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Machine Learning Application: Correlation between

Visual and Video Advertisement
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Abstract

Thanks to the popularity of modern networks, the number of Internet users has been
growing high. More people watch videos on the Internet than that on televisions.
Advertising industry on the Internet experience a vigorous growth in recent years. At the
same time, people come to perceive different opinions and thoughts on the efficiency of

video advertisements.

Online advertising is usually based on “CTR”, an abbreviation of “Click through
Rate”, to measure the efficiency of the advertisements or the total length of footage that
advertisements showed to the viewers and the number of times each advertisement is
actually clicked by the viewers. However, these evaluation methods are generally
considered only reference-worthy. There is a more promising way to confirm the

advertisements are actually watched by people. It is eye tracking technology.

Our research discusses the application of eye tracking device, through the visual
analysis system we developed, to collect the information from viewers’ sight line, which
directly allows us to recognize in which objects or details that video viewers are interested
and to further acknowledge the efficiency of video advertisements. Furthermore, we also
employ the technology of Artificial Intelligence - Machine Learning in the system, so the
machine can analyze the final result and to further predict more information from data we

have collected in the advertisements.

Keywords: Eye Tracker, Eye Tracking, Video Advertisement Analysis, Artificial

Intelligence, Machine Learning, Random Forest Algorithm.
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Sample rate 60 Hz
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Operating Distance 50 cm —80 cm
Tracking Range (Head Box) 25cm (horizontal) x 11cm (vertical)
Tracking Recovery Time <50 ms
Dimensions (W/H/D) 320 x 45 x 40 mm
Weight 145¢g
Supported OS System Windows 7, 8.1 or 10
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True condition

Predicted True Positives, TP False Positives, FP

condition

False Negatives, FN True Negatives, TN
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. TP
Precision = TP+ FP
TP
Recall = TPTFN
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F1 Measure =
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Eye Tracking
- fiaxtion position : Point
- fixation number -int -~ . ) Eye Tracker
-fixation time - int
+ recordEyeMovement() : void
+ recordFixationinACITime() : void
Video Loading MR FERE]
- video name : String ’ - current ime _int AOI
- video frame rate © int + playVideo() : void N _
. —— . A o— - :
- number of frames : int + stopVideo() : void ACH posmon. .Pomt
) o 1 0.* | - AQInumber:int
) o + getCurrentTime() : void
+ lnadVideo() : void )
+ getVideoData() : void *+ gotoFrame(). void
. +10adAOI() : vaid
AOI Drawing

- current frame : Qlmage

Video Analysis

+ getCurrentFrame() : void
+ drawAQI() : void

+ delete AQI() : void

+ analyzeVideo() : void + saveADI() : void

+ exportAnalysis() | void

- average gaze duration : int

Machine Learning | ___ o - rate of ACI duration : int
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. Data ()
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B 3-4 ::EF# AOI cH5LG

4, 47T "DrawAOl | 3B 3T T o

.14.Open Window

The Touran
RIEBRIETAMPVY
109.8EiE

EHRIRACTLESRSH R E
=% R ESRSR 5

B 3-5: 87T "DrawAOl | B #74L %
5. FWAOl > HiE 24242 AOl 2 j=cnz + & ik > B 2442 A0l =
et T & B o
® GUEE  VIEREFHFSLFENGFU
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® BB T Ay WNAOl T LE A% AOI

WHART 2 F hh ok § UHRE D AOI -

5.Draw AOl in current frame

Load Video

The Touran
RERIE7AMPV
109.8Fit

08| EERRETLASRSH TR
7Y | SERIESRST R

Save AOL

Load AOI

Start Tracking

B 3-6 : % %l AOI
do % 0 R AR (TSN B AOL Gl 0 IR R BT 4y R i B
PEE TAOl e R B > 2 (53T TEndAOI - ofkehnds (vv & [}
- S F G AOl chif ek | F] TAOI shi g | 2 45—

e % A %<0 AOI -

6. Duplicate AOIs in
different frames.
B85 7 AMPV

109.8E it

B RIFACTL BESRSEH ) = 5
S ERESRSR 5

Save AOI
Load AOT
Start Tracking

Analysis

B 3-7: it #c AOI 5§ 4
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2 A BHGA L DAON AL - 7w * TSave AOI, # it g7 AOI
ﬁ%%’E—@ﬁAm&%%%ﬁﬁgﬁgﬁ%jﬁﬂﬁ~%?é
"loadFrame ; P Excel 4 0 » i{ {6 F 4 E 4 * TLoad AOI # i

»AOIF# > 2 22 L8R - BEGR 2 AOl fE -

| 7. AOI Saving/Loading

R-LineEEHN EIZE
R-Line 1807 2 &

Bl 3-8 #%H/4 ~ AOI
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MoadFrame | 4% % 258 4B 3-9 » T Frame Number | i % AOI ep& fF fih(12 o

5 ¥ =) : TAOI Number ; & 4 % AOI chgs] » 1 Bl s 6] M0, RAFHET1, &

B Au R R X B 2 iy B AT X AR AT Y

1 |Frame Number AOI Number AOI Ieft x  AOI Left y AOI_Right x AOI_Right y

2 0 0 764 376 815 430
3 1 0 764 376 815 430
4 1 2 418 174 1006 582
5 1 3 97 180 265 510
6 2 0 764 376 815 430
7 2 2 418 174 1006 582
8 2 3 97 180 265 510
9 3 2 418 174 1006 582
10 3 3 97 180 265 510
11 4 0 764 376 815 430
12 4 1 68 480 719 621
13 4 2 418 174 1006 582
14 4 3 97 180 265 510
15 5 0 755 376 818 430
16 S 1 68 480 719 621
17 5 2 418 174 1006 582
18 5 3 97 180 265 510
19 6 0 753 376 818 430
20 6 1 68 480 719 621

loadFrame ®

B 3-9 : loadFrame

3.12 ARBEE & TR AL

S & AR K fRA PR T AOI BLE Shiljcd o 199535 § v g g

F_L

(B. Wooley, 2015; Xuebai Zhang, and Shyan-Ming Yuan, 2018; Zhang, J., Wedel, M., and

Pieters, R.,2009) - B 2 AOl enEF A ¥ FENZAHEdF T E -FEET Aok
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W F Xk R R B PR 3P B AR 2 R (RiK
Pieters, and Michel Wedel, 2004) -

® GE(ed):BHRLY RIRRH LR G
@ FEATA(FI)BGR L HHHF FDA o
& mM(%d):ZRPE AL MR F o

® CFEM(NI):MAA LY BT AR A UL AR AW 2

R-Lineiﬁ,lgﬂéﬁm——"’

R-Line 18013523

fe=RAR u=1 .. R4 20 R

Bl 3-10 : AOI #7B]:E sp %

H¥Py & & * AOI AR ARBET R > M EF A A AT & A0 L ARELR
#c(Fixation Number){f=4R 2L p# i £ (Fixation Time)(Aga Bojko, 2013; Marco Porta, Alice

Ravarelli, and Francesco Spaghi, 2012) -

AATLGAAPRYBPEEVIATH APRTHE{L- HOFREZ 8

4 ¢ Transformed Fixation Number(TFN) ~ Transformed Fixation Time(TFT) -~ Average
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Gaze Duration(AGD)(Xuebai Zhang, and Shyan-Ming Yuan, 2018) » i¢ 3472 ¢ F] & &

GRLEFERDIR - RAPNFREFFERNIF > A7 2 AhL R o

® Transformed Fixation Number(TFN) : AR 2kt 3 2 AOI o =hiB #ic(Fixation
Number)2 % AOI 1L enpF fF £ 2. B et O] 5 BB A% B » fj‘%ﬂi AR B3

AOI p e ficdx 5 o

® Transformed Fixation Time(TFT) : 42wt AOI p g0t pf ¥ £ (Fixation Time)
2227 AOI N enpr F L 2. et o) 5 BclE4% 3 o if‘ui*i # ARLELIR F 30 3% AOI eh

FHRPEFAEAL -

® Average Gaze Duration(AGD) : TFN &2 TFT 2. FFernt ) ; ¥ - B2 L * B
PR if BEET T P ehdE o PR F Y & T AR BN R § M (Marco Porta, Alice

Ravarelli, and Francesco Spaghi, 2012) -

D1l o hZ 18 mpﬁﬁiﬁg@ﬁ_ﬂ » Fe ,Fa;:z_gllk}%%mm ﬁ_@'q&r*ﬂ('ﬁrﬁ; SR
Lo R e FARM) 0 A B R AT ez TR PR AP e

AL s &g 12 B -

32 Fft kel BEFAE B

AL AT AR SRR 2 N AOL E H2 (8 o SRR A R RIRB
ALBEEN % > i d Gazepoint 91 B 3 chpk B ik 423 —Gazepoint Control » 2% % p% -

SR EBEHRT LB N Bk 1 @ B ehE B R OTARBRDE 0 KA R T RT Y
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RESSI LR NS NUR SRR S R S O LR P
K E BTN E S 2 L LA AP FRETERAER FE - A S B

ERFE R TS TR

321 P Reh

B A E AL Ed Gazepoint #7 B g chp § ik SR 4254 Gazepoint Control

%ok KIS B AR 0 BRI (FheT

1. 5B USB20 e kit 75 o
2. BB R AIRI L R UGN E PRI emIt i b o B R 2 K
MARF 25 M R & Pleamas s LpE.

3. RERCME : Zh#Fiide Calibrate ;) &~ ARZEICERT > H oo #-g N5 OB

“n"‘"
+

T g > R F R A AR B X B RO B

D] ((sonz))

(W /| —

Calibrate saze Point Select Screen Updaie Rate

B 3-11 : Gazepoint Control 4 &
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2R AREROE S 0 T SRR R A e R AR 0 A B EATRET
Podhst C o i w )% 2 3

B 5 B (F

TS

214 34 T Gaze Pointer | > F s (R#4-P~ 18 8L 74k 17 > £ 45

B 3-12 : Gazepoint Control & # %2 %

BT R AT LEARE R E RS

Rl R g2 (8 0 AV T LS R AL EE R (TP R e h BUR
BV R DL 0 BR A B DAL 0 0L BARE ~ S P - i g
F1AOI # PF > gt & 5 i gk e gt

AP AOI P AR AT AT T R
R AR Ry T R AR B oA o

322 FHKBé 2

£.23 9 0 A SIS BRGE L 1 2

i eS8 Bl A FON
s 1T~ LB frie R ® E o T VLR R L B3 AT e
OB ELY AR AR TR RO § 2
BIP o blde © R E R S R LA~ R

1 g
NEE S APZELS LA BN
PR ER X RE g o

v - 4
g
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FAOAPREERCFRLIARFE I REROPGALEETHIE
PR TFIABA B BT EE  RA MR E R 4 230 1 40 F)

o RS p 5oy id s

~

;ij%z'p“ B sz o ,g;{l?qiﬁﬁjﬁ%% ,

& e
Bofs o UiPe B B R O RTHORETRALE G TERD

o

=
R

% 31 R A FmTH

B3 e o 7 (R Pk
\Volkswagen The Touran 19 & ;% 37% 3
Volkswagen | % @ 36s
(https://mwww.youtube.com/watch?v=WUZn9XI4bUM)
i -
i 5T 30s

(https://www.youtube.com/watch?v=dBvJAXsGlbc)

WEFET EEF £ Flicks 78 7 2
Dashbon | % #% 30s
(https://www.youtube.com/watch?v=ZguNxvclFrU)

HTC RE - Miss Ko Eye p 4p & 4 3%
HTC papte 30s
(https://www.youtube.com/watch?v=f2Wr-da_1eE)

BTORMATL R OB E 0 A PRILE9 L7 P ER S 7 R R
ERATHI 18R ~40 K 0 F 3L A K284 0 F R E g AR ARL R PG
ERT 0 A R R AL A AR GR L 0 ARA DD AP EiE LR

ﬁ R L E B S S > 2 e AP E A auEy o

TR LI AR Mo s ARy TR F R AR LN
R AL A0 #de 2 TRRHATF R AP RBEGFALIPP 5,0 20

il bk ke 2.4 ¢ stk Tlen AIDA G § K 153 5 AF > £ Attention(iL ) e
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Interest(4&) & ¥ 5 A P& A 473 ReniE % > AP A U LIRE R F R AP TR
el TR S Y o LF R R RO BT A ALY 0 A 4 AL R fo s
¢ &k % (Aga Bojko, 2013) > PRV RABECLTHIFR LR

48K 110k s % o

A 2 #-%+ Wei 4v Lu (Pei-Shan Wei, and Hsi-Peng Lu, 2013) #7& 3+ 1 % &
FEAE o o e ke R L (dotti- )N F #7 ¢ 2 T) AIDA R
AISAS 3] ¥ BUER et A 0 @ BB A R R oA 0 P L0 S 2 ik
ELME S APHL TR EE R o ie 2 > TR AEON FiRT 2L R

RALR { AR R v ¥

AP LR R TR 1A T ARE  0A R Y
drifie s g § R - KRB (KPR 20) 0 AT LRI R RGE A i
b B R R @Ak o RIRSE S (20 i % RAR K T R R4 R S
"1 A aa fafkesnl 0 HL B OL AIDARA LG AT S 7 &

BELREPERT > i LEARE > T LA AR L BARk

7r kTR R
Label Q1 Q2 Q3 Q4 Q5 Q6 Sex
12 B ® ® & B #
22 R R R ® R B
5= 5 B B & 5 %
2R A B ® & B &
15 B 05 208 5 =
1= B 0® & & 5 %
- T T T -
B 3-13: B ¥ FHE
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R B 50 LRI o BN TG 3L A 0 G 28 4 0 F o LRl SR

)‘I

o

%

FEBR L TR A 236 LT

\_
‘3\\-

& 4d & 3.1.2 ¢ 21 I BN %

-

>

T dhoW] 3-14 #7 > & 54 12 B At 1 AR (label) » TS ¢ R 5 AT

M1, #4135 % > @ R4

Wi

vP\-

=
o

s T2,

“5&

SHL4 83

Brand T Brand T Brand A Text TF Text TF Text AG Product Product Product Endorser Endorser Endorser

FT FN GD T N D TFT TEN AGD _TFT _TFN _AGD Label
0.05 14 0.03 0.23 479 0.05 0.13 293 0.04 086  19.75 0.04
0.23 6.15 0.04 0.06 1.14 0.06 0.84 1843 0.05 0.78 1299 0.06
0.24 5.66 0.04 0 0.03 0.03 0.04 0.7 0.06 0.5 12.77 0.04

0.1 2.64 0.04 0.08 1.83 0.04 0.23 4.41 0.05 0.72 17.11 0.04
0.87 2.82 0.31 0.32 1.72 0.04 091  22.12 0.04 0.57 13.87 0.04

B 3-14: mB i BF A BT LM

B — — =

Fraud class histogram

140

120 1

100 A

Frequency

20 1

Class

1 135
2 83
Name: Label, dtype: inté4

Bl 3-15: FAlag sl TP
F 32 4rd 337 1 @ aw » A TENGIRBE B 0 % 0 fode + 0t ds il 6 3%
HegR R eng 0 S A FRPEALER R 5T AOL ehB B id « 3T AOI IR 5 e gk

SR T F R AE B B i A A S B Y S

# 32 FTHEFEEERZ(ET e FEP)

Brand TFT Brand TFN Brand AGD Text TFT  Text TFN Text AGD

Average 0.27 5.10 0.07 0.22 4.57 0.07
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Max 1.70 26.67 0.85 0.69 16.34 1.36

Min 0.00 0.00 0.00 0.00 0.00 0.00

%033 FHERAEGREF ST )

Product TFT Product TFN Product AGD Endorser TFT Endorser TFN Endorser_ AGD

Average 0.50 10.96 0.06 0.70 15.63 0.05
Max 1.00 26.27 1.16 1.17 24.40 0.98
Min 0.00 0.00 0.00 0.30 0.69 0.04

F_*

A CTFT(LARPF R )en T30 E v i@ T i 4 ) G R 27 5 5 T0%:p 7 £
WRLE Fimaten @ TR, fo T2 3R ) RARHF B ABE § &% 0 IR

P L B A ] 5 27%Fe 22% -

7 I AGD(IRLBES B) X F P AL R » 7 L A S WA R PR R
LB R TR T A I en A PR R S AiTAR T TP
T B R g IRP R RERAE > ERAF T2 58P 0T
Sy TR G - BRI R F AR R 0 A AL L AR e
Terg chi g Bl BRI T dykR o TR AL RN S A iE B R

4 AT -
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Al e THREFPRBEY 20 > AP R LEF TR 2 (Data
Preprocessing) » ™Az % F AL B enm 0 R BBV A G L 2 # o e { H AL IR

PlEE o

A IR R (T FARLF I (T R - T et R ¥ o

<

bl EEERE Y BERR TG L A0 RERATRY B T

=

7
Fooe i AR R RRAR Sy FRRIE TR H0 P RSRER R

S

RERFLERIE AP TG BPIR LR e TR RS 5

B ST EREFRETHE SRFREFHEL0(R2RG IR KBty
B FE R TR LERAGREIE BEBF TR P ET
218 £ FH -
£ 34 FHRE? FRLK
R FHE PRl FRRT &
7 31 124 10 114
- 28 112 8 104

H7F S5 i (7 e s B~ (Feature Selection) » 4 3£ LE Sif £ 1 B3
oo ERET G R e A PR RS B M A 7 £ 8 g

B, 820 o4 - 9
PEVREE o
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*ehe @ E % B s 47 (Analysis of Variance © ANOVA):E (7 33 HE B~ 0 3%k
TFR2EEFERAD T eFE 3o, B Tepd3 o, chlph ) R kil
Az BFena BT o8l B KA &9 F & (f-value)fr P & (p-value) » i # F E4x
=P @_/‘T‘&:‘;ﬁ/y A F L B :Tﬁ:‘tﬁ{aﬁ%’ ; i ANOVA 7 124 2V i g 2+ 1 4%
Hed B SEp| P Az B endg F0 o KA AP Ddil &% 0B AP iR
% P & 5 0.05 (Tukur Dahiru, 2008) 12 = ~ B % i % chdpic » € R & 12 B 4 pc?
FEBT B EFAE S BR RYR o R e A B - Brand _TFT ~ Brand_TFN -~

Brand_AGD -~ Text_TFT ~ Text_TFN ~ Product_TFT 4= Product_TFN -
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% 3-5: ANOVA - ¥ & %

F value P value
Brand _TFT 78.859 <0.05
Brand_TFN 46.848 <0.05
Brand_AGD 11.394 <0.05
Text TFT 8.2643 <0.05
Text TFN 10.062 <0.05
Text_ AGD 0.634 0.426
Product TFT 95.707 <0.05
Product_TFN 68.467 <0.05
Product AGD  0.606 0.437
Endorser TFT  0.613 0.434
Endorser TFN  0.144 0.704
Endorser AGD 0.014 0.902

R B L BRI B R BER > A2 IR Y I ERY
IR A B R G HCE PR 12 B e S AGE R T B A E B R

Booorgt k3 Ap ot e
Bots o NPT RE- féi;%ﬁ:ﬁr’?— it (Normalization)i& {= %&’xéﬁlﬁiiﬁvﬁs T 18

TRl e 1 DI P AR P S B 0~L 2 B R SR TR L efeach o

R AL A RS AT R
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34 WREY g Rioiw Y T

AEZ R B F 7 A F & 2-5 Ardk Bl et 8 kw8 72 (Random Forest
Algorithm) ~ & 3% = & 4% (Support Vector Machine) 4 2 % & #7 % i (Logistic Regression)
ST ag B E KPR P R > TALE R 812 it A TED R {riRlRE
FoVTRER EEEAEE YR PIREER € Sd 2R B (Cross-validation) &k 2 7

5 St ) T A -

Ak HE B T R A BT B R A AP 25458
16 ~32~64 -~ 128 ~ 256 2 #c> ;X > 2 RERIIRE A kA w A P EA ¢ AR
Benficl ; APF AR Y G 64 Bl KA > B B Atar o & Bl 256 R
Bt g R o b o AP ud @ r 300~ 400 & KA R 0 145 R 3-
16 chi % 7 g I 0 B R B 256~300 %4 K AT B AR T BB hA R F

AP ) 256 A TR o

0.87 1

0.86

0.85 4

0.84 1

0.83 -

0.82 1

0.81

0.80 1

0 50 100 150 200 250 300 350 400

Bl 3-16 : A KAt & R AT RR(7 B F )
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BTk AP 12 kS R ARA E 20 0124851632
64 ~ 128 ~ 256 = #c> N 0 2 RELRVIPIS PR KA P A K AR S AP
BT B * 256~400 1% - K AP RET B AR Y BB A TR FIR B RS fR2 256

e KA

0.84 4

0.82 1

0.80 -

0.78 A

0.76 1

0.74 1

0 50 100 150 200 250 300 350 400
Bl 3-17 @ At & o & 3T RBI(12 B 45 H)
LHE» 2 SVM Ak & g1 frp?f‘ PR FHCER DT A fcfch A 12 /8
Frcs B oo VR EF - Ol AL E e 48 SVM h 3 FRER Y 0 Pl
(kernel) s 4% vt 5 PP Ag e L R % 7 & (lingar) % & Boer ! s g v b ek 0 B

RS S C RS S F R
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Fri FIBRagFR

Zd 2’ 7 (Cross-validation) k ez Bra & 16 » AP F R E TR HHRFTE 2oL
B R BFHGEP- 7 B sc(Brand_TFT ~ Brand_TFN ~ Brand_AGD -~ Text TFT -~
Text_TFN ~ Product_TFT ~ Product_TFN) &3/ pF » Ha0 g & & % p Ach 12 B4+
Bred" % 3 v RF enfm R BHBEFEINFE 2 KW Y AP ER 12 B

AR DI T F 0 e AR -

AP RS AT R 2 ol e B2 T i 12 BEHRPE ¢ F v L iR
Ao PG W R R PG IEER DR F R BN TOR T B e
Fox dptis > B U PR D7 AR RS AR o R A R ARE R

o PR ERVREED - W RFAFEEE > F R RBERTE- KRR -

%0 4-1:7 B 12 B E AR B EER

wE 7 B 12 13 &k
Random Forest 80.21% 72.72%
Support Vector Machine 76.54% 74.54%
Logistic Regression 72.96% 74.39%

2 42 "REHRFEEF (T B )

i RS Accuracy Precision Recall F1 Score
Random Forest 83.42%  83.68%  82.08% 82.44%

Support Vector Machine 80.98% 80.55%  79.52% 79.81%

Logistic Regression 82.17% 83.45%  79.74 % 80.55%
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%43 plRERHRBER(T BEK)

w8 Accuracy Precision Recall F1 Score

Random Forest 80.21% 80.37%  76.72% 77.41%

Support Vector Machine 76.54% 77.68%  69.64% 70.75%

Logistic Regression 72.96%  72.44%  63.8% 64.63%

SEREHEA IR ERAE 2GR 4P VR AL RBIESY 0 &
4% (Brand) {7 &-(Product) B2 5 * = $BR £ n@ABR R LR G F D a4
2h5s & (AGD)An B 2 e d & & P13 s 5 1< o AFT L STR B GOARAE A 4T % ST TAR

Bk AR R E R e e

Feature importances Product_TFT (©.196254)

Brand_TFT (8.178864)
Product_TFN (©.171251)
Brand_TFN (©.143879)

0.30
02 Text_TFT (©.064342)
020 1 . Text_TFN (©.857808)
015 | . Brand_AGD (©.050234)
010 | . Endorser_TFN (©.048116)
. Endorser_TFT (©.844431)
0.05 iiﬁiﬁ 9. Text_AGD (©.015979)
1 +++ 1@. Endorser_AGD (©.014838)

11. Product_AGD (©.014805)

Bl 41" hikia i paE & &

O~V wWwNnE®

g b eng i A Pf Rl B R £ ¢ 3 A (Endorser) 2 35 1A € B A
PG A L HEE S R A PPET R FEN AR A PN R L PR 4 b

e AP LB R AL TR AT AR A EREURT A L .
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RORENT ARAZ OB G AP R T 2 2R AR PR
s "0 BEAR A AL RPFR LA 2R DT EMERL: T1) Uk
(LR NSRS a0 S S AR R AR
GBS > HpE R R L 90.84% 0 HrikE & AZR P (TACE) 4-2

Text_TFN (©.119998)
Text TFT (©.119702)
Brand_TFT (©.119119)
Brand_TFN (©.115291)
Product_TFT (©.100529)
Endorser_TFN (©.096049)
Endorser_TFT (©.080983)
Product_TFN (©.074459)

015 . - .

0.10 . __ .

- . 22
*** 19 Endorser_AGD (©.839778)

0.00

Brand_AGD (©.856434)
11. Text_AGD (©.034573)

Feature importances

0.25

LDm“-.IO'\'.n-b-l»NI—\Q

Product_AGD (©.0430884)

Bl 42  "EMAEHRFTE A FARERR(GLRAE)

IR 4-2 ¥ 1118 5

i
gy
=%
Wa
5
ol
)
(-m
=
=3
=
5\
)
i
=
d
”}X
=
o
X

=% A (Endorser) s 58w AR L o 5 P Aprn AV T AR g E T

B el e it AR5 R F A AP A s e ko 2 LRlE < S

TS
P
A%
i
[
Iy
=
& W

Fpoardt e g\)%{_t. ,HLFM%; ;»\‘.ffh_’—fu;ﬁ;z-%;;":
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TR R L AL BAE - ErERE 8021% AP F BEEY > 2 THES Aow
r

A B o TRELTw I, B B2 A 0 B8 AT P Pl LB

bR R 2 ¢ ey (Brand) ~ 7 s-(Product) ~ % A (Endorser)fr v F 3P (Text) % {15

\\

Pren TARBERHE ) v TARBIARPFRT o 80 7 284 P E T B4R 2 LT 2
20 @B Apv BB T RBEA T e DB SRR 2 B A5 RHR 2
fE- B A E T RGA L

P

ch5- 4 (Brand){e 7 & (Product) = i gt » 3% i vt e

(.

H
T
~m
P
&
&
'

AT EAE A FEd v 3R (Text) o v BT - R 4 LE H R
3RS A (Endorser) ¥ iRl fr A 4 OB FRIR T R k- A2 ARE o BERAR
CEF KL AR LA FHRI A LML SV R B R RS BB R

TS R 26 5 Aot S el > DET- HEEH o LA PR EFRB R P

||

SRR 0 L2 BA R DAY LR L A EF KR i

~F
AL TR AR A AT S E e & A SRR > SN FRRA RS G R R

AL LY A R T i - BRGA L F PR R A (e

40



hend T fa- BALFREEEIRS S A AL

BREHE S PRAT R TR R S

4



10.

11.

12.

34

Aga Bojko (2013). Eye Tracking the User Experience. Rosenfeld Media, Brooklyn, New York.

Alex Poole, Linden J Ball, and Peter Phillips (2004). In search of salience: Aresponse time and eye-movement
analysis of book mark recognition. People and Computers XVIII - Desgin for Life: Proceedings of HCI, pp.
363-378.

B. Edelman, M. Ostrovsky, and M. Schwarz (2007). Internet Advertising and the Generalized Second Price
Auction: Selling Billions of Dollars Worth Of Keywords. Benjamin Edelman & Michael Ostrovsky & Michael
Schwarz, pp. 242-259.

B. Wooley (2015). The influence of dynamic content on visual attention during television commercials,
Murdoch Univ., Dubai, United Arab Emirates.

Bergstrom, J. R., and Schall, A. (Eds.) (2012). Eye tracking in user experience design. Elsevier, pp.81-85.
Chenyu Li, Jun Liu, and Shuxin Ouyang (2016). Characterizing and Predicting the Popularity of Online
Videos. IEEE Access, (Volume: 4), pp. 1630-1641.

Edward K Strong (1925). The Psychology of Selling and Advertising. McGraw-Hill Book Co., New York.
Gazepoint GP3 Eye Tracker [Online]. Available: https:.//www.gazept.com/product/gazepoint-gp3-eye-
tracker/

J. R. Quinlan (1986). Induction of decision trees. Machine Learning, Springer US, pp. 81-106.

Joseph Redmon, Santosh Divvala, Ross Girshick, and Ali Farhadi (2016). You Only Look Once: Unified,
Real-Time Object Detection. IEEE Conference on Computer Vision and Pattern Recognition (CVPR), pp. 27-
30.

K. C. Yang, C. Yang, C. H. Huang, P. H. Shih, and S. Y. Yang (2014). Consumer attitudes toward online video
advertising: An empirical study on YouTube as platform, IEEE International Conference on Industrial
Engineering and Engineering Management, pp. 9-12.

L. Breiman (2001), Random Forests, Machine Learning, pp. 5-32.
42



13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Mao Wang, Yoichiro Maeda, and Yasutake Takahashi (2012). Human intention recognition via eye tracking
based on fuzzy inference. The 6th International Conference on Soft Computing and Intelligent Systems, and
The 13th International Symposium on Advanced Intelligence Systems, pp. 20-24.

Marco Porta, Alice Ravarelli, and Francesco Spaghi (2012). Online newspapers and ad banners: an eye
tracking study on the effects of congruity. Online Information Review, Vol. 37 Issue: 3, pp.405-423.

Panos Louridas, and Christof Ebert (2016). Machine Learning. IEEE Software, pp. 110-115.

Pei-Shan Wei, and Hsi-Peng Lu (2013). An examination of the celebrity endorsements and online customer
reviews influence female consumers’ shopping behavior. Computers in Human Behavior, 29, pp.193-201.

R. Alexander etal. (2000). Systems and methods for displaying and recording control interface with television
programs, video, advertising information and program scheduling information. U.S. Patent 6177931.

R. J. K. Jacob, and K. S. Karn (2003). Eye tracking in human-computer interaction and usability research:
Ready to deliver the promises. Mind, vol. 2, no. 3, pp. 4.

Rik Pieters, and Michel Wedel (2004). Attention Capture and Transfer in Advertising: Brand, Pictorial, and
Text-Size Effects. Journal of Marketing, pp. 36-50.

Ritu Lohtia, Naveen Donthu, and Idil Yaveroglu (2017). Evaluating the efficiency of Internet banner
advertisements. Journal of Business Research, Volume 60, Issue 4, pp. 365-370.

Satoshi Kono (2009). From the marketers' perspective: The interactive media situation in Japan. Television
Goes Digital, pp.57-59.

Sohil Jain, and Dr. Deepak Garg (2014). Evaluating Quality Score of New Ads. International Conference on
Advances in Computing, Communications and Informatics (ICACCI), pp. 24-27.

Tin Kam Ho (1995). Random decision forests. ICDAR '95 Proceedings of the Third International Conference
on Document Analysis and Recognition, pp. 278.

Tukur Dahiru (2008). P-value, a true test of statistical significance? a cautionary note. Annals of Ibadan

Postgraduate Medicine 6(1), pp. 21-26.

43



25.

26.

217.

28.

29.

Wedel, M., and Pieters, R. (2007). A Review of Eye-Tracking Research in Marketing, Review of Marketing
Research, pp. 123-147.

White SJ (2012). Eye Movement Control during Reading: Effects of Word Frequency and Orthographic
Familiarity. Journal of Experimental Psychology Human Perception & Performance, pp.205-223.

Xuebai Zhang, and Shyan-Ming Yuan (2018). An Eye Tracking Analysis for Video Advertising: Relationship
between Advertisement Elements and Effectiveness, IEEE Access, pp. 10699-10707.

Y. C. Hsieh, and K. H. Chen (2011). How different information types affect viewer’s attention on Internet
advertising. Computers in Human Behavior, vol. 27, no. 2, pp. 935-945.

Zhang, J., Wedel, M., and Pieters, R. (2009). Sales Effects of Attention to Feature Advertisements: A Bayesian

Mediation Analysis. Journal of Marketing Research, pp. 669-681.

44



“Her- C R LR %

48 K

Q4. SR 4 ¢ A & e

Q5. AR LiE- HFEBA L &R

At

Q6. \ﬁ%ﬁ'ﬁ fe % 25 0 R 4

45




