usability experts presented in the previous Section 8.2, we recognize
several potential threats to validity that may affect the interpretation of our results. Below, we
address these concerns in detail.

Participant Recruitment and Selection Bias. While participants were recruited through a variety
of channels, including personal, professional, and social platforms such as LinkedIn, the recruit-
ment process introduces the possibility of selection bias. Although we did not exclusively select
participants with personal connections, the presence of familiar contacts may have influenced the
objectivity of the responses. The challenge of finding usability experts for studies of this nature
often limits the recruitment process, as is evidenced by similar studies in the field with limited
numbers of participants, e. g., comparable papers [16, 55, 62] involve 0, 3, and 5 experts, respec-
tively. Our usability expert-centered evaluation incorporates the feedback of 8 experts. However,
we acknowledge that this selection method could still lead to biased feedback. Future research
should aim to minimize this bias by using more neutral recruitment strategies, such as through
independent agencies or third-party platforms.

Participant Demographics and Expertise. The demographics and expertise of the participants also
present a potential threat to validity. While participants held diverse professional roles—such as
researchers, product owners, and consultants—all self-identified as having prior experience in UX
studies, particularly in the use of eye-tracking data, which is essential for evaluating visual stimuli.
Despite this, only one participant explicitly identified as a usability expert, which could limit the
generalizability of the results to the broader community of usability practitioners. This mismatch
between the participant pool and the intended target group (usability experts) may have impacted
the depth and applicability of the feedback. Future studies should aim to recruit participants with
more direct alignment to the target group to improve the relevance and accuracy of the evaluation
results.

Design and Construct Validity. The design of the questionnaire itself introduces another potential
bias. Referring to the evaluated approach as “our method” and presenting participants with a novel
solution without direct comparisons to established baselines could have led to a more favorable
evaluation based on the novelty rather than the actual utility of the approach. However, we
encouraged participants to assess the method in comparison to their familiar workflows, asking
them to evaluate how the proposed approach would enhance or integrate into their existing
practices. In this way, participants’ current practices served as an implicit baseline. Nonetheless,
the absence of a direct comparison with alternative methods remains a limitation. Future studies
may adopt more explicit comparative methodologies, such as incorporating baseline comparisons
or conducting blinded evaluations, to ensure further objective feedback.

Limitations of Subjective Evaluations. The subjective nature of participant feedback in this study
introduces an inherent threat to validity, as individual preferences and biases may influence
responses. While the survey aimed to gather qualitative insights into the usability of visual stimuli
discovery, we acknowledge that subjective evaluations can be influenced by a variety of factors,
including personal familiarity with the authors’ work or the novelty of the method itself. In
future research, it will be important to explore strategies to reduce these biases, such as using
objective performance metrics alongside qualitative feedback. However, we also recognize that
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when evaluating novel functionalities, as presented in this paper, objective comparisons to baseline
approaches may be inherently limited.
Despite above-mentioned limitations, the feedback gathered in this small-scale study offers

valuable qualitative insights into the potential integration of visual stimuli discovery into usability
expert workflows. We acknowledge that future studies should address these threats to validity by
broadening the participant pool, refining the recruitment and questionnaire design, and incorporat-
ing more objective evaluation methods. These steps will further strengthen the generalizability
and robustness of the findings.

9 LIMITATIONS AND FUTUREWORK
In this work, we have discussed a sophisticated method of visual stimuli discovery to address
various complex issues in usability analysis. However, there is a huge design space for techniques
and parameters involved in the realization of our method, and hence there are several limitations
that also present opportunities for interesting future directions as following.

ChoosingWeb Sites for a Data Set. Our data set that was recorded on real-worldWeb sites has been
challenging with respect to layouts (e. g., Steam), contents (e. g., TheGuardian), and advertisements
(e. g., CNN, WebMD) which differ across user sessions. In the setup of a real-world usability
evaluation we can expect the Web sites to be adjusted in layout, content, and advertisements such
that they either appear similar to all users or differ only in specific aspects (A/B testing).

Recording Setup of the Web Sites. We chose to set the viewport size in our data set collection to
1,024 × 768 pixels, similar to [28]. This resolution is feasible to trigger responsive Web pages to
display their tablet-layout23 or their desktop-layout.24 Nevertheless, we regard that many users on
desktop and laptop computers experience Web sites nowadays on much bigger screens and mobile
users on much smaller screens. Whereas many desktop-layouts of Web sites fill up the available
space with a static color [43], mobile-layouts usually relocate the elements of Web pages to fit
the available screen estate. Thus we argue that our data set comprises quite the upper limited of
complexity in layout and dynamcis that most users face in the Web.

Exploring more Classifiers. In this work, we applied a selection of computer vision features
using a random forest classifier. In the future, we can investigate different approaches to visual
change classification, e. g., using a convolutional neural network. We could interpret the visual
change detection as an image classification task, by feeding both frames to be compared into the
convolutional neural network and output the decision whether there is a visual change between
both frames. However, a convolutional neural network requires a huge amount of data for the
training phase. This conflicts with the decision process of visual change, which must be performed
by a usability expert. However, we imagine a synthetic data set that is comprised of crops from
virtual screenshots from interfaces, whose visual change label could be assigned without manual
intervention. The synthetic data set could be used to pre-train the convolutional neural network,
while a data set with manual annotation might then be used to tune the weights of the final network.

Reducing the Annotation Effort. Updates to the interface in new releases or consideration of
other interfaces require annotation of visual changes for a well performing classifier, which is a
major effort for the usability expert. We argue that the annotation effort for a usability expert
can be further reduced by suggesting incidents of visual change in a video recording. For this,
we might employ a visual change classifier that has been trained on a plenitude of interfaces. We

23https://www.altamira.ai/blog/common-screen-sizes-for-responsive-web-design
24https://www.hobo-web.co.uk/best-screen-size or https://www.browserstack.com/guide/ideal-screen-sizes-for-

responsive-design

43

https://www.altamira.ai/blog/common-screen-sizes-for-responsive-web-design
https://www.hobo-web.co.uk/best-screen-size
https://www.browserstack.com/guide/ideal-screen-sizes-for-responsive-design
https://www.browserstack.com/guide/ideal-screen-sizes-for-responsive-design


To appear in ACM Transactions on the Web, Accepted January 2025, Menges et al.

have already reported the performance of a classifier that is trained on interfaces from entirely
different categories than the interface in the test data, see Table 6 on page 26. The results may not
be sufficient for direct application of the classifier, yet may be used to support a usability expert in
reducing the annotation effort.

Understanding the Effects of User-Profiles on Visual Stimuli Discovery. The user experience on a
Web site can significantly vary depending on the user’s profile, including their specific goals and the
Web site’s functionality. In cases where a Web site is highly personalized, such as one with a curated
newsfeed, it becomes challenging to create uniform page-level visual stimuli to gather interaction
data from multiple users simultaneously. Instead, it is necessary to identify component-level visual
stimuli, like individual news items, and analyze how users interact with these specific components.
Our method for discovering visual stimuli is already effective for Web sites that present similar
layouts to all users and provides a foundation for further developing approaches that can operate
at a more granular, component-based level.

Handling the Fixed Elements. One of the main limitations of our method implementation of
WebVSD is that the fixed elements could not be handled efficiently. Our heuristic was that fixed
elements are rectangular and static, however, transparent backgrounds, sub-menus, and animated
chatbots make the fixed elements non-rectangular and often highly dynamic. To deal with this,
we still believe that fixed elements should be treated separately from the interface body in the
visual stimuli discovery. Otherwise, it would be difficult to understand whether a visual change is
caused through changes in the interface itself or through different scrolling behaviors of contents.
In the future, we imagine that a computer vision-based recognition of fixed elements might be
more successful in handling non-rectangular and dynamic fixed elements. This would also lift the
requirement to access the DOM at all, making WebVSD agnostic to interface definitions.

Improving the Merging of Stimulus Shots. We imagine that the approach for merging the stimulus
shots into visual stimuli in WebVSD can be further improved. As of now, pixels from video frames,
whether they are in the interface body or in an fixed element, are represented in exactly one visual
stimulus. However, it might be more useful for a meaningful aggregation of eye gaze data to have
a region represented in more than one visual stimulus. In addition, the similarity score for the
decision of which stimulus shots to merge is based on the overlap in their pixel area. This can be
changed to another metric or a machine learning approach could be employed to decide about the
merging order of stimulus shots into visual stimuli.

Integrating the Interaction Recordings. Another idea is to incorporate the data from interaction
recordings, i. e., eye gaze and mouse data, into the process of visual stimuli discovery. As of now,
the visual stimuli are only used to analyze eye gaze and mouse data as overlay. However, data
about interactions can also signify visual changes. For example, most visual changes do happen
after a user has moved the mouse over a hoverable element or a user clicked on a menu icon. We
might consider the interactions as an addition to the video recording and perform a visual change
classification in parallel on that data, e. g., by feeding the interaction data also into a convolutional
neural network.
Moreover, it could be interesting to a usability expert which visual changes are seen by a user

and which visual changes are ignored by a user. This can be achieved by using the eye gaze data to
divide a frame into a foveated region and a peripheral region. Features of visual change might be
weighted differently in each region.

Visual Changes through Scrolling. Some interfaces will remain difficult to be processed such that
eye gaze data can be aggregated across user sessions in a meaningful way. Especially product
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(a) 2700 pixels scroll offset (b) 3150 pixels scroll offset (c) 3900 pixels scroll offset

Fig. 21. The animation on the product page of the Apple iPhone XS is controlled by the scrolling of a user.

presentations in Web stores that make use of advanced animations at scroll events. A prominent
example is the product page of the Apple iPhone XS.25 The page interprets the scroll offset as a time
indicator for a viewport-relative animation. A user can scroll to play the animation, stop scrolling
to pause the animation, and scroll up to revert the animation. See Figure 21 for an example of the
Web page at different scroll offsets. Therefore, a time-wise synchronization between users remains
difficult due to the scrolling-driven playback.

The Future of Usability Analysis. We believe that the usefulness of the visual stimuli discovery
will further benefit from the integration into existing analytical tools and development suites used
by usability experts. Moreover, our method is not limited to the benefit of usability experts, but
psychologists can also take advantage of the method in setting up experiments that investigate
rich dynamic stimulus-response scenarios.

In the future, to deal with the increasing number of Web interfaces, evolving design trends, and
interaction patterns, we would need more efficient methods for usability analysis. We envision an
ecosystem that considers the interface code, the rendering of the interface during a user session,
interaction data, and prior decisions of usability experts on similar interfaces, to automatically judge
the usability of an interface and even to report the issues in the design to the respective developers.
Such an ecosystem would require a deeper understanding of the elements on an interface and across
interfaces. Especially compound elements that are crafted from multiple elements but appear as a
consistent element to a user are required to be identified and tracked. Those compound elements
appear to a user as photo carousels, expandable menus, product views, geographical maps, or
chat widgets. We suggest detecting those compound elements across the discovered states of the
interface and attempt to understand their internal state-machine, e. g., the photos in a carousel or
the options in a menu. This will help to find the compound elements across views of an interface,
as menus or product views might be consistent throughout the entire interface. Finally, we might
be able to divide a visual stimulus into portions of reoccurring layouts across views of an interface
and specific contents in an interface, or even only a single state, which would allow an even
more insightful aggregation of interaction recordings. In the end, this level of understanding of
an interface could allow us to make the behavioral analysis on highly personalized interfaces like
social media services more efficient and feasible for a larger audience.

10 CONCLUSION
Determining visual stimuli of an interface is an important aspect to allow for more efficient
usability studies with a sufficient number of users. In this regard, we presented a framework to

25https://web.archive.org/web/20190104023835/https://www.apple.com/iphone-xs, accessed on 3rd June 2021.
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discover visual stimuli in video recordings of user sessions on dynamic interfaces. We introduced the
detection of visual changes in video recordings of user sessions on dynamic interfaces. We examined
various features from scene detection literature that are relevant in indicating visual changes and
successfully trained classifiers for recognizing visual changes on video recordings of real-world
Web sites. The quality assessment on our data set signified that the visual stimuli discovery may
reduce the visual overload of usability experts while preserving an accurate representation of the
user sessions regarding the interface body. We found that our method implementation WebVSD
does not work optimally for fixed elements, but suggested methods to overcome this limitation in
the future. Moreover, we estimated the usefulness in several case studies that replicated the task of
a usability expert. We corroborated these findings through a small-scale survey, gathering early
feedback. Looking ahead, towards the deployment of the solution, we anticipate broadening the
study to involve a larger participant pool. This expansion will enable a more thorough assessment,
offering deeper insights into the efficacy and usability of the proposed solution across a wider user
demographic.
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STATEMENT OF PREVIOUS RESEARCH
Much of the groundwork for this paper was completed during the doctoral research of the primary
author. In comparison to the thesis, the article has undergone substantial expansion in the intro-
duction, providing a more detailed explanation of motivation, defining the visual stimuli discovery
in depth and introducing the phases of usability analysis in relation to our framework, now also
depicted in Figure 2. Moreover, we have newly included a comprehensive overview and comparison
of our approach with more related work in Table 1. Last, we have significantly enhanced the
discussion of limitations and future work in this article. Besides reporting about the work in the
thesis, the work has not been published before.
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A PROTOCOL FOR DATA SET RECORDING
This data set shall contain visual dynamics onWeb pages. On each of the followingWeb sites, explore
each visited page thoroughly. Hover over elements and menus, read descriptions, and navigate
through carousels. You may also rest for some seconds and observe automatically changing slides.
Try not to click on a hyperlink other than described in the tasks below.

A.1 Shopping
(1) https://www.walmart.com (click on the burger menu in the top-left corner and on carousel navigations)
(a) Click under “In The Spotlight” on “Toys,” in the bottom of the page
(b) Click on a toy of choice

(2) https://www.amazon.com (hover the departments and click carousel navigations, click on “quick look”)
(a) Click on “Deals in Electronics”
(b) Click on an item of choice.

(3) https://store.steampowered.com (click on the carousel navigations)
(a) Click on “Free Games”
(b) Click on a game of choice

A.2 News
(4) https://www.reddit.com/r/pics/top/?t=month (hover over user names in post replies)
(a) Click on the post “His adventure is just beginning”
(b) Go back to the overview and click on another post of choice

(5) https://edition.cnn.com (click on the burger menu in the top right corner)
(a) Click under “entertainment” on “Screen” in the bottom of the page
(b) Click on a review of choice

(6) https://www.theguardian.com/international (click on “More” in the menu bar)
(a) Click on “Sport” in the top menu
(b) Click on an article of choice

A.3 Health
(7) https://www.nih.gov (hover over the menu bar)
(a) Click on “Health Information”
(b) Click on an article of choice

(8) https://www.webmd.com (hover over the menu bar)
(a) Click on “Eye Health” in the bottom of the page
(b) Click on a “RELATED TO EYE HEALTH” topic of choice

(9) https://www.mayoclinic.org (click the burger menu on top)
(a) Click on “Mayo Clinic’s campus in Arizona” in the bottom of the page
(b) Click on a further hyperlink of choice

A.4 Cars
(10) https://www.gm.com (click on “OUR STORIES” in the menu bar, hover over the images)

(a) Click on “Our Brands”
(b) Click on a brand of choice

(11) https://www.nissanusa.com (click on the menu entries on top, click in the car carousel on the categories)
(a) Click under “THE FUTURE OF NISSAN INTELLIGENT MOBILITY” on “Learn More”
(b) Click a further hyperlink of choice

(12) https://www.kia.com/us/en/home (click in the car carousel on the categories)
(a) Click under “Technology” on “Performance” in the bottom of the page
(b) Click a further hyperlink of choice
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B ESTIMATION OF SCROLL OFFSET
Across all Web sites, we have faced difficulties in aligning the scroll offset as recorded in the
datacasts with the scroll offset that is visible in the video recordings. We could not find an affine
transformation of the series of scroll offsets, e. g., adding a fixed delay to the timestamps, which
would align the scroll offsets correctly. The non-synchronicity of reported scroll offsets and the
visual scroll offset might be caused by the parallel execution of rendering, input processing, and
script execution in modern Web engines. However, an incorrect measure of the scroll offset may
trigger the visual change classifier falsely. Therefore, we have implemented a method to compute
the scroll offset on a video recording using computer vision features. In our method, we match
features between consecutive frames and estimate a transformation that would explain the offset
of the key points of the matching features between both frames. We interpret that transformation
as the scroll offset.

Initially, we divide each frame in a 4 × 3 grid and compute in total 1,000 ORB [12] keypoints with
descriptors on the Y channel (brightness information in the VP9 codec, see Section C for details). We
exclude areas covered by fixed elements from the computations. Moreover, there might be elements
on an interface, like buttons with a similar design, that occur multiple times. These elements can
create highly similar descriptors, which would make a mapping between the descriptors of two
frames ambiguous. Thus, we match the descriptors of a frame with each other and remove those
pairs of descriptors that have a hamming distance of lower than five.
After having features for each frame, we match the features between two consecutive frames.

We consider a feature pair with a hamming distance smaller or equal to ten as a match. We
compute a homography with the RANSAC algorithm26 on the matches, estimating the most
probable transformation between the key points in the consecutive frames. We interpret the vertical
translation component of that transformation as scrolling, which we use to adjust the scroll offset
originally reported by JavaScript. Furthermore, we reset the scroll offset when a document.hidden
event has been reported by JavaScript, as this event indicates that the Web browser is about to load
a different Web page.
In the following, we show how scroll offsets differ between the datacast and our method. The

x-axis represents the frame indices from the video recordings. The y-axis represents the scroll
offset in pixels. The yellow line denotes the scroll offset as reported by the Qt WebEngine [26].
The red dotted line denotes the scroll offset as reported by a JavaScript callback. The blue area
(instead of a line for readability reasons) denotes the scroll offset as computed with our method.
In our experience, the method works well most of the time and outperforms the methods relying
solely on the Qt WebEngine or JavaScript callback. In case an incorrect estimation of the scroll
offset is propagated to visual stimuli, we have counted them as incorrect in the quality evaluation
in Section 7.

26https://docs.opencv.org/master/d1/de0/tutorial_py_feature_homography.html
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Fig. 22. A scroll sequence by the fourth user on Amazon. General misalignment of scrolling as reported by
the Qt WebEngine and JavaScript is visible.
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Fig. 23. A scroll sequence by the third user on NIH. Here, our method agrees with the scrolling reported by
the Qt WebEngine, but not with the scrolling reported by JavaScript.

1269
1270

1271
1272

1273
1274

1275
1276

1277
1278

1279
1280

1281
1282

1283
1284

1285
1286

1287
1288

1289
1290

1291

0

400

800

1200

1600

2000

2400

2800

3200

Fig. 24. A scroll sequence by the fourth user on Amazon. On frame 1,271, a new Web page begins to load. The
Qt WebEngine notices the change already one frame later. The JavaScript callback reports about the scrolling
only after the Web page had been loaded and the user scrolled.
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C FEATURES FOR VISUAL CHANGE CLASSIFICATION
In this work, we propose to use computer vision features to detect visual changes on video recordings
of Web browsing sessions. We suggest 53 features as listed in Table 2 on page 22. In the following,
we provide details about the features and variations of features, alongside the color spaces in which
we calculate the features or variations, respectively. The features are designed to describe the
difference between two image pairs, i. e., to detect a visual change from one frame in the video
recording to the next frame in the video recording. The names of the features as listed in Table 2
and referred to in the work are given in parentheses.

Color Spaces. An image from a video frame can be interpreted as a rectangular matrix of pixels.
Each pixel holds information about its color. There are various color spaces to define the color. In
our work, we employ the RGB, the HSL, and the YUV color spaces.
The RGB color space is the most common in computer vision. Each pixel holds brightness

information about its red, green, and blue brightness. Almost all monitor panels nowadays consist
of corresponding red, green, and blue subpixels.

The HSL color space is an alternative representation of the RGB color space and is more aligned
with human perception of colors [51, 103]. It defines color as values of hue, saturation, and lightness.

The YUV color space is a color space that was used for analog TV broadcasts. The color is
divided into a grayscale signal, the Y component, that can be straightforwardly interpreted by
black-and-white TVs. The other two channels U and V contain the chroma signal. Those two
channels can be interpreted by color TVs to enrich the picture with colors.

All video recordings in our data set (Section 4) have been compressed using the VP9 codec. The
VP9 codec27 uses the YUV color space to store the color information of the video frames. It to stores
the grayscale signal with full resolution in the Y channel, while downsampling the pixel resolution
of a video frame for the chroma signal of the U and V channel. This is motivated by the fact that
human perception is less sensitive to compression in grayscale – which defines the contrast of an
image – than for compression of chroma [64].

We take each video frame in the YUV color space and convert the colors to the RGB color space
and the HSL color space. Moreover, we take the Y channel directly as a grayscale image. Certain
features have been computed for multiple color spaces. We indicate the utilized color space in the
description and the name of each feature. For example, the name agg_h/s/l describes the three
variations of a feature that aggregates color values (agg). The three variations in agg_h/s/l are
the aggregation in the hue (h), saturation (s), and lightness (l) channels.

Value-based Features. Given an image pair, we can directly interpret the color values from
the pixels. When there is a visual change between two images, some values in the pixel matrix
change. We compare each pixel in one image with the pixel at the same coordinate in the other
image and sum up the differences. We suggest two approaches for the summation of differences,
resulting in two features that have eight variations each. First, we can sum up the value difference
between corresponding pixels for various color spaces (agg_bgr/b/g/r, agg_h/s/l, and agg_-
gray). Second, we can count how many corresponding pixels have different values, regardless
of the exact difference in the value. Again, this can be performed across various color spaces
(count_bgr/b/g/r, count_h/s/l, and count_gray).

Histogram-based Features. Histograms represent the distributions of values in the color channels
of an image. Changes in the color distribution might indicate shifts in what is depicted on an
interface, e. g., when a menu is expanded, or a viewport-filling gallery is shown. Given an image

27https://www.webmproject.org/vp9/levels
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pair, we compute histograms with 16 uniform bins for each image, considering the RGB and
HSL color space and the images as grayscale. Then, we compute the correlation between the
corresponding histograms of both images (corr_b/g/r, corr_h/s/l, and corr_gray).

Edge-based Features. Another popular method in image processing and recognition is to estimate
discontinuities in images, for which human perception is especially sensitive. The edge change
fraction [102] counts the pixels of edges that are either introduced or removed when transitioning
from the preceding image to the succeeding. Given an image pair, the maximum count of those
incoming edges and outgoing edges is considered as a feature (change_fraction). We extract
edges from the images with a Canny filter [19] on the grayscale image with a lower threshold of
64 and an upper threshold of 192. We set the dilation kernel to search for incoming and outgoing
edges to five pixels diameter.

Signal-based Features. Signal-based features are used in image processing to measure the quality
differences between the two images. The features attempt to approximate the human perception of
reconstruction quality in image compression. This is useful to estimate the effect of compression
on image or video material and might be also useful to detect a visual change between two images.
Given an image pair, we consider one image as the original image and the other image as the
compressed image.

One signal-based feature we use is the peak signal-to-noise ratio (PSNR) on grayscale images. It
considers the maximum intensity within the original image and the compressed image and relates
the maximum intensity to the mean square error between the original image and the compressed
image. We compute this feature for the grayscale version of the image pair (psnr).

Another signal-based feature we use is the structural similarity (SSIM) [99] index. The SSIM index
compares pairwise windows from the original image and the compressed image. The comparison
is performed with the combination of three characteristics of an image: luminance, contrast, and
structure. The result is a decimal value in a range between -1 and 1. A value of 0 indicates no
structural similarity. A value of 1 indicates perfect structural similarity. A negative value speaks
for locally inverted image structures, yet is rather uncommon. The SSIM index can be calculated
across an entire image, resulting in an SSIM map. We calculate the SSIM map using a sliding
Gaussian window of size 11 × 11 pixels. The average of the SSIM map is reported as mean structural
similarity (MSSIM). We calculate the MSSIM for the blue, green, and red channels of the RGB color
space (mssim_b/g/r).

Optical-flow-based Features. Objects in a video are recorded as a set of adjacent pixels. Optical
flow assumes that between two contiguous video frames the set of pixels constituting an object
either stays in one position or moves as a whole. Following this assumption, optical flow allows
for recognizing moving objects. Given a pair of images, we compute a dense optical flow [39] on
the grayscale version of the image pair. We report the mean and standard deviation of the angle
(angle_mean/std) and the magnitude (mag_max/mean/std) of the detected movement.

SIFT-based Features. The scale-invariant feature transform (SIFT) [65] algorithm is used to detect
and describe local features in images. Given an image pair, we let OpenCV [12] choose 500 key
points on the grayscale version of each image and compute a descriptor per keypoint. Then, we
match the descriptors from both images using the Euclidean norm. We count the found matches
and filter the matching descriptors with values of 0, 4, 16, 64, 256, and 512 as a threshold (match/_-
0/4/16/64/256/512). Matching keypoint pairs with a descriptor distance of zero are rare, whereas
a set of matches at a descriptor distance of a value that is at least 500 contains almost all matches. We
also check how many descriptor matches are also spatially close to each other on the images with
a radius of less or equal to three pixels (match_spatial). The combination of descriptor matches
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and spatial matches – analogously to optical flow – can reveal moving objects in an interface.
Furthermore, we report about minimum, maximum, mean, and standard deviation of the descriptor
distances (match_dist_min/max/mean/std).

Text-based Features. Interfaces often display substantial amounts of text. Frequently, dynamic
interfaces present additional text on the fly, e. g., sub-categories in an online shop or pop-ups that
provide details about a product. For example, when expanding the menu of a music shopping Web
site, the words “Phil Collins” may appear. Given an image pair, we detect text using the Tesseract
4.028 optical character recognition library. Tesseract employs an LSTM neural network architecture
to detect text on images. We use the official training data for English as provided by the developers
to train the neural network.29 After the application of Tesseract on our data, we filter the detected
text with a confidence value above 0.5 and erase non-ASCII characters.

We use a bag-of-words representation for comparing two sets of recognized words from the two
images. It is to be noticed that one word can occur multiple times in a set. If we recognize two
times “car”, the word “car” will be present two times in the set of recognized words. We exclude
words of less than three characters. We match the words from the two images pairwise and report
the number of terms that have no matching partner in the other image (diff_words_count. As
another feature, we count the unique words in both images. For this, we take the two sets of words
from the two images and erase duplicates in each set. Then, we erase words that occur in both
images. Finally, we take the number of words left from both images (unique_term_count).
Another popular approach to compare texts is a character n-gram. Given a string, n-grams

represent the string as the bag of all (possibly overlapping) substrings of length n. A string of
length k has k-n+1 substrings of this kind. When considering n = 3 and the text “click here,” the
n-grams would be “cli,” “lic,” and so forth. The tokens cover characters across words because space
itself is considered as a character. Similar to Sikuli [101], a tool that uses image processing on the
screen contents to recognize interface elements, we define n = 3 in our experiments. We consider
the set of n-grams per image and find the matches. Then, we report features like the count of
matches of n-grams between the two images (n_grams_match_count), the amount of n-grams
(n_grams_min_count/max_count), the ratio of the count of matches against the minimum number
of unique n-grams from both images (n_grams_match_ratio), the Jaccard similarity of the n-grams
(n_grams_jaccard), and the vocabulary size of both images combined (n_grams_vocabulary_-
size).

28https://github.com/tesseract-ocr/tesseract
29https://github.com/tesseract-ocr/tessdata
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D DISCOVERED VISUAL STIMULI ON NIH.GOV
In the following, we show all thirty visual stimuli that we discovered in the video recordings of four
users on NIH.gov, excluding fixed elements. Gaze data and mouse cursor movements by the four
users have been added as overlays. We plot gaze data as scanpath and mouse cursor movements as
lines. Each user is represented by a unique color. We provide the file path to the image in the data
set below each image.

nih\stimuli\1_html\10.png nih\stimuli\1_html\0.png

nih\stimuli\1_html\1.png

nih\stimuli\1_html\13.png

Fig. 25. Four visual stimuli discovered in the user sessions on NIH. They demonstrate the aggregation of a lot
of interaction data by multiple users.
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nih\stimuli\1_html\2.png

nih\stimuli\1_html\4.png

nih\stimuli\1_html\7.png

nih\stimuli\1_html\3.png

nih\stimuli\1_html\6.png

nih\stimuli\1_html\5.png

Fig. 26. Six visual stimuli discovered in the user sessions on NIH. They show how the users have interacted
with the pop-up-menus on the front page.
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E EXAMPLES FROM THE QUALITY EVALUATION
The assessment in Section 7 shows that visual stimuli can reduce the amount of information that a
usability expert has to examine substantially while reflecting the contents of the video recordings
correctly. However, our implementation of visual stimuli discovery does not produce perfect results,
i. e., sometimes the visual change classifier fails in detecting a visual change. Following, we show
examples from the annotation process for the quality assessment. On the left, we display the original
frame from the video recording. On the right, we display the region from the visual stimulus that
should represent the frame on the left. We explain for each example how we decided about the
correctness in the representation of the frame in its respective visual stimulus.

(a) Frame from the video (b) Corresponding region in the visual stimulus

Fig. 27. On the left is frame 136 from the video recording of the first user on Amazon. On the right is the
visual stimulus that represents that frame, cropped to the corresponding region. The frame has been marked
as correctly represented by the visual stimulus. On the frame from the video recording a few caret symbols
are missing. The corresponding part has been magnified and added on top of the respective image. This
behaviour falls under “Area of change?” as “Tiny” in the decision process from Figure 6 on page 19, which
signifies no visual change.
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(a) Frame from the video (b) Corresponding region in the visual stimulus

Fig. 28. On the left is frame 587 from the video recording of the second user on Steam. On the right is the
visual stimulus that represents that frame, cropped to the corresponding region. The frame has been marked
as correctly represented by the visual stimulus. A different sub-menu entry has been highlighted because of a
mouse over. This falls under the category of “Highlight of clickable content?” in the decision process from
Figure 6 on page 19, which signifies no visual change.

(a) Frame from the video (b) Corresponding region in the visual stimulus

Fig. 29. On the left is frame 174 from the video recording of the first user on Guardian. On the right is the
visual stimulus that represents that frame, cropped to the corresponding region. The frame has been marked
as not correctly represented by the visual stimulus, because of the different photos behind the menu.
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(a) Frame from the video (b) Corresponding region in the visual stimulus

Fig. 30. On the left is frame 287 from the video recording of the first user on MayoClinic. On the right is
the visual stimulus that represents that frame, cropped to the corresponding region. The frame has been
marked as not correctly represented by the visual stimulus, because of the missing carousel photo in the
visual stimulus.

(a) Frame from the video (b) Corresponding region in the visual stimulus

Fig. 31. On the left is frame 494 from the video recording of the first user on Nissan. On the right is the visual
stimulus that represents that frame, cropped to the corresponding region. The frame has been marked as not
correctly represented by the visual stimulus, because of the different slides in the carousel.
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(a) Frame from the video (b) Corresponding region in the visual stimulus

Fig. 32. On the left is frame 83 from the video recording of the first user on Steam. On the right is the visual
stimulus that represents that frame, cropped to the corresponding region. The frame has been marked as not
correctly represented by the visual stimulus because the game tiles are different.

(a) Frame from the video (b) Corresponding region in the visual stimulus

Fig. 33. On the left is frame 0 from the video recording of the first user on WebMD. On the right is the visual
stimulus that represents that frame, cropped to the corresponding region. The frame has been marked as not
correctly represented by the visual stimulus, because of the different ad in the lower-right corner.
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F EXPERT SURVEY
We have designed a survey to assess the visual stimuli discovery with usability experts. We have
published the complete survey including the questions, results and analysis thereof for archival
purposes on GitHub.2 The primary goal of the survey was to integrate video recordings of users
browsing the dynamic Web pages and to display the corresponding visual stimuli interactively. In
this way, the usability experts could get an insight into the individual analysis tasks and provide us
with feedback about how they would perform those tasks and whether the visual stimuli discovery
can improve their workflow.

Displaying the video recordings and the visual stimuli in the online survey have been challenging.
We did not want to rely on an external hosting service for the video recordings. External hosting
services may perform excessive compression of the videos, have issues in streaming performance,
and introduce restricted controls over the video playback. Therefore, we have hosted the survey
and all data on our Web server. This allowed us to add extended controls over the video recordings.
A participant could either control an individual video or use the buttons below the videos to control
all videos at once, i. e., to play, pause, reset, or skim the four videos. See Figure 34 for a screenshot
about how we presented the video recordings to the usability experts. Besides the video recordings,
we have shown the corresponding visual stimuli to the participants. The height of the visual
stimuli often exceeds the available screen space, why we could not use a standard picture gallery
implementation. Therefore, we have implemented a gallery widget that allows a participant to
choose from the generated visual stimuli, control the level of magnification, pan the visual stimulus
via drag-and-drop, and toggle an overlay with mouse traces and eye gaze path on and off.

Fig. 34. We display the video recordings as the users have experienced the Web site on the screen. The
screenshot shows the display of the four video recordings of the users on the Walmart Web site. A participant
could play the video recordings individually or all at once.
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