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Abstract

For mobile user interface (M-UI) design, it has an 
important impact on app user’s usage. However, M-UI design 
is limited by subjective factors, even professional developers 
can’t determine whether the M-UI design is good or bad. 
App reviews provide an opportunity to proactively collect 
user complaints and promptly improve the user experience 
of apps. Therefore, it is meaningful to explore whether app 
reviews can help developers to improve M-UI design. In this 
article, we randomly select six different categories of apps 
from Google Play Store and App Store, with over 160000 
reviews, and conduct a preliminary empirical study to answer 
the question. Specially, we gather M-UI-related reviews, 
and compare the average rating of M-UI-related reviews 
and total reviews of each app. We observe that the M-UI is 
concerned by users and the average rating for M-UI-related 
reviews is lower than the average rating for total reviews. By 
extracting the topics of M-UI-related reviews, we estimate 
the sentiment of the M-UI-related topics. The results show 
that the number of M-UI-related topics are about three or 
four, and the sentiment of M-UI-related topics is related to 
the app itself. Further, by investigating the relation between 
the M-UI-related topics and M-UI design. We observe that 
users are concerned about the M-UI usability the most, and 
it is the various aspects of the M-UI that are causing user 
frustration. In particular, our findings show that M-UI-related 
reviews reflect the severity of M-UI-related issues and app 
reviews can help developers to improve M-UI design about 
appearance, usability, fault-tolerance, of which usability 
deserves the most attention.
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1  Introduction

Mobile user Interface (M-UI) is the medium of 
information exchange between the system. A good M-UI 
design makes an app easy, practical, and efficient to use, 
which significantly affects the success of the app and the 

loyalty of its users [1-4]. In practice, M-UI-related updates 
may lead to a higher rate of complaints from users [5]. The 
quality of M-UI design is greatly affected by subjective 
factors, developers cannot use a quantitative standard to 
measure it. With a poorly designed Android GUI, users would 
feel frustrated and uninstall the application [6]. Different 
from desktop and software applications, mobile applications 
have shorter development cycles, M-UI design problems 
are more prominent. Previous research has been devoted to 
investigating the rationality of the M-UI. Researchers usually 
focus on M-UI design [7-8] and testing [9]. For example, 
Nilsson presented a structured collection of user interface 
design patterns for mobile applications [7]. Srivastava et al. 
[8] designed a more user-friendly M-UI for people with low 
literacy. Alegroth et al. [9] conducted an empirical study to 
try a more reasonable M-UI layout. Researchers have been 
looking for ways to enhance M-UI quality for a long time. 
However, most of the work comes from the perspective 
of developers. There is still a lack of study on the user 
perspective about meliorating M-UI design. In this work, 
we will try to work from the perspective of app reviews. 
Conducting such research faces serious challenges. First, 
we all know that there is a lot of noise in app reviews. The 
research [10] shows that M-UI-related reviews only make up 
a small percentage of the large number of noise app reviews. 
Second, the user’s perception of the M-UI is valuable but 
limited to subjective factors. Thus, we plan to bridge the gap 
between M-UI design and user’s perception of the M-UI.

Nowadays, the user’s perception of an app can be 
captured directly from the app market. The app market (e.g., 
Google Play Store, App Store) provides a platform for users 
to discuss their experience of using an app. The feedback 
users leave in the app market is called app reviews. App 
reviews are judgments made by users after they purchase or 
experience a product and contain a lot of useful information 
(e.g., feature requests, annoying bugs) [11]. App review 
mining has a certain impact on the success of the mobile 
application, which can contribute to the design of the mobile 
application [12]. It can also detect erroneous apps through 
the classification of app reviews, or guide the requirements 
engineering by extracting bug reports and feature requests 
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[13], or app testing and maintenance [14-17], etc. Therefore, 
it is meaningful to explore whether app reviews can help 
developers to improve M-UI design.

In this paper, we seek to override the challenges 
mentioned above, and explore whether app reviews can help 
developers improve M-UI design. In particular, we randomly 
selected six apps with different categories from Google Play 
Store and App Store. We get M-UI-related reviews with 
the help of keywords extraction. Man et al. [18] listed the 
keywords that are relevant to M-UI in the research. Further, 
we use word embedding technology [19] to seek words 
similar to those keywords and filter the result manually. 
Then, filter M-UI-related reviews in app reviews. In addition, 
extract the topics of M-UI-reviews, and use sentiment 
analysis to estimate the M-UI-related topic sentiment. 
Finally, analyze the relation between the M-UI-related topics 
and M-UI design manually.

The main contributions of this paper are as follows:
1) We are aware of the severity of the M-UI-related issues 

by finding the average rating for M-UI-related reviews is 
lower than the average rating for total reviews.

2) We analyze the relation between M-UI-related topics 
and M-UI design, and find app reviews can help developers 
to improve M-UI design about appearance, usability, 
interaction fault-tolerance, of which usability deserves the 
most attention.

The rest of the paper is organized as follows: Section 2 
introduces the detailed process of our approach. Section 3 
presents the research questions and explains the data source, 
then designs the experiments to answer research questions. 
Section 4 presents the experimental results. Section 5 lists the 
potential threats to the validity of this work. Finally, Section 
6 concludes the paper.

2  Approach

In this section, we will introduce the framework for this 
work, which includes four main modules as shown in Figure 
1: 

1) Data collecting: picking up the M-UI-related reviews 
from app reviews and tagging them.

2) Pre-processing: removing irrelevant and noisy 
information from M-UI-related reviews.

3) Topic extraction and analysis: M-UI-related topics 
are extracted from the M-UI-related reviews, and estimating 
sentiment of extracted M-UI-related topics.

4) Relation extraction: manually analysis the relation 
between M-UI-related topics and M-UI design, guided by the 
sentiment of M-UI-related topics.

In the following, we will explain the process for each of 
the above modules.

Figure 1. The framework of our approach

2.1 Data Collecting
Since our work focuses on user perceptions of the M-UI, 

we need to pull them out of app reviews and take those 
reviews as the dataset.

In order to gather the M-UI-related reviews, we use the 
keywords extraction method in this work, which is a simple, 
efficient and widely used way to retrieval. The first thing to 
do is get the M-UI-related keywords in app reviews. Man et 
al. [18] studied the complaints of app reviews, they divided 

the problems into seven categories and listed the keywords 
(e.g., layout, interface, etc.) related to M-UI. In addition, to 
get more target reviews, more M-UI-related keywords are 
needed. Thus, we split every review into words by NLTK 
(Natural Language Toolkit) [20], and represent words as 
vectors by Word2Vec [21]. And find out the approximate 
words are similar to the M-UI-related keywords, then those 
similar words are chosen manually. The preparation for 
keywords extraction is ready.
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Next, we match each word in every app review from 
the total reviews with the M-UI-related keywords. If an app 
review contains at least one M-UI-related keywords, we add 
that review to the dataset. On the contrary, we discard it. As a 
result, we get a dataset of M-UI-related reviews. Then, label 
M-UI-related reviews according to their ratings. For details 
on labels, see section 3.3.2.

 
2.2 Pre-processing

The pre-processing step is to remove noisy reviews and 
special characters from M-UI-related reviews. This is a 
common step for filtering noisy app reviews [10, 22]. 

Due to the simplicity and openness of the mobile 
applications, app reviews are often short and not structured 
text, which can lead to misspelling, slang, etc. So, it is 
necessary to reduce the noise in app reviews [23]. First, 
we use NLTK to break each M-UI-related review into 
words. Then, in order to correct misspelled words, we use 
algorithms [24] to replace misspelled words with one of the 
most likely words from a corpus of common words (e.g., 
“hella” to “hello”). After that, reduce words to root form by 
lemmatization (e.g., “playing” to “play”). Finally, remove 
stop words from reviews. Stop words occur frequently and 
have little impact on semantics, so we generally remove 
them as interfering words in text processing. Stop words are 
provided by NLTK and predefined stop words. Predefined 
stop words are non-information words manually selected 
from nearly 1000 app reviews by our team members. The 
box below lists 10 of 101 non-information words due to 
space limitation. So far, we have completed noise filtering for 
M-UI-related reviews.

Predefined stop words: app, omg, cool, fine, four, none, 
thank, hello, really, plz.

2.3 Topic Extraction and Analysis
To seek what users are talking about on M-UI. In this 

work, we use topic modeling to extract M-UI-related topics 
in M-UI-related reviews and estimate the sentiment of 
extracted M-UI-related topics.
2.3.1 Topic Modeling

A key goal of data analysis is to identify the common 
characteristics in data, which is usually to explore what 
is being discussed in documents in text analysis [25]. To 
accomplish the tasks above, data scientists use a method 
called topic modelling, which is an unsupervised learning 
method to cluster the implied semantic structure of the text 
to identify the document topic [26]. Topic modeling is very 
suitable for text-type data and is often used for semantic 
analysis and text mining in natural language processing. 
In this study, we use a topic modeling method called LDA 
(Latent Dirichlet Allocation) [27] to identify the topics of 
M-UI-related reviews.
2.3.2 Sentiment Analysis

Sentiment analysis is a common task in natural language 
processing [28]. Due to the rapid development of Internet 
services, more and more services are provided to users (e.g., 
app, website, etc.). Sentiment analysis aims at discovering 
users’ perceptions on services, so as to provide business 

advice to service providers and enable them to make better 
decisions [29]. Therefore, sentiment analysis is a good tool 
that can analyze users’ sentiment through their feedback. 
Based on the results, developers can improve their apps. In 
this study, we use Word2Vec word embedding technology 
and machine learning classifier to estimate the sentiment of 
the M-UI-related topics.

2.4 Relation Extraction
Nowadays, M-UI design in the process of software 

development needs to be jointly participated by developers 
and customers, and there is no established specification 
for M-UI design, because M-UI development is limited to 
many subjective factors. The aesthetic of M-UI varies from 
person to person. Thus, in this work, we decide to analyze 
the relation between M-UI-related topics and M-UI design 
manually. We note that all authors major in computer science, 
it is not a difficult task for them. In the process of analysis, 
the three authors were involved in the decision. If two people 
disagree, a third, more experienced author will step in, offer 
his own opinion and eventually reach a consensus.

3  Experiment Design

In this section, we expound the research questions which 
attempt to investigate at first. Then, we show the data source 
and propose the approaches to answer those questions. In 
order to assist others to replicate our findings, we provide our 
data source and code at website: https://github.com/yue-stu/
work. 

3.1 Research Questions
In this study, we set the following three research 

questions. The first question explores the basics of M-UI-
related reviews. The second and third questions explore 
whether M-UI-related reviews can help developers improve 
M-UI.

RQ1: Do users care about the M-UI in app reviews?
RQ2: What are the topics in the M-UI-related reviews?
RQ3: Is there a relation between M-UI-related topics and 

M-UI design?

3.2 Data Source
The App Store and Google Play Store are the two most 

widely used platforms for downloading applications. We 
select suitable apps from the above two platforms. First of all, 
the number of reviews for the selected app needs to exceed 
2000. In order to ensure the generalization of the data, both 
platforms of the selected apps should be included, and come 
from different app categories. Finally, we randomly select 
six apps of the top 100, as shown in Table 1. Six apps come 
from different application categories, including productivity, 
shopping, and so on. Four apps from Google Play Store and 
two from the App Store, with a total of 164,031 reviews. For 
each piece of data, not only the content of app reviews, but 
also the user’s rating of app, version and other features are 
included.
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Table 1. Subject apps
App name Category Platform Number
Swiftkey productivity Google Play 21009

Ebay shopping Google Play 35483
Clean Master tools Google Play 44327

Viber communication Google Play 17126
Noaa Radar wrether App Store 8368

YouTube multimedia App Store 37718

3.3 Evaluation Approaches
In the following, we will introduce approaches for 

answering the three research questions presented above one 
by one.
3.3.1 Approach for Answer RQ1

The first question focuses on whether users care about 
the M-UI in app reviews. Previous research [18, 30] has 
shown that users will express their perceptions about M-UI. 
For instance, “clunky interface, hard to get back to a channel 
once you finish watch a video. no landscape mode for the 
user interface”, users complained that M-UI was clunky and 
had no landscape mode. The users express an opinion about 
the M-UI. To figure out whether users care about M-UI in app 
reviews, we need to find out the reviews that users express 
their perceptions about M-UI.

We use the keywords extraction method mentioned in 
Section 2.1 to seek M-UI-related reviews. To gather as many 
M-UI-related reviews as possible. First, the word vector 
distribution space of the total app reviews is obtained by 
Word2Vec and calculate the similarity between the word x 
and the word y. The distance of the two words was judged by 
calculating the cosine similarity of x and y:

,cos( , ) .x yx y
x y

< >
=                                 (1)

After obtaining words similar to the keywords, we 
manually select the appropriate words with a similarity 
greater than 0.65. The keywords information is shown in 
Table 2. If there is at least one keyword in the app review, we 
take the review as M-UI-related. In addition, to explore the 
popularity and rating situation of M-UI-related reviews, we 
calculate the percentage of M-UI-related reviews in the total 
number of reviews, as well as compare the average rating 
between M-UI-related reviews and total app reviews of each 
app.

Table 2. Keywords extension
Total keywords

Previous work [18] Similar words
ui, interface, design, layout,

gui, ux, clunky, redesign,
aesthetic, navigation, 

usability, desing, sleek, 
appearance, aesthetically, 

intuitive, minimalistic, ugly, 
slick, graphic, unintuitive

guideline, homepage, 
scheme, hideous, awkward, 

font, gesture

3.3.2 Approach for Answer RQ2
What are the topics that users talk about when discussing 

the M-UI? In this study, we use LDA to extract M-UI-related 
topics from the M-UI-related reviews. Then, use sentiment 
analysis model to estimate the sentiment of M-UI-related 
topics.

Topic modeling is often used in text analysis to extract 
document topics. Before topic modeling, the number 
of topics to extract should be determined. However, the 
computational perplexity [27] shows that the optimal number 
of topics is always greater than ten, which is not in line 
with our expectations. Then, we decide to use pyLDAvis, 
which is a topic visualization tool. As shown in Figure 2, a 
circle represents a topic. The distance between the circles 
represents the connection between the topics. The size of 
the circle represents the importance of the topic, and the 
larger the circle, the more important the topic is. We aim to 
find the maximum number of topics where all the circles do 
not intersect. After determining the appropriate number of 
topics, we extract a certain number of topics from M-UI-
related reviews. The extracted topic is related to the mobile 
user interface. Then, establish the sentiment analysis model. 
We use the Word2vec word embedding tool to get the word 
vector of the preprocessed M-UI-related reviews, and label 
them according to their ratings. Studies have pointed out 
that there is a direct relationship between rating and user 
sentiment [31], we consider rating less than or equal to three 
as a negative review, and rating above three as a positive 
review. We used machine learning classifiers, including 
Random Forest, SVM (Support Vector Machine), Naive 
Bayes and Logistic Regression, to predict sentiment in M-UI-
related topics. It is noted that the number of positive and 
negative reviews differed greatly in different app datasets. 
Thus, we balance positive and negative samples to solve the 
problem of data imbalance by undersampling. For each app, 
we compare the performance of each classifier. In order to 
improve the performance of the classifier, we use grid search 
for performance tuning. The best classifier is determined by 
calculating Precision, Recall and F-measure.

Figure 2. Inter-topic distance map
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Where TP, FP, FN indicate the true positive, false positive 
and false negatives of the confusion matrix (as shown in 
Table 3). Finally, input the extracted M-UI-related topics into 
the trained sentiment analysis model to get the sentiment of 
each M-UI-related topic.

Table 3. The confusion matrix
Positive Actual value

Negative

Predicted
value

Positive TP FP
Negative FN TN

3.3.3 Approach for Answer RQ3
The third question concerns whether there is a relation 

between M-UI-related topics and M-UI design? Since there 
is no clear standard, we decide to use manual analysis.

We adopt the method of group discussion to make the 
experiment more rigorous. It is noted that all authors major in 
computer science and have experience in app development. 
The work can be divided into two parts. First, the previous 
work of Nielsen [32], he identified ten principles of UI 
design. The same applies to the M-UI design. As shown 
in Figure 3, we map ten principles into three categories 
of M-UI-related issues with the help of two software 
engineering professors. Three categories of M-UI-related 
issues were identified, namely appearance, usability, and 
fault-tolerance. By manually analyzing the relation between 
each M-UI-related topic and the above three categories, it can 
determine which one or more categories this M-UI-related 
topic belongs to. In the discussion of defining categories, 
if two authors disagree, a third, more experienced author 
will step in, offer his opinion, and finally reach a consensus. 
Second, by analyzing which categories of M-UI problems 
these topics fall into. we can get a rough idea of what the 
user perception about the M-UI with the help of sentiment of 
M-UI-related topic. Through the result, we can infer whether 
app reviews really help developers improve M-UI design.

Figure 3. The map of ten principles to M-UI-related issues

4  Results

In this section, we will show the results for answering the 
questions presented in Section 3.1.

4.1 RQ1: Do Users Care about the M-UI in App Reviews?
The first research question is whether users care about 

the M-UI in app reviews. Previous research got the M-UI-
related keywords from app reviews [18]. We use Word2vec 
to find similar words for these keywords as extensions, then 
find M-UI-related reviews through keywords extraction. 
After finding out the M-UI-related reviews, we conduct a 
statistical analysis. First, we calculate the proportion of the 
number of M-UI-related reviews to the total app reviews, 
and compare the average rating of M-UI-related reviews with 
the average rating of total app reviews. Table 4 shows the 
result, the proportion of M-UI-related reviews varies greatly 
among different apps, with the lowest being 0.85% and the 
highest being 5.17%. It’s different from app to app. On the 
whole, M-UI-related reviews account for about 2.86% of the 
total reviews. As can be seen from comparison of the last two 
columns of the table, the average rating of the total review of 
each app is higher than the average rating of the M-UI-related 
reviews of each app. The difference between the average 
rating of total reviews and the average rating of M-UI-related 
reviews is quite different of each app. Therefore, it is found 
that the user’s evaluation of M-UI is lower than the average, 
which reflects the severity of the M-UI-related issues. If we 
figure out where the M-UI is going to improve, rating goes 
up, the app will be more competitive in the market.

Answer to RQ1: Users care about the M-UI in app 
reviews. By the statistics, the average rating for M-UI-related 
reviews is lower than the average rating for total reviews, 
which reflects the severity of the M-UI-related issues.

4.2 RQ2: What are the Topics in the M-UI-related Reviews?
The second question focuses on what topics exist in 

M-UI-related reviews? We extract the M-UI-related topics 
by topic modeling and establish a sentiment analysis 
model to estimate the M-UI-related topic sentiment, and 
use pyLDAvis to determine the number of M-UI-related 
topics. Precision, recall, and F-measure are used to measure 
the quality of sentiment analysis models. Table 5 shows a 
snapshot of the top seven terms of the M-UI-related topic 
on YouTube. The words in the topic can reflect the meaning 
of the topic. For example, the words “picture”, “interface”, 
and “design” in topic 1 reflect the appearance and design of 
M-UI. The performance of the sentiment analysis model is 
shown in Table 6. From the value of F1-score and accuracy, 
the Random Forest is better than the other three classifiers in 
most applications. However, for Viber, SVM performs best. 
According to the performance of the classifier on each app, 
the classifier with the best performance is selected as the 
sentiment analysis model. Next, the established sentiment 
analysis model is used to analyze the M-UI-related topic 
sentiment. The results are shown in Table 7. The total number 
of M-UI-related topics extracted is twenty-two, about three 
or four for each app. We note that the sentiment of the M-UI-
related topic is related to the app itself, and the app with 
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higher rating has more positive M-UI-related topics than 
apps with low rating. However, there is not a linear relation 
between the lower the rating and the number of negative 
M-UI-related topics.Answer to RQ2: Each app has about 

three or four M-UI-related topics, and the number of positive 
and negative M-UI-related topics varies greatly depending on 
the app itself.

Table 4. The statistical results

App name Total reviews M-UI-related
reviews Proportion Average rating of

total reviews
Average rating of

M-UI-related reviews
Swiftkey 44327 377 0.85% 4.517 4.382

Ebay 35483 1044 2.94% 2.830 2.771
Clean master 21009 1088 5.17% 4.152 4.147

Viber 17126 197 1.15% 3.326 3.102
Noaa radar 8368 346 4.13% 4.454 4.092
YouTube 377118 1642 4.35% 2.175 1877

Total 164031 4694 2.86%

Table 5. Top seven terms for each topic on YouTube
Topic Topic 1 Topic 2 Topic 3

Term

still comment back
issue layout like
play fix layout

interface change use
picture section watch
design make go

get get screen

Table 6. Performance of different classifiers
App name Classifier name Precision Recall F1-score Accuracy

Swiftkey

Random forest 0.94 0.89 0.91 0.89
SVM 0.76 0.72 0.67 0.72

Naive bayes 0.70 0.74 0.69 0.74
Logistic regression 0.71 0.71 0.65 0.71

Ebay

Random forest 0.85 0.82 0.83 0.82
SVM 0.56 0.53 0.52 0.53

Naive bayes 0.72 0.70 0.71 0.70
Logistic regression 0.56 0.54 0.53 0.54

Clean master

Random forest 0.95 0.79 0.85 0.79
SVM 0.58 0.54 0.51 0.54

Naive bayes 0.58 0.57 0.54 0.57
Logistic regression 0.58 0.57 0.54 0.57

Viber

Random forest 0.71 0.68 0.68 0.68
SVM 0.84 0.78 0.78 0.78

Naive bayes 0.69 0.68 0.68 0.68
Logistic regression 0.79 0.72 0.73 0.73

Noaa radar

Random forest 0.89 0.81 0.84 0.81
SVM 0.74 0.51 0.48 0.51

Naive bayes 0.74 0.57 0.53 0.67
Logistic regression 0.62 0.57 0.52 0.57

YouTube

Random forest 0.97 0.84 0.90 0.84
SVM 0.73 0.74 0.74 0.74

Naive bayes 0.70 0.72 0.71 0.72
Logistic regression 0.55 0.51 0.45 0.51
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Table 7. M-UI-related topic number and M-UI-related topic 
sentiment

App name M-UI-related 
topic number Positive Negative

Swiftkey

1 √
2 √
3 √
4 √

Ebay

1 √
2 √
3 √
4 √

Clean master
1 √
2 √
3 √

Viber

1 √
2 √
3 √
4 √

Noaa radar

1 √
2 √
3 √
4 √

YouTube
1 √
2 √
3 √

4.3 RQ3: Is There a Relation between M-UI-related Topics 
and M-UI Design?
The last question concerns whether there is a relation 

between M-UI-related topics and M-UI design? We classify 
the M-UI-related topics to the M-UI-related issues one 
by one manually, and the results are shown in Table 8. 
Among the three categories (appearance, usability and fault-
tolerance), we find that most M-UI-related topics are related 
to usability and appearance, while there are few M-UI-related 
topics about fault-tolerance. In addition, most M-UI-related 
topics with a positive sentiment are related to usability, while 
those with a negative sentiment are involved all categories. It 
can be concluded that the user cares most about the usability, 
while appearance is secondary. In the case of negative 
M-UI-related topics, we suggest that the experience should 
be prioritized, while the appearance should also be paid 
attention to. We also note that M-UI-topics with negative 
sentiment include other situations, which includes M-UI 
changes. Therefore, we speculate that frequent changes to the 
M-UI will also lead to user dissatisfaction.

Answer to RQ3: There is a relation between M-UI-
related topics and M-UI design. Users care about the 
appearance, usability and fault-tolerance of M-UI, among 
which the usability is the most prominent.

Table 8. Correspondence between M-UI-related topics and M-UI-related issues

App name M-UI-related topic number Appearance Usability Fault-tolerance

Swiftkey

1 √ √
2 √
3 √
4 √

Ebay

1 √
2 √
3 √
4 √ √

Clean master
1 √
2 √
3 √ √

Viber

1 √
2 √
3 √
4 √

Noaa radar

1 √ √
2 √ √
3 √ √
4 √

YouTube
1 √ √
2 √ √
3 √ √
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5  Threats to Validity

In this section, we discuss the threats to validity of our 
work.

Internal Validity. In terms of internal threats, the results 
of this experiment may be influenced by manual analysis 
(including selecting similar keywords and judging M-UI-
related topic categories, etc.). To reduce the impact of this 
risk on the results, we assign a complete operational process 
(including examples and standards) as experimental guidance. 
It is worth noting that all the experimental personnel majored 
in computer science and have practical experience in 
software development. In addition, stop words are provided 
by NLTK and predefined stop words. Predefined stop words 
are chosen by our team manually. The unanimous agreement 
of team members is required when choosing predefined stop 
words. We randomly selected 200 pieces of review from the 
dataset and the false-positive rate was about 2.5%.

External Validity. This is related to factories from an 
external aspect. Our results may have been skewed by the 
data source, we search just about 160,000 reviews, which is 
nowhere near the number of reviews in the entire app market. 
Therefore, to enhance the diversity of the data, we randomly 
selected six of the top 100 apps from the most popular app 
download platforms (Google Play Store and App Store). 
What’s more, six different apps from different app categories. 
Different software markets represent different user behaviors 
and characteristics. Similarly, different types of app users are 
different.

6  Conclusion

In this paper, we seek whether app reviews could be 
used to improve M-UI design. We randomly selected apps in 
six different categories from the Google Play Store and app 
Store, with over 160,000 app reviews. Firstly, we find out the 
M-UI-related reviews from the app reviews, and compare 
the average rating of M-UI-related reviews and total app 
reviews of each app. Then, extract the M-UI-related topics 
in the M-UI-related reviews, and estimate the sentiment 
of the M-UI-related topics. Finally, analyze the relation 
between the M-UI-related topics and M-UI design through 
manual analysis. From the experiment, we find that M-UI is 
concerned by users, and the average rating for M-UI-related 
reviews is lower than the average rating for total app reviews, 
which reflects the severity of M-UI-related issues. There are 
about three or four M-UI-related topics that users talk about 
M-UI, and the M-UI-related topic sentiment is related to the 
app itself. Users care about the usability the most, and users 
complain about the M-UI for a variety of reasons. The results 
of our study are helpful for developers to improve M-UI 
design.

In the future, we will expand our work vertically and 
horizontally, and hope to accomplish more fine-grained 
extraction of M-UI-related reviews, as well as more rational 
extraction of topics. In addition, we are exploring more ways 
to improve the quality of M-UI. 
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