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Abstract

Machine learning model data is highly affected by performance. preprocessing is

needed to enable analysis of various types of data, such as letters, numbers, and special

characters. This paper proposes a development environment that aims to process categorical and

continuous data according to the type of missing values in stage 1, implementing the function of

selecting the best performing algorithm in stage 2 and automating the process of checking model

performance in stage 3. Using this model, machine learning models can be created without prior

knowledge of data preprocessing.
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Table 1. Comparison Between the Environments for Machine Learning Automation

New SDE AutoML Azure ML
Automation [ ] O (D)
Missing Value Type Check [ ) O O
Estimating a Missing Value from Correlation [ } O O
Creating Dummy Variables [ } O O
Normalization : Skewness, Kurtosis [ J O O
Modeling from Best Algorithm [ ) [ D) [ D)
Visualization [ ] (D) [ J

@® Automation © Semi-Automation O Non-Automation

£ 2. 57 943 2 dols A
Table 2. Label Check and Delete Data

Label Column Survived
v
Delete? 1(Yes) 2(No) 1
How Many? (1~5) 1
Variable Name? Ticket

Train data missing value
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Fig. 3 Visualization of Missing Value
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Table 4. Regular Expression

Test Data []

Missing Value >>> Categorical Data Description Ex
Train Data [‘Cabin’, ‘Embarked’] [1 | a set of characters [a-m]
Test Data [‘Cabin’] W | signals a special sequence Wd
Missing Value >>> Numerical Data any character he..o
Train Data [‘Age’] ~ | starts with “hello
Test Data [‘Age’, ‘Fare’] $ | ends with world$
No Missing Value >>> Categorical Data * Zero or more occurrences alx*
Train Data ['Name’, ‘Sex’] + | one or more occurrences aix+
Test Data [‘'Name’, ‘Sex’, ‘Embarked’] 0 exactly the specified A1(2)
No Missing Value >>> Numerical Data number of occurrences

Train Data [‘Fare’] | either or alb

O | capture and group

¥ Stage 1

train - train.select_dtypes{include = 'object’}
train = train fillna(' missing_value')

def transform_categorical{name}:
pattern = re.compile{r'{(fa-zA-Z}HN."}

for i in range({len{train.columns)):
if pattern.search{name):
train{train.columns(i}i =
train{train. colﬂmn&{l]} str.extract(pattern)
train{train.columns|ifi =
train{train.columns{i]] replace(trainftrain. columns{i]l.value_c
ounts{).ilocf4:]index, 'Other’)
break
else:
print{ ' No Transformation is Required’)

¥ Stage 2

train_list = [trainitrain.columns{c]].tolist{}{¢] for ¢ in
range{len{train.columns})}

for i in range(len{train.columns)y:
transform_categorical{train_list{i])
train = train.replace{'missing_value', np.NaN)
a3 4 W ol A8 W

Fig. 4 Categorical Data Change Process
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compile?} search =5
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olMld & v FHle wolrk MAHE o+ =S
seol Aik A4S F7HeT [10]
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Zgho] Q= dlolElel 3ol 71Y BE Wse] =

¥ Stage 1

corr_0 = lambda xt

x.corrwith(x{ 'Pclass']).sort_values(}.head(5}

corr_1 = lambda x z.corrwith(x['Sex'|l.sort_values{).head({5)

corr_11 = lambda x:
x.corrwith(x[ Cabin']).sort_values(}.head{5}

¥ Stage 2

corr_0_df = corr_O{train)
corr_1_df = corr_1{train)

corr_11_df = corr_1 [{train}

¥ Stage 3

train| 'Pelass'] =

train] 'Pelass ' fillna(trainfcorr_1_df.index(0]].median(})
train]'Sex'] =

train] 'Sex'].fillnalirainfcorr_2_df.index{0]].median{}}

train{ 'Cabin'] = traini'Cabin'] fillna(trainfcorr_11_df.index([0]].
median(}}

a% 5. A% A A4
Fig. 5 Process of Replace Missing Value
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corr_Hst =[]
for col in train.columns:
corr = lambda x: x.corrwith{train[coi]).abs()
corr_ = corr{irain}
corr_list.append{corr_)
corr_df = pd.DataFrame{corr_list). T

corr_df.columns = corr_.celumns. tolist{}

train_corr = [corr_dflcoll.reset_index() for col in
train.columns]
top = [train_cort{i}'index'}[0] for i in range{len{irain_corr}}]
def corr_top(df):

for col_ in train.columns:

dffeol_} = [difcol_Lfillna{dftop]i_}} median()} for i_ in
range{len{train.columns)}]

train = corr_top{train)

a9 6. A5 oA A A
Fig. 6 Improving the Process of Replace

Missing Value
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Table 5. Create of Dummy Variables

Sex Sex_male Sex_female
male 1 0
>

female 0 1
A& et Sex’'E 2 EW ‘male’$)t ‘female’
Abolel = F3kgke] §lar &X7F §17] wiol], ‘Sex’
of 7bg A3ter dold ZdAS 3t 7|We] Has)
™, 7PA<4= (Dummy Variable)= ©|213 H33 W
FE 0 EE 1 #E 7HE AAME Weltt
[11-13].

glo]# 7] Al Pandas®] get_dummies X &
& AREEPE E SollA ek o] JiRg Wigte] Jbn
=

= dolElolvt HESHA FHAslEo HAE
ol A&ds wWf dso] ANZ vehhA &
= 143 (Overfitting) A= 237 A& A=
o} =g 2, o]F a¥ 7oA AT 9
o [14, 15].

dolg FxoA d¥rAd HE G w9 v, o
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o e} 7ol Scikit-Learn® RobustScaler RE<
AFgaA o)A (Outlier) W3S gl gt
[16].

looo

153 Ml 6= 2020& 122 311

hoe Skewess: ~1.18 Kurtosis 00234

Fare S 003 Krtosis: 0.5
Normalization before after
a J \
- N
. = N
g : R [ —

Normalization before

a' 7.9, A= A7)

Fig. 7 Visualization of Skewness, Kurtosis

Outlier delete before Outlier delete after

- O

Outlier delete before Outlier delete after

a9 8. obgehelo] A7a)

Fig. 8 Visualization of Outlier
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W Stage 1

knn = KNeighborsClassifier(}
kEnndit{X_train, y_train)
knn_score = knn.score{X_val, y_val)

svm = SVC{)
svm. fit{X_train, y_train}
avim_score = svm.score{X_val, y_val)

Isb = LGBMClassifier()
Igb. fit(X_train, y_train)
Igb_score = Igb.score(X_val. y_val)

¥ Stage 2

Models = pd.DataFrame({
"Model' : [[KNN', 'SVM'. -,
‘Seore’ ! [knn_score, sVIn_score, -,

b

Models.sort_values{by = “Score', ascending = False)

'LightGBM'],
igb_score]

7 XGBoost 0.82151

6 GBM 0.81192
1 Linear Regression 0.69175
W Stage 3

best = xgb.predici{test)

ad 9. MY g

34
Fig. 9 Machine Learning Process
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best = {]
for model. in [KNeighborsClassifier(), SVC(,.

LGBMCClassifier(}]:
model = model
model fit(X_train, y_train}
accuracy = model. acore(X_val, y_val)
best.appendftype(model _}.__name__
+ "%
best_ = pd.DataFrame{best, columns = ['accuracy'])
best_[*algorithm'] = best_['accuracy'].str.split(":'}.str{0]
best_["accuracy’] = best_[accuracy'l.str.spht{’:").str{1]
hest_ = best_[['algorithm’, 'accuracy']].reset_index{drop
= 'index’}
hest_1 = best_['algorithm’][0].strip(}
exec{'best_model = '+ best_1 + '(}"}

best = best_model{test}

" + str{accuracy)

a9 10, HAled gaes 2= A
Fig. 10 Improved in Machine Learning
Algorithm Code

train train train train KNN Accuracy 1
train train train train SVM Accuracy 2
b e train  train Decision Tree Accuracy 3 E'fefg‘;ﬁ
train train train  WAGETON  train Logistic Regression Accuracy 4
train train train train Linear Regression Accuracy 5
GBM
LightGBM

oy 11 wA A5 23
Fig. 11 Cross Validation Result
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TP+ TN
Acauracy = 5 N PN 1)
I
Precision = W B (2)
7P
Recall = 5y 3
_ Precision X Recall
Flscore =2 Precision+ Recall @
Actual
Prediction 1 Q
1 TP FP
[4] FMN TH
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Fig. 12 Confusion Matrix

Z} Aol Alg® TP (True Positive)i= True
FalseE True

il

True®, TN (True Negative)&
2, FP (False Positive)= TrueE False®, FN
(False Negative):= FalseZ False®Z dZ3l= A
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'¥ Datetime

def random _dates{start, end. n = len{train})}:

start_ = start.value // 10 += 9

end_ = end.value // 10 #+ 9

return  pd.to_datetime{np.random.randint{start_, end_,
n), unit = 's’)

start = pd.te_datetime('2020-01-01")

end = pd.to_datetime(' 2020-06-30")
train{'Datetime'l = random_dates1{start, end)

ical=1]
foriin range(l. len{train) + 1):
i_col.append(str{i} + '_test@test.com')
email_df_} = pd.DataFramefi_col, columns = ['Email '}
train = pd.concat{jtrain, email_df_1}, axis = 1}
a9 13, dioly WA
Fig. 13 Process for Changing data

Terget(Label) : Survived

Variable to Delete : 1{Yes), 2o} -1

The Number of Varisble to Deleta(1~5}: 1
Which Varistle do You Want to Delate - Ticket

2% 14, A5 A A 2 7HE 4%
Fig. 14 Setting Requesting Before

Automation Progress

(Step 1) Missing Value (Yes) >>» Categorical

Train data: ['Cabin’, ‘Embarked']
Test data: ['Cabin']

(Step 2) Missing Value (Yes) >»> Numerical

Train data: ['Age
Test data: ['Age’,

are']

{Step 3) Missing Value (No) »»> Categorical

Train data: ['Name', 'Sex’, '‘Email’]
Test data: w'NamE 'Sex’, 'Embarked’, ‘Email’]

ara', Datetime’]

['Passengerld’, ‘Survived', 'Pclass’, 'SibSp’, ‘Parch’'
Test data: ['Passengerld’, ‘Pelass’, ‘SibSp', 'Parch’, ‘Datetime’]

Data Praprocessing Done

Best Algorithm? XGBoost
Cross Validation Mean: 0.81931
(lagsification Report
precision recall fl-score support
0 0.83 0.92 0.87 153
1 088 073 0.79 1089
a9 15, v AEE w2 2
Fig. 15 Result of ML Automation Model
Analysis
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3E 6. A5 A Y ¥
Table 6. Comparing Method of Replacing
Missing Value

Model Delete Mean ol
on

LinearR | 0.76364 | 0.73881 | 0.75000

XGBoost | 0.76364 | 0.79851 | 0.82463

LightGBM | 0.74546 | 0.81716 | 0.83955

KNN 0.72727 | 0.65672 | 0.70149

DT 0.69091 | 0.64926 | 0.70896

GBM 0.65455 | 0.76119 | 0.76493

Logistic R | 0.34546 | 0.65672 | 0.69776

SVM 0.59056 | 0.66212 | 0.68817
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