
Towards Enhanced Creativity in Interface Design through Automated Usability
Evaluation

Snehal Dhengre1, Jayant Mathur2, Farzaneh Oghazian3, Xiaomei Tan1, Christopher McComb2
1Department of Industrial and Manufacturing Engineering, 2School of Engineering Design, Technology, and

Professional Programs, 3Department of Architecture
The Pennsylvania State University
University Park, PA 16802 USA

sud702@psu.edu, jmm8886@psu.edu, fxo45@psu.edu, xzt24@psu.edu, mccomb@psu.edu

Abstract
With an increase in the number of mobile apps making
their way to users, there is a growing need for tools to
support the app design process. While many tools focus
on increasing the pace of development, few attempt to
aide the designer in generating more creative solutions.
In this work, we take creativity as the combination of
novelty and utility. Particularly during development of
user interfaces, assessment of utility (primarily usabil-
ity) is iterative, rigorous, and time-consuming. The ob-
jective of the proposed work is to explore and evaluate
the use of machine learning to predict usability mea-
sures for mobile app interfaces as a means to automate
usability evaluations. Specifically, a convolutional neu-
ral network (CNN) is used to accurately (nearly 90%)
predict three usability measures: regularity, complexity,
and touchability. This tool automates the assessment of
utility in app design, freeing up the designer to seek de-
signs that are novel and thus creative.

Introduction
Consumers downloaded 204 billion mobile applications
(apps) worldwide in 2019 (Clement 2020) and the usage of
mobile apps is continuing to increase at a tremendous rate
of over 10 apps used per day on average by a user (Annie
2017). Mobile app users are therefore becoming selective
due to the abundance of mobile apps, many of which con-
tain similar features and services. In order to keep up with
the consumer demand for engaging mobile apps, designers
must create interfaces that are creative - both novel and us-
able. However, utility testing during user interface (UI) de-
velopment limits the time and resources designers can al-
locate toward novelty. This utility testing is typically done
through usability evaluation. The usability of an interface
is defined as “the extent to which a product can be used
by specified users to achieve designated goals with effec-
tiveness, efficiency, and satisfaction in a specified context of
use” (ISO9241-11 2018).

Current methodologies to evaluate usability often entail
empirical assessments of observations, but these evalua-
tions can be costly, time-consuming, and resource intensive.
These limitations hinder the creativity of the designers as
significant cognitive effort must be expended to ensure util-
ity instead of pursuing novelty. There is, therefore, an oppor-
tunity to introduce automation in usability evaluation during

UI development to help designers become more creative by
empowering them to spend more time and effort pursuing
novelty than ensuring utility. This work therefore aims to
aide in improving design creativity by helping designers ex-
pedite the quantitative evaluation step in the design cycle,
thereby providing designers more time and resources to fo-
cus on novelty. The goal for the current work is to investi-
gate the efficacy of an automated evaluation tool to predict
usability metrics, a step towards developing a proof of con-
cept that will enhance creativity in interface design.

Related Work
Research in the utilization of computational tools for au-
tomation, intelligent feedback generation, and assistive de-
sign guidance shows that designers may benefit creatively
when relying on computational assistive tools (Colton et
al. 2019; Colton, Powley, and Cook 2018; Karimi et al.
2019). Colton et al.(2019; 2018) explain that computa-
tional automation can “empower people in a co-creative
setting” thereby allowing designers to think outside their
perspective and aiding creativity. Such co-creative design
tools driven by machine learning (ML) can provide inno-
vative solutions to enhance and aid in the development
of creativity and creative designs (Karimi et al. 2019;
Verganti, Vendraminelli, and Iansiti 2020). Moreover, ML
is gaining momentum in the field of human-computer inter-
action (Yang, Banovic, and Zimmerman 2018) and offers
potential for innovation in user-centered design as well.

Various research studies have been conducted to enhance
the process of usability evaluation. For instance, PLAIN, a
java-based automatic evaluation plugin, was developed for
calculating the quality of the interface from a usability per-
spective (Soui et al. 2017). Using a similar approach, Soui et
al. (2019) developed a multi-objective automatic optimiza-
tion method to detect aesthetic aspects of UI. In their study,
two sets of mathematical measurements for usability, guid-
ance and coherence, were introduced as a tool for qualita-
tive assessment of graphical user interface (GUI) (Soui et al.
2019).

While some studies incorporated quantitative methods
for usability assessment of UIs and validated the methods
through empirical studies, others implemented data-driven
strategies to identify mobile app issues and automate the
process. A data-driven based tool, ZIPT, was developed
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to measure the performance of mobile app interfaces using
metrics such as completion rate, time on task, and the num-
ber of interactions performed (Deka et al. 2017b). TapShoe
was developed by Swearngin and Li (2019) to predict the
tappability of UI elements. Both of the aforementioned stud-
ies used crowd-sourcing for collecting data and ML models
for assessing usability.

Aesthetics are strongly associated with the functionality
and user satisfaction of an interface (Kurosu and Kashimura
1995; Tractinsky 1997; Hartmann, Sutcliffe, and De Angeli
2008). Norman (2002) explains that good aesthetic design
has a positive impact on user experience, thereby enhanc-
ing usability of the interface. These benefits of good aes-
thetic design have led researchers to explore the aesthetic
measures of an interface to assess usability. For instance,
Ngo, Teo, and Byrne (2000) defined 14 aesthetic measures
that closely aligned with designers’ implicit perceptions of
aesthetics (Ngo, Samsudin, and Abdullah 2000).

Accessibility for interactive elements is another impor-
tant usability attribute, particularly with touch screen de-
vices where touch target size influences user’s accessibility
of the interface. Smaller touch targets require a higher time
to tap and often leads to frustration. Parhi, Karlson, and
Bederson (2006) recommended that a minimum size of 1
cm x 1 cm is required for accurate and efficient selection of
touch targets. Similarly, Microsoft recommends a target size
greater than 0.9 cm x 0.9 cm for frequently used interactive
elements (Microsoft 2012).

Data Extraction and Augmentation
This study uses a subset of Rico dataset (Deka et al. 2017a).
The dataset contains visual, textual, structural, and interac-
tive design properties of 72,000 screens from mobile apps.
Specifically, this study was conducted with annotated im-
ages of weather apps with 5 or 6 UI components (205
screens). Data was augmented by adding gaussian blur to
the extracted images to increase the diversity of the dataset.
This resulted in a total of 410 annotated RGB images of size
1440 x 2560 pixels for weather apps category.

Three measures (regularity, complexity, and touchability)
were used as evaluation criteria to assess the usability of the
mobile apps. These measures were selected to highlight the
opportunity for using ML as an automated usability evalua-
tion tool and do not resemble a holistic usability evaluation
approach. Regularity measures the consistency of organiza-
tion of the UI components and spacing between UI compo-
nents which is given by:

RM = 1�
✓
Nav +Nah +Nsp

3n

◆
2 [0, 1] (1)

where N av and N ah are the number of horizontal and ver-
tical alignment points, N sp the number of distinct distances
between column and row starting points, and n the number
of components (Soui et al. 2017).

Complexity measure determines how easily a user can
find expected information and is defined in terms of the num-
ber of components and number of alignment points on a UI.
The complexity measure is given by (Soui et al. 2017):

CM =
Nav +Nah

(2n)
2 [0, 1] (2)

Touchability measures the efficiency and accuracy of in-
teraction with touch targets with regard to accessibility of UI
and is defined by the authors as:

TM =
Nc

Nctot

2 [0, 1] (3)

where Nc is number of clickable components meeting the
minimum touch target size requirement, and Nctot the total
number of clickable components.

To calculate these usability measures, the component
class of each UI component (clickable or non-clickable),
and the position of starting point and endpoint of each UI
element were extracted for each mobile app image. Using
these values, new index parameters were computed for each
mobile app image including the number of vertical and hor-
izontal alignment points, the number of distinct distances
between row and starting points, the number of UI compo-
nents, and the number of clickable components. An example
of these index parameters for an image is demonstrated in
Fig. 1. The usability measures, RM, CM, and TM, were then
calculated using mathematical Eq. (1), Eq. (2) and Eq. (3),
respectively. The minimum size for the touch object used
for calculation was 0.9 cm x 0.9 cm.

Figure 1: An example of index parameters for a mobile app
page

Design and Implementation
Convolutional neural networks, like the model used in this
paper (see Fig. 2), are a class of deep learning networks
proven to be very effective for image recognition. Recently,
such models have seen increased use in design (Williams et
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al. 2019; Raina, McComb, and Cagan 2019). The specific
model in this work1 was trained on 70% of the images from
the generated dataset and tested with the remaining 30% of
the images. Two layers of convolution and max pooling
were applied on each mobile app screen, following which
the model was forked into three branches to predict the three
usability measures. Another layer of convolution and max
pooling was applied for the branch predicting touchability
measure for obtaining finer resolution of the input image.
Sigmoidal and hyperbolic tangent activation functions were
used for the output layer of RM and CM, and TM respec-
tively, to limit the output bounds between 0 and 1. The re-
spective activation functions ensured best fit for the model.
A mean squared error loss function was used along with the
Adam optimizer to compile the model.

To evaluate the performance of the model, the R-squared
score was used as the performance metric, which assesses
how close the predicted values are to the actual ones. The
model was evaluated for the training and testing data sep-
arately by computing a coefficient of determination (R-
squared score) for each of the three usability measures.

Results
The R-squared score computed from the best trained model
was greater than 90% for the training set and greater than
85% for the test set for all three usability measures. The
corresponding R-squared score for each usability measure is
shown in Table 1. These results suggest that the machine
learning approach allows designers to predict close to accu-
rate predictions to the expected usability measurement val-
ues. Prediction results of a sample mobile app screenshot is
shown in Fig. 3, where low RM corresponds to fewer align-
ment points, high CM corresponds to difficulty in finding
the required information, and low TM corresponds to fewer
number of touch targets meeting minimum size criteria.

Table 1: R-squared scores of usability measures

R-squared score (%)
Measure Train set Test set

Regularity 92.68 88.57
Complexity 92.17 89.11
Touchability 98.30 89.18

Conclusion
The goal for this work was to free up designers from spend-
ing time and resources on utility testing of mobile app UI
designs and focus more on the novelty of designs, thereby
improving the collective creative output. The proposed work
therefore investigated automation of the usability evaluation
of mobile app UIs. A framework for predicting usability
measures for mobile apps using ML was presented as a tool
for designers to conduct rapid usability evaluation. Specifi-
cally, a convolutional neural network model was developed

1https://github.com/snehal49/Usability-ML.git

Figure 2: Architecture of ML model

to predict three usability measures: regularity, complexity,
and touchability when given an input image of the mobile
app UI. The findings indicate that ML can be used as a
means of automation in the development of tools that assess
the usability of mobile app UIs. There is potential to inte-
grate such tools with GUI design platforms such as Adobe
XD, Grasshopper, and Balsamiq. This can support design-
ers by providing a quick usability assessment of interface
designs, thereby allowing designers to instead focus their
efforts on the novelty aspect of their designs.

The findings in the present study should be considered in
light of some limitations such as small size of dataset used
for training the ML model. Future work could explore vali-
dation of the tool by conducting usability study to assess its
efficacy. Also, addition of mobile app screens from other
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Figure 3: Prediction results of a sample screenshot

app categories and incorporation of other usability measures
could be considered to build a robust usability evaluation
tool.
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