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Abstract

e business landscape, understanding customer desires and
f any organization. Customer churn is a

In today’s competitiv
preferences 18 crucial for the success O
significant problem for companies and describes moving out of customers to com-

petitors. Predicting such behavior in advance offers companies valuable insights,
empowering them to take measures to retain their customer base and potentially

d it. One key decision informed by data analysis involves identifying the
s development. Machine learning algorithms can

data and predict business direction. This helps

expan
most promising areas for busines

be leveraged to analyze customer

organizations make data-driven decisions and tailor their products, services, and

marketing strategies to mee
nces were S

t customer expectations. The thesis work describes
tudied using their feedback, and analyzed part-
e for the company. To solve the problem,
hms from different areas were used to

how customer prefere

ners and transactions 0 predict incom

several stages and machine learning algorit
ect for further use. Neural networks showed the best result in

compare and sel
f business and linear regression to find out a profit.

determining the direction O
After that, a website and a mo
ation of the company Was visua

to predict a new partnet and his income.

bile application were built where the current situ-
lized, and a page where the saved model was used

s direction, customer feedback, churn rate, behavior predic-

Keywords: Busines

tion. machine learning techniques, visualization tool
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Angarna

Byrinri 6acekere KabiieTTi 6u3HEC CaJaChIHAA TYThIHYIIBUIAPABIH, TLIEKTEP] MeH
KaJlayJlapblH TYCIHY Ke3 KeJII'eH YABIMHBIH TaOBICTHI O0JIYBI YIIIH ©T€ MaHBI3JIbI.
Kiuentrepais ipKiayl KOMIIAHUsIAD VINiH MaHbBI3IBI Macese 6osbIn Tabbliaabl
YKoHEe TYThIHYIIbLIaPJbIH GocekesiecTepre aybICYbIH cunaTTaitasl. Mynaait MiHes-
KY/IBIKTH AJIblH ajia 6o/nkay KOMIaHUsIapra KyHIbI TycinixTep Geperi, omap-

IbIH TYTHIHYIIBLIAP 6a3aChIH CAKTall KaJly 2KOHE OHBI KeHEHTY VIIiH IIapaJjap Ka-

ObLIIAaYFa MyMKIHIIK Gepeui. depekrepul Tajjiay HOTUXKECIHIIE AJIBIHFAH HErisri

merriMaepais 6ipl 61U3HECTI NAMBITYIbIH €H MePCIeKTUBAJbl OarbiTTapblH aHbI-

KTayabl KaMTuAbl. MalnHAJIBIK OKbITY aJITCOPUTMJIEPIH TYTBIHYIIbLl JepeKTepPiH
6uzHec GarbITHIH Oo/Kay YIIIH maijaiaHyra 6onaasl. byn yitbiM-
JICeH LIennMaep Kabbligayra »KoHe TYTHIHYIIbLIaPAbIH
KbI3METTEPIH 2K9HE MApPKETHUHI'TIK

Talay YKoHe
Japra JepeKTepre Herizze

yMiTTepiH KaHaraTTaHIbIPY yuIiH eHIMAEPIH,
eftimzeyre KOMEKTECE]. JTuccepTauusIBIK, 2KYMBICTa, TYTBIHY-

cTpaTerusiapbis 0
pi GaliaHBIChl APKBUIBI Kaslak 3epTTeJNreHIH CU-

MIBITAP/IBIH KaJaybl ONapAbIH KE
e KOMITAHUSHBIH KipiCiH 6oJI>Kay YIIiH cepiKTecTep MEH TPaH3aKIH-

seHi LIemry YIIH CaJIbICTBIPY *KoHEe OJaH opi naitganany
cTap/blH GipHelle Ke3eHJepi MeH MallnHAJIBIK

naTTaiabl 2KoH
sutappl Tangainsl. Mace

VIIiH TaHzay YUIH opTYp/i O0JIBI
nepl raiinaJs1aHblIabL. HelpoHABIK KeJIjiep OM3HECTIH OAFbITHIH

Taby YIIiH CBISBIKTBIK PErpeccus eH JKaKCEl HOTHXKE KOp-
H arbIMJIAFbl JKarJaibl BU3yasabl TYPAE Kep-

OKBITY aJil’ OpUTM

aHLIKTaya »KoHE naizaa
certi. Ochigal KeflH KOMITAHUSTHBI
o6uIbL KOCHIMIIIA JKOHE XKaHa CEPIKTeC [IEH OHbIN Kipicin

ceTineTin Beb-callT e’ M

H cakTaJraH Mojle)Ib NajialaHblIral 0eT »KacaJabl.

bospkay yiui

sHec OarbIThl, TYTBHIHYIIbLIAPIbIH Kepl GaltJIaHBICHI, MiHE3 -

Tyitin cesaep:bn | ‘
qaHbl OKBITY 9iCTepi, BUSya/n3alus Kypasbl

KYJTBIKTBI GoJKay, MAIl
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AnHoTaImng

B ceronHsIIHeN KOHKYPEHTHOH Cpele GusHeca TMOHHUMAHME >KEJIaHMA U MpeXro-

qTeHiii KIMEHTOB UMeeT PelIatomee spaveHne IS ycrexa Jir0ol OpraHu3aluy.

OTTOK K/IMEeHTOB — CeppesHad Il
errTaM. 320/1aroBpeMEHHOE NPOrHO3UPOBaHYE TAKOTO MOBENe-

pobiema Jist KOMTIaHWH, CBA3aHHAs C YXOAOM

KJIeHTOB K KOHKYD

HUsT naeT KOMIaHNHAM 1IeHHYIO pH(OPMALHIO, TTO3BOJIAL UM TIPUHUMATb MEpPbI IS

coxpaHeHus: cBoel K THEHTCKOM 6a3bl U MOTEHIUATIBHOTO ee pacmuperns. OIHIM

U3 KJIIOYEBBIX pemeHI/Iﬁ, OCHOBAHHDBIX Ha aHaJin3e JaHHbIX, ABJISIETCS OIIpelesIeHNEe

HanboJiee epCreKTUBHBIX 0b
OyKHO HMCIOJB30BaTh
Husl On3HEca. JT0 MMOMOTAEeT OPranu3aluiM MPUHHUMATD
1 [aIlTHpOBaTh CBOU [IPOXYKTHI, YCIAYTH U Map-
¢ OKMIAHUAMY KJIMEHTOB. B auijioMHOIM

sacTell [Jis pasBUTUA Gu3Heca. AJropuTMbl MalluH-

HOTO O6yqu’II/Iﬂ M IJIsA aHaJIn3a JAaHHBIX O KJueHTax u 1po-

I‘HOBI/IpOBaHHSI HanpaBne

peuienns Ha OCHOBE ﬂ,aHHbIX
i B COOTBeTCTBI/II/I

pa60Te OMUCHIBAETCH, KaK n3ydyaJjuchb npenoYTeHNs KJIMEHTOB C MCIOJIb30BaHUEM
aKXKe aHaJII/I:aI/IpOBaJIHCB rapTHEPDL U caenKu I IPOrHO3KUPOBa-
Jaist perIeHns 33184 GLLIO MCIOIb30BAHO HECKOJIBKO

KETHUHI'OBBIC cTpaTe

X OT3bIBOB, & T

HHsl JOXOHOB KOMIAHMH.
Horo 0bydeHust U3 pasHbIX obiacTeil AJ1si CpDaBHEHNS

np3oBanis. HeApoHHbIE CETH I0Ka3aIu JIyd-
4 Gu3Heca 1 JHHeHHON perpeccuit Ut

9TAIOB 1 AJIrOpUuTMOB MauH
1bHEeHero ucno
eHuy HAINpaBIeH!
5TOro OBLIA MOCTPOECHBL caliT 1 MOOMJIBHOE ITPHIIOXKE-

u BoiGOpa A A&
wuit pe3ynbTaT B orpele

g6putn. 1locre
BaJIOCh TeKylLee MOJI0ZKEHIE KOMIIQHNH, & TaKXKe CTpaHula,

i npOI‘HOSI/IpOBaJICSI HOBBII apTHED U ero JOXOA.

BbIsicHeHUS TP

Hue, Tae pr3yaJIu3upo
rae 1o coxpaHeHHof/i MoJ€eJ1

a: HanpaB/1eHAE 6u3HECa, OT3BIBBI KIUEHTOB, K09 HUIMEHT

K mioueBble CJIOB
nue ropellennd, M

OTTOKa I[pOI‘HOBI/IpOBaH aIIMHHOE O6y‘I€HI/Iﬂ, AHCTPYMEHT BU3Ya-
y

JU3aIUH.
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Abbreviations

Al
ANN
API
ARIMA
AUC
CI/CD
CRF
CSV
GARCH
GRU
HTML
JS
JSON
JVM
KNN
LASSO
LLP

LR
LSTM
ML

Artificial Intelligence

Artificial Neural Network

Application Programming Interface
AutoRegressive Integrated Moving Average

Area under the ROC Curve

Continuous Integration and Continuous Delivery

Conditional Random Fields

Comma—separated values

Generalized AutoRegressive Conditional Heteroskedasticity

Gated Recurrent Units
HyperText Markup Language

JavaScript
JavaScript Object Notation

Java Virtual Machine

K-Nearest Neighbors algorithm

Least Absolute Shrinkage an

Limited Liability Partnership

Linear Regression

Long ghort-Term Memor

Machine Learning

d Selection Operator

iv



MLP Multilayer Perceptron
NASDAQ National Association of Securities Dealers Automated Quotations

NN Neural Network
ROC Receiver Operating Characteristic curve
QR Quick Response code

REST REpresentational State Transfer
RNN Recurrent neural network

SMOTE  Synthetic Minority Oversampling TEchnique

SVM Support Vector Machines
TF-IDF  Term Frequency - Inverse Document Frequency
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Chapter 1

Introduction

1.1 Motivation

People have always sought advice and help while challenged with a choice, whether

it’s about choosing a restaurant, book, or movie. In the past, they relied on tradi-
tional methods such as asking friends. However, obtaining recommendations has

become much easier with the improvement of websites and social media. This

has led to the emergence of companies that offer services based on customer flow.

For businesses like these, forecasting customer turnover, or the speed at which

consumers depart from the company, is among the most vital responsibilities. It’s
o retain their customers because it’s costlier to attract new

crucial for companies t
[1]. Hence, companies are on the hunt for

ones than to keep the existing clientele

superior technology that can help pinpoint potential customer departures. The

key to maintaining and growing the user base lies in the analysis of customer

behavior and understanding their needs. Analyzing customer actions and consid-

ering their preferences is essential for retaining and increasing the number of users.

Failing to do so would lead t0 increase
keting initiatives. A firm that offers services like easy payment methods and other

handy features geared towards making life simpler for people, strategically plans
e customer satisfaction and stimulate growth. To achieve this,

d operational expenses and ineffectual mar-

each year to improv
it is important to make accurate

chine learning prediction algorith

assumptions and analyze user actions, and ma-

ms can aid in this process. However, pre-existing



algorithms and tools in the market may not yield the best results as each com-
pany is unique, and it is crucial to rely on their own data collected over the years.
By setting goals and choosing a path based on data analysis, the business may
also run kick-starts and cultivate new projects in a focused direction with a single
product, driven by user demand. Typically, startups face risks while entering a
competitive market, but in this scenario, the parent company can provide a safety

net to the new offshoot, thus lowering the risk factor.

1.2 About company

In a business where every sale generates substantial revenue, it makes sense to
invest heavily in customer acquisition. But you need to choose the right target
audience in order to effectively spend your marketing budget, you should know
who the company’s customers are and where to find them. Without relevant data,

you will have to act at random. And even if data is collected, it still needs to

be analyzed, and people have a poor understanding of the relationship between
terabytes of statistical and demographic numbers. What is customer acquisition

- marketers analyze the buyer pool, look for other people with similar profiles,

and invest in targeted ads. Companies now have to use multiple channels to find

and retain customers, from old-fashioned emails to social media and chatbots.
Multi-component and rapidly changing data sets are a difficult task.

t allows you to make purchases using your smartphone and receive
cashback. and also allows partners to digitize user traffic and generate sales and

service analvtics. The company was founded in 2018 and has been actively devel-
e users receive cashback from every phone payment.

ds spent on daily expenses by paying with the
he wallet almost immediately. Users can add

Rahme

oping ever since. Profitable -

Customers save part of the fun

icati tot

application. Cashback returns |

a’i-s b . :{On d. link keell cellular balance, or use google pay or apple pay services.
ank card, li

bonuses can be spent at your favorite establishments. Conve-
onu

. ' s promotions and bonuses from partners are collected in one
tuent - all discounts, P f the loyalty system without wasting time filling

application. Users become part 0
y an app

The accumulated

. Also, onl lication is needed to navigate by places, no
out a questionnaire. A150;
2



need to carry a map of each business company. There is no need to carry a bank
card or cash with you, payment can be made using a mobile application. Safe -
no need to give a bank card to the waiter or enter personal details while shopping
online. Now, you can have confidence that your payment information is securely
safeguarded. The transfer of payment data carried out using the SSL protocol,

meets all international security standards.

To use Rahmet, you just need to install the application on your smartphone,
register by phone number, link your bank card, scan a QR code at partner estab-

lishments;

Our company did not have its own team of analysts, so the managers them-
selves made decisions related to development, often without confirmation by num-
bers. I offered my help and Al solution, automation, visualization and forecasting
in return for giving me data. They agreed to first test for a part of the data
and do it outside of working hours, since I worked as a mobile developer in this

company.

1.3 Aims and Objectives

The purpose of the thesis is t0 predict the best business orientation for the com-

pany and create a software website and mobile platform in order to be capable of

o visualize the income. Such an application would al-
romptly to changes in customer churn rate, ensuring
base. Consequently, this would strengthen

allowing company members t
low the company to respond p

the sustained interest of the customer | ! ‘
customer relationships and loyalty by reducing the risk of customer churn.

roach is to choose the right dataset, determine

initial important app
The initial imp data, and normalize the data. Next,

; the noisy

the desi ameters, discard . .

iy liiest;d par od data an d pass it to different models for training. First,
ork with preproce

hodology for analyzing user ratings, then we analyze partners in
e d finally, we calculate the profit. After that, need to save
s, an )

ot results for further use. At this moment, a web

signed and created.

different categorie
the trained model with the be

and mohile platform will be de

3



This gives the company several benefits: managers will not collect data
and analyze it every time they need; all tables and metrics are collected in one
place and are available both from the website and from the mobile application;
the company does not spend extra money on signing unprofitable partners and

marketing wastes; managers see how much you can earn annually and choose the

right partners to make more profits.

1.4 Thesis outline

The chapter Introduction provides an overview of the research topic, its context,

and the significance of the study, including the aims and objectives, explaining

what the study intends to achieve.

The second chapter Literature Review provides an analysis of what this thesis
briefly summarizing the main topics and studies that need to be reviewed.

cover,
t 15 research works, each of them discussed high-

This section examined relevan
lighting its strengths and weaknesses, as well as its relevance to research. A table

was constructed comparing their aims, methods, and results.

The next chapter lists components, algorithms, and tools that have been used
to carry out the research question. The methodology section shows data collec-

tion procedures, its analysis and normalization process, model construction, and
- ’ / .
1 pr ' -om dataset and evaluation
—~tuni is then presents the findings fro
hyper-tuning. This stage p
of models that have been used,

summarized the main findings of the research,

In the conclusion section, dings
e of the results, and listed the limitations of the work.

discussed the significanc |
S suggested areas where further research could be

Based on results and limitation

€ ints.
valuable, future development pott
o lists all the sources that are cited through-
. es section lists all the sources
In the end, The References

articles, and on
cluding code, images, and tables that can be useful
y

line resources. The Appendices section in-
out the thesis: jmn‘nﬂ-|

cludes additional materials 1

to understand more.



Chapter 2

Literature Review

Various studies have explored ways to improve customer engagement and reten-
tion in businesses. Companies often hold strategic meetings to determine which
areas of their business require more focus and attention. Since every business
is unique, it is important to learn from the experiences of others, taking into
account both their successes and failures. Prior research by other authors has
revealed different approaches to addressing this issue, which will be discussed in

further detail. One approach involves developing a software tool that allows for

visualization of customer behavior and prediction of potential customer churn.

The authors of this study used two data sets of clients, with a total of 500 unique
customers and 16 attributes. The training data spanned eighteen month period
(from the first month of 9015 until the second half of next year), while the testing
data covered the second half of the same year. Authors explored different perspec-
tive ML algorithms, including RNN, regression, gradient boosting, and random
forest with bootstrap aggregating. The optimal model was selected based on its

predictive capabilities on the test set, measured using Area Under ROC Curve
(AUC) metric. The outcomes indicated that the random forest model emerged as

the most proficient [2]-
The researchers at Creative Design LLP, a clothing company for children,
out the quality and competitiveness of their products as they
analysis of their competitors due to limited re-

had not performed a thorough .
SOUrces small business To address this issue, they needed a tool that could
B eS as a S * A

were concerned ab

5



help them make informed decisions about the products they create. They decided
to create a system capable to investigate the opinions of online users concerning
various aspects related to their business. The author of the study evaluated the
accuracy of text classification using two metrics: recall and precision, which were
measured based on four classifications: true positive, true negative, false positive,
and false negative. The author trained model classifying with techniques like k-
nearest neighbors, Naive-Bayes, n-gram sequence, then conducted cross-validation

checks to test the results [3].

It seems that the study aims to use consumer feedback and support cases to
improve customer experience by identifying different attributes that contribute
to positive or negative experiences. The authors used artificial neural networks
and Naive Bayes to classify the data and compared their results. The set used for
this purpose was sourced from the TripAdvisor webpage and consisted of more
than 200 hotels and around 30 destinations. ANN showed an accuracy of 80% as
indicated in the outcome, which was a 7% improvement over the proposed model

141

To facilitate more informed evolutionary decisions were proposed a novel ap-
proach to capture evolving user requirements, focusing on real-time analysis of
human intentions. Unlike traditional methods centered on historical defects and

delayed feedback, one of the methods utilizes CRF to quantitatively assess users’

' i te goal inference from real-time observations
emerging needs. This enables accurate §

of user actions and environmental changes. Another paper offers three key con-

tributions: applying a CRF-based method to infer user goals from their actions
s: , .

and environmental contexts; proposing techniques to explore users’ emerging in-

tentions based on goal analysis results; suggesting a software evolution process
o ves ion methods, validated via a case study on an

online service system with 120 users. The CRF model <.iemon-strated impressive
accuracy (91%) and confidence (0.85) when employed with su1ta.bIe featu?e tem-
plates. In contrast, Hidden Markov Models per.formed su.b—optlm.ally :mth less
than 74%, accuracy, highlighting CRF’s strength in sequential labeling [5].

verage individual home appliance data obtained
ploys a Markov chain to examine the temporal

driven by these intention detect

The forthcoming study Was le

ot m
through load identification and e
6



behaviors of these appliances. This informs the development of a short-term load
forecasting method, which significantly enhances prediction accuracy. Performed
state analysis on key home appliances such as water heaters, air conditioners,
and kitchen appliances in 100 households, utilizing data collected over a three-
month period. The Markov model’s predictive error rate is notably lower at
7-8% in comparison with the approximate 20% error rate of analogous day al-
gorithms. Short-term load forecast based on short-interval household electricity
consumption data involves: the introduction of non-intrusive load identification
for monitoring current residential electricity consumption data in China, which
enables data collection on appliance types, on/off moments, power, and energy;
detailed analysis of household appliance operation characteristics allows for the de-
termination of varying parameters and relevant boundary values of diverse states,
leading to a state space set for specific appliances; using the Kolmogorov for-
ward equation, formed a short-term load prediction process, case study data from
100 households collected between July and September showcase time-dependent
probability curves for air conditioners and water heaters that align with daily
household behaviors. The paper acknowledges the limitation of having broadly

defined appliance states, which affects prediction accuracy. Future work will focus

on refining the prediction model by detailing appliance states and incorporating

a multiple-order Markov model [6].

Focusing on predicting customer churn in financial institutions, using a dataset
retrieved from a bank database, develops a model working on the Multilayer Per-
ceptron (MLP) Artificial Neural Network architecture, allowing to forecast po-

I’s robustness is evaluated usin
tential churners and non-churners. The mode .

s including precision, accuracy, recall, and f-score, and as-

performance metric . S
sessed the model’s effectiveness against an analytical tool. The study’s primary

goals are: to devise a customer churn prediction model using MLP of ANN, then
use it to identify possible churners and non.—cht?rners; soon.after decide anc.i con-
trast model’s efficiency with that of investlgatm.g the dev1f:e. Th? collection of
0 customer data with 42 attributes, is drawn from

d .o around 50,00 _ :
alta,, dcont;l nmg financial institution’s database. The implementation process
3 leading Nigerian

' frware development in Python, followed by utiliza-
involved two stages: MLE 50



tion of Neuro Solution Infinity software. A confusion matrix was used to display
the MLP classifier’s performance on a test dataset with verified true values. The
matrix summarizes counts of correctly and incorrectly (misclassified) classified
cases, divided by class. The model achieved a ROC curve value of 0.89, signifying
excellent performance. It accurately classified 38 customers as churners, 4841 as
non-churners, while misclassifying 9 clients as churners and 112 as non-churners.

The insights derived from this predictive model can be leveraged to make decisions
in customer retention management systems [7].

Following article addresses the challenges faced by Taiwan’s banking sector in
the competitive domestic credit card market and the subdued international mar-
ket. The authors of the next research proposed a model that allows local banks
to identify potential customer churn early and alert them to issues that could re-
sult in customer attrition. This model fuses a customer relationship management
database with a time component and uses temporal abstraction to portray data
over a specific period identified by experts. Association rule mining is employed to
investigate and identify abnormal customer behavior. Customers are categorized
into three groups: retained customers, potential churn customers, and volunteer
churn customers. For retained one, significance was achieved when the keys like
and importance levels exceed the threshold in training and

support, confidence,
ction adheres support surpasses almost three

confirming phases. The rate of dete
nece exceeds 02.4%, and by importance was above zero accord-

percent, by confide .
for possible churn clients were filtered with support

Ing to a rule pattern. Principle

0.45%, for confidence surpassiig sixty percent | .
cer churn customers, rule requires support higher than

t, and importance over zero, in two stages.

ack changes in client desire in the process

and importance over zero in two

stages. In a group of volunt

0.6%, confidence above sixty percet

s employed to tr
1ing is used to unearth potential rules. Ultimately,

were used to delineate potential man-

Temporal abstraction i

of time, and association rule mir '

rules created with domain experts’ advice . e .

agerial implications providing & reference for senior executives in future taking
tions,

actions and making decisions [8].

in the stock market are constantly seeking ways to predict

sople engaged ‘ | .
People engag Prior to the advent of machine learning al-

: alues.
stock trends, patterns, and va



;gorltl;lms, prediction methods were limited and often lacked accuracy. Machi
earning, however, has revolutionized this field, offering novel a131)1~0a(3};(: f ‘ELC o
ma'rket analysis. Given the stock market’s unpredictable nature, its a'lsnfl StOC ¢
mains challenging even for machines, as there are numerous fa’,ctors t;;/tSlihl:;

can ' '
annot comprehensively analyze or provide reliable data sets for [9)

This researc : ; ;

i g sefgy g bl e e ecloos moddl, Thets
‘ - ar & 1linear models. The stud

émplo}/s Support Vector Machines (SVM) and logistic regression for stock tr dy
ing. The validity of Fama’s efficient hypothesis is tested using the VV'alc{~§VoIf0\1 ?t .
test, which evaluates the randomness hypothesis on a two-state data series Aj‘ftl Z
conducting the run test, logistic regression is applied to all data from the re;sml. e}ll
period to assess the factors influencing price movements. Post hyPOthesi;s tes;illc;
logistic regression and SVM are used to forecast price movement direction in t.I:
stock market. The runs-test is again employed to test the hypothesis. Results

generated from linear and nonlinear models are compared. By applying linear
. v d

and deep learning models to predict price movements, a novel securities trad

ing method is proposed. The authors found that using technical analysis in the
1d vield non-standard returns in an inefficient stock market. After

research cou
concluded that the price action expectation

examining all the stock data, it was
Indicator was the most beneficial [9]

Fundamental analysis, which gauges a company’s intrinsic value by evalu-

ating internal and external financia
is essential in the study. In particular, the focus

e most valuable in the stock market. The

] aspects like macroeconomic factors, market

conditions, and competitors,
g8, considered th
es the Stacked Long Short-Term Memory Network model

ls. This model processes both short-term and long-term

1s on blue-chip stocl
proposed system appli
to identify trading signa

memories, making 1t applica
leep neura
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risk control index calculations, leading to daily portfolio rebalancing. This move

could escalate transaction costs, potentially affecting the portfolio’s rebalance [9).

Stock price data, characterized by nonlinearity, non-stationarity, high noise,
and strong time variance, poses challenges to price prediction. Previous research
primarily used technical analysis, employing models like the ARIMA model, the
GARCH model for financial data’s volatility clustering effect, and the VAR model,
an ARIMA variant. The NPMM tag model utilized XGBoost to design a trans-
action system and automate transactions. Upon testing the NPMM labeling
method, a trading system was created based on the method. Empirical analysis
of 92 stocks listed on the NASDAQ (using the proposed system) shows a decrease
in learning data measure as the N value increases in the NPMM labeling, but an

overall enhancement in trading performance. Overall, the system performs well

9],
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comparing the predictive outcomes to identify the most effective one. The dataset,
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influencing potential customers’ willingness to buy these vehicles, informed by
customer satisfaction and personal characteristics data. This should aid in for-
mulating effective sales strategies. Two unique feature selection methods based on
penalty terms and tree models are utilized, employing three models (LR, LASSO,
SVM) for the former and two (RF, LightGBM) for the latter, resulting in five
distinct models. These models perform machine learning to ascertain relevant
features influencing sales across different brands. Features selected through a
voting process are then examined. The research applies mathematical model
knowledge to identify factors possibly affecting sales of different electric vehi-
cle brands, based on target customers’ purchases during experiential campaigns.
Findings from previous studies are combined to create a customer mining model
for different electric vehicle brands, evaluating model efficacy and determining the

likelihood of a target customer purchasing an electric vehicle. Key influences on

customers’ purchasing decisions include battery technical performance, comfort,

annual mortgage of the target customer, and the ratio of car loans to annual
household income. The model’s training results are satisfactory, showing no over-
and converging to a good state. The model’s accuracy on
training and testing was 86.4%, 83.9%, and 84.5% respectively. This study offers

several advantages. First, it employs highly interpretable ML algorithms. Second,
ns for different categories during feature screening, en-
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there are some drawbacks.
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purchasing pathway can be identified, acknowledging the need for judicious fea-
ture extraction. Excessive features might detriment the model’s accuracy and
optimization. Future research will seek to identify more optimal features to en-

hance the model’s capability in predicting customer spending behaviors [12].

The review of literature suggests that machine learning algorithms can im-
prove different aspects of business operations. Multiple authors concur that ML
algorithms have shown their capability to perform insightful predictions. Yet, to
effectively incorporate machine learning techniques into business practices, atten-
tive thought must be given to several moments, including the data’s quality and
the accuracy of the model. By finding out these points and capitalizing on the
latest advancements in research, this work could open another potential for mar-
ket growth and competitiveness. In Table 2.1 below, a list of literature reviews

can be seen briefly describing their aims, methods, efficiency metrics, limitations

and future work.
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Table 2.2: (continue) Analyze of literature works
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Chapter 3

Project’s components

3.1 Machine Learning and Data Science

Data Science is a set of specific disciplines from different areas responsi-
ble for analyzing data and finding optimal solutions based on it. In the past,
this domain was exclusively handled by mathematical statistics. However, with
the advent of machine learning and artificial intelligence, optimization and com-
puter science have also been incorporated as methods of data analysis alongside
mathematical statistics. Data Science holds significant importance as it combines
tools, methodologies, and technologies to derive meaningful insights from data.
Modernized organizations are overloaded with data, owing to a plenty of devices

capable of automatically gathering and storing information.

This part describes which platform tools are used to create ML models and

which language is used for part of machine learning [13].

3.1.1 Anaconda/Jupyter

Anaconda is the platform most famous for data science, which fits the needs
of ML, integrated with several data sources and tools. It is an open-source Python
and R languages distributive for ML, data science, analytics, scientific computing,

etc. which simplifies management and deployment. Anaconda is a data analysis
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tool that is available for free. Depending on the operating system (Windows,
Linux, or MacOS), installation is feasible. The Anaconda interface is shown in
Figure 3.1. To run, many scientific packs require particular versions of other
packs. Data scientists frequently utilize various versions of many software and
isolate these versions using distinct environments. Navigator allows you to interact
with packages and environments without having to input conda commands into
a terminal window. You may use Navigator to identify the packages you need,

install them in your environment, execute them, and update them [14].
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Figure 3.1: Anaconda Navigator interface

Anaconda Enterprise is the commercial version of Anaconda. This allows
businesses to create enterprise-grade, scalable, and secure apps. However, you
may install python and then optionally install programs using pip to execute
Data Science operations. Anaconda is an option that installs all of the required
packages all at once. Users will find it more convenient as a result of this. Both
strategies accomplish the same goal. Developers are free to select any of them

based on their preferences. Anaconda is widely used in the data science field
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since it solves many common difficulties early on in the development process as
well as later on. Anaconda, in general, makes data science and machine learning

activities easier.

Conda is a package and environment management system that runs on dif-
ferent operating systems, like Windows, macOS, and Linux. Conda helps packages
and their dependencies install, run and update promptly. Conda easily constructs,
keeps, loads, and switches between environments on the platform. Initially is in-
tended for Python language, but with updates, any language can be packed and
distributed. It is supported in all Anaconda versions. Conda is a free and open
source programming framework and environment manager. Conda installs, exe-
cutes, and updates packages and their dependencies in a matter of seconds. On
your local system, Conda makes it simple to build, save, load, and switch be-
tween environments. It was designed to package and deliver Python applications,
although it may package and distribute software written in any language.

Conda is a package manager that simplifies the process of finding and in-
stalling software packages. An additional benefit of using conda is its function-
ality as an environment manager. If there’s a need for a package that requires a
different Python version, do not have to switch to another environment manager.
With only a few commands, conda allows you to create a completely new envi-
ronment to operate this alternate Python version. This feature doesn’t interfere
with the running of your standard Python version in usual environment. All ver-
sions of Anaconda and Miniconda come with the conda package and environment
manager. Anaconda Enterprise, which allows local administration of enterprise
packages and environments for Python, R, Node.js, Java, and other application
stacks, is also a component of Conda. Conda is also available on the commu-

nity channel conda-forge. You can also acquire conda from PyPI, although that
method isn’t as up to date [14].

JupyterLab is a flexible, integrable, and easily extensible environment that
supports simultaneous work with several Jupyter notebooks, text files, datasets,
terminals, and other components, and can organize documents in the workspace
in a convenient manner using tabs and separators. JupyterLab supports the
visualization and editing of many data formats: CSV, JSON, IPYNB, etc. It also
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provides an adjustable interface with the ability to move blocks and layouts in a

convenient order, with a focus on the interactivity of the calculations.

3.1.2 Python

Python is a high-level programming language. One of the advantages is that
can be easy to pick up both for first-time beginners and advanced programmers
with other languages. Python is a multi-paradigm, object-oriented, structural,
generic, functional, and meta-programming are fully supported. Basic support
for aspect-oriented programming is provided through metaprogramming. Many
other techniques, including contract and logic programming, can be implemented
using extensions. Language licenses are written in a such way, that everything is
open and free, everyone can use it, develop and spread it among other developers
for commercial use. Owner company already presents thousands of open libraries
which were developed not only by themselves but also by community participants.

This is a great opportunity for developers with an infinity of possibilities [15].

Python is a popular high-level, general-purpose programming language that
is interpreted, not compiled, logo shown in Figure 3.2. It emphasizes a design
philosophy that values readability and simplicity, featuring a syntax that allows
developers to convey ideas using fewer lines of code compared to languages such
as C++ or Java. Python’s language constructs facilitate writing clean, under-

standable code, whether you're working on small or large scale projects.

@ python’

Figure 3.2: Python Logo

3.1.3 Server-side training
There are several advantages to using a server-side Al training algorithm com-

pared to running it on a local PC:
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e Scalability. Server-side infrastructure can easily scale to accommodate larger

workloads and data sets.

o Cost-effectiveness. Running Al training algorithms on a local PC may re-

quire significant investment in hardware.

e Continuous training. Server-side environments enable continuous Al train-
ing, which allows models to learn and improve over time without interrup-

tion.

e Save time. You don’t have to sit down and make a list of pros and cons.

GitLab is an open-source web-based platform that provides a comprehensive
suite of tools for software development, project management, and collaboration;
can be identified by logo in Figure 3.3. GitLab’s core functionality revolves around
Git, a distributed version control system, allowing developers to efficiently manage
their codebase, collaborate on projects, and track changes [16]. Initially, for data
analysis, training and building models, have been used to a MacBook notebook

with a macOS operating system, with an M1 Pro processor, with 16gb RAM.

Docker is an open-source platform designed to facilitate the deployment, scal-
ing, and management of applications through the use of containerization tech-
nology, Figure 3.4. A container is essentially a lightweight, self-sufficient, and
executable software package that bundles everything required to run a software
component, encompassing the code, a runtime, libraries, environment variables,
and system tools. This ensures that the software operates consistently, irrespec-
tive of the environment it’s deployed in. Docker adds another layer of abstraction
and automation to operating—system—level virtualization, both on Windows and
Linux systems. This way, it simplifies the process of creating, deploying, and run-
ning applications by using containers, making it easier to package an application
with all the parts it needs, such as libraries and other dependencies, and ship it
all out as a single package. In simpler terms, Docker allows you to "containerize"
applications, bundling them along with their environment and dependen-

your

cies, so they can run anywhere Docker is installed, regardless of the underlying
+B8h) o L / «

operating system or hardware. The main advantages of Docker are Portability,

Performance, Isolation, Scalability & CI/CD [17].
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docker

Figure 3.3: Gitlab Logo Figure 3.4: Docker Logo

Training a Machine Learning model involves multiple steps including pre-
processing data, building a model, training the model, evaluating the model, and
possibly iterating on the model. GitLab can support all of these steps. First
of all, GitLab Repository is set up, then using code commit it to the GitLab
repository. As Jupyter notebooks are used to create code, then convert them to
scripts before pushing, as scripts are easier to version control. GitLab’s continuous
integration /continuous deployment (CI/CD) pipelines allow automation of the
training and evaluation of machine learning models. A simple pipeline could
include: an installation step that installs all necessary dependencies; a training
step that runs training code on data; an evaluation step that evaluates the trained
model; each step is run in a separate Docker container, so will need to specify
an appropriate Docker image for each step. Running the Pipeline: Once the
.gitlab-ci.yml file is set up, now can trigger the pipeline by pushing it to the
repository. GitLab will automatically create a new pipeline and run each of the
steps. Reviewing Results: The results of each step can be reviewed in the GitLab
interface. If any step fails, can see the console output to help debug the issue.

3.1.4 Algorithms
3.1.4.1 Recurrent Neural Networks (RNNs)

Recurrent Neural Networks (RNNs) are a class of artificial neural networks de-
signed to process sequential data by maintaining an internal state that captures
information from previous time steps. They are particularly suited for tasks in-

volving time series, natural language processing, and speech recognition, where
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the order and context of the input data are crucial [18].

The primary purpose of an RNN is to model dependencies and patterns
within sequences, allowing the network to make accurate predictions or generate
new sequences based on the learned context. Unlike feedforward neural networks,

which process inputs independently, RNNs contain loops that allow information

to persist, enabling them to capture temporal dependencies.

An RNN'’s structure consists of input, hidden, and output layers. The hidden
layer connects to itself, forming a loop that allows the network to store information
from previous time steps. At each time step, the RNN takes the current input
and the hidden state from the previous time step as inputs, updating the hidden

state and generating an output. The hidden state acts as a memory, encoding

information from the past [Appendix A.2].

However, RNNs suffer from the vanishing and exploding gradient problems,
which make it difficult to learn long-range dependencies. To address these issues,
advanced RNN architectures like Long Short-Term Memory (LSTM) and Gated
Recurrent Units (GRU) have been introduced. These architectures incorporate
specialized gating mechanisms that help the network retain and access information

over longer sequences, leading to improved performance in various sequence-to-

sequence tasks [19].

3.1.4.2 XGBoost

XGBoost, short for eXtreme Gradient Boosting, is an open-source, high-performance
machine learning library designed for efficiency, flexibility, and portability. Its pri-
mary purpose is to provide a scalable and accurate implementation of gradient-
boosted decision trees, a popular ensemble learning method. XGBoost has gained
widespread popularity for its exceptional performance in various machine learn-

ing competitions and practical applications, such as regression, classification, and

ranking problems [20].

XGBoost works by iteratively combining weak learners, typically decision
trees, into a strong learner using a gradient boosting framework. At each iteration,
J - . 1 } )

o new tree is added to the ensemble to minimize a given loss function. The model
) = v 2 A A AT J ) 4 v
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learns from the residuals or errors of the previous trees, gradually improving
its prediction accuracy. XGBoost incorporates various optimization techniques,
including column block for parallel learning, regularization to prevent overfitting,
and early stopping to save computation time [21]. These features make XGBoost a

powerful and efficient tool for tackling complex machine learning tasks [Appendix

A3

3.1.4.3 Random Forest

Random Forest is an ensemble learning method that combines multiple decision
trees to create a more accurate and robust model for various machine learning
tasks, such as classification and regression. The primary purpose of a Random
Forest is to improve the prediction accuracy and overcome the overfitting problem

often encountered with individual decision trees.

Random Forest works by constructing multiple decision trees during the
training phase. Each tree is trained on a random subset of the training data,
drawn with replacement (bootstrap sampling). Furthermore, a random subset of
features is selected at each node when splitting, introducing additional diversity
among the trees. The final prediction is obtained by aggregating the predictions
of all trees in the ensemble. For classification, this is done by taking a majority

vote, while for regression, the average prediction is used [Appendix A.1].

By combining the output of multiple trees, Random Forest reduces the impact
of noise and biases present in individual trees, leading to a more accurate and
generalizable model. The method is known for its simplicity, versatility, and

strong performance across a wide range of applications [22].

3.1.4.4 Naive Bayes

Naive Bayes is a family of probabilistic machine learning algorithms based on
Bayes’ theorem, which is widely used for classification tasks. The primary purpose
of Naive Bayes is to predict the class of an instance by calculating the probability

of each class, given the instance’s features, and selecting the class with the highest

probability.
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The "naive" assumption in Naive Bayes is that the features are conditionally
independent, given the class. This simplification allows for efficient computation
of probabilities, despite the assumption not always being accurate in real-world
scenarios. However, Naive Bayes often performs surprisingly well, even when the

independence assumption is violated.

To train a Naive Bayes classifier, the algorithm computes the prior prob-
abilities of each class and the likelihood of each feature given each class using
the training data. During prediction, it calculates the posterior probabilities of
each class for a given instance and selects the class with the highest probability.
Naive Bayes is known for its simplicity, speed, and effectiveness, especially in text

classification and spam filtering tasks [23].

3.1.4.5 Linear regression

Linear regression is a fundamental machine learning algorithm used to model the
relationship between a dependent variable and one or more independent variables.
It is primarily employed for predictive modeling, forecasting, and understanding
the underlying relationships between variables. Linear regression can be catego-
rized into two types: simple linear regression, which uses a single independent

variable, and multiple linear regression, which uses multiple independent vari-

ables.

The primary purpose of linear regression is to find the best-fitting line (or

hyperplane, in the case of multiple regression) that minimizes the sum of squared

differences between the observed and predicted values, known as the residual sum

of squares. This best-fitting line is used to make predictions or infer relationships

between the variables [24].

Linear regression works by estimating the model parameters (coefficients)

that define the line or hyperplane. This is typically achieved using the Ordinary
Least Squares (OLS) method, which calculates the coefficients that minimize the

residual sum of squares. Alternatively, gradient descent optimization can be used

to iteratively update the coefficients until the optimal values are reached [Ap-

pendix A.4].
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In summary, linear regression is a widely used algorithm for modeling and
predicting continuous outcomes based on input features. It provides a simple
and interpretable approach to understanding the relationships between variables
and making predictions. However, its main limitation is that it assumes a linear
relationship between the dependent and independent variables, which may not

always hold in real-world scenarios.

3.2 Application

3.2.1 Mobile
3.2.1.1 Android studio

Having considered all the strengths, it was decided to write our application on a
platform called Android Studio covering all users. Team IntelliJ IDEA by a well-
known corporation released Android Studio IDE (Integrated Development Envi-
ronment) as displayed in Figure 3.5, which originally was specially constructed
for the Android platform to develop apps, but now Flutter is also available. The
main reason is that both techniques were released and continue to be developed
by Google. Since Android Studio has experienced a large number of updates,
additions, and revisions, and now it is an enormous forceful code editor, it rep-
resents the best sandbox along with developer tools. To develop applications AS
offers lots of features that improve efficiencies, such as a rapid and feature-rich
emulator, an environment that can be developed not only for android devices,
easy changes with GIT, code manipulation, and modification of resources dur-
ing runtime with a hot restart. Last year, ide improved dramatically, including
Jetpack Compose and Flutter frameworks. As we know Google has a bunch of
technologies and methodologies in a Google Cloud Platform and Firebase, and of
course, all of these are integrated to make it easy to usage and be user friendly

[25].
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Figure 3.5: Android Studio interface

After creation of new project on Android Studio, it displays project files by
default in the Android Project View, which can be changed by selection Project
level view. These structures is divided into modules to allow quickly access the
important source files for your project[16]. Figure 6 illustrates interface of Android
Studio, this IDE was chosen to run Flutter app. In the picture structure of project

also shown:

- pubspec.yaml is file where all libraries and environment settings is listed

- assets folder contains images, data and other raw files

- android, ios, web folders contains native settings of each component

- lib folder consist of main flutter files written in dart language for all com-

ponents

- and other project build gen files [25].
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3.2.1.2 Kotlin

Kotlin is a statically typed, cross-platform programming language developed by
JetBrains. It’s designed to interoperate fully with Java, and the JVM version of
its standard library depends on the Java Class Library. However, it offers syntax

and feature improvements over Java that make Kotlin more concise, expressive,

and safer to use [26].

Kotlin, Figure 3.6, addresses many limitations of Java by providing features
like null safety, coroutines for asynchronous programming, extension functions,

and infix notation. It’s known for its concise syntax which often results in less
code written compared to other languages like Java. Its inherent safety features

help prevent common programming errors such as null pointer exceptions.

In 2017, Google announced Kotlin as an official language for Android devel-
opment, which has led to its wide adoption in the Android developer commu-
nity. Besides Android, Kotlin is also used for backend development, and with

the introduction of Kotlin/JS and Kotlin/Native, it’s increasingly being used for

cross-platform development including web and iOS applications.

Overall, Kotlin offers an excellent balance of object-oriented and functional

programming features, enabling developers to write clean, maintainable, and per-

% Kotlin

Figure 3.6: Kotlin Logo

formant code [26].

3.2.2 Web

3.2.2.1 Django framework

Django, created by Adrian Holovaty and Simon Willison, was first released in

Sst— . ble
2005 as an open-source web f1 amework for Python. Its primary goal is to ena
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developers to build web applications quickly and efficiently by providing a high-
level, reusable set of components. Python and Django are a powerful duo in
the world of web development. Python’s simplicity and versatility, combined
with Django’s high-level, reusable components, enable developers to build robust,

scalable, and maintain [27].

Key Features of Django:
e Model-View-Template (MVT) Architecture: Django follows the MVT ar-

chitectural pattern, which separates an application’s data (model), presen-
tation (template), and logic (view) layers, promoting modularity, maintain-

ability, and code reusability.

e Built-In Admin Interface: Django comes with a powerful and customizable
admin interface, which makes it easy to manage the data and content of a
web application.

e Robust Security Features: Django offers built-in security features to protect

applications from common web security threats, such as cross-site scripting

(XSS), cross-site request forgery (CSRF), and SQL injection.

Scalability: Django is designed to handle high levels of traffic and can be

easily scaled to accommodate growing user bases and increasing demands.

Extensibility: Django’s modular design allows developers to extend its func-
tionality by creating reusable apps or leveraging third-party packages avail-
able in the Django ecosystem.
To start developing web applications with Python and Django, developers need
to install Python and Django on their local machines. After installation, they can
create a new Django project using the command-line interface and begin building
their application.

Django follows the "Don’t Repeat Yourself" (DRY) principle, encouraging
developers to write reusable code and maintain a clean and efficient codebase.

This principle, coupled with Python’s readability and simplicity, allows devel-

opers to create web applications with reduced development time and increased

maintainability.



There are numerous resources available for learning Python and Django, in-
cluding official documentation, online tutorials, books, and video courses. De-
velopers can also benefit from community forums, such as Stack Overflow and
Reddit, where they can ask questions, share knowledge, and connect with fellow

developers [27].
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Chapter 4

Implementation

4.1 Data analysis

Over the last five years, the company has collected an enormous data aimed at
understanding various aspects of business operations. This collection of data,
spanning half a decade, provides an invaluable resource for discerning patterns,
predicting trends, and making informed strategic decisions. A dataset is composed
of multiple tables, each tailored to capture distinct views of the business pro-
cesses. These tables comprise several elements, including customer interactions,
data about transactions and different kinds of partners, product performance,
and operational efficiency metrics, among others. The five-year span of the data
offers a comprehensive overview of the business cycle, capturing fluctuations in
different periods and seasons. This timeline allows for accurate trend analysis and
forecasting. All data entries have been accurately verified with managers of the
company for consistency and credibility to avoid inaccuracies and biases, aiming
to extract valuable insights that will guide business growth, enhance customer
satisfaction, and ensure operational efficiency in the coming years. My goal was

to show that data is not just numbers, but the future success of a business.

The first dataset contains user reviews and ratings gathered after paying for a

service. as shown in Table 4.1. Bach record comprises a user’s subjective feedback
L s ’ 11

and objective rating of a product.



Table 4.1: Reviews dataset first 5 rows

id userid partnerid rating comment answer createdat updateat
0 1764432 12831174  658fad3 5 OvnuuHoe 3aseneHue! Ha BLICLUIEM YPOBHE : CCOPTH... 1 2022-01-11 2022-01-11
1 1117296 10210395 659fa43 5 Kpytoe eneuartnenue! Ouens noHpasunuce: Cepeuc,... 1 2020-01-14 2020-01-14
2 2001033 12325438 b736500 4 Bce cynep, HO NUMOHaAL! NPAM Ha nobutens, ocobe... 0 2022-10-24 2022-10-24
3 1678903 12831174  19a85de 1 >Kpanu 3akaa poBHO 4ac, O4eHb NNOXo 1 2021-04-03 .2021 -04-05
4 1136973 11188786  19aB5de 5 Baxanyp monogeu. Bexnusblit COTPYOHMK 1 2020-11-09 2020-11-09

In detail, a comprehensive dataset comprises 30,000 rows, each

data points such as the user, partner, the purchased product, the

corresponding rating, and data indicating whether a partner has responded to

representing

review text,

the user review. This information is essential as it demonstrates the engagement

level of partners, and offers insights into the dynamics of customer-partner in-

teraction. The presence of a partner’s response can significantly affect customer

satisfaction and loyalty. The reviews, both positive and negative, give invaluable

firsthand insights into product usability, quality, and potential shortcomings from

the customer’s perspective. Ratings offer a quantifiable measure of satisfaction

that can be analyzed to ascertain overall product appeal, Figures 4.1 and 4.2. By

mining this data, we can gain a deeper understanding of customers’ experiences

and preferences, aiding in tailoring our offerings more effectively.

05

~

Figure 4.1: Rating Distribution Plot
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Figure 4.2: Rating Spread Plot

The second dataset is a collection of information representing partners. This

includes the branch name, a brief description, the time they partnered with the
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company, addresses, activeness status, and their overall rating. Additionally, this
dataset also records the number of ratings given to each partner, the count of
images they’ve uploaded, and their respective business categories, Figure 4.3. It
provides insights into their performance, their engagement level with our platform,
and customer feedback, while the overall rating and rating count serve as key
performance indicators. Activeness status and image count could reflect their
commitment to the platform. This rich, multi-faceted dataset thus provides a
comprehensive picture of our partners’ operations, their customer engagement
levels, and the overall health of our partner ecosystem. With careful analysis,
it can yield significant insights for optimizing our partner management strategies
and driving mutual success. Indeed, the dataset also contains valuable information
about whether our partners offer takeaways and promotions, Figure 4.4. This data
is important as it reflects the partners’ efforts to increase customer engagement
and drive payments. The takeaway service indicates a partner’s flexibility and

adaptability, offering services that meet varying customer needs. Promotions are

indicative of a partner’s marketing strategies. These can be critical factors for
customers choosing between different partners, especially in today’s digital and
convenience-oriented world. Altogether, this dataset, containing 7793 rows, plays
a critical role in our partner relationship management strategy, facilitating our

efforts to strengthen these partnerships and foster mutual growth.
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Figure 4.4: Partner additional offers

4.1.1 Data preprocessing

Data preprocessing is a critical step in the analysis, ensuring the data is clean,
reliable. and suitable for further processing. This step entails a number of pro-

cesses, including data cleaning, data transformation, and data integration, also
normalizing and scaling numerical data, and encoding categorical data, preparing

it for our analytical models.
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A. Data Conversion. The initial step in the data preprocessing stage was
to convert the data from JSON format, as provided by the API, into a more
manageable CSV format. JSON is a widely-used data interchange format that
allows for easy human readability and quick network transmission. However, for
our data analysis, a tabular format like CSV is more convenient and compati-
ble with numerous data analysis tools and libraries [28]. To accomplish this was
created a method for JSON parsing to iterate over objects, extracting the re-
quired data fields [29]. Each object corresponds to a row in our CSV file, with
the keys mapped to column headers and the corresponding values inserted under
those headers. This conversion into CSV format makes the data more accessi-

ble. facilitates its manipulation, and readies it for the subsequent steps of data

preprocessing.

B. Data Cleaning. The next step involved cleaning the dataset by elimi-
nating noisy data and unnecessary information. Noisy data refers to irrelevant
or false data points that can distort analysis. Unnecessary information may in-

clude redundant or irrelevant columns that do not contribute to intended analysis.

The data cleaning
to ensure consistenc

crucial, particularly in text- “

case differences can lead to the same word being tre : |

data i :ows and description were further preprocessed through ‘stopword’ re-
ata in reviews &

process includes converting all text to a common lower case
y and prevent duplication based on case differences. This is

. TR ] ) .
hased columns like 'description and 'reviews’, where
ated as different entries. Text

n N S s 3 13
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moval and 'lem : e ‘ ' :
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etc., that a 1

and focuses analysis on 1 t
ir " TOO

ducing words to thel base or 1

atterns. Toget
le en

caningful words. Lemmatization is the process of re-
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her, these steps help streamline the data, reducing its
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analysis. For numerical data, looked for any exceptions that could potentially
skew analysis. Depending on their impact, exceptions could be limited, or treated

appropriately to ensure they do not unduly influence our results.

C. Vectorizing. Having cleaned and preprocessed data, the next step is 'vec-
torization’. This process involves converting processed text data into a format
that can be understood and used by machine learning algorithms to a numerical
format. In this work used several approaches. One of the most common methods
of text vectorization is the 'Bag of Words’ approach, where each unique word in
the text is represented by a number [30]. Another approach is "TF-IDF’, which
not only counts word occurrence but also weighs the counts based on how frequent
the word is in the entire dataset, helping highlight words that are more unique to
each document [31]. For user reviews and partner descriptions applied methods
to transform the textual data into a numerical matrix. Each row in the matrix

corresponds to a document, and each column corresponds to a unique word from
the entire text corpus.

Now, ensuring that the data is clean, consistent, and simplified by minimizing
noise and redundancies, maximized the accuracy and efficiency of our subsequent

data analyses. The output of this step is a streamlined dataset that’s ready for

exploration and modeling.

4.2 Model

Having preprocessed and vectorized our data, we are now ready to proceed to

the model-building '
learning algorithm and training it on the dataset. Once the model is chosen, we

- . , training set is used to
split the dataset into a training set and a test set. The training se

phase. This step involves selecting an appropriate machine

train the model — this is where the model learns to make predictions by identifying

o The test set is used to evaluate the performance of the model,
da. o Lt

sessment of how well the model can generalize to new,
training process, we also tune the hyperparameters of

formance. This could involve adjusting parameters

patterns in the dat
providing an unbiased as
unseen data. During the
the model to optimize its Per
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like the learning rate, the number of trees, or the kernel type. Upon training
and tuning the model, we evaluate it using appropriate metrics, such as accuracy,
precision, recall, or F1 score for a classification problem, or Mean Squared Error
(MSE) or R-Squared for a regression problem. Model building is an iterative
process. The aim is to build a robust, accurate model that can effectively answer

business questions and provide valuable insights.

A. Review analysis. Given the nature of the data and the task at hand,
sentiment analysis using the Naive Bayes classifier is indeed a fitting approach.
This methodology will allow us to classify the reviews into positive or negative
sentiments based on the text provided by the users. Naive Bayes is a probabilistic
machine learning model based on Bayes’ theorem with an assumption of inde-
pendence among predictors. It’s a popular choice for text classification due to
its simplicity, efficiency, and effectiveness with high-dimensional datasets. Firstly,

will use preprocessed and vectorized text data. Each review will be represented

as a vector of features, based on the occurrence of words in the review. Next,

will train the Naive Bayes classifier on the training subset of the data. During
this process, the model will learn the probabilities of each word given a positive
or negative sentiment. After the model has been trained, we can use it to predict

the sentiment of the reviews in our test dataset. It does this by applying Bayes’

theorem to calculate the probabilities of a review being positive or negative based

on the words it contains, and classifying the review based on which probability is
higher. By performing this sentiment analysis, we can gain valuable insights into
the general sentiment towards specific products or partners, and use this informa-
tion to inform business decisions. We can assess the quality of products, identify

areas of improvement, gauge customer satisfaction, and more, all driven by data.

B. Classifying business partners. The next step was to construct a model
rent categories based on their attributes such as

location, description, ratings, etc. To accomplish this was employed a range of
powerful machine learning models, namely Recurrent Neural Networks (RNNs),
X GBoost, Naive Bayes, and Random Forest. The differences between these mod-

ols lie in their handling of data types, their approach to learning, and their ten-

to categorize partners into diffe
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dencies towards overfitting or underfitting. To classify the business category of a
partner, we need to consider all relevant information. Sequential data like text
description can benefit from the sequential learning ability of RNNs, while other
attributes like location or ratings can be well handled by tree-based models like
XGBoost or Random Forest. Using these different models and comparing their
performances help us build a robust and accurate business category classifier.
For each of these models, data were split into training and testing sets, fitted
the model on the training data, and then tested the model’s predictions against
the actual categories in the test set. By tuning hyperparameters and optimizers,
we sought to maximize the accuracy of our partner classification models. Each
model was evaluated based on its classification accuracy and the results were then
compared to select the best-performing model. In the ’Algorithms’ section, the
specifics of each algorithm used are described deeper. We carefully discuss the
parameters that were used for each model and the techniques applied to enhance
the model’s performance: for RNNs including the number of layers and nodes in
each layer, the activation functions used, and the optimizer used; for XGBoost
and Random Forest described the critical hyperparameters, like the number of
decision trees, maximum depth of the trees, learning rate, and how these parame-
ters were optimized. Overall, that section provided a comprehensive view of how
each model was set up, tuned, and optimized for the task of classifying partners

into different business categories based on various attributes.

C. Predicting business profit. The final step of analysis involved predicting
business profits. For this purpose, employed Linear Regression, a simple yet pow-

erful statistical and machine learning method used to understand the relationship
dictions. The dataset for this phase contained

] amounts, and the weighted results of
ory classi-

between variables and make pre

information about the partner, their annua
s - the review sentiment analysis and the partner categ

for a partner represents their total business revenues
on model was trained with these variables as pre-

dictors to predict the profit of the business. Hypothesized that the annual amount,
etors o siness, and the business category (as encoded by their
fAluence on the profit. Each partner’s profits

previous analyse
fication. The annual amount
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the sentiment around the bu
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were then predicted based on the trained Linear Regression model. In thi

work brings together a range of analyses to make practical, valuabie prediit:vay’
.for businesses, allowing them to leverage their review and partner data in me(;zs
ingful ways. This model provides a valuable tool for businesses to anticipate thei;
profits based on data they already have or can acquire. These profit predictions

can influence several critical decisions, including resource allocation budgeting
! )

marketing strategies, and more. However, as with any model, it’s crucial to bear
in mind that these are predictions and actual profits can differ due to various

unforeseen factors. Thus, while these predictions provide valuable insights, they

should be one of several tools used in decision-making processes.

4.3 Evaluation

A. Review analysis evaluation. A confusion matrix is a great tool for visualizing
the performance of a classification model to the Naive Bayes classifier used in

sentiment analysis. The matrix provi
predictions broken down by each category. After building and applying Naive
Bayes classifier on the test data, calculated values to fill in the confusion matrix.
This provides a clear overview of how well the model performed, not just in

s of the overall accuracy, but also in other measures like precision, recall, and

1 wit

des a summary of the correct and incorrect

term
F1 score. For example, a model with high precision but lower recall accurately

identifies positive reviews but misses a good number of them. Similarly, a model

with high recall but Jower precision is capturing most of the positive reviews but
any negative ones as positive. The confusion matrix, therefore,

incorrectly labels m
luating and

ble tool for eva refining our sentiment analysis model.

is an invalua
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Accuracy = ———TI;;Z'IN

. 0 — TP
Precision = TPiFP

(4.3.1)

— PrecisionxRecall
F1=2x Precision+ Recall

Table 3, the confusion matrix for reviews, provides a clear visual summary of
the model’s performance. The matrix categorizes the model’s predictions into four
segments: True Positives (TP), False Negatives (FN), False Positives (FP), and
True Negatives (TN). The model correctly identified 14,705 reviews as positive
and 7,504 reviews as negative. However, it incorrectly categorized 3740 positive
reviews as negative and 4051 negative reviews as positive. Next, based on the
confusion matrix, calculated crucial performance metrics using Equation 4.3.1,
which results are presented in Table 4. The four metrics calculated are Accuracy,
Precision, Recall, and F1 Score. Accuracy is the proportion of total correct pre-
(both positive and negative) out of all predictions. Precision refers to the

dictions
n of correct positive predictions out of all positive predictions. Recall is

proportio
the proportion of correct positive predictions out of all actual positive instances.

The F1 Score is the harmonic mean of Precision and Recall, providing a balance
between the two. These metrics together help in understanding the model’s per-

formance beyond just accuracy, giving insights into its strengths and weaknesses

and guiding us toward potential improvements. Summarizing this indicates that

the model is performing quite, with a good balance between precision and recall.

B. Classifying business partners. Evolution of model accuracy across training
iterations for three different algorithms illustrated in Table 4.4: for RNN it is
s, for XGBoost and a Random Forest classifier it is tree count. An iteration
corresponds to one cycle through the full training dataset. In this training, the

model’s accuracy is recorded every 50 iterations until it reaches 500. By observing
r several key insights. All models show an upward trend in

epoch

the table, we can infe
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Table 4.3: Evaluation of

Table 4.2: Confusion matrix for reviews _ _
confusion matrix

Actual Actual -
Positive | Negative Metrics | Result

(True) (False) Accuracy | 68.33%
Predicted | 14705 4051 Precision | 78.4%

Positive
Predicted | 3740 7504 Recall | 66.2%
Negative F1 Score | 71.8%

accuracy as the number of iterations increases. This is typical during the training
process, as models learn to better fit the data over time. The Recurrent Neural
Network model starts with an accuracy of 0.68 at the 50th epoch and improves
to 0.86 by the 500th epoch. The XGBoost model begins with an accuracy of 0.72
at the 50th epoch and shows a consistent improvement, reaching an accuracy of
0.82 by the 500th epoch. The Random Forest model starts with an accuracy of
0.69 at the 50th epoch and increases its accuracy to 0.81 by the 500th epoch.
It’s important to note that increasing repetitions often leads to better model

performance on the training set.

Table 4.4 demonstrates how the model’s accuracy evolves as the training pro-
gresses, visual representation of how the model’s accuracy changes over iterations.
Observing the trend in this table allows us to understand how quickly the model
is learning and at what point the model might be overfitting. Also, it is easier
to spot trends and inflection points in a graphical format, making this a useful
tool for monitoring the model’s learning process. Figures 4.5 and 4.6 provide a
direct comparison of the final accuracies achieved by each model after training
is complete. This is a valuable resource for determining which model performed
best and comparing the final loss values for each model gives insight into which
model has learned the task most effectively. The neural network showed the best
results in terms of performance metrics, it suggests that the algorithm was most

successful at learning the patterns in data and classifying the business categories.
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Table 4.4: Accuracy per iteration

[terations | RNN | XGBoost | RandomForest

50 0.68 0.72 0.69
100 0.72 0.76 0.72
150 0.76 0.78 0,72
200 0.78 0.77 .73
250 0.79 0.79 0.75
300 0.81 0.78 0.76
350 0.82 0.80 0.77
400 0.83 0.81 0.79
450 0.85 0.80 0.80
500 0.86 0.82 0.81

Model Accuracy

90.00

85.00

80.00 20.50 8110
75.00
70.00

(e Maive-Bayes Decision Tree “GBoast

Accuracy

Model

Figure 4.5: Overall accuracy comparison for different models
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Figure 4.6: Overall model loss comparison for different models

4.4 Prediction Visualization

It’s important to note the crucial role that user interactivity and engagement
fulfilling one of the primary objectives of this research. It was decided to create
applications on different platforms for visualization: website and android mobile
versions. The primary challenge was the incompatibility between the python-
based predictive model and the intended visualization platforms. To resolve this
issue and achieve one of the main goals of the thesis, the model was saved after
development. Upon saving the model, a REST API was built using Django, which
is a robust and flexible web framework for Python. The primary function of this
API was to facilitate the interaction between the saved predictive model and the
web and mobile applications [32]. This API allowed the prediction results from

the model to be retrieved and used in a compatible format for the applications.

b a,pplication comprises two main pages. The first page presents di-
nt situation. This visual display of data enables

evailing circumstances in a simplified and user-

The we
agrams that represent the curre

managers to understand the pr
The second page consists of an interactive fill-form about the

friendly manner.
new partner. When a manager or other co-worker completes the form, the re-
d by the REST API, which communicates with the saved

sponses are processe e . t o
_ , ‘ Based on this input, the model generates a pre iction
prediction model [32].

f potential profits. This prediction is then displayed to the user, both numeri-
of potentie _

lf | through a diagram allowing for an easy understanding of future profit
cally and t & :
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scenarios.

Furthermore, a mobile application was also developed to increase accessibility
and provide a convenient way for users to use the tool from anywhere. This
comprehensive solution effectively demonstrates the fulfillment of the thesis’ goal
to develop an accessible, user-friendly platform for visualizing and predicting data.

Furthermore, concrete examples of visualizations, as depicted in Figures B.1
through B.5. These figures present snapshots of the actual visualizations that
users see when they interact with the web and mobile applications, serving to
illustrate the practical application of the predictive model and the user interface
design. These figures serve as key evidence in the dissertation, effectively demon-
strating the successful achievement of the research goal to create an accessible

and user-friendly platform for data visualization and profit prediction.
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Chapter 5

Conclusions and future work

This chapter summarizes the whole research with its matter findings related to
aims and motivation. The goal of this work was to make an application to predict

business orientation and profit of company. An intuitive, user-friendly, and adap-
built to achieve the purpose, it was constructed

tive application was designed and
d android operating system mobile

on multiple platforms web-based browsers an

phones, so that a managers and other co-workers could use it.
In this study, we embarked on a comprehensive exploration of datasets col-

lected over the past five years by a company: reviews, partners, payments dataset.
The collected data, present h set of tables and spanning thousands of

ed in a ric
records, provided the basis for our analysis and model building. Sentiment anal-
s was con

ducted using a Naive Bayes model, while partner
d using RNN, XGBoo

ysis of user review
st, and RandomForest mod-
generated using linear regression model.

categorization was performe

Predictions of business profits were
ed crucial information regarding user perception of

products and services. The RNN model proved to be the most effective at cat-
rscoring its superior performance in handling sequential

dictions offered actionable insights for future resource
ategies. The implications of these findings are by
es can gain an in-depth understanding of
formance, and predict future profitabil-
| of machine learning in deriving

els.
The sentiment analysis reveal

egorizing partners, unde

data. Linear regression Pre

allocation and investment str

e technologies,
valuate partner Per
significant potentia

leveraging thes business
customer behavior, €

ity. The results illustrate the
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actionable insights from data. Accurate categorization of partners aids in the
strategic planning of collaborations, and predicting profits empowers businesses

to make informed financial decisions.

Despite the valuable insights, our study is not without limitations. The
accuracy of the models heavily depends on the quality and quantity of data, and
showed only 80%, although more needed. Any inconsistencies or biases in the
data could influence the model’s performance. Future research could explore the
integration of other machine learning models to enhance prediction accuracy and
to consider more diverse data inputs. Time-series analysis could be used to predict
business profits taking into account seasonal variations. Regular reassessment of
the chosen models is recommended to keep pace with advancements in the field.

In conclusion, this study demonstrates that even without a dedicated data
science team and limited companies can leverage existing data to extract insightful
patterns, make informed decisions, and forecast future trends. By utilizing acces-
sible machine learning techniques, businesses can perform tasks such as sentiment
analysis, partner categorization, and profit prediction. This not only makes their
operations more data-driven but also empowers them to make strategic decisions
based on robust, evidence-backed models. The insights derived from such an exer-
cise underscore the immense potential of affordable Al and machine learning tools

in transforming the way businesses operate, regardless of their size or resources.

44



Bibliography

[1] Churn rate: What it means, examples, and calculations. URL https://www.

3]

[4]

6]

7]

investopedia.com/terms/c/churnrate.asp. Accessed: 2022-04-05.

Reznichenko E.V.; Matveev M.G. Development of a software tool to predict
customer outflow using machine learning. Collection of student scientific

works of the faculty of computer sciences vsu, 11:287-292, 2017.

Meldeby M.A.; Sarbasova A.K. Analysis of opinions of buyers based on
machine learning. Al-Farabi Kazakh National University, pages 360-364,

2017.

Amit Ganesh Upadhye; A.C Lomte. Customer opinion assessment using
artificial neural networks and machine learning. IJAR, pages 1829-1835,
July 2020. doi: 10.21474/1JAR01/11451. URL http://dx.doi.org/10.

21474/1JAR01/11451.
Xie Haihua; Yang Jingwei; Carl K. Chang; Lin Liu. A statistical analysis

approach to predict user’s changing requirements for software service evo-
lution. The Journal of Systems Softwaren, 132:147-164, 25 June 2017.
doi: 10.1016/j.jss.2017.06.071. URL https://www.sciencedirect.com/
science/article/abs/pii/80164121217301358?via_

Huang Li; Yang Shihai. Short-term load prediction based on user behaviors
[CSGSC, pages 18-23, 2020. URL https://ieeexplore.ieece.

analysis.
org/document/9248540.
Kamorudeen A. Amuda; Adesesan B. Adeyemo.  Customers churn

prediction in financial institution using artificial neural network. Inter-



8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

national Multi-Conference on ICT Applications, December 2019. URL
https://www.researchgate.net/publication/338096967_Customers

Churn_Prediction_in_Financial_Institution_Using Artificial
Neural_Network.

Li Chen Chengm; Chia-Chi Wu; Chih-Yi Chen. Behavior analysis of customer
churn for a customer relationship system: an empirical case study. Jour-
nal of Global Information Management, 27(1):111-127, January 2019. doi:
10.4018/JGIM.2019010106. URL https://www.igi-global.com/gateway/

article/215025.

Chunjiang Li. Application of machine learning algorithms in the stock market
analysis. FMIBM, 10:352-358, 2023. doi: 10.54097/hbem.v10i.8119. URL

https://doi. org/10. 54097 /hbem.v10i.8119.

Boyuan Zhang. Customer churn in subscription business model - predictive
analytics on customer churn. FIBA, 44:870-876, April 2023. doi: 10.54691/

hepbm.v441.4971. URL https://doi.org/10.54691/bcpbm.v441.4971.

Zhichong Li. Research on sales strategy of electric vehicle target cus-

tomers based on machine learning algorithm. MMML, 22:270-278, Decem-
ber 2022. doi: 10.54097/hset.v22i.3388. URL https://doi.org/10.54097/

hset .v22i.3388.

Sriramakrishnan Chandrasekaran; Abhishek Kumar. A clustering approach

mer billing prediction in mall: A machine learning mechanism. Jour-
Communications, 7:55-66, December 2022. doi: 10.

nal of Computer and
4236/ jcc 9019.73006. URL https://doi.org/10.4236/jcc.2019.73006.

for custo

les E. Leiserson; Ronald L. Rivest; Clifford Stein.

Thomas H. Cormei, Char |

Introciuction to algorithms. 4, April 2022.

Anaconda official documentation. URL https://docs.anaconda.com/. Ac-
1naco

cessed: 2022-04-15.

What is python? executive summary. URL https://www.python.org/doc/

atis pyuv ¥
i d: 2022-04-15.

essays /blurb/. Accesse

46



[16] Gitlab is the most comprehensive ai-powered devsecops platform. URL

[1

]

18]

[2

=

https://docs.gitlab.com/. Accessed: 2022-04-15.

Docker overview get started. URL https://docs.docker.com/
get-started/overview/. Accessed: 2022-04-16.

Debasish Kalita. A brief overview of recurrent neural networks (rnn).
March 2022. URL https://wuw.analyticsvidhya.com/blog/2022/03/

a-brief-overview-of-recurrent-neural-networks-rnn/

Recurrent neural network.  URL https://en.wikipedia.org/wiki/

Recurrent_neural_network.

Xgboost documentation. URL https://xgboost.readthedocs.io/en/

stable/.

Tianqi Chen; Carlos Guestrin. Xgboost: A scalable tree boosting sys-
the 22nd ACM SIGKDD International Conference, August 2016.

10.1145/2939672.2939785. URL https://dl.acm.org/doi/10.1145/

tem.
doi:
2939672.2939785.

hanullah Khan; Nasir Ahmad; Imran Magsood. Random
1JCSI, 9(5):272-278, September 2012. URL
SI-9-5-3-272-278.pdf.

Jehad Alil; Re
forests and decision trees.
https://ijcsi.org/papers/IJC
g. An implementation of naive bayes classifier. 2018 CSCI,
10.1109/CSCI46756.2018.00065. URL https://

ent/8947658.

Feng-Jen Yan

December 2018.  dot:
ieeexplore.ieee.org/docum

Khushbu Kumari; quniti Yadav. Linear regression analysis study. Journal
of the Practice of Cardiovascular Sciences, 4(1):33-36, January 2018. doi:
10.4163/_11305_]‘1)@5’8__18. URL https://www.]j-pcs.org/article.asp?
issn=2395~5414 2 year=2018 :volume=4; issue=1;spage=33;epage=36;

aulast=Kumari.
URL https://developer.android.com/studio/

Meet android studio.

intro.

47



[26]

27]

28]

[29]
[30]

31

[32]

Kotlin docs - get started with kotlin. URL https://kotlinlang.org/docs/
home.html. Accessed: 2022-04-16.

Django-the web framework for perfectionists with deadlines. URL https:

//www .djangoproject.com/. Accessed: 2022-04-15.

Comma-separated values. URL https://en.wikipedia.org/wiki/

Comma-separated_values.
Introducing json. URL https://www.json.org/json-en.html.

Wisam Abdulazeez Qader Musa M.Ameen Bilal I. Ahmed. An overview of
bag of words;importance, implementation, applications, and challenges. 2019
International Engineering Conference (IEC), January 2020. doi: 10.1109/
1EC47844.2019.8950616. URL https://ieeexplore.ieee.org/document/

8950616.

Stephen E. Robertson. Understanding inverse document frequency: On theo-
retical arguments for idf. Journal of Documentation, 60(5):503-520, January
2020. doi: 10.1108/00220410410560582- URL https://www.emerald.com/
insight/content/doi/lo.1108/00220410410560582/fu11/html.

What is a rest api? URL https://www.redhat.com/en/topics/api/
what-is-a-rest-api.

48



Appendix A

Apendex A

from sklearn.ensemble import RandomForestClassifier

from sklearn.model_selection import GridSearchCV

= RandomForestClassifier(n_estimators=100, random state=42)

classifier =
classifier.fit(X_train, y_train)

y_pred = classifier.predict(X_test)
print (confusion_matrix(y_test, Y-Pred))

print(classification_report(y_test, y_pred))
print("Accuracy:", accuracy_score(y_test, y_pred))

param_grid = {
'n_estimators': [50, 100, 200, 300],

'max_depth': [None, 10, 20, 301,
'min_samples_split': [2, 5, 107,
'min_samples_leaf': [1, 2, 4],
'bootstrap': [True, Falsel

}
hp_grid_search = GridSearchCV(
estimator = RandomForestClassifier (random_state=42),
param_grid = param_grid,
cv=5,
n_jobs=-1,
verbose=2
)

hp_grid_search.fit(X_train, y_train)
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print("Best hyperparameters:", hp_grid_search.best_params_)

best_model = hp_grid_search.best_estimator_
y_pred = best_model.predict(X_test)

22 g . o N S iy
print(classification_report(y_test, y_pred))

PLINt ( m e o e e o . N
print("Accuracy:", accuracy_score(y_test, y_pred))

Figure A.1: Building RandomForest Classifier

from sklearn.preprocessing import MinMaxScaler, LabelEncoder

import tensorflow as tf

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense
from tensorflow.keras.layers import LSTM

model = Sequential()
model . add (LSTM(units=256, activation='relu', return_sequences=True,

=" input_shape=(X_train.shape[l], X_train.shape[2])))

model . add (LSTM (units=64, activation='relu'))

model . add (Dense (units=32, activation='relu'))
model.add(Dense(units:len(np,unique(y_train)J, activation='softmax'))

=1 ~q N
model.compile(optimizer='adam', loss='sparse_categorical_crossentropy',

— metrics=['accuracy'])

model . fit (X_train, y_train, epochs=100, batch_size=32, validation_split=0.1,

history =
<+ verbose=1)

y_pred = model.predict_classes(x_teSt)

est, y,pred))
_pred))

_pred))

print(confusion_matrix(y_t

print(classification_report(y_test, ¥ i
test,
print ("Accuracy:", accuracy_score(y_ e y

print(model.summary())

Figure A.2: Building RNN model

; b
import xgboost as Xg ++ RandomizedSearchCV

i impo
from sklearn.modelﬂselectlon imp



classifier = xgb.XGBClassifier(
use_label_encoder = False,
objective = 'multi:softmax’,

1en(np.unique(y_train)),

num_class
seed=42
)

classifier.fit(X_train, y_train)

y_pred = classifier.predict(X_test)

print(confusion_matrix(y_teSt, y-pred))

print(classification_report(y_test, y_pred))

print ("Accuracy:", accuracy_score(y_test, y_pred))

param_grid = {
'learning_rate': [
'max_depth': [3, 5, 7» 10],
'n_estimators': [100, 200, 300, 5001,

[0.5, 0.75, 11,
[0.5, 0.75, 11,

0.01, 0.05, 0.1, 0.2],

'subsample':
'colsample_bytree':
(o, 0.1, 0.2, 0.3],

'gamma':
[1, 3, 8]

'min_child_weight':

RandomizedSearchCV(

random_search =
xgb.XGBClassifier(

estimator =
use_label_encoder=False,
objective='multi:softmax',
nﬁm_class=1en(np.unique(y_train)),
seed=42

),

param_distributions=param_grid,

n_iter=50,

cv=5,

n_jobs=-1,

verbose=2,
random_state=42

train)

random_search.fit(X_train, y-

rameters:"s random_search.best_params_)

print ("Best hyperpa
est_estimator_

random_search‘b

best_model =
‘ del.predict(x_test)

y_pred = best_mo
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print(confusion_matrix(y_test, y_pred))
print(classification_report(y_test, y-pred))
print("Accuracy:", accuracy_score(y_test, y_pred))

Figure A.3: XGBoost Classifier

from sklearn
from sklearn
from sklearn
import numpy
from sklearn

from sklearn

df = main_df
df .drop(

]

print (X)
print(y[:5])

0.25, random_state

.model_selection import train_test_split

.linear_model import LinearRegression
.metrics import r2_score,mean_squared_error

as np
.linear_model import Ridge

.model_selection import GridSearchCV

['amount', 'name'], axis =

X
y = df['amount']
X_train, X_test, y_train, y_test = train test_split(X, y, train_size = 0.75, test_size

= 100)

model = LinearRegression()

model . fit (X_train,y_train)

y_pred =

= model.predict (X_test)

print('mean squared error :',mse)
print('r square :',rsq)
#regularization

ridge = Ridge()

params = {'alpha': np.logspace(-4, 4, 100)}
grid_search = GridSearchCV(ridge, params, cv=5, scoring='neg_mean_squared_error')

grid_search.fit(X, Y)
print ("Best alpha:"
print("Coefficients:",

Figure A.4: Building Linear Regression

1)

grid_search.best_params_[‘alpha'J)
grid_search.best_estimator_.coef_)
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Apendex B
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