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Abstract ̔ 

 [ Objective ] Previous research demonstrated that ensemble perception of groups can 

be formed rapidly by extraction of the average of high - level complex features. 

However, it is unclear whether the average percept is the outcome of extraction from 

the cha racteristic val ue of the average stimulus (for example, average face) created 

from group members, or from calculation of the average value of group members Ľ 

characteristic values. The above two values were confused with each other in prior 

research s̆ince most average val ue of group members are similar as the characteristic 

                                                        

* Ҭ ֲ ̂Ҭ ҙⱵ Ғ ꜛ̆18XNLG10, 19XNLG20̃ȁ

̂31400869̃ ȁ ᴪ ⅞ ̂L19BSH005̃ ӊѿ̕ ᶿ
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value of the average stimulus. However, the attractiveness rating of the average 

face created from a group of faces is usually systematically higher than the mean 

value of attractiveness ratings of this group of faces. Therefore, it is easier to 

explore how the ensemble coding of crowd face attractiveness (i.e. group 

attractiveness) is formed by comparing the attractiveness of the average face with 

the mean value of attractiveness rating o f a group of faces. This could provide a 

useful approach to explore how the average percept is formed.  

[ Methods] The present study used the average discrimination paradigm (Experiment 

1 & 2) and the scoring paradigm (Experiment 3 & 4) to clarify the mechan ism of the 

formation of average percept by comparing the group attractiveness with the 

attractiveness of average face. To tackle this issue, whether the average face was 

presented in the group of faces or not was manipulated (conditions: Avg vs. NoAvg). 

Group size were also manipulated to explore whether group size modulated the 

formation of average percept.  In the average discrimination paradigm, a group of 

faces served as group stimuli to be compare with the probe face for attractiveness. 

Participants wer e asked to judge which is more attractive between the group stimuli 

and the probe face. In the scoring paradigm, participants were asked to rate the 

attractiveness of group stimuli, the average face created from the group, and each  

face of the group in is olated manner. Each group consisted of twelve (in Experiments 

1 and 3) or four faces (in Experiments 2 and 4). There were two kinds of groups: 

one is that all group members are original faces, without the average face. The other 

is that an average face mor phed from other original faces was included in the group.   

[ Results ] In Experiment 1, the proportions for judging probe average face more 

attractive than group attractiveness in the Avg condition was similar with the NoAvg 

condition. In Experiment 2, when  the set size was four, the proportions for judging 

probe average face more attractive than group attractiveness were significantly 

higher in the NoAvg condition. Moreover, in Experiment 3, the ratings for group 

attractiveness were not significantly differ ent between Avg and NoAvg conditions. 

This may indicate that the group attractiveness is based on the average face which 

was created from group members rather than the mean value calculated from group 

membersĽ attractiveness. In addition, the diffusion model analysis showed that the 

coding time was longer for NoAvg condition, which indicated that the formation of 

average face needed cognitive resource. In Experiment 4, when the set size was four, 

the attractiveness rating of the average face was significant ly higher than group 

ratings for the two kinds of groups. The different results in different group size 

may be interpreted as the outcome of weakened average percept caused by the salient 

individual face representations in small group. This was evident fro m several 

analyses: 1) group attractiveness and the attractiveness of morphed average face 

decreased with smaller set size (Experiment 4); 2) When the probe face was morphed 

average face, the proportion for judging probe face as more attractive than group 

attractiveness was greater, comparing with the condition when the probe was a new 

face whose attractiveness was similar with the morphed average face (Experiment 2); 

3) The performance for the hypothesized condition with average percept included in 

the set  is in between the conditions with/without real average face included 
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(Experiment 2 - 4). In addition, comparing with Experiment 1, the information 

accumulation speed in Experiment 2 is slower, the processing time of group 

attractiveness is longer, reflectin g the disturbance of the individual face 

representation.  

[ Conclusions] Group attractiveness is based on the morphed average face , and the 

ensemble percept relies on the extraction from the average stimulus created from 

the group.   

Keywords̔ average represen tation face attractiveness average face  

  

1  

ױ ┴ ⌠ Ḥ ̆ ֓Ḥ Ȃ

֓ Ḥ ᵌ ץ̆ Ȃֲ ױ ץ ֓

(perceptual averaging)̆ ῤ (average 

representation̆Alvarez̆ 2011; Haberman & Whitney̆2012; Whitney & Yamanashi 

Leib 2̆018)̆ ȁ ȁ ȁᵝ ᵞ (Alvarez & Olivă 2008; 

Ariely̆2001; Bauer̆ 2009; Parkes et al.̆2001)̆Ӟ ᴍȁ ≢

ᴪ Ḥ (Haberman & Whitney̆ 2007; Haberman et al.̆2015; Li et al.̆

2016)Ȃ ῏ Ҭ ᵥ֟ ̔

ѿҩ ┬ ҩᵣ ṿ(mean value)

ᴋⱵ(Maule & Franklin̆ 2015; Whitney & Yamanashi Leib̆2018)Ȃץ

Ҭ̆ ṿ ᵬҹ ̆ ԅ

ԍ ṿ Ẋ Ȃ ̆ ԍ ┬ ṿ ṿ

№ ᵌ ץ №̆ Ẋ Ҍ ᵬҹ № ֟

ԍ Ҭ ┬ ԍ ṿ Ȃ ̆

└ׅ ѿҩ ‗ Ȃ ‗ ҩ ѿҩ №

┬ ṿ ṿ ̆ ԍῒ ⱬ

ⱬ ṿ (Carragher et al. 2̆018; Komori et al.̆

2009)̆ ᵬҹ ҩ ‗ ℗῀ Ȃҹԅ № ┬

ṿ ̆ ≠ ⱬ Ҭ

ⱬ ṿ Ҭ ԅ ┬

Ȃ 

1.1 ┼ Ԏ  
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₮ԅң Һ ̆ ԍ№

ᵣ ԍ ҩᵣ Ȃ ᵣ ҹ̆ ┬

ⱴ ̆ ‰ ṿ̆ Ҍ ῤ ҩᵣ

‰ (Ariely̆2001)Ȃҩᵣ ↕ ҹ̆

Ҭ ׆ Ҭ ҉̆ ῒ ⱴ ̆ Ḥ

ṿ (de Fockert & Marchant̆ 2008; Myczek & 

Simons̆ 2008)Ȃ 

ѿ׆ ⱴ ̆ Ḥ ⱴ № Ȃ̓͂ ԍ ᵣ ҩ

ᵣ Ԉ ҉ ץ ҹ Ҭ ᵣ ҩᵣ

ⱴ ᴨᾢ Ȃ ̆ ⱴ (Reverse Hierarchy Theory̆

Hochstein & Ahissar̆ 2002; Hochstein et al.̆2015) ҹ ᵣⱴ ҩᵣⱴ

̆ ᵬҹѿ Ҋ ҉ ᴨᾢ

ԍҩᵣ Ȃ ҹ̆ ᵣ ( Һ gist) ׆

̆ ѿ ԍᵞ ῀ ̕ ⱴ ̆

ֽױ ⌠ ᵣ ( gist)̆ Ҍ ⌠ ᵣ

╠ (antecedents̆ ᵣ ҩᵣ )̕ ҩᴨᾢ ⱴ

̆ ⌠ ᵞ ᾝ̆ Ḥ ̆

ᵣ ץ ҉ Ҋ ⌠ ⱴ ( ̆reverse 

hierarchy return)ץ ( )∆ ᵣ ᵀ ṿ(Hochstein et al.̆ 2015)Ȃ

̆ ץ ̆ ᾢ ҩᵣḤ

̆ ԍ ҩᵣ ̕ᵖ ⱴ ᴪ ⌠ҩᵣ Ȃ

̆ ֽֽ ҩ ̆ Ȃ 

1.2  Ⱶ Ⱶ 

ȁ ᴍ ῒז ᵌ̆ Ӟ ⱬ

ԍ ⱬ ṿ (Abbas & Duchainĕ2008; Brady & Alvarez̆ 2015; 

Haberman & Whitney̆ 2012)Ȃ ̆ ҈ҩҌ ⱬ

ⱬ↨ ԍ҈ҩ ⱬ(Anderson̆ 1965; 

Anderson et al.̆1973)Ȃ 

̆ Ӟ ԅҌ ȂVan Osch ֲ (2015) ԅ
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̆ Ҭ 6 ̆ ⱬ №

ԍ № ṿȂ ҹ ⱬ (group attractiveness 

effect)Ȃ ᴆҊӞ ⱬ ̔ᶛ Willis 

(1960) ң ҈ ̆ ⱬ № ṿ

̆ ⱬ №ᴪ № Ȃ 

Van Osch ֲ(2015) ҹ ⱬ └

ⱴ ԅ ̆ ⱬ Ҍ ⱬ

ṿ ̆ Ҭ ⱴץ (morph)ⱴ

(average-face)̆ ׆ ⱬ ᴇȂ ⱬҍ

ΐ ῏(OôToole et al.̆1999; Rhodes et al.̆2001)̆ ⱬ

ᴪ ԍ ⌠ ̆ ԍ

ⱬ ṿ (Carragher et al.̆ 2018)Ȃ 

Van Osch ֲ(2015)̓͂ ԍ ┬ ┬

̆ᵖ ⱬ ṿ(Anderson et al.̆1973; Luo & Zhoŭ

2018) ⱬ Ҍѿ Ȃ ױ ҹ Ҍ Ănderson (1973)

ԅ (N̗3 4)̆ ₮ ԍ (Nů

8)(Van Osch et al.̆2015)Ȃ Ҍѿ ̔

ԍ ̆ ⱴ ץ ҩᵣ ⱴ ҩ̆ᵣ

̆ ȂLi ֲ(2016) ҹ ҩ ᶫԅ

̔ ⱴ Ҋ̆ ԍҩᵣ ΐ ᴨל ̆ҩᵣ

ᵞ̕ᵖ ⱴ ᾟ ̆ҩᵣ ҉ ̆

↕ ᵞȂ ̆ Ҍ ҩᵣ ̆

ṿ ҩᵣ ӊ҉Ȃ ̆ ⱬӞ

̆ ⱬӞᵞԍ

(Langlois & Roggman̆ 1990)ȂԊ ҉̆Van Osch (2015)Ӟ

̆ ⁞ ̆ ₮ Ҋ Ȃ ԍ

ⱬ Ҍ ⌠ Ӟ̆

ᶭ ԍ ṿ Ȃ ̆ ⱬ ᴪ⁞ ̆ᵖ

ῒ └ Ȃ 

ch
in

aX
iv

:2
02

10
2.

00
07

2v
1



1.3  ₴ Ẑ  

╠ └ׅ Ả ̆ Ȃ

┬ ᵬҹѿ └̆ ⱴ ῏

Ȃ ᾢ ҹ̆ ᵣ ҩᵣ ӊԈ ᶫ ‗ ῒ̕ ̆

ҹ ⱴ ᶫ ̕ ҹ̆ ⱬ

ᶫ Ȃ ᶏ ≢ᴋⱵ( 1 2 m̆ean discrimination paradigm̆

Haberman & Whitney̆ 2009) ⱬ ᴇᴋⱵ̂ 3 4̃̆

ⱬ ⱬ ⱬ └ ץ̆ ѿ

Ҭ ԅ ┬ Ȃ ≢ᴋⱵ ҩ┬ ҍ

̆ ᵬҹ

Ȃ ⱬ ᴇᴋⱵ ᵣ ┬ ᴇ̆

Ȃ ױ ԅ Ҭ ᴆ̆

ⱴ Ҭ ԅ ̆ Ӈ ̕

̆ Ӈ Ḇ ≢

ⱬȂ 1 3 Ҭ ┬ ң ᴆ

Ҋ ᶛ ҹ ᶫ ̆ 2 4

Ҍ Ҭ ҍ ⱬ ῏ ҹ

ṿ Ԉ ᶫ Ȃ ̆ №

ⱴ ҹ̆ 1 2 ᶫḤ ⱴ Ȃ

└ Ҍ ̆ ץ Ҋ ̔ 

(1) ⱬ ṿ ̆ Ӈ ԍ

ⱬ̆ ┬ ᴪ Ҍ ┬ ⱬ

̆ ⱬ̆׆ ̆ ⱬᴪ ̂

3 4̃̆ ≢ᴋⱵҬ∞ ⱬ ẁ ⱴ̆∞ ┬

ⱬ ᶛ ᵞ̆ ғҌ ( 1 2)Ȃ 

(2) ┬ ֟ ̆ Ӈ Ҭ

┬ ≢ᴋⱵ №ᴋⱵ ( 1 3)̆ ғ

Ҭ̆ ┬ ⱬ ⱬ

̂ 4̃̆ ׆ ∞ ┬ ⱬ ᶛ ᵞ( 2)Ȃ 
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(3) Ẋ 2 ҉̆ ⁞ ̆

Ӈ ҩᵣ ҹ ₮ ’Ҋ̆ ⱬ ⱬ Ҍ

┬ ᴆҊ ̂ 4̃̆ ̆ ∞ ┬

ⱬ ᶛ Ҍ ┬ ᴆҊ ( 2)Ȃ 

̂4̃ ⱬ ᵞ ⁞ ̆

Ӈ Ҭ ⱬҊ ⱬ ̂

3 4 ̃̆ ̆ ∞ ┬ ⱬ ᶛ ᵞ(

1 2 )Ȃ 

2 1̔ ⱴ Ҭ  

1 ≢ᴋⱵ̆ ⱬ ⱬӊ

ѿҩ̆ Ҭ ₮ ̆ ∞ Ȃ 

2.1  

̂1̃   

GPowerץ ⱳ power=0.8̆ Ҭ f=0.25 2(

̔2ҩ )ҹ ᵀ ҹ N=34Ȃ Ҭתּ ֲ

34 (ῒҬ 18 )̆ 20.75 ̆ ‰ 2.02̆ ≠ ̆

ⱬ ⱬ Ȃ Ҭ ӥ̆ ⌠ԅҬ ֲ

ᴶ ᴪ ‰Ȃ 

̂2̃  

ҹԅ֟ ̆ ԅԑ ᵬҹ ⱬ ᵞ

̆ ȁ ̆ ◄ ̆ Ἕ

‰ Ȃ № Ҭ ̂ , ̆2005̃

Ҭ ïҬ ȂҬ Ҭ ҍԑ ῍

Ȃ 20 Ҭ ⱬ ᴇ(

ҹ 101 №)҉ №(10 ̆ ҹ 20.54 ̆ ‰ 2.17)̆

ῒҬ ᴇҹ Ҭ ̂ҍ № 50 ̃ ╧ Ȃ ᴇ

№̂M = 49.94̆ SD = 0.77̃ ҍҬ ̂ № 50̃ ̆t(19) = 0.35̆ p 

= 0.732Ȃ 30 ̆ῒҬ 6 ԑ ̂ῒҬ 4

ԍ ⱬ ̆2 ᵞ ⱬ ̃̆ ῒᵩ 24 Ҭ׆ Ҭ
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Ȃ 

ⱬ № №ҹ ⱬ Ҭᵞ҈ ̆ 10 Ȃ ȁ

Ҭȁγ ⱬ №№≢ҹ 76.33; 43.12; 22.42Ȃ № ҈

№ӊ ̆F(2,38) = 148.64̆ p < 0.001̆ ɖp
2 = 0.89Ȃңң

̆γ ⱬ ҍҬ ⱬ t̔(19) = 7.91̆ p < 0.001̆ Cohenôs d = 3.63̕

Ҭ ⱬҍ ⱬ ̔t(19) = 9.77̆ p < 0.001̆ Cohenôs d = 4.48̕ ᵞ ⱬ

ҍ ⱬ t̔(19) = 15.92̆ p < 0.001̆ Cohenôs d = 7.30Ȃ ױ Ҍ

ⱬ№ ̆ ҩ Ҭ 11 ̆12 ң

’̆ 1῍ 60ҩ Ȃ ҩ ҬҌ ⱬ№ ᶏ

Ҍ ̆ ҩ Ҭ Ҍ̆ ⱬ№ ῍ ᶏ

Ȃ 

̆ ᴆ Abrosoft FantaMorpĥ Abrosoft Fantamorph.5.4.8̆

www.fantamorph.com̃ Ҍ └ᵬ₮ ̆῍ 365 Ȃ

ᴆ ץ ң ѿ ᶛ ̆ ᴧץ ῏ ̆

ᵝ ̆ ̆ ̆ ῏ ṿ ἝȂᶛ ̆ ױ

└ᵬ 4 ̆ ңңѿ ̆Ῥ 50:50

ᶛ Ҭ̆ ң Ῥ 50:50 ᶛ ̆ ԍ

ᶛҹ 25%̆ ⌠ԅ 4 Ȃ

└ᵬ 3 ̆↕ └ ᶛҹ 33.3% Ȃ 

Ῥ 20 Ҭ ֲ ⱬ ̂10

̆ ҹ 20.35 ̆ ‰ 2.03̃ ̆ᵬҹԊᾢ №Ȃ 

ᶏ 24 Dell №̆ ҹ 1920¦1080̆

̆ ҹ 70cmȂ 

̂3̃  

ῤ ̆ ҹ ( G1 vs. 

G2)̆ ҹ∞ ⱬ ᶛ №

⌠ ‗ ̂Ḥ vȁ ṿ a ‗ ⱴ t0̆

№ Ȃ̃ 

̂4̃  
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≢ᴋⱵ̆ᾢ ┬ ̆Ῥ ┬ Ȃ ┬ ҹ

ȁ ȁ Ȃ ԍ ץ

ṿ ῏ Ҍ ̆ ץ ̆ ң ┬ Ҭ ᵬҹ

ᾟ┬ ̂ └ ᴆ Ȃ̃ 

┬ ҉ ᶏ̆ 12 ̆ ñҌ

G1ò ̆ ᶏ 11 ̆ ᵬ

ҹ ῀ Ҭ̆ ñ G2ò Ȃ

Ҭ̆ ᵝ Ȃ ┬ ҉̆

ñ ò ̆ ┬ ̆ ԍ ₮ ң

̕ñ ӊѿò Ҭ̆ Ҭ ԅ ץ ῒז

ӊѿ̕ ┬ Ҭ ₮ ñ ò Ȃ 

ҩ Ҭ̆ ᾢ Ҭ 1000ms̆ ױז̆ ⌠

҉ ┬ 2000ms̆ ӊ 500ms̆ ѿ ̆ ⌠

₮ ҹ Ȃ F J ∞ ┬ ᵣ ⱬ ┬ ҩ

ᵣ ⱬ ҩ ̆῍ 180ҩ ̆ ҩ ᴆ ̆ 60ҩ ᴡ

ѿ Ȃ ҹ ӊѿң ᴆҊ ѿ̆ ┬ Ҭ

ⱬ ԍ ┬ ⱬ ṿ̆ѿ ᵞԍ ṿ( 1)Ȃ  

 

1 1ȁ2 Ȃ 
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┬ 3¦4ץ ̆ ҹ5.69£¦6.53£Ȃ ┬

ѿ ̆ Ҭ ̆ ҍ ┬ ѿ Ȃ  

̂5̃  

̆ ̆ᵖׅ Ḥ ̆

Ҍ ӊ ֟ ‗ Ȃҹԅ

̆ №ױ ԅ ‗ Ḥ ̆ (the diffusion model̕ Ratcliff̆

1978; Ratcliff & McKoon̆ 2008) Ҍ № ̆ ≠

№ ҍ ‰ ̆ ѿ № Ҍ ⱬ

└Ȃ ץ № ⌠Ҍ Ҭ(Voss et al.̆

2013)Ȃ 

Ẋ ̔ ԋ ѿᴋⱵҬ Ḥ̆ ׆ Ҍ

⌠ ⌠ ‰ Ȃ (Ratcliff̆1978) ҩ

( 2)̆ №≢ҹ̔ 

1) (drift rate)̆ ҹ v̆ Ḥ ̕ 

2) ṿ(threshold separation)̆ ҹ ă Ạ‗ Ḥ ̕ 

3) (starting point)̆ ҹ z̆ ‗ ╠ ᾢẒ ̕ 

4) ‗ ⱴ (duration of nondecisional processes)̆ ҹ t0̆ ȁ

‗ Ȃ 

 

2  ( Ratcliff & McKoon 2̆008̆ Figure 2)Ȃ Ҭ ԅ ҈

ᶛȂḤ ׆ (z)ץ (v) ̆ ⌠ ⌠ A (a)
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B (0)Ȃ ԍ ̆ ֓ ҩ ӊ Ȃ 

2.2   

̂1̃  

ױ ⱬ№ ԅ ┬ ҹ └ ᴆ┬

ץ̆ ԅᾟ№ ̆ Ԋᾢ ⱬ

№ ԍ Ȃ № ⱬ ṿ Ῥ̆

ⱬ ̆ ┬ ҹ

ӊѿң ᴆҊ ⌠ 84.72%̆ ԍ ̆t(33) = 

28.21̆p < 0.001̆ 95%CI = [0.32̆ 0.37]̆ Cohenôs d = 9.82Ȃ ⱬ∞

Ԋᾢ ѿ Ȃ Ԋᾢ №̆ ≢№ױ ԅ 1ҬҌ

Ҭ ┬ ҹ ᴆҊ ⱬ ṿ M1 

= 49.19̆ Ẋ ԅ ԅ

ⱬ ṿ Ӟ̆ Ẋ ԅ ῒ ⱬ ṿ

M2 = 50.49ȂM1 M2 ̆ ԅ ⱬ ṿ t̆(19) 

= 22.82̆ p < 0.001̆ 95%CI = [1.14̆ 1.37]̆ Cohenôs d = 10.47Ȃ 

ױ ԅ Ҭ∞ ┬ ⱬ ᶛȂ

Ҭ Ҍ ̆ ∞ ⱬ ᶛ̂ Ҍ

G1 8̔4.03%̆ G2 8̔3.55%̃ ԍ ̂50%̃̆ t(33) 

= 8.16̆ p < 0.001̆ 95%CI = [0.25̆ 0.42]̆ Cohenôs d = 2.84̕ t(33) = 10.31̆ p < 0.001̆

95%CI = [0.27̆ 0.40]̆ Cohenôs d = 3.59Ȃ ┬ ҹ ̆∞

ⱬ ᶛ ȁҌ ӊ

( 3)̆ t(33) = 0.11̆ p = 0.912̆ 95%CI = [ï0.10̆ 0.11]̆

ⱬ ≢ Ȃ 
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3  Ҍ ᴆҊ ∞ ⱬ ᶛ̂ ̔G1ҹҌ

ȁG2ҹ ̃ 

̂2̃ №  

╠ ᶛ№ ⱬ ≢

̆ᵖ Ҍ ≢‗ ( ≢ ȁ‗ ‰ ) Ȃ ױ

(the hierarchical diffusion model̆HDM; Vandekerckhove et 

al. 2̆011) ȂHDM № ᴨל ԍ

ӊ ҩᵣ Ȃ ҉Ҋ №≢ ҹ ̆ ┬

ҹ ᴆ ̆ ∞ ┬ ⱬ ҹ Ȃ ԍ ԍ

Ҍ ᾢ Ẓ ̆ (z) ҹ a/2Ȃ

ῒז ҹ ( ̆ ┬ ) Ȃ

̆ ⌠ ҩ ҩ ᴆҊ v̆ ṿ a ‗ ⱴ

t0̆ № ( 4)Ȃ  

ҩ ̆ѿ ҹ̆ ᴨ

Rhat ԍ 1.05(Vehtari et al., 2019)̆ ↕ ᴨ̆ ױ 1

t ̆ ̂M = 1.00̃ ԍ 1.05̆

Ȃ 

ץ ҹ t ̆ Ḥ v ṿa҉̆

̆t(33) = 0.48̆ p = 0.632̕ t(33) = 1.72̆ p = 

0.096Ȃ ῒҌ ⱬ ≢̕p ‗ ⱴ t0 ⌠
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ԅ ᴆ ̆ ᴆ t0 t̆(33) 

= 2.57̆ p = 0.015̆ 95%CI = [0.01̆ 0.06]̆ Cohenôs d = 0.90Ȃ 

 

4 1ȁ 2 ̂ ̔G1ҹҌ ȁ

G2ҹ ̃ 

2.3   

1 ̆ ҹ 12 ⱬ Ȃ

ⱬ̆ ԅ ⱬ ┬

ᶏ̆ ҍ ᴆ Ȃ

Ẋ 2 ┬ ̆Ҍ Ẋ 1 ṿ Ȃ ̆

≢ Ҍ ṿ̆ ԅ Ȃ

ԍ ⱬ̆ ṿ ԍ

ṿ̆ ┬ ׆̆ ┬ ⱬ Ҍ

№Ȃ ̆ ṿ ≢ᴋⱵ( ṿ

‰)̆ ᴆҊ∞ ⱬ ᶛ ᵞԍ

ᴆȂᵖ ̆ ҍ ̆∞ ⱬ ᶛ

ȁҌ ӊ Ȃ ̆ ױֲ̆

┬ ҹѿ ̂ ΐ ⱬ ̃̆ ׆

Ҍ ⱬ ̕ ᴆ

Ҭ̆ ҩ ԍῒҬ 11 ̆

Ӟ Ҭ ₮ Ȃ Ӈ ₮ Ҭ Ҍ

ⱬ ̕ /Ҍ ᴆҬ ᵣ

ⱬ ᶛҌ Ȃ 
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№ ̆ ῀ ̆ ⱴ ‗

̆ ≢ᴋⱵ Ҭ ⱴ

῀Ȃ ҩ ̂ 400ms̃̆ ‗ Ҍ ׆̆ ‗ Ḥ

ҍ ῀ Ȃ 

̆ 1 ⱬ ∞ ԅ ׆̆

ⱬ Ȃ Ӈ̆ ָӇ ᴪ ̙

̆ ҩ (Ji et al.̆2018)̆ ⌠

ⱴ └ (Li et al.̆ 2016)Ȃ Ӈ̆ ⱬ Ӟ ⌠

ץ׆̙ ̆ ᵌӍ Ȃᶛ ̆Van Osch(2015) ̆

ҹ 4~6 Ҭ̆ ⱬ ₮ ᵞȂץ

ⱬ ԍ ṿ Ӟ (Anderson̆

1965; Anderson et al. 1̆973)Ȃ Ҭ ̆

ⱬ∞ ҍ Ҍ └̙ᵖ ѿ ̆

ԅᵖ ⌠ Ȃҹԅ№ ң ̆ 2 ԅ

ⱬҍ ῏ Ȃ 

 

3 2̔ ⱴ  

2 4 ̆ ҍ 1 ̆

ԅ ⱬҍ ῏ Ȃ 

3.1  

̂1̃  

GPowerץ ⱳ power=0.8̆ Ҭ f=0.25 2(

̔ G1 vs. G2)ҹ ᵀ

ҹ N=34Ȃ Ҭתּ ֲ 35 ̆ ѿ

̆ 34 (17 )̆ 20.68 ̆ ‰ 2.27̆

≠ ̆ ⱬ ⱬ Ȃ 

̂2̃  

ҍ 1 ̆ᵖ ┬ 4 Ȃ ┬ ҉̆ᶏ 4

̆ ñҌ G1ò ̆ ᶏ 3
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̆ ᵬҹ ῀ Ҭ̆ ñ

G2ò Ȃ ┬ ȁ ȁ

̆ ┬ ң ┬ └ ᴆ┬ Ȃ 

┬ ץ 2×2 ̆ ҹ 8.19°× 9.43°Ȃ ┬ ѿ

̆ Ҭ ̆ ҍ ┬ ѿ Ȃ 

̂3̃  

1 Ȃ ҩ ҺᴋⱵ ԅ ⱬ №Ȃ 

̂4̃  

ҍ 1 Ȃ 

3.2   

̂1̃  

Ԋᾢ №̆ ┬ ҹ ң ᴆҊ

ҹ 84.17%̆ ԍ t̆(33) = 16.84̆ p < 0.001̆ 95%CI = [0.31̆

0.39]̆ Cohenôs d = 5.83̆ ץ ᾟ№ Ȃҍ 1 ᵌ̆

№≢ ԅ ┬ ҹ ᴆҊҌ Ҭ

ⱬ ṿM1 = 47.82̆ ӞẊ ԅ ԅ

ṿ M2 = 49.73ȂM1 M2 ̆ Ӟ ԅ

ⱬ ṿ t̆(29) = 6.68̆ p < 0.001̆ 95%CI = [1.44̆ 2.47]̆ Cohenôs 

d = 2.48Ȃ ҺᴋⱵ ̆ ⱬ̂M = 55.18, SD = 

11.02̃ ԍ ⱬ ṿ̂ M = 51.71, SD = 11.76̃ t̆(33) = 2.35̆

p = 0.020̆ 95%CI = [0.51̆ 7.05]̆ Cohenôs d = 0.820Ȃ  

2 1Ҭ ҹ ┬ ᴆҊ ⱬ

̆ ⱬ ᵞ 5̆7.20 vs. 65.61̆ t(41.7) 

=100.61̆ p < 0.001̆  95%CI = [8.26̆ 8.60]̆ Cohenôs d = 24.53Ȃ 2

1Ҭ ( ┬ ) ṿ ṿ(9.51 vs. 16.43) ̆

2 ṿ ̆ t(53.8) = 112.13̆ p < 

0.001̆ 95%CI = [6.70̆ 6.94]̆ Cohenôs d = 27.53Ȃ ̆ Ҭ∞ ┬

ⱬ ᶛ Ҋ Ȃ ̆ 2Ҭ∞

ⱬ ᶛ ᵞԍ 1(66.57% vs. 83.79%)̆ t(63) = 3.37̆ p = 0.001̆
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95%CI = [0.07̆ 0.27]̆ Cohenôs d = 0.85Ȃ 

̆ ẁ ԍ ҹ ⱬ ԍ

ⱬȂ∞ ┬ ⱬ ᶛ ԍ ̆t(33) = 4.60̆

p < 0.001̆ 95%CI = [0.09̆ 0.24]̆ Cohenôs d = 1.60Ȃ ғ ԍ∞

ⱬ ᶛ̆ ҬҌ ᴆ ԍ ᴆ̆

t(33) = 3.77̆ p = 0.001̆ 95%CI = [0.03̆ 0.12]̆ Cohenôs d = 1.31( 3)Ȃ 

̆ ⱴ ҍ Ҍ ҹ̆ԅ

ԍⱴ └Ҍ ⌠ ̆ ױ Ҍ Ҭ

ԅ ԅ Ȃ ױ ₮ҍ ⱬ

┬ ң̆ ⱬ ṿ№≢ҹ 54.80 vs 54.11̆t(46) = 0.18̆p = 0.859̆

ᵖ ┬ ҹ ┬ ⱬ ∞ ҹ ᶛ(69.12%)ׅ

ԍ ᴆ(52.01%)̆ t(33) = 4.84̆ p < 0.001̆ 95%CI = [10.21%̆ 24.88%]̆

Cohenôs d = 1.69Ȃ ᶏ ѿ ₮ ⱬ ┬

(72.33 vs. 60.86̆ t(42) = 3.85̆ p < 0.001̆ 95%CI = [5.54%̆ 17.49%]̆ Cohenôs d = 

1.19)̆ ┬ ҹ ┬ ⱬ ∞ ҹ ᶛ(71.01%)ׅ

ԍ ᴆ(61.31%)̆ t(33) = 2.62̆ p = 0.013̆ 95%CI = [2.24%̆ 17.13%]̆

Cohenôs d = 0.91Ȃ ≢ Ҭ Ҍ ᵬҹ ₮ ̆

ԅ Ȃ 

ױ ԅץ ṿM1 Ẋ ԅ

ṿM2ᵬҹ ‰ Acc1 Acc2Ȃ ԍ №

ṿ ṿ ( 10.40)̆ ₮ ̆ ױ ԅ ṿ

ᵞԍ 10 Acc1 Acc2Ȃ ԅ ̆ Ӈ ⱬ ̆

┬ ⁞ ̆ ᵞ̆Acc2ᵞԍ ṿ

Acc1̆׆ Acc0Ȃt ̆

Acc2(50.34%) Acc1(53.03%)̆ t(33) = 1.18̆ p = 0.249̆ Cohenôs d = 0.42̆ Acc2

Acc0(45.79%)̆ t(33) = 1.46̆ p = 0.154̆ Cohenôs d = 0.51̆ Ȃ

ҩ҈ץ ҹ ҈ҩ №ל (trend analysis)̆

׆ Acc1⌠ Acc2Ῥ⌠ Acc0 ⁞ ל F̆(1 3̆3) = 4.21̆ p = 0.048̆ ɖp
2 

= 0.11Ȃ ֓ ̆ Ҍ ⌠
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ῃҍ ᴆ ̆ᵖ ᶭ ѿ ҉ ᵬ Ȃ 

̂2̃ №  

2 ̆ ⌠ ҩ ҩ ᴆҊ

v̆ ṿ a ‗ ⱴ t0̆ № Ȃ ̂M = 

1.00̃ ԍ 1.05̆ Ȃ 

ץ ҹ t ̆ ṿ a ‗ ⱴ t0҉̆

ⱬ ≢ t̆(32) = ï0.63̆

p = 0.533̆ t(32) = 0.72̆ p = 0.095̕ ᵖḤ v ⌠ԅ

ᴆ ̆ Ҍ ᴆ Ḥ ̆t(33) = ï4.775̆

p < 0.001̆ 95%CI = [ï0.63̆ ï0.25]̆ Cohenôs d = 1.66( 4)Ȃ 

( 4)Ȃ ‗ ⱴ t0

҉̆ ҍ ֜ԑᵬ F̆(1,63) = 14.03̆p < 0.001̆

ɖp
2 = 0.18Ȃ № ̆ ᴆҊ̆ 1 t0

ԍ 2 t0̆t(63) = ï2.568̆ p = 0.013̆ 95%CI = [ï0.09̆ ï0.01]̆ Cohenôs d 

= 0.65Ȃ v҉̆ ҍ ֜ԑᵬ ̆

F(1,63) = 9.63̆ p = 0.003̆ ɖp
2 = 0.13̆ № ̆ Ҍ

̆ 1 v ԍ 2 v t̆(63) = 5.51̆ p < 0.001̆ 95%CI = 

[0.94̆ 2.00]̆ Cohenôs d = 1.39̕ t(63) = 3.16̆ p = 0.002̆ 95%CI = [0.30̆ 1.34]̆

Cohenôs d = 0.80Ȃ 

3.3  

2 ̆ Ҍ ᴆҬ ∞̆ ⱬ ᶛ

ԍ ᴆ̆ ₮ Ҭ̆ ⱴԅ

ᵣ ⱬȂ ̆ ҹ 4̆ Һ

└ Ȃ ↕̆ ᵬҹ ┬

ᵌ̆ᵖ№ ῃҌ Ȃ ̆

Ӟ ԅ Ȃ ֓ ┬ Ẋ 2̆Ҍ

ṿ Ẋ 1Ȃ 

ԅ ̆p ≢ 1

Ҍ Ȃ ҹ Ҭ ̆
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┬ ⱬ ׆̆ ∞ ⱬ ᶛ

ᵞȂ Ӟ ‗ ҉̆‗ Ḥ 1

̆ ⱴ Ȃ ̆ ῀ ̆

≢‗ ̆ ҹ‗ Ḥ Ȃ ֓ ≢ᴋⱵ

Ҭ ԅ ̆ ⌠ԅ Ȃ ᵣ ∞

ⱬ ᶛ 1 ᵞȂ ̆ ңҩ ̔ѿ

̂Ẋ 3̃̆ Ӈ ⱬ Ҍ

┬ ᴆҊ ׆̆ ∞ ⱬ ᶛ Ҍ

┬ ᴆҊ ԋ̕ ⱬ ᵞ̆

̂Ẋ 4 Ȃ̃ 

1 2 ԍ ≢ᴋⱵȂҹԅ ᶫ

̆ 3 4 №ᴋⱵ 1 2 ѿ Ȃ 

 

4 3̔ № 

3 №ᴋⱵȂҹҌ Ҋ ⱬ

ⱬ ῏ ᶫ Ȃ 

4.1  

̂1̃  

GPowerץ ⱳ power=0.8̆ Ҭ f=0.25 5 (

№ ̔Ҍ ṿ M1ȁҌ ᵖ

ῤ ṿ M2ȁҌ G1ȁ

G2ȁ Avg)ҹ ᵀ ҹ N=21Ȃ Ҭתּ ֲ

29 ̆ 29 (15 )̆ 22.14 ̆ ‰

3.17̆ ≠ ̆ ⱬ ⱬ Ȃ 

̂2̃  

┬ ҍ 1 Ȃ 

┬ 12 ̆ ┬ ץ 4×3 ̆

ҹ 5.69°×6.53°Ȃ 

№ ҉̆ᶏ 12 ̆ ñҌ ò
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̕ ᶏ 11 ̆ ᵬҹ

῀ Ҭ̆ ñ ò ̆ Ῥ

̆ ҹñ ò Ȃ 

 

5  3ȁ4  

̂3̃  

5 ̂ № ̔Ҍ ṿ M1ȁҌ

ᵖ ῤ ṿ M2ȁҌ

G1ȁ G2ȁ Avg̃ ῤ Ȃ ҹ

ⱬ №Ȃ 

̂4̃  

5 Ȃ ᾢ 500ms ̆ ҉ ѿ

ѿ ̆ ⱬ 0ð100 №̆0 ף

ⱬ ᵞ̆100ף ⱬ Ȃ 

4.2  

ԍ №ᴋⱵҬ Ӟ ҩ ̆

ױ ᶏ № ⱬ ṿ̆ Ҍ

ᴆҊ № ṿ̆ ⌠ M1 = 47.31̕ ῬẊ ԅ

׆ ԅ ṿ̆ ⌠ M2 = 48.78Ȃ M1ȁM2ȁҌ
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ᴆ ⱬ G1ȁ ᴆ ⱬ G2

ⱬ Avg ᵬҹ № 5 ҩ № Ȃ ̆ № Һ

F̆ (4 1̆12̃ = 27.60̆ p < 0.001̆ Лp
2 = 0.50Ȃ Ҋ̂ 6̃̔ 

ᾢ̆M2 ԍ M1 p̆ < 0.001̆ 95%CI = [1.22̆ 1.71]̆Ῥ ԅ

ⱬ ṿ ᵬ Ȃῒ Ҍ̆ ⱬ

№ G1ҍ G2 Ҍ ̆p = 0.532̕ ҍ M2 Ҍ ̆p = 

0.053̕ᵖ ԍ M1̆p = 0.011̆95%CI = [1.26̆ 8.80]Ȃ ҈̆ ⱬ

ԍ ҩ ⱬ G1ȁG2 ṿ M1ȁM2̆pôs <= 0.001Ȃ №ל

׆̆ ṿȁ ⱬ⌠ ̆ ⱴ ̆ל

F (1̆28̃ = 62.82̆ p < 0.001̆ Ẽp
2 = 0.69Ȃ 

 

6 3ȁ4 ⱬ № ̂ ̔M1ҹҌ ṿȁM2ҹ

Ҍ ᵖ ῤ ṿȁG1ҹҌ ȁ

G2ҹ ȁAvgҹ ̃ 

ץ ̆ Ӟױ ԅ№ ⱬ ṿ̆

Ҍ ṿ ̆t(28) = 0.19̆ p = 0.852̆ Ῥ

ԅ 1 Ҭ ┬ ⱬ ᶛ Ҍ

ᴆҊ Ȃ 

4.3  

3 №ᴋⱵ ԅ 1 Ȃ ᾢ̆ Ҭ

№ᴋⱵ ԅ ⱬ ̆ ⱬ ԍ
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№ ṿȂῒ ̆ ⱬ ԍ ⱬ̆ ԅ 1Ҭ ∞

ⱬ Ȃ ҈̆ ̆ ԍ №

̂ Ẋ 2̆Ҍ Ẋ 1̃̕ ғ̆Ҍ ┬ №

G1 ԅ ᴆҊ ṿ̆ M2Ȃ ̆

№ל Ҍ̆ ┬ № ԍ

ᴆ Ȃ ֓ ԅ Ȃ 

 

5 4̔ № 

4 №ᴋⱵ̆ҹҌ Ҋ ⱬ

ⱬ ῏ ᶫ Ȃ 

5.1  

̂1̃  

GPowerץ ⱳ power=0.8̆ Ҭ f=0.25 5 (

№ ̔Ҍ ṿ M1ȁҌ ᵖ

ῤ ṿ M2ȁҌ G1ȁ

G2ȁ Avg)ҹ ᵀ ҹ N=21Ȃ Ҭתּ ֲ

31 ̆╧ ѿ №ῃ ԍ 10 ̆ 30 (15

)̆ 21.39 ̆ ‰ 2.46̆ ≠ ̆ ⱬ ⱬ Ȃ 

̂2̃  

┬ ҍ 1 2 Ȃ 

┬ 4 ̆ ┬ ץ 2×2 Ȃ ᴇ ҹ

̆┬ Ҭ ̆ ҹ 5.69£¦6.53£Ȃ 

№ ҉̆ᶏ 4 ̆ ñҌ ò

̕ ᶏ 3 ̆ ᵬҹ

῀ Ҭ̆ ñ ò ̆ Ῥ

̆ ҹľ Ŀ Ȃ 

̂3̃ ҍ  

ҍ 3 Ȃ 

5.2   
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ҍ 3 ᵌ ᶏ̆ № ⱬ ṿ̆ Ҍ

ᴆҊ № ṿ̆ ⌠ M1 = 47.87̕ ῬẊ

ԅ ׆ ԅ ṿ̆ ⌠ M2 = 50.32Ȃ M1ȁ

M2ȁҌ ᴆ ⱬ G1ȁ ᴆ ⱬ

G2 ⱬ Avgᵬҹ № 5ҩ № Ȃ ̂

6̃̆ № Һ ̆F (4̆116̃= 6.27̆ p < 0.001̆ Ẽp
2 = 0.18Ȃ

Ҋ̔ 

ᾢ̆M2 ԍ M1 p̆ < 0.001̆ 95%CI = [1.82 3̆.08]̆ Ῥ ԅ

ⱬ ṿ ᵬ Ȃῒ Ҍ̆ ⱬ

№ G1ҍ G2 Ҍ ̆p = 0.110̕ ҍ M2 Ҍ ̆p = 

0.977̆ ҍ M1 ӞҌ ̆p = 0.504Ȃ ҈̆ ⱬ ԍ ҩ

ⱬ G1ȁG2 ṿ M1ȁM2̆pôs Ů 0.007Ȃ ̆ №ל

׆̆ ṿȁ ⱬ⌠ ̆ ⱴ  F̆ל

(1̆29̃ = 21.05̆ p < 0.001̆ Ẽp
2 = 0.42Ȃ 

ץ ̆ ᵣ ⱬ ṿ Ҍ̆

ᴆ ԍ ᴆ(9.90 vs. 3.64)̆ t(29) = 6.40̆ p < 0.001̆ 95%CI = 

[4.26̆ 8.26]̆ Cohenôs d = 2.38̆ ץ 2 ᴆҊ

Ҭľ ∞ ┬ ⱬ ᶛ ᵞԅĿ ѿ Ȃ 

4 3Ҭ ⱬ ̆

ⱬ ᵞ 6̆0.11 vs. 65.24 p̆ = 0.004̆ 95%CI = [2.76̆ 13.85]̆ Cohen's 

d = 0.94Ȃ 4 3Ҭ ṿ ṿ(6.76 vs. 12.55)

̆ ѿ ̆ל 4 Ҭ

ṿ ̆ t(35.649) = 1.72̆ p = 0.094̆ 95%CI = [ï1.06̆ 12.81]̆

Cohen's d = 0.07Ȃ 

5. 3  

4 №ᴋⱵ ҹ 2 ᶫԅ Ȃ ᾢ̆

Ҭ̆ ⱬ ⁞ ԅ̆ ⱬ № ṿ M1,M2

̆ 3 ̆ ԅ╠ֲ ̔ ⱬ

̆ Ȃ Ҭ Ẋ Ȃ
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̆ ⱬ Ҋ ̆ ṿ ̆

ⱬ ᵞӞ ⁞ ѿҩ Ȃ 

ῒ ̆ 4Ҭ̆ ᵌԍ 3 ̆ ԍ

№ ̂ Ẋ 2̆Ҍ Ẋ 1̃̕ ғҌ ┬ №

G1Ӟ ῤ ṿ M2 Ȃ №ל

Ҍ̆ ┬ № ԍ ᴆ Ȃ

֓ Ӟ ⌠ԅ Ȃ ̆ ⱬ

ⱬ Ҍ ┬ ᴆҊ ̂Ẋ 3̃̆

ԅ ┬ ⱬ ⱬ̆

ԅ Ҭ̆ Һ └̂ 2 

̃̆ Ӟ ԅҹᵥ 2 ᴆҊҬ̆ ∞ ┬

ⱬ ᶛ ᵞԅȂ 

6  

1ȁ2 3ȁ4 № ῍ ̆

ҹ 12 ̆ ⱬ ₮ Ҍ ⱬ №

≢ᴋⱵ̆ ԅ ̕ ҹ 4 ̆

⁞ ԅ̆ ԍ ⱬ ᵞץ ҩᵣ

ԅȂ 

6.1 Ⱶ   

Van Osch ֲ(2015) Ҭ̆

( ᴪ ) № ⱬ̆↕ ԅ (ֲ )

Ҭ ⱬ ԍ ⱬ ṿ ’Ȃ 

1 ≢ᴋⱵ ̆ Ҍ ∞̆ ┬

ⱬ ᶛҍ ᵌ̆ ң ᴆ ⱬ Ҍ̆

ⱬ ԍ ṿ ׆̆ ѿҩ ԅ ⱬ

Ȃ 3↕ Ῥ ԅ ⱬ Ȃ 

4 № ⱬ Ȃ 2 № ̆

2Ӟ₮ ԅ ⱬ ̆ 1 Ȃ ᵌ ̆ Van Osch

ֲ(2015) Ҭ̆ Ӟ ⌠ ⱬ ԍ ⱬ
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ṿȂ Ҭ̆ № ⱬ ̆

Ӟ Ṣꜛ Ҭ ᵬ №ȂVan Osch ֲ(2015)

Ҭᶏ ̆ ⱬ№ Ҭ̆ ΐ ף

ᵞ ⱬ Ȃ ↕ ԅ ̆ №

̆ Ҍ ⱬ ̆ᶭ ⌠ԅ ᵌ ̆

Ҭ ⱬ ғ̆ ֟ ҍ

῏Ȃ 

6.2 ┼ 

≢ ҍҌ Ẋ № ̆

ױ ⱬ Ẋ ̆ ԅ Ҭ

ԅ ┬ ( )Ȃ 1Ҭ̆ ̆∞

ⱬ ᶛ ᵞ̆ Ҍ ┬ ⱬ

̆ Ҍ ṿ ⌠ Ȃ ᵌ ̆

3 4̆ ⱬ ԍ

ṿȂ 2 Ҭ̆ ᵬҹ ┬ ҍ ᵬҹ ┬

Ҍ ↕̆ ᵬҹ ┬ ₮ ӊ╠ ⌠ԅⱴ Ȃ ҩ

Ying ֲ̂2020̃ ѿ ױז̆ ⱬ ̆ ѿ

ԍ ѿ ̆ ԅ

Ҭ ┬ Ȃ 

ṿ ̆ ┬ Ӟ ῀̆r 1

῀ ⱴ ȂHuang(2015) ԍ ̆

ꜚ ̆ ҩҩᵣⱴ

Ȃ ̆ ҩᵣ ԑ Ԉ ῏ (Li et al̆

2016)Ȃ ԍ ⱴ ҩᵣ̆ ᴨᾢ ԅ Ȃ

Bauer (2017)ץҌ ᵬҹ ┬ ̆ ≢ᴋⱵ╠ⱴ῀

ᴋⱵ ̆ ᵞ ᴆ(1 ҩ 0)̆ ᴆҊ(4~7ҩ

) ≠ԍ Ȃ 1 2 Ӟ ̆

Ҭ ᵣḤ Ӟ Ȃ 

ҍ ̆ ԅ ғ ῀̆ 2
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῀ Ḥ ȂӞ ̆ ┬

Ȃ ӊ ̆ ԍῒז ̆ Ҍ ₮ԍҌ ⱴ

└Ȃ 

6. 3 Ⱶғ ῗ  

ⱬ Ҭ ԅ ̆p ⱬ Ҍ ῃ

ԍ ⱬȂ 1 2̆ ẁ ԍ ᴇ

ⱬ Ȃ ғ 3ȁ4 №Ӟ ԍ №̆

ⱬ ԍ ̆ ┬ ῀ ҹ ̆

Ῥ ԍ ᵣ ᴇȂ ̆ ⱬ Ҍ ῃ Van Osch

ֲ(2015) ֽᶭ ԍ ̆ ҍ ⱴ ᵌ̆

(Haberman & Whitney̆ 2009)Ȃ 

ᵌ ̆ Ῥ ᴋⱵҬ ҹץ Ҭ ̆

ҹ ҍῒҬѿҩ ΐ ᴍ(Neumann et al.̆2013)Ȃ∞

Ҭ ᶏ ԅѿ ̔ ⱴ ҩ ⱬ Ṝ̆

Ҭ ѿ ̆ ԍ ⌠ Ҭ ῒז ⱬ ᵞԍ

̆ ẁ ԍ ҹ ₮ ⱬ Ȃ 

̆ ̆ ⱬᴪ ∞ ₮

(Walker & Vul̆2014)̆ ҹ ᵬ Ȃ ᴪ ֲ

Ẓ ᵣ Ȃ ̆ɐ ѿ ₮ ⱬ

̆ ᴪ ᴇ ̂DeBruine et al.̆ 2007̕ Perrett et al.̆ 1994̕

Walker & Vul 2̆014̃Ȃ ̆ ֟ ᴪ Ҭ ῒז ֟ ̆

ԍ ⱬ ̆ ῒז ⱬӞ ⌠ԅ Ȃ

ῒז ֟ ̆Ӟ ⱬ ֟ ӊѿȂ 

6.4 ╓ ғ ῗ  

Ҭ ⱬѿ ᴪ ᴇҍ ṿ (Anderson̆

1965; Anderson et al. 1̆973) ғ̆ ⱬ (Van Osch 

et al.̆2015)̆ ѿ֓ Ȃ 

ѿ ̆ ֟ ┬ ⱬ ᵞ̆

ԍ ⱬ ⱴ ̆ ⱬ ⁞ Ȃ ѿ ̆
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⌠ԅ Ȃ ₮(Hochstein et al. 2̆015)̆

ᵣ ץ ҉ Ҋ ⌠ ⱴ ץ̆ Ḥ ( )∆

ᵣ ᵀ ṿ̆Ӟ ⱴ ᴪ ⌠ҩᵣ ȂLi et 

al(2016)Ӟ ̆ ̆ ⱴ̆ᴪ ҩᵣ Ȃ 

ң ⌠ԅ ̆ 2Ҭ∞ ⱬ

ᶛ ᵞ̆ץ 4Ҭ ⱬ ṿ

ⱬ ̆

ⱬ ᵞ ῒҬ Ȃҍ ̆ 2 ┬

ⱬ ᶛ ᵞ̆ ԍ ┬ ̆ ῀

⁞ ԅ ⱬ ӊ ̆ ⌠ԅ Ȃ

Ҭ Ḥ̆ Ӟ̆

Ḥ ԍ ᵣ Ȃ 

7  

(1) ⱬ ԍ ┬ Ȃ 

(2) ֟ ԍ ┬ ֟ Ȃ 

(3) Ҭ ԅ ┬ Ȃ Ҭ ⱬҌ₮

ԍ ┬ ⌠ԅ ̆ ғ ┬ ⱬ ᵞȂ 

(4) ⱴ Ӟ ѿ Ȃ 
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