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Abstract

This paper introduces a dataset containing the logs
of online users’ long-term cross-website visits. Such
type of open dataset is rarely-seen because collecting
the logs of users’ long-term cross-website visits is
difficult. As a result, opening such a dataset may help
the researchers conduct advanced researches, such as
online user behavior analysis, user demographical
information analysis, recommender systems and online
advertising system development, etc. We report the
following items in this paper. First, we explain the data
collecting process. Second, we show the basic statistics
of this dataset. Third, we discuss the concerns to
release the complete dataset. Specifically, we discuss
the trade-offs between “openness” and “privacy” and
our current compromising sharing policy. Fourth, we
introduce experiments based on this dataset. Finally,
we introduce our current plan for expanding this dataset.

Keywords: online log, open data, user behavior.

1§ 4

3 S AR Rl R X YRR S
Fiﬁﬁ?iﬂ%m?wcgw~;,4¢#g
PEEBOF LT i R F DR &SP
iif‘lﬁ?’g;zlé* SRR L GRS LETY N
e B FARFASSEF TG TR

BRBERESEFHITE TRAAE S inFe
p;ﬁ:ﬁ?;‘z;ﬁ“@ AR T AR TR o
EE fg}%ﬁ?ﬁfﬂlﬁ’“—%‘ 2 VAT AR
l’achWm MIFE R i o

1 Cookie limit test: http://www.ruslog.com/tools/cook-
ies.html

<

Lo —'ﬁﬁ-?\.ﬁ'—:éwi il e A s Y

fraF@o ;2 TEPR ) - Flgpkg bRy
—*ﬁﬁﬂﬁﬁ’%@”f cookie J‘Lf‘:n@:‘%“'ﬁ", 4 2h

{7 5 0 T EHEOTHE - Rk & * i cookie
BicA 2RI F U AREBER L L
m?u%ﬁuﬁﬁ:e)r’%*%J—*;
HEE e FLbml S EEL L®D B4
R o KA Qi%* SRR
@ﬁ%j%iﬁ@}%;”ﬂﬁﬁiﬁmm£ﬂ
A Ao AP ET OB apetidr

o

ﬁaﬁagwguﬁfaﬁo%w%r“wﬂﬂ
B N (B ) FpAp SRR OTHR
AR AT (52 8) AP EEP SR TR

B AR K NF LT RN T A A
(Fm &) 24 RAEJIr 0 FTAE TS B
ORT ) AI RD T
LB N UE I ARGFY 1 0T (%2 &) ﬁ""’
E lst‘g-)'mej\'F m%"“""’é‘;‘ A RF i mﬁn;’f
Bt 3o (5= &)

LL—'\

“L P

2. FHEWES S

241 * Google Chrome i §f % 724 i* (plug-
in) BFFE “rF PR FELE FHRD TG e
T BE RIREEFREAT « AFTHTH
Feni® HAER iR EA ko R
FlhAl xR LB R R g # ﬁﬁi%]
Mo AATR o de ot R s B RO
L g F oo NS x’e’*—fﬁj SRt £ B
BT AT T F e Rk
FEAE - Lenik e APR B ] B

74 g3 chjg ﬁ Fﬂaﬁt LR R g L
FELNFTHA AN EFEXRYFDFTRT
X 2 frwlﬁk‘ﬁﬁ’%‘g;ﬁﬁti B3 PR R TR0t
HIA T o


http://www.ruslog.com/tools/cookies.html
http://www.ruslog.com/tools/cookies.html

2018 ¥ MK Mg DOI: 10.6861/TANET.201810.0334

3. ?c;}..'-ﬁ-, ij&}ﬁg-‘- https://www.facebook.com/ » B ’I AR S i
“Social Networking services” o #-#75 #& * # 4 7
T edrz 7o > Lo 7 83 faR T 47

_ﬁv*‘

10 REBE RS T A AP R ED éﬂwﬂ
508 Networking services” (29%) ~ “Search Engines and
= Portals” (15%) ~ “Web-based Email” (8%) ~ “Media”
§0.6 (7%) ~ % “Shopping” (7%) ° # {é A P A2 2 0%
= ®* HF e URL 2 2 6 i i@ * 4 i
204 Tengef 2477 -

:
ooz 5. 9 %A 44
0.0
44 25,000 50,000 75,000 100,000 130,948 TUTE LR A ) gt R B fehd B SR o

Number of URLs

M1gr FRAFRTHRLELLRAF Sk 51 & *# —gg\t%u}iﬁiﬁd

AEREEESHIGF P F B
FTOT2 R F LA LS e e TR 4 2 A X BEIERZ MicroFl A # 4

B 42 c&;-ﬁPF"p20164189_’i20164112 — P TR
g 2 = INEER e
Voeid e X HTR S 12837216 % > W1 & fal S LA
21 A%ET 4 — i i,ﬁﬁ P BB 2wk A baseline 0.388 0.545 0.474
# & e (empirical distribution function) £ %% & s+
T k-NN 0.427 0.594 0.478
RF 0.453 0.697 0.488
2 1@uiR* FATReTRELIFE N
LR 0.427 0.697 0.476
Bl iE| Ql Q2 |T#HE| Q3 |&*E
SVM 0.388 0.591 0.474

44 4,239 |13,335| 19,103 | 26,698 130,992

F«&LI’E‘}J" /iigf-ﬁ" 43"35?"’?‘/?]~@/‘1’%

Fobo 200G R T HT e Brenir F 2 iwiwr:r*w ERE?WETIRR TR
X4 508 v K & Jr Bt m i L Fa FRARADOEEE TSRS -
(demographic information) > ® + F: & 7 @ L5 APERBEF LT ESLHFERS IR

(7 ©45%~ % 154%~ H i @ 1%)~ &4 (0-20: 1% ~ T3] > @ 3 * k-Nearest Neighbors (kNN) + Random

21-30: 59% ~ 31-40: 31% ~ 40+: 9%) ~ % g 4 i Forest (RF) » Logistic Regression (LR) ~ % Support

(8 5:47%~ 2 /1% :33% ~ © ¥5: 18% ~ H 8 : 2%) - Vector Machine (SVM) o r2} = 2 chim & 2 Sk

Tho [1][2] #7af o T 2b 5 e F - B 5 fbig i

N £ 15 72§ 1% baseline » }iF B A EIER Y T E A

4, E?’uf ## EF 1'&1"" gﬁqﬁﬁ\gjo}\‘.ffﬁ;ﬁ;‘gvjﬁj@?f%%j\%,w_;#é:_{1—
L R 2R -

d«‘«)g,;lﬂx#‘:'g;c’V"i‘ifi-”Fj“;“"‘gﬁ o R b el . ,
o i AR RAmE AR s | CIEDA IR ()
B 4R " P s e T 0 Q) Y - 3

= mM%T“%‘%’T‘*Em@F@ PR
i3 m?,pl%’**j‘m/f% A AR L 3 3’_1{__4&
@?{j MV 4 VAR ,,f?ﬁ—%‘j&ﬁ/ (514 2
ﬁ‘WiE’AL_H*‘F%ﬂBDW F)s *v%@il
F LERRJRIEF AOL g g o= F 544 3y
L NP E kg I'E%"’#ﬁt?"’*‘f'%ifﬁ K- £ Bl

v % i P B @ B Pt i) o

el fie 2 3 & 2. MicroFl & #ic s 0%
MicroF1 #p F]E_: (1) § 4 SR 40P H 47 5]
o F LFl ABEETRET () R
MacroF1 » MicroF1 &4 #ic? ¢ 4% ) 3= Hed > oh
ZiF'—‘;vl & i R fie °

+

B 4417749 s E & - - > e 62 " }
#«%ﬁzoé’léw%mmzxii/i A AR Er A RRAL: B RN 3
SR - = IR o BREEA A B /;g_l]‘,,—;g;pm

BOFRL G- BT LT e R .

E 24 H Al o 2\ 2 E o) 3%
$poE - LR s Apud en (URL) Bt RARl AR (1] F TR
S BRT AR LR A s gm  FATTIER DA ARAS 'ﬁ*‘l e £
3 F‘ ‘A’F - A E %277 WP ﬁfm] o j;,l:m s j\pm? P Y2 A 3‘%‘rm/§’_,,/z ,

Ll oL S T e
e ht % https:/www.google.com/ » EJHETI A2 T oAE
4] % “Search Engines and Portals” » 1 2 ﬁ% ey i

r“lf\‘ i B Jii-\':l/ -nl:/z*‘ lv'k/\ %o

2 https://www.nytimes.com/2006/08/09/technol- 3 http://www.fortiguard.com/webfilter
ogy/09aol.html



https://www.google.com/
https://www.nytimes.com/2006/08/09/technology/09aol.html
https://www.nytimes.com/2006/08/09/technology/09aol.html
https://www.facebook.com/
http://www.fortiguard.com/webfilter

2018 &S MM E

52 R K ARARFEHNF LIRS

CRET R E AR Y FL TN
AR [3] oA o R RFARTED
; §F LRI EE NP RER
FEFLDAERRY FhE LR BB
5 S T RPN AE A R R

APERTED ) RIBARTE S R
ﬁi%ﬂ%%ﬁii$ﬂﬂﬁ%gﬁﬁ§%*£
DRI o fE P B T Vi
Blad A F2 s i e APRkaBd i
2016 & che & (9/15) ~ ¥ £ & (11/11) ~ 2 T aes
(12/25) o

AP E LT R A M E R ¢ 45 KNN ~ RF
LR~ 2 SVM . ¥ b s ANipE 2 e fied 367 ~ 4F ¢
(D) &% F AR (o]~ 28 BHERE) S (2)
TpE L AR LG B 0 2 R w2 4
Bk e [4] A1k -

Z 3P DRI PFE
ot E

g2 AUC &

3l O H g T e

k-NN 0.55 0.63 0.72
RF 0.60 0.60 0.68
LR 0.65 0.61 0.73

SVM 0.64 0.64 0.77

3BT A A BEPATERESE A
i * ROC ¢ # (Receiver Operating Characteristic
curve) i1 5T & ff (Area Under Curve > i # AUC)

DOI: 10.6861/TANET.201810.0334

ARG R e i o iR AL
S AAKRALY AN E T AL
*AUC LBREZ N FRESMA 58
RFFORTHTHEL B2 BAANBE T
Mh- RATR P AERI@ T K G HRE P WS Y
ffeec g o Tt Pt B BT IR S
FHFA PR F A PO B EH LR G
gEERE TR PR 2 TER A o

6 FREAATE

MM AT EFRFTAE DR T E
RS LT

6.1 #{

0.7

0.65

Al

0.6

70% 90%

Training data size
W 2@750% ~70% ~ 90%7™ * FHL§ £
RFEBEE > BREE AUC i 3R

A AR F AP B g ek o
FRRIEF FRIFPICE §LF VR
Ftem A (2] 4B 2 F 0 R 50% > 70%
2 90% hv % AL R IR R F AT R Y
B X

g i P HROCY e AUC ~ P BB %% -

50%

USER

Qur Chrome Extension

Server

T WP

Tkl SHERE, BHE

IR

B
ﬁﬁii:J
R AEER

!

de =5
B=E

IR REAE TR

HERE#E

Y

HEFEAEHE

i

N\

FBANE
BT LA,
RS

BhEEAR T

{EEbINMEE
BrtEEs -F

WEo%, ADHiG

AT E ISR
fif 52

i5, BESIRRERE

EAEBRNEITEAOR

EHE. WEEAMMEERER

\/

1

DEFCEST )

3



2018 215 WK MBI E

TE A DR T A SR A &
@ F Wi (overfitting) I § o Fpt A P L T E B
U5 ehie » e S d 0l > Ay £ g

%x\wi*mﬁﬁﬁuﬁﬁwpwﬂﬂﬁ§%°
6.2 #+F sk

d % J 42 eh Google Chrome 3% i R 4045 © i
% RS EFRIUERRI R K f 0 R

ﬁi*i%&“ﬁﬁ’wﬁﬁﬁﬁﬁﬁwﬁﬁm
BECESLS S dni o Rk FAL - 58

Hica A% TR ke

AP pEFEOF R G T 2 (D) B
EEVHER AT RBFFE LR K @
2&1~qﬁﬁ1:£m&$(mﬁ@@*ﬁ$
Bt r PR R i
ey (e P RPFRRG BRSO ER
#)> 2 L EBEAPET LT 5 OER o
REIRTENP P KR F R 2075k
Vo A AL AR B IR A o
63 &7 2 %A

i3t F gk A PRARE e Bl 3 T o Google
Chrome #& i ﬂ%-#%ﬁ;_%?m%?—*‘m/ﬁﬁ" &0 B
%é%%ﬂ@@ﬁi@mgiﬁﬁﬁ»?%ﬁ’
ﬂm%Wﬁ%%QWimmﬁ@&ﬁ%@A@$
E@éh%%ﬁ %*ﬁo%% C R T
B B AHTRE LR T R Bdp il i
(L3132 %TE‘I%*—*B"?ﬁ*Bom,.Ib B P e
Té*—*ﬁﬁ&#ﬁ%‘]&rrﬁ?]4f%ﬁ °

AR e ;{d»‘;f;;;fé?réﬁg\*mmgmﬁmﬁ
iy > 5 Chrome #% i3 %) 1 R 4@ #
pﬂ;% BEITANPORIRE - P 7 kLR IR A
Mgz FaxFEAE8 7 Bl
FE R AT

ok

DOI: 10.6861/TANET.201810.0334

7.

j\%l‘é - ®w3Teh0 B adt;}»:lg_‘ M Pﬁ_} g:
é‘gﬁ{ﬁ~pr“§’*—'ﬁm" ﬂﬂzﬁgﬁ‘jﬁﬁ""{}—"
X ;‘é“;\x'}'m%”f’n"f\lrwfﬁ l%’*‘%}‘-i 5wy L

o e #-ge sk URL 8 5 3 b enig ) o

Bl i‘”‘jt‘f B AAKRIESHF o ptoh
Ny 2R '1325!5%7“’?1 P
SRR WS SRR rT
FHE S TRT R R e 2R R
URL § ®4F > » iv A2 F »0enifipl o 24
mjnw,ﬂwLifQﬁﬁwﬁmﬂﬁﬁﬁﬁ
L)@ 2L kg URL o

5\2?}’5;L%}%‘3§—%—‘ LL*‘\‘} g, p ET’“’%Q_@
* fs‘:i;\xﬁ_l?fﬁ/%i Y PRFETL R :}g_)‘%;é kBT 7 H e
SROGRRT F S AEE BRI R
AR RIS S I U
T R Y 41 R

BopE o AL R ED W kA B AT
FIEFPogis > i ¥ * v’ﬂ}‘g’g{—?; i i B 17%%
§ R REICHT JFRF A I LR
R R et L LR

Rt

APRFLFARE Y \.mhj:x’g,ﬂ 3 &
R FRfLERY FRHFFIE L RBAEL
G E AL A gtk B gk AP
B#He AT ihg Kok z2 EAy BRRE
47 % 11 Google Chrome #& i+ 2 3L & & l'i 5378 7
B4 AuERE qp o AP RSP AF D
A& B4 (MOST 107-2221-E-008-077-MY3) -

34

(]2 %, BB T HTesprler 2B
LER s BT L%, 2018

Chrome ;28838

gk

HIELH
325 .

HRNE

([ DEERENEERRIMIRET

BRI IR (DR RER, SFR3~5%)

fE A #EE AR E AR RIERR
F RIS RE R AR E

et UEEETE S
(3~5%)

lﬁﬁmﬂEﬁI!Eﬁl
2
oA A

2. R
ThRERIEA
TEE




2018 2B MIFERI g DOI: 10.6861/TANET.201810.0334

[2] C.-Y. Lien, G.-J. Bai, T.-R. Chen and H.-H.
Chen, "Predicting User’s Online Shopping
Tendency During Shopping Holidays," in The
2017 Conference on Technologies and
Applications of Artificial Intelligence,
Hsinchu, 2017.

[3] C. Lo, D. Frankowski and J. Leskovec,
"Understanding behaviors that lead to
purchasing: A case study of pinterest," in
Proceedings of the 22nd ACM SIGKDD
international conference on knowledge
discovery and data mining, 2016.

[4] v Rk, “BiBELAfE2 5 P ARIPR > E
Bl FUNEAREP D LFATE R
4 %~ , 2018.



