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o}l &, g2 ALY dAEE Fustar
ol Al Ty WS AbgIERA & o
A3l 71 A g5 & 7 vk

_I_.

F

41 1D52| &t of

ahgrol A4H oAl s 380 ol whel 4
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eyes] 37} S48 ek B MM 1¥8
2] o A7t g i bz AR § 33
2] ID3= BE oA 7 gl gl s o] A= st
= B3z A wba] o) gl = vk ID5E A& st
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{Class height  Thair eyes

-  short blond brown
- 1l dark brown
+ twl blond  blue
- ot dark blue
- short dark blue
+  tall red blue
- tall blond brown
+ shon  blond blue

=2 3 ID52] ¢ ofA|
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eyes=hrown)e] YHEN L F5- A EY
e Blmd e S 7hA] ol
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T2l g e o gl
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Wb $e SH g Adetel 23 33
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3= T M oA 2
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W2 ET g Gl w el dlA TAE
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