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Abstract—Mobile applications have been widely used in
people’s daily life, and lots of data is generated in use of these
mobile applications. These data including various context
elements and contains rich user information. How to construct
user features and discover user requirements from these data is
vital for developer to improve the mobile application and
providing smartly service for users. Therefore, a user feature
construction and requirements generation method is proposed
in this study. The main constructions of the study including
three parts. Firstly, a time smoothing strategy is proposed to
assist the generation of users’ time-related features. Secondly, a
fuzzy logic based method is proposed to generate user
requirements. Thirdly, a tool is developed to automate and
standardize the method. Finally, an experiment is conducted,
and the results show the method is effective.
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Owing to the maturity of mobile communication, mobile
Internet is integrating and changing people’s daily lives,
works and learning environments. According to the 49th
statistical report on the development of China’s internet in
2022 by the China Internet Information Center [1], as of
December 2021, the number of Chinese netizen reached 1032
million, of which 1028 million were mobile netizen,
accounting for 99.7%. These netizens spend 28.5 hours online
per week, up 2.3 hours from December 2020. With the
widespread use of mobile phones with rich functions, a variety
of mobile applications have sprung up like mushrooms [2].
These mobile applications have penetrated into all aspects of
people's daily lives, and become a popular style for people to
communicate, play, read, shop, socialize, schedule and work
[2-5].

Mobile applications are facing fierce market competition.
On the one hand, the competition of similar applications is
fierce, and the proliferation of homogeneous applications has
brought great challenges to the sustainable development of
mobile applications [6]. On the other hand, Maslow's
hierarchical requirements theory shows that people will and
will necessarily pursue higher-level requirements when the
lower-level requirements are satisfied. The same is true for
mobile applications, when new functions of mobile
applications  (such as  planning trips, shopping
recommendations, online car-hailing, etc.) that meet people's
requirements appear, people's attitudes towards these new

INTRODUCTION

2693-9371/22/$31.00 ©2022 IEEE
DOI 10.1109/QRS-C57518.2022.00096

599

functions will soon change from euphoria to accustomed,
which will lead to new expectations. If a mobile application
fails to capture user requirements in a timely manner, it will
soon be replaced by other applications. Therefore, only by
focusing on user experience and user requirements can the
mobile applications continuously meet user expectations and
stand out in the fierce competition.

It is difficult to extract personalized requirements of users
in mobile applications; the reasons are shown as follows:
®  User transparency

In the traditional software development process,
developers can communicate with users directly to acquire
their requirements. However, mobile applications do not have
a specific user group, they are published in mobile application
stores after the development, and can be downloaded freely by
public users. Developers cannot communicate with users
directly, and lack understanding of users, which increases the
difficulty of obtaining user requirements.
®  [ow user stickiness

User feedback is an import way for software improvement,
however, user’s stickiness is low and they are negative to give
comments. When user is interested in the mobile application,
they will use it, when they find the application is unappealing
or even disappointing, they will uninstall the application and
switch to other similar applications which are more attractive.
® Complex environment

The operating environment of traditional software is stable,
however, the operating environment of mobile application is
complex and dynamically, users have different requirements
in different environment such as time, location or weather, and
it is difficult for users to accurately describe what they want
and need to do in situations that they cannot directly contact
in life [7-8].

Many requirements acquisition methods have been
proposed to solve these challenges. Such as Niemen and
Pasquale et al. [9-10] using observation method to obtain user
requirements, they first obtained first-hand information by
observing the behavior, attitude, environment and trajectory
of users, and then combined with interviews and group
discussions with domain experts to analyze and reason the
requirements of users. Benabbou and Gregoriades acquire
user requirements in complex environment through the formal
definition or simulation of scenario [11-12]. Niemann M. and
Li X [13-14] acquire user requirements based on the analysis
of user comments in mobile applications.



The researches mentioned above using observation
method, scenario method and comment analysis method to
acquire user requirements, however, there is a lack of research
on behavior data analysis to acquire user requirements. In this
study, a user requirements acquisition method based on user
behavior data is proposed, and the contributions are described
as follows:

(1) a user feature construction method is proposed to build
digital user feature matrix based on user behavior data.

(2) A temporal smoothing method is proposed to improve
the accuracy of user time-related feature.

(3) A fuzzy logic-based approach is proposed to generate
user requirements.

(4) A tool is developed to realize the methods.

The remainder sections in the manuscript is outlined as
follows: the related works are summarized in section II. The
methods proposed in this study are described in section III.
The experiments are conducted and discussed section IV. The
conclusion and future research directions are discussed in
Section V.

1I. RELATED WORKS

Current requirements acquisition methods in mobile
applications including observation method, scenario-based
method and comment analysis method.

(1) Observation method

Observation method is one of the basic methods of
requirement extraction, and it has become a common
requirement acquisition method in mobile applications
because it can obtain first-hand information by observing the
behavior, attitude and environment of users. Although the
observation method can accurately capture the user's
environment and behavioral trajectory, the requirements
behind the user's behavior can only be obtained by inference.
Therefore, in the requirement extraction of mobile
applications, the observation method is often used in
conjunction with interview method, questionnaire method,
and group discussion method[9-10], that is, relevant users are
first organized to participate in interviews or discussions to
obtain the expected behavior of users, then compare these
behavior with the actual behavior obtained by observation
method, and user requirements are identified through the
deviation analysis between the two [15]. For the situation
where only the user's behavior can be observed but their
intention cannot be identified, a controlled small-scale group
can be selected to implement the above process to obtain the
corresponding relationship between the user's situation,
behavior and intention, and then use it as training data, and
machine learning methods such as conditional random field
[16] are introduced to infer user intent behind behaviors,
thereby capturing the requirements of users.

(2) Scenario-based method

It is difficult for users to describe the requirements clearly
before using the mobile application because of the dynamic
and complexity of its running environment. The scenario-
based method can help users to understand the system and
express their requirements. Therefore, it has been widely used
in requirement extraction of mobile applications.
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The scenario-based method refers to a method that takes the
scenario as the core and extracts the requirements by defining
the scenario, analyzing the scenario and simulating the
scenario.
®  Defining the scenario

Since the context elements involved in mobile applications
are complex, the method needs to focus on describing the
context elements related to user requirements, abstract these
elements to generate a scenario to guide the acquisition of user
requirements. UML is feature-rich and widely used, therefore,
extending UML to describe scenarios in mobile applications
has become a popular choice of many research [11,17-18]. [17]
extended the UML sequence diagram and introduced two
types of scenario participants, one is a functional participant,
the other is a situational participant, and the user requirements
of mobile applications are extracted by analyzing the
interaction process of the participants. In order to analyze the
influence of contextual elements on the system state and state
changes, the literature [11] introduced an event-triggered
analysis process in the activity diagram, and extracts mobile
application requirements by analyzing the contextual
elements of a series of event-triggered conditions from the
initial state to the end state of user’s activities.
®  Analyzing the scenario

The method of analyzing the scenario refers to proposing
an easy-to-implement process or developing a tool to assist
requirements acquisition with the scenario as the core in
mobile applications [19-23]. Such as the literature [19]
proposed a 5-step method for acquire requirements, including
identifying relevant scenarios, defining available services,
drafting scenario outlines, drawing scenario description
diagrams, and generating scenarios and scenario requirements
to achieve requirement extraction. In [20], a 3 step process is
proposed, which are describing the scenario in summary,
using the Carroll element to describe the scenario, and using
the business process modeling notation to analyze the scenario.
The Carroll element includes four categories: setting,
participants, activities and events, these elements can be used
to describe and analyze the scenarios to acquire requirements.
In the literature [21-23], Scenario Presenter and Mobile
Scenario Presenter are developed, these tools can obtain
various environmental data automatically during the
inspection process, so as to analyze the intention of mobile
users to assist the requirements acquisition of mobile
applications.
®  Simulating the scenario

In the operating environment of mobile applications, there
may be unsafe factors in some scenarios. In such scenarios,
the security risks are great and user’s requirements are
difficult to extract. It is very meaningful to use virtual reality
technology to simulate the scenario to extract user’s
requirements in this dangerous scenario. Such as simulating
the influence probability of context elements to safe
driving[12], the elements may including location of obstacles
and whether the driver uses a mobile phone.

(3) Comment analysis method

Mobile users often express their problems and new ideas
through comments [24], comments have become a major
channel for them to express their experience and feedback,



and are an important source of mobile application
requirements. Some of these method using features extraction
[25-26], topic modelling [27-28] to mining the features and
topics from comments to generated user requirements. some
of these methods using machine learning methods such as
classification to analyze comments to identify user
requirements [29-30].

Although these requirements acquisition methods have
been proposed to acquire requirements in mobile applications.
Few studies analyze behavioral data for user requirements

acquisition. Therefore, an user requirements acquisition
method based on user behavior data is proposed in this study.
III. METHODOLOGY

A. Overview

The framework of the method is shown in Figure 1. As
shown in the figure, the method is on basis of user data, and it
consist of two parts, the first part is user feature construction,
which transform disordered data to user feature matrix. The
second part is user requirement generation, which generate
user requirements from user feature matrix using fuzzy logic.
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Figure 1. Framework of the method

B. User Feature Construction

Smartphone have powerful functions, and various sensors
built in it can sense a variety of context elements, not only
environmental elements such as time, location, humidity, air
quality, etc., but also somatosensory elements such as heart
rate, body temperature, etc. Different mobile application
managers care about different topics. For example, mobile
store managers care about when and where users buy what
types of products, while doctors care about users' health status.
Not all of the context elements have a significant impact on
the topics, therefore, how to quantitatively analyze the
influence of contextual elements on topics is the primary
problem in the construction of user features.

In this study, an entropy based method is used to quantify
the impact of context elements to topics.

The calculation of entropy is shown in formula 1, N
denotes category numbers in the data, and P; is the probability
of belonging to category i.
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Entropy(S) = — XL, pi * log p; €]

Entropy gain is effective to measure the effectiveness data
partitioning. The entropy gain and entropy gain rate can be
calculated in formulas 2 and 3.

. S,
Gain(S, A) = Entropy(S) — Yvevawes(4) 3 Entropy(S,)  (2)

Gain(S,A)
Entropy(S)

Gain_ratio(S, A) = 3

In these formulas, a represents the attribute that divides the
sample set S, Values represents the value set of the attribute
A, v represents a value in the Values set, and S, represents the
sample set corresponding to the value v after the division.

The process to calculate the impact of context elements to
topics is shown in algorithm 1.



Algorithm 1: the impact calculation of context elements to topics

Input: DS(Data Set), UCET (User Context Element Set), TS (Topic Set)
Output: ES S (Effect Set Selected)

1: initialize ES_S=NULL

2: foreachtin TS

3:  Computes Entropy (t) based on DS using formula (1)

4:  for each uce in UCES

S: Computes Gain (t, uce) using formula (2)

6: Computes Gain_ratio (t, uce) using formula (3) if
7: if(Gain_ratio (t ,uce)) >3

8: ES_S.add (<Vi,UC™>)

9: endif

10:  endfor

11: endfor

12: return ES_S

After the impact analysis of the context elements to the
topics based on the entropy gain, the user feature matrix is
construct for each effective combination. The number of the
matrix row is the number of values of the context element, and
the number of matrix columns is the number of values of the
topic. The construction process is detailed in the previous
work, and will not be repeat here [31].

Time is an important contextual element in user features.
In order to clearly describe the time-related features of a user
in one day, time is segmented in hours in this study. In existing
research, time is usually handled in a discrete manner, that is
to say using the hours of check-in time to construct user
features [32-33]. For example, when the user's check-in time
is 08:00:00, this check-in is considered to represent user’s
feature at 8 0’ clock. When the user's check-in time is 08:59:50,
it also be considered to represent user’s feature at 8 o’ clock.
However, time is continuous, it may be inaccurate to
calculated in discrete, a check-in activity at 08:59:50 has a
greater impact on user's feature at 9 o'clock than 8 o'clock.
Therefore, on the basis of discrete time segment division, a
temporal smoothing method is used to assist the construction
of user’s time related features in this study.

The smoothing method in this study smooth a check-in to
adjacent hours, that is, the check-in no longer represents for a
certain hour, but represents the contribution to adjacent hours.
Assuming that the time of a check-in is h:m:s, where h
represents hours, m represents minutes, and s represents
seconds, the impact of this check-in on user features is shown
in Equation 4. When calculating count(h), the value of m
Represents the difference between the check-in time and h
point, and the proportion of the difference is m/60, therefore,
the contribution of check-ins to h point is 1-m/60. When
calculating count(h+1), the time difference between h and h+1
is 1 hour, corresponding to 60*1 minutes, then the difference
between m minutes and h+1 point is 60*1-m minutes, and the
proportion of the difference is (60*1-m )/60, so the impact of
this check-in on h+1 hour is 1- (60*1-m )/60, and using h+1
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to calculate the remainder of 24 is to solve the situation that
h+1 is greater than or equal to 24.

Count(h) = Count(h) + (1 — %)

C)
Count((h + 1)%24) = Count((h + 1)%24 + (1 —

60*x1-m

60)

For example, if the user checks in at time 12:15:00, after
using the time smoothing method, it is calculated according to
formula 4. The impact of the check-in on adjacent time
segments is: Count (12) =Count (12) +0.75, Count (13) =
Count (13) +0.25. Seconds are also included in the check-in
time, but the impact of seconds is 1/60 to minutes. Experiment
shows that seconds have a limited impact on user time feature,
so it is not considered.

C. User requirements generation

User features in matrix can be directly calculated and
analyzed, but it is not conducive to intuitive understanding of
user requirements, therefore cannot be communicate directly
with end users. So it is necessary to describe user requirements
in natural language. In this section, based the calculation of
user features, a fuzzy logic based method is used to realize the
natural language description of user's requirements, which is
described as follows.

Definition 1: requirements set RS

Requirement set, labeled RS, is a quadruple defined as:

RS: = {U, UCES, TS, FS}

Among them, U represents the set of users, UCES
represents the set of user context elements, TS represents the
set of different topics. And FS represents the set of fuzzy
descriptions to describe weather the requirement is established
by fuzzy logic calculation, which is specified in definition 2.

Definition 2: Fuzzy description set FDS

The fuzzy description set FDS is a fuzzy description of
whether the requirements in R are valid, and is specifically
defined as:

FS: =<FD:MD>

Among them, FD means fuzzy description, which is
described by language set {low, medium, high} in this study.
MD represents the membership degree.

When the context element is uce (uce € UCES) and the
topic is t (tE TS), the maximum value of different user check-
ins is defined as max, the minimum value is defined as min,
and the average value is defined as avg, then the calculation
of membership degree of low, medium and high is shown in
formulas 5, 6 and 7.

avg_

M_d(low) = af—, uc <=7 5)
M_d(med) = e <uc<avg+ =
- avg_'_maxz—avg_%p 2 = - 2
(©)



u,count—(avg+w)

Max —avg)
2

max —avg
2

(M

M_d(high) = ,u_c = avg +

max —(avg+

In this paper, it is assumed that when the number of user’s
activity is less than half of the average, the probability of users
participating in this activity is low. When the number of user
activity is higher than half of the average and lower than the
midpoint between the maximum and the average, the
probability of the user’s participating in this activity is
medium. When the number of user activities is higher than the
midpoint between the maximum value and the average value,
the probability of the user participating in this activity is high.

IV. EXPERIMENTS

Experiments are designed to verify the effectiveness of the
method. The content in this section includes: data sets of the
experiment, results and analysis.

These experiments are conducted on a personal computer,
the CPU of the computer is AMD Ryzen 5 4500U with
Radeon Graphics, 2.38 GHz, the memory is the computer is
with 16 GB, and the operating system of the computer is Win
10 with 64-bit. These experiments are implemented using Java
language, Eclipse integrated development environment and
MySQL database.

A. Date sets of the Experiment

The data set used in [34-35] is adopted in this paper, as it
is widely used and public available. The data set in [34] is
generated based on the check-in data from New York, which
is denoted as Ds-1. We also randomly selecting 5000 and 8000
users from the data set in [35] to shown that the method is not
affect by different data sets, which is denoted as Ds-2 and Ds-
3. Overview of the data sets are shown in Table 1, and the
illustration of the data are shown in Table 2.

Table 1 Overview of the data sets

User number POI number Check-in times
Ds-1 1083 38333 227428
Ds-1
5000 359036 1472935
Ds-2 8000 509440 2253379
Table 2 Illustration of the data
U| P |PC| PCN LO LA [Week|Year Month|Day| Time
9 | 43* |4c* | stadium [40.78%-73.9* | Sun [2012| May | 06 [11:21:17
88 | 4b* | 4fx | MOV 140.75%(73.9% | Fri [2012| Aug | 17 |08:13:18
theater
126| 42* |4a* | bar [40.76%|-73.9*% | Wed (2012| Dec | 21 |17:21:42
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Notes that in the table, U denotes user number, P denotes
point of interest, PC denotes the category of point of interest,
PCN denotes category name of the point of interest, LO
denotes longitude and LA denotes latitude. The * is a
shorthand of a long string.

POI category is included but POI root category is not in
the original data set. To provide a clear understanding of user
features in abstract, the POI root category is add to the data
according to the relationship between the category and the
root category in the category hierarchy tree on the Foursquare
website. There are nine root categories in the data, which are
arts and entertainment, college and university, food, outdoors
and recreation, professional and other places, residence, shops
and services, travel and transport, and events.

B. Results and analysis

Based on the analysis of the data, the context elements
including time and location, and the topic of the manager
including POI category and POI root category. Time and POI
category can be extracted from the data directly, the POI root
category can be generated based on the relationship between
the category and the root category. The context elements of
distance should be calculated. Finding the location of user's
home is the premise of calculating the distance. In this study,
the progressive home recognition method [36] is used to
discover user's home, then the distance from the POI to user’s
home is calculated. The distance is a discrete value, its
meaning to users is unclear. Therefore, it is segmented into
different levels [37-38], namely less than 1 km, from 1 to 10
km, from 10 to 30 km, and more than 30 km.

After the context elements and topics are determined, the
impact of contextual elements on topics are quantitatively
calculated, the results are shown in Table 3.

Table 3 entropy gain rate of context elements to topics

Context elements Poi root category Poi category

Time 18.69% 21.70%

Ds_1
Distance 20.71% 23.64%
Time 14.71% 15.33%

Ds_2
Distance 16.32% 18.53%
Time 21.61% 23.54%

Ds_3
Distance 21.76% 22.48.%

According to the value of the data, in hours, there are 24
possible values for time, 4 values for distance levels, 65 values
for POI category and 9 values for root category. Therefore,
user’s time-category feature is a matrix with 24 rows and 65
columns, user’s time-root category feature is a matrix with 24
rows and 9 columns, user’s distance-category feature is a
matrix with 4 rows and 65 columns and user’s distance-root



category feature is a matrix with 4 rows and 9 columns. An
example of time-root category and time-category are shown
in Figure 2 and Figure 3.

Figure 2. Example of user’s time-root category feature

Figure 3. Example of user’s time-category feature

A smoothing method is used in the construction of user’s
time related features. An experiment is conducted to verify the
effectiveness of the method. In the experiments, for each data
set, 80% is taken as the training set to construct user's features,
and the remaining 20% is used as the test set. Because these
features are established for each user separately, the division
of the data set is also divided according to the data of each
user, that is, the check-in data of each user is divided, and then
take the union of all users' check-in data as the final data set.

In mobile applications, analysts are more concerned with
providing the most suitable services to users, hence the main
goal of the evaluation is to verify whether the recommended
list of services is of interest to users. Therefore, we use the
TOP K accuracy rate as the evaluation index, the calculation
of the accuracy rate is shown in formula 8.

_ |twbtallaePy (K),(wLtacTs)|
- |75

Accuracy@K 8)

In the formula, {u,l,t,a} refers to an activity a of user u at
time t at position 1, Py (K) refers to the TOP K activity of the
user at time t or position | inferred by the model, TS refers to
the test set.

In the experiment, two user features are constructed, the
first one is constructed using the hours in the time directly
without time smoothing strategy. The second one is

constructed using the smoothing strategy. And then, formula
8 is used to calculate the accuracy of the two user features.
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The experimental comparison results are shown in Figure 4
and Figure 5.
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Figure 5. Top 2 accuracy of time-related feature

As shown in the figure, after adopting the smoothing
strategy, the accuracy of user features in all three datasets are
improved, which indicates that the smoothing strategy is
effective to improve user's time-related features.

After the construction of user features, in basis of the user
feature matrix, user requirement generation method based on
fuzzy logic described in sub-section C of section III is used to
generate user requirement documents. The user requirement
documents include a total of 14083 users’ requirements in 3
datasets.

In order to calculate the rate of fuzzy description using
fuzzy logic, the maximum value and the average value of the
user activities in the context element uce (uce € UCES) and
the topic t (t € TS) need to be used. Taking Ds 1 as an
example, its maximum and average values of time-category
feature are shown in Figures 6 and 7. The maximum and
average values in other datasets and other user features are
similar and will not be shown repeatedly.
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Figure 7. Average value of user’s time-category feature

After the maximum and average value of user’ feature are
calculated, user requirement is generated. Because the values
of context elements time and distance are 24 and 4
respectively, and the values of topic category and root
category are 65 and 9, therefore the maximum number of
requirement items generated by the combination of these two
is 2072. Because too many requirement items will overwhelm
the main requirements of users, and requirements with too low
probability are meaningless to users, the user requirements are
filtered in this paper, the items with probability lower than half
of the average are deleted. An illustration of the requirement
is shown in Table 4.

Table 4 illustration of part of the requirements

Requirement documents for user: n

Context elements: Time [0-23],Distance(0-4)

Topic: root category [0-8],category[0-64]

Requirements:

Un_R1: The probability that user 49 has low requirements to
participate in food activity in time = 9 is 0.381;

Un_R2: The probability that user 49 has high requirements to
participate in food activity in time = 12 is 0.633;

Un_R3: The probability that user 49 has high requirements to
participate in travel and transport activity in time = 18 is
0.719;

Un_R4: The probability that user 49 has high requirements to
participate in shop and service activity in time = 20 is 0.417;

Un_R34: The probability that user 49 has high requirements to
participate in food activity in distance = 1 is 0.531;

Un_R34: The probability that user 49 has low requirements to
participate in travel and transport activity in distance = 0 is
0.712;

A tool is designed in order to facilitate the automation and
generalization of the method. The tool including three parts,
which are file upload and data analysis, role discovery and
optimization. The functions of the first part are the
construction of user features and the generation of user
requirements. The function of the second part is user role
discovery using k-means, DBSCAN or other algorithms. The
functions of the third part are the optimization of the role
discovery algorithm. Because the research content in this
article only involves the first part, the remaining two parts will
not be introduced in depth here.

The main interface of the tool is shown in figure 8. As
shown in the figure, the buttons with three different colors in
the upper right are the function buttons of the three parts of
the system. The frame in the bottom left is used to display the
result. Regarding the two boxes in the middle on the right, the
one on the left is used to select context elements and topics,
the one on the right is used to save of delete the result. The
frame in the bottom right is used to show the process in
running, and the requirement generated is also displayed in
this framework.

The red buttons are used to implement the functions of the
first part. The one in the right is Re-upload, which used to
upload the data set. The six buttons in the middle including
Density plots, Box plots, Histograms, Correlation matrix,
Scatter Matrix and Heat map are used to calculate and display
data and user features in different ways, such as Heat map and
Histograms are shown in figure 9 and 10.
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Figure 8. The main interface of the tool
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Figure 9. An illustration of Heat map of user feature
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Figure 10. An illustration of Histograms of the data
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The leftmost red button is requirements analysis, which is
used to generate user requirements, a screenshot of the
generation process is shown in the figure 11.

P T epp—
— o OO = .
P | FASEats | S Powet |
===

NIK WANGKAL

Figure 11. A screenshot of requirement generation process

V. CONCLUSION

How to discovery requirements from user data is
challenging for developer of mobile application. In this study,
user features are constructed based on user data, a time
smoothing strategy is used to improve and accuracy of user’s
time related features, a fuzzy logic based method is proposed
to generate user requirements, and a tool is developed to
support the method.

Future works of the study includes the following aspects.
Firstly, validate the method in larger datasets from various
field, and extend the tool to support wider datasets. Secondly,
the research in this paper is based on user check-in data, how
to combine check-in data with data from various source such
as user comments or scraped data to discover user
requirements from more aspects is an interesting research
direction.
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