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30 BT IR 25 A 1iE (patellofemoral pain syndrome,
PFPS)

IR OGP £ TR 2 — Tl IR R B ) JUL PR i
PRSI . PFPS A8 5 1Y R AR IR T O D g R AR
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& M 13 451 PFPS 22403 ) 1) 14 > Hiu 1 S A 1 7 (ground reac-
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3.3 kT %2 (osteoarthritis, OA)
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Al 1 P A TR 22 I 28 SR P ST RS 2 2] I W 2 2] )
AR S5 2S
4.2 fiizErh (stroke)

Wi AR\ 1T BSCR 1 TIR A 11 S A B ek i 2 o g
NAEREE T KIET IR R AN = KB IR A . I HLAE PR
WA B R, A R A BT R AL e PR R
B B R A AR A 28 22 45T U B A2 Sh T RE RS A

B AAS RIS B U T RE UK T . A R
AT R R AT BRI R LA T Y U 2 A8 E
MNah 2R R DA RBATRE RS FESE . H AT R %
FAM A LS T N WS  PRAG R A5G AL A AT
T R A5 0 A 2Rl I A 24 B 2 B i T A6 28 43
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TG S A FH 7 RULERLFED ) 1 ok A [ (R RSS2 A
ARG R R AN R RN R 2 P25 BERL AR
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