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Abstract

Data mining is a method of discovering patterns in large data sets. We
explore such a method because the information we can collect today is
extremely large, and if you want to directly use this huge data through
the human brain. It is almost impossible under the huge amount of data. On
the other hand, computers are experts at handling huge amounts of data,
so we want to study the implementation of data mining on computers.
Nowadays, many methods have been discussed. Two of the methods we want
to implement are Apriori algorithm and DNN model. Apriori algorithm, which
allows us to quickly find the frequent patterns and its association rules
in the data sets. DNNmodel. Train the model and try to predict and classify
the data.
After we follow these two methods to implement executable programs on
Python, we can finally find certain rules from the data through these two
methods. The rules found will help us better understand the relationship
between the data, infer beneficial information from it and use it.
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# % customer_db_w_missing csv.csv

2.1 FH %R
a2l

Hp

)

A 0 tRp 7 E
TRFH PR
fname ° address ° city

sy o2

l',TETJ
3 fg’“ customer_id » account_num * lname

state_province » postal_code ° country ° customer_region_id * phone

marital_status-gender: total children:num children_at home’education

=

F;}-’.a;},i.

member_card » age > year_income > expense iz fff = > H P E 3

VZEEN o

TR RRTE

i gé - smen g s 7 = .
ME S rman 5w ma| = mr | smes :
;EEE [F] TR 5 HEAR 5 = il e

RIOC23 ¥ S

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
1 |customer_iaccount_ntlname fname address  city state_provi postal_codwcountry  customer_r phone marital_sta gender  total_childinum_childieducation member_ccage year_inconexpense
2 1 875E+10 Nowmer  Sherl 2433 Baile Tlaxiaco  Oaxaca 15057 30 271-5559°5 F 4 1 Bronze 39 100000
3 2 8.75E+10 Whelply Derrick 2219 Dewi Socke BC 17172 Canada 101 211-305-7¢M M L 0 Graduate CGloden 83 80000
4 3 8.75E+10 Derry Jeanne 7640 First Issaquah 73980 UsA 21 656-555-20M F 1 1 Partial HigtGloden a0 20000
8 4 8.75E+10 Spence  Michael 337 Tosca Burnaby BC 74674 Canada 92 929.555-7279 4 4] Normal 31 20000
6 5 8.75E+10 Gutierrez  Maya 8668 Via hNovato 57355 USA 42 387-555-7. M F 3 O High SchocBronze 49 40000
7 6 8.75E+10 Damstra  Robert 1619 Stillr Lynnwood WA 90792 USA 75 922-555-5¢ M F 3 2 Partial Coll Silver 58
8 7 B.75E+10 Kanagaki Rebecca 2860 D Mt Tlaziaco  Oaxaca 13343 Mexico 30 515-55560M 2 1 Partial Coll Bronze 51 60000
9 8 8.75E+10 Brunner  Kim 6064 BrodiSan Andres DF 12942 Mezico 106 411-305685 M 2 O High SchocBronze %
10 9 &.75E+10 Blumberg Brenda 7560 Trees Richmond 17236 Canada 90 815-555-3¢M b 3 2 Graduate T Eronze 80000
11 10 8.76E+10 Stanz Darren 1019 Kenw Lake Oswego 82017 USA 64 847-555-5¢ M i 4 3 Partial Coll Gloden 51 100000
12 11 876E+10 Murraiin  Jonathan 5423 Camtla Mesa Céh 35890 USA 11 61255548 b 4 1 Graduate T Bronze 120000
13 12 B.76E+10 Creek Jewel 1792 Belm Chula Vist: C4 40520 USA 13 55555528 F 1 0 Graduate T Normal 29 80000
14 13 876E+10 Medina  Peggy 3796 Kelle Mexico Cit Mexico 59554 Mexica 2343-5559°5 M 4 1 Bachelors 1Bronze 25 60000
15 14 876E+10 Rutledze Bryan 3074 Ardit Lincoln AcCA 30346 USA 10 659-3553-3]M F 2 1 Bachelors 1Bronze 88 60000
16 15 876E+10 Cavestany Walter 7937 Seaw Oak Bay 15542 Canada 99 471-5558M 3 1 Partial HigtNormal 39 20000
17 16 8.76E+10 Planck Pegoy 4864 an ( Camacho 71787 Mexico 27 698-555-7 8 2 1 Bachelors 1Bronze 81 60000
18 17 8.76E+10 Marshall Brenda 2687 Ridge Arcadia 28530 USA 51 771555658 | 3 3 Partial Coll Normal 72 40000
19 18 B.76E+10 Wolter Daniel 2473 Orchi Aladena 49680 50 121-555-3t8 M 3 1 Partial Coll Bronze 86
20 19 87JE+10 Collins  Dianne 551 Rainie: Oakland 21485 UsA 37 217-555-118 F 1 1 Bachelors 1Normal Lyl 80000
21 20 8.77E+10 Baker Beverly 591 Merrie Spring VallCA 88762 Usa 15 617-555-7 M E 2 1 High Schoc Bronze 40000
22 21 8.77E+10 Castillo  Pedro 1579 PlazaRenton W& 71442 73 975-333- %M M L 1 Partial Coll Silver 82
23 22 8.77E+10 Borges  Laurie 1873 Lyon Bellingham WA 78588 Ush 78 610-555-6.M F 4 2 High schocsilver 53 40000
24 23 8.77E+10 Wyro Shauna 3114 Motrela Jolla CA 27430 USA 33 444555118 F 2 2 Silver 60000
25 24 8.77E+10 Wyllie Jacqueline 6318 Marc Santa Fe  DF 99737 Mexzico 109 102-555-7¢5 0 4] Normal
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3.1 Google Colaboratory

BAAERE P EHERT T J Google #& #h Python Z =4 B % % 5
Colaboratory’ BREPN G P B RE FEF R DI T P AR
SR 0F & Google Drive FAg@ Bo* > SR R w2 I AAENGE > P Al
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3. 1 Colaboratory Logo

3. 2 Pandas

Pandas #_python - BB h#kyp A 473N E > HEF i S {5 @ F
Folte s (Data Frame);R & * & 7 o/ Poid e (F 2 A 4T FHL

mlpandas

3. 2 pandas Logo

3.3 MLXTEND

MLXTEND & - i #>* Python snB /R p > &§ ¥ - L Hdpr {7401 £ >
B it - st SR ¥ 7 0 B F 9 Frequent Patterns - & i &

e
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[& 3.3 MLXTEND Logo

3.4 Keras

Keras - BAFEREY P PwinimFaB g E > §° 5 BiXEFRAEY
#Bl’aé’rﬁAPI Wl A% Python %@ o 5t % Aix A kA s TRV U E
v k= DNN H23) 2ig * 29 ) o
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4.1 Apriori § >

& =x§ 3 Apriori 4_t Colaboratory }+ @ * Python 2 § iFehe 5 $ Tl
{7 Apriori i i chf o 7 A T AR 0 T LE:,%,L & ¥ 3% 1% Colaboratory
# ehfiles.upload > 24 4 » 7 g P H i H TG R o

»ﬂ

L
&« 1 =i > AE > RHS L]
@ 1 import pandas as pd EaEE > WARRX A L |
2 import matplotlib.pyplot as plt zm ~ & suEE o5&
3 import datetime 9  EeLGd B9 customer_db_w_missing_csv.csv 2020/12/19 T4 07:36
4 import torch 4 TE
5 import torchunn as nn { =
§ import numpy as np b=
7 from torch.utils.data import Dataset, Dataloader L ff
8 from google.colab import files ; ;;
% uploaded = files.upload() . Aem ik (€]
10 fileName = list(uploaded.keys())[0] #EIERuploaded . DataDisk )
= GhostDisk (E)
e | EEEE | SEECaEE Cancel upload e
—— ERERN | mEEmCs)
BEQ) R

4. 1 files.upload() /i
o r sy TR B s 2.2 % Pandas 4 i€ {758 » > F] Pandas - csv b # 1%
SRV AT el v 4 B o
F1L R P A TR G BAE AR LRR BARHT R D ko i
T IEE R ‘Fe?ﬁmm%\maﬁ} T S B A
i i ¥ %16 Pandas #-H #5-1)
G O customer_id
O account_num
J Iname
O fname
U address

O city

[ state_province

] postal_code
° 1 import ipywidgets as widgets O country
2 from IPython.display import display
3 U customer_region_id
1 checkBoxs = [] O phone
5 dfKeysList = list(df.keys()) -
6 for titleName in dfEeysList: O marital_status
checkBoxs. append( n
8 widgets. Checkbox { ) gender
ol walue=True,
o total_childs
10 description=titleName, vtalclakiren
11 disabled=False num_children_at_home
12 )
13 ) education
ldfor i in range(0,13): #FARFMBIBMSE R
member_card

15 checkBoxz[1].value = TFalse
16 # checkBoxs[13).value = False O age
1T # checkBoxs[16].value = False

18 checkBoxs[17].value = False year_income
19 checkBoxs[19].value = False .
20 display(widgets. VBox (checkBoxs)) — expense

B 4.2 EREEREOR )58
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% 31§ Pandas #-h| 4 g FAEFTHRE DT 5 BB 4.3 PR F 0 A RBT
FOUEIRE PR A TR AT B A (7 TR R e 1 o

| InterestedData = []
2for i in range(0, len{dfKeysList)):
3 if (checkBoxs[i]l.value == True):
4 InterestedData. append{checkBoxs[i]. description)
5 df [InterestedDatal. head (10}

total children num_children_at_home education member card year_income
0 4 1 NaN Bronze 100000.0
1 1 0 Graduate Degres Gloden 80000.0
2 1 1 Partial High School Gloden 20000.0
3 4 0 NaN Normal 20000.0
4 3 0 High School Degree Bronze 400000
5 3 2 Partial College Silver NaN
6 2 1 Partial College Bronze 60000.0
7 2 0 High School Degree Bronze NaN
8 & 2 Graduate Degree Bronze 80000.0
9 4 3 Partial College Gleden 100000.0

4.3 FEERE R

# i Pandas éﬁdropna()'*v o R R FRERTT IR GG A% DT
Fe gk kT o T T000 5 L FH
© | cuteddf = df[InterestedDatal.dropna()
2 cutedDf
G total children num_children_at_home education member_card year_income
1 1 0 Graduate Degree Gloden 80000.0
2 1 1 Partial High School Gloden 20000.0
4 3 0 High School Degree Bronze 40000.0
6 2 1 Partial College Bronze 60000.0
8 5 2 Graduate Degree Bronze 80000.0
10273 4 2 High School Degree Normal 20000.0
10275 0 0 Partial College Silver 40000.0
10276 4 3 Partial College Gloden 40000.0
10277 0 0 Partial High School Normal 20000.0
10280 5 5 Graduate Degree Gloden 160000.0

7147 rows x 5 columns

4.4 FBIRRER
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f i * Mlxtend k5 3R Apriori > & f £ #-F 44 * % OneHotEncode

v A oA 4 %:ﬁ%l > enig s 2t 3% 3F Pandas 0 £ * astype @ i #-A75 BiE

AL 5 object A% 0 i@ * get_dummies = iE @ F 04 A4 AL g e o
OnellotEncode 25 3¢ o

1| cutedDf = cutedDf. astype( object’)
2 OneHotEncoderCutedDf = pd. get_duwmmies (cutedDf)
3 OneHotEncoderCutedDf

total_children_@ total_children_1 total_children_2 total_children_3 total_children_4 total_children_5 num_children_at_home_@

1 0 1 0 0 0 0 1
2 0 1 0 0 0 0 0
4 0 0 0 1 0 0 1
6 0 0 1 0 0 0 0
8 0 0 0 0 0 1 0
10273 0 0 0 0 1 0 0
10275 1 0 0 0 0 0 1
10276 0 0 0 0 1 0 0
10277 1 0 0 0 0 0 1
10280 0 0 0 0 0 1 0

7147 rows = 29 columns

4.5 OneHotEncode /& #}
£ R ¥ @& * Mxtend #rapriori * # * apriori 7 - 4-H] 4.6 #j » 5 & &

/] Ttemset £ 5 2 *2 2} = MinSupport % 0.1 if ¥ # ¥| frequent pattern 4=l
4.7 ehik % o

1 from mlxtend.preprocessing import TransactionEncoder

2 from mlxtend. frequent_patterns import apriori

3

4 FrequentItemsetNunlinit = 2 #:REHIMItensetB | H o
5 FrequentItemsetMinSupport = 0.1 #i%SEMinSupport

6

7

5 FrequentItemset = apriori(OneHotEncoderCutedDf, min_support = FrequentItemsetMinSupport, use_colnames=True)

9 FrequentItemset[" length'] = FrequentItemset[ itemsets’].apply(lambda =x: len(x))

10 FrequentItemset [  absolute support’] = FrequentItemset[ support’].apply(lambda x: = #* len(OneHotEncoderCutedDf))
11 LastCol = FrequentItemset.pop(FrequentItemset. columns[-1])

12 FrequentItemset, insert (1, LastCol.name, LastCol)
13 FrequentItemset [FrequentItemset [  length’'] »= FrequentItemsetNumlimit]

4. 6 Apriori F2=UHE-1
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support absolute support itemsets length
22 0.118931 850.0 (member_card_Bronze. total_children_1) 2
23 0.102561 733.0 (total_children_2, num_children_at_home_1) 2
24 0.117252 838.0 (member_card_Bronze, total_children_2) 2
25 0.100602 719.0 (member_card_Bronze, total_children_3) 2
26 0.187631 1341.0 (member_card_Bronze, num_children_at_home_0) 2
27 0107598 769.0 (year_income_40000.0, num_children_at_home_0) 2
28 0.206660 1477.0 (member_card_Bronze, num_children_at_home_1) 2
29 0.122709 877.0 (year_income_40000.0, num_children_at_home_1) 2
30 0.132923 950.0 (member_card_Bronze, education_Bachelors Degree) 2
31 0.131524 940.0 (year_income_60000.0, education_Bachelors Degree) 2
32 0.132923 950.0 (education_High School Degree, member_card_Bro... 2
33 0.144536 1033.0  (education_High School Degree, year_income_400... 2
34 0.140479 1004.0 (member_card_Bronze, education_Partial College) 2
35 0.179236 1281.0 (year_income_40000.0, education_Partial College) 2
36 0.203442 1454.0 (member_card_Bronze, year_income_40000.0) 2
37 0.103120 737.0 (member_card_Bronze, year_income_60000.0) 2
38 0.103540 740.0 (member_card_Bronze, year_income_40000.0, educ... 3

4.7 Apriori f2FUEE4E -1
& VA2 A 0 :xif 18 Absolute support 2 # 1B %E o

» use_col True) I

FrequentItemsetNunlimit = 2 #EEHEAIItensetf A
FroquentT AbsoluteNinSupport = 800 #IRFEAbsoluteMinSupport
|erqumtItalse‘t = apriori(OneHotEncoderCutedDf, min_support = FrequentItemsetdbsoluteMinSupport / len(OneHotE utedDf)
4. 8 Apriori f2x0HE-2
(B support absolute support itemsets length
19 0.118931 850.0 (member_card_Bronze, total_children_1) 2
20 0.117252 838.0 (member_card_Bronze, total_children_2) 2
21 0.187631 1341.0 (member_card_Bronze, num_children_at_home_0) 2
22 0.206660 1477.0 (member_card_Bronze, num_children_at_home_1) 2
23 0.122709 877.0 (year_income_40000.0, num_children_at_home_1) 2
24 0132923 950.0 (member_card_Bronze, education_Bachelors Degree) 2
25 0.131524 940.0 (year_income_60000.0, education_Bachelors Degree) 2
26 0.132923 950.0 (education_High School Degree, member_card_Bro... 2
27 0.144536 1033.0 (education_High School Degree, year_income_400... 2
28 0.140479 1004.0 (member_card_Bronze, education_Partial College) 2
29 0.179236 1281.0 (year_income_40000.0, education_Partial College) 2
30 0.203442 14540 (member_card_Bronze, year_income_40000.0) 2

4.9 Apriori FE U HE4E B2
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{# 3] frequent pattern 4 » i&— # 31 » Mlxtend #association_rules
ok 33 B3 F 4 dhassociation rule s ik 4e@] 4,10 o

° | fron nlxtend.frequent_patterns import association_rules
2 MinConfidence = 0.5
3
-: InterestedAssociationRulesInfo = [“antecedents” , ~ s , “support” , “confidence”)
5 AssociationRules = association_rules(FrequentItemset , metric = “confidence” , nain_threshold = MinConfidence)
o AssociationRules[InterestedAssociationRulesInfo]
antecedents consequents support confidence
0 (total_children_1) (member_card_Bronze) 0.118931 0.605413
1 (total_children_2) (member_card_Bronze) 0.117252 0.583159
2 (num_children_at_home_0) (member_card_Bronze) 0.187631 0.582537
3 (num_children_at_home_1) (member_card_Bronze) 0.206660 0.598218
4  (education_Bachelors Degree) (member_card_Bronze) 0.132923 0.543168
5 (year_income_60000.0) (education_Bachelors Degree) 0.131524 0.721966
6 (education_Bachelors Degree) (year_income_60000.0) 0.131524 0.537450
7 (education_High School Degree) (member_card_Bronze) 0.132923 0.538244
8 (education_High School Degree) (year_income_40000.0) 0.144536 0.585269
9 (education_Partial College) (member_card_Bronze) 0.140479 0.555925
10 (year_income_40000.0) (education_Partial College) 0.179236 0.507126
1 (education_Partial College) (year_income_40000.0) 0.179236 0.709302
12 (year_income_40000.0) (member_card_Bronze) 0.203442 0.575614

[E 4. 10 Association Rules
| Lift > ¥ £ metric = “1ift” e min_threshold = lift

Lok —’é;
lift % **— @ &< association rule °

m&ﬁiﬁ

© ! fron nlxtend frequent_patterns import association rules
2 MinLift = 1.2
3
4 InterestedAssociationRulesInfo = ["antecedents” , “consequents” , “support” , “lift”]
5 AssociationRules = association_rules(FrequentItemset , metric = “1ift" , min_threshold = MinLift)
& AssociationRules[InterestedAssociationRulesInfo]

antecedents consequents  support lift
0  (education_Bachelors Degree) (year_income_60000.0) 0.131524 2.950196
1 (year_income_60000.0)  (education_Bachelors Degree) 0.131524 2950196
2 (education_High School Degree) (year_income_40000.0) 0.144536 1655946
3 (year_income_40000.0) (education_High School Degree) 0.144536 1655946
4 (year_income_40000.0) (education_Partial College) 0.179236 2.006882
5 (education_Partial College) (year_income_40000.0) 0.179236 2.006882

4. 11 Association Rules » {fi F§ MinLift=1.2 [Ef]
¥ b4 ¥ Ui * Pandas 2 & % year_income_40000. 0 = Association
Rules °

12 KB A 4 45 ePaper(2021 4F)
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° | InterestedDataName = {"year_income_40000.07}
2 InterestedAssociationRulesInfo = [“antecedents” , “consequents” , “support” , “confidence” , “lift"]
AssociationRules = association_rules(FrequentItemset , metric = “1ift” , min_threshold = 0)

{ AssociationRules[AssociationRules["antecedents”] == InterestedDataName] [InterestedAssociationRulesInfo]

antecedents consequents support confidence 1ift
8 (year_income_40000.0) (num_children_at_home_1) 0.122709 0.347189 1.005007
17 (year_income_40000.0) (education_High School Degree) 0.144536 0.408947 1.655946
20 (year_income_40000.0) (education_Partial College) 0.179236 0507126 2006882
23 (year_income_40000.0) (member_card_Bronze) 0203442 0575614 1.127717

4. 12 year_income_40000 HY Association Rules
4.2 DNN & $gsg Rl B2 3

A= B DNN » Z_% Colaboratory * @ #* | fe— BV iz % - BG4 oh
DNN #5341 -

= Sequential()
.add(Dense(units=512, input_dim=5, kernel_initializer='uniform’

.add(Activation('relu'))

.add(Dense(units=256, kernel _initializer=‘uniform®'))

.add(Activation('relu"))

.add(Dense(units=128, kernel_initializer="uniform"))

.add(Activation('relu”))

.add(Dense(units=64, kernel_initializer='uniform"))

.add(Activation('relu"))

.add(Dense(units=32, kernel initializer="uniform'))

.add(Activation('relu'))

.add(Dense(units=4, kernel_initializer="uniform'))

.add(Activation('sigmoid"))

.compile(loss="'categorical_crossentropy"’,
optimizer="adam®, metrics=['accuracy’])

[El 4. 1313 FHAIEIRHES T code
BHCAY APF R 2R BRI HTA Y AL TR, TS
2\ i e & B O AR S, 37 Sl (T B 315?] g R B ] 3 0 s R
ﬂi%]u 0, #r3 =30 g £ A ui&ﬁ@ﬁ%l/\ f_a:js_ﬁﬁ%]:u °
FAT - K am o ARTLLET D BFRAR, AU AKTER, &0, %
&érr«},va 4] E#L o
AR L RO R T ;M ”‘avl%]" A K A wl$ 256,128, 64,32
Mg & 1%; R S Aok AR 5 TR AR N SR B A R 7 iR ek Br
%&*iﬁﬁgé$ﬁﬁ$ﬁm%%io
i - B AR AL §FF B d Bl oG Hi, 4, 8,
&, 8 PIRE T I HGE# BILY Dadma w& A AR R gk I R SR e
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AR 5 A, 2IVRRE L BT LIS ek -

activation 3 (Activatiom)

4.1414 HRITERAEHETE
ORGSR R R BT AR

h = model.fit(train_x, train_y, validation_data=(test_x, test_y),batch_size=128, epochs=180, shuffle=True
1)

4.1515 FEEIFSE code
mUGHE SRR, BBl A k3] 63.19% -

4.1616 FEEIF%E code

14 KB A 4 45 ePaper(2021 4F)



{#FH Python #EEFE N E IR & RHE R
FIF BEEEH

5.1 %%

#ig 5! * MLXTEND 2% % 02 i i 8 i 7 70 Apriori A% £i2 kB I F
#L e frequitent patterns fri association rules # 2 &3 Lift 23 —F’—,—
TR RS R o 7 JF AP RN R DI L 4 T R T - R 2

o

5.2 4

%18 Apriori it § FIFTALE chB ko fed S FAEAT L AEA 5 B f[&;féétﬁﬁ
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