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Annarna

YIIKeH IePEKTePMEH JKYMBIC ICTeV, 1 JKaHa o CTePIHIH KAZKeTTiAIN KolTeren rbi-
JABIMIT caTaapiarbl ZKa bl TaKbIPbIT 00AbII Ta0bLIA LI, OlpaK OHBIH AHLIKTA-
MACLI KOHTCKCTKe OaflaatbleThl e3repei. CTATHCTIRKABIK 11es11ap \MYHBIH azKbl-
pavac et 60bln TabblTa bl KoHe imillapa aKavan perinie CTATHCTIKAIBIK
KOUHPY. OKbITY OOMbIHINA TAKBLIPBUITLIK Garaap.iana. Byl Maka1aia KanThliran
TAKBIPBIITAP TYPaAbI WOV KeATIPiIeal. Tyl Kochl A Iapra opTak Goblil Kepi-
HeTiH npubieManap MeH cTpaTerisiapibl cHliaTTali bl 7KaHe ochl Ipod.Iena 1ap-
AbL AKOHC CTPATCrISLTAPABl HAKTBL AHBIKTAY YUIIH OipHelle MbIcaT KOChIMIIA TAPbIH

KaMTIIdbI.
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1. Introduction

1.1 Motivation

In my practice. T et with different definitions: - Big Data is when data is more
rlian 100GB (300GB. 1TB. who likes it)

- Bie Data is data that cannot be processed in Excel
o

- Big Data is data that cannot be processed on a single computer.
And even such:

- Big Data is generally any data.
- Big Data docs not exist. marketers have invented it.
Thus, under Big Data [ will understand not some specific amount of data or even
the data itself, hut their processing methods. which allow distributed information
1o he processed. These methods cant be applied hoth to huge data arravs (such
ax the content of all pages on the Internet) and to small ones (such as the content

of this thesis).

1.2  Ainms and Objectives

Principles of working with big data
Based on the definition of Big Data. you can formulate the hasic principles of -

working with such data:

1. Horizontal scalability. Since there can he as nmeh data as possible - any sys-

tem that involves processing hig data should be expandable. The data volume

increased by 2 tiwes - the mmount of iron in the cluster increased by 2 times and

cvervthing continued 1o work.

2. Fault tolerance. The principle of horizontal scalability implies that there can




be many machines in a cluster. For example. Yalioo's Hadoop Cluster has more
than 42.000 machines (this link can he used to look at cluster sizes in different
organizations). This means that some of these machines will be guaranteed to
fail. Methods of working with big data should take into account the possibility of
- such failures and survive them without-any significant consequences.

3. Local data. In large distributed s&stmus@» data is distributed across a large
number of machines. If the data is phyvsically located on the same server. and
processed on the other - the cost of data transfer may exceed the cost of pro-
cessing itself. Therefore. one of the most important design principles for BigData
solutions is the principle of data loc-alit_\; - if possible, we process data on the same’

machine on which we store them.

All modern nmieans of working with big data somechow follow these three prin-

o o
ciples. In order to follow them - it is necessary to invent some methods, ways and
paradigms of developing data development tools. T will analyze one of the most

classical methods in my thesis.
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2. What 1s Machine Learning,

Statistical inference?

2.1 Machine learning

Machine Learning is an enormous and developing zone. In this part, we can't in
anyv way. shape or form even study this region. however we can give some unique
situation and a few associations with likelihood and insights that should malke it
simpler to consider AT and how to apply these technigues to certiliable issues. The
kev issue of insight= is fundamentally equivalent to Al eiven a few information,
how to make it notewortliv”? For measurcnients, the appropriate response is to
develop expository estimators utilizing amazing hypothesis. For AL the appro-
priate response is algorithinic forecast. Given an informational collection. what
forward-looking surmisings would we he able to draw” There is an inconspicuous
picce in this portrayal: how might we know the future if the sum total of what
we have s information about the past? This is the essence of the issue for Al as
we will investigate in the section. '

Machine learning is a data analysis inethod that antomates building an analyt-
ical model. Tt is a branch of artificial intelligence hased on the idea that machines
should he able to learn and adapt through experience. It is closely related to com-
putational statistics, which makes predictions based on statistical data, computer
generated. 1t is sometimes confused with data mining. but it's more focused on
analyzing exploration data. while machine learning includes complex algorithms
that arce mainly nsed to predict when a machine training concentrates on predic-
tion hased on already known attributes derived through the training data. then
the data search focuses more on the search for nnknowns attributes in anv data.

Machine learning arose bhecanse of the desive for artificial intelligence. In the
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carly davs artiicial intellicence already as an inrellectual ficld the rescarchers were
very mterested inmachines learning from data. Thercfore. thev tried to approach
the problem with the help of various svimbolic methods. as well as of the methods
that ar that time were called newral networks. usnally these were only models
that were later discovered for repacking general linear probability: models: and
statisties.

With a focus on logical and knowledge-hased approaches. the sap hetween
artificial intelligence and machine learning. Probabilistic systems were infected
with both theoretical and practical issues of data collection and presentation.
By 1930 expert svstems emerged in the vear to dominate AL but statistics were
unsuccesstul. Work continued on symbolic and knowledge-hased systems that lead
to iInductive logic programming but the statistical rescarch area is currently time
1= outside the Al area. in the pattern recognition lines and data retrieval,

Machine learning became a separate field and began to expand in the 1990s.
Line changed Is goal is to achieve AL trying to solve more practical solvable prob-
lems. Then the field pushed his attention away from the symbolic methodologies
that it inherited from artificial intelligence. and instead passed on to methods and
wodels taken from probability and statistics.|1]

These days. data is too large for people to process and analvze by themselves.
Machine learning mainly uses a range or spectruin based on an optimization
wethod. a large nunber of parameters. For people it is inappropriate to find
such an optimal manual setup. For example. recognition of dynamics from tone.
tone and amplitude. There is no guarantee that machine learning will work in
every case. Sometimes machine learning fails, requiring an understanding of the
problem that needs to be solved in order to apply the correct algorithm. verv
large data requirements. These leaniing algorithins require large amounts of data.
learning. Tt would be very difficult to work with such large amounts of data or
to collect such data. But things like increasing the amount and variation of
available data. the variety processing. which is cheaper and more powerful, and
wore accessible data storage. in our davs we can quickly and automatically create
models and algorithms that can analyze larger and more complex data providing
faster and miore accurate results in large scale. Therefore. machine learning is
quickly becoming very important and widespread. an embedded part of our daily
life.[2]




Machine learning applications way be relared ro spam fileering. optical char-
acter recognition and search engines. Machine Iearning is used data for determine
which algorithni is best for generating results hazed on quantity of data. quality
and natire of dara. This data is then nsed to mining in various wavs. for ex-
ample. recommendation syvstems such-as similar products on eBay, perzonalized
content on google phis pages. video ads on sites like YouTube and the latest but
not least olfers friends on facehook.  Also used [or intelligent search in Google

scarch engines and Bing.

2.2 Statistical Inference

Factual deduction is characterized as the procedure deriving the properties of
the given dissemination dependent on the information. At the end of the day.
it concludes the properties of the populace by leading theory testing and getting
gauges. Here. the information utilized in the examination are gotten from the

bigger populace.

Measurable surmising varies from the illustrative measurements as the clear
msights is relies on the watched information. Likewise, in the illustrative mea-
surements. there is no supposition that the information is gotten from the greater
popilace. However. in the factual sGrmising. the outcomes about the populace
can be made, by acquiring the information from the populace and by applying
mspecting strategies.

Steps for making a statistical inference :

1. The population is modelled by a probability distribution for which the
parameter is known.

2. Generalisation about the population can be made by selecting the sample.

That is. when the hypothesis about the population is given. the first step is
the select a statistical model that gives data and the second step is to reduce
proportions [rom the model so that the statistical inferences van he drawn.

Also. the statistic obtained from the sample gives the information about the pa-

rameter. The below points are important while making the statistical inference.

o The statistic obtained from the sample is not same as the value of the




paraieter as the saziple s subset of the poprdarion

o Observed value depends upon the sample =clected.

o Variability in the values of the statistic is unavoidable. Evervone has known
about cnorinous information. Nwmnerous individuals have enormous information.
In any casesjust a few people realize how to manage huge information when thev

have it.

I research genuine issues with enormous information. These techniques will
he portrayed in the evenr that reviews that clarifv how each is utilized to take
care of certifiable issues. What's more. we can likewige huild up our programming
aptitudes utilizing the techniques we simply figured out how to perforin useful
undertakings and get results

Similarly as there are munerous factual and Al strategies for breaking down
enormous information.

The dangerous development of Big Data carries eritical difliculties and possi-
hilities to a wide scope of fields. from genomics to customized medication to dara
immovation. It likewise makes huge open doors for measurements. The rise of
information science guarantees to alter ventures from business to human services

to government. and to change how we work. live and impart.

Measurable surmising varies from the illustrative measurements as the clear
ingights is relies on the watched information. Likewise. in the illustrative mea-
surcments, there is no supposition that the information is gotten from the greater
populace. However. in the factual surmising. the outcomes about the populace
can be made, by acquiring the information from the populace and by applying

inspecting strategies.
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3. Using methods for ML

3.1 About company of "EduCon"

The company of EduCon is a set of training centers, there are 26 branches in
Kazakhstan. The company Ednkon gave us the data of its students. which was
present in the winter training camp. And below is the data. and T took that 1
need the data of the students and their test result each month and the last as thev
evaluated part of the organization of the winter camp. In this training camp there

were 627 students from different regions. from dillerent cities ol Nazakhstan.

Fieure 3.1: Data of students
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Figure 3.2: Data of students
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"EduCon" LLP is a single national for additional education centers Long-
term experience with complex maintenance ol preparation for testing education
and consulting company.

Alission of EduCon Company is knowledge and human intelligence the value of
science and technology is growing rapidly taking into consideration the education
policy adopted by the state learn critical thinking. analyze teclmology. combining
knowledge with science to introduce innovations into science and society receiving
prvehological stability. high woral quality and high quality education involvement
in the upbringing ol young people.

Purpose of "EduCon" Company:

o Our state offers educational centers and educational institutions based on

the best practice in the world resulting in an eflective program of {raining and

preparation:

o To be able to think critically and apply knowledge in life preparation of

substantial teaching aids and assignments;
o Formation of the student’s qualitative knowledge and moral consciousness:
e Personality. which can work with student psvehology who can master the

hest techniques, search engineers. qualified specialists Conducting workshops for

the formation:




o huplementation of rraining and retrainine proeras:

o Organization and implementation of educational programs methodological

support:

o Prowotes the development of the personality and abilities of the student

preparation of complex methodical instructions:

o Promoting professions in accordance with our state. education orientation

and specialty of recipients compilation help manuals:

o Formation of psychological stabilitv of students organization of training

workshops on the way.

EduCon Company contracts with additional education centers and works
closelyv with general education schools and provides serviees to educational con-
ters. Currently in additional education conters in all regions of the country Special

attention is paid to the preparation for the Unified National Testing.

EduCon has heen teaching at ad(hrlonal education centers teachers’ profes-
stional development. special (ulllcululn and supplement training in the field of .

texthooks.

3.2  Using methods

By Decision Tree Method

Decision trees are a way of representing classification rules in a hierarchical.
consistent structure. Tvpically, each node includes checking one independent varis
able. Somctimes in a tree node two independent variables are compared with each
other or some function is determined from one or several variables.
The decision tree should be applied in the following cases:
- when it is necessary (o study all possible elements of {he topic under considera-
tion (problems):

- when it is necessary to reveal hidden patterns in the data:

13




- when the achievement of short-term coals nimst bhe obtained carlier than the

results of the entire work

Decision tree training refers to a class with a teacher. that is. a training and test
sample comains a classified et of examples, The evaluation function-used by the
CART algorithm ix based:on the intuitive idea of reducing sewage (uncertaintv)
in a node |3].
Consider the problem with two classes and a node with 50 examples of one class.
Node has maximum uncleanness. If a partition is found that breaks the data into
two subgroups of 40: 5 examples in one and 10:45 in another. then intuitively
"Impurity" will decrease. It will completely disappear when it is found. the split
that will create subgroups of 50: 0 and 0:50. In the CART algorithm. the idea of

"sewage" is formalized in Gini index. If the data set T contains data of n classes.

then the index of G is defined as [1]:
G(T) =1 =50 4 (1)
Goplit = N - (% S + 5 LN %) —min (2)
Goplit =131 2+ £ 1% — max (3)

I accordance with the tasks of wachine learning that have A data table is not
considered to be a sample ol some general population to myself. To do this. vou
need to build a decision function for this sample. not caring how it will work for
new ones objects. This formulation is often used in cluster problems. analysis.

In these cases. an ewpirical (selective) funetion is specified. national quality.
Often it is chosen heuristically - for example measures as a reflection of ideas

about “good” clustering.

The mathematical problem is to minimize the functional quality.

Such a statement of the problew is not statistical (the probability but can
be associated with it. Indeed. to minimize By measuring the sample analogue
of the criterion. we to some extent Nimiziruem criterion itself. For Cxample. the
method that minimizes empirical risk significantly minimizes the risk. However.

this relationship is not straightforward. At a minimum. you need to take into

11




account var complexity of tlie solution,

Since the method (algorithm) of constructing the deciion funcetion there is a
function (mapping of nltiple samples into mulriple decision-making functions),
then methods. like functions. can he dassified cite explicit and mmplicit.

Such a classification makes sense. but: it is more connnon mportant and im-
portant is the division of methods into methods nive distributions. and methods
of direct construction decision functions.

The methods ave based on first estimating the distribution and then build a
crucial function. substituting the estimate instead of distribhution.

Traditionally, in applied statistics it is customary to divide rametric and now-
parametric methods.

In parametric methods. it is assumed that the distribution belongs to a given
parametric family. for example, the class of normal distributions. In that In case
of restoring distribution. it suflices to estimate options.

A special case of the parametric approach is the hayer sovskiy approach. In
this case. the parameters postulate non- which is the prior distribution and by the
Baves formula a posteriori (subject to sampling) distribution. according to which
can build a solution.

Thix class of methods is based on a non-parametric estimate distribution.
Example - parson density estimates, which can be considered as a generalization
of one of the hasic density estimation methods - using histogram

An example of a method from this class can serve as minant Fisher. which is
analytically expressed as explicit sampling function. This category also includes
wefric methods the structure of the crucial function, in particular, considered
carlier precedent method.

A large class of methods involves optimizing some quality functional (as a
rule, empirical risk) in some class of decision functions, for example, the support
method vectors. decision trees. neural networks. '

The idea of the support vector method is to construct scparating surface (in
the simplest case - lincar). located at the maximum distance from the nearest
quotients of shared classes.

Neural functions are used to build decision functions. direct distribution net-

works that constitute the perposition of the basic functions (neurons). Base func-




rions are nsually sclecred as superposirion. lincar combinarion of arawments and
the so-called transfer function (nonlinear). The resulting value of the divect dis-
tribution newral networl: Sageing i< a unique function of input values. Another
class of neural networks is "memory” networks,

Currently. there are a lot of studies conducted in the field of educational
camps as what influences to effective conveving of knowledge to participants. In
one of those studies it was investigated that asking reflective questions during
preparation sessions in camps is very important in order to enhance the level of
understanding of materials across participants of camps. |3

Also. constructive approach to studies hetween I'Sell'ti(-ipants have heen consid-
ered as an important part in organization of camps. and can be manifested in the
principles as teacher should be a facilitator of learners. not instructor: materials
should be relevant to learning (thev should be aligned with the purpose of learning
of students): teaching should he conducted according to explanation of multiple
perspectives on the provided material. whercas in order to understand some the-
orv or term. instructor should show the explanation from different perspectives
in order to convey {o others multidimensional view of the taught subject. |6]

Cawmps have also been condueted in the field of robotics. In one of studies.
critical design issues have heen deeply explored for educational robotics camps and
some observarions have been generated on the basis of the study as instruction
strateeies should be implemented from simple to complex. project studies should
he highly encouraged due to enjovability across the students of the camp. group
size should be suitable for fair distribution of work between group members. |7] |

In the studv about the impact ol cheering in classrooms on the camp indicated

that it has positive inflnence on perception of technology across participants. [8]

\Machine learning seems to he indispensable tool in solving variety of tasks. In
this paper we used one of its algorithis - decision trees in order to predict the
feedback grade of a participant to the camp on the basis of input data about each
student of EduCon camp regarding his personal information, favourite activities,
and results of exams that have heen conducted for -1 months. So each row cor-
responds to a participant. which has some information as his her city. results of

oxalns. favourite activities in a textual form.
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Decision trees. for the last times. have heen applied in variery of contexts and
sitiations as in one of those studies test and raining data sets have been made
[rom two types of geographical areas and twe tvpes of =ensors - multispectral
Landsat ETAN - and hyperspectral DALS. which were used to measure the effec-
tiveness of univariable-and nultivariable decision trees in the task-of-classification
of land cover. |9

Also. decision trees have heen vastly used in the field of natural language pro-
cessing svstems. Inoone of such studies part-of-speech tageing have Deen imple-
nented using decision trees given small training data. which achieved remarkable
accuracy. [10] As to large datasets. decision treex also proved that ihe_v can deal
with large amounts of data with right methodology. In one of such studies. deci-
sion trees have heen trained on the basis of 1 terabyte in size labeled dataset by
building them in parallel on tractable data chunks, which were subsets of original
dataset. and it achieved good results according to cross-validation experiments on

the dataset. |11]

Objectives There are the following objectives in this work: elnvestigating
the data by visualizing it to see some patterns and eeneral trends useful for the
study: ePreprocessing the data (removing outliers, changing textual representa-
tion of data into numeric. so that decision tree models will be able to work with
them): N
oDividing the data into training and testing paits:
oBuilding effective decision tree model using hyperparameter optimization in or-
der to achieve high optimal results in classification metries such as precision.

recall. £1 scove. support using classification report: -

o(zenerate recommendation points of improvenent for the camp according to

analysis.

Exploratory Data Analysis

Before applving decision tree model we decided to perform exploratory data
Alalvsis to understand the general patterns and trends of data.
Firstly. we visuallv represented distribution of feedback grade for teaching or-

ganization part using histogram. llere. we can clearly see that there is no grade

17




less than 3. so generally evervone liked this oreanizational part. Majority of peo-
ple voted 5. and tentatively of them voted & aud only minority voted 3. which

are less than 5 people according to the y axis.

naits

[ particl

ol O

- |
20D 3225 %3 ATS 400 428 437 475 509
fzedhack grade for teaching pan

Figure 3.3: Feedback for grade teaching part
\
Then we decided to look at the relationship between target variable (feedback
grade about teaching system) and cities. Given that majority voted 5. we can see

that the outlier here is Shymkent city with 1.61 mean of voting,

Here. the mean of Semey city is 5, which is absolute maximum, that also seemis
to be strange and somehow “weird”. Then. we decided to visually represent this
data to see the general trend (we decided to exclude some cities, because their

values are close to cities after Shymkent city).

Figure 3.6: Feedback of cities teaching srade
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So as we see, other remaining cities are very similar regarding the feedback

grade.
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Figure 3.7: Feedback of cities teaching grade

[ used variety of decision tree models in terms of changing its parameters to
train and test the models in order to predict the [eedback grade of a student about
the camp teaching organizational part. It varies between 0 to 5.

Decision Tree is a machine learning algorithm, which works by building a
tree, where the root corresponds to the feature with the highest information gain.
and leaves correspond to the target value, whereas the path from the leaf till
the root can be considered as questions that the model asks in order to predict
target variable for some provided input data. I divided the data into training and
testing part, where 67% of dataset have heen allocated to training part, whereas
remaining 33% to the testing phase.

In our first attempt. these are the results we achieved according to classification
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Figure 3.8: Decision tree models results

Clzez Precision | Recall fl-zcore | Support
3 1060 [0.25 0.40 4

= (028 0.20 0.23 33

2 0.82 0.89 0.83 135

[ decided to exclude 0 value, because actually no one gave 0 for the camp.
but it was just replacement variable for nulls. There was also almost no 1 and 2
grades. so that we did not consider them in the classification report. In order to
deal with the features, which values have been represented in a textual manner,
we used panrdas dumimy variables. After that: we decided to start hyperparameter
optimization phase. The first parameter which we optimized is maximum depth
of our decision tree model. Depth term refers to number of edges from the root
node (which was splitted according to methodology of selection the feature with
the highest information gain) till the leaf. and these are the results which we

achieved in this case ;
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Figwre 3.9: Decision tree models resules
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In ('omparisou with thie previous results, we can see that for the class 3 results
did not change, because the number of people who voted 3 for the organization
of study in the camp is very low in comparison with classes 4 and 3. As 1o class
4 we can see that precision decreased a little bit. recall and fl score increased a
little bit. As to class 5 only recall decreased a little bit. Tt clearly shows that in
this case optimizing maxinnun depth of the tree is not essential. because it did
not lead to some extreme changes.

As to the best value for maximum depth. we [ound that it is 7 using grid search

methodology.

The next interesting hyperparameter which we wanted to optimize was the
minimun number of splits. which refers to the minimum number of samples of
data whicl are needed to split an internal node of the decigion tree model. These

are the results. which we achieved S

Figure 3.10: Decision tree models results
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I can see that recall of class 5 have been drastically inereased from 0.83 to
(.98, as to class 5 and | these are of less importance, hecause the specificity of the
dataset is that almost all participants gave 5 vote. which diminishes the impor-
tance of other grades due to their verv fow nuber in the data. We found that

192 is the most optimum number of splits for this dataset. Now, we thought what

22



it we perform grid scarch on the intersection of maxinmun deprl and mininum

samples for splitting. Thesce are the results we achioved

[ligure 3.11: Decision tree models results
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and see that precision. recall, and [T-score for grades less than D have been
e

cqualized to zero due to their unimportance. which was deseribed in the previous

analvsis. As to metrics for class 3. some of them have heen increased. some of

them have been decreased. These are the most optimal parameters for maximum
depth and number of samples for splitting according to intersectional grid scarch

: max depth: 3. min samples split: 192
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Figure 3.12: Decision tree models results

3.3 By linear regression

Direct relapse gets to the core of measurements: Given a lot of information fo-
cuses. what is the relationship of the information close by to information vet
observed? By what means should data from one informational index engender to
other information? Direct relapse offers the accompanving model to address this
inquiry.

EX| X =r)=ar+b (1
That is. given explicit qualities for X, accept that the restrictive desire is a di-

rect capacity of those particular ¢ualities. In any case, in light of the fact that
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the warched gualirics are not simmply the desires. the model =nits this with an
added substance clamor ternn At the end of die day. the watched variable (ak.a.

reaction. target. subordinate variable) is demonstrated as.

FYIN=u0)+grar+b+c¢; =y (5)

where E(e;) = 0 and the ¢; are iid and: where the distribution fanction of ¢, relies
upon the issue, despite the facr that it is frequently accepted Gaussian.  The
X = & qualities are known as free factors. covariates. or regressors. [low about
we check whether we can utilize the majority of the strategies we have grown so
far to comprehend this type of relapse. The principal assignment is to decide how
to assess the obscure linear parameters. a and h. To make this conerete. let's

assume that € ~ N(0. 72). Bear in mind that
EY|X = 1) (6)

is a deterministic function of x. In other words. the variable x changes with
cach draw. but after the data have been collected these are no longer random
quantities. Thus. for lixed x. v is a random variable generated by« . Perhaps
we should denote € as €, to emphasize this, but because € is an independent.
identically-distributed (iid) random variable at ecach fixed x. this would be ex-
cessive. Because of Gaussian additive noise. the distribution of v is completely
characterized by its mean and varigqnee.
E=ar+y(7)

1= o7

Utilizing the ereatest probabilitv methodoloev, we work out the loe-probahility
O [w) o O -5 l o

work as

n

[
) . | .
L. by = E log N\t 4 Do) X - E (V= (v = D)”
R

i=1 1=1

Figure 3.13:

Note that we smothered the terms that are irrelevent to themaximum-finding.

Taking
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the subsidiary of this concerning a gives the ar(mnpammo condition: The
going with code replicates a couple of data and usages Numpy devices to entoll

the parameters as showed up.

import numpy as nNp
w a = 6:b = 1 # parameters Lo @5 Limate
ax M= :11.;~.li1;;:5:a:-'_“',,'_,l J0)
> v = a¥yx + np.random 1~'u.*1'ie-u {x)}+b
> P, vVar_=np.po "-r( N (I wleh =True) % it dat t line
v_ = hp.poly (. ) # A mated by linear regression

Figure 3.15:

. Linear regression. a= =6.27 b=0.877
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Figure 3.16:

The chart on the left of Fig.1 demonstrates the relapse line plotted against
the information.

The evaluated parameters are noted in the title. The histogram on the privi-
lege of Fig. 3.12

demonstrates the lingering blunders in the model. It is dependably a smart
thought fo examine the residuals

ol any relapse for ordinariness. These are the (hﬁelences hetween the fitted
line for each z; value and the corrunpondu1D y; value in the data. Note that the x
ternt does

not need to be consistently mounotone.

To decouple the deterministic variety from the irregular variety, we call fix the

)
&

I




file and compose separate issues of the structure
] I
y=ar; +~b+e€ (7)

where E(¢;) = 0. What could we do with just this one component of the problem?

In other words. suppose we had m-samples of this component a5 =

Following the usual procedure. we could obtain estimates of the mean of y; as

1 k=1
Yi= 3 2m Yook (9)

In anv case, this discloses to us nothing roughly the individual parameters an
and b since they are not recognizable inside the terms that are processed. to be

explicit, we may have
E(;_lj,‘) =av; +0 (10)

vet, we still just have one condition and the two questions. an and b. What about
in the event that we

consider and fix another part j as in

yj=ar;+b+e (11)
N
Then, we have

E(y;) = ar;+b (12)

so at smallest directly we have two conditions and two inquiries and we realize
how to assess the got out hand sides of these conditions from the data using the
estimators y; and y; . We should perceive how this functions inside the code test

underneath. Programming Tip




The earlier code utilizes the illuminate work in the Nwunpy linalg module,

which contains the center direct variable based math codes in Numpy that
join the .

fight tried LAPACIK library:

[ can work out the answer for the assessed parameters for this situation where i

Ly = 0
Yi=u
a= [: ‘ 0 (13)
£
b= yo
5 P T TTrmmmemee e e -
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Figure 3.18:

The expectations and variances of these estimators are the following,

E(a) = =g (14) ‘
E(b) =1
22° (15) -

V((L) = ——

o

V(h) = o- (16)

he desires demonstrate that the estimators are fair-minded. The estimator a
has a difference . |
that diminishes as bigger locuses r; are chosen. That i8. it is smarter to have ‘
tests . |
farther along the even hub for fitting the line. This change evaluates the

influence of those far off focuses.
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Relaps=e From Projection Merhods. We shonld check whether we can apply
our insight into
projection techniques to the general caxe. In vector documentation. we can

compose the accompanying:

g=ar+01+c(17)
where 1 is the vector of all ones. Let's use the inner-product notation.
<x.y>= L@y

J— . . . ) . |
Then. by taking the inner-product with come x1 1 we obtain. r; € 1= then we

get the NMSE approximation to x in the It space. Thus, we take
£ = P]_J_(.’I‘)

Remember that 2 L is a projection matrix so the length of 2y is at most x. This
means that the denominator i the a equation above is really just the length of the
x vector in the coordinate svstem of Py L . Because the projection is orthogonal
(mamely. of minimum length). the Pvthagorean theorem gives this length as the

following:
D - E 9D
<r.r>E=<s > - < b >0

The first term ou the right is the length of the x vector and last term is the length
of x in the coordinate svstem orthogonal to PyL . namelyv that of 1. We can
use this geometric interpretation to understand what is going on in tvpical linear
regression in much more detail. The fact that the denominator is the orthogonal
projection of x tells us that the choice of .y has the strongest effect (i.e.. largest
value) on reducing the variance of a. That is, the more x is aligned with 1. the
worse the variance of a. This makes intuitive senge because the closer xis to 1, the
more coustant it is. and we liave already seen from our vne-dimensional example
that distance between the x terms pays ofl in reduced variance. We already
know that a is an unbiased estimator and because we chose .oy deliberately as
a projection, we know that it is also of minimum variance. Such estimators are
known as Mininmm-Variance Unbiased Estimators (NVULE). I can write  — 1 as

the following:
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Ty =0 — ]7)] r

where Py s projection matrix of x onto the 1 vector. Using this. the numeraror

of a hecomes

ey >=< gy > — < y. P>
Note that.

p =111
so that writing this out explicitly gives
<y Pa>=(yTH(Ta)/n = y) () /n

v, Pl >= D) (1) = () (O ) /n

So. stopping all of this together gives the taking after,

ST P ATh AT
- ="

with corresponding variance.

o) = g2l o)
Vi) = o2 = qrreme

Using the same approach with b gives,
N

<ipr— >
b= O
_ osul=ral) >
T o<a=ry>
TSy g3y
- o=y

Python Machine Learning Modules

Python provides many bindings for machine learning libraries, some special-
ized for techmologies such as neural networks, and others geared towards novice
nsers. For our discussion. we focus on the powerful and popular Scikit-learn mod-
e, Scikit-learn is (,lis’ringuiéhed by its consistent and sensible APIL its wealth
ol machine learning algorithms. its clear documentation, and its readily avail-
able datasets that make it casy to follow along with the online docuentation.
Like Paudas, Scikit-learn relies on Numpy for numerical arrays. Since its release
in 2007, Scikit-learn has hecome the most widely-used. general-purpose. open-

sonrcee machine learning modules that is popular in both industry and academia.




Figure 3.19:

As with all of the Python modules we use. Seikit-learn is available on all the major
platforns.

To get started. let’s revisit the familiar ground of lincar regression using Seikit-
learn. Tirst. let's create =ome data. T next import and create an instance of the

Linear Regression class from Scikit-learn. Scikit-learn has a wonderfully consistent

Figure 3.20:

APL All Seikit-learn objects use the fit method to compute model parameters and
the predict method to evaluate the model. For the Lincar Regression instance.
the fit method computes the coefficients of the linear fit. This method requires a
matrix of inputs where the rows are the samples and the columus are the features.
The target of the regression are the Y values. which must be correspondingly

shaped. as in the following.

Figure 3.21:

The coef property of the linear regression object shows the estimated parame-
ters for the fit. The convention is to denote estimated parameters with a trailing
underscore. The model has a score method that computes the B2 value for the
regression. Recall from our statistics part that the R? value is an indicator of the
quality of the fit and varies between zero (bad fit) and one. (perfect fit). Now.

that we have this fitted. I can evaluate the fit using the predict method

Figure 3.23:
Scikit-learn module can casily perform basic linear regression. The circles

show the training data and the fitted line is shown in black
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[igure 3.22:

Linear regression is used for data analvsis and machine learning. Build vour

model in Pyvthon and get the first results!

I take the students of EduCon companyv and understand how the value of
points depends on other data. such as monthly points. level of education. role,
city in which thev study. and so on.

Regression solves the problem of a single presentation of analvsis data for each
student. Moreover. points. education, role and city are independent variables with
a total average score depending 01\1 them.

Regression considers a certain phienomenon and a series of observations. LFach’
observation has two or more variables. Assuming that one variable is dependent
on others, vou are trying to build relationships hetween thenu.

In other words, you need to find a function that displays the dependence of
some variables or data on others.

Dependent data is called dependent variables. outputs. or responses.

Independent data is called independent variables. inputs or predictors.

Usnally there is one continuous and unlimited dependent variable in the re-
gression. Input variables can be unlimited. discrete or categorical data. such as

gender. nationality, hrand. ete.

The linear relationship may be direct or inverse. Il you think that with an in-

crease i air temperature. the number of accidents increases. then this is a positive
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relationship and « direet correlation. Anorher way to describe this same direct
relationship is to sayv that the number of aceidents decreases with decreasing air

temperatnre.

Conversely- il vor-helieve that the number of erimes decreasesvith-an increase
in the number of police officers who patrol this territory, the relationship is re-
versed. You can describe this inverse relationship and so - the number of crines
increases with a decrease in the mumiber of police officers patrolling this territory.
In rthe illustration. that. in addition to the direct and inverse relationship. there

may not be any significant correlation at all.

The correlation analysis and graphs of the iuterrelation of phenonmena show
how strongly two phenomena depend on each other. Regression analvsis. in turn,
allows vou to get even more information about the relationship of phenomena.
This analvsis allows you to show the degree (influence) with which one or more

variables can potentially cause a positive or negative change in another variable.

[t is comion practice to designate ourpur data - v. input data - x. In the
case of two or more independent variables. they can be represented as a vector
r = (r..... 7). where r is the number of input variables.

\

One-step regression is one of the most important and widely used regression,

techniques. This is the easiest regression method. One of its advantages is the

case ol interpretation of the results,

YN =uw)+e,mar+b+e,=y

I

EFVIX=u)+e,mar+b+¢ =y

N

N=uvi)t+exar+b+e =y

v, =ax; + b+,

,I:-_]
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Following the ustal procedure. we conld obrain estimates of the mean of y; as

Ll
yi= >0 Vi

And by using linear regression methods in Machine learning:
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Figure 3.24: Linear regression results

Huge information gives enormons chances to factual deduction. however mayvhe
much greater difficulties, particularly when contrasted with the examination of
painstakingly gathered. normally littler, arrangements ol information. Logically.
the program underlined the jobs of measurements. software engineering, and arith-
metic in getting logical knowledge from huge information. Two correlative strands
were presented: cross—cutting. or primary. inquire about that supports examina-
tion, and space explicit research concentrated on specific application regions. The
previous class included AL factual induction, enhancement. arrange investiga-
tion, and representation. Theme explicit workshops tended to issues in wellbeing
strateev, social approacl. ccological science. digital security and interpersonal
oreanizations. These divisions are not inflexible. obviously, as central and appli-

cation regions are a piece of an input cycle where cach motivates advancements
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Fieure 3.25: Lincar regression results

i the other. Some very importantapplication zones huge information is crucial
wore not ready to be the subject of centered workshops. yet a significant munber
of these applications featured in individual introductions. Currently. there are a
lot of studies conducted in the ficld of educational camps ax what influences to
effective conveving of knowledge to participants. In one of those studies it was -
vestigated that asking reflective questions during preparation sessions in camps is
very important in order to (‘nlmn(\'n the level of understanding of materials across
participants of camps. Also. constructive approach to studies hetween partici-
pants have heen considered as an important part in organization of camps, and
can be manifested in the principles as teacher should be a facilitator of learners.
Lot instructor: materials should he relevant to learning (they should be aligned
with the prrpose of learning of students): teaching should be conducted accord-
ing 1o explanation of multiple perspectives on the provided material, whereas in
order to understand some theory or teru. instructor shonld show the explanation
(rom dillerent perspectives inorder to convey to others multidimensional view of
the tanght subject. Camps have also heen conducted in the field of robotics. In
one of studies. critical design issues have heen deeply explored for educational
rohotics camps and some observations have been generated on the basis of the
study as instriction strategies should be implemented from simple to complex.
project studies should he highly encotraged due to enjovability across the students

of the camp. group size should be suitable for fair distribution of work between
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Figure 3.26: Linear regression models results

group members. In the study about the impact of cheering in classrooms on the
camp indicated that it has positive influence on perception of technology across
participants. Machine learning seems to be indispensable tool in solving variety
of tasks. In this paper we used one of its algorithms - decision trees in order to
predict the feedback grade of a participant to the camp on the basis of input data
about each student of EduCon camp regarding his personal information, favourite
activities. and results of exams that have been conducted for + months. So each
row corresponds to a participant, which has some information as his/her city,
results of exams. favourite activities in a textual form. Decision trees. for the last
times. have been applied in variety of contexts and situations as in one of those

studies test and training data sets have been made from.two types of geographical




e b

R DR W

- - oo R o
G i = ST I Gl R
1 EREIN] DT s ST, =B

et [ELINE S - [REINPER] PRI

- - - - - - -

2 S Z R RS

A - - - T - cn

w SRR ! = A [T
- ~ -~ - - -

4 ! .00 FEL o FARn

Figure 3.28: Linear regression models results

areas and two types of sensors - rqultispectral Landsat ET\ = and hyperspectral
DAIS, which were used to measure the effectiveness of univariable and multivari-
able decision trees in the task of classification of land cover. Also, decision trees -
have heen vastly used in the field of natural language processing systems. In one
of such studies part-of-speech tagging have been implemented using decision trees
given small training data, which achieved remarkable accuracy. [6] As to large
datasets. decision trees also proved that they can deal with large amounts of data
with right methodology. In one of such studies, decision trees have been trained
on the basis of 1 terabyte in size labeled dataset by building them in parallel
on tractable data chunks, which were subsets of original dataset, and it achieved

good results according to cross-validation experiments on the dataset.




4. Conclusion

I investigated the dataset of educational camp across participants and hiO‘hlie;hted
the necessary points of improvement according to -exploratory data analysis as
checking the state of sowme citics whether they have some problems or not. and
developing more sophisticated measures for' capturing the feedback grade about
teaching part. Also. we trained successfully decision tree model to predict feed-

hack grade of participants about teaching 01gamzallon part and achieved high

optimal results.
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