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Abstract

Customers’ fixed characteristics have often been used to predict customer behavior. It has recently become
possible to track customer web logs as customer activities move from offline to online. It has become possible
to collect large amounts of web log data; however, the researchers only focused on organizing the log data
or describing the technical characteristics. In this study, we predict the decision-making time until each
customer makes the first reservation, using Airbnb customer data provided by the Kaggle website. This data
set includes basic customer information such as gender, age, and web logs. We use various methodologies
to find the optimal model and compare prediction errors for cases with web log data and without it. We
consider six models such as Lasso, SVM, Random Forest, and XGBoost to explore the effectiveness of the
web log data. As a result, we choose Random Forest as our optimal model with a misclassification rate of
about 20%. In addition, we confirm that using web log data in our study doubles the prediction accuracy
in predicting customer behavior compared to not using it.
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Table 2.1. Descriptions on customer information variables

Variable Class Description
id Character Z+ 1A I F ofely
date-account-created Date Z+ 12 ] Airbnb AZE WE LA
timestamp-first-active Double ZF 1A o] Airbnbol| A A &F& Al Ze LA
date-first-booking Character Zt 1A o] 2L 22 Airbnbol A ¢ &F3k A A
gender Character Zr A 4
age Double Zt 2] A7
signup-method Character Z Ao A7) W (ofl: 77, o] AK)
signup-flow Character Z+ 149 3 Y 7Y AR
language Character Z+ A2 AL-E o]
affiliate-channel Character Airbnb Z11 FEj
affiliate-provider Character Airbnb u}AI " A F 3] A}
first-affiliate-tracked Character Z+ ;1 0] AL Airbnbo] F43 ulAE A=
signup-app Character Z+ A 39 71Y] ol &g Aol
first-device-type Character Zr 1A A 7171 F5F (ol "dlaad, ofo]E, ol & F)
first-browser Character ZF a4 A BeEleA (. AdEY dazZz e, AtdE] §)
country-destination Character zt u Aol R R =7}

Table 2.2. Descriptions on web log information variables

Variable Class Description
user-id Character Z+ 1A el 1 ofoly
action Character ZF 789 ‘Action’ ¥ E1
action-type Character ‘Action’™} A A= = ‘Action-type’ ¥ 21
action-detail Character ‘Action’™} 2% = ‘Action-detail’ ¥ &1
device-type Character A 23 AP FAL ZE 717
secs-elapsed Double AT MA 28 A7
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Figure 2.1. Visualization of web log data structure.
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Table 2.3. Percentage of customers by Duration’s category

Fast (2¢& ©]W) Slow (24 °]4)
39.06% 60.94%
Fast Slow
* post checkout action + update listing description
+ request new confirm email * manage listing
* message to host focus + wishlist
* at checkpoint « listing recommendations
+ p4 + list your space
* message to host change « listing reviews page

Figure 2.2. Generation of derived variables using ‘Anti join’ method.
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2 JMEFOZ ‘post checkout action’, ‘request new confirm email’, ‘message to host focus’, ‘at

checkpoint’, ‘p4’, Z18] 3 ‘message to host change’®] oJAl 7}1A] AN EFEo] A AL g
At AEH A 717 GAEETES 1 AEY JAEAR S wEA = T3 WeTtE ¢ vk diA
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siohy 8 4 Qi
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£ BEo) 9tgstr] fAste] o] shte] f 2 AAEES 2 ¥ FeA ol tE el Al 7
A (weight) 2 & 4 & S LA o] & o|&5to] 38 He-E Aok WS ot e} 2t

e Step 1. o}&l&} 7o) Score A4t L3 A2 HEES YA sI).

flo

- customer group: g € {f(Fast),s(Slow)}
- medtime: median of the time elapsed for each action-detail of the customers in the group g
- cnt: the number of each action-detail of the customers in the group g

- Ty : timepercent = medtime/cnt in the group g if ent > 500

D Action detall Secs elapsed

+ signup_login_page - (ofl) Fast 1 &
change_password i

account_transaction_history -

@ ‘user wishlist' 2| AR A|7HZE)2|

change password - SYak(medtime) ALt

2 | user_wishlists 513
message_post = ‘user wishlist'®| & Z(cne) ALt
user_wishlists 1047
airbnb_picks_wishlists - nediine

3 | user_wishlists 286 Tf‘ = timepercnt = T
profile_verifications o

% ishlist' CHE A QA|ZHE
user_wishlists 202 user wishlist' I'_( )

message_post -

e Step 2. ngE IR gollAl ent > 50091 M52 Meeta Foetar, 7% 2 A A A4
Y DO @ SolA IF g HellA EAshe AT d& AEe 3E S Dyt H o
Cis=

. Step 3. Dy ¥ T, & obefe} o] Fate] ZE 1

£ Aksith $4 ot Mol $E AAs
1%4 Zt.

A IDof| Bojst= zF 189 thdl Score?l
SHA Jebit}h. Fast 250l thal o A= ofz)

Sg(nx1) = Dg(nxng) Tgingx1) (2.1)
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Table 2.4. Average score by customer groups

Duration group SFast SSlow
Fast 76.1 86.4
Slow 41.8 42.9
D user_wishlists change_password Sf

1
0 1 T, 0034
2 2 1 389 30.72
3 1 0 ~1 X |oo02 = 12.57
i 1 0 282.1
762
20559 2 1 13217
T, S
Df(20559><nf) Fngx1) f (20559x1)

2238t s F 70e] Scores 1A FEE AWE AHE ofef Table 2.49] Ut EE 314
Waof thafj Al Fast 1 2-9] A+ gho] Slow 1AFe] B FETH o &} thA] Zaf 229 o k7t
2 Al AlZbe] wHE =5 Scoregko] AR L Aol ALt wEbA o] spYASTE ZF D AT Aol
£ Rk sitiar ddsto] ol & Byl AMg-EH7] = skt

st 2.3.27¢] ‘Anti join’ ‘%“EOM% IFHEE NE7 52 A9 5070 NS EETS WA
E2 HWstgA R 2.3.47%2] WA E AR AAMEEo Ud] FF SATE WA A
126719 BRE ANTSS :Létﬂi B 3L 7] wjFof|, ‘Anti join’ WP A] mhe e Q3 A S

e Step 1. Duration-group®] Fast, Slow<l 7% Ztzto] tfs] A5l et Fa A& £3t
=3
e Step 2. B 357} 0.5 o]El FAEF N A= SRS FHHo] glrka wAdsto] 7<) st
5 231 AT TS 27 IFHE FE8ith
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ex) Fast 1&

[»] read_policy click | change password | user wishlists | message post
1 0 1 1 1
4 0 0 1 1
19527 2 1 5 0
ozl | 0.34 ‘ 0.22 ‘ 075 ‘ 1.54 ‘ ‘

=171 0.5 O]4Ql Action detail 1A QI M=

« create phone numbers
+ message thread

- p5

« profile verifications

-+ unavailable dates

+ update user profile

e Step 3. FEH ANEEFY W A4E IFEE vudte Ak, o 271 F uEl=s
WESY S A EES A a
- BE OF0A s Aol AElE 9, 270 2F ZF Aol 7k 1 o)l A
- Ha T aFA i sl AEE A k2 A
X5 oz MEE Action detail
1 Fast Slow
pending 0.6273 : — %M El
confirm_email_link 0.8081 07041 | wmmp X
wishlist_content_update 57937 7.6045 | wemmp x| Z MEH
change_contact_host_update 0.8104 | memmp *|Z M EH
e Step 4. 2 A3 AEE ¥MeE v 2tk
Fast Slow

p3

similar listings

update listing

view search results
wishlist content update

- user listings
- user profile content update
= your trips
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Table 3.1. Comparison of 10-fold CV error and Test error by regression models

399

Regression CV error Test error
Tea4uge Weiguge WeiAids WLl Ange

Multiple linear 84.8964 88.9452 84.9355 90.7857

Lasso 84.9812 88.9653 86.8818 90.7406

SVM 92.5478 96.8626 95.3234 99.4000

Random Forest 85.3149 90.9242 85.5741 92.6140

GBM 83.9581 90.8012 85.7169 92.0252

XGBoost 86.6157 91.2880 86.6157 92.4707
255. SURI Y5 £ Y S Y2 YT £2 A 42U SAY BE A 20 25
314> (total-activity) @ & A8 A|ZH(total-time)o] LAY A AA A ZHE dAFo] Ho] YL Ao

23 Beste] ol

F g oA

B9 Wew AMgshet,

2.3.6. M8 24 A ) 20 AR HolEoA 30371 &5

7] fl5te] PR 7+ FFof g 3¢5 Alo] 3037 59 o5 42 A& HolEE WET
a83 F44E B4 (principal component analysis; PCA)E ©]-83}o] E4Ha]7} 27+ 0.4955, 0.4273=2
AR Bare] o 2% 5 AWt 2709 FAE(PC1F} PC2)S B30 W= ALgslth

3. 2y}

3.1. Duration 3|7| 2%

WA 74E

DA HE S o & w7l Fdge

AIZEE A5e7] A8l v A% B 29, @

4 (Lasso) 23, AZE W¥ 7]A (support vector machine; SVM), #HE EFH A E (random forest) I

EEENEEIS
9] XGBoost 7}A]

Z+ 13jo] thsl

(gradient boosting) R8-S V&P F7HHo2 I AE F g S8 2
o]g3te] =3 6719 RS Ajetdct. § 21 FR
A 7| E HEG o] 8IHS W} 7|2 dE W Y 2T HR

ZEAL doln ) S8,

o835 o)

ISR=N=4
=T =

9 F AR Uro] 2= A sHe. A AE g2 2l Train @ Test Dataset2 7:39]
H]& 2 o], Train Setol|A] 10-fold Cross-Validation ErrorE 3} t}.

squared error (RMSE)o|t}. 28|31 Train Set<

o1 §3to] Hge

o] ] Error+ root mean

E3P O Test Setoll 2] RMSEE

AAkstict.

Table 3.12 ¢ 22 ARE o] 83}0S wfo} 22 kS wl Train SetT Test Setoll A zF 23 <]
RMSEE A 23 Z}olt}. Table 3.1 AH K H %ﬂ 21 HEE AN o] AME3IA] 2 BYR
t} RMSE7} W2 21& % T Ak wEbA 2R FReL daglel ]l O AHE A5 AEE=E P

AL F % Yt =Y

o] = RMSEE v

3l @»]— Train Setol] 4] GBM2] 10-Fold CV RMSE 7}
83.9581%2 7} i1, Test Setof A= Multiple Linear®] RMSEZ} 84.9355% 7}

I} Stepwise

Regressiona ol-g3to] the A8 FARHE & A3}, at-checkpoint 9} p5e] AMEFS Wol =
ook w2 Ald Yo 3= Aol dtt. W E message-to-host-focus, manage-listing, list-your-

space, listing-reviews-page, create-phone-numbers®] AH|&5S Wo] &
Azbo] © gl Al Aao] e

3.2. Duration group

o gs 7t

A% & 5 Ak

05

o=
—IJT Lo

A 0] o] Duration Group?l &3H= A&

oA =37 AT 2

155 dlore A4 WA
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Table 3.2. Comparison of 10-fold CV error and Test error by classification models

Classification CV error Test error

Jezi4n e Wei4Rgs  AE21A4E 9 WEd A8 g

Multinomial 0.2171 0.3971 0.2215 0.4063

Lasso 0.2165 0.4041 0.2261 0.4014

SVM 0.2199 0.4039 0.2289 0.4014

Random Forest 0.2080 0.4144 0.2085 0.4295

GBM 0.2099 0.4010 0.2132 0.4027

XGBoost 0.2127 0.4082 0.2130 0.4126

Table 3.8. Confusion matrix of the Random Forest model

True
Fast Slow
Fast 1600 410
Predicted as

Slow 876 3282
FE 9% 230 2= 3 (multinomial) £HR23, gkh B8 AZE WE 7|74, A TY2E P I
e By 2y, 287 XGBoost ZY7HA F TS RyS mestuct 37 Ry v
o N

ZHA R ZF Bgol tis) A 7] HE Tk o] &5l TE
Pe g T2 2A4E AEstgod, 24 4+ thad 2th Train % Test Dataset& 7:3
H]& 2 ro], Train SetolA] 10-fold Cross-Validation ErrorE 3&}ith. oJuf9] ‘Error’= &
& (misclassification rate)©]t}. 12]3l Train Set& ©]-&3to] Z38F RPOZ Test Seto 4] L&
&< AL T
Table 3.2 ¢ 21 HARE o] &39S wet 1
0uHEE 4P ATIT. A FY B 7
Setol| Al ol AAQlo] LEFEo] 40% ©] o] nla] 1A 7|H AHHo| Fr1Ho 7 £
SVEVIA FAH 2 ol Efo] RS 7 B2l ol AR SRl 2 e
olAmeh A 17% o4, el T ul FE Zadhe otk webd £5 BROAE B
o el U 27 AN % BHEE THAAGD B 4 A BY B LRFEE
Train Setoll A& 270 3ol th3k A T 2E9] 10-Fold CV Error7} o 20.8% % 7H 2,
Seto| A= FA] 2 EBZ=g0] oF 20.85% % 7FF FUtl. wela] Train Set} Test SetolA] EF
7 £ WY TYXEE HF RYPOE AYgth #3300 WY THAE BYPY i A
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Feature Importance
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Figure 3.1. Variable importance plot of the Random Forest model.
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Figure 3.2. Partial Dependence plot of variables with high importance.
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