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Abstract: Mild cognitive impairment (MCI) is both an intermediate state between normal aging and
Alzheimer's disease and the key stage in the diagnosis of Alzheimer's disease. Therefore, early detec-
tion and treatment for potential elderly can delay the occurrence of dementia. In this study, a neural net-
work-based multi-feature detection model for mild cognitive impairment was proposed, which exploits
the characteristics of patients with obvious changes in linguistic performance. The model is based on ex-
tracting the linguistic features in natural speech and integrating the T-W matrix of the LDA model with
the subject data and other multi-feature information as the input tensor of the TextCNN network. It
achieved an accuracy of 0.93, a sensitivity of 1.00, a specificity of 0.8, and a precision of 0.9 on the
DementiaBank dataset, which effectively improved the accuracy of cognitive impairment detection in
the elderly by using natural speech.
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B INAIBE AR (MCI, mild cognitive impair-
ment) &M R G MRIT BN, T
IR IR (AD, Alzheimer's disease ) [ 515 JCEHE Ry
Bro MR8, MCLEH HAEZH 10%~15% Rt
HhEAL ) AD (Buckner, 2004). [ PR AD Hr2x4i
R, 2EAD BFHF OS5 500 7 A, F]2050
AR A 1.31 /2 A (Prince et al.,2015) . AD &
R RSEE L DTG . IR Z S, Bl B
N FET I 56 DU R B, 2 R i) 220400 ) K fet B
[7] L

P15 MCL YR B2 Wi e R R AEZZ . BjiR AD
I i (Association, 2019) o {H 1 F & 5 L] i A
B, HH2WE o R, T2 R 76.8% (H
SN, 2019) o A T B o (o FH 3 1 i i 151 4 45
KR A A 45 R0 % 51 (Duan et al.,2020), X
Tl A AR, A . RCRAK (BT
#5,2022) 5 A= Wbs KA X BE B 51 K
By B B, AN AE T R R O A (2R F A
2019) . BbAR, XA H U B 52 AR 24 FRAE ) MCIT
B, IR SRR AR B MR R AR

MCI B F AL TE R S5 @RS EANA &
AR 25 5 (R 2T H1, 20145 XA 45, 2017), 17AE
WNC I | TERIRES 2 . SRR ) T R ARy
fiE o 3 Ml A5 I F o 5 2 AR AR 12 W T Bl
iR, SEGEMMADHERR . WK, fit
PR AR SRy e A b, TEIE R B BT W A4
BAHE, RAMEMR, B& . ¥VRiEEsE, 5
TR AT 2 K. s R R, MCLE
AL TS S P DU 364 55 1 1) 3 3037 3]
PE AL RN IE 5 A0 BB 5 (X 21465, 2014) , i
L FH A VB BR T 0 A 2R R0 AR b 52 sk 20 i ] (P37 T
4,2017; 8% ,2004) o H Y THE bR 25 7 55 5 A
PALZH I O T A B E LA B SR SR 2
FEBEAT B AL, WF 2T SR e B A AR Y X 4 B
ENCE

ENT RS AR L RAHES T, TR LB
WIE T ARAE T BN E (5 E,
2019), BT HMLEMLEITIRIRE SN N T
AD F1 MCI 2 W7 M i % 19 #4535 2 — (Chen,
2015) . Shi et al. (2017 ) K — Tl 22 452 25 M B VR 2
P I 26 B Y 1 FH A 22 1S 1 b s AR 2= Bl
JEXF AD #EATRFAE 2= 2 R 43 2SI . Konig et al.
Q015 B (55 Ab BE AR, X MCIHTAD 3
Wi AT AR IS, IR AILES 2 20 O vk 1 s

0 B shordsde, MR I e . 25 SRR,
Xof R T B D B 0 2 TR TR R R (79% +
5%) 5 X AR ZH RS 56 2 2 [) 1R ) R AR R Ok (87%
3%); MCIAIAD Z [B] H 3 HERA 26 (80% + 5%) o
AR B 38 o R 2O PE AL 2 AR A
RENI PR S AR T H

A MCI B H #2080 5% R E, 24
HIF 5 141 Aol FH ft 25 090 45 [X 40 BB 35 2 75 R MICIL,
£ X DementiaBank %5 4 45 HH (1) 473 S FEAR A9 1E
FEESESCAS, Fraser et al.(2016) BEHU T 354> 7+ 244
RN 5 2FRRAE 2 AR A R E 4 5 I 2522 3 1] 15 4y
Fan, U B AR %08 81.92%. Chen et al.
(2016) 2 H# =30 aY )2 R AL Transformer f Y, $2
= T AD 45 PN B AR R AT 55 B 32 4T 850K
Zhang et al.(2022) 42 Jmy 1 Jay #5114 & 4 1 SCAS rh 4t
A ASFRAE B A R B AR B 1 2 B A
B, P TR R HERG P WA AE (2020038 8 T
—Fh Rl A Z 018 S A AR Y Bi-LSTM-CNN-CRF A
25 W L5 SRR AT i 44 SR, R (2022) B X
AD BE I H RIE S A, F5E TN
W IRAT R G, EACRUL, BT 4 i
FEITIEAE AD IS W RN ke Ji i AR I Jy T ELAT #5
F AT, (R TR 2 A TR gk
Pl EEAR R S TE R, 20 7B i S
FRAE A I o B R T B A (R
2012),

i b, TR EBCEF ARSI T TR F 2R
=5 Nra= I 1| = ERE ol R0 B PS5 S|
I, AR SCOR B S 3Z 30 1 A AR 205 B IO O
BHAE, AT 2 RE T S A N 4 5
oy T 22 I 4% 1 2 R AIE MCTBE AL, 208 115
N RS DU 1) TR 2

1 Btk

11 HHEkiE

A SCfdE Y i B HE 4R Ok U8 T TalkBank H R
DementiaBank—English Protocol Delaware Corpus
B4 45 (Lanzi et al., 2023) . DemantiaBank J2&— >
TRURE T ) AR AR AR A TR, d e i
TR AD B H ZROSTHRREZ — . 1R8I R
e, TAZIKHEEREMBZLL, 20%
W TR, BRSO H B9 S SRR AR RS
M. WEFEN B SRt R R A 2 A
IR Z A 1 min B 2GR NE, 2R
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Ja BERAZIE N A O BB R AR ] e 58 8 b
R . TEIERPCE AR b, B AR R 2
Y S AR R 04 25 3R o > B R AR B AR S H A
T e AR, IR TalkBank % CHAT (codes for
the human analysis of transcripts) i 5 B b5 i 1Y
CHAT #3X o SO 4] 43 Be - Fn 1 1 HE 7452 |
AL 1EFRFA] | RS A% 1) RN G R B A 1 1]

R UNVARIAA R FIZIXE 06 (MCURE) Vs
WRETEFE S SO . Horbr, INV RIR Ui iR A
By PARFRVIRSHE; engRRVIRIEH hk
W audio KR UFRAN B A 74 ; ID AR

WA B S5 PRS2 5 EHITEAEE . @G:  Cookie
RS vt FED WED) ##H T THR &

K1 firDF T (de la Fuente Garcia et al.,2020)
Fig. 1 Cookie theft diagram

w1 EERICARIR)

Table 1 Transcription example

321K 06

(@Languages: eng
@Participants: INV Investigator, PAR Participant
@Options: multi

@ID: eng|Delaware|INV|||||Investigator]||

@ID: eng|Delaware|PAR|82; 00. |female|MCI|Participant|24|

@Media: 06, audio

INV: isI [//] we're gonna look at some different pictures .

INV: and I'm gonna have you describe them to me or tell me some different &-um stories related to them .

INV: okay ?

PAR: say that again .

PAR: &*INV: so do you want me to +/?
PAR: you're gonna +/.

INV: <I'mgonna> [/] &+sh &*PAR: xxx I'm gonna show you a few pictures and have you describe them or tell me a story .

PAR: okay.

INV: but I'll explain it as I show you each picture .
INV: so i for this first one is I would like you to just +//.
INV: are you able to see it okay ?

PAR: yes.

@G: Cookie

INV: can you just tell me everything that you see going on in this picture ?

PAR: &-um the kids &-um horsing around &-um trying to get cookies, falling down .

PAR: running water spilling over .

PAR: mother working in the kitchen out in a window <in the> [//] looking outside .

PAR: but she's not looking at the kids .

PAR: &-um mother working, kids playing, getting in trouble .

PAR: okay. [+exc]

INV: alright.
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1.2 HIEEN

A A DementiaBank 148 42 1) 4% s SCAS 3
T8 5 2R AR R ORI 22 2% I 2, 3230
IR A L6 B RIS (TR ) | R4
B ORGEIRAYECE) . A BIREE (AP iy E s
. AZEMEE) UURRE PR TE S CRIVELE
A K SRR ) o N T AR AR ALY 12 AL RE
71, H 2R B B R R — > SCRYS Y BE HIL 43 S Y
80% SCA, AWK 20% SCAAE AL, LU
ik 2 I 2% I 2R A 52 1 A MCT YA 3R
AR AN 2 Frox . Hrp, MCI 52 B A HFs
f5; WNL (within normal limits) & 1E % G FE, HIXt
MF . MR 3 PR, BARE PR RA 2 H A
F2EfE 8, AR . Mo, Bl 5%, D —
HE A, R R R 2 8 iR R AT A
%, FTLUSE—iB S MBI 2 E e R IR g R
BT 23 0F T4 — 18 5 R DGE s A E A Y A2
WA B, BN 25 BAE b A oK & — &
A3 F MCRTINAR Y (1) 1 252 B 11

2 YRR AR MU

Table 2  Size of training and test sets min
KA Pl S HIRERES
MCI 315.43 78. 85
WNL 200. 70 50. 17
Sum 516.13 129. 02

3 (AN REH A O 2GR
Table 3 Demographic information of health

and patient groups

My FAl AL % 53
01 MCI 84 S
45 MCI 78 5
04 WNL 72 “
25 WNL 70 %

2 HTIEE AR

2.1 HHEREX

AD B E RN EAN N G B Bt & 22 3R 0
T —E I F SRR, O His iR R BAE AD R
[\ B B2 2 B M O TR RRAE AN (ELAS 32 95 9 [ B B2
] (de 1a Fuente Garcia et al.,2020) . Hit, i5i5R
PAE S MCT - PE AL F1i2 W 19 3 22E 4 (Croot et
al.,2000) , B T BRI T 2R FA 4 N 4 0k 55

SR . BT, i T Al R
T S XE LU IR e M R e g T R AR, o —
K EA TSRS P RTENE SRR &/ )RR AN
AR AL, BRI SRR A T, HIH
IR T S 2R Bl AR R, RIS R S AR &
T Z (B A TE — e R 22 8E S50l A I v 1 o
BB AT, 1 5 o 0 48 BR 2 i DX 0 s B
ZACHNE W A S E TR, WREWdiEs
FEfig i Wi AL ) Al . PR, A SCRF SR A 2R
SUEERME A ERAE 8 aE F S A R
T 2 ) 4% 0 e R T A A SR A IR E, T4
THT 42 I3k 26 p AiE 4 i — 2D 3 1 il 28 0 245 A AU A
MCTAGI | B HERf 32

WS TR b 2 NEE . B E
AR . BT MCLE S TR B W) T A vk
HAXT5E4F (Tsantali et al.,2013), HAZ 5 & BL7E
18 XFnE )2 18 (Araujo et al.,2011), PR A AR 7Y
BRI T AR 2 b A SORE 2 T YRR
eI LA RRT, BT MCTR & il LB B A 2 1
SR M2 P T B 24 ASfiE (anomia) , PRIIGER )
T FE WA S 2 WLBIE 5 AR AL MCLIE 5 B A9 T
H. (Bucks et al.,2000) . 34k, AH A T{EE & 47
AR, MCI AR /YT 25 0] L 451 0 31y 3] L 3] 4
X (ST 15,2022) . PR, ARSCIERIE AR L
B A ], VR AR SURRE . i — 25
& MCI R 5 FE S SE T8 I SO 8 T 3 I 3%
e, ASCRILRRECTLUT SAMRIE: e Afg. B
F LB, SR e iSO R B

e AR D, KRB B R . %5
P F0 8] 15 P (Bucks et al., 2000) . 155 09 16 2 1 14
A2 B AR IR R O R 4 T B, WA
W BRAE A 1], AR R A s ]
TS A A s % BT PE R BRI 2 R
AERFIRE S, RS mE . ZAERTR], Z2RE
R —FE, YA IR IE DT E R B T G
S5 T TE MR BAE A2 1 T TR T VSRR, R
WHA TR RS IO, a0l 5 — ke e
AT, R AR HEAT IR W TR AR e 4 MR
RS o 8 I s S T AT B X B 4
ATE R T B ERIC S T, A SR BMCE
BETEIR R 5 % Ty S @ R B R 1R IR
PSR mS A B BR R 220 BRI H, MCLE#H
TEVE 5 2 iR R e 3% DU RN a7 3 PR 55 O Im
L fet 204 T i T TR A R s A, HAFTE R %
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ORE DR, 3R ATEBI S R — B (BB 25, 20225
BPFAE,2019) 0 WL, ARSCRLLT 548 45
bR ARPRACAEL, FEAAL. RERTE. &
W R LR LB ER, ARSOR RIS
SCANTE T T BARFFAE AN 4 7

T4 ARSCRHIE 5 2R
Table 4 The linguistic features used in this study

FRAFZE Y FRE A4 FR REAE 156 PH
MW ANEE anomia
JE 45 0] L) A-rate
WGP ShiEl Ll N-rate
S idea density
B filler
TCHEFACIAEL  pronoun without referent
5 B Information unit
WERS R local coherence
Bl ellipsis
EVel palilalia

2.2 ETFLDART-W 5EFEREL

Bt 2k Il 52 75 43 A1i (LDA,, latent Dirichlet allo-
cation )& H SR 7 Ab BRI Fh SCA @B i EE 2 T
Hoo Gl B0 SO g 32 B R oA, W R
Y4 (document) H* = 3 (topic) 1] i (word) f#) 5&
%o K LDA XM ML SCAR AT WAL BE, $E Bl
SCAS R R B RARE U | TR R D
AT PRSI 5 2R IE A 2 I 2 i A i
2.2.1 UARFEE TEMERNZ MR F, X
H AR BE AT SCAR I (W3R 5) . — 7T, 3¢
AR T AT LA R /0 157 Ak B i A AR B R SCAS Bl
BULME, R T ERvERE, EERIR; S1— i,
SCASTE 7 AT DAAE LDA I 28 9 45 i kg . 3 A
YIZRINE, IR B S 0 T4 8l BRAR R A T
T AL . SCARTE 45 i Python Hr iy H 28
5 Ab B 41 (NLTK, natural language toolkit) 55 #f .
Hp, textivjﬁﬂ?% i 2% SCAS R A T
blanks £ /R £ 43 45 15 tags ¢ /8 18 P A 1
stopwords F& 7R BR 2 UL i A5 IR 2, Rk X
MCT (14 A6 00 7 4 38 38 W52 i 5 digits 38 205,
symbols & 7~ 5 5K 45 5, seg & 7~ 43 ) BRAL
low_freq_words &7 H BT

TESCARTE G, D HIVE R T H s s 4
B TA) L, g ST DA SRR Y i s 30 S T R
FSCAEE . gV E ) SCR B T IR g1, S
HR2.1 4R U TR 5 22 18 An 2R AT A M B i TR

#5 URFIHRE
Table 5 Text cleaning algorithm

Bk SURHE I

1 text =[]

2i=0

3 i<len (doc):

4 text, ; = text, ; — blanks — tags KIRERZ A TR
5text, ; = text, ; — stopwords FFRAFS A5 Hin)

6 text, ; = text, ; — digits — symbols X FRECF FRIAFF 5
7text, ; = seg(text, ;) P74 iAAb R

8 text, ; = text, , — low_freq_words Z:R %4 i)

9 end

10 &[] text

2, AR EO i B A SRR = AT NS
& AR bRt [l S AR i e

2.2.2 KW NikE  7ELDA EEEAIY, AR
SCRYER T A A R, B0 SCRY Y 3 A
Dirichlet 70 75 7= 245, A0 SCRY Y 32 8145 A AR A 22
S, RN BB . B ) 8 2
H SN 02507 Bk, K SCARSE
() B s SCRS R R N — 4 R 40 A, Il LDA
(M0 A PR

p(0.z,wla,B) = p(0l)[]"_ p(10) p(w,]2.. B).
(1)
Horbr 0 3R SR I £, 2, Ros KRS n A
BRI R, w, KR SRS n A HR] o FIB R
LDA BRI SE. o TR RIS SO h 32300
SO, BN T AR A J R b e Y o A
o AERLSK A B AR A B R SCR Y FE R A 6 AN
A BLE] 1Y TR AT zo
WA (D TUUE T, o FBERUE LDA 4
MAEESE N TSR EYE, A0 o
MBI E NAI . MR IE DementiaBank A9 35 @1 &2 ,
AR H| AR 2% B AN R — SO AR AR,
FOPT/R . HI A fe ok 32 AR RN 32 im) £ 0 1)
H 10,
95 3 SCAR I BUBCR BLin B2 5, i LDA
F A ] DL A5 3 3 816 1 (T-W, topic-word ) f) — 4
. T-WIHFENE—1T2m 1T, R8I
NN, RN E NIRRT
BRI . TR — R T-WHFE, 53
SO 3SR, N T s .
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Table 6 LDA model indicators and the number of topics

a(B) Fo A — FRERY A JR i
10 0.360 -6.016
4 0.353 -5. 675
12 0.350 =6.097
18 0.343 -6.290
8 0.341 -6.392
22 0.341 -6.233
£T T-WHHE
Table 7 The T-W matrix
Foll 3O 1 3K 2 3
1 0.1 0.4 0.5
2 0.7 0.1 0.2
3 0.3 0.3 0.4

T AR T R A e sk A
Ptk 2 ) lis, JLRRS AR T-W AR LA 115K
HFRHE, MM A KR, AT R
SZARH A N MCLEE A 1 AR5

3 FETIE T SRR By fh 28 0 2% A
FR A

3.1 EEZHAENSEIRBLEN

AT N T Ve Ar 82 U 18 5 2 R E S
LDA & &7 Hr f UK 6 5 2 AR R A 25 5, Mt gk
FIB 7 2 ARAE 0 5 B 2 I 45 455 8 (TextCNN,, text
convolutional neural network) , TextCNN & %5 fH fifi
LM B S RS —F N H . SIE 5
RUM LY, TextCNN fE 98 47 &5 b b FEAS [] < B2 7 3C
A, 38 I AR B PRI A U 1S 2
FRAE, JFS A B R 22 ) 28 A5 0 o DL 3K 31 B /5 0
WAERR 2, [, BRG] AT CNN, Al E
&R T8 B R [F B & FRAZ RN, RTEMER
YIS LR, AT LA T 16 R KA SCA 43 25 4T
S, OBIRIRE AT DLk i AR AR AR e ik & U
TS XERT , SRR 8% DR # R T RICHE (5 B0 g 1 )
BB — P, DARZR L ARIE T MCT S S A T e A Pk

AL 53 R AR Y = B0 N R . —
PEMOE 7 FFRE, MM A MBI A . ©EE
AL HE TS RS FRR AR ) 3 R, SCAS I 3 Ay
LDA 5 AU 38 U A T-W 25 [ . — )2 #4  TextCNN
BV AT U SR A, Fufil e S MCT P RER . AR
SCHY AT AL AN 2 I

PS¢
L

“i‘iiﬁ%ﬁ%q

FESRSUR o AR TextCNNHE Y
L LDARE Y T-WHE %
VB ' H '_

N
K2 BIEZHHIE Ao SR

Fig.2 A classification model that consider multiple features

3.2 HESHERE

R A DRI A5 B R AR PE N E R R, BF SR
P2 25 () s A ok s R AT T IH—4k . PRifEfAb L
LDA H iy 3= R A B 1) 55 ) e R — > HE 1Y i
SRR )R, A3 B RSO R BORT AR
LR () 50 AR A 1 o = AU BSOR PR ) 517 35 3
HORTER /NS B N AT IR %, DLk S R o T
SRR R R AR SO R 2H 3 AR R ] 4
Oy IBEE NSNS, LAR 10 R0 10, XF T 35 AR
WECH SHNE L, FIEBISORTRERTIE, TEGS
KUIRF LBl T 54> F M “Cookie” . “Cat” |
“Rockwell”, “Cinderella”, “Sandwich”, #&AIGENS
PEEH LU W S ) FE RRRAE R B ke A i LA
2t 2.2.2 X T LDA Y fie £F 32 80 50ORN B0 3 Bl
5, WFFORE VB B R AR Bl 10, T LU A
SR B T R REAE ORI ) A 5

A B L ff oK g 2% O SGD flifb s, Ik
HEE PR HLAE /INFEAS 1 B 0 oK i AR e MR
oAb i 22 sRECH

n

L=y +(1-)(1-5)). (@)

Hory 22z 1) BS 2k A (MCLh 1, WNL Wy
0), 7ML AIBERAY, LFAFELSAEAFREE FIAS
MAER Z (B 22 MH . A B A & b2 f5
M) 4ek it BRUZBFE I NEE R 3x3; B
JZ BT PR ReLU ;4 7 45 )2 0 PRESCH ReLU/
Sigmoid; 4% 4% 24 H oM one-hot 4ifi%; 7E CPU fiik
%% Lot 2 .
3.3 KRR MGE

AR SR RY B 55— 20 2 )l 2 FR AR g A TR
WA . bR AR SRR, 18 DB T AR
SIATERIE, HREUE SR S UE A SURE L B
LU A7) 25 3 SCRRAE DA R O e iy | H 02 A5 R FHARRAIE
VLR 1 s S0, o LDA AR 78 i £ 3] B3R
T-W AR P BB S FARIE, RAFHGE 522 b —
BB E R . 2 FIREER, I
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F 28T SFRRAE 1Y) Text-CNN AR AL, A5 v 4 55 1
AR, LA A B RO R AR, IR

-
I
W | FUSE ||
|
- I
wwE | WAF ||
L =————

e 3 fizs .

i A

K3 LT 205 S RIE R CNN R

Fig. 3 CNN model based on multilingualism features

13 g A sk i B T-W A L 1 SURRAE L 18
FRERZ0EF B | TR EREKR
Ik, AT ZASTE R R kA B O s A AT R
PR, B3 —RINMFERL, SR )5 4 B A R
PHEE— &, AR ERENE A, R 5% 50
KO BHMORUL, AU T —413x3 1y 43
¥, i ReLU i s BRI o 45T Rl 42 1%
FEEXT XA R AT AR B, BRI o — 4k sk
i, SRIFMMH ReLU. Sigmoid 7% PREGIEAT I ,
)5 18 one-hot At i 73 45 4L

4 RN ST
4.1 FMistz

T PREAG I B ERR A, BEST A TE S A
TR BT R . BRI e, E T RV
SERE L ORTEE . AR P AR S A8 b R 2 i 2 ) 45 A TR
AINRARCR o 4T0E R SOt R A IR 8 .

F£8  ATFEAR ST EA

Table 8 Four kinds of indicators and calculation formulas

izt FHRAR
ptsidia TP/(TP + FN)
RS TN/(FP + TN)
i3 TP/(TP + FP)
HiRies (TP + TN)/(TP + FP + FN + TN)

FK 8, TP RN, RISEER Ny iE 41 H %
Rl o IE B A REASBOCRE 5 PN SRR B, RISERR
o TE BRI A 6 51 AR A Bl . TN 3278 ELB
P, RIS BR Sy S EL R AG: I S B 51 64 Ao A
FP R B, RSBy G 49 (E A I A 1 31 i

FEAR =
4.2 RS

R SC R LDA Fil TextCNN #5 Y X} Dementia-
Bank ZU A2 #4712 . Horp MCLE A il it S st
K oM 39428 min, WNL f il i B & W A
250.87 min, 4 FRECHE K 645.15 min, X [F]—
AR W S SCAS, (P BEAL R & IR 42 1 ()LL)
TEFEI A B, SRR 22 I 4 R o

= n . =5.n =5,n0_ages
topics ‘word —
S n,..=10,n =10, no_ages
- e Wdilo o
"mwr571 * nwcrd7 > ages

0.2
0.1
0.0 o —& °
0 200 400 600 800 1 000 1200
Epoch
K4 iRz

Fig.4 Training error curve

K 4 th Niies = 35 Mya = 5, no_ages %78 LDA
hEBEBH S, RIRBHE RS, A KR A
IS o - e IS
10, no_ages #7~ LDA H =B H N 10, HiR%H
10, A SR BB AR 45 2 K 5 R
10, ages #2785 LDA H 850 H Ry
10, BIA%CH N 10, A 5K B 5#ANGS InAR % 25 52
FE R

PO 3 AR 2k 3, mTRUABE . (1) 380K
FPARI B S LB A S TS B, 1R 25 il R ISRt R
W) 85 22 o (2) AU B3l S0 3 3 2 10 A1 10
I, WS R B R, INZRAD A 200 AR 58

e L

nlopi(‘s = 10’ 1o =
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RS . (3) =R AR Y 250 3 21 28 1 000 A,
B ZEAMR KB I, 43 Bk 0.004 021, 0.001 050,
0.000 874, JFf H fiw 24 M 4L Hh 1) B SRR 3] T
1.00. K, ASSCHE 5 SRR S50 BERE 5 3
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