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Abstract. Assessment of Web User Interfaces is important activity for
engineering usable frontends and guiding design decisions that can be
automated to reduce expertise demands, costs and time. However, exist-
ing metrics and models are too scattered and prototypical to find wider
adoption in industry practice and require consolidation. Even the most
advanced assessment platforms are limited in their computational perfor-
mance, handling of inputs and of results, and extensibility. By applying
Web Engineering knowledge and principles, we devise a novel web-based
platform that provides unified access to state-of-the art assessments and
addresses the identified shortcomings of existing solutions. We address
the technical challenges of improving the assessment performance and
supporting extensibility to facilitate the integration of new assessment
models. Our experiments with 14 assessment models in two different
scenarios show that implementing such platform is feasible and that the
assessment performance for multiple assessments can be improved by
more than 55% through shared preprocessing and parallel computation.
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Software Engineering - Human-centered Al

1 Introduction

Web User Interface (WUI) assessment is an important activity for engineering
usable frontends and guiding design decisions. It serves as a foundation for a
systematic approach of iteratively building, evaluating, and improving user in-
terfaces of web applications, allowing to optimize them towards desired target
characteristics in terms of aesthetics, complexity, and usability. Automatic ap-
proaches for WUI assessment [T4R[9TTI2] reduce the need for expensive and
time-consuming empirical evaluations with human users. The automation al-
lows for a high evaluation frequency and therefore for smaller increments being
created more often, which is crucial when integrating with agile software de-
velopment methods widely adopted for the creation of web applications. Var-
ious automatic approaches have been proposed to evaluate WUIs and, fueled
by advances in Machine/Deep Learning, shown to be able to predict relevant
characteristics [SI9I3I7ICIT2].
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Most of these proposed metrics and models, however, remain experimentally
validated proofs of concept and automatic assessment of WUIs has yet to make
the transfer from academia into industry practice [4]. The effort for practitioners
to adopt the proposed automatic WUI assessment approaches in their develop-
ment processes is high. Information about existing assessment possibilities is
scattered in publications setting additional expertise requirements to employ
them and the implementations are heterogeneous with regard to their techno-
logical platforms and maturity levels. This situation represents an obstacle for a
wider adoption in the software industry, which has not received much attention
in academia so far

Applying Web Engineering knowledge and principles, existing approaches can
be consolidated into a web-based platform to lower the adoption barrier for in-
dustry practitioners. The benefits of such a platform lie in an improved guidance
for selecting the suitable assessments and interpretation of results as well as in
the convenience of a setup-free SaaS access to state-of-the-art WUI assessments.
Even the most advanced assessment platform, AIM [I7], so far has limitations
in the ability to process multiple inputs, persistence of analysis results, compu-
tational performance, and extensibility, which impede wider adoption. Reduced
costs spent on user evaluations, increased consistency, and a higher evaluation
frequency facilitating iterative frontend development cycles are the potential
outcomes of lowering the barrier of automatic WUI assessments.

The objective of this paper is to devise a novel web-based assessment plat-
form that provides unified access to existing WUI metrics and models and ad-
dresses the identified shortcomings of existing solutions. We address the purpose
of increasing the practicality of automatic WUI assessments by improving the
performance of metrics computation and by enabling extensibility to facilitate
the integration of new assessment models and propose solutions for each of the
challenges. The platform architecture was implemented and put to test with ex-
isting automatic WUI assessments in two different experimental scenarios. To
delimit our paper, our contributions are focused on the creation of the platform
described above. Support for non-web user interfaces, definition of new metrics
or the aggregation of assessment results into a single holistic value are out-of-
scope. The remainder of this paper is structured as follows: in sect. [2] we review
existing automatic WUI assessment approaches and platforms and identify cur-
rent shortcomings, in [3] we outline our solution architecture, in [4] we evaluate
its computational performance, and [5] concludes this paper with an outlook on
directions for future work.

2 Related Work

2.1 Automated evaluation of user interfaces

There is a wide range of methodologies and software tools based on quantitative
metrics for evaluating various aspects of WUIs. They are characterized by their
use of specific, measurable, and often empirically validated parameters to ob-
jectively evaluate a certain quality such as usability, aesthetics, accessibility, or
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visual complexity. To systematize the following overview, we structure the field
in two orthogonal dimensions: by analysis input and result. Static code analysis
methods [I4IT6JTT] use the source code of the web user interface to calculate
metrics related to layout and page structure, which enables prediction models
for classification [I1]. Image-based analysis methods [I8ITII3IT5IGIRIBIG] opera-
tionalize evaluation parameters based on the visual representation of the WUI —
e.g. through screenshot analysis — using symbolic CV-based models or ML mod-
els. Combined analysis methods [I42T2] process both code and visual informa-
tion to compute the assessment. The analysis output and intended use of existing
models for automated user interface evaluation is quite diverse. Some aim at pro-
viding a basis for classification (“good” vs “bad”) [11] based on structural metrics
like absolute numbers of words, links, fonts etc. and ratios of text/graphics.
Quantifying aesthetics is a major research focus in which various models
[18123124] are based on the 14 fundamental measures introduced by Ngo et al.
[16], representing the well-established Gestalt principles of design. Similar work
[15] has introduced 8 aesthetics metrics taking into account psychological stud-
ies on perception. Image-based DNN-based models like Webthetics [8] have been
shown to outperform previous models [T2/I8] in predicting subjective visual ap-
peal ratings. The perceived colorfulness of a WUI [I8] can be predicted based
on a quantification of image colors in CIELab color space [10].
Predicting subjective user perceptions. Even ratings on custom subjective
semantic differential scales can be predicted through NN-based models , allow-
ing the application of Kansei Engineering to tailor WUI designs to achieve a
set of desired target characteristics [2].Depending on the availability of training
data, both traditional NN-models based on features like compression rate and
information entropy as well as DNNs operating directly on the raw image data
of user interface screenshots can predict subjective user perceptions [3J5].
Complexity. Visual clutter is analyzed to reduce the cognitive load of users
using metrics such as feature congestion, subband entropy [19], or edge density
[13]. Similarly, assessment of visual complexity [I4I21] aims at facilitating users’
cognition of a WUIL The analysis result can be either a scalar value [21], or 3D
representation of spatial complexity distribution similar to a heat map [I4].
Saliency. Predicting the spatial distribution of saliency [96l7] allows to identify
areas in the user interface which attract users’ attention and models typically
produce a heatmap as output.

While the various approaches for automated evaluation of Uls demonstrate
a large potential to support UI/UX related Web Engineering activities, they re-
main isolated and not easily accessible for practicioners. The majority of metrics
and models are research prototypes and making use of them in professional set-
tings would require extensive search, understanding and technical setup efforts.

2.2 Multi-metric Approaches and UI Evaluation Platforms

Several assessment tools support a more comprehensive evaluation computing
multiple Ul metrics. While some focus on metrics from a single assessment scope
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like accessibility [20], or Aesthetics [23], there are also first attempts to consol-
idate assessments of usability, accessibility, aesthetics, and visual complexity in
a single platform [I/I7]. Web accessibility evaluation tools like WAVE [20)] as-
sess the accessibility of web user interfaces against guidelines such as WCAG or
Section 508, typically providing summary reports as well as in-page highlight-
ing of identified issues. QUESTIM (Quality Estimator using Metrics) [23] is a
web-based tool allowing designers to define regions of interest in a user interface
screenshot for which various aesthetics metrics are computed and represented
using color gradients from green to red. Bakaev et al. proposed an integration
platform architecture [I] for the assessment of web user interfaces which sup-
ports static code-based as well as image-based analysis models and integration
of remote evaluation services, and collecting their results and allows designers
to choose a subset of the available metrics for the current assessment.

The Aalto Interface Metrics Service (AIM)E| [17] is the most compre-
hensive web-based UI evaluation platform available. It features 26 empirically
validated assessments selectable by the user across 4 categories: 1 metric ac-
cessibility, 1 metric for aesthetics, 12 metrics for color perception, and 12 for
perceptual fluency. The main assessment focus is on visual characteristics. Re-
sults are presented along explanations of the chosen metrics and an indication
of the strength of empirical evidence for its predictive power. However, AIM
exhibits some limitations with regard to handling multiple inputs, persistence
of analysis results, computational performance, and extensibility, which we con-
sider an impediment for wider adoption. It does not support running assessment
of a selection of metrics on several inputs at once, which makes analysis of larger
web systems and comparative analysis (cf. split testing) tedious. Once computed,
assessment results are not persistently saved, requiring repeated execution for
later review and causing efforts for sharing of results with other team mem-
bers, who have to manually provide the same inputs, select the same metrics
and wait for the computation again. The assessment performance is limited by
sequential execution of the selected metrics. Performance deficits further stem
from redundancies in preprocessing (e.g. CIELab color space conversion), except
image segmentation, when several selected metrics repeatedly perform the same
preprocessing tasks. While AIM supports extension, adding new metrics is not
possible without changing the source code and re-deploying the platform.

In the following section, we therefore introduce a novel assessment platform
for web user interfaces and apply Web Engineering principles and techniques to
address the limitations prevalent in existing solutions, contributing to move the
field of automated Ul evaluation one step closer to a wider adoption.

3 The UIQLab Platform

In this section, we present our solution to empower Web Engineers to automat-
ically assess the quality of user interfaces of the web systems they build. To

3 |https://interfacemetrics.aalto.fi
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that end, we propose a novel software architecture — UIQLab— that addresses
shortcomings of existing platforms with regard to handling several inputs, per-
sistence of analysis results, performance, and the ability to extend the scope of
the available assessment. Note that for brevity, we use the term metrics for WUI
metrics and assessment models together.

Figure [1] provides an overview of the main components of the UIQLab plat-
form and their interactions with each other. The Frontend is managed by the
Frontend Controller and consists of three main components: Assessment Ul,
Results Dashboard, and Extension Ul. The Assessment UI allows Web Engi-
neers to specify multiple inputs, either by specifying URLs or via upload of their
screenshots or source code. Available metrics are listed along with explanatory
information and can be selected in arbitrary combinations to create an assess-
ment request. The Web Engineer is then re-directed to the Results Dashboard,
which asynchronously displays the analysis results as they are becoming avail-
able from the server, so that results of fast computations are displayed first
and long-running ones later. The dashboard visualizes the results Employing a
community-driven approach, new metrics can be proposed via the Extension UI
by specifying their dependencies and metadata and uploading their implementa-
tions. These extension requests need to be approved by platform administrators
to complete the integration in UIQLab. All frontend components implement a
guided interaction pattern, leading platform users through the necessary steps.

In the Backend, assessment and extension requests are handled by the Backend
Controller via a REST interface. It invokes the Metrics Evaluator to process
assessment requests, which invokes the Preprocessor for the selected metrics. To
enable the asynchronous display of results in the Results Dashboard, the Back-
end Controller immediately returns a response containing the identifier and type
(URL, PNG, or HTML) of each WUI requested, and a unique URL as persistent
identifier for the assessment results. This enables Web Engineers to share results
of previously run assessments with other team members. The conceptual details
of the Metrics Evaluator and Preprocessor as well as of the metrics programming
model are described in sect. and [3.3] respectively.

Our proposed approach comprises solutions to three main challenges in the
context of a web-based platform for automatic WUI assessment:

1. the asynchronous parallel execution of selected metrics,

2. the specification and resolution of preprocessing dependencies shared across
metrics, and

3. the extension of the platform by new metrics.

The following subsections detail our solutions to these three challenges. While
the proposed UIQLab architecture is technology-agnostic, our proof-of-concept
implementation is based on python due to its wide support for computer vision
and machine learning models employed in automated user interface assessment.
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Fig. 1. Main Components and Interactions of the UIQLab platform.

3.1 Parallel Computation of Selected Metrics

Incoming assessment request are handled by the Metrics Evaluator. This com-
prises loading the metrics and executing them in parallel. In the following, we
outline these two steps and further detail metrics implementations.

Metrics Loading. First, the Metrics Evaluator invokes the Dependency
Manager. It has two responsibilities: 1) to dynamically load the implementations
of the selected metrics, and 2) to request the necessary preprocessing tasks from
the Preprocessor as in sect. Dynamic loading of metrics is implemented as
a lookup of the metric identifier in the metrics directory on the file system and
supported through python importlib, allowing to import modules at runtime.
Software dependencies are available a-priori as their installation is handled via
the package manager (pip) when new metrics are accepted, cf. sect.

Metrics Computation. The control flow then is passed to the Parallel
executor. Process-based parallelism is used, where multiple processes execute
the assessment tasks concurrently. This approach leverages multicore CPUs,
avoiding the bottlenecks of thread-based parallelism, which shares a single mem-
ory space and is constrained by mechanisms like Python’s Global Interpreter
Lock, making it less suitable for the resource-intensive metrics computations.
For each metric, a dedicated runner process is created and executed simultane-
ously to the others. The implementation uses a process pooling from the Pathos
library due to its advanced serialization support for complex python objects such
as the Pillow image objects resulting from image transformations. Once a com-
putation completes, the result is stored in the results & artifacts storage, which
supports both structured results like single or multiple numerical values as well
as binary artifacts such as PNG files containing a heatmap as shown in fig.

Metrics Implementations. The actual computations are defined through
the metrics implementations, which are adhering to the interface specified in[3.3]
As a proof of concept, we implemented 14 metrics from literature aiming to cover
the range of input types, output types, methods and foci described in sect.
This selection does not claim quality or utility of the models. Table[I] provides an
overview of these 14 metrics. PNG file size is the numerical value representing
the size of a WUI screenshot image in bytes in PNG format with 24 bits per pixel,
RGB color space. It is used for the analysis of visual complexity and aesthetics
[155]. JPEG file size and compression ratio are derived from converting
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Binary Storage

Bucket

selected_metrics FK | storage_url

Fig. 2. Assessment Requests and Results Data Model

a WUI screenshot to JPEG (24 bits/pixel, RGB, Quality 0.8) and represented
as a two-component vector, typically used for visual complexity and aesthetics
[155]. Colorfulness is computed as scalar used in aesthetics analysis and com-
puted taking into account the standard deviation and average range of colors
in the RGB channel [10]. CIELAB color average & standard deviation
similarly considers the color distribution in CIELAB space and is an example of
a metric requiring an image transformation as pre-processing and producing a
6-tuple of 2 values per each of the three space dimensions. Whitespace ratio
is computed as the share of white space of the overall screen estate of a WUI
screenshot, used for aesthetics assessment [15]. It has a complex preprocessing
dependency as it requires prior Ul Object detection. Our implementation of this
metric was adapted from AIM [I7]. UI Interpretation is an example of a com-
plex DNN-based assessment employing the UTED model [22]. It results in a JSON
representing the identified bounding boxes and labels. UMSI (Unified Model
of Saliency and Importance) is a predictive model of visual importance based
on deep learning. It produces an image representing the heatmap of saliency and
an overlaid version of the WUI screenshot. [9] Word count is a scalar value
representing the number of visible words in the WUI, taking the DOM as input
and is used as a predictive model for website ratings [11]. Edge density is a
computer-vision based metric computed as the percentage of edge pixels in the
WUI screenshot implemented as a Canny edge detector on grayscale images and
used to assess visual complexity [T9/T3]. Feature congestion as measure of vi-
sual clutter [I9] requires CIELAB conversion as preprocessing and is an example
of an assessment producing two different types of result: a scalar representing
the feature congestion value and an image visualizing the spattial distribution.
Our implementation is adapted from AIM [I7]. Subband entropy is a similar
metric for visual clutter [I9] based on computation of entropy in CIELAB color
space, but producing only a single scalar value. Shannon’s information en-
tropy quantifies the amount of information in the WUT agnostic of colors, which
requires grayscale conversion as preprocessing and resulting in a single numer-
ical value. It is used for the assessment of subjective orderliness and aesthetics
[5]. Accessibility Analysis is an assessment based on the aXe accessibility
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checking engine operating on HTML input. It produces the number of violations
found and a structured JSON output detailing these and was implemented using
the selenium-axe-python library. NIMA (Neural IMage Assessment) uses a
CNN to predict the distribution of human opinion scores of a WUI screenshot.
It results in the numerical NIMA mean score, and the NIMA standard deviation
score and was adapted from [I7].

Table 1: Characteristics of proof-of-concept metrics

ID Short Name Input Owutput Preprocessing
01 PNG Size Image Numerical N/A

02 JPEG Size/Compr. Image Vector Format

03  Colorfulness Image Numerical N/A

04 Color AVG/STD Image  Vector CIELAB

05  Whitespace Image Numerical Object Detection
06  UI Interpretation Image JSON N/A

07 UMSI Image Binary N/A

08 Word Count HTML Numerical DOM

09 Edges Image Numerical, Binary Grayscale

10  Congestion Image Numerical, Binary CIELAB

11  Subband Entropy Image  Numerical CIELAB

12 Shannon Entropy Image Numerical Grayscale

13 Accessibility HTML JSON N/A

14 NIMA Image Vector N/A

3.2 Metrics Preprocessing Dependencies

In this subsection, we outline our concept of handling required preprocessing
steps for the computation of selected metrics and improving assessment perfor-
mance by avoiding redundant computations, and the currently available prepos-
sessing components within the Preprocessor.

Resolving Metrics Preprocessing Dependencies. To improve efficiency
of assessments, we propose to split computations into preprocessing tasks and the
actual metrics. In this way, redundant computations can be reduced when sev-
eral metrics share the same preprocessing requirements. Thus, the Dependency
Manager identifies for each metric selected by the user the required preprocess-
ing tasks in the metric’s configuration (cf. . The tasks are added to a shared
set of preprocessing for all selected metrics. Each preprocessing task in that set
is executed only once, with the results shared to any metric implementation
requiring them. UIQLab supports the most common preprocessing tasks used
in automated WUI assessment models. Currently, this comprises of screenshot
capture, dom analysis, image transformations and UI object detection.

Input Preprocessing Tasks. For user-provided inputs of type URL or
HTML and selected metrics based on image analysis, the Input Converter
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supports automatic screenshot capture, following the W3C’s recommendatiorﬁ
using Selenium WebDriver. After the document.readyState === "complete"
signal, it waits for an additional 5 seconds to balance a high probability of a
completely rendered screensho and preventing excessive delays. In the same
way, URL and HTML inputs for metrics requiring DOM access [14] are sup-
ported through DOM preprocessing. Screenshots are available as PNG, RGB
color space, 2400x2400 px (window size = 1200x1200 px, device pixel ratio = 2)
to accomodate even complex CV methods.

Image Preprocessing Tasks. Image-based analysis methods (cf. often
require image transformations to be applied before they can be computed. This
comprises conversion to grayscale [ISIT3U5ITIT], image format conversions (e.g.
to JPEG) [I5I3JT9ITI2115], color space conversion (e.g. to CIELAB) [10/I8I19] or
image segmentation [2I]/UT object detection [I6JI7]. Basic image transforma-
tions are performed by the Image Transformer using the CV libraries Pillow,
OpenCV and scikit-image. UI object detection is provided by the UL Object
Detector, implementing a version of UIED [22] adapted for Tesseract OCR and
producing a list of bounding boxes and labels.

3.3 Extensible Metrics Interface

As the field of automated assessment of web user interfaces is rapidly evolving,
it is important that the platform supports adding new assessment models. The
architecture of UIQLab addresses this non-functional extensibility requirement
through the specification of a metrics interface, the metrics metadata schema,
and the extension process described in the following.

<<Interface>> Image UlObject HTML DOM BinaryArtifact
Metric
+ Format + BoundingBox + Content + Nodes[] + Name
+ Data +Type v + Bytes
extends extends
+ execute(
Image?, extends. oxtends extends ysi Numeri
Code?, Code
UlIObjects[]? ‘ + MetricRef + Name
): AnalysisResult l RGBImage | |Grayscalelmage | | CIELablmage | |+ SourceRef + InputRet H 4 valve

Fig. 3. Extensible Metrics Interface

Metrics Interface. In order to allow the execution of assessment models,
their implementations must implement the UIQLab metrics interface shown in
fig.[3l It requires the availability of a class method execute which is invoked when
the assessment is run by the Parallel executor. The input parameters represent
the different types of inputs supported by UIQLab: images in different formats
and color spaces, the static HTML code, DOM or UI objects.

* cf. https:/ /www.w3.org/ TR /webdriverl/
5 average load time on desktop is 2.5s, cf. https://www.tooltester.com /en/blog/
website-loading-time-statistics/


https://www.w3.org/TR/webdriver1/
https://www.tooltester.com/en/blog/website-loading-time-statistics/
https://www.tooltester.com/en/blog/website-loading-time-statistics/
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Metrics Metadata Scheme. All metrics must provide a metadata descrip-
tion containing the information necessary for supporting an informed choice and
interpretation of results for the user, and for the technical handling of inputs,
preprocessing and outputs. These descriptions are represented as JSON following
the UIQLab metadata scheme as in table

Table 2: Metrics Metadata Scheme Properties

Field Explanation

Name Name of the metric

Description Brief description to display to users

Input Array of accepted input types, e.g. url,html, png,

Preprocessing Array of required preprocessing identifiers, e.g.
grayscale,dom,cielab, ...

References Array of references to related scientific publica-
tions
Results Array of results descriptions consisting of name,

type and explanation for interpretation

Extension Process. To add new metrics to the plattform, the following ex-
tension process is defined. 1) The implementation needs to be prepared, adhering
to the interface described above and described according to the above metadata
scheme. 2) An extension request is created via the extension U, uploading the
required artifacts, namely a) the metrics implementation file, named according to
the patter {metric_id}_{metric_description}.py, b) the metrics metadata
description as JSON file metric. json, and ¢) the deployment dependencies as
requirements.txt file. 4) Optionally, for required binary computational models
(e.g. keras HDF’5 files), the URLs can be provided, supporting deployment of im-
plementations relying on corresponding model loaders. 5) The extension request
is manually checked by the platform operator. 6) If approved, the new metric is
deployed on the platform and available for subsequent assessments. The overall
submit-approval process is similar to AIM, which uses GitHub’s merge-request
mechanism. However, UIQLab focuses on loose coupling via its defined extension
interface, thus not requiring contributors to modify the platform’s core itself and
simplifying the addition of new metrics.

4 Evaluation

In this section, we present the experimental results from our evaluation of UIQLab.
To demonstrate the scalability and showcase the impact of shared preprocessing
and parallel metrics execution on computation times, we conducted a compara-
tive performance analysis in two different scenarios, available in the replication
package in the digital appendixﬁ of this paper.

S lhttps:/ /vsr.informatik.tu-chemnitz.de/projects /2025 /UIQLab
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4.1 Method

Study Design and Rationale. The performance analysis employs a factorial
design, analyzing the effect of the independent variable execution mode M €
{sequential, parallel} on the computation time ¢ in two different scenarios. The
hypothesis tested is the difference between computation times of the two modes.
This design aims at investigating the impact of the main architectural difference
of UIQLab compared to existing approaches on performance. For a more detailed
analysis, the two scenarios represent different levels of computational complexity
of the metrics, allowing to draw conclusions for different types of metrics.
Material and Procedure. The experimental material comprises the running
instance of UIQLab, two scenarios, and the instrumentation of the performance
measurements. The measurements were run on a MacBook Pro (M1 Pro CPU
with 10 cores (8 Firestorm and 2 Icestorm), 32 GB RAM, macOS 14.4). To
enable precise measurements, the codebase was adapted for the performance ex-
periments by disabling the storage of evaluation results, setting screenshot delay
time to zero, and awaiting metric computations instead of spawning them as
background tasks. cURL was used to measure the assessment request comple-
tion time, thus including the screenshot capture and preprocessing steps in our
measurements. Our measurements compared sequential and parallel computa-
tion of a single WUI input in two scenarios: Scenario I represents assessment
with fast to compute metrics (PNG Size, JPEG Size/Compression, Colofulness,
Color AVG/STD, Edges, Shannon Entropy, NIMA), Scenario II represents as-
sessment with moderate to slow metrics (Whitespace, Ul Interpretation, UMSI,
Word Count, Congestion, Subband Entropy, Accessibility).

The assignment of metrics to the two scenarios was based on single-metric
requests of the platform’s main UI itself for each metric, repeated 500 times, as
shown in table [3] Based on this, metrics below an average of 5 seconds execution
time were classified as fast to compute (Scenario I), others as medium to slow
(Scenario II). Then, we ran Scenario I and II on the same input with sequential
and with parallel execution and 500/100 repetitions respectively.

4.2 Results

Table [3| shows the measured average times t for single metric computation, or-
dered by increasing time and the separation between Scenario I and Scenario
IT metrics indicated as a horizontal line. All sample standard deviations s are
well below 10% of the sample mean except for metric 04 (11.7%), as seen in the
coefficients of variation ¢, = 2, indicating overall reliable measurements with-
out large fluctuations. We tested for normality of the measured times using the
Shapiro-Wilk test at alpha = 0.05 and Tukey Fence k = 1.5, which found metrics
03, 02 and 10 to be normal distributed. Additionally, based on the Kolmogorov-
Smirnov effect sizes KS-d, the difference between the sample distributions and
the normal distribution for all except metric 11 is small or very small, and can
practically be assumed to be normal.
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Figure [4 shows the results of the accumulated times of the 7 fast to compute
metrics for scenario I and of the 7 medium-to-slow to compute metrics for sce-
nario II. For Scenario I, surprisingly, the average execution time for sequential
execution s = 3.66s is less than the time for parallel execution ¢, = 4.38s. As
the measurements in Scenario I were not normal distributed (Shapiro-Wilk p <
0.001), we tested the difference using left-sided Mann-Whitney-U. The difference
is found highly significant at p < 0.001 with a large effect of Z/v/nl +n2 = 0.84
of the independent factor execution model on the dependent variable time. For
Scenario II, the average execution times for sequential execution ¢, = 151.9s is
more than 1.5 times larger than the time for parallel execution ¢, = 97.5s. The
right-sided Mann-Whitney-U test shows that this difference is highly significant
at p < 0.001 and corresponds to a large effect size of 0.86 of the independent
factor execution model on the dependent variable time.

Table 3: Assessment Times for Individual Metrics (increasing)

ID Short Name t s ¢y SW-p KS-d
01 PNG Size 2.41s 0.168s 0.07 0.0325 0.0498
03  Colorfulness 2.43s 0.185s 0.08 0.0807

12 Shannon E. 2.44s 0.118s 0.05 0.0294 0.0450
02 JPEG Size/Compr. 2.46s 0.194s 0.08 0.1365

09 Edges 2.66s 0.128s 0.05 <0.001 0.0579
14 NIMA 2.67s 0.123s 0.05 <0.001 0.0677
04 Color AVG/STD 3.06s 0.358s 0.12 0.0419 0.0470
05 Whitespace 5.42s 0.224s 0.04 0.0208 0.0516
06  UI Interpretation 5.38s 0.147s 0.03 <0.001 0.0556
08 Word Count 8.50s 0.281s 0.03 0.0072 0.0571
13 Accessibility 8.89s 0.328s 0.04 0.0034 0.0576
07 UMSI 11.55s 0.406s 0.04 0.0371 0.0380
11 Subband E. 42.34s 1.175s 0.03 <0.001 0.1887
10  Congestion 92.54s 0.781s 0.01 0.1292

4.3 Discussion

Scenario I, representing the fast-to-compute metrics, showed a 19.6% better per-
formance for sequential compared to parallel execution. A possible explanation
for this observation is the low computation times for these metrics. In relation
to the time for loading and rendering the Ul from the URL input and taking the
screenshot, the fast metrics’ computation times are short. Thus, the overhead of
parallel execution via process pools outweighed the time savings. This is an im-
portant finding, helping to better optimize future execution policies for different
metrics. It indicates that the performance can further be improved through an
algorithmic strategy that selectively chooses the computation mode based on the
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Fig. 4. Scenario Results

complexity of the selected metrics. In contrast, Scenario II showed improvements
through shared preprocessing and parallel execution of 55.8%. In particular, the
mean time for parallel mode of 97.5s is only 5% higher than the 92.5s of the
slowest metric, 10 feature congestion. The 5% overhead reflects the necessary
process pooling, as the 10 CPU cores were likely sufficient for parallel execution
of the other metrics. These observations make a strong case for the advantage of
the parallel computation of UIQLab for complex metrics, especially in the light
of an increasing use of deep neural networks for Ul assessments.

Threats to Validity. Internal validity can be threatened by the definition of
the metrics for the two scenarios in our experiments. To address this, we decided
the assignment of metrics based on the results of individual executions and the
threshold shown in table[3] Another potential bias comes from the code adaptions
described in sect. All adaptions, however, are independent of metrics execu-
tion and apply to fast and medium-to-slow metrics and sequential and parallel
execution mode alike. The reported times resulting from the adapted code are not
used to argue about the expected platform performance itself. The reduced repe-
tition count of 100 is due to feasibility for the long-running computations and the
distributional statistics and significance tests indicate that this did not compro-
mise the validity. All reported time measurements were automatically measured
using curl without the potential for subjective biases. Furthermore, all evalua-
tion materials are available on GitHub for replication. Ezternal validity of our
experiments is limited by the choice of metrics and the hardware platform. The
14 implemented metrics were chosen from existing literature and representing a
wide range of inputs, outputs, preprocessing requirements and implementation
types as well as computational complexities. The experimental hardware affected
the measured times. It represents a dedicated multi-core system to allow analysis
of parallel execution. While our findings are valid for the relative comparison of
execution modes, we are not making any claims towards the absolute values of
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the measured times. In particular, we do not claim the times to be representa-
tive of the assessment times of the platform in production use. Generalization
of our experimental results beyond the presented analysis, e.g. to other metrics,
is not intended and would require dedicated experimentation. We are also not
claiming that automated assessments could make subjective design choices more
objective. Construct validity is threatened by our instrumentation of the time
measurements. We used curl, a widely-used used tool, to automatically measure
the entire round-trip-time for assessment requests. Potential impact of network
conditions was mitigated by executing the experiments on localhost. The choice
of measuring the entire assessment request time was made as it represents the
delays experienced by users in the most direct way. We do not make specific
numerical claims for the time measurements beyond.

5 Conclusion & Future Work

In this paper, we proposed a novel web-based WUI assessment platform that
provides unified access to existing WUI metrics and models. It enables Web
Engineers to automatically assess their user interfaces using 14 state-of-the-art
models. Unlike previous existing platforms, it supports parallel computations,
can handle multiple inputs, persists analysis results, and can be extended without
changing the platform code. Based on extensive experimentation, we provided
insights on the impact of the computation mode on performance, showcasing the
advantage of parallel execution for medium-to-complex metrics. All implemen-
tation and experimental materials are provided to allow the Web Engineering
community to replicate our experiments and extend the approach.

Future work can further improve the assessment performance through im-
plementation of an algorithmic strategy for selecting sequential /parallel com-
putation for subsets of selected metrics according to our identified preferences.
Likewise, load balancing for the metrics computation could further improve per-
formance in larger-scale deployments. A user study will provide insights on the
usability of the UIQLab user interface. Aggregation of the individual assessment
results into a holistic assessment for entire web applications as well as automatic
remediation suggestions are promising directions for future research to which we
plan to contribute first insights from currently ongoing experiments soon.
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