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[Abstract]

As generative Al technology continues to advance, the utilization of image generative Al tools has significantly increased.
However, the complexity of these systems presents challenges for both novice and expert users, highlighting a need for
improvements in usability. This study explores the impact of interactive explanation methods, a branch of Explainable Al (XAI),
on perceived explainability among users with varying experience levels. Specifically, it compares dynamic and static explanations,
analyzing their effects on explainability, understandability, informativeness, trustworthiness, and user satisfaction. The findings
indicate that dynamic explanations enhance both explainability and understandability, particularly for novice users. These results
emphasize the importance of tailored explanation strategies in designing more user-friendly and accessible generative Al systems.
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model.
engage users in a dialogue,
Interactive allowing them to explore and [22].[23]
Explanations understand the Al model's ’
behavior dynamically.
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Table 2. Survey demographics results

class Novice(%) Advanced(%)

Male 18 (39.1) 10 (32.3)
Gender Female 28 (60.9) 1(67.7)

10 to under 20 1(2.2) 1(3.2)

20 to under 30 40 (87.0) 1(67.7)
Age

30 to under 40 3(6.5) 9 (29)

40 and over 2(4.3) 0 (0)

i Liberal arts 22 (47.8) 7 (22.6)

ggigggfﬂd Science 16 (34.8) 11 (35.5)

Et cetra 8 (17.4) 13 (41.9)
Total 46 (100) 31 (100)
V. g3 2
4-1182 Yol HE|E U3

A 7154 (Explainability), W5E(Satisfaction), ©]al
A (Understandability), XqE/H(InformatlVeness) A4

(Trustworthiness) A& 39| ANIIEE HZF3] H3)
Cronbach’s a A& E3 v‘f—@ AFE A4S s
I A3 A7bsA(a = .70), THEEE(a = .66), o|8fiAd(a =
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8D, BEA(a = .74), 20 = .72) 0.2 T W=
LEE 0750 22 Aow UEPtor)t 0.6 o)dolH 4lE =
7F 8 b Rom wuma, o9 g5 uisie]
Cronbach’s a @to] 0.7 o]Ao g2 B F|o] F&: Wl sk
A= =7 ASEHA 2 Hele] e Hdjgk 3wvh M
= Ak 85 A ok, Al ujEA] e Ao
2 31T

7} AREAE =7 Al2=Ee
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vy Repeated Measures ANOVA)~
EEAS] Zhe T 3, BALRA]
2wz 7} golo] AsAe F}
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Table 3. Mean(SD) of all dependent variables

Variables Explanation Novice Advanced
Static 5.20 (0.86) 5.41 (0.81)
Explainability
Dynamic 5.59 (0.81) 5.48 (0.89)
Static 4.70 (1.1) 5.29 (0.90)
Understanbability
Dynamic 5.05 (0.89) 5.46 (0.61)
. Static 4.80(0.88) | 5.54(0.51)
Informativeness
Dynamic 5.17(0.92) | 5.43(0.84)
. Static 4.96 (0.92) | 5.45(0.84)
Trustworthiness
Dynamic 5.08 (1.00) | 5.25(0.63)
. . Static 4.84(1.1) 5.66 (0.69)
Satisfaction
Dynamic 5.16 (0.96) 5.37 (0.69)
E 4. 0l gEEY MR AT}
Table 4. Results of a two-way repeated measures ANOVA
Variables Explanation MS F o}
Explanation(E) 2.08 4.24" .04
Explainability Use Experience(UE) | .98 1 .75
E X UE .97 1.97 .16
Explanation(E) 2.57 4.89" .03
Understanbability | Use Experience(UE) | 9.38 | 8.21" .00
E X UE .31 .59 .45
Explanation(E) .55 1.43 24
Informativeness | Use Experience(UE) | 9.4 | 10.868™" | .00
E X UE 214 5.45 .02
Explanation(E) .07 15 .70
Trustworthiness | Use Experience(UE) | 3.98 3.70 .05
E X UE .95 1.99 .16
Explanation(E) .01 .02 .88
Satisfaction Use Experience(UE) | 9.87 | 9.43™ | .00
E X UE 3.52 6.32" .01
" p<.001, 7 p<.01, "p<.05
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