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Overview and advantages of Machine Learning (ML) in Statistics

Abstract

Object: The main purpose of this study is to provide insight into why machine learning,issfhe future of statistics.
The virtual world generated a vast amount of data bringing together intelligent machines,and networked processes. Ma-
chine learning as the emerging field of data science leads to new implications for statisticsjin terms of the big data era.
Nowadays Machine Learning (ML) application is becoming broader including psgychology, astificial intelligence, con-
trol theory, information theory, neuroscience, philosophy, Bayesian method, computdtional complexity theory etc. The
recent use of ML in medicine, agriculture or trading is evidence of its future developmeat'in the coming years.

Methods: This study is based on the literature review of Machibe leéasning (ML) models, paradigms, algorithms,
and their advantages versa classical statistics. As obvious of ML application, thémumber of articles on Machine Learn-
ing and Data Science vs Classical Statistics in Wikipedia reflected ingPythomn

Findings: The main results of this study are listing the main Machine Learning Algorithms and applications. In
addition, this paper identifies the main advantages and disadvantages,of Machine Learning versa classical statistics.

Conclusions: There are many advantages of Machine Eearning, (ML), which highlight the future of Machine
learning methods in statistics. The increase in data andyinnovations make a long and broad way of Machine Learning
(ML) development.

Keywords: Machine Learning, Supervised L€arning, Unsupervised Learning, Reinforcement Learning, Evolution-
ary Learning, Semi-Supervised Learning, Neural Network, Data Science

Introduction

Today Machine Learning (MI{) can"be applied in various directions of psychology, artificial intelli-
gence, control theory, informatioft theory, meuroscience, philosophy, Bayesian method, computational com-
plexity theory etc.

Machine Learning might sotve mostly five different problems. The first classification problem answers
the question “Is this A er B2 Anomaly detection problem occurs to identify the odd one to make out. How
many quantitativé‘questions arefrelated to the regression problem? The organizing and hidden issues behind
a problem are called“as a“€lustering problem. The reinforcement problem is devoted to anticipating the next
things that will happen.

The developmentyof ML starts in the 1950s when introduced Turning Test persuade people that they
talked’with humansgnot with machines. The last social network developments lead to innovations such as
DeepiLeatning,\Amazon, and Google platforms.

The,virtual world generated vast amounts of data bringing together intelligent machines and networked
processes.‘Machine learning as the emerging field of data science leads to new implications for statistics in
terms of the big data era. Nowadays Machine Learning (ML) application is becoming broader including psy-
chology, artificial intelligence, control theory, information theory, neuroscience, philosophy, Bayesian meth-
od, computational complexity theory etc. The recent use of ML in medicine, agriculture, or trading is evi-
dence of its future development in the coming years.

It has actually to compare Machine Learning Algorithms with classical statistics by showing the pros
and cons. This study is making comparisons and finds key ideas through a literature review. Therefore, based
on secondary data the advantages and drawbacks of ML are provided. Moreover, this analysis highlights the
future growth and development opportunities of Machine Learning (ML) in the coming years.

* Corresponding author’s e-mail: didar.ilyassov@narxoz.kz
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Literature Review

Similarly, to Big Data Analytics the theoretical framework of Machine Learning (ML) is building up. It
is obvious that new technologies will bring new methods of ML. However, the six algorithm steps create a
machine-learning model similar to other data processing. The steps, tasks and brief description is given in
Table 1. Today Machine Learning (ML) can be applied in various directions of psychology, artificial intelli-
gence, control theory, information theory, neuroscience, philosophy, Bayesian method, computational com-

plexity theory etc.

Table 1. The components of ML with the main tasks and brief description

Steps

The main task

Brief description

Step I — Data Set collection
and preparation

To format data as input to the algo-
rithm

The cleaning of noise or irrelevant data
it to a structured format.

Step II — Feature selection

To remove irrelevant features

The selection of the maogt 0
subset.

Step III — Algorithm selec-
tion

To choose the most suited algo-
rithm for problem solution

There are many various

Step IV — Model and Pa-
rameters choice

To set the most appropriate param-
eter values of algorithms

fion helps to identify
and parameters.

Step V — Exercising

To train model using a part of data
set

Step VI — Performance as-
sessment

To assess model application by
using accuracy, precision and re-

call performance parameters
Note: adopted by authors from Alzubi, et al., 2018 and Batta, 2019

Machine Learning recently used in different fields a

Social
Networking

Medicine

Learning

s Applicati pd  Climate
ons forecast

Figure 1. Machine Learning (ML) applications
thors from Alzubi, et al., 2018 & Khan, A., 2010

Agricuiture

The paradiitms of ML with the main tasks, algorithms, and brief descriptions are provided in Table 2. In
accordance with Table 2, the algorithm's training and output availability classify ten categories of Machine
Learning (ML) paradigms. According to Alzubi, et al., 2018 among mentioned paradigms in Table 2 super-
vised learning is staying as the most popular.
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Table 2. The paradigms of ML with the main tasks, algorithms and brief description

Learning par- The main task ML popular Algo- Brief description ML application and examples
adigm rithms
Supervised To make applica- Decision Tree The outputs in the case of | Recognition systems and e-
Learning tions from predic- | Naive Bayes classification are discrete | commerce website offerings.
tions of historical Support Vector Ma- and continuous for re- Classification and regression.
data chine gression
Regression Analysis
Unsupervised To find some fea- | Principal Component Learning and revealing In the case of unknown data
Learning: tures, patterns and | Analysis some structure in unla- categories are suitable Feature
rules from the data | K-Means Clustering beled data vectors to apply predictive
models for text, documients,
images, etc. Clustering; associa-
tion, dimengionalityyreduction
Reinforcement | To get the correct | As learning to check the | Learning No problemisolving, but applied
learning output output correctness in classificatiomand control
Evolutionary To adapt inputs To propose the best Understanding by algo- Mostly applied for biological
Learning and rules by be- solution to the problem | rithm grganisms to adapt their envi-
havior ronment
Semi- To use the power Generative Models. Best suitable to model Gengrative Models, Self-
Supervised of supervised and | Self Training. building by a lack of Training and Transductive
Learning unsupervised Transductive Support skills and high cogt of SVM are generated categories
learning Vector Machine. observations to use. It can be used for prob-
lems like classification, regres-
sion and prediction
Ensemble To set many hy- Random Forest Bias decreasing (boost- AdaBoost tests the dependence
Learning potheses to build a ing)} Variance (bagging) between the common learners
prediction model and precise predictions Boosting reflects the sequence
(stacking) of weak models in a small num-
Random‘Forest as parallel | ber of observations
explosion of relationships | AdaBoost is adaptive boosting.
among base learners Bagging as bootstrap gets
means of all predictions.
Neural Network | To adjust the Supervised Neural Adjusting weights help to | Training data and data classifi-

weights of neuron
as a nerve cell
interconnections
by help of electrie
impulses to dis-
tribute through the
brain

Networks
UnsupervisediNeural
Network
Unsupervised Neural
Network.

Reinforced Neural
Network

get accurate results by
training to make predic-
tions on unobserved data.
Also make group them by
similarities to get correct
outputs

cation by similarities or human
learning by mistakes in interac-
tion with the environment based
on past decisions.

Instance based

To generalize

K-Nearest Neighbor, k-

Any inputs can be com-

Database of training instances

learning based ofi training means, k-medians, hier- | pared with the trained allows to apply differently,
data archical clustering and instances to make predic- | globally and locally in an easy
expectation maximiza- tions way quickly with some time for
tion prediction
Dimensionality@y| To deal with high | Multidimensional scal- Reducing dimensions Applications in climatology,
reduction algo- {idimensionality ing (MDS), Principal help to avoid irrelevant biology, astronomy, medical,

rithims

and'sparsity of
data to make im-
plicit data struc-
ture

component Analysis
(PCA), Linear Discri-
minant Analysis (LDA),
Principal component
regression (PCR), and
Linear Discriminant
Analysis (LDA)

and redundant data to get
higher accuracy of results

economy and finance

Hybrid Learn-
ing

To decrease errors
of ensembles by
hybridization to
make heterogene-
ous models

Heterogeneous models
by combining clustering
with association mining
or decision tree etc.

In classification algo-
rithms to decrease of
computational complexi-
ty, over fitting and stick-
ing to local minima by
model combinations

Solving complex tasks with
error minimization

Note: adopted by authors from Alzubi, et al., 2018
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Machine learning (ML) applications are broadly used in different fields of life: computer games, sophis-
ticated speech recognition systems, driving autonomous vehicles, filter spam emails, robotics and artificial
intelligence, text mining, emotion reflections, document categorization, search engines, web marketing, text
classification in social networking, medical field, banking, facial recognition climate forecast, stock trading
systems (Khan, 2010).

Prediction of the moon cycle, seasons, and future agriculture yields, humankind is getting information
from indirect observations and needs future intersections of statistics and data science (Sofia et al., 2019).
However, this study explores Machine learning Algorithms and applications.

Methods

This study is based on a literature review of Machine learning (ML) models, paradigms, algorithms, and
their advantages versa classical statistics. As obvious of ML application, the number of articles oni{Machine
Learning and Data Science vs Classical Statistics in Wikipedia reflected in Python.

The recent trends of Machine Learning and Data Science development from 2016 go 2022 as meéntioned
above are implemented by using codes of Python. Such visualization of big data also¢highlights the ad-
vantages of Machine Learning.

Results
The application of Machine Learning faces many challenges. As mentionediby Alzubti, et al., 2018 they
are:

e Machine learning methods require a big amount of data to make accurate results and predictions. Howev-
er, researchers are not always able to get such an amount of data. In this'¢ase, giants like Facebook and
Google are leading in the field of Artificial Intelligence.

e Spam detection. It is not easy still to detect spam or not.

e Machine learning algorithms still have problems in differeatiatingyobjects and images. Deep learning
algorithms and different fields of Machine Learning useg,are new, challenges.

Machine Learning Algorithms are continuously develeping,widespread spreading everywhere (Bhatia &
Kumar, 2017). Today the following applications can be highlighted: deep learning, data mining, and data
analytics, natural language processing, testing and Simulation, machine learning in medicine, and human-
computer interactions (Christian et al., 2021, Sarker, 2024, Xuming et al., 2020). Machine Learning (ML)
Wikipedia page views from 2016 to 2022 is illfistrated in Figure 2 that shows the popularity of it. The peak of
popularity was in 2019 that then slowed down by COVID -19. Below provided codes of Python for Machine
Learning that help to collect and analyze actuahdata (Fig. 2).

p = PageviewsClientyuser agent="Python query script by " + your contact
_info)
MLviews = p.arficle views (project='en.wikipedia', articles=['Machine

Learning', 'Artificial Intelligence'], granularity='monthly',
start='20260101","end="'20221231")

ML df = @d.DataFrame (MLviews)

ML df,= ML)dfVtranspose ()

ME“df =pML/df.set index(ML_df.index.strftime ("%Y-%m")) .sort_index()
ML 4df

fig =4plt.figure()

plt¥title ("Monthly Wikipedia pageviews for ML")
plt.ticklabel format (style = 'plain')

ax = ML df.iloc[:,0] .plot(kind="'1line', figsize=[14,8], color="purple")
ax.set xlabel ("Monthly pageviews")

ax.set ylabel ("Month") Text (0, 0.5, 'Month!')
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Monthly Wikipedia pageviews for ML
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Note: moderated by authors by using Python

Figure 2. Machine Learning (ML) Wikipedia page views from Q

Nowadays SMAC (Social, Mobile, Analytic, and Cloud) technolo nd the borders of ML applica-
tion due to the big data rise as well. Computers are becoming powerful orithms and taking human-

like behavior. Digitalization of any activities makes outputs pre st coming. The digitalization of
government services also highlights the importance of ML applications (Kumar et al., 2017). According to
our analysis in Figure 3 it is obvious the popularity of Data S€ience versa Classical Statistics in Wikipedia.

fig = make subplots(specs=[[{"secondary y": True}]
# Add traces
fig.add_trace(go.Scatter(x=df.index,y=df['Statistics'], name=" stics™),
secondary_y=False,)
fig.add_trace(go.Scatter(x=df.index,y=df['D cience'],
name='Data Science',
line=dict(color="red"),
mode="lines'"), secondary y=T
fig.update layout(title='Data Sei istics',
xaxis_title="Year
fig.show()

Data vs Sta

2000 = Statistics
180k = Data Science

1500

1000

216 2017 218 2019 2020 2021 202
Year

Figure 3. Data Science versa Classical Statistics
Note: moderated by authors by using Python
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As evidenced by Figure 3 Data science is becoming more popular than Statistics. The increase in popu-
larity of Data science including Machine Learning (ML) by innovations is obvious in the future.

Discussions
Data science including Machine Learning (ML) is developing rapidly than classical statistics. Table 3
shows the main categories of Big Data Analytics with its main purpose, advantages, and disadvantages versa

classical statistics.

Table 3. Category of Big Data Analytics

Feature Programming | Main purpose Advantage Disadvantage
Language
WEKA Java Supervised and Read files from numerous Does not support much
unsupervised different database visualization
data mining
Rapid Miner Java Supervised and Offers numerous proce- Consumes lots,of RAM
unsupervised dures for selection of attrib- | yser compiter,
data mining ute and outlier detection a lar@e amoumt of data can
producé an)error
Orange Python Supervised and Used for data visualization | WorkingsWith a limited
unsupervised with mining technique scale of data,
data mining additional libraries need to
download
Tableau No Visualization Low cost, less capacitytof | Not support statistical fea-
memory and edsy to Up: tures
grade and need to integrate with
other software platforms
R program- C++, Fortran, | Supervised and | No'estriction for R license | Lack of memory manage-
ming R unsupervised and compatible across plat- | ment that caused by any
data mining forms available memory when
needed quick task peforms
KNIME Java Supervised and Capability to process mas- Update to the latest version
unsuperyised sive data that only can be not working unless user
data mining limited on the available installing the software
computer hard disk space again
Note: adopted by authors from Nor ebaly 2020

As the commonly used"Magchineflearning Methods (ML) Tree-based methods observe inputs and the
responses assuming data genefatiig as complex and unknown (Shafiee et al., 2020). It interacts with variables
by revealing somg, hidden patterns. Other algorithms allow learning from the Data as well (Masci et al.,
2017). It manages to¥findseomplex and very flexible functional forms in the data without simply over fitting
(Mullainathan et alk, 2007). Boosting, bagging and random forests serve to reduce variance and increase pre-
dictive poweri(James'et al., 2013). CART Model is able to find interaction to fit non-linear relationships over
individual'lCARTs (Eriedman, 2001).

As discussed Big Data Analytics including Machine Learning (ML) allow new opportunities and chal-
lenges:

Conclusions

By comparison of Classical Statistics and Machine Learning, the main advantages of Machine Learning
are:

- Learn from the Data (Al-Jarrah et al., 2015).

- Tree-based methods can be classified as Machine Learning Methods (ML). It observes inputs and the
responses assuming data generating is complex and unknown. It interacts with variables by revealing some
hidden patterns (Masci et al., 2017).

- It manages to find complex and very flexible functional forms in the data without simply over fitting
(Mullainathan et al., 2017).
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- Boosting, bagging, and random forests serve to reduce variance and increase predictive power (James
etal., 2013).

- CART Model is able to find interaction to fit non-linear relationships over individual CARTs (Fried-
man, 2001).

A lesser amount of data is suitable for supervised Learning, and better performance and results might be
obtained by Unsupervised Learning with big data, but when data is becoming huge it is better to apply deep
learning (Batta, 2019).

To sum up, the future of Machine learning methods in statistics is clear in a long and wide way.
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J.K. Habsicos, K. Kuranona, T. Kenu
CTaTHcTHKAZAFBI MAIITMHAJBIK OKBITYFA HIOJIY 5KOHE AP THIKIIBLIBLIKTAPBI

Anoamna:

Maxkcamor: 3epTTeyiH HEri3ri MakcaThl — MaIIMHAIBIK OKBITY CTaTHCTHUKAaHBIH OOJalllaFbl EKeHIr TypaJbl TyCi-
HiK Oepy. Buptyanuel anem akpuipl MalIMHajIap MEH JKENUIK MpolecTepal OipiKTipy apKbUIbl KONTEreH JepeKTepi
xKacaipl. MalvHaIbIK OKBITY JE€PEKTep FhUIBIMBIHBIH JaMbIll Kelle )KaTKaH calachl PETIHIE YIKEH AEpeKTep Joyipi
TYPFBICBIHAH CTATHCTHKA YIIiH KaHa canjapra okeneai. Kasipri yakpiTra MammHaibK oKeITYAb (MO) KonaHy KeHe-
Hin Keyesii, OHBIH IIIIHAE IICHUXOJIOTHUS, JKAaCaHAbl HHTEIUICKT, OacKapy TEOpHUSCHI, aKlapaT TEOPHsICH, HEBPOJIOTHs, (H-
nocotus, baiiec axici, ecentey KypAeiiiri Teopuschl sxone T.0. MO-HBI MeMIIMHA/A, aybUT HIapYalIbUIBIFBIH/IA HEME-
ce caynana )KakbplHIa KOJJIaHy OHBIH aJlIaFbl XKbULIApAa OJIaH opi JaMyBIH KOpCeTei.

Ooici: Byt 3epTTey KIIacCHUKaJbIK CTaTHCTUKAMEH CANBICTBIPFaHa MAIIMHAIBIK OKbITY Monenbiaepi (MO), mapa-
JMTManap, alropuTMIEP JKOHE OJIAp/BbIH apTHIKIIBLIBIKTAphl Typajibl 9e0ueTTepi moyra Heriznenren. MO KongaHy-
JlaH Kepill OTHIpFaHBIMBI3NAll, BUKuIeansnarsl KIacCHKaJIBIK CTaTUCTHKAMEH CAJIBICTBIPFAHAA MAILIMHAJIBIK OKBITY
KOHE JAEepeKTep Typaibl Makaanap cansl Python-ma kepcerinres.
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Kopvimpinowr: Byt 3epTTeyiH HETi3r1 HOTHXKEIEePl MAIIMHAIIBIK OKBITYIBIH HETI3r1 alTOPUTMAEP] MEH KOCBhIMIIIA-
napel. COHBIMEH KaTap Makajaja KJIaCCHKaNbIK CTaTHCTHKaMEH CalIbICThIPFaHla MAllMHAIIBIK OKBITYIbIH HETI3ri ap-
THIKIIBUTBIKTAPhl MCH KEMIIILTIKTEPl aHBIKTAIFaH.

Tyorcoipvimoama: CTaTUCTUKAIAFbl MAIIMHAIIBIK OKBITY 9JIiCTEpiHiH OoJaniarblH KOPCETETIH MalIMHAIBIK OKBITY-
neiH (MO) KernTereH apTHIKIIBUTBIKTAphEl 0ap. Jlepekrep MeH MHHOBANMSIIAp KOJICEMIHIH apTybl MANTHHAJIBIK OKBITYIBI
(MO) mambITYIBIH Y3aK XKOHE KEH JKOJIBIH KYpaiIbL.

Kinm ce30ep: MammmHaNBIK OKBITY, MYFaIIMMEH OKBITY, MYFaTiMCi3 OKBITY, KYIICHTUITCH OKBITY, BOJIOIHSIIBIK
OKBITY, MYFaJIIMMEH apayac OKbITY, HEHPOHIIBIK Kelli, IEpEeKTepP FHUIBIMEIL.

JL.K. Mabsico, K. KuranoBa, T. Kenu
0O030p 1 npenMynIecCTBA MAIIMHHOTO 00YY€EHUS B CTATUCTHKE

Annomauusn

Lenv: OcHOBHAS LIENb 3TOTO UCCIICHOBAHUS — NIaTh MPEICTABICHAE O TOM, II0YeMy MaIIMHHOE 0Oy4cHue\(MO)
— 9T0 OyayIiee CTAaTUCTUKU. BUPTyanbHBI MUpP TEHEPUPYET OTPOMHOE KOJTUYECTBO JAHHBIX, OOHBEIMHSI HHTCIUIEKTY-
aJbHBIC MAIIMHEI M CETEBEIC MPOIIECCHl. MalIMHHOE 00YYeHUE, KaK Pa3BUBAIOIIASACS 00IaCTh HayKW O)IaHHBIX, TIPHUBO-
JTUT K HOBBIM TIOCIIEICTBUSIM JIJISI CTATUCTHKH C TOYKHM 3PEHHUS STOXH OOJBINNX JaHHBIX. B HACTOsSHIEE BPpeMs IMprMeHe-
HUE MAIIUHHOTO OOYYEeHHS CTAHOBUTCS BCE IIUPE, BKIFOYAs IICHXOJIOTHIO, UCKYCCTBCHHBIA HHTEIUICKT, TCOPHIO YIIPaB-
JICHUSI, TEOPUIO MHPOPMAIINH, HEBPOJIOTHIO, (Hiocopuro, OalleCOBCKUI METO/I, TEOPUIO, CJI0KHOETY BBIYUCICHUN U T.
1. HenaBuee mcrnonb3oBanue MO B MeJUIIMHE, CEIHCKOM XO3SHCTBE WM TOPrOBJI@SCBUICTEIHLCTBYET O €0 JalbHEH-
[IeM Pa3BUTHHU B OJIFDKAMIIINE TOIBI.

Memoowr: ITO UcClieoOBaHUE OCHOBAHO HA 0030pe JUTEepaTyphl Mo MoaefisM wraiuiHoro ooyuenus (ML), mapa-
JUrMaM, ajlTOPUTMaM M UX TPEUMYIIECTBAM II0 CPABHECHUIO C KJIACCHYECKON CTArincTHkor. Kak BUIHO U3 IPUMEHECHUS
ML, KonH4YeCcTBO CTaTeH O MAIIMHHOM OOYYCHHHU U HAyKE O JIaHHBIX, B CPABHEHUE C KJIIACCHYCCKOW CTAaTUCTHKON B BH-
KHITIEUHU, OTpakeHo B Python.

Peszynomamuor: OCHOBHBIMH pe3yJbTaTaMH 3TOTO MCCIICIOBAHMS SBISIOLCS alTOPUTMBI U TIPIIIOKCHHUS MAITHHHO-
ro ooyuenus. Kpome Toro, aBTropamu orpeesicHbl OCHOBHBIC MPEUMYIISEIBAa U HEJOCTATKH MAITUHHOTO O0yUYeHHS 110
CPaBHEHUIO C KJIACCHYECKOH CTaTHCTUKOM.

Bv1600v1: ECTh MHOTO IIPEHMYIIIECTB MAITHHORO, 00y4IEHs, KOTOPBIE TTOJICPKUBAIOT Oy IyIiee METOI0B MAIITHH-
HOTO OOYYEHHS B CTATHCTHKE. YBEIMYEeHHE 00beMa MAHHBIX W MHHOBAIIMI MPOKIAIBIBACT JOJITHHA M IIUPOKUI MyTh
Pa3BUTHS MAIIMHHOTO O0YYCHHSI.

Kniouegvie cnosa: manimHHoe o0y4deHue, OOyueHNE ¢ yuuTelieM, 00yueHne 0e3 yunTesst, 00y4eHHe ¢ NOAKperIe-
HHEM, IBOJIIOLIMOHHOE 00yUeHHe, 00ydeHne CMEIIaHHOe C YIUTeIeM, HeHpOHHasl CeTh, HayKa JaHHBIX.
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