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Target Audience

v/ People with high school mathematics basis
@ People who want to quickly get started with data mining

@ People who want to develop in data analysis and machine learning
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Pre-class preparation

Environment = Windows 64bit  or A Linux 64-bit PC

e

Data Exercise data

Tool Download and instalRagsoftY Model



Pre-class preparation (link todownload exercise data and to0l

Exercise data

bank-full.csv Titanic.csv Houseprice.csv

Download YModel https://www.raqsoft.com.cn/download/ymodkilwnload
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https://www.raqsoft.com.cn/download/ymodel-download

Basic Concepts




What Is data mining?

In the eveningtheroadsurfaceis slightly wet aftera light rain, alight breezeblows, andthe sunsefglow hangsin the
sky. Well, the weathemwill be nicetomorrow Go to afruit stand,pick out a watermelonwith dark greenskin, a curled
vine connectioranda hollow soundwhenknocked looking forwardto enjoyingthis ripe melon
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Past experience




What is data mining?

In mathematicalerms,the essencef datamining canbedescribedasfollow:

Accordingto someexistingcorrespondencdsetweennput spaceX (suchas{[ color = darkgreen vine connectior=
curled sound= hollow sound, [color = black vine connection= curled sound= dull], [color = light white; vine
connection= stiff; sound= thud}) and outputspaceY (suchas{good melon, bad melon, bad melor}), find a

functionf : 89 ®to describethis correspondencehis functionis the model we want, andthe procesof finding a
modelis modeling.

With the model,it's easyto makepredictions. We just needto takea newsetof X andusethefunctionto calculatey.

No Color Vin Sound = Status
conn.
1 Dark green  Curled Hollow | Good Z
2 Black Curled Dull Bad 8
3 Light Stiff Thud Bad C_R
white -

| Input spaceX f(x) » Output spac¥




Train set

How is a model built? In other words, how to find the function?

Think abouthow to makea personhavethe ability to judgewhethera melonis goodor bad For sure,it needsa lot
of melonsto practice Before cut the melonopen,observeits characteristicssuchas skin color, stemandtapping

sound Thencut it opento seewhetherit is good or not Over time, you will be ableto predictthe quality of a
melonbasedonits externalcharacteristics

Simply put, the moremelonsyou usefor practice the moreaccurateyour judgmentwill bein thefuture,

The sameprinciple appliesto machinebaseddatamining. We needto usehistoricaldata(melonsusedfor practice)
to build models themodelingprocesss calledtraining, andthe historicaldataarecalledtrainingdataset

DOOO DD OO




Structured data

Historicaldatashouldbe organizednto structureddatabeforemodeling So,whatis structureddata?

Structured data refersto the datain two-dimensionaform. The generalcharacteristicef structureddatainclude
thatit is organizedinto rows (alsocalledsample, with eachrow representinghe informationof a single entity;

everyrow hasthe sameattribute (also calledfield). Structureddatacancomefrom a databasetext file, or file
storagesystemsuchasHDFS.

Below are the data used for predicting Titanic survivors:

Passengerl Survived  Pclass Name Sex Age SibSp Parch Ticket Fare Cabin Embarked
1 0 3 Braund, Mr. Owen Harris male 22 1 0 A/5 21171 7.25 S
2 1 1 Cumings, Mrs. John Bradley female 38 1 0PC17599 71.2833 C85 C
3 1 3 Heikkinen, Miss. Laina female 26 0 0 STON/O2. 7.925 S
4 1 1 Futrelle, Mrs. Jacques Heath female 35 1 0 113803 531 C123 S —
5 0 3 Allen, Mr. William Henry male 35 0 0 373450 . "‘ Unstructured |
6 0 3 Moran, Mr. James male 0 0 330877 | Lo gl
7 0 1 McCarthy, Mr. Timothy J male 54 0 0 17463 | gpuuuus =====-
sEEEEE Sutpgs
=2 ---.I‘



Feature variable and target variable

Obviously,the training datasetmustcontainthe targetwe careabout(the quality of watemelon),thatis, Y must
havea value(the quality of the melonusedfor practiceis known),whichis calledtarget variable.

Of course thetraining dataseshouldalsocontainthe featuresusedto judgewhethera melonis goodor not, such
ascolor, vine connectiomrandknockingsoundwhich arecalledfeature variable.

Froma structureddataperspectivethetargetvariableandfeaturevariablesareattributegor fields) of thedata
Thetargetandfeaturevariablesn the melonquality predictioncaseandTitanic caseareasfollows:

Target variables

Color Vine Sound Status Name Sex Age SibSp Parch Ticket Fare Cabin
conn 3 Braund, Mr. Owen Harris  male 22 1 0 A/ 21171 7.25
1 Cumings, Mrs. John Bradley female 38 1 0PC17599 712833 (C85
graetn Curled | Hollow  § Good 3 Heikkinen, Miss. Laina female 26 0 0STON/O2.  7.925
1 Futrelle, Mrs. Jacques Heath female 35 1 0 113803 53.1 C123
Black Curled = Dull Bad 3 Allen, Mr. William Henry ~ male 35 0 0 373450 8.05
. . 3 Moran, Mr. James male 0 0 330877  8.4583
Light — Stiff Thud g Bad 1 McCarthy, Mr. Timothy ] male 54 0 0 17463 518625 E46

Embarked

S
C
S
S
S
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Feature variable and target variable

Consider a data mining task: build a modelbasedon the following dataset

to predict the type of flowers (setosa versicolor, virginica) through their Thi”ki_”9: _
- In this task, which are the
attributes . L
feature variables? Which is the
Sepal length Sepal width Petal length Petal width Type target variable?
51 3.5 1.4 0.2 setosa
4.9 3 1.4 0.2 setosa
4.7 3.2 1.3 0.2 setosa
7 3.2 4.7 1.4 versicolor
6.4 3.2 4.5 1.5 versicolor
6.3 3.3 6 2.5 virginica
5.8 2.7 5.1 1.9 virginica
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Types of data mining

Target variables
— 1Y

m Passengerl §urvived Pclass Name Sex Age SibSp Parch Ticket Fare Cabin Embarked
conn 1 0 3 Braund, Mr. Owen Harris  male 22 1 0 A/S5 21171 7.25 S
Dark Curled Hollow lcood 2 1 1 Cumings, Mrs. John Bradley female 38 1 0PC17599 71.2833 C85 C
green 3 1 3 Heikkinen, Miss. Laina female 26 0 0 STON/O2. 7.925 S
4 1 1 Futrelle, Mrs. Jacques Heath female 35 1 0 113803 53.1 C123 S
Black  Curled  Dull Bad 5 0 3 Allen, Mr. William Henry ~ male 35 0 0 373450 8.05 S
Light Stiff Thud Bad 6 0 3 Moran, Mr. James male 0 0 330877 B8.4583 Q
white I __O 1 McCarthy, Mr. Timothy J male 54 0 0 17463 51.8625 E46 S
é e e é

| |

Binary classification probleri\ Regression problern Multi -classificatiorl
problem

Default or no

Buy or not 2147
2479

3051
3782
4403
5056
5711
6424

Product qualit
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Automatic Data Analysis




1. Data preparation and import

2. ldentify data type

3. Quantitative datgjanalysis

4. Qualitative data analysis

5. Correlation analysis




Data preparation and import



Prepare a wide table

e.
Feature variables

@ Take bank loan default prediction as an exampl
4

Target variabl

. . A B e F [ G H | J K L M N ‘ |O

Extract rece nt h | StorIC al d a‘ta to F age job marital _education default  balance housing  loan “contact  day ‘month  duration 'poﬁ 'y )
45185 63 retired marned  secondary no 1495 no no cellular 16 nov 138 success no
1 45186 60 serwices marned  tertiary  no 4256 yes no cellular 16 nov 200 success yes
Cre a.te Wld e table 45187 59 unknown marned unknown no 1500 no no celiular 16 nov 280 failure no
45188 32 services  single secondary no 1168 yes no celiular 16 nav 411 unknown yes
45189 29 managemesingle secondary no 703 yes no cellular 16 nov 236 sucocess yes
45190 25 services  single secondary no 199 no no celiular 16 nov 173 failure no
January to June 45191 32 blue-collarmarned  secondary no 126 no no celtutar 16 nov 206 success yes
The past year 45192 75 retred  diworced tertiaty no 3810 yes no cellular 16 nov 262 failure yes
45193 29 managemi single tertiary no 765 no no cellular 16 nov 238 unknown yes
The past 3 months 45194 28 self-emplosingle lertiary  no 159 no no celtular 16 nov 449 success yes
e 45195 59 managemtmarned  tertary  no 138 yes yes cellular 16 nov 162 failure no
45196 68 retred  marned  secondary no 1146 no no ceflular 16 nov 212 success yes
45197 25 student  single secondary no 358 no no cellular 16 nov 330 unknown yes
45198 36 managemtsingle secondary no 1511 yes no celiular 16 nov 270 unknown yes
45199 37 managemimarned  tertiary  no 1428 no no cellular 16 nov 333 unknowr no
35200 34 blue-coltar single secondary no 1475 yes no celiular 16 nov 1166 other no




Prepare a wide table

Take bank loan default prediction Historical data should contain both positive and
1 4 as an example: negative samples

| A B C D E F G H | J K L M N O
| age job marital  education default balance  housing  loan contact  day maonth duraton poutcome vy
45185 63 retired marned secondary no 1495 no no cellular 16 nov 138 success no
45186 60 services marned tertiary no 4256 yes no celfular 16 nov 200 success yes .
45187 59 unknown marned  unknown no 1500 no no celtular 16 nov 280 failure no DefaU|t| ng Customers
45188 32 services  single secondary no 1168 yes no celfular 16 nav 411 unknown yes. o
45189 29 managemksingle secondary no 703 ves no cellular 16 nov 236 sucoess yes pOSItIVG Samples
45190 25 serwces  single secondary no 199 no no celtular 16 nov 173 failure no
45191 32 blue-collarmarned  secondary no 136 no no celular 16 nov 205 success yes
45192 75 retired dwvorced tertiaty  no 3810 yes no cellular 16 nov 262 failure yes
45193 29 managemsingle tertiary no 765 no no celiular 16 nov 238 unknown ves
45194 28 self-emplosingle tertary no 159 no no cellular 16 nov 449 success yes
45195 59 managemtmarned  tertary  no 138 yes yes cellular 16 nov 162 failure no
45196 68 retred marned  secondary no 1146 no no ceflular 16 nov 212 success yes
45197 25 student  single secondary no 358 no no celtular 16 nov 330 unknown ves
45198 36 managemisingle secondary no 1511 yes no celiular 16 nov 270 unknown yes
45199 37 managemumarned  tertiary no 1428 no no cellular 16 nov 333 unknown no
45200 34 blue-collar single secondary no 1475 yes no celtular 16 nov 1166 other no

Normal customers
Negative samples




Import data

File Toois Heilp

Data source location

(® Local data file

Lookin: L,J test data

bank-full-test csv

bank-full-train csv

File Name bank-full-train.csv

Flles of Type: | .l it cov, " dsx s, mitx




Data preview Data preview
/

l_ a0 dala /

Create datafle name  bank-full-train mix Preview data Preview the top / 100 gm O Reload
Import the first line as variable name
Omit all quotation marks managament .
Check Column Count 44 technician single secondary no 29 yes n
|_| Delste a line when column count does not match value count at line 1 33 entrepreneur  married  secondary no 2 yes ye
[_] Use double quotation marks as escape characters 47 blue-collar maried  unknown  no 1506 yes n
33 unknown single unknown no 1 no n
Delimiter v o
. . 35 management  married  lerbary no 231 yes n
Charset GBK Set de“mlter’ _@ i 28 management  single tertiary no 447 yes ye
Date format yYyyMWaa charset, time —B 42 entrepreneur  divorced  tertiary yes 2 yes n
SR trras format —B 58 refired married  primary no 121 yes n
: 43 technician single secondary no 593 yes n
Date time format  yyyyMM/dd HH mm:ss B 41 admin. divorced  secondary no 270 yes n
Locale lEﬂﬂSh Q 29 admin. single secondary no 390 yes n
53 technician married  secondary no 6 yes n
1 58 technician mamied  unknown  no 71 yes A
values (bar-separated) N A
s ALY 57 services mamed  secondary no 162 yes nr
v
M' . | f t < orena n———— — R0t S—y
Issing value forma — ——
l_Q_ugJ < Presious l Next > j @




Set target variable

Set target variable

() Multi target variable

(® Single targetvariable |y

NO. | Variable name | M select

1 default (]

2  housing OJ

3 loan UJ
Search variable




| dentify data type



Automatically identify data type

-,r-,',.”_..\
File Edit Run View Tools Window Help
QERd & »
| 4 bank-ull-train I : = - 23
| Automatically
Model file | bank-full-train pdf 7 M Modelperformance = . .
i identify data
Datafle  bank-full-tram mitx ——
— type _ Missing rate I
Targetvaniable v Set ¥ Variabl et . 0% 4
| No. | Variable name Type Dateformat | ) ‘s.’«r_j
2 23202
1 age Count variabie L.\;
2 job Categorical variable
3 manital Categorical variable
5 cgefault Binary variable
I 6 balance Count variable ;
W secondary
7 housing Binary vanable W  tertiary
8 loan Binary vaniable primary
2 unknown 1857
9  contact Categorical variable
| 10 day Count variable
11 month Categorical variable
12 duration Count variable v
13 campaign Count variabie
14 pdays Countvanable
A5 orevious, e
Search variable Import 45211 rows, 17 variables.




Data types inYModel

-
type

Count Class size: [ 45,
variable Variable whose values are natural number Number of rooms: [2,5,6,7...]

o Numerical . . . . Height:] 1 75. 5, 180. 4, 165.
Quantitative data variable Variable with floating point value Sales volume: [2300. 8
Date time : . Birthday:[2009-01-0 1 é ]

Een | IS SRR S el ¢ Login time:[2019/1/11 2 : 00: 00, & ]

Unar Household voltage : [ 2

ary Variable with only one categorwithoutmissing values) Sold or not ¢nly sold items are

variable . ;
recorded : [ 1, , 1,1, ,,,1¢é]

Binary Variable with only two categories (without missing Gender:[male, female]

variable values). Target variabis often of this type Sold or not :[1,0,1,1

Qualitative data _ _

Categorllcal Variable with more than two categories J e u stry: _ lie u.r ''sm, m
variable Annual income:[1(High),2(Medium), 3(Lows, ]
Text string Variable with a length of_more than 128 bytes and a v Story introduction:[H

: large number of categories. The variable generally . L7
variable I's e, é]

cannot be used directly and needs to be transformed

D Theuniqueidentifier for each record, which is usually ID number: [110000198003198182,
useless 130000197407258697, é]




Supports manual modification

K YModet - O X
Elle Eat Run Yiew Tools Wndow Help

B4 &2

% bank-fu-rain | =<

Modelfile  bank-ull-train pct 7 i modeiperformance ! Model presentation 4 Mode! options
) .
.

SR o5 | Featonsto wih targe | Hisopram wan targe |

Datafle  bank-fult-traan mit

Tagetvariathe | Set - . 21 16 8 8322 009
— A modification
B o e | Twe based on business
1 age Count vanabie g
requwements
2 job Wy, _
3 martal Numaencal variable :
4 educadon Unary Vanable
€ sefaun Bnary variable
6 ba Count vanabia
o Categarica canacie [l JF°Y i
7 housing 0 M
2 s Timeanddale @ /]
§ contact Text String
11 monm T T
12 curaton Count vatiable W !
13 campalgn Count variabie W
14 pdaps Count variable #)
15 nesdons Foacntznania o, S 0.4
Search vanatie Impart 45,211 rows, 17 vanables




Quantitative data analysis



Analysis methods for quantitative data

Measures of central tendency Measures of variability
Mean Range

Median

Mode

Variance
Standard deviation

Upper quartile Skewness

Lower quartile
Z-score

Measures of relative standing z R Measures of symmetry

Numerical variable, count variable, date time varial



Analysis methods for
guantitative data

The averagevalue, whosesize reflectsthe
overalllevel

Themeanof dataset
{5,3,8,5,6}=(5+3+8+5+6)/5=5.4

The numberthat appearsmost frequently
in adataset
{1,2,2,3,4,7,9}, mode=2

A2UBpua) [e)JuUdD JO SaINSea

The value in the middle after a datasetis arrangedin
ascendingr descendingrder

Arrangen measurementaluesin ascendingrder.

If nis anoddnumber,the medianis the middle number

If nis even,it's theaverageof themiddle two numbers

{3,4,5,7,8}, mediansi
{2,4,5,7}, median=4 + 5)/2=4.5



Analysis methods for
guantitative data

max- min
Easy to calculate
Insensitive to changes in the data

Standard
deviation

It is the squareroot of the varianceand
hasa similar meaningto variance

AlljigeneA Jo sainses|\

Variance

Reflect the dispersion degree of each value from
the average.

The larger the variance value, the greater the
dispersion degree.

Variance calculation formula:

n

A 3

Nn- 1=

s® =




Analysis methods for
guantitative data

Quatrtile

Arrange all valuesn ascending ordeand divide
them into four equal parts.
The value at 25% is called the lower quartile.

The value at 75% is called the upper quatrtile.

<
D
QD
n
-
=S
(D
n
o)
—y
=S
{D:
QD
=)
<
@D
n
ﬁ
b
>
O
>
(@]

Z-score

It describesthe distancebetweena given
measurementaluex andthe averagevalue,
whichis expressedh standardieviation

X-X
Z-scoreformula £ = e



Analysis methods for
guantitative data

Skewness

A 0: symmetricadatadistributiorn

A Positive the peak value of data
distributionis left-skewed

A Negative the peak value of data
distributionis right-skewed

Skewness is positive Skewness is negative
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127
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7 Median< mean datais right-skewed
1 Mediana mean symmetricaldatadistribution
7 Median> mean datais left-skewed

— mode
— median
— mean

o= 0.25

0.0+ — — :
00 02 04 06 08 1.0 12 14 16 18 2.0 22



Graphical methods for quantitative data

Histogram It can be usedto representhe frequency,or the numberof
relatedfrequenciedalling into eachcategoryinterval
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rooo 10000
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Graphical methods for quantitative data

Box plot

= FAROUTLIER Outer

FarUpperfence = fences
QAR above Tothio oo ooias

Upperfence = fences
TSGR above oo porwolile

Interquartile range : IQR=Q,-Q,
M A

3 (75th percentile)

Interguartile = MEAN
Range (IGR) | | MEDIAN

#— I —— Q1 {25th percentile)
MM

1.5(!

Lower fence
1.5(I0R) below 25th percentile




Graphical methods for quantitative data

Density curve

Smooththe dataanddrawa densityestimationcurve
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Automatic data analysis

Kd 100 Multi -dimensional
|oE2e B Bun ow_Took Wndow bieh data analysis
CERLd G2
. ." tank-full-train l
! Modelfile vank-fulit 7 Wl Model pedformance 7 Model presentation 4 Model options
[ Datafile  bank-fullrain mx il 1} Reload data
Maximum | Average | Upperqu.. Median | Lowerqu.. Standard _ | Skewness
Targel variable , Set T Variabiefiter € § 056 . 1§ 95 - 40 48 39 53 : io 6;9 ‘ 0685
NO. | vanable name Dateformat | (] Select |
1
2 Job Categorical variable W
3  marital Categorical variable v
4  education Categorical variable
5 default Binary variable
6 balance Count vanable i
7 housing Binary variable @
8 loan Binary variable W
9 contact Categorical vartable it
10 day Count variable
11 month Categorical vaniadle
12 duration Count variable W
13 campaign Count variable v
14  pdays Count variable \
15 neevions. _ Pountuadanta R~ BN
Searchvariable Import 45,211 rows, 17 variables




Automatic data analysis

M yviodel
Flie Edit Run View Tools Window Help

eC@a o »

| & bank-ulkrain |

Modelfile bank-fut-t _J Ll Modelpedormance 3 Model presentation 4 Model options

Datafle  bank-full-train mtx L%} Reload data

Targetvariable Set 7 varablefiter ¥ §
|N6N| Vanabie name | i’m | Date format | V] Select

I :

2 job Categoncal vanable 4 !
3 mantal Categorical variable o ’
4 aducation Categoncal vanable W
|| 5 cetaun Binary variable v 4
| & balance Count variable W
7 housing Binary variable W) !
8 loan Binary vanabdle W |
9 contact Categorical variable /.
10 day Count vanable W l
11 month Categorical variable ™
12 duration Count vanable It I
13 campaign Count variable
14 pdays Count vanable
l_L‘L_nmmus Coauntvadahle L y
Search variable Import 45211 rows, 17 variables

10000 :
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8000
7000
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0
18 30.833

43.667
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————— ==

69.333

Automatic
plotting

82167 95

XAStartvaiue 18 E XEndvalue 95 E
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Number of histogram partitons

10 18
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Submn
26 34



Qualitative data analysis



Analysis methods for qualitative data

Class percentage Mode
Class frequency/n*100% Refers to the data that appears most
n: the total number of samples frequently in gdataset. : :
(also known as base) For example, if a categorical variable has
values A, B, C and D, and C appears most

(Class frequency/nklass relative frequenc _
frequently, then the mode is C.

Class Class frequency

Refers to the number
of samples belonging
to a certain category

Is that qualitative
data can be divided
into several
categories

Unary variable, binary variable, categorical variable, text string varia
D



Analysis methods for qualitative data

Piechart

23202

M secondary
W teriary
primary

W unknown 1857




Automatic data analysis

K YModel = a X
 Eile Edit Run View Tools Window Help

SOME &2 Missing rate, number
| @ bank-ful-train I =03

8

of categories

| Modeifle bankfullt 5 WUl Modelpedormance 3 Model presentation 4 Model options

L =
" .
Datafile  bank-full-train mtx LY Reloaddata =
Targetvariable Set ¥ variaviefiter § 4
NO. | Variable name | Type | Dateformat | (] Select
1 age Countvariable @ R . Category frequency,
percentage
3 maital Categorical variable W 9732
4  education Catagorical variable @ W blue-coliar
——— By vediabh W management
e v i
fi ‘ n technician Count Decile
& 6 Dbalance Count variable W admin,
T ok : - W services 9458 20.92%
9 Binary variable W retired
8 loan Binary variable o self-employed 7597 ggg
9 contact W entrepreneur
Categorical variable - W unemployed 1240
10 day Count variable housemaid <
11 mooth : " student
= . _ W unknown 1487
12 duration Count variable
13 campaign Countvariable 517
14 pdays Count variable st
A5 neevious Countianahia. .
Categories

Searchvanadle Import 45,211 rows. 17 variables




Correlation analysis



Correlation of continuous variables

Completely positive Completely negative , .
linear correlation linear correlation Nonlinear correlation
Pearsoncorrelation coefficient =
Spearman correlation coefficient \ .
Positive linear correlation Negative linear correlation Uncorrelated

-
* o + -
* - .
- + .

Numerical variable, count variabl

W o



Correlation of continuous variables

Pearson

Spearman

Also known as product moment [-1,1]

correlation coefficient, which is the Thecloserthe absolutevalueis to 1,

method to calculate the linear thestrongethecorrelationis;

correlation betweenwo variables the closerthe absolutevalueis to O,
theweakerthecorrelationis.

Also known as rank correlation [-1,1]

coefficient it is a nonparametric Thecloserthe absolutevalueisto 1,

correlationmeasurdébasedon the order thestrongetthecorrelationis;

of datavalues the closerthe absolutevalueis to 0,
theweakerthecorrelationis.

Evaluatdinearcorrelation
Continuousvariables paireddata,generalnormal
distribution

Evaluatemonotonicrelationships(linear or not)
Applicable to both continuousand categorical
variables

There is no requirement for the overall
distributionof variablesandsamplesize

Numerical variable, count variabl

LY



Correlation analysis graph

Scatter plot: provides the following information about the relationship
between two variables:

e Correlation strength
e Straight line or curve, etc.
¢ Positive correlation or negative correlation

e QOutliers

Numerical variable, count variabl



Correlation analysis graph Figure 15 Scatter Plots

(Negative Correlation)

Figure 14 Scatter Plots | 2

(Positive Correlation)

4 3 2 1 ] 1 2 3 4

Figure 13 Scatter Plots

(No Correlation)




Automated analysis of the relationship between
variables and the target variable

| ] |

_ - , _ Id | GrLivArea | SalePrice |

In the caseof houseprice prediction, the target variable is

'SalePrice 'GrLivArea representshe living area Analyzethe
relationshipbetweerthetwo variables 2 1262 181500
3 1786 223500

4 1717 140000

5 2198 250000

6 1362 143000

7 1694 307000

8 2090 200000

3 1774 129900

10 1077 118000

e




Automated calculation ofcorrelation coefficient

| .
Ede Edit Run Yiew Tools Window Help
RE@d G »
| §9 house_prices_train | % vanksunain & &8sl
Model e | nouse_prices_train pct 5 W8 Mooel padormance  =J Mooel preseatation 4 Model options ["""“I
N 0
4 | Descriptive statistics | Histogram | Coerelation | Scatter Piot ‘
Datafe house_prices_train mix R —————————————— :
Pearson Spearman
| Targetvanatte  saiepnice |set 7 varaviester # & 0.7086 07313 |
NO Variable name | Type Datetormat | [l Select
31 Functional Catagorical variable S
32 GarageArsa Count vanadle /]
33 GarapeCars

34 GarsgeCond
35 GarageFinish
36 GarageQual

Both the two correlation coefficients are greater than 0.7, indicating th
linear relationship between them is very strong

37 GarageType Catzgorical varfabie it/
38 GaragsYrEm Count variable ]
39 Giwares Count xanatte )
40 HalSath Catagoncal vanable W
41 Heating Categoncal vanable &4
42 HeatingQC Categorical variable W
43 HouseStie Catagoncal variabie W
4 d Count variable W
45 KilchenAwGr Categorical vanable M

v

Searchvariable Import 16,060 rows, 81 variables




Automated generation ofscatter plot

Vi
e DoL_jn ow Lo fpnoem S As the living space increases, the overall trend of sale
SORd G2 : :
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Correlation of categorical variables

Loan default case
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Categorical variables, binary variable



Correlation between categorical variables Odds ratio graph

Loan default case
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Data Preprocessin




Automatic data preprocessing

34 Build model X

INFO:Start checking data and categoncal conversion. Py

[2020-02-09 10:14:58]
INFO: Time for checking data and categorical conversion: 109 milliseconds

[2020-02-09 10:14:58]

INFO: Start preparing.
D U aiclgec 0

[2020-02-09 10:14:58]
INFO: Modeling data preparing...10%

[2020-02-09 10:14:59]
INFO: Modeling data preparing...20%

[2020-02-09 10:14:59]
INFO: Modeling data preparing...30%

[2020-02-09 10:14:59]
INFO: Modeling data preparing...40%

v

View log C_]' Export report :".3 Model presentation @ Model perfformance | Open model directory




Preprocessing methods ity Model

Variable preliminary filtering

Missing value Outlier handling

Categorical handlina . .
mtEl e ) Time variable
Pre-processing
Balanced Dataset split é
sampling

Skewness handing



Variable preliminary filtering

There are often poor quality or meaningless variables in the data. You can define some rules and delet
them directly to reduce the amount of calculation, such as

(1) Variables with high missing rate
(2) Unary variable

(3) Variable with too many categories




Variable preliminary filtering

Modet file  houseprice_train pcf

7 M modelperformance = Model presentation "4 Model opfions
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Outlier handling

In a data set, observations (or measurements) that are significantly larger or smaller than other
data values are calleultliers.

The causes of outliers are as follows:

1. Themeasuredalueis incorrectlyobservedrecordedpr enterednto computer
2. Themeasuredaluecomesfrom differentsource

3. Themeasuredalueis correct,butdescribesrare(accidentalevent Outlier




Outlier handling

Detection method for outliers

Z-SCcOore

Box plot

Clustering



Outlier handling

=—— FARCUTLIER

Far Upper fence
AR above 7oth percentile

Box plot method:

It is establishedbasedon IQR, i.e. the distancebetweenthe

upperandlower quartiles
. . L f
Observations falling between ther and outer fencesare ~— J51GR) above 75th percentile

considered suspicious outliers.
Observations falling outside tloeiter fencesare considered

highly suspicious outliers.

= QUTLIER

AR

Q3 (7 5th percentile)

Review Interquartile = WEAN
IQR=Q,-Q, Range (IGR) MEDIAN

Draw two lines at @+1.5IQR and @k 1.5IQR , which are the same as 4 Q1 (25th percentile)
the median line, called the inner fences. MIN

Draw two lines at (+3IQR and Qk 3IQR, which are called outer 1.5(1

fences.

Loweer fence
1.5{10R) below 25th percentile

-_—




Outlier handling

The rule of thumb of Z-score to detect outliers (the same as the rule of N times
standard deviation):

Possible outliers Highly suspicious outliers

|z|>2 1z|>3

Review.

Z-scoredescribeghe distancebetweera givenmeasurementaluex andthe averagevalue,whichis
expresseth standardleviation

Z-scoreformula; Z=—r



Outlier handling

Clustering: it deals with the outliers of multiple variables. The common algortim®ahs is applicable
to the case of large data volume.

P Outlier




Outlier handling

Handlingmethodfor outliers
s Deleterecords containing outliers
¢ Treat it asmissingvalue

g Correction

s No processing

Somealgorithms are not very sensitiveto outliers, evenif there are outliers, the model effect will
not be affected

Somealgorithms are very sensitiveto outliers. If they are not processedjt may causevery poor
effectssuchasover fitting .




Missing value handling

Type of missingvalue

1. MCAR (Missing Completely At Random): datalossis completelyrandom,doesnot dependon
any othervariablesanddoesnot affectthe unbiasednessf samples(for example, homeaddresss
missing)

2. MAR (Missing At Random): datalossis not completelyrandom thatis, thelossof this kind of
datadependsn othervariables (for example the lack of financial datais relatedto the size of the
enterprise)

3. MNAR (Missing Not At Random): therearetwo possiblecasesThe missingvaluedependsn
Its hypothesisvalue (for example high-incomepeopleusuallydo not wantto disclosetheirincome
In the survey) or, the missingvaluedepend®n othervariablevalues(assuminghatwomenusually
donotwantto disclosetheir age,the missingvalueof agevariableis affectedoy gendervariable)



Missing value processing methods

Delete directly j Fill in missing valuesj No processing



Missing value handling Delete directly

Simple and rough, high efficiency

At theexpensef alargeamountof data Whenthe proportionof missingdatais
large, especially when the missing data is not randomly distributed, direct
deletionmayleadto datadistributiondeviationandmodeldeviation

Applicable The dataset is very large and there is not much missing data.

scenarios

This kind of situationis rare | t nfoeelikely thatthereis alot of missingdata For examplejf eachvariable
has30 missingvalues,but thesemissingvaluesd o noetlap,thena single missingvalue in any variable
will resultin deletionof the entire data With 10 variables,this would lead to the deletion of 300 data
Thereforewhentherearemanymissingvariablesdirectdeletionwill significantlyreducethesamplesize



Missing value handling ERELURRRUIESREIES

Simple filling

Cluster filling

Mean, medianand modefilling : the numericalvariableis filled with meanor
median,andthe categoricalariableis filled with mode

It is alsocallednearestomplementin the completedata,find arecordthatis
most similar to the recordwith missingvalueto fill in, but it is difficult to
definea similar standard

After clustering,the missingvaluesin a classarefilled with the samplemean
In the class It canget bettereffect of complementput whenthereis alarge
amountof dataor a large numberof missing attribute values,the cost of
calculationis very high.



Missing value handling ERELURRRUIESREIES

Usingothervariablesasinput of the modelto predictthe missingvariable

Regressiorprediction for the object with missing value, bring the known data set into the
regressiorequationto estimatethe predictedvalue, andfill in the predictedvalue However,
whenthevariableis notlinearly correlatedjt will leadto the estimationof deviation

Maximum expectationprediction iterative algorithms for computing maximum likelihood
estimatesor posteriordistributionsin the presenceof incompletedata This methodmay fall
into local extremevalue,convergencespeeds notvery fast,andcalculationis very complex

Multiple imputation prediction a set of possibleimputation valuesis generatedfor each
missingvalue Thesevaluesreflect the uncertaintyof the missingvalue Then,the imputation
setis selectedaccordingto the scoringfunctionto generatdehefinal imputationvalue

Pl Azlzel=!  Deriveavariablewith avalueof O, 1 to markwhetheravariableis missing




Missing value handling

Some algorithms, such as XGB and LGB, can handle missing values and
directly modeldatasetgontainingthem



Categorical variable handling

suspectederror category In such cases, combining low-frequency
categorieszanreducethe numberof categories

Categorical variable

el e Categoricalariablesareusuallyin the form of characterswhich cannot
numericalization

bedirectly recognizedandcalculatedoy algorithm,andmustbe converted
into numericaldata

Whenthe numberof categorieof categoricalariableis large,theremay
categorical variables be noise, such as categorywith very few sample,abnormalcategory,



Processing of date time variable

Datetime variableis a commonvariablein businessThereare manywaysto extractinformation

from thevariable

Date feature disassemble

Time feature disassemble

For example,202001/01 canbe disassemblethto year (2020, month (01), day
(01), seasorfwinter), day (Wednesday)working day/ holiday (holiday)é

Forexample 05:10:30 canbedisassemblethto hour, minute,secondwhich time
periodof theday. earlymorning,morning,noon,afternoongvening Jatenight é

Two date variablesare subtracted,such as the numberof days since the last
purchasethe interval betweenthe loan dateandthe repaymendate,the interval
betweerthe duedateandthe actualrepaymentate



Skewness handling

Reviewo
Skewnessit is a measureof datasymmetry If its valueis O, it meansa distribution of symmetry if its valueis

positive, it meansthe distribution is right biased (positive skewness) if its value is negative,it meansthe

distributionis left biased negativeskewness)
The larger the absolutevalue of the skewnesss, the greater the skewnesss.

Normal (symmetric) distribution
/

Positive skewness

Many dataanalysisalgorithmsare basedon the
distribution of data, which is similar to normal
distribution,andthe datais distributedaroundthe
mean

If the absolutevalue of skewnesss too large,the
datacanonly be usedafter correction,otherwise
thevalueof theindicatorwill begreatlyreduced




Skewness handling

Skewnesshandling is to make the distribution of variablesnormal or approximatelynormal through various mathematical
transformationsandthefitting of the modeloftenhasobviousimprovement
Commonlyusedmathematicatransformationsnclude logarithmictransformationpowertransformation(suchas squareroot,
square)reciprocaltransformationgxponentiatransformationgtc

Exampleo There is a variable Saleprice in houseprisecsv. Its original skewnessis 1.881 After performing log
transformation on it, the skewnesss 0.121
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Balanced sampling

What is an unbalancedsamplelike?

(1) Of 10000samples5000arepositiveand5000arenegative

(2) Of the10000samplespnly 500arepositive,andtherestareall negative
Can agoodmodelbedirectly trained on unbalancedsamples?

Machine learning algorithms often assumethat the categoriesin the training samplesare of equal quantity,
meaningthatthe numberof sampledor eachcategoryis balancedHowever,the actualproblemsencounterean
realworld scenariosoften do not conform to this assumptionsuch as credit default scenario,customerchurn
scenari@

Generallyspeaking,unbalancedsampleswill causethe training modelto focus on the categorieswith a large
numberof samplesand"despise"the categoriesvith a small numberof samplesso the generalizatiorability of
themodelon thetestdatawill be affected

For example thereare99 positivesamplesand1 negativesamplen thetrainingset In manycasesvheresample
imbalanceis not takeninto account,the algorithm will abandonthe prediction of negativesamples,because
predictingall samplesaspositivecanachieveanaccuracyof up to 99%, butthis doesnot makesense




Balanced sampling

Over sampling

Under sampling

Over samplingis to achievesamplebalanceby increasingthe data
amountof small samples Among them, the simpler way is to copy
smallsampledirectly to form a quantitativeequilibrium

Under sampling is to achieve sample balance by reducing the number
of samples of most classes. The simple and direct method is to remove
some data randomly to reduce the size of most class samples



Data standardization

In somepracticalproblemsthe sampledatawe getaremulti-dimensionalthatis,
I asampleas characterizetty multiple features

For example,in the prediction of houseprice, the factors (features)that affect
houseprice include housearea,bedroomquantity,etc Obviously,the dimensions
andmagnitudeof thesefeaturesaredifferent Whenpredictinghouseprice, if the
original datavalueis useddirectly, their influenceon houseprice will bedifferent
Throughstandardizegrocessingdifferentfeaturescanbe madeto havethe same

scale

2

In short, when the scales(units) of featuresin different dimensionsof the original data are inconsistent,

standardizedtepsareneededo preprocesshedata



DEICESCU[oElsVLNilo]sl Standardization (normalization) method

a Min-MaxNormalization3

It is alsocalleddeviationstandardizationyhichis alineartransformatiorof the original datato
maptheresultvalueto [0 - 1].

Conversiorfunctiony ¢J = | max maxvalueof samplemin: min valueof sample

Onedrawbackof this methodis thatwhennewdatais addedt mayleadto changesn maxand
min, which needto beredefined

(01 normalization)

This methodis to standardizethe data basedon the mean and standarddeviation of the
original data The processediataarein accordanceavith the standarchormaldistribution,i.e.
themeanvalueis 0 andthe standarddeviationis 1.

Conversiorfunctiory z=—"




Dataset split

Machinelearningrequireshefollowing datasetg
Train dataset usedto train model

Testdataset usedto testmodeleffect

Usually, 70% of the datais usedfor the training setand30% for the testdatasetThis ratio is
flexible andcanbesetasneeded



Preprocessing methods ity Model

Variable preliminary filtering
Outlier handling
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Modeling



1 Supervisedearning

2 One-click modeling

3 Algorithm description




Supervised learning

Supervisedlearning: In supervisedearning, the training data has both featuresand label (target
variable) Throughtraining,the machinecanfind therelationshipbetweerfeaturesandlabelby itsellf.

Whenfacingthe datawith only featuredutnolabel,it canjudgethelabel

f Variahle
Training students with exercisesthat have ) -\ Dataset
standard answers before the exam usually _—
results in a higher accuracy than using No | Color |
exercisesvithout answerseforethe exam Dark green Curled Hﬂllo“r I

2 Black  Curled Dull | Bad
Another examplc_a When we were young, we 3 Light white SHff  Thud | Bad
didn't know the differencesbetweencats,dogs,
cows, and sheep,but our elderswould tell us 4
whether our identification was correct Over H/’ L"?abel
time, the model in our minds becamemore Variable value /

accurate allowing us to correctly identify the
typesof animals



Supervised learning

Classificationand regressioraretwo major problemsthat canbe solvedby supervisedearning Fromthe
perspectiveof the type of predictedvalue,the quantitative output of continuous variable prediction is
called regression the qualitative output of discrete variable prediction is called classification For
example,predictingthe degreeof tomorrow is a regressiorntask predictingwhethertomorrow is cloudy,
sunnyor rainy is a classificatiortask

Classification task

Vine conn Status Passengerl Jurvived Rclass Name Sex Age SibSp Parch Ticket Fare Cabin Embarked
1 3 Braund, Mr. Owen Harris  male 22 1 0 A/5 21171 7.25 S
Dark Curled Hollo  § Good 2 1 Cumings, Mrs. John Bradley female 38 1 0PC17599 71.2833 C85 C
green W 3 3 Heikkinen, Miss. Laina female 26 0 0 STON/O2.  7.925 S
Black Curled Dull Bad 4 1 Futrelle, Mrs. Jacques Heath female 35 1 0 113803 53.1 C123 S
- - . 5 3 Allen, Mr. William Henry male 35 0 0 373450 8.05 S
el [ el |lee 6 3 Moran, Mr. James male 0 0 330877 84583 0
7 1 McCarthy, Mr. Timothy ]~ male 54 0 0 17463 518625 F46 S
o o o o .
Regressior
Id | MSSubClass | MSZoning | LotFrontage | LotArea | Street = Alley | LotShape | LandContour | Ulilities | LotConfig | LandSlope § SalePrice || task
1 60 RL 65 8450 Pave Reg Lvi AllPub Inside Gl 208500
2 20 RL 80 9600 Pave Reg Lvi AllPub FR2 Gtl 181500
3 60 RL 68 11250 Pave IR1 Lvi AllPub Inside Gil 223500
< 70 RL 60 9550 Pave IR1 Lvi AllPub Corner Gl 140000




Supervised learning

YModel

Binary classification modell Regression modial Multi -classificatiorl

5711
6424

odel

y Default or no v y
no

Buy or not 2147 c Product qualit
yee y 2479 A 9
no 3051 A
o :
e 3787 B
s 4403 A
e 5056 D
yes B
yes c




One-click modeling



One-click modeling T

X
;t-iFO uomlmgdata;;cenanng 10% 8
; : (2020-03-21 15:55:50] Automatic preprocessing +
.YMod-el | Ongcllck modeling RINDAREM ik nodeling sﬁoxingmode[?ng
File Edit Run _\ﬂev:?dls Window Help iﬁ'}?ﬂif.’..liiiiﬁ.,m - progress
SREME G~ S —— |
..'ban'(’m"'train | [2020-03-21 15:55:52]

INFO: 2020-03-21 155552 126315 W tensorflowistreaam_executoriplatform/defsultdso_loader cc:55] Could not load dyna
mic library ‘cudans4_101.dil, dierror: cudantt4_101.all not found

8 Model presentation X [2020-03-21 15:55:52)
ST INFO. 2020-03-21 15:55:52 126785 | tansoowistream_executoricuda/cudan_stub.cc29] Ignore above cudart diemor if yo
Ensemble performance 0838937 Pacameter name Fatameler vaios u do not have 3 GPU set up on your maching
. -
_ —— e o e R Y,
i reg_alpha 0 v
XGBClussdestion ouruTse ) m—— e ———————————————— ——————————————————— —————
varbosity 0
| RiggeCtassification_t 0082089 7
colsample_btywes 1
[ GBDTClasalfication_1 0881494 [ 4 Close
random_state 0
gamma [
reg_tambda 1
objecive vinary logistc
Dooster gbtrae
K N . e Th deli Model is full t ted
unsanooss | me |jowa || ™ ; e modeling process ofYModel is fully automate
RFClassificayon_1 0.846484 L .
min_child_waight 1
. FNNClassification_1 0.857834 L P
! mar_deka_step 0
‘ TreeClassification_1 0843042 ] < ~
—— rolsamels_Halmol 1 e
| Copy setectea mogeltn moges aptans | | Close |

Modelingis perfomr‘medusing multiple algorithms,
with automaticselectionof the bestperforming
modelsandparameters



Algorithm description



Linear regression

A simpleexampleis the areaof the houseandthe price of the house By learningthe samplepoints,we

canfind a straightline y=ax+bthatbestfits all the samplepoints,sothateachtime we geta newsample
iInto themodel,we cangive the predictedy value

If thereis only oneeigenvaludike this, it is calledsimplelinearregression
Multiple eigenvaluesrecalledmultiple linearregression

House price 4

-
= ‘
o

Find a straightline that best "fits" the
ol relationship between sample features
andsampleoutputlabels

» House area



Linear regression

Advantages Simple idea, easy to implement;

The basis of many powerful nonlinear models;
The results are well explainable;

Contains many important ideas in machine learning.



Lasso, Ridgeand Elastic Net

Lasso regressioris to add L1 regularization on the basis of standard linear regression.
Ridge regressions to add L2 regularization on the basis of standard linear regression.

Elastic netis a combination of L1 and L2 regularization.



Use scenarios of Lasso, ridge and elastic net

They can all beised to solve the over fitting problem of standard linear regression

A As long asthedatais linearly correlatedit is notwell fitted with linearregressiorandneeds
to beregularizedsoridgeregressior{L2) canbeconsidered

A For thedatawith high dimension (manyfeaturevariables) gspeciallythe linearrelationship
Is sparse(mostof the dataare missingor zero),L1 regularization(lassoregression)s used

Or, to find out the main featuresin a pile of features,L1 regularization(lassoregression)s

preferred

AWhenwe find that lassoregressioris too much (too many featuresare sparseto 0), and

ridge regressionis not enough(regressioncoefficient decayis too slow), we can consider
usingelasticnetto getbetterresult



Logistic Regression

Logistic regressionLR for short Although regressionappearan the nameof the algorithm, it is
actuallya classificatiomalgorithm,andthe outputvalueis alwaysbetweerD-1.

Logisticregressiorandlinearregressiorarebothlinearmodels The biggestdifferencebetweerthem
Is the datatype of Y (targetvariable) Y of linearregressiorbelongsto quantitativedata,while Y of
logisticregressiorbelonggo classifieddata




Logistic Regression

Advantages

A Low computational cost, easy to understand and implement;

A LR directly models the possibility of classification without assuming the distribution
of data in advance, which avoids the problems caused by inaccurate distribution of
data;

A LR can output in the form of probability instead of knowledge 0,1 decision, which is
very useful for many tasks using probability to assist decision making.

A Fail to solve nonlinear problems;
A Itis easy to under fit. In most cases, it needs to carry out feature engineering
manually to build composite features, and the classification accuracy is not high.



Logistic Regression

Applicable scenarios

LR is the basiccomponenbf manyclassificationalgorithms Its advantages that
the output value naturally falls between O and 1, and it has probability
significance It is essentiallya linear classifier, which can not deal with the
correlationbetweerfeatures

Althoughthe effectis generalthe modelis clear,andthe probability behindit can
standthe scrutiny

Thefitted parametersepresentheinfluenceof eachfeatureon theresult,andit is
alsoagoodtool to understandhe data



Decision tree

The decisiontree canbe seenas a setof if-thenrules,thatis, a rule is constructedor eachpath
from theroot nodeof the decisiontreeto theleaf node The characteristicef theinternalnodeson
the pathcorrespondo the conditionsof therule, andthe classe®f theleaf nodescorrespondo the
conclusionf therule.

Decisiontreeis a kind of nonparametridearning age |
supervisiommethodfor classificationor regression ‘

young senior
middle-

Decision tree learning algorithm includes feature
aged

selectiondecisiontreegeneratioranddecisiontree _ ‘ R
pruningprocess | Student? Credlt ratmg?

At presentthe mostpopularalgorithmof decision
tree is CART, which can generate both ne yes excellent
classificatiortreeandregressiortree P L




Decision tree

Advantages A Simpleandintuitive.

A Basically, thereis no needfor preprocessingpormalizationin advanceand missingvalue
processing

At canhandleboth discreteand continuousvalues Many algorithmsonly focuson discrete
or continuousvalue

At canhandlethe classificationof multi-dimensionabutput

A Comparedvith the black box classificationmodelsuchasneuralnetwork,decisiontreecan
belogically well explained

A Crossvalidationpruningcanbe usedto selectmodelsto improvegeneralizatiorability.

At hasgoodfault toleranceandrobustnes$or abnormabpoints



Decision tree

AThe decisiontree algorithmis very easyto over fit, resultingin poor generalization
ability, which canbe improvedby settingthe minimum numberof samplesandlimiting
thedepthof decisiontree

AA little changeof the samplewill leadto the drasticchangeof thetreestructurewhich
canbesolvedthroughensembldearningandothermethods

Alt is difficult to find the optimal decisiontree Generally,it is easyto fall into local
optimum by heuristicmethod,which canbe improvedby ensembldearningand other
methods

A In somecomplexrelationshipsdecisiontreesaredifficult to learn,suchasXOR.

AIf the sampleproportionof somefeaturess too large, the decisiontreeis easyto lean
to thesefeatureswhich canbeimprovedby adjustingthe weightof samples



Ensemble learning

A Thepurposeof ensembldearningis to combinethe predictionvaluesof multiple basicmodelsaccordingto
analgorithm,soasto improvethegeneralizatiorability of themodel

A Therearetwo mainmethods

I Averaging (bagging) method build multiple models independentlyand averagetheir prediction
results,suchasrandomforest

I Boostingmethod establishmultiple basemodelswith sequencanddependencyandthe latter model
Is usedto modify the previousmodel'sbias,suchasGBDT, XGBoostandAdaBoost

MODEL1

MODEL3



Random forest

Original training set

Random sampling with
replacemenbn original
training set

PR A SV

1 2

Subtraining set Subtraining set ... Subtraining se

W

Randomlyselectm features for
each training set

-

Classification Classification
model 1 model 2

Classification
model K

Voting for optimal classification

Two random

Final result

Random forest training process

v

depends on
multiple trees




Random forest

Randontforestis dividedinto "random"and"forest".

A f or ise @mppsedf manytrees,so the result of randomforestdependson the resultsof many decision
treeswhichis anensembldearningidea The CART decisiontreeis usedasaweaklearnerfor randomforest
Classificationalgorithm the maximumnumberof votesof T weakclassifierss samplecategory
Regressioralgorithm thearithmeticmeanof predictionresultsof T weakclassifierss usedasfinal output

A r a n dhmastwio meaningsOneis to randomlyselectsamplesthe otheris to randomlyselectfeatures For
eachtree,therearerandomlyselectedraining sampleghatare put back,andthentherearerandomlyselected
m featureghatareput backasthebasisfor branchinghistree

The introduction of two randomnesss very important to the classification performanceof random forest

Becausef thetwo randomnesgandomforestis not easyto fall into overfitting.




Random forest

Advantages A 1t can process highimensional data without feature selection (feature subset is
randomly selected).

A The generalization ability of the model is strong.

A The training speed of the model is fast and parallel, that is, the trees are independent
each other.

A The model can deal with unbalanced data and balance errors.

A After training, the random forest can provide which features are more important

A Random forest has out of bag data (OOB), so there is no need to separate cross
validation set.

A Insensitive to missing values and outlidise accuracy of the model training result is
high.

A When the data noise is large, there will be over fitting.
A For the data with different values, the attributes with more values will have a greater
impact on the random forest.



GBDT

GBDT (GradientBoostingDecisionTree),alsoknownasGBM, canbe usedfor classificationor regressionit
is a kind of boostingalgorithm It usesthe error of the previousweak learnerto updatethe sampleweight
value,andtheniterations GBDT requireshattheweaklearnemustbe CART model

G B D Teaahcalculationis to reducethe lastresidual The nextmodelmainly buildsthe modelin the gradient
directionof the residualreduction,so thatthe residualdecreasem the gradientdirection More vividly, from
the literal meaning,it is just like climbing a mountain Every step goesin the ascendingdirection of the
hillside, andalwaysreache®r approachethetop of themountain

Base Classifier Learning

Training process of GBDT e

Esemble Model

Base Classifier m



GBDT

Thecoreof GBDT is thatevery tree learns the residual of all previous tree conclusions andthe
residualis theaccumulatiorthatcangettherealvalueafteraddingthe predictedvalue

Forexampletherealageof A is 18 yearsold, but the predictedageof thefirst treeis 12 yearsold,
thedifferenceis 6 yearsthatis, theresidualis 6 years
Thenin the secondtree, we setthe ageof A as6 yearsold to learn If the secondtree canreally

divideA into 6-yearold leaf nodestheresultof accumulatingwo treesis therealageof A;
If theconclusionof thesecondreeis 5 yearsold, thenA still hasa 1-yearresidual,andthe ageof A
in thethird treebecomed yearold, socontinueto learn




GBDT

Advantages 1) Furtherimprovemenbasedn RF

2) It canhandleall typesof dataflexibly, including continuousvalue and
discretevalue

3) In the case of a relatively small parameteradjustmenttime, the
predictionaccuracycanalsoberelativelyhigh.

Becausait is boostingalgorithm, it is difficult to train datain parallel
becausehereis a serialrelationshippbetweerthe basiclearners



XGBoost

Thefull nameof XGBoostis eXtremeGradientBoosting,which wasproposedy Dr. ChenTianqi
of WashingtonUniversity Becauseof its outstandingefficiency and high prediction accuracy,
XGBoosthasattractedvide attention

Only in 2015 17 of the 29 algorithmsthatwon in the kaggle[2] competitionusedXGBoostlibrary.
As a comparisonthe numberof deepneuralnetwork methodsthat have beenpopularin recent
yearsis 11. In KDDCUP 2015[ 3] competition thetop tenteamsall useXGBoostlibrary.

XGBoostis animprovemenbdf boostingalgorithmbasedon GBDT, suchas

TraditionalGBDT usesCART asbaseclassifier, XGBoostalsosupportdinearclassifier
Traditional GBDT only usesfirst derivative informationin optimization, XGBoost usessecond
orderTaylor expansiorfor costfunction,andthedefinition of lossfunctionis moreaccurate

XGBoost



Deep learning

Deeplearning,or DL for short,is a branchof machinelearning,andalsoone of the mostpopular
machinelearningat present The conceptof deeplearningoriginatesfrom the researclof artificial

neuralnetwork (ANN). ANN abstractghe neuralnetwork of humanbrain from the perspectiveof

information processing,establishesa simple model, and forms different networks accordingto

different connectionways, and is called neural network or neurallike network Therefore,deep
learningis alsocalleddeepneuralnetworks(DNN).

Like machine learning, deep machine learning can be divided into supervisedlearning and
unsupervisedearning

For example convolutionalneuralnetworks(CNN) is a kind of machindearningmodelunderdeep

supervisedearning,while deepbelief networks(DBNSs) is a kind of machinelearningmodelunder
unsupervisedearning




Deep learning

N D e pdf deeplearningrefersto the numberof layersexperiencedromfii nlpayte @ut p ut
| a y thatis, thenumberof layersof i h i d daeyrEhemorelayers,thedeepethedepth
Therefore,the more complex the selectionproblem, the more depth and layers are needed In
addition to the numberof layers,there are more i n e u r-emadl dircles in eachlayer For
exampleA | p h angtwoikis 13 layers,eachlayerhasl192neurons

The essenceof deeplearningis to learn more Input  Layer1l Layer2 LayerL  Output
useful featuresby building machine learning x, _\ ) —— Y1
modelswith many hidden layers and massive = =
training data, so as to ultimately improve the 5 9 / ‘\/,} — Y
accuracyof classificationor prediction 5 : : :
Therefore,n d e mmp d ei$ the means and = S a .\
i f e al teuarreis thepgrgose = & W o
Input N Output
Layer Hidden Layers Layer

Deep means many hidden layers



Deep learning

Advantage

Application fields

Deeplearningputsforwarda methodto let computerearnpatternfeaturesautomatically,
and integratesfeaturelearninginto the processof building model, so asto reducethe
Imperfectioncausedy artificial designfeatures

In the caseof limited data, deeplearningalgorithm can not estimatethe law of data
without deviation In orderto achievegoodaccuracypig datasupportis needed

The complexity of graphmodelsin deeplearningleadsto a sharpincreasen the time
complexity of the algorithm In order to ensurethe reakltime performanceof the
algorithm,moreparallelprogrammingskills andbetterhardwaresupportareneeded

Computervision, speechrecognition,memorynetwork, naturallanguageprocessingnd
otherfields.



Model evaluation




Significance of model evaluation

For a machinelearning project, we can choosemany models For the previouschapterswe can
choosdinearregressionlogisticregressiongdecisiontree,ensembldearning,etc

Foramodel,we alsohavemanymodelindexesandgraphso evaluatehe model
Many analystsarenot evenwilling to checktherobustnes®sf their models Oncethe modelis built,
theyrushto applypredictiongo invisible data This methodis very dangerous

Our goalis not to simply build a predictionmodel,but to createandselecta modelthatcanachieve
high precisionfor dataotherthansamplesTherefore,t is very importantto checkthe accuracyof
the modelbeforecalculatingthe predictedvalue

This chaptemwill introducethe evaluationrmethodof themodel



1. Classificatiormodelevaluation
2. Regressiomodelevaluation




Classification model evaluation



Classification model index

Classification model
evaluation

How to evaluate

Common indexeg
Accuracy, precision, recall, AUC, GINI, K8tc.

Graphsy
ROC curve, lift chart, recall chart




Confusion matrix

Confusionmatrix is a visual tool in supervisedearning,which is mainly usedto comparethe
realinformationof classificationresultsandinstancesEachrow in the matrix representghereal
categoryof theinstanceandeachcolumnrepresentthe predictedcategoryof theinstance

True Positive, TP: positive samples predicted as positive
the model.
False Positive, FP: negative samples predicted as positiv
the model.

Predicted value

False Negative, FN: positive samples predicted as negati
by the model.
True Negative, TN: negative samples predicted as negati
by the model.

n[eA [eay




Confusion matrix

Accuracy, ACC=(TP+TN)/N,

Predlcted value
How many of the prediction results are correct. _

Precision PPV=TP/(TP+FP),

TPR=TP/(TP+FN)

FP TN TNR=TN/(FP+TN)

How many of the results predicted to be positive
- PP\=TP/(TP+P)  ACC=(TP+TN)/N  N=TP+FN+FP+TN

samples are really positive samples.
Sensitivity/Recall, TPR=TP/(TP+FN),

How many of the actual positive samples are correctly

predicted Precisionis easily confusedwith accuracy. In fact,

Specificity, TNR=TN/(FP+TN), precision is only for the correct positive samples,

not all the correct samples The meaningis: How
many of the results predicted to be positive
samplesare really positive samples

How many of the actual negative samples are correctl
predicted.




Confusion matrix

The confusionmatrix representethy the exampleof judginggoodandbadmelonsis asfollows (there
are10knowngoodandbadmelonsin thetestset)

True Positive (TP) =3, actually good melon, predicted as good melon
False Positive (FP) =1, actually bad melon, predicted as good melon

False Negative (FN)=2, actually good melon, predicted as bad melon

True Negative (TN) =4, actually bad melon, predicted as bad melon

Predicted value

Good
melon

Bad
melon

anen [eay



Confusion matrix

Accuracy, ACC=—=0.7, 7 of all 10 prediction results are correct (that is, good melon is predicted as good, bad
melon is predicted as bad), with an accuracy of 0.7.
Precision,PPV=-=0.75, 3 of the predicted 4 good melons are really good melons, with a precision of 0.75.

Sensitivity/Recall, TPR=- 116, 3 of the actual 5 good melons are correctly predicted, and the recall rate is 0.6.

Specificity, TNR=-, 4 of 5 bad melons are correctly predicted, the specificity is 0,8.

- Predicted value

Gonanaon | oaamomm |

3, TP 2, FN TPR=3/(3+2)
melon

1, FP 4 TN TNR=4/(1+4)
melon

anen [eay




Index application

Why dowe havesomanyindexes? s it @nbughto haveanaccuracyindex?Well, notenough

Different sceneobjectivesneeddifferent evaluationindexes For example,an enterprisewantsto sell 50
productsjt buildstwo modelsto selectthe customerso be promoted The confusionmatrix is asfollows:

Predicted value

Predicted value
Model B
Buy Do not buy Total Total

Model A
100, 50, TP 70, FN 120
py Buy 20, FN 120 pY ’ ’
= " o Do not
S Do notbuy 50,FP 70, TN 120 S 10,FP 110, TN 120
= =
® Total 150 100 240, N ® 60 180 240, N

Accuracy=(50+110)/240=0.667

Precision=100/150=0.667 Accuracy=(100+70)/240=0.708 Precision=50/60=0.833

Thinking: which model should be chosen?



Index application

Predicted value Predicted value
Model A Model B
Buy Do not buy Total Buy
- Buy 100, TP 20, FN 120 - Buy 50, TP 70, FN
D D
Q Q
= bomot o4 p 70, TN 120 sl SELBE 10 -p 190, TN 120
S buy S
c =
® Total 150 100 240, N ® Total 60 180
Precision=100/150=0.667 Accuracy=(100+70)/240=0.708 Precision=50/60=0.833 Accuracy=(50+110)/240=0.667

Only consideringthe accuracyindex, it seemshat we shouldchoosemodel A, but at this time, we needto sell 50
productsto 75 (= 50/0.667, 66.7% of the predictedpurchasersvill actuallybuy, thatis, the precisionindex) customers
andmodel B, aslong aswe sell 50 productsto 60 (= 50/0.833) customersthe sellingcostwill bereduced

Becauseave only careaboutthosecustomersvho canbe successfullypromoted For thosewho can'tbe successfully
promotedand are correctly predictedto be unsuccessfulalthoughit helpsto improve the accuracyof the model, it
doesn'tmeanmuchto us In this scenariothe precisionindexshouldbe usedto evaluatehe model



Index application

Thenlook atthe sensitivity/recalasanevaluationndex,which is oftenusedwhenthe datadistributionis unbalanced

L e ttakesi r e c otgrmoristeata | r pasan éxample Becausderroristsare very few, if the accuracyis usedto
evaluatethe model, the accuracy canreach99.99%% or evenhigheraslong asall peopleare identified as normal
people, but obviouslythis modelis uselessAt this time, a modelwith high sensitivityneeddo be built. For example,
two confusionmatricesareasfollows:

Predicted value Predicted value
Model A Model B
Terrorists Normal Total Terrorists ML Total
people people

o lerrorists 0 5 5 o Terrorlsts
& Normal 8 Normal
e 0 999995 999995 = 999900 999995
S  Ppeople S people
® Total 0 1000000 1000000 & Total 999900 1000000
Recall=0/5=0 Accuracy=99.9995% Recall=5/5=1 Accuracy=99.9905%
| f considering only the accuracy, we wil/| choose mc

contrast, although the accuracy of model B is low, it can identify all terroN$iige it is possible to misidentify a few
normal people as terrorists, it is much better than missing the terrorists.



Accuracy table

Reviewo

The outputresultof the binary classificationmodelis the
probability value, which meansthe probability that the
target variable is a positive sample,between0-1. The
critical probability value usedto distinguishpositive and
negativesampless calledthreshold

Different thresholds correspond to different accuracy,
precision and recall Users need to choose reasonable
thresholdgo makedecisionsaccordingto busines®bjectives,
insteadof simply taking 0.5 asthejudgmentbasis

Theright figure is theaccuracytableof YModel, which shows
the correspondingccuracyprecisionandrecall valuesunder
different thresholds,and can help users make decisions
conveniently

E Model performance

GINI | AUC KsS

0.641071 0.820535 0.516152

[ ROC Curve | Lift | Recall I Accuracy l

Thinkingy

change to 0? Why is there no sudden change in accuracy?

When the threshold is 0.95, why do the precision and recall rate su

-

"

Lowerlimit  0.05 B Upperlimit 0095 IE Mumber of subsections 19 B

Threshold [ Accuracy [ Precision | Recall
0.05 0.425 0.401 1.0
0.1 0.504 0.434 0.961
0.15 0534 0.449 0.942
0.2 0582 0.477 0.922
0.25 0.642 0.52 0.893
0.3 0.683 0.556 0.864
0.35 0743 0.627 0.816
0.4 0757 0.673 0718
0.45 075 0.688 0.641
0.5 075 0.714 0.583
0.55 0.781 0.76 0.553
0.8 0.743 0.783 0.458
0.65 075 0.891 0.398
0.7 073 0.97 0.3an
075 0.701 0.96 0.233
0.8 0.649 1.0 0.087
0.85 0623 1.0 0.019
0.9 0.619 1.0 0.0

%ﬁ 0.95 0616 00 0.0

Close




ROC curve

In the binary classificationmodel(alsoknown asclassifier),a thresholdis usuallysetfor the definition
of positive and negativeexamples|f a valueis greaterthanthe threshold,it is a positiveclass if a
valueis lessthanthethreshold,t is a negativeclass If we reducethe threshold,moresampleswill be
identified as positive class, and the recognitionrate of positive classwill be improved, yet more
negativeclassewvill beidentifiedaspositiveclassby mistake

In orderto expresshis phenomenonntuitively, ROC
Is introduced According to the classificationresults,
the correspondingointsin ROC spaceare calculated,

and the ROC curve is formed by connectingthese
points

The horizontal coordinateof ROC curveis il-T NR 0O
andtheverticalcoordinatasi s e n s i(TtPR)v i t y O

1-TNR



ROC curve

For example the predictionprobability andreal situationof goodandbadmelonsareshownin theleft table If
0.9 is selectedas the threshold,only No.1 and No.2 melonswill be judgedas good melons,and No 3-10
melonswill be judgedas bad melons According to the confusionmatrix, the valuesof vertical coordinate
(sensitivity) and horizontalcoordinate(1-TNR) canbe calculatedas 0.4 and O respectively Accordingto this
calculationmethod,the correspondingoordinatevaluesunderdifferentthresholdscanbe calculatedasshown
in theright table Connectinghesepointstogetherns the ROC curveof themodel

No. | Prediction Real Threshold | Sensitivity | 1- ! ¢
probability | value TNR e
0.8
1 0.9 1 0.9 0.4 0 0
2 0.9 1 0.8 0.6 0 0.6
3 0.8 1 0.7 0.8 0.2 -
4 0.7 0 0.6 0.8 0.4 03
5 0.7 1 |
0.5 1 0.6 v
6 0.6 0 0.1
0.3 1 0.8 0
7 05 1 O 2 1 1 0 0.2 0.4 0.6 0.8
8 0.5 0 '
B 0= . ROC curve
10 0.2 0



ROC curve

Four points and a line in the ROC curve:

Point 0,1): that is, 2TNR =0, TPR =1, which means FN=0 and FB-All samples are correctly classified.
Point (1,0): that is, 2TNR =1, TPR =0, worst classifier, avoiding all correct answers.

Point 0,0): that is, 21 TNR = TPR =0, FP = TP =0. The classifier predicts every instance as a negative class.
Point (1,1): the classifier predicts every instance as a positive class.

A 45 straight line: random model

The closer the ROC curve is to the upper left corner, the
better the effect of the classifier is.

—— ROC Curve
=== Random basealing

0 02 04 06 08

1-TNR



ROC curve

ROCcurveis anondecreasingurve " /
ROC curve of the perfectmodel will follow two axes
(from the origin (0,0) to (0,1) and then from (0,1) to 0|/
ROC curveof randommodelis a straightline of 45°. G4
ROC curvebetterthanrandommodelshouldbe between 'f
thetwo cases al

1-TNR



AUC

AUC (area under curve) is defined as the areaunder ROC curve (the integral of ROC), which is

usuallygreaterthan0.5 butlessthanl.

Theclassifierwith largerAUC value(area)hasbettereffect,asshownin thefigure below.

Random model
AUC=0.5
Random guess results
AUC < 0.5 indicates the model is not as good as coin tossing

0.4

Perfect model

All predictions are correct
But if AUC =1, it's probably over fitting

BT I MIND>

Normal ROC curve 0.5<AUC<1
Find some data laws, not over fitting
This is the model that can be used basically



AUC

AUC = 0.5: the predictionmodelis the sameas the randommodel, i.e. the discrimination
betweemositiveandnegativesampless not betterthantherandommodel

0.50 < AUC 0.65: poor
0.65 <AUC 0.80: medium
0.80 <AUC 0.90: good

0.90 < AUC 1.00: excellent



Index application

AUC can effectively measurehe quality of the model,which is the mostcommonlyusedmodelindex
However,we mustpayattentionto the problemof overfitting whenusingAUC.

For example the following table hastwo models,model A andmodel B. AUC valuesare shownin the
table Which modelshouldbe selected?

Model performance

Training set AUC Test set AUC

Model A 0.961

0.924

Model B 0.918 0.911



Index application

If only judgingfrom AUC value,it is better
to choosemodel A, but further analyzing
: . Model performance
AUC of modelin training set and test set
reveals that model A decays very fast, - Test set
indicatingthatit is anoverfitting model On AUC AUC attenuatio

the contrary, althoughAUC of model B is ModeIA 0.961 0.924 0.037
lower, its generalizatiomability in unknown
datais better Model B 0.918 0.911 0.007

Therefore, from the perspective of
applicationmodelB is morestable

Price

Model attenuatiorrefersto the differencebetween \\\
the indexesof the modelin the training setandthe Size Size Size
testset,which canindicatethe degreeof declineof

the model indexes in the prediction set (i.e. N o
unknowndata) Under fitting i Over fitting



Index selection

As for theimportanceof selectingevaluationindexes,sometimes t notshatwed | dhui@ & good
model,butthatwed i damnabdeheright evaluationndexes

Take precisionandrecall asexample If your modelfocuseson the problemof i O4ll the thieves,

how manyarec a u gthenyomy will careaboutrecall If your modelfocuseson i h onvany of the
suspectarerealt h i e themywshoulduseprecision

For different scenarios and different problems, the evaluation indexes are differen




Thinking

What Is the difference and connection
between AUC and accuracy?



Thinking

What is the difference and connection between AUC and accuracy?

First of all, AUC doesnot correspondo anaccuracyput a seriesof accuracyAUC isthefi o f falriemnaeo
of ROC,while ROCis aline with FPRTPR asthe coordinatewhich is actuallya polyline connectinga
seriesof scatteregoints Eachpoint on the polyline correspondso a threshold,andthe predictedvalue
determinedy thethresholdandits measuremendf accuracyprecisionrecall,etc

Therefore,AUC measureghe quality of a model, which is how reasonabilat is to rank all samples
(whetherit correctlyranksthe negativeexamplesaheadof the positive ones) while accuracymeasures
the predictionaccuracy(whetherthe negativecasesare correctly rankedbeforethe thresholdand the
positive casesafter the threshold)of a model at a specific threshold(for example,logistic regression
modelunderthresholdof ¥2).



Ginl iIndex
Gini index is usually used in insurance rate making and credit risk management system.
"0QONQQQ (0 Y6 Td)

Using the same data to model, the higher the Gini index, the better the model is in the
sense of separating data.

GINI AUC KS ‘
|\ 0.854297 0.927149 0.718632 |

i . dthere is no difference between the model and the random model, and it needs to k
completed.




KS

KS (Kolmogorov-Smirnov): KS valuecanbe usedto evaluatethe predictionmodel It is usedto
measurehe ability of the modelto distinguishpositiveandnegativesamplesThe largerthe KS
value,the strongerthe ability of themodelto distinguishpositiveandnegativesamples

| GINI | AUC | KS |
0.854297 0.927149 0.718632 \

ks 8 dihe model has good predictability.
8 1 "I 8 dthe modelis usable.

0.2> ksQo poor prediction ability of the model
ks X the modelis incorrect

Generally,if the negativesampleshavea greatimpacton the businessthenthe differentiation
mustbe very important At this time, K-S is more suitablefor model evaluationthan AUC. If
thereis no specialmpact,thenAUC is good



Lift graph

Lift is a measureto evaluatethe effectivenessf a prediction model Its value is the ratio betweenthe results
obtainedwith andwithoutthe predictionmodel

Supposéhereare 100 watermelonspf which 50 aregood melons,50 arebad melons,andthe rate of goodmelonsis
50%. Thesewatermelonswere predictedby using the model, and arrangedin descendingorder accordingto the
predictedprobability,

8 of the top 10 melonsarereally good melons,andthe proportionof correctpredictionis 0.8, thenthe improvemen
degreeof themodelin thetop 10% melonsis 0.8/ 0.5=1.6

Thatis to say,for thetop 10% of melons,usingthe modelwill be 1.6 timesbetterthanrandomgrasping

ceen Number [Accumulated Ao @) Good |Accumulated] Accumulated : Accumulated
melon | Top X% good Lift .
of melons| samples melon rate| good melonggood melon rate lift
rate melons
10 10 8 0.8 8 0.8

10% 1.6 1.6
20% 10 20 7 0.7 15 0.75 1.4 15
05 30% 10 30 6 0.6 21 0.7 1.2 14
40% 10 40 6 0.6 27 0.675 1.2 1.35
50% 10 50 S 0.5 32 0.64 1 1.28



Index application

Lift is particularly suitablefor targeted marketing scenarios

For example,in a producttelemarketingscenariothereare 1 million potentialcustomersand the purchaserate of
customerss 1.5%, thatis to say,an averageof 1.5 customersout of randomlyselected100 customerswill buy the
product

After usingthe model,thelift of thetop 5% of the predictedprobabilityis 14.4, thatis to say,21.6 (1.5 * 14.4) people
out of every 100 peoplein the top 5% of the customerswill buy the product,far higherthan 1.5 peopleout of the
randomly selectedcustomers,greatly improving the marketing efficiency and reducing the ineffective marketing

actions

- Accumulated lift <l

Top 5% 4.4 AN
Top 10% 9.4
Top 15% 6.3
Top 20% 4.8

Vertical axis: lift Horizontal axis: grouping

Current product purchase rate is
1.5%




Recall chart

When the numberof positive and negativesamplesis [4 Model performance X

relatively balanced,ROC curve performs very well. | ks
. . . 0.641071 0.820535 0.516152
However, the data of many businessapplicationsare

[ ROC Curve | Lift | Recall I Accuracy 1

unbalanced For example, only less than 1% of
automobileinsurancepolicyholderswill makea claim at
acertaintime.

1

0.8

In the caseof unbalancedlatasetsROC curve may be
misleadingIn this casefecallchartcanbeused 05

— — w o @

0.4

0.2

Cumulativa recall
== Random haseline

il 10 20 30 40 a0 60 70 a0 a0 100

Cecile

Close




Recall chart

| ROC Curve IUI Rlaﬂ] Aceuracy |

Recallchartshowsthemo d eabild@ysto find positive sampleggood melon),
which is mainly usedin the sceneof dataimbalance For example,only 5 out
of 100 watermelon@aregoodonesand95 arebadones Evenif all of themare
predictedasbadonestheaccuracyof this modelis still very good(up to 95%),
butit is obviouslymeaningless

In this case,we can usethe recall chartto evaluatethe performanceof the :
model Thelargerthe slope,the fasterit finds goodmelons(thetermis called i‘
recall),andthe betterthemodel

1
oe
06

04

Vertical axis: cumulative recall

0 10 20 30 40 50 60 70 B0 29 100

Decile

The cumulative recall is the ratio of the cumulative positive samples of each |
group to the total positive samples. The calculation process is as follows:

Number of Number of Accumulated Number of good Accumulated number .

Top x% Cumulative recall
good melons melons samples melons of good melons

10% 10 10 2 2 0.4

20% 10 20 1 3 0.6

30% 10 30 0 3 0.6
é é

Recall chart




Index application

ROC curvereflectsthe comprehensiveerformancef the model,butin someunbalancedamplesit is often concernedbouthow
to find thefew samples

For example,in the insuranceclaim risk scenarioshownin the figure, thereareonly 1,246 claimsin more than300,000 policies,
andthe positive sampleratio is only 0.4%. For insurancecompanieswhat they careaboutis how to quickly find thesehigh-risk
customerssoasto takemeasureso reducethe claim risk loss

In this casethe ROC curvecannotdirectly meetthetargetdemandyou needto rely on therecallchart,asshownin thefigure, you
canseethatthetop 10% of the datacancaptureabout75% of high-risk customers

Sl e e [ G [ [ s |

- - 1

ee
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f (1
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Y Cumedative recall
[} 0e o | > === Random baselne

R 0 10 0 0 @ 50 80 70 00 80 100



Automatically compute various indexes

| GiM AUC KS [ GiM AUC KS
| 085418 0.92709 0712635 ’ | 085418 0.92709 0712635
| Positive diass identification ' | Positive diass identification

Suggested positive rate’ 0.091084 Suggested positive percentage: 0273314 Suggested positive rate’ 0.091084 Suggested positive percentage: 0273314
1 - 6
a2 | — un Cumulative 1 |
~ 4 54
08 -
06 / s
T l’ it .L
P ~ {
R Lo t
04 —»?.
I .
02 I
| et pe—— I N T e
‘ 2 —— ROC Curve
o === Random baseline
0-"
0 02 04 06 0s 1 80 90 100

1.TNR Dacile



Automatically compute various indexes

:".“'i-.‘.r.""l'vnii- . ' formande
GINI AUC KS GiNI AUC KS
085418 0.92709 0712635 085418 0.92709 0712635
;‘ Positive ciass identification ' ;‘ Positive ciass identification
r Suggested positive rate: 0.091064 Suggesied positive percentage: 0273314 | ! Suggested positive rate: 0.091064 Suggesiad positive percentage: 0.273314

; 3 ’ Lowerlimit 0.05 @ Upperlimit 095 @ Number of subsections 19 @ Set

’ F ’ | Threshold | Accuracy | Precision [ Recall ||
_ 005 0.777 0337 0939 _;
08 R :
= | 0.1 0828 0.205 0893
015 0853 0.434 0848
. 02 0869 0.485 0808
IR 06 —3 |
e 025 0879 0.489 0772
c -
la a | 03 0.89 0521 0738
: 04 ¥ 035 0897 0.547 0698
04 0.903 0573 0.661
i ) 045 0.906 0594 0614
02 - B 05 0.008 0617 0565 !
@ Cumulative recall ) 055 0.909 0.635 0514
o L’ === Random bassling 06 0909 0.659 0.45
0 10 20 30 A0 50 60 70 80 a0 100 ‘ 065 0807 0675 039

Detlle ' 07 0.903 0681 0.325
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Regression model evaluation



Regression model index

Regression model

evaluation

How to evaluate
the model?

Common indexes:
R2MSE, RMSE, GINI, MAE, MAPE, etc.

Graphs:
Residual diagram, result comparison diagram




Regression model index

MSE Mean of the sum of squares of the deviation between the predicted value and the true

The square root of MSE. The order of magnitude is the same as the real value, for ex:
RMSE RMSE = 10. It can be considered that the average difference between the regression
and the real value is 10.

The average of the absolute value of the deviation between the predicted value and tf

MAE
value.

The average of the ratio of the deviation between the predicted value and the true val
the absolute value of true value . MAPE not only considers the error between the prec
MAPE value and the real value, but also the proportion between the error and the real value.
scenarios, such as the house price is between 50W and 1000W, there is a big gap beil
prediction of 50W for 100W and 950W for 1000W. MAPE can evaluate the model well

The range of these four standards iIis [0, + D), qudl te

0, that is, the perfect model; the larger the error, the larger these values, and the worsetme d el 6s per f or man




Regression model index

Thinking x

Thetargetvariableof the houseprice predictiondatais "salepricé. The MSE andRMSE indexesafter

modelingare shownin the figure, andtheir valuesarevery large Doesit meanthe modelquality is
poor?

| MSE RMSE
11758395.691196 3429051719




Regression model index

7| MSE ‘ RMSE | | Minimum | Maximum \ Average | Upperquan...j Median iLowerquart..i‘Standardde...i

11758395 691196 3429 051719 34900 755000 180921 214000 163000 129900 79417.764

/

Statistics of target variable
7000

We use YModel to observe the data
statisticsof the targetvariable iisaleprice. 6000
The averageis 180000 the median is

160,000, and the data size is basically a

dozento severahundredthousandAt such 4000
alargedatasize,RMSE is morethan3,000,
that is, the difference between predicted
value and real value is more than 3,000 <000
which canbeignored -

5000

3000

0
34900 165827.273 296754.545 427681.818 558609.091 689536.364

S— T



Regression model index

Therefore,thereis no unified standardto judge the performanceof model indexes,so we must
combinethe busines®bjectivesdo makea comprehensivgidgment

In addition, theseindexesare calculatedon the testset Theseindexescanbe comparedoetween
differentmodelscreatedon the samedatasetWhenthe datasetsaredifferent, theseindicatorsare
not comparableFor example,datasetA predictshouseprices(between500000 and 1,000,000,
anddataseB predictsclothesprices(betweerb0and1000. Obviously,the predictionerrorof data
setA mustbe higherthanthatof datasetB, butit cannotbe saidthatthe modelbuilt by datasetA
IS notasgoodasthatof datasetB.



Regression model index

R{R squared, coefficient of determinatiomflectsthea c cur acy of t he model 0:¢

Generally,R? hasarangeof 0 to 1.

Thecloserit is to 1, the strongerthe ability of the variablesof the equationto explainy,
andthe betterthe modelfits the data

Thecloserto 0, theworsethe modelfitting.

R?=0.9 indicatesthatthe modelexplains90% of the uncertaintyandthe modelis very
good

Empirical valueq >0.4, goodfitting effect

R? doesnot meanthe squareof R, and it may be a negativenumber sucha modelis
equalto blind guessinghot as good as directly calculating the averagevalue of the
targetvariable

In 2015, Chai Jing released "under
the sky", in which she wanted to
explain the correlation between
PM2.5 and mortality, but the video
inadvertently showed r2=0.19,
which isa rather embarrassing
mistake(the model is too bad).

R2 | MSE |  RMSE | GINI | MAE | MAPE |
0.988031 72259221.057..  8500.542398 0.219796 6288.426567 3.851079

Using the same data to modikle closer the test set R2 is to 1, the higher the accuracy of the model, and the better the

There is no comparability between iRodeled by different datasets.




Residual plot

The residualis the differencebetweenthe real y
valueandthey valuepredictedoy the model
Theverticalaxisof theresidualplot representshe
residual and the horizontal axis representsthe
original value

It is generally believedthat if a regressionmodel
satisfiesthe given basic assumption, all residuals
should changerandomly near O.

That is to say, if the residuals are all in a band
with a small variation, the modelis good
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Residual plot

Residual

Abnormal situation

Thevarianceof theresidualincreasesvith the
increaseof the predictedvalue
Needto changeheform of X.

Residual

Nonlinear situation

In this figure, the nonzero value of the residual can be
predicted accordingto the fitting value, indicating that the
modelis underfitted, which may be causedyy incorrectmodel
structureor the needsadditionalvariables



Class exercise 2

Analyze the residual in the right figure

(b)

(e)

(H)




Class exercise 2

1. Normal residual plot
2. The model is biased, indicating that some important variables are not saved.
3. The model is under fit. The structure of the model is incorrect. The model should contain quadratic terms.

The variance of the residuals of these three T
models is constant. AT LI A T

(a) Unbiased and (b) Biased and (c) Biased and
Homoscedastic Homoscedastic Homoscedastic




Class exercise 2

4. The model indicates that the larger the predicted value, the greater the variance, namely
"heteroscedasticity'However,the modelis unbiased

Themodelhasbiasedvariance jndicatingthelack of someimportantvariables

The modelis underfit. In addition, the model has biasedvariance The model is not structured
correctlyandsomeimportantvariablesaremissing

o o

The variance of these three models is not constant.

00000

d) Unbiased and  (e) Biased and (f) Biased and
Heteroscedastic Heteroscedastic Heteroscedast




Result comparison graph

The fitting of the model can also be
observedby comparingthe real value
with the predictedvalue
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Index application

Similarly, for regressionmodel, it should also considerwhetherthe model is over
fitted, thatis, whetherthe modelis stableon theunknowndata

For example,RMSE changesn training and test setscan be usedto representhe
attenuatiorof themodel

Model performance The RMSE of the modelin training set
— and test setis almostunchangedwhich
- Test set showsthat the stability of the model is
set RMSE RMSE attenuation
good
63

Model A 3389

3452




Automatically compute various indexes

Use YModel to model the prediction data of houseprice, and then view various model
Indexesandgraphs

Model parformance evaluaion type l True response values :VJ Model parformance evaluaion type [ True response values :'J
R2 MSE RMSE Gita MAE MAPE | R2 MSE | RMSE Gita MAE MAPE
0997966 12280553 6680 3504 352091 0221123 2565 950084 1477916 0997966 12280553 6680 3504 352091 0221123 2565 950084 1477916
[Rumll Result compasison | | Resicua | Resutt comparisan |

Endvalue : —— Dbservation —— Scorn nq

| 15000 1 100 . S 250000
' -

| L - : .

Start value N . = X ¢
p T 7500 ‘e “ o oviin . v 200000
15000 v F§7 ) 2 . 3
=] . “ar fee "% 0 . .
g s R I A ,
. N - ¢ . . |
$ S atiee 0 o 150000
! 0 - A - .. 3 n
u . s (g
? Ll 7 100000
! 7500 > d
2
? 50000
-15000 2 5
0 200000 400000 00000 800000 :
. 0
Scoring o 0 10 20 30 a0 50 50 70 80 90 100
X-ans varadle | SalePnce ; Startvalue 0 Endvalue §665070' 4@ g Number of samples

Ciose | Close |




Model tuning




1. Derived variable

2 Algorithm selection and parameter
optimization

3 Appendix- Introduction to common

algorithm parameters




Derived variable

1. Binning 4. Ratio
2. Variable transformation 5. Date time variable

3. Variable interaction 6. Other derivatives



Derived variable

Derived variablerefersto the variable generatedoy the changeof original variable Good derived
variablecaneffectivelyimprove modeleffect, but thereareno fixed rulesfor generatinggoodderived
variables,and it needsrepeatedattempts This courseonly introducessome commonmethodsfor

readersteference

The extractionof derivedvariablesdepend®n businesslomainknowledge which canbe saidto be a
mathematicalepresentatiof businesdogic. Therefore businessdataand businesdogic shouldbe
understoodirst. Featureextractioncanalsobe regardedasthe procesf describingbusinesdogic by
featuresThegoalof featureextractionis to describdusinessccuratelyandcomprehensively

b




Binning

Databinningis to classifydataaccordingto somerules,which is usuallyusedfor discretization
of continuougata
Commonbinningmethodgnclude

Equi-width

binning




Binning E Binning methods

Equi-width
binning

Equi-frequency
binning

The rangeof variable value is divided into k equalwidth intervals, each of

which is regardedasa bin. Here,only boundaryis consideredandthe sample
sizein eachbin maybedifferent

The variablevaluesare arrangedn the orderof smallto large Accordingto the
numberof samplean the datasetthey areequallydividedinto k parts Eachpart

IS treatedas a bin. For example,if the numberof binsis 10, eachbin contains
aboutl(0% of thesamples

Performbinningaccordingo businessinderstanding



Binning

For example,the table showsthe income dataof a group of people,which can be divided into three

levels high, mediumandlow accordingo thethreewaysof binning

(1) Equi-width binning: there are three
bins with equal distancebetween36 and
4023 There are two samplesin the bin
with high income, the rest are all low
iIncome,andthereareno samplesn thebin
with mediumincome

(2) Equi-frequency binning: atotal of 15
samplesaresortedaccordingto theincome
level, eachbin has5 samples

Income

4023
3274
227
129
154
269
463
196
190
232
90
84
65
90
36

Equi-width

binning
High
High
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low

High
High
High
High
High
Medium
Medium
Medium
Medium
Medium
Low
Low
Low
Low
Low

Equi-frequency
binning binning

High
High
Medium
Medium
Medium
Medium
Medium
Medium
Medium
Medium
Low
Low
Low
Low
Low



Binning

(3) Custombinning rules:

- iIncome>= 100Q high-incomepopulation

- 100<income<.00Q mediumincomepopulation
- iIncome<=.00, low-incomepopulation

After binning,asshownin thetable

Equi-width Equi-frequency |Custom
ncome | .. - e
binning binning binning

4023
3274
227
129
154
269
463
196
190
232
90
84
65
90
36

High
High
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low

High
High
High
High
High
Medium
Medium
Medium
Medium
Medium
Low
Low
Low
Low
Low

High
High
Medium
Medium
Medium
Medium
Medium
Medium
Medium
Medium
Low
Low
Low
Low
Low



Class exercise 1 binning

Thereis an "age" variablein the Titanic data,as shownin the figure, which representshe age of
passengersVe hopeto grouptheir agesinto fewerintervals Use YModel to practicebinningusing
Equiwidth binning, Equifrequencybinning, and custombinning rules,and view and comparethe

results

200

180

100

50

0.42 14.889 29.358 43.827 58.296 72.765



Class exercise 1 binning

1.
2.
3.

OpenRagsoftYModel andimportii T i t.casndiaba

Select'age"variable right-click to selectfi a diativedv ar i ab |l e 0
Selecti b i n nyourapseethatthereareEquiwidth binning, EquiHfrequencybinningandcustombinning

Targetvanable Survived

Set T Vanablefiter ¥ §

. Dateformat | [ Select

' NO. | Vanable name Typo
1 Passengerld D
2 Survived Binary vanable
3 Pdass Categorical variable
4 Name ID
5 Sex Binary variable

SibSp
Parch
Tickat
Fare
Cabin
Embarked
ttle

=

4 Add derived vanabie

t
4
L 4
d

Settarget variable

Remove variable

Move variable up

Move variable down

Variable filter
Variable analysis

Analyze all vaniables

RORER®

RRERRERERE

|3 Ada derived variable

Defived vanable name  cenvel

[ e |

l s I
| Time inareal |

| Date time combination |

[ Indsrachon |

vanabie miormagon | Age (¥

Szatistical metnod Stagsncal value
Missing rate 19.865% g
Minimum 042 2
Manmum 80 v
|m1 | Gancel



Class exercise 1 binning

(1) Equiwidth binning, interval is 10, generate "derivel"

: Missing rate | Cardinality I
' Age l“ derive1 ‘ | 19.865% 1 |
22 | 20.315000000000005 : :
Data interval in
38 36.231 each bin is equal
26 | 28.273000000000003
35 36.231 ® d0%is
28.273
35 36.231 = 36231
W 44189
W 4399 1%
W 12357
54 | 52.147000000000006 <
68.063
2 4399 w 76.021
27 | 28.273000000000003
14| 12.357000000000001

Note: After binning, the data in each bin is represented by the average value of the original data in the bin.



Class exercise 1 binning

Gi , AUC ks | o | AUC | KS
0777758 0888879 0691851 0.791645 0895822 0584204

}aocmﬁﬂ Recall | Acauracy | _[mm]ﬁ] Recat | Accuracy |

1

08 08

06 ¥ s 06
T T
3 P
R 2 R

04 ~a® D4

0.2 ¥ 3 02

- ROC Curve 4 $ — ROC Curve
== Random baseline ™ = == Random bassline
0>» o+
0 02 04 06 08 1 0 02 04 06 08 1
1-TNR 1-TNR

Before binning After binning

The AUC value is increased after Equiwidth binning of the passenger's age.




Class exercise 1 binning

(2) Equifrequency binning, number of binis 5, generatd e r i v e 2 0

| Age \| derive2 | s Cardasty |
. 19.865% 6
22 220
Equal amount of
38 36.5 184 data in each bin
26 285
177
35 365
35 365 : g";':—'- 145
285
WmB05
m 220
54 60.5 ™ 365
126
2 9.71
27 285
14 9.71 137




Class exercise 1 binning

| Gt ; AUC KS ] G | AUC Ks
‘ 0777758 0888879 0691851 | 0770523 I 0889762 | 0.691851
lm]m Recail | Accuracy | | | Roccume | ua | Recan | Accuracy i

1

1

v
’
’
-
e

08 08

06
06
-
5 P
& R
04
04
02
0.2
we ROC Curve
= ROC Curve == Random basaling
.’ == Random baseline gr
0’ 04 08 oe 1
0 02 04 06 08 1

1-TNR
1-TNR

Before binning After binning

The AUC value is slightly increased after Equifrequency binning of the passenger's age,



Class exercise 1 binning

r ul

es, generate

Usually, the rules of
binning is defined

according to the
business understanding

Missing rate / Cardinality

(3) Custom binning

Underl8, as a group

18-60, as a group

Greater than 60, as a group | Age | derive3
22 39.0
38 39.0
26 39.0
35 39.0
35 39.0
54 39.0
2 9.21
27 39.0
14 9.21

19.865% R

W 390
B NULL
9N
W00




Class exercise 1 binning

o e ) -
GiN | AUC KS | ol | AUC XS
0777758 0888879 0691851 0777994 0888997 0883377

}aocm]Tﬂ Recall | Acauracy | [ RoG curve | Ln | Recai | Accuracy |

1 1

08 08

06 > . 06
T P
P R
R 0
q
04
02
0.2
—— ROC Curve
= ROC Curve : == Random baseline
’ == Random baseline o b’
o b’ o 02 04 06 08 1
0 02 04 06 08 1

1-TNR
1-TNR

Before binning After binning

The AUC value is also slightly increased after custom binning of the passenger's agg¢




Variable transformation

In orderto improvethe effect of the model,somemathematicatransformationsare sometimesnade
to the variables,such as logarithmic transformation,Box-Cox transformation tangent,arctangent,
hyperbolictangentgtc

Logarithmtransformations generallyusedfor financial data,which cantransformexponentiagrowth
datainto lineargrowthdata

For example,if you subtractyesterday'shareprice from today'sshareprice, it doesn'tmakesenseo
getthedifference becausdhe stockpriceis high or low, andthe caliberis different But aftermaking
logarithmictransformatiorand subtractionyou get the growth rate,andthe caliberis the same This
IS to transformthe exponentiagrowthdatainto lineargrowthdata

Box-Cox transformation is akind of generalizegowertransformatiormethodproposedy Box and
Coxin 1964 It is a kind of datatransformatiorcommonlyusedin statisticalmodeling,whichis used
In the casethatcontinuousrariabledoesnot meetnormaldistribution




Variable transformation

Tangent transformationand arctangent transformationare value domain transformationswhich
transformdatainto eachotherin finite domainandinfinite domain

For example,the claim amount,whosevalue can be between0 andtensof millions, hasno upper

limit, andcanbe limited between0 and” 2 by arctangentand doesnot changethe order,which is
very helpful for the stability of the model




Class exercise 2 Variable transformation

Exercise Use YModel to performarctangentransformatioronthen F a vaaablein Titanic datato
generateéhederivedvariableiiFare arctamandrunto view thederivedresults

| Fare

Fare_arctan

7.25
71.2833
7.925
53.1
8.05
8.4583
51.8625
21.075
11.1333
30.0708

1.433730152484709
1.5567687157296288
1.4452767365013508
1.5519661609664408

1.447205858093064
1.4531155309100667
1.5515169611848643

1.523382304280547
1.4812160860094639
1.5375537254669602

L3 Add derived variable

| Derved vanable name  Fare_arctan

Jm Agvance |

Ratio

Tima intaryal

| Date sme combdinatan

Interachon
Transtormation

Bnning

| Pasomivpe: [Fmae. 8
| | Vanable Fae v Function

Hypacbolic tangent

The Al Bodel will prapare jog ¥ansformation. 30 here's no need 10 20d a log-ransfomed derved variadie

Vanable information | Age ﬂ

Staisscat method Stststical vatue
Missing rate

Minirmum

ST

Maximuem

() | Gancel.

Notey In the processof preprocessing,YModel will automatically do
logarithmictransformationandusersgenerallydo not needto do logarithmic

derivation



Class exercise 2 Variable transformation

GINI | AUC KS | GINI | AUC KS
0777758 0888879 0 691851 0779406 0889703 0.680206

[RocGuve | Ln | Recan | Accuracy [Roc o] Ln | Reca [ Accuraey |

1 1 /_/_/—,_/_F_//"
. o
06 e
T ;
P R
R
04 04
02
0.2
—— ROC Curve
= ROC Curve == Random bassline
== Random baseline 0«
ob 0.4 08 08 1
0 02 04 06 08 1 +TNR
1-TNR
Before arctangent transformation After arctangent transformation

After arctangent transformation for "fare", AUC slightly increased.



Variable transformation

In addition to performing some mathematicaltransformationson the variablesthemselvessome
variablesthat reflect the relationship with the target variable can also be derived, such as the
proportionof targetpositivesamplesOddsencodingJog-oddsencodingandnumericalargetmean

The proportion of target positive samples asa categoricalvariablesn the classificationrmodel,reflects
the positive rate of eachcategoryof variables For example,10 boys and 10 girls take the university
entranceexamination,and the admittedresultsare 7 boys and 3 girls. Then the male positive sample
proportionis 7/ 10= 0.7, andthe femalepositivesampleproportionis 3/ 10=0.3

Odds is literally translatedas winning rate, meaningthe ratio of occurrenceswhich is a statistical
conceptIn theaboveexample podds(boy)=0.7/ 0.3 =2.33, odds(girl) =0.3/0.7 =0.428

Log-oddsencodingis to performlogarithmiccalculationbasedon Odds

Numerical target mean refers to the mean value of each categoryof categoricalvariable in the
regressiormodel




Class exercise 3 Variable transformation

Exercise Use YModel to transformthe "sex" variablein Titanic datainto the targetpositive sample
proportionto generateéhederivedvariable"Sex_meah andrunto view thederivedresults

i ' BAdd derived variable e .
‘ Sex Sex"’mean | Derived vanable name hSer mean ‘
male 0.1894463667820069 Nomal | Aovance
female | 0.7412698412698413 - e e 4
| Time interval | | variable | Sex i R
female | 0.7412698412698413 || Datetne combinatin | Dt orTime
Standardization
female 0.7412698412698413 e Box-Cox
" Transtomaton
male 0.1894463667820069 e ca—] i

male 0.1894463667820069
male 0.1894463667820069 =

Variable information | Age ;]
male 0.1894463667820069 Statistical method Statistical value

Missing rate

female | 0.7412698412698413 T : P
female | 0.7412698412698413

v
I




Class exercise 3 Variable transformation

Gt | AUC KS I GiNI | ] AUC 1 XS
[ 0777758 0888879 | 0 6921851 0.778935 0.889467 0667608
Jmmlm Recall I Accuracy Imml@];;al‘lw
08 08 2 3
06 08
T T
] P
=3 R
04 04
0.2 02
—— ROC Cumve —— ROC Curve
== Random baseline . o’ === Random baseline
v (; 02 04 06 o8 1 . (; 02 04 06 08 1
1-TNR 1-TNR
Before transformation After transformation

AUC slightly increased after doing the target positive samples proportion transformation.




Variable interaction

Variable interactionrefersto the multiplication of two variables,which can be numericalvariable *

numerical variable, or categoricalvariable * categoricalvariable Generally, we can multiply two
variableswith highimportanceo improvethe modeleffect

Combinedfeatureis oneof the mostimportantmethoddn featureengineeringlt combinegwo or more

classattributesinto one Thisis a very usefultechniguewhena combinedfeatureis betterthana single
feature

If thereis acharacteristid, A hastwo possiblevalues{A 1, A2}. Thereis acharacteristic
B, B hastwo possiblevaluesof {B 1, B2}. Then,the crosscharacteristicbetweerA * B

areasfollows: {(A 1, B1), (AL, B2), (A2, B1), (A2, B2)}.




Class exercise 4 Variable transformation

Exercise Use YModel to interactivelyderivetwo importantcategoricalvariablesof Titanic data,andmodelto seethe
comparisorresults
lllsfmqrate | Camnam

(1) Importthedatafor automatianodeling,andreturntheimportance L ox ¢
of variablesasshownin thefigure belowon theleft.

(2) Performvariableinteractionbetweer'sex" andiPcalss to
generatésex_Pclass.

W (mate,3)

® (femate3) 144
{maie, 1)
W (male,2)
[ W (female 1)
DataBis  Manict mix % Reload data \ Sex | Pclass | Sex_Pclass W female 2) 7%
Targolvanadle  Suraved Set T Vanadiefiner ¥ § e 3 (male,3)
NO. Vanable name Type Date format @ seloct] tmportance | || female 1 (female, 1)
1 Sex Binacy vanadte W 1 ". female 3| (female,3)
2 ] ! 042
- Smenenimini < female 1| (female 1)
3 Pdass Categoncal vanable LZ 0322
4 SioSp Calegoncal vanabie I 0188 male 3 (male,3)
s Categorical vanadle il L male 3] (male3)
s Fare Numerical variable It 0.159
7 Embarked Categoncat variaste ) 0.028 male 1| (male1)
8 Parch Categotical vartadle v/ o021 male 3 (male,3)
9 Passengerid D /) 0
‘T“ female 3| (female3)
10 Sunwed Binary vanable 4 .
1 Name 0 ) of female 2| (female,2)
12 Ticket ] 0
i L/ | female 3| (female3)




Class exercise 4 Variable transformation

0777758 0888879 0 691851 0786937 0893469 0687026

JaochTﬂ Recall | Accuracy | _[mm] #AR | BRE | 60T |

1 1 .
v .
’ .
e .
4 ’
g ’
a .
4 .
.
=

08

"
0.6 %
: X
04 :
02
= ROC Curve —— ROCAR
’ == Random baseline . == My
00.’ 02 04 06 o8 1 0 02 04 06 08 1
1-TNR I-ERAF(-TNR)
Before interaction After interaction

After multiplying the two important variables, AUC slightly improved.




Ratio

Ratio is the division of two variables, used for continuous variables.
Ratio is also a method of feature combination. Feature combination is a supplement to make up for
the lack of linear model which can not express nonlinear properties, which is helpful to improve the

expression ability of linear model.
Note: In the ratio calculation, the denominator variable cannot have 0.

Exercise derivetheratio combinationfeatureof two continuousvariablesn Titanic data,run and
view theresult



Class exercise 5 Ratio

(1) Importdatainto YModel andaddderivativevariables
(2) Divide "age"by "fare". Theratio cannotbe calculatedoecauséfare" containg0.
(3) Divide "fare" by "age"to modelandcalculate

{ Age | Fare Fare/Age
22 7.25| 0.32954545454545453
38 71.2833 1.8758763157894736
26 7.925 0.3048076923076923
35 53.1 1.5171428571428571
35 8.05 0.23
8.4583
54 51.8625 0.9604166666666666
2 21.075 10.5375
27 11.1333| 0.41234444444444446
14 30.0708 2.1479142857142857

[Age

'J | |Fare VJ

Message X

6 The variable Fare contains zero and cannot calculate the ratio.

OK




Class exercise 5 Ratio

s | o i | G | AUC Ks
‘. 0777758 0888879 0691851 . 0772698 0886349 | 0679729
T C T [ocmia] wrm [mex | 4w

1

1

08 08

06 ; 06
; :
R 7

04 P s
R

0.2 02

" T :Encdg::::eanlmu 7 i(i(.;?‘ryx i
oo 02 04 06 08 1 06' 73 e o s !
1-TNR 1-RAREO-TNR)
Before the ratio transformation After the ratio transformation

After dividing a numerical variable by another, AUC is slightly lower than before.




Date time variable

Common derivatives
Date time variable is very important in data mining,

: which canextracta lot of usefulinformation
For example,for the datevariable,you can extractthe

month, seasonweek, holiday or not, andthe daysfrom
now;

For the time variable,the morning, afternoonand night
can be derived for any two datevariables,the interval
dayscanbecalculatedetc

Business scenario
derivation

Thereare also somederivedvariablesrelatedto business
scenarios,which needto be addedby usersbasedon

businessunderstandingFor example,the salesdataof e-

commercai B | &rad&y" will be aspecialdate,while the

customerflow of cinemasmay havea strongrelationship
with national public holidays and winter and summer
holidays

Time related feature
extraction

a|qelren awin areq

Userscan also extracta lot of featurevariablesbasedon
dateandtime, suchasthe login informationof APP users
in the past 1 month and 3 months, and the operation
situation in different time periods Of course, how to
derive should be understoodaccordingto the business
significance thereis no unified approach

Note RagsoftYModel will automatically derive common
datetimederivedvariables



Class exercise 6 Time interval

Time interval refersto the subtractionof two time variables For example,in the credit businessthe user's
repaymentdue dateis subtractedrom the actualrepaymentateto getthe user'srepaymenhabits Someusers

like to prepaysomelike to repayonthe sameday,andsomeareusedto overdue

Exercise Date2 and datel in catering
salecsv are subtractedand the interval is in

B3 Add derived variable

Dernved vanabie name

Normal | Advance

days

date1 | date2 date2-date1 |
2015-03-01  2020-01-01 1767.0
2015-02-28  2020-01-02 1769.0
2015-02-27 2020-01-03 1771.0
2015-02-26  2020-01-04 1773.0
2015-02-25 2020-01-05 1775.0
2015-02-24  2020-01-06 1777.0
2015-02-23  2020-01-07 1779.0
2015-02-22  2020-01-08 1781.0
2015-02-21  2020-01-08 1783.0

Date time combination

|

Ratio

Time interval

Interaction

Transformation

date2-date1

Time ana date | date2 v
Time and date | date1 = J
Unit of bme Interval | Day j

= dale2 - date1

Binning

Variable informabon | date1 :J

Statistical method
Missing rate
Minimum

Maximum

Statstical value

l

Cancel

T Je

_—



Class exercise 7 Time date combination

Time datecombinationcancombinemultiple time informationvariablesnto time variable,

For example,thereare threevariables"year", "month" and "day" in catering_salecsv We can

combinetheminto atime datevariable

 year | month | day | derivet
2016 3 1| 2016-03-01
2016 3 1| 2016-03-01
2016 3 1| 2016-03-01
2016 3 1| 2016-03-01
2016 3 1| 2016-03-01
2016 3 1| 2016-03-01
2016 3 1| 2016-03-01
2016 3 1| 2016-03-01

L3 Add derived variable

Darved variable name  derived

_[Not—maﬂ agvance |
Ratio Combination type | Year, month, day ¥
Timeintenat |l vear [year || Format |#) Defaunvaiue 2020 |7
Date ime combination | || yonm | month | w| Format 1 EJ Defattvalve (1w
Interaction |l pay lday—7| Format d m Default value |1 v
Transtormation
Binning

Variabie information | date "
Statistical method

Missing rate

Minimum

Maxmum

Statistical value

-"\\_’).I

l oK | |_;;am:el |




Other derivatives

The aboveonly introducesthe common methodsof derived variable, and the adding methodsof
derived variable are far more than these, but they are usually derived by combining business
understandingnddatacharacteristics

For example,in the Titanic data, thereis a Braund(MroOwen Harris

variable"name' Eachpassenger'sameis
different, so it's meaninglessto model Helkiinen, Wiss. Laina
directly. But after careful observationjt is Futrelle, Mrs. Jacques Heath (Lily May Peel)
found that almost all passenger'sname Allen, Mr. William Henry
registrationscontain Mr, Mrs € We can Mora@ames

extract these common appellations and McCarthy, Mr. Timothy J
generatenew variablesto participatein the
modeling

Cumings@lohn Bradley (Florence Briggs Thayer)

Palsson, Master. Gosta Leonard

Johnson, Mrs. Oscar W (Elisabeth Vilhelmina Berg)

Nasser, Mrs. Nicholas (Adele Achem)

Sandstrom(Miss Marguerite Rut



Class exercise 8 Other derivatives

Exercise derivethe"name"of theTitanic data,named'title”, andseethederivedeffect

Youcan usethe advancedlerivedvariable functionof YModelto freely write derivativefunctions

Theoperationmethods asfollows

L3 Add derived variable

Defived variadle name  derived

Free to write
/ derived rules

Ticket

I
Aql'f)l.'
Varavle name Vanable information
ser e Stastical meinog
Age Missing rate
Pdass Minimum
s Manmum
Cabin =

(e o
Embarked ! Upper quartée
Parch Medan
Passengenc Lower quartie
Survved S2anacarg gevaton
Name
e

(s | Gancet |

View variable statistics
Double click to select

variable

L3 Add derived varlable

Derived vatiable name  derved

Am'Fau]

RoattvaueErp)
IntivalueExp)
longistringExp)
numoes stnngEsp)
sting@qeu(expression format)
fadc

NdoottrueValue, default)
casepuayl. )

Sval{SingExp argExp...)

V)

absinumberExp)

View function usage

Double click to

select function

1 valueEsp (A numernic sinng or 3 numjer)

5



Class exercise 8 Other derivatives

Exercise: derive the "name" of the Titanic data, named "title", and see the derived effect.

The derivative function is shown in the left figure:

i Name tite |

Derived variable name title Braund, Mr. Owen Harris Mr
Cumings, Mrs. John Bradley (Florence Briggs Thayer) Mrs

[ Normal Tmce] Heikkinen, Miss. Laina Miss
'Name‘.spIit@b(',“)(Z).split(‘.')(1) Futrelle, Mrs. Jacques Heath (Lily May Peel) Mrs
Allen, Mr. William Henry Mr

avw Moran, Mr. James Mr
McCarthy, Mr. Timothy J Mr

Palsson, Master. Gosta Leonard Master

Johnson, Mrs. Oscar W (Elisabeth Vilhelmina Berg) Mrs

Nasser, Mrs. Nicholas (Adele Achem) Mrs

Sandstrom, Miss. Marguerite Rut Miss




Class exercise 8 Other derivatives

GiN ; AUC KS | | Gant AuC | KS
0777758 0.888879 0591851 0793057 0.896528 0693145

Jaocmlm Recall | Accuracy ROC Curve | Ln | Recall | Acouray |

-
-
¢
-
-
’
.
.
¢
-
v

08

1

08

06 "5 06
T T
P P
R 3 R

04 ~a® 04

02 " 02

—— ROC Curve ¥ 5 —— ROC Cutve
== Random baseline ’ == Random baseline
0 A
0 02 04 06 08 1 : 0 0.2 0.4 06 08 1
1-TNR

1-TNR

Before adding After adding

AUC slightly increased after adding "title" variable.




Conclusion

From the aboveseveralexampleswe canseethat the addition of derivedvariablescanimprovethe
effectof themodelandcanalsoreducethe effectof themodel We needto keeptrying.

Whenaddingderivedvariableswe mustfully understandhe businessharacteristiceandconsiderthe
factorsthataffectthe busines®bjectives For examplejn the creditbusinessthe user'sdefaultrisk is
often relatedto the repaymentability and willingnessto repay We can add derivedvariablesfrom
thesetwo aspectsin the productpurchaseprediction, whetherthe userpurchasess relatedto the
user's purchasingability, purchasedemand,product promotion and other factors In the health
Insurancescenariothe claimrisk is relatedto the user'sgender,age,physicalcondition,living habits
andotherfactors

Therefore whenaddingthe derivedvariables|t is necessaryo considerwhatthe businesbjectives
areandwhatkind of variablesmaybederivedfrom them,which is of greatrelevancdo the objectives
Thebusinessignificanceof thefieldsis very important



Algorithm selection and
parameter tuning



Algorithm selection and parameter tuning

In the chapterof modeling,we introducedsomecommonalgorithms Different algorithmswill have
differentperformancen differentdata Thereforewe cantry differentalgorithmsto optimizemodel
performance For the optimization of the samealgorithm, we can adjust parametergo optimize
modeleffect

Exercise

(1) Model the Titanic data,and usethe LogicClassificationalgorithmto observethe performance
of themodel

(2) Try otheralgorithmsandobserveaheir performance

(3) Changeheparametersf analgorithmandobservehe performancef the model

In orderto facilitate the readergo understandhe meaningof parameterghe parametemtroduction
of commonalgorithmsis arrangedn theappendixor reference



Class exercise 9 algorithm selection

We alsouseRaqsoftYModel to completethe exercise

By default, YModelwill calculateall algorithmsin the algorithm library and automaticallyselect
the optimalalgorithmor algorithmgroup.

At the sametime, it also supportsthe userto specifyoneor severalalgorithmsfor calculation(the
algorithmspecifiedby the usermustbeincludedin the YModelalgorithmlibrary).

m Model options X

| Normal I Binary model I Regression model | Multicdiassification model l

A|gO[’Ithm Can be freely Selected |n NO Bumoel Numberolsamples M select Af NO | Pafaetoramc ! Parameter value
modeloptionmenu " | L o —
. o . assmcaton L_J s er
Note: if you are not familiar with the 3 RFCussfication 1 0 : max_deplh
algorithm or do not have specified e — R
) . ) .. 5 jdgeClassification (] 5 min_samples_lea
requirements for business scenarios, it IS &  runcsssacton . T
recommended to use automatic 7 XGBCiassification 1 C] 7 max_features
. 8 CNNClassification 1 [] 8 random_slate
calculation results. T

10 min_impurity_decrease

1 class_weight K

- —I=3




Class exercise 9 algorithm selection

For Titanic data,the comparisorresultsbetween'logicClassificatiott and automaticmodelingare as
follows. Pleasegoracticeotheralgorithmsby yourself

GiINI AUC KS l = AUT ‘ KS
0.777758 0888879 0621851 0722019 0851450 0599706

_[moccune [ Lin | Recan | Acauracy | [ Roccuve | La | Recan [ Accurag |

, v . ."' [ — ."’
I
’ 08 ,—/{//,,-’—}
Automaticmodeling Manually specifyalgorithmmodeling

The performance of model with manually specified algorithms is not as good as those wit

automatically selected algorithms.



Class exercise 10 parameter tuning

Using YModel, userscanfurther adjustparameter®n the basisof automaticmodelingto optimize

themodelandspeedup theefficiencyof parameteadjustment

First,copythealgorithmandparameterautomaticallygenerated
Into themodeloptionsin the modelpresentation

m Model presentation

Ensemble perfformance 0 888879 Parametername | Parametervalue |
. £ Y
= —— max_delts s 0
Model name | auc /] Select y Son
- base_score 05
XGBCwssMcation_1 879758 '/
random_state 0
RidgeClassification_1 0.864401
n_jobs )
GBOTCiassification_1 0881812 )
n_estimators 150
min_child_weight 1
gamma 0
pooster gblree
regQ_lambda 1
— x - scale_pos_wel 1
Unusad modals aue (] Select _weight
73 subsampie 1
RFCiass#fication_1 0846484 L] - Y P
colsampie_bylevel 1
FNNCiass#fication_1 0683115 ] [ o
- Dan deoth 5 ¥
[MMMDWW] Lgoso ]

I3 Madel options

| Normal Im,m] Regression mouol] Mutticlassfication moo-l]

Parameter value ca
be freely modified

In themodeloption,parametersanbe optimizedon the basisof automatianodeling

X

| NO. | Binarymodel | Number of samples () Select

1 TreeClassification 1

RFCiassification 1

<

£x

LogicCiassification 1
RidgeClassification
FNNCiassification

ERERREN

e N O M AW

1

2

3

4

1 I s
1 6
XGBClassification 1 7
CNNCiassification 1 8
9

10
1"

an

leaming_rate
n_estimators
subsampie
criterion
min_samples_spiit

min_samples_leal

01

150

10
friedman_mse
50

50

men_weight_fraction_leaf] 0

max_depth
min_impunty_decrease

random_state

——— e i

]
1e-08
0

| Cancel

e

NO. ' Parameter name , Parameter value
7 1033 aewancs 0




Class exercise 10 parameter tuning

For example, based on the automatic modeling of Titanic data, thestimators of XGBC is

changed from 150 to 200.

2§ Model options X X
| Normal | Binary model | Regression model | Multiclassification model | n model |
NO. ‘ Binary model | Number of samples| M select NO. | Parameter name ‘ Parameter value ‘ NO. | Parameter name | Parameter value |
1 TreeClassification 1 O 1 max_depth 6 A 1 max_depth 6 E
2 GBDTClassification 1 (] 2 learning_rate 0.1 2 learning_rate 0.1
3 RFClassiication 1 CJ 3 n_estimators 200
4  LogicClassification 1 0 4 objective binarylogistic 4 objective binarylogistic
5 RidgeClassification 1 ] 5 booster gbtree 5 booster gbtree
6  FNNClassification 1 ] [ 6 gamma 0 [ 6 gamma 0
7 min_child_weight 1 7 min_child_weight 1
8 CNNClassification 1 (] 8 max_delta_step 0 8 max_delta_step 0
9 subsample 1 9 subsample 1
10 colsample_bytree 1 10 colsample_bytree 1
11 colsample_bylevel 1 11 colsample_bylevel 1
v v

jny [ conce! |

lpeie (_conce! |




Class exercise 10 parameter tuning

GiN ; AUC KS
0777758 0888879 0 691851

Jaocm]m Recall | Accuracy

1

08

06

DoV

04

0.2

= ROC Curve
== Random baseline

0 02 04 06 08

1-TNR

Automatic parameter adjustment

s 1 AUC | KS
0784578 0882289 0.678553
[ Roccune ] L | Recan [ Acouracy |
1
o~

.
”
-
’
.
-
-
v
.

no-

—— ROC Curve
== Random basaline

0 02 04 06 o8 1

1-TNR

Manual parameter adjustment

After manuallymodifying the parametersf thealgorithm,the effectof the modeldecreaseslightly.

Therefore,manualparameteradjustmenteedsrich experienceand many attempts,andthe efficiency of

parametenadjustments relativelylow.



Appendix - Common algorithm
parameters



Linear regression

fit_intercept

normalize
copy_X

n_jobs

If there is any truncation, if not, the straight line will cross the ori

Whether to normalize the data

The default is true. When it is true, x will be copied, otherwise x
be overwritten

The number of cores used in the calculation. The default value i



Lasso parameter

alpha

fit_intercept

normalize

copy_X

precompute
max_iter

tol

Coefficient of regularization item, float, optional, default 1.0. When alpha is 0O, the
algorithm is equivalent to the ordinary least square method, which can be realized thr
linear regression, so it is not recommended to set alpha to O

Include intercept item or not, Boolean, optional, default to true

Standardize data or not, Boolean, optional, default false

Boolean, optional, default true
if true, x will be copied; otherwise, it may be overwritten

Whether to use the pre calculated Gram matrix to speed up the calculation, if set to 'e
the machine will decide
Int, optional, Max cycles

Standard for stopping calculation, float type, default igl lmdicates that the calculation
stops when the accuracy is met



Lasso parameter

Warm start parameter, bool type. The default is false. If true, the last training result is

warm_start
as initialization parameter, otherwise, the last training result is erased
" Bool, optional
positive
When set to true, force the coefficient to be positive
str, default 'cyclic’
selection if it is set to ‘random’, parameters will be updated randomly for each cycle, and will be

updated successively according to the default setting.

random_state  |nt, random seed, available only when selection is random



Ridge parameter

alpha

fit_intercept
normalize

copy_X

solver

Coefficient of regularization item, float, optional, default 1.0. When alpha is 0, the algc
IS equivalent to the ordinary least square method, which can be realized through linet
regression, so it is not recommended to set alpha to O

Include intercept item or not, Boolean, optional, default to true

Standardize data or not, Boolean, optional, default false

Boolean, optional, default true
if true, x will be copied; otherwise, it may be overwritten

Optimization algorithm,

auto: auto select

svd singular value decomposition method, which is more suitable for singular matrix
calculation than Cholesky

cholesky Cholesky method

sparse_cgconjugate gradient method, suitable for big data calculation

Isgr. least square method,

sag: random average gradient descent method, good performance in big data



Ridge parameter

max_iter Int, optional, Max cycles

Standard for stopping calculation, float type, default tg ldicates that the calculation

el stops when the accuracy is met

random_state  |nt, random seed



Elastic Net parameter

alpha

|1 ratio

fit_intercept

normalize

copy X

precompute

max_iter

tol

Coefficient of regularization item, float, optional, default 1.0. When alpha is O, the algc
IS equivalent to the ordinary least square method, which can be realized through linee
regression, so it is not recommended to set alpha to 0

Between 0 and 1, between L1 penalty and L2 penalty, if I1_ratiagkén L1, if L1 ratio =
1, then L2

Include intercept item or not, Boolean, optional, default to true

Standardize data or not, Boolean, optional, default false

Boolean, optional, default true
if true, x will be copied; otherwise, it may be overwritten

Whether to use the pre calculated Gram matrix to speed up the calculation, if set to 'e
the machine will decide

Int, optional, Max cycles

Standard for stopping calculation, float type, default igl limdicates that the calculation
stops when the accuracy is met



Elastic Net parameter

warm_start Warm start parameter, bool type. The default is false. If true, the last training result is
as initialization parameter, otherwise, the last training result is erased

positive Bool, optional
When set to true, force the coefficient to be positive

selection str, default ‘cyclic
if it is set to 'random’, parameters will be updated randomly for each cycle, and will be
updated successively according to the default setting.

random_state  Int, random seed, available only when selection is random



logistic

penalty

dual

tol

fit_intercept

intercept_scaling

Penalty item, STR type, optional parameters are L1 and L2, default is L2. Newton C
andlbfgs only support L2 specification. L1 assumes that the parameters of the model
satisfy the Laplace distribution, L2 assumes that the parameters of the model satish
Gaussian distribution.

Dual or primitive method, bool type, default is false. Dual method is only used to sol
penalty term ofblinear When the number of samples > sample characteristics, dual is
usually set to false

Standard for stopping calculation, float type, default igl lmdicates that the calculation
stops when the accuracy is met

The reciprocal of the regulari zati on
positivefloating pointnumber. The smaller the number, the stronger the regularization

Include intercept item or not, Boolean, optional, default to true

Only useful when the regularization item iblinear* andfit_interceptis set to true. Floa
type, default is 1



logistic

class_weight

random_state

solver

It represents the weight of various types in the classification model. It can be a dictionary or 'bal
string. It is not entered by default, that is, it does not consider the weight, that is, it is none. If yo
choose to input, you can select balanced to let the class library calculate the type weight by itse
you can input the weight of each type by yourself.

Random number seed, int type, optional parameter, default to none, only useful when the optimi
algorithm is sagliblinear

There are five optional parameters, namedwtoncg,lbfgs,liblinear,sag,sagdhe default idiblinear.

The solver parameter determines our optimization method for the loss function of logistic regres
liblineary using the opeisourcdiblinear library to implement, using of the axis descent method to
iteratively optimize the loss function.

Ibfgsy a kind of quasi Newton method, which uses the second derivative matrix of loss function, i.e.
Hessian matrix, to iteratively optimize the loss function.

newtonrcgy it is also a kind of Newton method. It uses the second derivative matrix of loss function,
namely Hessian matrix, to iteratively optimize the loss function.

sag random average gradient descent, which is a variation of gradient descent method. The di
between the gradient descent method and the general gradient descent method is that each iter
uses a part of the sample to calculate the gradient, which is suitable for the case when there are
sample data.

sagy a variation of linear convergence stochastic optimization algorithm.



logistic

max_iter

multi_class

verbose

warm_ start

n_jobs

Algorithm convergence maximum number of iterations, int type, default is 100. Only u
when the optimization algorithm is Newt&@(5, sag antbfgs. The maximum number of
iterations of the algorithm convergence

Multi classification mode selection parameter, str type, optional parametens arel
multinomial, default i©vr

Log redundancy length, int type. The default is O, the training process is not output. T
result will be output occasionally when it is 1; when it is greater than 1, the result will
output for each sub model.

Warm start parameter, bool type. The default is false. If true, the last training result is
as initialization parameter, otherwise, the last training result is erased

Parallel number. Int type, default is 1. When 1, use one core of CPU to run programs,
when 2, use two cores of CPU to run programs. WHemun the program with all CPU
cores.



Decision tree parameters

Parameter DecisionTreeClassifier DecisionTreeRegressor

criterion

splitter

max_features

max_depth

For feature selection criteria, "Gini" or "entropy" can be You can use "MSE" or "MAE". The former is the mean
used. The former represents Gini coefficient and the le squared error, that is, the average of the sum of the
represents information gain. Generally speaking, the squares of the errors. The latter is the average of the
default Gini coefficient can be used, that is, CART absolute error.

algorithm.

The selection criteria of feature points can be "best" or "random"”. The former finds the best partition point amc
the partition points of the feature. The latter is to find the local optimal partition point randomly. The default "be
suitable when the sample size is not large, and if the sample data size is very large, the decision tree construt
recommends "randomi.

The maximum number of features considered in the partition. It is "None" by default, which means that all feal
considered in the partition; if "log2" means that at nhogN based on 2 features are considered in the partition; if
"sqrt" or "auto" means that at most the squared root of N features are considered in the partition. If it is an inte
represents the absolute number of features considered. If it is a flpatmgwumber, it represents the feature
percentage under consideration, that is, the number of features after the percentage rounding is considered. \
the total feature number of samples.

The maximum depth of the decision tree. It is not entered by default. If it is not entered, the depth of the subtre
not be limited. Generally speaking, this value can be ignored when there is little data or features. If the model
many samples and features, it is recommended to limit the maximum depth. The specific value depends on th
distribution of data. Common values can be betweehQlD



Decision tree parameters

Parameter DecisionTreeClassifier DecisionTreeRegressor

min_samples_split

min_samples_leaf

min_weight_fraction_
leaf

max_leaf nodes

The minimum number of samples required for node splitting, if the number of samples of a nc
less than min_ samples__ split, it will not continue to try to select the best feature to divide. Th
default is 2.

The minimum sample number of leaf nodes. If the number of leaf nodes is less than the sam
number, they will be pruned together with their sibling nodes. The default value is 1. You can
the integer of the minimum number of samples or the percentage of the minimum number of
samples in the total number of samples.

The minimum sample weight sum of leaf nodes, if less than this value, will be pruned togethe
brother nodes. The default value is 0, that is, the weight is not considered. Generally speakin
there are many samples with missing values, or the distribution category deviation of the
classification tree samples is large, the sample weight will be introduced, and this value shou
paid attention to.

Maximum leaf nodes. By limiting the maximum number of leaf nodes, over fitting can be prev
The default value is "None", that is, the maximum number of leaf nodes is not limited. If the i
added, the algorithm will establish the optimal decision tree within the maximum number of le
nodes.



Decision tree parameters

Parameter DecisionTreeClassifier DecisionTreeRegressor

class_weight

min_impurity _split

presort

The weight of categories. It is mainly to prevent too many
samples of some categories in the training set, which rest
in the decision tree leaning too much to these categories.
default, "None", you can specify the weight of each sampl
by yourself, or use "balanced". If you use "balanced", the
algorithm will calculate the weight by itself, and the sampl
weight corresponding to the category with small sample s
will be higher.

Not applicable to regression trees

This value limits the growth of decision tree. If the impurity (Gini coefficient, information gain,
mean square deviation, absolute difference) of a node is less than this threshold, the node wi
generate a child node.

Whether to pre sort the data or not. Boolean value. Default false: do not sort.



Random forest parameters

n_estimators

bootstrp

oob_score

The number of decision treesnif estimatorss too small, it is easy to under fit; If it is too
large, it can not significantly enhance the model. So choose the right number of n_
estimators.

Whether to use put back sampling for sample set to build tree, true means yes, and tl
default value is true.

Whether to evaluate the quality of the model with out of bag samples. True means ye
default value is false.



Random forest parameters

criterion

max_features

max_depth

min_samples_leaf

For feature selection criteria, "Gini" or "entropy"” can be used. The former represents Gini coefficient and tr
represents information gain. Generally speaking, the default Gini coefficient can be used, that is, CART al¢
You can use " MSE" or "MAENn for regression model
the sum of the squares of the errors. The latter is the average of the absolute error.

The maximum number of features considered in the partition. It is "None" by default, which means that all

are considered in the partition; if "log2" means that at noghl based on 2 features are considered in the part|
if "sgrt” or "auto" means that at most the squared root of N features are considered in the partition. If it is a
integer, it represents the absolute number of features considered. If it is a ffmatihgumber, it represents the

feature percentage under consideration, that is, the number of features after the percentage rounding is cc
Where N is the total feature number of samples.

The maximum depth of the decision tree. It is not entered by default. If it is not entered, the depth of the stL
will not be limited. Generally speaking, this value can be ignored when there is little data or features. If the
has many samples and features, it is recommended to limit the maximum depth. The specific value depen
distribution of data. Common values can be betweeh(lD

The minimum sample number of leaf nodes. If the number of leaf nodes is less than the sample number, tl
be pruned together with their sibling nodes. The default value is 1. You can enter the integer of the minimu
number of samples or the percentage of the minimum number of samples in the total number of samples.



Random forest parameters

min_samples_split

max_leaf nodes

min_impurity decreas
e

min_samples_leaf

min_weight_fraction_|
eaf

The minimum number of samples required for node splitting, if the number of samples of a n
less than min_ samples_ split, it will not continue to try to select the best feature to divide. Tt
default is 2.

Maximum leaf nodes. By limiting the maximum number of leaf nodes, over fitting can be pre\
The default value is "None", that is, the maximum number of leaf nodes is not limited. If the |
added, the algorithm will establish the optimal decision tree within the maximum number of I
nodes.

This value limits the growth of decision tree. If the impurity (Gini coefficient, information gain,
mean square deviation, absolute difference) of a node is less than this threshold, the node w
generate a child node.

The minimum sample number of leaf nodes. If the number of leaf nodes is less than the sam
number, they will be pruned together with their sibling nodes. The default value is 1. You can
the integer of the minimum number of samples or the percentage of the minimum number of
samples in the total number of samples.

The minimum sample weight sum of leaf nodes, if less than this value, will be pruned togeth
brother nodes. The default value is 0O, that is, the weight is not considered. Generally speakir
there are many samples with missing values, or the distribution category deviation of the
classification tree samples is large, the sample weight will be introduced, and this value shot
paid attention to.



GBDT parameters

n_estimators

learning_rate

subsample

Init

loss

alpha

The maximum number of weak learners.
Step size, i.e. the weight reduction coefficient a of each learner, is onegbidthe
regularization methods

Subsampling, valug),1]. It is also one ofbdtregularization methods to decide whether
to sample the original dataset and the proportion of sampling.

Weak learner at initialization time. If not set, the default is used.

Loss function, optional {'Issquare loss function' | -aalosdlute loss functioubet-
huberlossfunction,'quantilequantile loss function} default 'Is’

When using "Huber" and "quantile", you need to specify the corresponding value. T
default value is 0.9. If there are many noise points, the quantile value can be reduc
appropriately



GBDT parameters

criterion

max_features

max_depth

min_samples_leaf

The decision tree node search criterion for the optimal segmentation point. Defaidtimdn_msa "msdéi a
'maégi are optional

The maximum number of features considered in the partition. It is "None" by default, which means that all

are considered in the partition; if "log2" means that at nog®t based on 2 features are considered in the parti
if "sqrt" or "auto" means that at most the squared root of N features are considered in the partition. If it is a
integer, it represents the absolute number of features considered. If it is a ffmatihgumber, it represents the

feature percentage under consideration, that is, the number of features after the percentage rounding is cc
Where N is the total feature number of samples.

The maximum depth of the decision tree. It is not entered by default. If it is not entered, the depth of the sL
will not be limited. Generally speaking, this value can be ignored when there is little data or features. If the
has many samples and features, it is recommended to limit the maximum depth. The specific value depen
distribution of data. Common values can be betweeh0ID

The minimum sample number of leaf nodes. If the number of leaf nodes is less than the sample number, tl
be pruned together with their sibling nodes. The default value is 1. You can enter the integer of the minimu
number of samples or the percentage of the minimum number of samples in the total number of samples.



GBDT parameters

min_samples_split

min_samples_leaf

min_impurity_split

max_leaf nodes

presort

validationfraction

n_iter_no_change

The minimum number of samples required for node splitting, if the number of samples of a node is less the
samples_ split, it will not continue to try to select the best feature to divide. The default is 2.

The minimum sample number of leaf nodes. If the number of leaf nodes is less than the sample number, tt
be pruned together with their sibling nodes. The default value is 1. You can enter the integer of the minimu
number of samples or the percentage of the minimum number of samples in the total number of samples.

Minimum impurity of node division

Maximum leaf nodes. By limiting the maximum number of leaf nodes, over fitting can be prevented. The de
value is "None", that is, the maximum number of leaf nodes is not limited. If the limit is added, the algorithn
establish the optimal decision tree within the maximum number of leaf nodes.

Whether to sort the data in advance to speed up the search of the optimal segmentation point. The default
sorting. If the data is sparse, it will not be pre sorted. In addition, the sparse data cannot be set to true.

The proportion of validation data reserved for early stop. Can only be usedwleanno_changis set.

Used to decide whether to use early stop to terminate training when the verification score does not improwv:



XGB parameters

Parameter Classification Regression

objective Learning objective Learning objective
Binaryx reg:linear(default)
binary:logistic Return prediction probability; reg:logistic
binary:logitraw Return the score before logistic
transformation;
binary:hinge Return O or 1 classification instead of
probability
Multix
multix softmax num_class=return class
multix softprob num_class=returnprobability

eval_metric (default errory (defaultrmsex
auc-Area under ROC curve rmse-root mean square error
error-error rate Binary( mae-mean absolute error

merror-error rate Multi
logloss-negative log likelihood functian Binary(
mlogloss-negative log likelihood functian Multi

seed [default O]
Random seed, which can be set to reproduce the results of random data, can also be used to adjust parar



XGB parameters

eta

min_child_weight

max_depth

max_leaf nodes

gamma

max_delta_step

[default 0.3]
Similar to the learning rate of GBM, the stability of the model can be improved by reducing th
weight of each step.

Minimum leaf node sample weight sum.

[default 6]
Same as the parameters in GBM, it is the maximum depth of the tree, which is used to avoid
fitting.

Maximum number of leaf nodes

[default O]
The minimum loss function reduction required for node splitting. The larger the value of this
parameter, the more conservative the algorithm is.

[default O]

This parameter limits the maximum step size for each tree weight change. If the value of this
parameter is 0, it means there is no constraint. If it is given a positive value, it makes the algc
more conservative. Usually, this parameter does not need to be set. But when the samples o
category are very unbalanced, it is very helpful for logical regression.



XGB parameters

subsample

colsample_bytree

colsample_bylevel

lambda

alpha

scale_pos_weight

[default 1]

Same as subsample parameter in GBM. This parameter controls the proportion of random se
per tree. Reducing the value of this parameter will make the algorithm more conservative anc
over fitting. However, if this value is set too small, it can cause under fitting.

[default 1]
Similar tomax_featureparameter in GBM. Used to control the proportion of random sampling
columns per tree(each column is a feature).

[default 1]
Sample scale of columns at each horizontal level when splitting

[default 1]
L2 regular term, similar to ridge regression

[default 1]
L1 regular term, similar to lasso regression, can be applied in the case of high dimensions,
the algorithm faster.

[default 1]
Adjust positive and negative sample balance, negative sample / positive sample



Comprehensive case




1. Classification model case

2. Regression model case




Classification model case

Data presentation

Analysis and preprocessing
Modelingand evaluation
Model application



Data presentation

Titanic survivor prediction is a classic gamekaggle This section introduces the data mining process based on this da

Atitanic_train.
There are 891 samples and 12 variables in the training set

(with target variable).

Atitanic_ test

(without target variable).

Analysis objectives:

1. Find out the factors that affect the survival of passengers.
2. Build model according to the training set and predict

with the test set.

CSVO:

CSVO:
There are 418 samples and 11 variables in the set to be tested

~N o o b~ W N

9
10
11
12

Passengerld Passenger ID

Survived Survived or not

Pclass Class of ticket

Name Passenger name

Sex Passenger gender

Age Passenger age

SibSp Number of siblings and spouse of
passenger

Parch Number of parents and children of
passenger

Ticket Ticket number

Fare Fare price

Cabin Cabin

Embarked Embarked harbor

Data dictionary



Now that we have a general understanding of the data, let's explore and preprocess the dataset to try to find out th
that affect the survival of passengers.

Data eXploratlon 7 File Edit Run View Jools Window Help
BEd &N
N.’!mamc‘l J\
Modelfile ttanicip 7 4l Modelperformance 23 Model presentation 4 Model optior
1. Check variable type according to data dictionary ' , ,

Datafile  ttanict.mix -1} Reload dal

Targetvanable Surived Set T Vanablefiter € .

The figure on the right is the variable type o s T St S8 Sotec

automatically recognized by YModel. i Na meo 1 Passengerla D g |
recognizedas ID becauset has no duplicate value 2 s:;md Binary variable g
. ~ ~gy - . . . 3 ass Categorical vanable v
!_lke _r?Pa_ssengermJI it is consideredas the unique ; s m—— o
identification of each record However, we need to 5 Ser Binary variable 7
extractsomeinformationfrom name,sowe changat to : 2ge Numenicai variabie S
. . ~e N ~ < 7 SibSp Count variable v
categoricavariable NSibsp andh p a rrepresenthe g — TR ~
number of family members,but are recognizedas ) Ticket Categorical vanable v
categoricalvariables, so they are changedto count e o Numacical variabie c
ri abl es 1 Cabin Categorical variable i
va 12 Embarked Categorical vanable V]




Data exploration - distribution analysis

Missing rate Cardinality

2. Target variabl e = 2

There are two categoriesl and O for survival,

where 1 representssurvival and O represents

death Thereis no missing value and it is the
targetvariableof this modeling o

.1




Data exploration - distribution analysis

| Pie chart | Contingencytable | Odds |
Categorical Level | Frequency | Positive Frequency Positive Ratio Odds
1 216 136 62.963% 0.629
2 184 87 47.283% 0473
3 P C | a.S S 3 491 119 24.236% 0.243
_[mml Contingency tadle I Odds |
Thereare three classesf tickets, namely 1, 2 and 3, N z -

amongwhich the numberof peoplein classl and2 is
small,the numberof peoplein class3 is largeandthere
IS no missingvalue

491

After grouping by target variable and looking at the

survival rate, it canbe found that the higherthe ticket -
grade is, the higher the survival rate is. ( | tvebys 2
importantto work hardto makemoney!)




Data exploration

3. Name

Name,it is found thatit containssomeinformation,
suchasMr. , Miss, which is extractedto seeif it is
useful

Name

Braund., Owen Harris

Cumings. [Mrs]John Bradley (Florence Briggs Thayer)
Heikkinen, [Miss]Laina

Futrelle,[Mrs] Jacques Heath (Lily May Peel)

Allen, Mr. William Henry

Moran. Mr. James

McCarthy, Mr. Timothy J

Palsson,[Master] Gosta Leonard

Johnson, Mrs. Oscar W (Elisabeth Vilhelmina Berg)
Nasser, Mrs. Nicholas (Adele Achem)

Sandstrom, Miss. Marguerite Rut

Bonnell, Miss. Elizabeth

Saundercock, Mr. William Henry

Andersson, Mr. Anders Johan

Vestrom, Miss. Hulda Amanda Adolfina

Hewlett, Mrs. (Mary D Kingcome)

Rice, Master. Eugene

Williams, Mr. Charles Eugene

Vander Planke, Mrs. Julius (Emelia Maria Vandemoortele)



Data preprocessing generate derived variables

Use variable nANameo to generate variable dtit]l

| Ple chant Imm.l Odds I
I3 Add derived variable I - — —_—————————

B e jm chart | Contingency table | Oads | Categorical Level =~ Frequency | Positive Frequency | Positive Ratio
Normad - ’
- 0% 7 Col 2 1 50%
Name' spit@bi” )2} split(" "} 1) Don 1 0 0%
Dr 7 3 42857%
- M Jonkheer 1 0 0%
o Miss Lady 1 1 100%
Mrs
W Mastar Major 2 1 50%
" D
u Rev Master 40 23 57.5%
| Col
S s Miss 182 127 59.78%
- Wyor Mile 2 2 100%
Jonkheer
. - : ‘ B the Countess Mme 1 1 100%
Alsect() = :“\ Spiit a string by dalimater 50 as 10 form a new sequence - g:m I Mr 517 21 15.667% I
£ SpUE 1 phtota) |l || Options Lady
A concat@qc(d) 1l (1) 1t splits string into 2 parts by the first d found Ms I Mrs 125 99 79.2% I
| (p) Parse members info comesponding data types after t ® Other
:Cfnfu‘?:(i_‘—u_ o ‘ handled as numeric values, members enclosed by [] shal Ms 1 1 100%
Rev 6 0 0%
Sir 1 1 100%
tha Countess 1 1 100%

Extract the information of the names and check the statistics after grouping, it is found that the survival rate of Mis
Mrs. and master is very high, but the survival rate of Mr. is very low, indicating that this variable is useful.



Data exploration - distribution analysis

Categorical Level | Frequency ‘Posiﬁve Frequency | Positive Ratio |

female 314 233 74.204%
4 Sex male 577 109 18.891%
) J e ch ,I Contingency table |Odcs I
Gender, there are two categoriesof men and T
women, most of which are men No missing | o -
values

After grouping,the survival rate of womenwas
much higherthanthat of men It showsthat this
variableis very important

N male
B femmale




Data exploration: distribution analysis, contrastive analysis and statistical analysis

5 Ag e _[ Descriptive statistics T Histogram T Relationship with target ] Histogram with target ]

| Missing .. | Minimum | Maximum | Average | Upperq..| Median | Lowerq.. | Standard...| Skewness

} 19.865% 0.42 80.0 29.699 38.0 28.0 20.0 14526 0.388

Age, the youngesits only 0.42, the oldestis 80. The
missing rate is 19.863%. The intelligent modeling ' Descriptive statistics | Histogram |
tool will automatically fill in the missing value, Relationship withtarget __[\ubfsiooramuit iaet
which doesnot needto beprocessed

H1HEO

From the frequency distribution chart of grouped m

target, we can seethat the survival probability of
children under 8 yearsold is very large, that of
middle-agedandold peopleover56 yearsold is very
small, and that of young people has little change
Accordingto this, it canbedividedinto threegroups
0-8 yearsold, 9-56 yearsold, andover57 yearsold,
generatinghederivedvariableage g

150

100

50

0 -
0.42 16.336 32.252 48.168 64.054 80

— o = o



Data preprocessing generate derived variable, continuous variable discretization

Use the variable nAgeo Ageog gener ate the derive

fﬂom] Contingency table | Oads |

' ' | I
Derrend cmatie name | 4gep Yasoaot - Cadony Pie chat Gamm. T Odds ]
: 19.885% 4 » . . - . _
[ o [ e | Categorical Level | Frequency | Posiiive Frequency | Positive Ratio |
— YRR s - B NULL 177 52 29379%
Tirr adwrenl | S Eguvwidth daneng
(et contmanen 1| 5 s bwamanriiog 421 54 36 66.667%
_— ® Custam | 320 625 244 39.04%
Tumsrton L == 68.0 35 10 28571%
’———;.——-—- » B BaunIame: Owete |
Mrvrmem
2 ]
-n———— | W 320
4 Waamm 630 B NULL
4N
VAt whrmaton Age . mGeo
Sransteal meihod Tlatistral el
........ - g
o | o

The missingrate of the derivedvariable Age_ginheritsthe missingrateof i A g arw YModel will fill the missingvalue
intelligently, which doesnot needto be dealtwith separatelylooking at the resultsof groupingstatisticsthe survivalrate of

childrenis high, the survival rate of middle-agedand old peopleis low, andthe survival rate of young and middle-aged
peopleis betweerthetwo, whichis animportantvariable



Data preprocessing generate derived variable, variable interaction

6.Us i Bipspoin and AParcho to generate derived v

The numberof siblingsandspousesthe numberof parentsandchildren (no missingvalue)are all numberof family
membersAdd thesetwo variableso form theii f a mvariagled

:mm::::v ' m:::"““" lon] — | Pie chart | Contingency table | Odds |

[rome Joomar] : = . Categorical Level | Frequency | Positive Frequency | Positive Ratio |
— i 0 537 163 30.354%
1 161 89 55.28%

2 102 59 57.843%

— . 3 29 21 72.414%
{T:mi pr— N | . g _ B 15 3 20%
——— ST 8 12 5 22 3 13.636%
st i " j. a7 b 5 12 4 33.333%
i i : [ 7 : 0 0%
= %

Whenobservingthe generatedlerivedvariablefamily, single peopleaccountedor the majority, but the survival rate
wasonly 30.354. Whenthe numberof family membersvas 1-3, family relationshipwould help themto be saved,
but whenthe numberwasmorethan3, family membersvould be concernedbouteachother,resultingin the decline
of survivalrate This variableis alsoanimportantvariable



Data preprocessing generate derived variable, variable interaction

6.Us i Bipspoin and AParcho to generate derived v

The numberof siblingsandspousesthe numberof parentsandchildren (no missingvalue)are all numberof family
membersAdd thesetwo variableso form theii f a mvariagled

:mm::::v ' m:::"““" lon] — | Pie chart | Contingency table | Odds |

[rome Joomar] : = . Categorical Level | Frequency | Positive Frequency | Positive Ratio |
— i 0 537 163 30.354%
1 161 89 55.28%

2 102 59 57.843%

— . 3 29 21 72.414%
{T:mi pr— N | . g _ B 15 3 20%
——— ST 8 12 5 22 3 13.636%
st i " j. a7 b 5 12 4 33.333%
i i : [ 7 : 0 0%
= %

Whenobservingthe generatedlerivedvariablefamily, single peopleaccountedor the majority, but the survival rate
wasonly 30.354. Whenthe numberof family membersvas 1-3, family relationshipwould help themto be saved,
but whenthe numberwasmorethan3, family membersvould be concernedbouteachother,resultingin the decline
of survivalrate This variableis alsoanimportantvariable



Data exploration - distribution analysis

7. Ticket

There are too many categories for
ticket numbers Viewing the pie chart
andgroupingstatisticsjt is foundthere
IS not too much information provided
Sothisvariablecanbe discarded

J Pie chanI Contingency table ] Odds ]

Missing rate

\ Cardinality

0%

W CA 2343
= 1601
347082
W 347088
W CA2144
W 3101285

W 5.0.C. 14879

W 382652
2666
113760

W PC17757

W74
113781
LINE
4133

W Other

814

681

| Pie. &Tani[ Contingency table | Oads |

Categorical Level | Frequency | Positive Frequency

110152
110413
110485
110564
110813
111240
111320
111361
111369
111426
111427
111428
112050
112052
112053
112058
112059
112277

3
3
2
1
1
1
1
2
1
1
1
1
1
1
1
1
1
1

3

2
0
1
1
0
0
2
1
1
1
1
0
0
1
0
0
1

Positve Ratio
100%
56.667%
0%
100%
100%
0%

0%
100%
100%
100%
100%
100%
0%

0%
100%
0%

0%
100%



Data exploration: distribution analysis, contrastive analysis and statistical analysis

JDescﬂpﬁve statistics T Histogram T Relationship with target I Histogram with target ]

8 Fare Missingrate | Minimum | Maximum | Average |Upperquart.| Median | Lowerquart. Standardd..| Skewness '
0% 0.0 512.329 32.204 31.0 14 454 7.896 49693 4779
Descriptive statistics l Histogram ]
Relationship with target [ Histogram with target 1

Fare, minimum 0, maximum 512329 The
skewnessis 4.779 serious right deviation, no g
missingvalue From the distributiondiagram,we s
can see that the higher the ticket price is, the s
largerthe proportionof survivalis. Therefore we
can usethe methodof equalfrequencygrouping
to discretizet into four groups

m1EO

400

300

200

100

..-._._— ——rtrnd

0 - e -
0 85.388 170776 256165 341553 426941 512329

I S s 0@



Data preprocessing generate derived variable, continuous variable discretization

The variakdub relaceecyi sli scretized iIinto f ollare @r
3 Add desived variable X [P‘.MI Contingency tabie I OMW

Dernived variadle name | Fare_Q

Positive Fraquency || Positive Ratio

Missing rate Cardinality Categorical Level | Frequency
| Mormat {[rovance | 0% p 3048 223 a4 19731%
Ratio | | vanatte name | Fate | 11.175 224 68 30.357%

22727 45495%

Time Interval [| O Equi-width dmning
| Dats ime combination | | | Equ-trequency sinning AEj
‘ Intecacson [[]]/x:Suam
Translormation |
Binmng
- - 1 Mnimum 00
2 Magmum: 512329 o 11175
W 3948
——————— 22727
vanable information | Fare v W 271665
Statisscal method Stafistical value
Wssing rate 0% .
Minimum 0 P
Matimum 512329 v
(R | Concel |

By observingthe generatedlerivativevariableiiFare_@ the groupwith low fare price is only lessthan20%, andthe group
with high fare price reaches8% . It showsthat this variable can distinguishthe targetvariable well andis an important

variable



Data explorationd d missing value analysis and distribution analysis

9. Cabin

Jmml Contingency table | Odds | Pie cnart [ Coningency table | Odds |
Missing rate Cardinaiity Categorical Level | Frequency | Positie Frequency| Positve Raio |
There are many classifications for s £ i = S
cabin number, and the missing rate A4 ‘ 0 0%
is higher than 77%. It seems that = ; . =%
this variable is useless, but we can :555522 . 20 1 * 100%
extract whether this variable is woo - : o
missing as a message, that is, 43 - : : o
missing is 1, not missing is 0. This . i . , , -
IS also a way to extract missing o 54 1 ' s
value information. .eo e : " =
ggo 45 1 1 100%
W Other A7 1 0 0%
8101 1 1 100%
8102 1 0 0%



Data preprocessing 0 generate derived variable and extract missing value information

Extractthe missingvalueinformationof cabin Thevalueis 1 if cabininfo is missing,andthe valueis
0 if notmissing GeneratéhederivedvariablefiCabin_ .

(3 Add derived vasiable p . - -
e _[P"M] Contingency tabie | Odds | | Pie chart | cmmmme I_Odds] ,, _
[ ormal [Aamsce] Missing rate Cardinality Categorical Level | Frequency | Positive Frequency| Positive Ratio |
o) o 4 0 204 136 66.667%
1 687 206 29.985%

-~ 7077" =

l Yanadée ] nml
Variable name Function description
long(stnngExp) a
aumbensinngExp)

strinp@gew exprassion format)

Note: YModelwill automatically process
the missing value, and the user does not
need to operate. Here, it is only used for
teaching demonstration.

< : If & ks Wue, then retum b, ofherwase. refum ¢ Cis null B
y detzult

1.3 (Bookean expression)
20 l|1ruu value) R
J.c(False value)

w0

WbooktrueVae  delault)
casaiod . y)
eval(StringEsp argEap. )
V)

abs(numberEap)

Observingthe derivedvariablefiCabin_to the statisticalinformationof groupingshowsthatthe survival rate of cabinnot missing,
thatis, cabin= 0, is very high, reaching2 / 3, while the survivalrateof missingis lessthan30%. We canspeculatéoldly thatonly a
goodcabinhasa numberwhichis equivalento VIP. Othercabinsdo not havea number(moneyis important)



Data exploration: distribution analysis, contrastive analysis and missing value analysis

10. Embarked

Thereare threetypesof embarkedports,among
themS is the majority,and C andQ is less,and
two missing values YModel will automatically
processhemwithout furtherhandling

Intuitively speaking, there should be no

relationshipbetweenembarkedoort andsurvival,

but the data tells us that the survival rate of

passengergmbarkedat port C is significantly
higher than that at other ports, so sometimes
intuition is notreliable

Pie chart | Contingency table | Odds | jﬁif&aﬂ [m] Oaas |

msS
mC

W NULL

Categoricai Level | Frequency  Positve Frequency| PositveRatio |
NULL 2 2 100%

| C 168 a3 55357% |
Q 77 30 38.961%

3 644 217 31696%

77



Data preprocessing variable selection

File Edt Run View Tools Window Heip
R

11.Remove irrelevant variables and keep e8a on

) N7 titanic ]
User| Varlables \ Modelfile ttanicipd Wl Modelperformance 34 Model presentation 4 Mode! options
1.fPassengerid, t he unique identificdti"8f of passenger s™ ise
removed; Target vanable -Squed Set I Vanablefiter § §
2AiNameo, the title variable i|Sw €Xtu@ct e€d,mw US Culul JBsea |1 €T
3. fiAtlieAge gvariable is generated, no need, removed; ' e ———- g i
. ! _ _ . 2 . Survived . Binary yanakie v
4 .Sibfw@ and AParcho, generat e famllydassvarlmgmf)vj'me, nol heled,
rem Oved , - Name Categorical variable L]
5. AnTicket o, too many <categorji eés, uUsel esigyeyr emoVedd,;
6 i F afare gvariablelis@enerated, no need, removed; i - B =
. . . _@Ja\. . @ ’ ’ ’ 7 SibSp Count variable v
7. A C a lxabin_gvarialblehsegenerated, no need, removed g Parch Countvariable O
g Ticket Catagoncal variable )
10 Fare Numerical vanabie tJ
11 Cabin Categorical variable LJ
12 Embarked Categorical variable 4
Categorical variable
Note YModelwill gutomatlcally eliminate the variables that are ” P R @ k
useless for modeling, and the user does not need to operate. g — 2 e




Summary of exploration and preprocessing methods

- ———— —— Peprocesang | Prepocessing el

Passengerld

5 Survived

3 Pclass

4 Name

5 Sex

6 Age

7 SibSp

8 Parch

9 Ticket

10 Fare

11 Cabin

12 Embarked

ID variable useless
information

Distribution analysis

Distribution analysis
Grouping statistics

Content analysis

Distribution analysis
Grouping statistics

Missing value analysis
distribution analysis

Meaning analysis

Distribution analysis

Distribution analysis
Grouping statistics

Missing value analysis
distribution analysis

Missing value analysis
distribution analysis

Useless variable removed

The proportion of positive and negative
samples is close to 3:5

The higher the level, the lower the
survival rate

Title information can be extracted Generate derived

variable title

Extract valuable
information

Women's survival rate is much higher
than men's

High survival rate of children and low  Discretization of ~ Generate derived
survival rate of the elderly continuous variable variableAge g

Siblings spouse children parents are Variable interaction Generate derived
all family variable family

Useless informatian removed

Serious skew, the higher the fare, the  Discretization of Generate derived
higher the survival rate continuous variable variableFare g

The missing rate is very high, and useft Extract missing Generate derived
information may exist value information variableCabin_b

High survival rate of passengers
embarked in port c

Note for the above variables, only the derived variables in the yellow part need to be added manually, and the rest vdriablasalyzed

automatically byyModel.



Since YModel includesdata preprocessingind modeling processwe can also directly model with the
original datawithout the abovedataexplorationand preprocessingperations The resultsof modell are

asfollows:

Giti AuC Ks =11 AuC w Gre AUC *‘ | o o -
0777758 0888879 0691851 ] bTITIS 0488079 ) 401051 0TI 2832873 33
T 7 v ROC Cune | Lt | R I’]—‘m
ROC Gurve | Lt | Recan | Accuracy | | RoG Cuve [ 1a ] Recat | Acua | [ moc cenw [ e | macan | Aceiescy | | e | it | Reca |
Lowes drret | p 05 w Upperamet 055 ,_:J Namber of sutmecions 20 M
) — — ) P
P > o —_ e Comutative 0 " Thrathoia Acounany Precagn Rec
.I o 37 .’ 008 04 030 19
A A oo 541 =4 0081
08 —
0145 DE36 £
) 0132 2T 2403 08
0239 e et oe
06 B
o0y 0T 049 o
; 0xM o002 e
R b33z DET 741 B
04 0ae DE2S o o
A 0470 2858 2534 0
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02 04 06 (1)) 1 0 10 n ) o u ne m . U4 100 W 5 o m an w ot 0781 0798 0362 0855

lllllll

From the evaluationindex, we can seethat the performanceof the model is very good, GINI=0.77741 AUC=0.8889 the model is
acceptable

Observingthe accuracytable, we can seethat whenthe thresholdvalueis 0.476, the accuracyreachests highest0.858 It indicatesthe
prediction accuracyis the highestwhen passengersvith a prediction probability greaterthan 0.476 are regardedas survivors and
passengengith a predictionprobabilitylessthan0.476 asvictims. The precisionis 0.835 which means33.5% of the passengerpredicted
to besurvivorsareindeedsurvivors Therecallwas0.786, indicatingthe passengergredictedo be survivorsare78.6% of all survivors



Which models are used for modeling:

L3 Model presentation X
Ensemble performance  0.888879 ‘ Parametername | Parametervalue ] |
- e max_delta_step 0 4
Model name | auc (] select ‘ ¢
5 5 ———— base_score 05
GBClassification_
. random_state 0
Selected modelg=——Tkidgeciassification_1 0.864401 W |
‘ n_jobs B
GBDTClassification_1 0.881612 (/]
‘ n_estimators 150
S
|| min_child_weight 1 > Model paramete s
‘ gamma 0
booster gbtree
’ reg_lambda 1
— = — ' scale_pos_weight 1
Unused models | auc [ select )
' subsample 1
RFClassification_1 0.846484 0 t[T ‘ ¥

L , colsample_bylevel 1

U n useand 6|S e INCllas sification_1 0.863342 OJ IL | w—— g g

Copy selected model to model options [ Close

In this modeling, XGB, Ridgeand GBDT are selectedasthreeclassificationmodels,andthe optimal combination
modelis obtainedby combiningthesethreemodels Model parameterare automaticallyselectedoy YModel. Data
mining expertscanselect'copy selectednodelto modeloption”to modify parameterandremodel



Accordingto theresultsof dataexplorationin the previoussection,the yellow part4, 7, 8 and 10 itemsin
thevariabletableabovewerederivedmanuallyandthe model2 wasestablishedTheresultsareasfollows:

B3 Moast pectormancs ” L3 Modes pertoomance L3 Modet pertormance X L3 Model perdoemance
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ROCcurve Lift chart Recallchart Accuracy table

From the evaluation index, Gini = 0.7872, AUC = 0.8936, the overall performance of the model slightly improved.

Observing the accuracy table, we can see that when the threshold value is 0.618, the accuracy reaches its highedici@slthkt the
prediction accuracy is the highest when passengers with a prediction probability greater than 0.618 are regarded asgurvivors
passengers with a prediction probability less than 0.618 as victims. The precision is 0.889, which means 88.9% of #rsjpasssrgd
to be survivors are indeed survivors. The recall was 0.699, indicating that the passengers predicted to be survivisfeal 69.9

Survivors.



Which models are used for modeling:

m Model presentation

Ensemble performance  0.893615

Model name auc

XGBClassification_1

- .

X
’ Parametername | Parametervalue |
max_delta_step 0 4
base_score 05

random_state 0
Selected mode RidgeClassification_1 0.881318 o =
n_jobs 4
n_estimators 150 \
min_child_weight 1 Model parameters
gamma 0
booster gbtree
reg_lambda 1
= — = — 1 scale_pos_weight 1
Unused models | auc | L] Select
= - subsample 1
RFClassification_1 0.847572 (] g[
Isample_bylevel 1
Unusedr]odels S FNNCIlassification_1 0.851691 OJ i = e
(vl | max_depth 6 ¥
Copy selected model to model options [ Close J

In this modeling, XGB and Ridge are selectedas two classificationmodels,and the optimal combinationmodelis
obtainedby combiningthesetwo models Model parametersare automaticallyselectedby YModel. Data mining
expertscanselect'copy selectednodelto modeloption” to modify parameterandremodel



After the modelis built, the importanceof the variableswill be returned,andthe derivedvariablescanbe
generatedby interactingthe highimportancevariableso continueto optimizethemodel
Forexamplederivel=Sex Age g

K Acd derived watiable

Cenved vanable name  derne !

e (oo | Comngancytaie | 00 |
J = - — = MO ‘vanable na Troe Date tormat @ seec  Impottance » Missing rate Cardnally
Rats * | Sas sl ¢ {mes | we Catagonizal vanatie W 04z e
Ture sercm Pdass Catogonical vanatie W 348
| Cabe_® Binary vanabie ) 0218 - —
LONs Ima corsbinivin. 1] ? Fae_g  Catsgoocsl vanatie %) 180 | Pre chan [ Comtingancy tacke | o |
T ——" | u Embaned  Categoncal vanatse ¥ 0154 Catepoocsl Lavel | Fraguenty  Positus Fresuenty  Positve Ratio
! 0 Passengedd 0 o 0 AL 77 52 20379%
Tranaformaben ' P S any variatie @ (female 32.0) r-14 m 7533%
Bening | 1" teare Categuncal vanatie ‘ ermale 4 21) 20 18 11077%
o Age Numeiical vanaole 0 Gemale 08.0) ' T 5%
Count varazie = 0
Farch Count varadle L 0
| Varisow informaiien | Age . Tickat Categonzal anatie .;-,6
ey L] Fare Numancal vanable o 0 =
Stasical menod Sl valus - o= 0 [
Mo rate 19 555% :.
Mymum D4z J
NMaxamum ['
(L) | Geocw

Otherinteractionvariablescanalsobe addedputit shouldbe notedthatwhentherearemanycategorie®f a variable
(for example,there are 9 categoriesn family), it is not suitableto continueinteraction Becausethe number of
categoriesafter interactionis the productof the numberof categorief two variables(for example the numberof
categoriesn sex* family is 18), too manycategoriesill affectthe modeleffect It is recommendedhatthe family
befurtherdividedinto threecategoriegi.e. 0, 1-3, above3) accordingo the numberof membersandtheninteract



The performance of model 2 after addin

B3 Model pestommance
o AUC K
0.782279 0 £3444 0684243 Datalle  ttanict mix - Reload data

Jmm [G[ Recall ] Accuracy |
Targetvatiable  Sunwed Set 7 Vamadefner 4 AUC GINI
\ — NO. | Variabée name | Trpe Datetormat | [ Seiect| impodance || |

— i o : Setve ! Catagancal vanabie i o T
N - o | o] Before adding ;593516 0.787232
o= > Aoes | Cotepercalverati o 029 derived variable
( 4 tamily Categoncal vanadle Wl 025
06 B Pams SRS o s After addin
Ul e s a| oa | "9 0.89444  0.788879
: 7 Fweg |Cuegotcaiiatie < 0127 derived variable
04 8 Catun_b Binary vanadle it 0103 . ] .
©  Embaed  Categoricalvariadle ) 0007 After adding the derived variable, the model
I 10 Passengend © & 0 performances betterthan that of original model
N tmeed  IRCNS o Moreover,accordingto theimportanceof variables,
— ROC Cure 2 Name Categoncal vanadle LJ 0 . . .
-~ Ranssm baseine T i 0 - derivedl hasbecomethe mostimportantvariable,
3 02 ot o8 o8 ' W sesp Countvartadie = 0 indicatingthatthe newderivedvariableis useful

1-THR M




After modeling, the importanceof the variableswill be returned We can interactthe high importance
variableso generatalerivedvariableto continueto optimizethe model
Forexamplederivel=Sex Age g

K Acd derived watiable

Cenved vanable name  derne !

frem=— [ I e chant [ Contngancy tabla l Odds |
-I ] asmsna | NO.  Vanable na Troe Date tormat " Importance
Geac
g — —— 2 : Misaing sate Cardnalty
Ratn e ol ¢ e "J - e Catagorical vanatie =) 04z
SEFCORE J 19 865%
Polass : 348
Time Catogonical vanatie o
Cabe_® Sinnry vanabie ) 0218 I §
praboe Pie cnan | Comngency fabs | Oads
cox 'LT__ 9 Catsgoncsl vanatie o 1ee ! [ l l
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ol v — ‘ ® tlemale,32.0)
Farch Court vanatle L 0 NULL
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Valiate information | Age v B (mate 58.0) 28
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Otherinteractionvariablescan also be added However, it shouldbe notedthat when a certainvariable hasmany
categorieqfor example,the family variablehas9 categorie} it is not suitableto continueinteraction,becausdhe
numberof categoriesafterinteractionis the productof the numberof categorief two variables(for example the
numberof categoriesn sex* family is 18), andtoo manycategoriewill affectthe modeleffect It is recommended
to furtherdivide the 6 f a mntd thye@categoriedi.e. O, 1-3, above3) accordingto the numberof membersbefore
nteraction



Model evaluation and conclusions

Fromthe analysisresultsof modell andmodel2, it canbe seenthatthetwo modelsshownearlythe same
performanceThe precisionof the modelbuilt directly from the original datais slightly poor but the recall

rate is high; For modeling after data explorationand feature extraction,the precisionof the model is

Improved,yettherecallratedecreasedHow to choosedepend®n businessequirements

Conclusions:

Data exploration and analysis should be combined with the objectives and data characteristics.
The evaluation and selection of model should consider business objectives.

Interactive derivation of important variables is a common method of model optimization.



Model application

After the model is built, use the model to predict on the test set.

YModel will automatically process the test set and generate derived variables, as shown in
the following figure:

892 3 Kelly, Mr. James male 45 0 0 330911 7.8292 Q
893 3 Wilkes, Mrs. James (EI.. female 470 1 0 363272 7.0 S
894 2 Myles Mr.Thomas Fra.. male 620 0 0 240276 9.6875 Q
895 3 Wirz, Mr. Albert male 270 0 0 315154 86625 S
896 3 Hivonen, Mrs. Alexand... female 220 1 1 3101208 12.2875 S

Survived_1_percentage | Passengerid | Pcass | Name | Sex |Age|3ibs;:|Parch| Ticket | Fare | Cabin | Embarked] ftile | Age g | family = Fare_g | Cabin_b

Kelly. Mr 0 0 330911 0 1
893 3 Wilkes, .. female 470 1 0 363272 70 S Mrs 320 1 39479 1
894 2 Myles, M.. male 620 0 0 240276 9.6875 Q Mr 68.0 0 11.175 1
895 3 Wiz Mr..  male 270 0 0 315154 8.6625 S Mr 320 0 11.175 1
896 3 Hirvone.. female 220 1 1 3101298 122875 S Mrs 320 2 11.175 1

Prediction result column Added derived variables



Model application

The model prediction results are shown in the figure below:

Survived_1_percentage | Passengerld | Pclass | Name | Sex | Age | SibSp | Parch | Ticket | Fare | Cabin | Embarked | tile | Age_g | family | Fare_g | Cabin_b
3 Kelly, Mr. ... male 0 0 330911 7.8292 0 1

72.935% 893 3 Wilkes M.. female 47.0 1 0 363272 7.0 s Mrs 320 1 3.9479 1
9.036% 894 2 Myles,Mr.. male 620 0 0 240276 96875 Q Mr 68.0 0 11.175 1
21.742% 895 3 Wiz, Mr. .  male 270 0 0 315154 86625 s Mr 320 0 11.175 1
71.484% 896 3 Hinvonen,.. female 220 1 1 3101298 122875 s Mrs 32.0 2 11.175 1

—

The predictedresultis the probability of survival (survived= 1). For example thefirst predicted
resultis 11.29%, which meanghatthe passengeonly hasa chanceof 11.2%% to survive



Regressionmodel case

Data presentation

Analysis and preprocessing
Modelingand evaluation
Model application



Data presentation

House_pricespredictiondatasetcomesfrom kaggle which is a dataseffor regressiorprediction This
sectionusesthis datato introducethe datamining processof regressiomrediction This sectionis for
beginnersmastersanproceedlirectly to the nextsection

house prices_ train.csv: there are 1,460 records and 81 variables in the training set (with target variab
house prices_ test.csv: there are 1,459 records and 80 variables in the set to be tested (no target vari.

Analysis objectives

1.Find out the factors affecting the house price.

2.Build model according to the training set, and predict the data of the test set.



Data presentation

There are many variables in the data. The dataset dictionary is organized into CSV file for storage, as s
the following figure:

Variable_Name Variable_Type Variable Description
. . .. Id ID
There are 81 variables in total. Statistics by category _
are as follows: Alley Binary Type of alley
_ CentralAir Binary Central air conditioning or not
ID: 1 Street Binary Street type
Binary variable: 4 Utilities Binary Utilities type
Categorical variable: 42 BldgType Categorical Building type
. BsmtCond Categorical Basement condition
Count variable: 9 5 |
smtExposure Categorical Basement exposure
Numerical variable: 20 (including target variable) BsmtFinTypel Categorical Basement finish type
Time date variable: 5 BsmtFinType2 Categorical Basement finish type2
BsmtQual Categorical Basement height
Condition1 Categorical Condition1
Condition2 Categorical Condition2

é é é



Data presentation

Alley Binary Alley type 20 numeriC Variables 1stFIrSF Numeric 1tfloor area
i i CentralAir Binary Central air or not 2ndFIrSF Numeric 2"floor area
4 blnary Varlables Street Binary Street type 3SsnPorch Numeric 3 season porch area
. ) . BsmtFinSF1 Numeric Basement finish areal
Utilities Binary Utiliies type BsmtFinSF2 Numeric Basement finish area2
BsmtUnfSF Numeric Unfinished basement area
GarageYrBlt Time date Garage year built EnclosedPorch Numeric Enclosed porch area
MoSold Time date Month sold GarageArea Numeric Garage area
: : ; ; ; GrLivArea Numeric Living area
5 time date Var|ab|es YearBuilt Time date Year built CAven Numeric Lot aren
YearRemodAdd Time date Year of remodeling LotE
) otFrontage Numeric Lot Frontage
YrSold Time date Year sold
LowQualFinSF Numeric Low quality finish area
MasVnrArea Numeric MasVnr area
BsmtFullBath Count Basement full bath MiscVal Numeric Misc value
BsmtHalfBath Count Basement half bath OpenPorchSF Numeric Open porch area
PoolArea Numeric Poolarea
: FullBath Count Full bath _ . _ .
O count variables HalfBath Count Half bath SalePrice Numeric Sale price target variable
Bed ADVG Count Bed ScreenPorch Numeric Screen porch area
edroomAbvGr oun edrooms
. e TotalBsmtSF Numeric Total basement area
Fireplaces Count Fireplaces WoodDeckSF Numeric Wooddeck area
GarageCars Count Garage cars
KitchenAbvGr Count Kitchens Lo . .
TotRMSAbVGrd  Count Total rooms The remaining are 42 categorical variables

Thesevariablesmay affectthe houseprice Accordingto the significanceof the variablesthey canbedividedinto thefollowing categories
thelocationof the housethe style of the house the decoratiornof the house the basementtheliving areathegaragethe constructiortime,
etc. Thenwe candetermingheimportanceof thesevariablesaccordingto the variableswe considerwhenbuying the house or we cantake
theseasthe basisfor dataexplorationandpreprocessing



Therearemanyvariableswe cannot analyzeeveryvariablehere,sowe haveto choosesometo analyze,
mainly introducingthe methodof datamining, interestecgstudentsandeeplyanalyze

1 Variable name Type
Data exploration —
RoofMatl Categorical variable
. . .. RoofStyle Categorical variable
1. Checkvariable type according to data dictionary T
SalePrice Numerical variable
Modify the automatically recognized variable types according to the SaleType Calagorical variabie
organized data dictionary, such as ScreenPorch Countvariable
SalePricecount variable numerical variable Lods Binary variable
YearBuilt count variable time date Rt
. . . . TotalBsmtSF Count variabl
Fireplaces: categorical variableount variable e
] Utilities Binary variable
e WoodDeckSF Count variable
YearBuilt Time and date
. . . . . YearRemodAdd Count variable
Modeling tools will recognize some count variables as categorical =
. . . . YrSold Time and date
variables,some numerical variablesas count variables,and years as

countvariableswhich needto bechanged



Data exploration - distribution, statistics analysis

[Desmm:m Histogram l

Missing rate . Minimum Madmum Average Upper qua.. Median Lower qua.. Standard.. | Skewness
0% 34900 755000 180921 196 214000 163000 129900 79417.764 1.881

2.Tar get vSalePriceb | e__n

[ Descriptive statistics Ibkstoqnm ]

House price, the minimum value is o
34,900, the maximum value is 755,000, .
and the skewness is 1.881; observing the 3500
distribution chart, it is found that the 3000
variable is right skewed and can be -
logarithmically transformed to make it o
normally distributed 1000
304900 154916667 274833.333 394950 » 514966667 634983333 755000

— {163 --



Data preprocessing Data

_[Descﬂpﬁve staﬁsﬁcsT Histogram T Correlation T Scatter Plot ]

rectification Missingr.. | Minimum | Maimum | Average | Upperqu..| Median | Lowerqu..| Standard..| Skewness

Using Iogarithm transformation to rectify the 0% 10.46 13534 12024 12274 12002 11775 0.399 0.121
deviation ofSalePrice

L3 Ada derived variable

l Descriptive statistics I Histogram I Correlation ] Scatter Plot ]

Defved variable name 7S:uc_Pnc:

- 300
lmmnll Agvance |
[ Rato ||| Transform ype .fgr_»gion EJ 250
' Tmeimtena ||| variavte | SatePrce ®| Funcson | Loganmm 9| Baseotiogarmen e EJ
| Datetime comdination |
: 200
{ Interaction
Transtormation \I
150
1 Bmning |
100
The Al Model will prepare log Fansformation, s¢ there's no need to acd a log-ransformed derived vanadle
Vanatée informason | SaiePrice . S0
Statistical method Statisbeal vaue |
Missing rate . 0
i = 0
S P 10.46 10.973 11.485 11.997 1251 13.022 13534
Magmum - -t
Ll b aws . e @

After transformationthevariableis basicallynormally distributed which is conduciveto modelbuilding.
Note YModel will automaticallyrectify andnormalizethe numericalvariableswithout the needto performmanually,asiong
as the variabletype is set correctly This is just to remind the readersthat the dataneedsto be rectified by logarithmic



Data exploration - distribution analysis, statistics analysis, correlation analysis

The samemethodcanbe usedfor characteristicvariablessimilar to targetvariabledistribution,such
asliving areaGrLivArea.

| Descrgte stasstcs | Histogram | Comelason | Scater Piot | [ Descripte stanstcs | Hstogram | Cometation | ScaterPiat | Descriptive statistics I Histogram [Cauuen ] Scafter Plot ]

{ E } - cas . Pearson Spearman
07086 07313

4000

3500

3000
2500
2090

§ -
k1] 1218 667 2103333 988 3872667 4757.333 5642

155000 ' ]

sraars e Correlation coefficient of target variabl
s - -
T Dt

=

3000 4500 6000

B ——

Frequencydistribution chart Single factorscatter plot

Observation shows that we can not only see the distribution of the data, but also see the correlation coefficientgeth th
variable and single factor scatter plot. Both correlation coefficients are greater than 0.7, indicating that the Jaghlyle is
correlated with the house pricEhis can also be seen in the scatter pha;larger the living area, the higher the house price
Therefore, the importance of the varialsi@€uite evident



Data preprocessing Data rectification

Rectification of living are&rLivAreaby logarithmic
transformation.

In this data, there are variables similar to the
GrLivArea distribution, including the basementarea
TotalBsmtSEthefirst floor arealstFIrSF,LotFrontage
etc, which canbe processedh the sameway.

u’k:&! detived vatlabie

| Descipe statistes [ astogram | Cometaon | Scaner Piot |

Derread sariadie name ‘3(1;’;;414_5;7 . —b—{ § l—. -
I | 2000 .
Rano Tusnattem bpd | Funcaen . 755000 * '
Time intoeval I Vardadls  OfLivoea . funchoe  Logmhm i Base oflogarthm ¢ L’J 2500
| Date srme comanaten |
e 2000 574975 =
— 2 -~
e 1500 ] .
Unnng \ / ",
e Y
1000 p 394050 A
5 .
Tha A Madet wil preoars 0§ FInTioreanon. 35 hece s No need B3 303 3 90 Namstirmed denved vanatie |
= <
Variadle intormaton | SsFRGF . 500 e
anstcal mettod st vahm | 34035 | o |
nnnnn DR . 0 k
N 5811 6282 6 7225 7696 8.167 6538
Aremem )
T e e,
= = I 2400
— = T i s ; s it
rLivAres
" N 3 = - [ - 0 . - . - Y )
J Descriptive statistics | Histogram 1 Correlation TS&W Plot Descriptive statistics I Histogram T Correlation | Scatter Plot

Missing .. | Minimum | Maxdmum | Average | Upperq..| Median | Lowerq.. | Standard.. | Skewness |
0% 5811 8638 7.268 7.482 7.289 7.028 0.333 -0.007

Pearson y Spearman

0.6951 0.7313

After datarectification,the skewnes®©ecomes0.007, which is almostnot skewed andthe correlationcoefficientandsingle
factorscattemlot arealsovery high, which showsthatthis variableis morefavorablefor modelingthantheoriginal variable



Data exploration - distribution analysis, statistics analysis, correlation analysis

JDescripﬁve statisticsT Histogram T Correlation I Scatter Plot ] [ Descriptive statistics T Histogram I Correlation ] Scatter Plot ]
Missing ... | Minimum | Maximum | Average | Upperq.. | Median Lower q... | Standard... | Skewness
oo, ki D CNROR0 4| PRS- ' S | Pearson | Spearman ‘
0% 0 1418 472 576 480 330 213.738 0.18
0.6234 0.6494
’ 4]
/’T.’\\' 14000
1 ('\ ’4/ I l'
“| \“ I{/ \ 400
"I‘ " \\ I‘ |‘ B 000
100 | \\J
l' \\\ : A000
AN ne aHan & A0
41708 548% w
J . k{ 224000
500 471 % 1000 @ 12 ! [
400
31

Observingthe garagearea,we foundthatthe garageareaof 81 housess 0, indicatingthatthesenousedhaveno garage The
overalldistributionis similar to the normaldistribution,andthe correlationcoefficientandthe singlefactor scattemlot show
thatthevariableis positively correlatedvith the houseprice,which doesnot needto be handled



Data exploration - distribution analysis, statistics analysis, correlation analysis

LotArea

[Descriptive statisticsT Histogram I Correlation I Scatter Plot ]

Descriptive statistics T Histogram T CorrelationT Scatter Plot ]

Missingr... | Minimum | Maximum | Average | Upperqu..| Median | Lowerqu... | Standard..| Skewness Pearson ‘ Spearman |
0% 1300 215245 10516 11600 9477 7540 9978.157 12.195 0.2638 0.4565
| Descriptve statistics [ Histopram | Comstation | Scater Piat | Descrptive stabsics | Hestogram | Cometabon | Scaties ot |
10000 lnl "’_"'"

5000 |

8000

7000

8000

5000

1000 I

3000 |
|

2000 \

1000 \v

1300 IB95T 5 72615 10827245 143830 1795875 215245

b—m——- maws s

62500 125000 187500 250000

It is foundthatthe skewnes®f LotAreais 12.195 whichis too largeto be corrected Therefore we canconsiderusingthe methodof equal
frequencybinning to discretizeit into categoricalvariable Observethe two correlationcoefficients,Pearsorcoefficientis only 0.2638and

Spearmartoefficientis 0.4565 which indicatesthatthe variableis not linearly relatedto houseprice, but still present&a monotonoudrend,
thatis, thelargerthelot areathehigherthe houseprice,butit is notthelinearrelationship



Data preprocessing continuous data discretization

Using the method of equal frequency binning to discréiArea

I3 Add derived variable X I mm] Relanon um?u?eq Relation graph wih target \1 [ Pie chart I Relation wilh TargetI Relation graph with tar
Derved vatiable name | Lotirea g Missing rats Cardinality

f T L — e . Categoricalvariable | Frequency |  Average |
Raso Vanable nams [LOWQI v

'ﬁ: : ’ - IS 4191.0 293 139894.437
| me & Qui-weatn
e e B 79385 292 152285.274
| e | [ OwEW 9497 5 204 173624.245
| Treosomason | — 112045 196385.328
| Sinning |‘ ot ® 4191 5

; wx“ el 113727.0 242925 44

Maemum . 112085

Variable information [Low-a - :,

Satisecal methoo Statistical value
Wissing rate 0% s
Minsmum 1200 D
Manmum 216248 L
|,.“ l | cel |

After equalfrequencybinning, observethe statisticsafter grouping With the increaseof lot area,the averageof housepricerises
obviously This variableshouldbe effective



Data preprocessing continuous data discretization

Variables similar to 2ndFIrSF distribution include WoodDeck$ etc We can perform binning basedon different data
distributions(howto bin, andhow manybinsto create)

Using the astom binningnethod to discretize 2ndFIrSF.

3 Add derived variatie ;-' m "'RT.;;N;'T{;; IRAI‘I._‘II !.H.é;f;;;*;i;r l

Cemed anatiename [ 1553 | prss— Carcoay [ Pie chart T Relation with Ta(gaT Relation graph with t;
[ | woance | o% . . L
e ""::m E _' Categorical variable | Frequency || Average |
(ot | s 0.0 829 | 171383671
psmitumoive E’;""""t = 300.0 146 133242.007
Boang Doundanes | Dwtate |
- D 750.0 309 | 184877.495
T p——— 1 14825 176 258451.159
(] | s

After custom binning, the group statistics shows thatprice of 1stFIrSF should consider other factors, while the prized¥lrSFclearly
reflects that the larger the area, the higher the price, extracting the law.



Data exploration - distribution analysis

MSZoning
SRR Restor vt Tuge | Roston bt ] | Pie chart | Relation with Target | Relation graph with target |
WMissing rate | Carainality
0% 5 Categorical va... | Frequen... | Average ] Standard d... | Median | Minimum | Maximum ] Z-STAT
C (all) 110 74528 32203.76 68400 34900 133900 -14.871
Fv 715 21401.. 52001.635 205950 144152 370878 11.793
RH 176 13155.. 34678.706 133000 76000 200000 -8.728
RL 12661 19100... 80734.437 174000 39300 755000 15.122

2398 12631.. 120500

mRL
® RN

Fv
W RH
W CaEn

Thefirst thing we think aboutwhenwe buy a houseis location Throughobservationwe find thatthe housesof MSZoningandRL arethe
most, followed by RM, RH, FV andC (all). Observingthe averagevalue of housepricesafter grouping,we find that the price difference
betweendifferentzoness very obvious Therefore asour intuition suggestslocationis key. For suchcategoricalvariable,onehot codingis
usuallyusedfor preprocessingyhich will bedoneby YModel whenpreprocessingsowe don'tneedto completeit manually



Data exploration - distribution analysis, statistics analysis, correlation analysis

YearBuilt

_( mmmT’Ti_""‘j"‘ ]rréﬁi‘glé;’:"’;] [ Descriptive statistics T Histogram T Correlationl Scatter Plot ]

Missing r Minimum | Madmum | Average | Upperqu Median | Lower qu. | Standard Skewness‘

0% 1872 2010 1971 2000 1973 1954 Pearson | Spearman
0.5229 0.6528
Descriptive stalistics I Histogram I Corralation [Scaﬂet Plot [ | Descripave stansues I Histogram [ Catretation [sAcﬂul;M;']
2500 - T
755000 '- '
2000
1500 574975 .
s :
e i
1000 o
p 3949%0
' I
|
500 e \ ¢
e
f ——| 214925 @

0 =
1872 1894 1918 194 1064 1987 2010

.o "
1898 1938 1977 017

{ El —

Of coursewe needto considerthe built yearwhenwe buy a house Theold houses usuallynotasexpensiveasthe newone
We canseethatthe earliesthousewasbuilt in 1872 (sucha long history), but both the correlationcoefficientandthe scatter
plot showthatthe ageandthe houseprice arebasicallypositively correlated



Data exploration - distribution analysis

OverallQual

IP"“I Relation with Target | Reialion graph with target | | Pie chart *ww}'m_]idahm graph with target |

Missing rate Categoricalvaria | Frequency | Average |Standarddeviat.|  Median |  Minimum |  Madmum | ZSTAT |

0% » 1 22 50150 11105.329 39300 39300 £1000 13739 |

2 33 51770333 11818.959 60000 35311 60000 16619 |

3 220 8747375 24118316 85000 37900 139600 -31.047 |

4 1276 108420655 28907.968 108000 34900 256000 58011 |

5 4367 133523348 27076269 133000 55993 228950 7016

o 6 4114 161603035 36046283 160000 76000 277000 -27.755 ‘

.5 7 3509 207716423 44402836 200141 82500 383970 35554

- ; 8 1848 274735536 63725687 269500 122000 538000 90.336 ‘

: ; 9 473 367513023 80412568 345000 239000 611657 909 |

"E 10 198 438588289 155677.207 426000 160000 755000 81214
44

This variableis very importantintuitively. It givesthe houselO grades The higherthe grade,the betterthe quality, and of
coursethehigherthe houseprice It's easyto find this relationshipby looking at the groupingtargetstatistics



Data exploration - distribution analysis, missing value analysis
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_[ Descriptive statistics | Histogram T Correlation T Scatter Plot ]

Missing rate | Minimum | Maximum | Average ‘ Upperqu.. | Median | Lowerqu.. | Standard.. | Skewness
GarageYrBlt 5.548% 1900 2010 1978 2002 1980 1961 - -

When analyzingthe garagearea,we found that thereare 81 houseswithout a garage,so someattributesaboutgarageare
missing Therefore for thesevariablesthe missingvalueof the categoricalvariableis setto None,which becomes separate
categoryFortheyear,we setthemto the earliestvalueof thegaragethatis 190Q

Decos
5540%




Data preprocessing missing value processing

TakeGarageQuahs an example to add the derived varigdeageQual _nomissingll in missing value

[ Add derived varistie % j Pie M] Retutian win nmt] Reiaton graph with mgu] [ Pie chart I Mﬂtm] Refation graph with target ]
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Themissingrateof the garageseriesof this datais notvery large YModel will automaticallyprocesghis data Here,we just
remindyouto fill in themissingvalueaccordingto the characteristicef thedata



Data preprocessing missing value processing

Variables similar to garage series incliRmolX series FirePlaceXseriesBsmtX series, which can be filled in the same way.

ForGarageYrBlt add derived variabl@arageYrBlt homissing use 1900 to fill in missing values.
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For the missingvaluesof time anddatevariables,Y Model hasa specialway to fill the missingvalues We simplyfill in 1900here
Note afterfilling in, we noticethatthe new derivedvariablehasbecomea categoricalvariable we needto changet to thetime datetype.
After filling it up, we foundthatthereweremoregaragesn 190Q Themissingvalueis gone



Data exploration - distribution analysis,

LotFrontage

I Descriptive statistics ] Histogram ] Corralation [ Scatter Piot

Missingrate | Minimum Maxmum Average | Upper quar Median Lower quar . | Slandard d Skewness
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missing value analysis

[ Descriptive statistics I Histogram T CorrelaﬁonT Scatter Plot ]
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0.3518 0.4098
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LotFrontage

It is common to fill the missing value of this distribution. Because of its large skewness, it can be filled with Yiddde.
will automatically handle this missing value, so we will not deal with it here.



Data exploration - distribution analysis, missing value analysis

Electrical
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=urn - e Categorical ... | Frequency I Average | Standard d... l Median Minimum Maximum Z-STAT
NULL 1 167500 - 167500 167500 167500 -0.174
FuseA 94 122196.894 37511.377 119000 34900 239000 -7.378
FuseF 27 107675.444 30636.507 109500 39300 169500 -4.932
FuseP 3 97333.333 34645827 73000 73000 137000 -1.876
Mix 1 67000 - 67000 67000 67000 -1.476
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- NULL
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In the case where the missing values are very little, we can choose to delete this record or use mode to fill in the miss
value.YModel usually uses mode to fill in.



Data exploration - missing value analysis

Alley
NO. | Variable name | Type | Dateformat | @ Select
_[ Pie chart | Relation with Target | Relation graph with target | 1 1stFIrSF Count variable )] l
Missing rate 1 Cardinality 2 2ndFIrSF Countvariable v
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Therearetwo waysto dealwith the variablewith a largenumberof

missingvalues Thefirst oneis to directly discardit; the secondone

IS to treatthe missingvaluesasanothercategoryandsetit asNone
41

. Becauseave seldomconsiderthatthetype of alley is asphaltor other
whenwe buy a house sowe candeleteit.

1369
W NULL

u Grvl
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The missingvaluefilling introducedhereis a simplefilling method,which is also a relatively effective method YModel
providestheway of intelligentfilling . It is moreeffectiveandtargetedo fill the missingvalueby buildingthe model



Data preprocessing add derived variables, variable interaction

UseGrLivArea/ LotAreato generate living area proportion.

Observingthis derived variable, we found that it is seriouslybiasedand should be corrected Moreover, the correlation
coefficient is very small, and the scatterplot also showsthat the correlationdegreeis very low. Preliminary inference
suggestshatthis variableis of little use Herewe mainly introducethatthe ratio methodcanbe usedto interactbetweenwo

variableso generatalerivedvariableswhich is temporarilynot availablein YModel.



