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Abstract

In today’s digital landscape, understanding users’ needs and behaviors is key to improving app
experiences. This paper focuses on how we can better understand user reviews and password resets in
mobile apps through a method called user segmentation. By dividing users into groups based on their
feedback and password reset patterns, we aim to uncover insights that can enhance app design and
security. Using a mix of user reviews and password reset data from a diverse set of users, we analyze
patterns using regression. This statistical method helps us identify different types of users and their
preferences. Our findings reveal valuable insights into user sentiments and the likelihood of password
resets. Ultimately, this research highlights the importance of tailoring app experiences to different user
groups. By gaining insights into users’ needs and behaviors, we can develop applications that are more
user-friendly and secure. This can be utilized for attaining market insights for any penetration in
comparison to other existing clients and competitors. The method is a way out by just reading out the
app’s data to form and display the required information. It also enables the institution to identify where
they can target the audience they want to catch, if not they can amend changes to the same. Ensuring
unbiased numeric values showcasing up reviews.
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INTRODUCTION

In the technological era, apps on mobile platforms are becoming the lifeline of our lives, putting
convenience and connectivity within the reach of a single touch. However, progress will not only
depend on their functionality but also on the way they cater to different needs and taste preferences. It
is vital for app developers and businesses to build better user experiences, and app performance
optimization is gaining a deeper understanding of users’ behavior and preferences [1]. User
segmentation, a generally known strategy from user experience design and marketing for grouping users
into subsets with similar interests, habits, or mental models, provides a scheme for classifying users [2].
Segmenting users enables developers to focus their strategies in advance to meet the needs of different
user groups, ultimately enhancing user satisfaction and engagement [3]. This study takes us into the
field of user segmentation, specifically highlighting its application in the mobile application sector.
Specifically, our goal is to examine in depth two of the app’s key areas that influence engagement and
performance of the application, including user
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us knowledge about user behavior and engagement [6]. Using logistic regression, a statistical method
for the selection of model and segmenting model, the relational media aims to assign meaning to the
review sentiments and password reset behaviors of the various segments of the users. Hence, by
searching for trends and relationships present in the data, one can get to know and label specific groups
of users with unique traits and common interests [7].

LITERATURE REVIEW

User segmentation is an inevitable part of marketing and data analysis tools that modern marketers
need to build a platform for communicating customers’ needs effectively [8]. In the present-day world,
with enormous volumes of data and constantly progressing cutting-edge technology, researchers and
practitioners remain curious about devising new methodologies and applications that can segment the
audience into various spheres of life. Machine learning techniques, [9] as recent engines helping in the
profound analysis of massive amounts of data and the identification of hidden associations and trends
in it, are also good in user segmentation.

The report [10] focuses on consumer segmentation with the help of machine learning methods, such
as k-means and hierarchical clustering. This indicates that these methods are efficient in separating
common groups of consumers, which can be differentiated using various attributes. The following paper
[11] investigates market segmentation approaches in e-commerce featuring supervised and
unsupervised methodologies to demonstrate how intelligence from machine learning (ML) can be
precise in identifying lifestyle indices, opinions, behaviors, and interests of targeted marketing subjects.

The utilization of such tools allows businesses to comprehend customers’ preferences as well as the
main patterns in their behavior and can additionally help companies create individual connections and
personalized encounters [12], which will ultimately benefit customer satisfaction and loyalty.
Psychographic and demographic segments had their right proportion, considering that they were the
most popular in mobile fintech services.

An example, such as the work of Birtolo et al. (2013) [13], which examines the role of psychographics
and demographics in customer profiling within the mobile banking sector, thereby providing insights
into the complex inclinations and reactions of consumers [14].

By examining factors such as lifestyle, personality traits, and interests that coincide with demographic
characteristics, marketers can develop a more comprehensive understanding of consumers’ sensibilities
and decision-making mechanisms, thus catering to a more apt fashion of marketing operations and
products. Furthermore, user segmentations of online music services using fuzzy clustering techniques
[15] imply meaningful information on user preferences and engagement patterns in a virtual music
environment [16].

By gaining insight into user segmentation from the perspective of the targeted industry, companies
can customize their strategies to match the application of specific users who are an audience of the
business and the availability of the brand in the market [17]. Similarly, analysts such as [18] profoundly
study subject-related segmentation and usage profiling, especially focusing on the relevance of regular
segmentation attitude changes with respect to user dynamics for personalized treatment and engagement
strategies [19]. Such a “just-in-the-moment” approach allows brands to explain these changes to their
audience promptly and effectively, thus improving the effectiveness of their marketing efforts.

In addition, comprehensive surveys, such as [20], deliver the diversity of analytical tools used for
customer segmentation for E-commerce personalized targeting, which emphasizes the dependence of
tailor-made marketing strategies on clientele engagement and retention [21].

By implementing the power of the dynamic segmentation approach, businesses can maximize their
marketing programs by providing more relevant content, [22] thereby tightening the bond with their

© STM Journals 2024. All Rights Reserved 2



Journal of Computer Technology & Applications
Volume 15, Issue 3
ISSN: 2229-6964 (Online), ISSN: 2347-7229 (Print)

audience so that they can grow their businesses to successful levels. Frontier sets of data analytics tools
and methods that drive customer segmentation, powered by a sophisticated study of user actions and
interaction patterns, facilitate segmentation.

For example, [23] highlighted the ability of marketing tools based on data analytics to comprehend
and engage the target audience. Therefore, this study confirms the significance of data-informed
decisions in marketing planning.

In addition to more precise profiling and advice to customers from business, machine learning, natural
language processing, and predictive modeling are sophisticated analytics that can help businesses dig
deep into big data to obtain insightful information [24].

The data-driven approach may assist companies in optimizing their marketing resources and
achieving maximum return on investment (ROI), increasing the number of satisfied customers, and
overcoming competition in the market—be motivational and increase users’ experiences by stimulating
them. Amplifying and highlighting the voices of activists, politicians, and healthcare workers are crucial
for raising awareness and triggering actions.

The makeup retail business is set in many categories. These experts and professionals, through the
utilization of the latest technologies and analytical platforms, can efficiently parse large and large
datasets to provide a fertile ground for segmentation and target inclusion; hence, the desired and specific
results are achieved in a short time [25]. Technology evolvement at a high speed and the growing users’
expectations led to companies’ segmentation methods constantly evolving to satisfy both users’ needs
and expectations.

Nevertheless, these organizations must ensure that the methods they apply are flexible and capable
of integrating new techniques [26]. The application of the newest analytics, purposeful segmentation,
as well as personalized interaction methodology, leads to the advantage of the companies since the latter
can benefit from the shift in the market environment and create bonds with the audiences that lower
their attrition rate and lead to loyalty that organically works towards the sustainable growth of the
concerned company in attaining the best response [27].

RESEARCH METHODOLOGY

The methodology used to amend the data into the desired format of attaining insights revolves around
considering all the factors, such as data type, data consistency, data manipulation values, and the
introduction of false inputs to solve inconsistency. Regression methods were used to identify the
necessary columns.

Binary Regression

We need to construct a binary logistic regression model that can forecast whether a user will post a
review according to his/her behavior and personality. To achieve this, we used a dataset of 10,000
observations so that it could handle missing data (if it existed) and categorical variables that were
identified using statistical encoding). Microdata, such as website clicks, purchase history, and length of
time on a site, as well as non-numerical activities, such as site content consumption. Major attributes
such as age, gender, IP address, and no. of purchases and time spent on the site are gone, and useless
ones, such as user ID and location factors. The split into training (70%) and testing (30%) was
performed. The default parameters of the logistic regression model were used during initialization.
Training is performed on the training set, followed by the evaluation process using measures, including
precision, accuracy, recall, and F1 score on the test data. Among the approaches to enhance sample
performance, grid search, and random search are some of the tools that we use. The logistic regression
model coefficients are obtained, and the consequences of each characteristic on the probability of the
user accepting to submit a review are interpreted. In addition, there is an option for the model to forecast
new data by monitoring and updating after a certain performance.

© STM Journals 2024. All Rights Reserved 3



User App Segmentation for Better Understanding of Reviews Agrawal et al.

Multinomial Regression

Multinomial logistic regression models for predicting customer intentions in case of targeting their
reviews contain attributes such as consumer age, gender, purchase history (frequent purchases, amount
spent), and user behavior metrics (time spent on the website, number of interactions). These aspects can
be considered in the model, and the interactions between them can be used to capture nonlinearities.
Regularized methods that employ L1 or L2 are very useful for handling redundancy, but feature
selection tools, such as recursive feature extraction or importance enhancement, can be used to reveal
the top predictors. In addition, the method is being improved by adding analytical predictions derived
not only from literature data to reviews, which could raise the accuracy rate of the model. Techniques
to check the accuracy and generalization of the model with the help of cross-validation can be leveraged
along with the contributed use cases, such as dependent variable significance and trend analysis, that
increase the interpretability of the model.

COMPARATIVE ANALYSIS

Based on the applied regression techniques, further data are then used to compare with the other existing
factors, which allows a deep study for considerate analysis. Presenting the findings as a declarative
statement highlights the flaws and correct behavior of the applied model of analysis in Figure 1.

Rating Distribution
The ratings given were divided in the current scenario with a higher value in the 6-10 range,
providing positive insight into the same.

Model Fit
o Likelihood ratio tests suggest that the overall model is statistically significant (p<0.001),
indicating that the included predictors collectively contribute to predicting a higher value of
ratings in the given solution (Figure 2).
e Goodness-of-fit tests (Pearson and Deviance) are significant, but the extremely high p-value for
deviance suggests that the model fit is not significantly better than that of an intercept-only
model. Further model refinement may be considered to improve fitness (Figure 3).

Pseudo R-Square

Pseudo R-Square values (Cox and Snell, Nagelkerke, and McFadden) provide insights into the
proportion of variance explained by the model in Figure 4. A higher R-squared value suggests better
explanatory power.

Case Processing Summary

Marginal
I Fercentage
Ratings 0 38 3.8%
1 32 3.2%
2 42 4.2%
3 32 3.2%
4 35 3.5%
3] 141 141%
] 131 13.1%
7 136 13.6%
8 133 13.3%
9 142 14.2%
10 137 13.7%

Figure 1. Case processing summary.
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Mocdel Fitting Information

lModel Fitting
Criteria Likelihood Ratio Tests
-2 Laog
Madel Likelihood Chi-Square df Sig.
Intercept Only 4451.330
Final 3964 650 486 680 10 | =001

Figure 2. Model fitting information.

Goodness-of-Fit

Chi-Bguare df Big.
FPearsan 12462.720 8970 =.0M
Deviance 3964.650 8970 1.000

Figure 3. Goodness of Fitting test.

Pseudo R-Square

Coxand Snell 386
Magelkerke 380
McFadden 109

Figure 4. Pseudo R-Square test results.

Predictor’s Contribution

e Each predictor’s contribution is assessed through likelihood ratio tests.
AverageScreentime is a significant predictor in the rating section.
AverageSpentonApp is a significant predictor in the rating as well.
LastVisitedMinutes is a significant predictor in the higher rating system.
NewPasswordRequest is a non-significant predictor in the given higher rating section.

Odds Ratios and Coefficients

We can infer that all the effects are statistically significant at the 0.05 level, meaning that we can
reject the null hypothesis and conclude that the effects are different from zero. For example, the chi-
square statistics for the “Intercept” effect is 4033.086, the df is 68.436, and the Sig is less than 0.001.
This means that there is strong evidence to reject the null hypothesis that the interception is equal to
zero Figure 5.

For the given ratio test, our considered hypothesis tests are as follows:
e HO: This indicates that the values of average screen time, average spent on the app, and Last
Visited Minutes do not affect the overall higher rating of any app in segmenting the user.
e H1: The alternate hypothesis states that it is dependent on the following statements: This revision
clarifies that the alternative hypothesis is being presented and that it depends on certain
statements. The word "dependent™ was changed to "depends" for clearer phrasing.

Classification Table
The model’s predictive accuracy is summarized in the classification Table 1.

With Scarcity as the rating number, the average prediction percentage for the models is given in
Table 2.

Accuracy = (True positive+True negatives)/Total observations

Therefore, in this case, it is given by 247/4 = 61.75%
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Likelihood Ratio Tests
Model Fitting
Criteria Likelihood Ratio Tests
-2 Log
Likelihood of
Reduced
Effact Model Chi-Square df Sig.
Intercept 4033.086 68.436 10 <001
AverageScreenTime ™ 4451 330 486 680 10 =001
AverageSpentonApplMNR *
LastfisitedMinutes
The chi-square statistic is the difference in -2 log-likelihoods between the
final model and a reduced model. The reduced model is formed by amitting
an effect from the final maodel. The null hypothesis is that all parameters of
that effect are 0.
Figure 5. Likelihood ratio test results.
Table 1. Accuracy predictive analysis table.
Observed 0 1 2 3 4 5 6 7 8 9 10 | Percent
Correct
0 0 13 17 0 0 8 0 0 0 0 0 0.00%
1 0 18 11 0 0 3 0 0 0 0 0 56.30%
2 0 15 17 0 0 10 0 0 0 0 0 40.50%
3 0 15 7 0 0 10 0 0 0 0 0 0.00%
4 0 20 10 0 0 5 0 0 0 0 0 0.00%
5 0 15 17 0 0 65 0 0 0 39 5 46.10%
6 0 2 0 0 0 67 0 0 48 5 0.00%
7 0 2 0 0 0 67 0 0 52 6 0.00%
8 0 0 12 0 0 69 0 0 0 50 2 0.00%
9 0 0 9 0 0 72 0 0 0 55 6 38.70%
10 0 0 7 0 0 67 0 0 0 57 6 4.40%
Overall |0.00% | 9.80% | 11.80% | 0.00% | 0.00% | 45.20% | 0.00% | 0.00% |0.00% |30.10% | 3.00% | 16.10%
Percentage
Table 2. Error perception of different factors.
Ratings B Std. Wald df Sig. Exp(B) | Lower | Upper
Error Bound Bound
0 | Intercept 1.33 | 0.271 | 24.155 1 <.001 3.78 2.226 6.419
AverageScreenTime * 0 0 28.916 1 <.001 1 1 1
AverageSpentonAppINR *
LastVisitedMinutes
1 |Intercept 1518 | 0.29 27.401 1 <.001 4.562 2.596 8.02
AverageScreenTime * 0 0 23112 1 <.001 1 1 1
AverageSpentonAppINR *
LastVisitedMinutes
2 | Intercept 1.299 | 0.261 | 24.712 1 <.001 3.665 2.174 6.179
AverageScreenTime * 0 0 31.815 1 <.001 1 1 1
AverageSpentonAppINR *
LastVisitedMinutes
3 | Intercept 1.015 | 0.284 | 12.733 1 <.001 2.76 1.623 4.693
AverageScreenTime * 0 0 24.835 1 <.001 1 1 1
AverageSpentonAppINR *
LastVisitedMinutes
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4 | Intercept 1.2 0.277 | 18.758 1 <.001 3.32 1.938 5.688

AverageScreenTime * 0 0 26.918 1 <.001 1 1 1
AverageSpentonAppINR *
LastVisitedMinutes

5 | Intercept 0.356 | 0.172 | 4.293 1 0.038 1.428 1.02 2

AverageScreenTime * 0 0 6.902 1 0.009 1 1 1
AverageSpentonAppINR *
LastVisitedMinutes

6 | Intercept 0.028 | 0.176 | 0.026 1 0.873 1.028 0.728 1.451

AverageScreenTime * 0 0 0.329 1 0.566 1 1 1
AverageSpentonAppINR *
LastVisitedMinutes

7 | Intercept 0.017 | 0.175 0.009 1 0.924 1.017 0.727 1.423

AverageScreenTime * 0 0 0.036 1 0.85 1 1 1
AverageSpentonAppINR *
LastVisitedMinutes

8 | Intercept 0.142 | 0.175 0.662 1 0.416 1.153 0.826 1.61

AverageScreenTime * 0 0 1.858 1 0.173 1 1 1
AverageSpentonAppINR *
LastVisitedMinutes

9 | Intercept 0.053 | 0.173 0.093 1 0.76 1.054 0.762 1.458

AverageScreenTime * 0 0 0.019 1 0.892 1 1 1
AverageSpentonAppINR *
LastVisitedMinutes

CONCLUSION

Based on the results of the logical-level analysis, this study concludes that user segmentation plays
an important role in understanding user behavior and preferences in a mobile application environment.
By segmenting users based on review intent and password-setting behavior, a score of 61.75% indicates
that the given relation between the ratings of the app and the app installed minutes varies within a given
range of a median of five stars. We can identify unique user segments with unique characteristics and
preferences. These features offer valuable insights for app developers and businesses that aim to
enhance user experience and optimize app performance. By aligning strategies to meet the specific
needs of different user groups, developers can improve user satisfaction and integration, ultimately
leading to mobile app success in a highly competitive digital environment. Additionally, this study
highlights the importance of using data-driven approaches, such as binary and multinomial regression,
to extract insights from user feedback and behavioral data. Continuous exploration and improvement
of user segmentation technology enables app developers to meet the evolving needs and desires of users,
driving continuous improvement and innovation in the mobile app industry. Multinomial regression
allows the parameters to be considered simultaneously for the calculative value considered.
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