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Abstract: The implementation of the EU’s General Data Protection Regulation (GDPR) has resulted in the
imposition of over 300 fines since its inception in 2018. These fines include significant penalties for prominent
companies like Google, which were penalized for their failure to provide transparent and comprehensible privacy

policies. The GDPR, known as the strictest data protection laws in history, has made companies worldwide more
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cautious when offering cross-border services, particularly to the European Union. The regulation's territorial scope
stipulates that it applies to any company providing services to EU citizens, irrespective of their location. This implies
that companies worldwide, including domestic enterprises, are required to ensure compliance with GDPR in their
privacy policies, especially those involved in international operations. To meet this requirement, an intelligent
detection method was introduced. Machine learning and automation technologies were utilized to automatically
extract privacy policies from online service companies. The policies were converted into a standardized format with
a hierarchical structure. Through natural language processing, the privacy policies were classified, allowing for the
identification of relevant GDPR concepts. In addition, a constructed GDPR taxonomy was used in the detection
mechanism to identify any missing concepts as required by GDPR. This approach facilitated intelligent detection of
GDPR-oriented privacy policy compliance, providing support to domestic enterprises while they provided

cross-border services to EU users. Analysis of the corpus samples reveals the current situation that mainstream

9%

online service companies generally fail to meet GDPR compliance requirements.

Keywords: GDPR, privacy policy, hierarchical structure, compliance checking
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Table 1 GDPR-oriented privacy policy taxonomy

— R A ZHMET A ST A
IDENTITY31.5% REGISTER NUMBERI.3%
CONTROLLERY96.6%
CONTACT93.9% /
IDENTITY2.6% REGISTER NUMBER0%
CONTROLLER REPRESENTATIVE18.7%
CONTACT14.1% /
IDENTITYO0.6% REGISTER NUMBER0%
DP0O42.9%
CONTACT40.3% /
THIRD-PARTY 0%
TYPE4.0%
PD CATEGORY99.3% PUBLICLY 0%
SPECIAL2.0% CONDITION1.3%
DIRECT ACTIVE95.3% /
DIRECT PASSIVE95.9% COOKIE6.0%
PD ORIGIN100%
THIRD-PARTY2.0%
INDIRECT74.4%
PUBLICLY 0%
PROCESSING PURPOSES99.3% / /
RECIPIENTS92.6%
DATA SHARING98.6% /
CONDITION93.9%
CONTRACT48.9%
PUBLIC TASK12.7%
LEGITIMATE INTEREST58.3%
LAWFUL BASIS90.6%
VITAL INTEREST12.0%
CONSENT51.0%
LEGAL OBLIGATIONS52.3%
TIME67.1%
PD STORAGE o
DATAILSS9 2% LOCATION26.8% /
DISPOSAL METHOD46.9%
POLICY CHANGE79.8%
INFORMATION97.9% DATA BREACH NOTIFICATION9.3%
OTHERS84.5%
ACCESS91.9%
RECTIFIATION95.3%
DATA SUBJECT o
RIGHT100% ERASURES8.5%
RESTRICTION71.1% ,
OBJECTION75.1%
PORTABILITY61.7%
AUTO DECISION MAKING14.7%
WITHDRAW CONSENT89.2%
COMPLAINT75.1% SA1.0% /

COOKIES4.3%
OTHER LEGISLATIONS45.6%
OTHERS / /

NON-GDPR79.8%

222 TaFABUR T A AL 3 document object model) JGE: @ XF7H7TR 7L
PUNBRRBRM UG, AT EMMIHAT S RIRRAABUGR SCAR N 3% B 2 AR A O
AL, FFR 3 MR E ORI 258 (DOM, JUER, Wi<picture>. <img>. <video>AHl<audio>;



132 R4 1515 32 4 2 A

9%

@ MWANAEX AN R AW T e R, W
<applet>. <embed>. <object>Fl<iframe>; @) &
X 5P FEARTC R BEAT AR A W 0T =4k — & 55
HIL TR, Wi<footer>Fl<nav>.,

S KA HHE == : — E
E |:|Sclcnium &_%: I:I E"‘E mfﬂﬁiﬁjl:ﬁfl‘;‘:q E
I - I. 1 : 4 '
 URL i R RLBCR T | ;
o] IR :____1_____'
| R - |
R B HTMT DOM!
I oy i
A R B SR MM RABR B RAE
XML‘\
= AT HRE T
PP-XML i/
Bl PEAN AL

K1 RRAABCRRAESE
Figure 1  Architecture of privacy policy collection
223 RRIEABR EARAE

FEX BB W AT B 2 5, T —2
AR R A BUR A RN A . d TR
AVAAT B X T S5 48 2 5 F<div>Jo R, R AL
BURKIAHR AR BT HTML TR o A
ZOR AL T BB N A I . HTML JT %,
FRZNBERLEL SR SCA (PPC, privacy policy con-
tent) JGE .

PPC R T B T IURIAR D ILR AL
AL FERARLE[FIZHAE PPC JoER %L LEAL
CICARKE” fR A I AR Gl A 2
HTML AR 45, S 1 1 30T 28 (] 15 1)
AR, BT UE, AV T AR PPC T
RIEE (5% R,

B 1 B PPC LEMHEE
I\ HTML DOM i node (i A
<body>)

Wil OTRENE S RS AL B A S N A
¥ i HTML 45 p5Ut %

EXR=J, r=w, PP_node=node;

1) fE3A

2)  # PP_node % H ¥, NI

3) IR [5] PP_node;

4)  s=CSS value of PP_node;
5) #H#R>0, NI

6) r = s/average(R) ;
7 Ar<r,, N

8) % [A] PP_node;

9 &

10) R=RU(s);

11) PP_node = R T ERAHK A
719 R

12) PEIES

ZHEEET UM © BEARBCRAHRA
BT HA PPC LR T @ PPC URIEMA
RHTERT UAKERK; ® PPC ILHRMNTIUE
Lk PPC o ¥ o s A B 2 A SCAKE .
SEIE AT e R > (CSS, child sim-
ilarity score), FTH § JCHR SCARKE AR HEZ R IE
HEIECE R PPC LR AT AetE. tH T CSS & —
ANFEXT IR, BE 1R AT RE TR K CSS A
550082 21 1) BT 9E PPC T 2= 19 CSS B 1)~ 3 i3k
ITECE, W RGBS T BIME rn, WA NIRRT
N PPC LK.
224 FBHEEKREEM

FEFRIUSABE N T AR N B Z G, A
B T N A 3T HTML ) DOM B4 54 # Ay i
B RABU 1 LN TR RG], ARG
XML U, B SCRRNPRUERRFAECR (SPP,
standard privacy policy) [F4FE XML Bl 7EIX
— AN, B RABCER — MR Mi<policy>,
HEFERABORM 218 LB, S
N<segment>JU#H . <segment>H] LR E, LLULYF
FRAB R NERARZXREG . XT84
<segment>JLEH, BAH I <title>TL T KRN M EL
WA BE X bR, LA — 8% 4> <paragraph>
TLR BN PIBEFINTE . B T <segment>JL R4,
<policy> T2 I BT [ <paragraph>T0 &, WITE
B — /> <segment> JC % Z Wi M JF Sk B TE .
<paragraph>JT % 1] L& — a2 M <list- o R A
NERF IR, <lisTtRm i F 2/b—P<item>ILER
ENERITICER. <item>Ju&k 0] LA G — A <list>
JUER, FUVFE—<paragraph>JTC & THREFIEK.

Kltk, £ SPP o, XfT<title>rtdE, AT [A



6 W

ZEHrSE: T GDPR FaFABUHR & MU AR R AL R 7 i - 133 -

—<segment>JG & F1 Il AN [H] <title> 7L & BN T 2H
A, YiT<segment>JG R F <title> LR 5K E
fI<segment>JG & H [F<title> T R L TR R
X} J<paragraph>Jt %, AbT [Al—<segment>JG 3R
W 1 AN [A] <paragraph> o 2% BN W55 95 &0, 2400
<segment>JT % "' [ <title> JG % 5 <paragraph> 7T
R TRR

AT KBRAECRE R HTML Je R o3+
SPP [T 2 IR G5, ASCEAE N IR 5 AP IR,
HAEE 2 (RABCEEZIRGHIENR) SRR .
R, £ HTML SCHI B3 #7 B a8 A — L
SR AR, WfECmk[22] P RS, 2R,
RZHUEETAE R GE TR TZ bR, XA
S TAESR UL AL

(HTML3Z{#)

Til b B
]

J}:: B4y HTML L 7 448y SPP

il 5] Fe R 4T 0 3¢

: L]
: AEHTMLICH 43 RSP
; : AT J2 4R bR B 74 TE A
N !
: IEThRBIER I

AT LR AR5y BT R
AT < I
F-Eh I iEFE
7

@ S I)I,

K2 FRAABURE IR HIER
Figure 2 Reduction of privacy policies' structure

FB 1 FUCEE. BEIRTE AL EE S IR A I R
T¥% HIML 7t &K, {H2& SNkt R,
W I E<p> R EIMLER, 7 SPP A E
o XEENBRITRIEX —BRPHEMR. 25,
AT A I T <policy> L &

FB2  H5r HTML Je &R F#h SPP H 151
KMEWICEK. 76 SPP H, Fi& HTML R Y5
<list>Fl<item>JG 3 Z [BAFFEAG A L, A G
L HTML Ju# 7] DL B $ed 4 .

$® 3 KF AR HTML st £ 53258 SPP R
F5R bR LR BE G R . TERRABUR T,
S BIEEEAAREY, ASCERUT 74
ATREA BT XA nd e R FBIE TR N EME: © X
KK @ MRT<body>Tt K I AR KN,
@ HXT<body> G & MFEAEZARMA; @ A
BN ® CARE NRIZ:; © £ HTML
DOM B i )5 sk L @ HTML #5%5. B Bik
FEMESL, V2 B RABUR AR B A T3k 75 452
Chn “17 237 “a.” A1 “ii”), AR LIk &4
TEMME AT RS, MR T — DN ETHLE 1
S RBRFIE ORI AT 5 K2 —: —&
U 25 PR AR B o R 4 6o P R RS ) — W 22,
ASCEFE 4 ADNFAIIARRR . AR SCIRR T LR 330
AL A I, A FERENLARM (RF, random
forest) 1. S HEEEHNL (SVM, support vector
machine) CHi A 22 VA% 0 RBF #2045 (ET,
extra tree) il XGBoost?®, ASCEATE 150 4
B FABUR TN ZRAIR, (5 538 X8 E A
20%1E NIIREE . Fo b BT 20 2R3 B8 7 Sl itk
Ae, F1 930k ®] 1 0.87.

LB 4 EThEoos LRSS Bt
Fo EHE T <title>Tn R M HRAZ J5, AL
DU F B AR AN I & kB I <segment>JG R, LA
PERRABUR M ZE R . X TR <title>IG R,
RO — I <segment>TLHR, LT Z G W
<title>JC & M AT A JE<title> 6 &, HF F—4
<title> o Z 8% SPP SRR E . <segment>JTE [
A E NS AL E <title> T R AH H

$£B 5 FIHRIEMBIE. k-4t
FFENRIE A B SPP SCRYFIEI K] HTML 3¢
R4, DA B S g R R AT R
225 #HAEARE

AT ST 2.2.4 TR HER PR, ASCAHT
ERHEH I 150 MR RBUE, &A&RME T 150 7
SPP 3. 2 J&, ASCHRYEY & GDPR iR K,
FAAHZC ) GDPR A& bRiE T 150 £ SPP 3CAY . A<
SCXFREAS SPP SCRY HA A AR AR B 95 TG 2 AT
ThRVE, BAPRICAEY & GDPR H1H BT A
— ] GDPR i £

XFFFRETAE, ASCEE T —FKilbriEL



‘134 24 1515 B 2 4

9%

a), FEEZ PR RERIELE. 5%, BE
LT 4 AARER, IXREEARE 01T Se S ARE 20
SPP RN, 5, EHWMA R SRS
RIPH AR R 4 briE ot, DM — P ot
X FohriE . Z G, 4 AhniE AARERT A TR
SPP CHY, RRAFRE R BRI 45 R I BN AN
R hE R S, WIS bR RS R,
PUAR—EE W N T e ST 4 ZAnERT L
YEF &, A ] T Cohen's Kappa? Bt bRvE A
Z A — B, MR8 0.75, KB 4
ZFRE R AN — B 5 . TEARTE TAESS
I, ARCEmARAT T —/ B SPP MY & GDPR
SR PR 1) 52 B AR () B AL BUR TR R

3 GDPR @488

i 2% TRAALELR ) H 35 GDPR & L% 7 Hr
BT 7T A P AE R AR b K SO BB
B H R IR, WLAHT I TAE R A % &R FA
R BRI B 305 AT . FERSALEUER i D ax A
BEURERESB AN ATEEMAMR . T
GDPR SR B A 59 MBS, Aol B RHE
TR R o0 288, B — MRl 4y 2
#5 Classifierdtitle F— B 7% 5> 25438 Classifierd
paragraph, Classifierdtitle it — 73 FAT55 SLILXT bR
RIS (MR AR R TI, - Classifier4paragraph
SIS B AL B MR SRS I T . N,
THRMEE a, ASCETHERERE TN
REFHIZREE : BT a ARSI FONIERER,
FABIRA a BR2ERTT O TREAR . TR, BT
MATUALA £ GDPR #E&hr%s. A7 I8 A
<title>BY<paragraph> SPP JLZRAE NN, FEAK
ZInIRSE, FIWr SPP T E 2 AL SR E I GDPR
M FR2E
31 HHEEE

X}F Classifierdtitle 1 Classifierdparagraph %4~
RS, AXHET 3 HAFE: d 1 FHEEE A
FREMFEEAE; d 2 FHEAFE— 0 BRFAEUE
W LA B A B AT s A S s Y A A R s d 3
FFAE 3R 5 51> GDPR BESAH K — e Fil5E SR
AL HH L o 28— AR AR AE ALK AT 55 AR s
55 AR A TS RS A S A

JEAE R, BLRCY T S H E A RN
B R ZEP BT EE s 5 = AR T
Amaral %717E GDPR #4288 s .

X T R A B — AR, AT T
4 T AL 3 FASEIYERE (100, 200 F1300)
(1 &4k 77 TF-IDFPY, Glove™. fastText!*”
1 Word2vec® s A SRR T 4 B F [ B4 T
ER 6 XA, BRI A A 100 4E1) T
&, GHER 200 4p)mE. HTREAR, &
XRERE T REAGMREERES R, X T
Classifierdtitle %) i) & &8 — I 100 4E; Xf T
Classifier4paragraph [ &4 —H 300 4, KT
B RAFHIERERCF AT LU, 7 e ds e il
ik 3 AN WA PR K% (P, precision).
B (R, recal) 1 F1 #CREAY, mEMTTE
PEREXT LN 2 PR,

*2 mEALFEMEEXTEE
Table 2 Comparison of vectorization methods

performance
AL Classifier4title Classifierd4paragraph
T P R F1 P R F1
TF-IDF 0.92 0.84 0.88 0.92 0.73 0.81
GloVe 0.87 0.84 0.86 0.94 0.68 0.79
fastText 0.88 0.87 0.87 0.92 0.65 0.76

Word2vec 0.90 0.81 0.85 0.91 0.71 0.80

S EE R, RA 100 4E1) TF-IDF )
Classifierdtitle 7> R4 W1 RE i, K 300 4
TF-IDF #J Classifierdparagraph 4328 %% i) 14 6 %
U, JEERRSEERCR A T IX R

X Z AR BN LR S5 B EE g
ik, A FAE R —RABUR S A B 1) 52T
MR AR . BRI ET Y AU B
I, AT RUE T AARRR, SCAERE, T o N
OB, CAREK, BUEETE R 100 4 )
&, JaE KM 300 4EmERCONIES . EAETT A
IR, AT RUFH YL o0 1 R HR e AR, SCARYY
B, 100 4Em e . SRAKA)F &7
A154R52 TE-IDF, PRON'EAE 2 H ) S5 o R
U o IR ECRFAEFS B 3R 24 1005 i S AT sUR
1 2 A EIRAG B o SEIG IR BIX Se KR IR 5
TS AR IR
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XT3 ZHAFE, RISCT-FE S B 1] HY BAA GG 2 At Rk, ARSCHK
I BURIRAE, AR ST 59 4 ki m &, Hd i RF B Raas R
H—HRREBTEDH—N55E GDPR & AH [FIIE, A2 T 1E HARE 5 AL PR A )
KB TIE OB A i u R b 20—k (TR 218 S 88 BERTP?, /R S5 b= F (1)
0, 1% “When Google shares your information” 1A bert-base-uncased, BIANX 4 K/INE 2L fih
X AT O B AR I A “ DATA SHARING. A,
CONDITION 7. Al £, & K # i6] “share” F1 33 &
“when” o ASONEE—ANMEEE LT AR OB iA] ASCAS FHHTE AR XS BT GDPR &7 2548
YR, SLIGEERRE, IXH BT O R E A AT T INZGATI . ARSCEH 5 F558 X IR UER
Re TS Bh3E A Classifierdparagraph 732283 T4 BE SRR 2528, FTAREART) 20%1E il 4E .

JITLAXH T Classifierdtitle 7328 4%, A SCHRE FFERIX FEEIPEA GDPR W& 73 S8 45 L RE ) 1
HAFAE i, ASCRIL T AL J7 i——Torre <51

ZE LATIR, B Classifierdtitle 702888 FI%IA TR, AR A3 T RIAURE . 3T G iR A
FEA d_1 + d 2 +d_3=100+2x100+0=300 4E%F  F=T N LEEE (AL artificial intelligence) 4338
fif, A Classifierdparagraph 732828 FIHIA 7] & a5 o TR AFFEERE, Aor@i A
A d 1+d_2+d 3=300+100+300+59=759 4EFFAE . ()73 S8 A5 N H BIAC ST ) HH £ R ELA I RE . 1
32 HHFEFIRE ATER Py RAN FLSRIPAGREAN 0 B2 I MERE

97 % GDPR ME& 7 2Kds, ASCINA T & FRUEATRR, FTikft) GDPR S 728 ds RS than
WIINLEE 2] 7%, B RF. SVM (RBF ). 3 PR, B 1PN 1) GDPR KRG
AdaBoost 1 XGBoost. H H RF &% & & % IS L 28 2 FIR AR s B 1Y
max_depth= None, random_state= 50, SVM (RBF AL, 5 3~5. 6~8. 9~11 ¥ 5 NAL
%) % & Z%0 random_state= 50, AdaBoost ¥ & f] Classifier4paragraph 733545 Torre %5 [0 2548

2 # learning rate= 0.5, n_estimators= 6 , PLE S5 50E 518 BERT I RESR R
algorithm= 'SAMME.R', XGBoost ¥ & % ¥ 3SR R, AR AR AE T

max_depth= None, eta= 0.5, objective= binary: AT AR T Torre FEHEH I 72K 88 . R
logistic, HAMSHIYEENRINSE . KWER B Torre 73 AL H B Z Ty [ R I ik B
LW, fERZH5r K4, RE 70 K880 Re B 4f I, EERHR T HERNAET Z, S8 F1 525

% 3 GDPR &5 HKFMHEREXTLE

Table3 Comparison of GDPR classifiers’ performance

Classifier4paragraph (TF-IDF + RF) Torre's {GloVe + SVM(RBF %)} BERT (bert-base-uncased)

GDPR #:& FEAKE
P R F1 P R Fl P R F1

CONTROLLER 522 1 0.41 0.58 0.01 1 0.01 0.79 069  0.74
CONTROLLER.CONTACT 443 0.95 0.65 0.77 0.05 0.91 0.1 0.79 068 073
PD CATEGORY 1715 0.93 0.91 0.92 0.25 0.93 0.39 0.79 0.84 081
PD ORIGIN 1710 0.97 0.65 0.78 0.06 0.9 0.11 0.77 069  0.72
PROCESSING PURPOSES 1682 0.96 0.74 0.83 0.24 0.92 0.38 0.84 054  0.66
DATA SHARING.CONDITION 709 0.91 0.79 0.84 0.1 0.91 0.17 0.85 0.7 0.76
PD STORAGE DETAILS 441 0.99 0.55 0.71 0.03 0.88 0.06 0.89 076  0.82
DATA SUBJECT RIGHT 1895 0.98 0.56 0.71 0.04 0.93 0.07 0.83 071  0.76

COMPLAINT 165 0.99 0.7 0.81 0.02 0.92 0.05 0.8 0.53 0.64
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JEHAK, X 0] A8 PR O AT ) B s 45 R0 4 2K B
BA % BB P Z G . AT 5 48
[PTRERE S, R MG T AR TR S A R AR R 2 4k
IF]

M5 I k15 5 18 BERT AHEL, A%
RAAE SR EVERERL, BAEA 200 E R T
BERT, HAZ A EREMAER. FE
BERT 8 1V RER T, BARASC S50 £ 4
A7 E, EAEAEERIVERE, RIFATRYIZEE
AR A SCAR RS TAE R — N7 1A

4 FRFABUREMIE ST

AATIETR T OO E R EE v B AL BUER 11 43 #r 45
. O GDPR iR ATA GDPR MES KK
T @ AR 1CO FRELMIBRAL BRI, Xt
BB RLE R 150 4 B FABUR 4T GDPR & R
ST XA TN S AT X AN [F] ) GDPR AH K F&
RBURAT AP E T A w0 IR, FF AR
GDPR AHREE . TR A SR TR .
4.1 GDPR #2HEE S

BrE R AL 20 N TR 2 ) E B
GDPR MESHRZE, (AR ASCREB AT HR 1 150 17
FRARABUR, LA T AN A ) GDPR ME A% A2 Qo] 400K
. S5 5RAE N GDPR HIE BB 1) — &84 WoR7E
x1d, KPR SLARERTE D LRR
HEHE SR Z /D RA BRI E 7AHS ) GDPR
MEE

ESH— &, “PD ORIGIN” 1 “DATA
SUBJECT RIGHT” # Fr A Fa R SRk 55, 11 “PD
CATEGORY ” 1 “PROCESSING PURPOSES”
PSS — I B RABUR ISR, X R BIAR SN
FORHEE R 56 IR R 2 505 N 5 B8 T GDPR 1% 4 4
J7THI

S ki, “DATA SUBJECT RIGHT.
INFORMATION ” F1 “ PD ORIGIN.DIRECT
PASSIVE” [f1ifids %51, 7 l7E 146 (97.9%)
A1 143 (95.9%) 3 FRABUR e . 7EARIR &R
Wi, WM & “ PD CATEGORY.SPECIAL ” A
“COMPLAINT.SA” 178 5 KAk, 1A 1.0%,
RN 3 I B RAECR 1R I

R =g MEF, R “DATA SUBJECT

RIGHT.INFORMATION.POLICY CHANGE " [{Ji
TR, N 79.8%, TE 119 4 AL EEE
P4 Mo T Hoth 28 = R ML S 1R DBl 0 .
— M RERIARRE S, TEZMRSS AT e AN B FAE SR
RO I 2 R 40T e AN B

42 &% 1CO &) GDPR &#M%

IR BEFAE S 1Y) GDPR & #0447 32 B iE
Iok 17 B MRS 7Y — L6E 22 1) GDPR M S I E 5 15
SKIEHG. 10 Torre &5V A% A — 2H B R 2 LI
PRUESRAFPE e ok, XAk e | — AN EE
AMREE ) GDPR MRS 2 15 B % tH ILTE R AL B 3R
Hi. Torre 515 B 5 T 2% A v 40 A2 26 T o) R
(1), IX G ] @ K AT A R A I P D k138
o, HEE K 3% GDPR M'E 77 CAHE,
EHERAZ WXl (1) P ) 545 T % . X — ik
FFAECUR R E5e, MO 7 B a2 FRAIK
SIMTI AT RN, P R RE IR A 2 R IEff
CUn A P VAR B ) 38 2 5K 5 56 = 7
AR H, AT S S B ME R M SCRER
L B b e, BEARANER LR
GDPR 3L A H 32 Mob o v DA £ 56 % VEF™ 1
P, {ER I bR v T 15 e e ] S 8 AR 38 1] Cl
ICO) PRI, FIUA T i .

N T fEDE Torre S EAFAEN I, AR SCEE
WS B AR R LA R (L 1 456 GDPR [ F&
RBCEE B, DR H—EH bR E. DL
JEE B A 1CO A, ASCHREH T 10 A
FrifE, 2% 1CO BR )& FFRHEMR 4 . B
ThRAE C4, H Akt “IEH B DR E
G BUREAT FIWT, BrE Hofh 9 AMAriEES o] BLdE
I A B B AL BUR A 9¢ GDPR MR 1 A7 78 1 5K
WE Bh .

ASCN T IXhRAE, XFiEEHZE GoPPC-150
H) 150 B FABUR AT T GDPR A R 4T.
AL T C4, FNK AR FAFREF ST
FEAN RS B ERAT N, Horp— e mT R A ] I
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Table 4 Compliance criteria based on the ICO template

itk Je okt JEE KA

Cl — CONTROLLER.CONTACT

c2 — PD CATEGORY

c3 — PD ORIGIN. {DIRECT ACTIVE & DIRECT PASSIVE} I PROCESSING PURPOSES

c4 32 PD ORIGIN.INDIRECT ! PROCESSING PURPOSES

cs — DATA SHARING

o6 B LAWFUL BASIS. {CONSENT, CONTRACT, LEGAL OBLIGATION, VITAL INTEREST,
PUBLIC TASK I LEGITIMATE INTEREST}

c7 — PD STORAGE DETAILS. {LOCATION, TIME fl DISPOSAL METHOD}

- B DATA SUBJECT RIGHT. {ACCESS, RECTIFICATION, ERASURE, RESTRICTION, OB-

JECTION F1 PORTABILITY}
C9 LAWFUL BASIS.CONSENT DATA SUBJECT RIGHT.WITHDRAW CONSENT
Cl10 — COMPLAINT

B — 2P REATH B T X B bR A, FEA I
1ERLZE GoPPC-150 1, R 10 (6.7%) #rFafh
BUR RIS 71X 9 ANFRAE AT EE 3K 1 BEARA B SR
=, RUHEBARK AL A R

#*=5 GDPR&HMESITER

Table 5 Results of GDPR compliance analysis

i BRI Pk ARG
Cl 140/150 (93.3%) C6 136/150 (90.6%)
2 149/150 (99.3%) C7 16/150 (10.7%)
c3 131/150 (87.3%) c8 58/150 (38.7%)
C4 — C9 59/62 (95.2%)
cs 148/150 (98.6%) Cl10 113/150 (75.3%)

AL 150 13 B FABURHR B B
CHlH 28 E D LRSS, EABkINA P K
SRR, PRI GDPR iz . [, A5
B REIIFRER I TCO B 45 Y 1R AIREDKR, H
A AN B 10% & R 145 Rtk — AR 1 7E2k
i 553 3 AR5 B 5 SR AR o

5 4ZERiE

# €% GDPR MEShEREAN LIS /1, A
SCHJER B RHE AL 150 B RAEE, i T4
GDPR & IREA R AL, AN LIRS 7
GDPR Hi&7r2Kds, Pt RegdE iy se ikl i)
FEA R

4% GDPR HE S5 VG H#LE, GDPR &M T
AR Y BR R B N 2 IR AR 55 B Ak, et Fo2
BAERCE N EM, X B RS A5 1 J g4
Ml 5% 1) Al B EE 2 FE LB FABUR THI ] GDPR &
Hrk, BN AAEA, X —FR, AR
M T B INTE, AR ISEZR R
%5 s ) B BE AL BSR4 A o B 4548 J2 IR P b
A, IR TR T HARE S B SRR, IR
S A AH R [ GDPR A2, SEEIL T THI /] GDPR B2
FLBCR & B 0 Re Al A il o

ARSI Re ARl AR, BRREAA AH Bh
FEl A il o0 BB AL BCR BT AT H A A, &
I G 22 B 2k (A . GDPR ME& F ek, NI IT
HEANLSS, JUFHIE [ BR P R A R 55 ) 4 ik
BSCHE . KRR, AR TAEY R 2 HAh
P R AN ¥ 1N Sk | AN ERES P
A X 2 ANF ek . SRR bR HE R 347, A
SCUE R AE B Br A R T 5N BF 5T RS RA BUR 1)
G RINE .
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