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A 20448 78048 74422 3626 4.65%
B 18928 99859 95100 4759 4.77%
C 44262 169071 157643 11428  6.76%
D 11697 45114 43173 1941 4.30%
E 117821 449099 404078 45021 10.02%
A 213156 841191 774416 66775  7.94%
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S

300k

250k
<k
X 200k

150k

100k

50k

e 4759 JECY -
0 1 2 3 4
=5
EEPESEEDE LEE:
i 4- S 2 5 AE
4 Ao 7 FTAE (Ol B A59)
e Hewy B R S s =R Haxgh  HAdi@
1 org_id 5 3.88 1.40 1.00 5.00
2 user_id 213156 106577.50  61532.98 0.00 213155.00
3 age 213156 42.83 17.90 0.00 90.00
4 total_num_pledge 213156 1.22 1.36 1.00 315.00
5 total_num_payments 213156 42.65 30.61 1.00 520.00
6 total_engagements 213156 0.21 2.36 0.00 387.00
7 recent_engagements 213156 0.03 0.25 0.00 27.00
8 user_writedate 213156 1269.55 932.34 1.00 9800.00
9 first_paymentdate 213156 1268.59 903.60 0.00 6386.00
10 total_payment_amount 213156 839470.58 845039.12 1.00  10000000.00
11 payment_amount 841191 242063.07 218308.47 0.00  12000000.00
12 payments 841191 - - - -
13 months_position 841191 - - - -
14 org_churn_rate 5 0.08 0.02 0.04 1.00
15 churn 841191 0.08 0.27 0.00 1.00
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F5: 0 W] VAT (5

W 9y ngael A BE EEEA Aag Ad@
16 sex 213156 1.81 0.65 0.00 3.00
17 region 213156 3.85 4.94 0.00 18.00
18 is_cellphone 213156 0.98 0.13 0.00 1.00
19 is_email 213156 0.60 0.49 0.00 1.00
20 is_account 213156 0.04 0.20 0.00 1.00
21 is_zipcode 213156 0.60 0.49 0.00 1.00
22 is_receipt 213156 1.13 0.33 0.00 2.00
23 is_text 213156 1.27 0.44 0.00 1.00
24 is_email 213156 1.44 0.50 0.00 1.00
25 is_post 213156 1.44 0.50 0.00 1.00
26 is_call 213156 1.06 0.23 0.00 1.00

27 payment_methods 841191 - - - -

L o] o] A sH= H]F0] 56.96% = 7HY ZAth. AE3] 5.66%2 A 25
FEAEO Wt AP-2 42.834 90 BEAAFE 17.95 Vetith A
FAE QRS Sk e A=A H|F0] 30.12% % 7HE ZIAL, R
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BT AN ABAE X = [, vh, . V] O2 BRI 1= FEAT

H
IS T 22 ulgieh. A2 12892 T4 H o] ek 4A% 1 €N
= [1,12] 910 EFEE ghe e

& Ao o¥l Aol A ASIRt Churn BST ¥ o] -2 -4
Al 7 S A E Y YA BST 2o HlwE Fof 15

H|ZUAE At 2 Churn BST Rdo] ojH 23

filo
N

P_‘Exlé_ AbIE

3.2.1 ChurnBST 299 7%

Churn BST 2492 1) Embedding Layer®} Transformer LayerE ©]

25} Behavior Encoding T4, 2) Information Aggregation T+74|, 3) Feed-
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forward Layer?} Sigmoid FunctionS ©]-85}= Decision Making THA &
74T

Sequence Concatenate -
- S
wry s o> | NN @ | 3 | > EE)
- m A o
[P s=] s > > =
W n o> | 3| > HD 2
@ )
2 X
=3 5 @
=3 < @™
Q o Q
c : s
Non-sequence 2 2 _
- ot v s >y
e I — Wl a
ol Cp S g
oFr g vV —» —»
A%y wy 0
w, | -
Behavior Encoding Information Aggregation Decision Making

719 9: Churn BST o}7] €l ]

7V 2]-2-9] Behavior Encoding THA|of| A= G 3}2] Q] sh&-2 Q|5

BE AAL BE YHE O e 402 u|P et Chum BST

Sh5 H|o] Bl 371A] 59 9] Sequence H|©]E] 2} Non-sequence H|©] B &2
T2 HH 4592 A9 Hlo] Bl = Embedding LayerE 7 2] 7] ®tt.

4 310 VI 82 Hole 2 AR U T A%
o]

W, € RIVIxd (3.1)

) 32014 Dl BE RO gl AP AUel 37)
olt}. Information Aggregation AN AL HFH 02 W W,oh W, 5

Agste] A2 g W $B wrET

25




W, € RIPIxdo (3.2)

Y& S+ Feedforward Network (FFN) 2] ¢} €
Making S0 4= 474 Hidden LayerS o §3} o] B8 212 43

St

F = LeakyReLU (SWW 4 bYW @) 4 p(2) (3.3)
u}z]at© 2 Cross-entropy LossE 0|83} &A1 32 A4S Embed-

ding, Transformer, FEN Layer®] o}2tu| g & Qo] o] EStrt.

L= 3 Glogp() + (1 -iog(1 —p(x)  (34)
(x,y)eD

3.2.2 Churn BST 29 9] & AA|

Churn BSTE= 92y Ta9 939l PyTorch 1.10.2 H{A 0 2 2R =]
olet. §1ug ellololi 177h9] W45 27} ststel, 47f o] Q12 el
ol 1AH EdARME ZA5} g2 GELUS o]-§5t}h FENLS 47
o] Hidden #lojol2} 17]9] £ #lojolm PR} RE o]0l 2 T4
99 A9 oh45 stetnl s % 1408 Aol ct.

O
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3 6: Churn BST ¢H|d glo]o] o] 1+A]

Mo s 4y weole] 4 g

1 org_id Z2id 12 2

2 user_id F=2}id 426,000 2

2 sex A 8 2

3 age_group A9 15 33 3

4 region 2|14 76 4

5 cellphone SOAHSIAS 3HE of 2 2 1

6 email ojvf|d gtH of B 2 1

7 account 29 AA gt o1 2 1

8 zipcode AFA] SHAG TR o5 2 1

9 receipt FrE AL R 3 1

10 is_text B2} A5 0] of B 3 1

11 is_email oY $=A15-9] of H 3 1

12 is_post GH FAFY o7 3 1

13 is_call A3} A E 0] o 5 3 1

14 payments A|EA Y L relol 180 6

15 payment_methods A]|@EA W ¥ AA 5T 3 1

16 months_position ~ AJEA Y L FALH 34 2

H 7: Churn BST Y| E{|=.9] 114

yEYT 7] H) 1 hahu] g 2
Transformer Encoder 47}] GELU, d_model: 9, nhead: 3, Dropout: 0.1 157,000
Feedforward Hidden Layer 47| LeakyReLU 840,000
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71t
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T2y Ega9] 37

o]
AR

Ht} 7373t (Robust) ol = 4

© 22 Unseen t|o| €] of Tt

(13
=

SEEES Ll

2 A 2]% Churn BST9} BST 2 ¢l 7o) Z}o] A& Hoj 2T},
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3 8: Churn BSTS} BST 2@ 9] H|

v &= Churn BST2] £ BSTS] E4
1ol g %7

g o EE R ESSES AAALA ) ] 2

S Es SERE 45
2. 9% dloe male]

- Sequence H|°|H HEote g ojel st Itemid <5

- Non-sequence t] ©] €] MY, o, 959 M, ol

- B33 glo|g g5 WeightedRandomSampler =y

- g]o] ] Aggregation Concatenate Concatenate

SHYEYT X

3.1 Embedding Layer

- Embedding Module nn.Embedding nn.Embedding
3.2 Transformer Layer

- Transformer Block 4 1

- Positional Embedding Fixed Window pos(vi) =t(ve) —t(vi)

- Activation Function GELU ReLU

- Dropout 0.1 0.2
3.3 Feed Forward Layer

- Hidden Layer Shape 1024 * 512 %256 * 128 * 64 1024 * 512 * 256
3.4 Loss Function Cross-entropy Cross-entropy
3.5 Optimizer Adadelta Adagrad

29



R0k ofu], vlw APS s FuE T oF melo] 7 238 7}
7ho] gro & Helsto] 7| &stgrt.

411 dHolg HA 7

19 109)+= SH5 djo] g of] -85 Sliding Windows o] 7| &5
o] ik 20214 59~2022 89 (3 16749 5 AH 85 FlolEl S
Window size: 127]] Y, Step size: 1742 &ato|Al5Ho] UseridS 7|& 2
2 Wh el sheo] o] ol ES FTk. A1 He] nly ojisl £ 3}
Aof| L5 A ¢ 2 74 ubA] 2t Windowol| 3fjt51= 20213 82€~2022
¥ 89 71709] HolEl BT Test set0 2 o] &5k}, el Hlo]eji
Train set 80%, Validation set 20% 2 FL&25}0] =H-2 253t

A& HpolA 54 dEgtol ots= Adfist= 2AIE
ool EY RIS /|20 2 B (ScalyE Y B} 4AL

pa

At AA 2 ZPolE= Scikit-learn 1.1.3 [31]-S ©]-&35}91.2 W Stan-
o] 27

&
 BEHA 12 Wgsto] At zol 7HgA



Full

(Lo e sl Tl w[s[e] b
[T T [ el
L e e el
“  GIe[s[elr e Ts ela[e[o]w

s el e s [w[w]w[o]w]7]

HPRolTh. o A7 £ S A9 BE RS0 At A A7t 2

.1

RobustScaler= Al =25 Z=o}7) (Median) 0.2 w11 AR ZF
(Quartile)©] 1291 (25%) ~ 329 (75%) R 912 Hof Heksh= o]
o o] H gk W] 2 Agks R =2 ARS-Sh W of] Hlsl o]/dA] €]
Ge¥eio] ZolErtz E4o] Yrt.

X _Xmedian

Y = (4.2)
X1r0,75% — XIR0,25%
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StandardScaler, RobustScaler B} ] © 2 H£3 H4S T2 5lol i}

£ 29, 109} 17 119 YrEht gl

H 9: 9&35 H49] TZF5} (StandardScaler)
& M5y A+ BE BERA ALy AN
1 age 841191 0 1 -2.30 2.61
2 total_num_pledge 841191 0 1 -0.17  241.52
3 total_num_payments 841191 0 1 -1.37 15.58
4 total_engagements 841191 0 1 -0.09 163.76
5 recent_engagements 841191 0 1 -0.14  102.31
6 user_writedate 841191 0 1 -1.38 9.20
7 first_paymentdate 841191 0 1 -1.43 5.69
8 total_payment_amount 841191 0 1 -0.99  10.77
9 payment_amount 841191 0 1 -1.11 53.86
¥ 10: 99 H4 9] HE35} (RobustScaler)
&l M4 As  WE EERER Axy Ady
1 age 841191 -0.12 0.80 -1.96 1.96
2 total_num_pledge 841191 0.22 1.30 0 314.00
3 total_num_payments 841191 0.30 0.93 -0.97 14.76
4 total_engagements 841191 0.22 2.36 0 387.00
5 recent_engagements 841191 0.04 0.26 0  27.00
6 user_writedate 841191 0.32 0.90 -0.93 8.60
7 first_paymentdate 841191 0.34 091 -0.96 5.52
8 total_payment_amount 841191  0.34 1.18 -0.83 13.06
9 payment_amount 841191 0.02 1.82 -2.00  98.86

412 A5 AR

2 FolA e 2 dolM AT A2 F7Is] s A s
A &o] Fot ofulof tisf ATyttt

b
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RobustScaler =35}
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19 11: 945 M2 total_num_payments 2] F=5}

4121 o33

22} 9 E (Confusion Matrix)2 &7 Ll o] o 7k} AA L Ato] <]

Z}o] & True Positive (TP), False Positive (FP), False Negative (FN), True
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Negative (TN) 47]1¢] @ 4= 25+ 25 oJn|ett). o]l 27 RE o] F 7}
A2 de] &85 ik

= AFolA TP= 2ol 1 (M2 ASAed AAGE 1 (7H)
A B%E oulotal, FPe Bl 1 (M2 ASHet 2Aw2 0 (F
o] gte}. FN2 ®do] 0 (Fe) e & ASF=d AA
UERH AL, TN2 2Eo] 0 ()= A =Fet] 24|

)9l A4 vehdint
Predict
Positive Negative
Positive TP FN
Actual
Negative FP TN

13 12: 22} ¥ &E (Confusion Matrix)

97} P B35 === TP, FP, FN, TN 47]|9] @ 42 2gtsd A

0
or

S (Accuracy), Z| & (Recall), H Y = (Precision), F-Score 47] 9] A
AEE I 5 9,
A (Accuracy)= A5kl 378 2 B o Fel :A glo] A=

=
3 gro] ol QLeAwE st Aotk o B RASL o
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2% Recall x Precision
oe)

Recall 4 Precision

FScore
T True Positive Rate”} ©]

T

Receiver Operating Characteristic (ROC) Curve
&

False Positive Rate7} Y11 True Positive Rate”}
ROC Area Under the Curve (AUC)= Tl

4.1.2.2 ROC Curve
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0.590 7179 A= B 2SS} Eacha 2 & Ao
ROC AUCX True Positive2} False PositiveS X% HFejslo] A=}

7] wj&of| Positive?} Negatives 2T+ 118 & of|=5fjof 5}+= 7

s A w2 & 4 ok Al E S0, 79 el o] E KL

SERJAE R0k Sh= Aol ROC AUCE o]-8-5f LH ]

4.1.2.3 PR Curve

Precision-Recall (PR) Curve:= ¢ A| %}k (Threshold)o]] w}2t Hst= A
I (Precision)?} A& (Recal) S &
X%2 Q@ g, Y5 HUEE Gepack

248 £ o5 Bdoley @

A3 A5 z|Fo|th PR Curveo] A

[e])]

>

E AN
om FHo] &5 o= o] Feht. shA|Rt UHEA 0 2 0] A 14Fe] 9]
whe} AU E o} S Atolo] Edflo|E9 T
<t

PR Area Under the Curve (AUC)= PR Curve®] I7|5 A=A o
115t7] f1af T4 oefj o] MA& 5 x| welch. PR AUCE AL

L 4Rg olgotie] X5 AEE 229l YA 3 Y5 Aol

HU

jus}

A oF A H-& 2] AAHAS A B True Negative?} 2 F4]
=y

=
Pt J& & 4 ok &, PR AUCK= Positive S AF |55t
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ste 45 Aotk & 50, &2 Wdste ol ol THstA|



413 v 29

2 AFolME 71E waled HENS v S8 7 22l o]
|5 mAled W74 F st Scikit-learn 1.1.3 [31]& &85 8
W 2els F A Scikit-learn& ©]-§-51H FLH A H o] E

0|83 A AJE Ed AZH HAlo g Ay ¢

[ o 11—

HJ+
E
N
tlo
-
rel
il

1. K-Nearest Neighbor [32]: KNeighborsClassifier APIE o]-&5] &
§.0.0] sto] wstetu] = n_neighbors = 5.5 AR L.

2. Logistic Regression [5]: LogisticRegression APIE ©]-835f nd-S
T@Z o sto]mutetn|H = 7|24k o] 83T

3. Decision Tree [7]: DecisionTreeClassifier APIE ©]-&3]] T+
sto] wtatn] B 7] B2k o] Sk,

o

;°“

4. Random Forest [6]: RandomForestClassifier APIS ©o]-83l 1
o 7| EZF 0] 9] 9] sto|mmtatn] el = n_estimators = 500,

38 :



oob_score = True, n_jobs=—1, max_features= “auto”,

class_weight = “balanced” % "4 % Jct.

5. Gradient Boosting [8]: GradientBoostingClassifier APIE- ©]-&3f -

Ao stolnutetnl e 7|25k o] Sk,

6. AdaBoost [9]: AdaBoostClassifier APIS 0]-23f] L3l 0™ 5lo]x]

shebu] g 7] 2ghS o] §alc.

7. XGBoost [10]: XGBClassifier APIE ©|-&35] ;LA o 7|27} o]
2] 9] sto|mjutefu] ¥l = n_estimators = 1000, learning_rate = 0.1
max_depth=150, subsample=0.2, early_stopping_rounds =100,

. 13 LRl =]
eval_metric = “auc” 2 XA}

8. LightGBM [11]: LGBMClassifier APIE ©]-835f] =& 3} 2™ Grid-
SearchCV APIE o] &3] 7| 237} o] 2] 2] slo| = ufatu]| g of st X
2512 APt 2549 sfo] Huatu] B = n_estimators = 1000,
learning_rate = 0.1, num_leaves =400, max_depth = 50,
min_child_samples =50, subsample=0.05, eval_metric =“auc”,

early_stopping_ rounds = 1002 A =] A c}.

2 Hof M= o Ao A A|¢tet Churn BST RE 9] o % A¥tE

wAoh, oAl d 9 geld BEu] v S Fol 45 Bk E
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7|8 AF L SH5o)| AFRE 22 A~EZF ZEHE Hlo]E S o] 83
ATk 4] 20219 5LFH 20226 89747 9] Hlo|H F wpA| 2 A ¢
gohs 2021 §YHE] 20221 89712 2] Hlo]E] S Test set O &

B 11, U 2] Al A = 80%-+= Train set2. 2 0]-8 20%-+= Validation

Chun BST 242 Batch size 2562 7|22 Z 40,000 Stepo] 2
shgs0] AAE|GIct. 17 132 L] Train lossS L) 1 14
£ 8,000 Step ©]% Validation set®] PR AUC 2] &7} 7FA5to] 12 glo]
AR Hg& HolErh

R

step_train/loss

0.6
0.5
0.4
0.3
0.2

0.1

trainer/glbba "'4u

10k 20k 30k

713 13: Churn BST9] Train Loss

Test setS 7| £ 0 2 A58 F{r7Iaie uf] 50| 23 % Churn BST 2

b

9o A3 (Accuracy) 0.9594, A T (Precision) 0.9127, Al &-& (Recall)
0.6357, F-Score 0.7495, ROC AUC 0.9508, PR AUC 0.83025 €A3l= &

S8 A2 ol Folrt.

olt

” oo iR



val/ap

0.8

trainer/global_step

10k 20k 30k

1% 14: Churn BST2] Validation PR AUC

Churn BST Precision-Recall Curve

1.0
0.8
s
5 067
(9]
o
o
0.4 4
0.2 A
— AUC = 0.83
0.0 0.2 0.4 0.6 0.8 1.0

Recall

713 15: Churn BST 9] Precision-Recall Curve

Test seto]] T3t ARt o & Zit= Confusion Matrix gA]0=2 71
2 17¢f e Qltt. Confusion Matrix o A X&-2 R Elo] of| =3k Zho] a1,
Y22 A7) 38 Slulgith. B ARolAE BS 1 RIS 002 3]

k.
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Churn BST ROC Curve
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1% 16: Churn BST2] ROC Curve

Churn BST Confusion Matrix
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Abstract

Churn Prediction with Behavior
Sequence Transformer for
Subscription Business

Minchang Kim
Graduate School of Practical Engineering

Seoul National University

The subscription business market has been growing continuously in recent
years. According to data from the statistics platform Statista, the global dig-
ital subscription market, which was valued at $650 billion in 2020, is ex-
pected to reach $1.5 trillion in 2025, growing at an average annual rate of
18.2% [1]. From traditional subscription business models (e.g., water puri-
fiers, study books, and mobile communication) to digital subscription busi-
ness models (e.g., content, music, and software), subscription services are
now everywhere.

In order to increase the sustainability of the subscription business, it is
crucial to maintain the subscribers’ satisfaction. When new customers use
the service for a short period, the acquisition cost could rise above the rev-
enue. Therefore, predicting the churn rates and preventing churn is a pivotal

activity for creating a sustainable subscription business model.
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In this work, we propose the Churn Behavior Sequence Transformer
(Churn BST) based on the transformer architecture, which predicts the pos-
sibility of nonpayment of subscribers. Churn BST models the interaction
sequence of the subscriber through the transformer network and captures
the dynamic changes in the subscriber behavior. In addition, Churn BST
learns latent representations of unpaid subscribers by concatenating the se-
quence and non-sequence data. Therefore, it solves the overfitting problem
and increases generalized predictive performance.

Churn BST shows higher average prediction accuracy than traditional
machine learning and deep learning methodologies. In particular, Churn
BST improves Precision-Recall AUC (PR AUC) by 25.97% on the Unseen
datasets for which the existing methodologies cause severe performance
degradation due to the overfitting problem. The robustness of Churn BST
presents a more practical alternative in real-world applications where the

data distribution of subscribers continuously changes.

Keywords : Deep Learning, Transformer, Churn Prediction, Imbalanced
Classification, Subscription Business

Student Number : 2021-23150
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