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Abstract

Timely and accurate rehabilitation training intervention can effectively promote functional re-
covery from post-stroke hemiplegia (PSH) and improve independence in daily living. The existing
rehabilitation service models have multiple issues, such as cumbersome processes, expert do-
minance, and uneven distribution of service resources. To improve the efficiency of rehabilitation
training decision-making and provide comprehensive explaining ability, this paper proposes a
rehabilitation training prescription decision algorithm based on Weighted Case-Based Reasoning
(WCBR) targeted at the limb functional impairment of PSH patients. A case library was con-
structed based on 139 clinical stroke patient cases, and WCBR uses the K-Nearest Neighbor (KNN)
as a benchmark strategy to provide an initial rehabilitation training plan based on the patient’s
scale information, for rehabilitation therapists to reference, amend, and issue the final rehabilita-
tion treatment prescription. Experimental validation showed that the algorithm has an accuracy
metric of 87.5% and a recall metric of 90.1%. This study proves that the algorithm can achieve
accurate rehabilitation training decisions based on the limb function assessment of PSH patients,
is expected to provide clinical decision support for rehabilitation training, and improve the reha-
bilitation service process.
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o 2 Hp g — o S I I 0 (PR H XU ) 5 e T G 5 1 A AR BH FE B ifL 5 | 2 1 — R BB [ 1]
A e AR AR = RAE T MR SR R (2], R E AN EAE . BURM S ZE R3], — TR AEREA S
By M HAH K AE G IR R I 5 E BRI E MR A R, 45%MI M4 5 B35 3 s sh ThRe g 4], I
A 2 S BRI B EEE R R . AR PR R Iy — AR Ri2 B RE 7 52 IR S Al ok, B BRI T 8%
[ H 5 A2 1535 31 e 1 (Activities of DailyLiving, ADL), & A]RESFEFNHLS . Az AT S IRAS O BE ) JH[5], A5
FEMIAL 22 R BB [6]. F 1. Bl SHEBRBINGRRER S PR E KRG T8, 2 HE
HIAT], ARSET PSH BHE 1 ADL, Wbt &S5 5180,

TR DA 1R RS R AE AT VPG 125 b, Tk B S A G — e 1, AR St AH R B S I
ST, JFERERVEAL RS OR8] SR IRSS AR F AR Y, AFAE DAL AN PR SR A A, ARt G — 55 1),
M UL i B N R TR SR (9] ik, Tl A AR AR S WX 48 A 52 3 R 08 5 o A AN 35yl idk—
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IR T . Ak, R REE NG TTHE RN LA, S PRI RREE, s R = %
FE o BT RAE . R RN AR B B G E T,

Ilf PR $ 5% £ G5 (Clinic decision support system, CDSS)/& % 5% 22 45 [10]4F [ 245U 1) — AN 3 2 5 A
&, HNIG R IMER 2 1697 7 R IR R [11]. FE T 1R CDSS J& CDSS i) K,
KR RGHET 1 RN AN 4, G R S B AR PR U S S HE . Hamedan 55 A [12]1 HI
W2 A HEEE AL 2 CDSS H T2 1% B W 2 W AN TS, %o il e 254 2 W HH & 1 . Canoa %8 A\ [13]F)F RBR
T ARSI RS, FEeEh T HERESIEET— K1 CDSS, SN A0 LA B % PR A SLm 2 T AN
RITEW . XBRGHAIIRE, R E M ENR, 4E5HIRPE R 9k 7). WLER S ST RN 5 R i B K dE
JEHR S T AEFZHE K & s s T T A (A, 5 A5 0 I PR 225 SR PR Tl B kS A AN B R [14] e A T
TARATAE ) CDSS, H SR JZEAR AR AL ¥ %% 2 B8 /7« Majeed %5 A [15]°K A Lasso [E] V=58 il 1 B
FRE AR B IR S R, AEE PSR TEMER WE. Kim 58 A[16]454 DNN, 24 R1H, b
BUSRARSE T 2k T v B BRig 3 D Re, 8 35 TR0 i s SRR it Rl X S8t 5 0E B S AL
5 YRR I 2 rh RS AU R R I 2 /D ] DUA B S8 R E A K. RE W, T IR e Y
B Z RN, BEATTIE ARG IR 2 2 [17]

RNTATWAL G FEE RS, R IR PE[18], A SC# 5T 411 i) CDSS # it 5 28 v T
FRE NG T7 W T, BAURE TR R4, $2H T 2T WCBR 15 S Il ZRAb 77 ¥ 58 5302 AT
SCPLE S AN B R UG T o AR T BAR TAE: 1) M PSH Z41/F; 2) & CBR W i%il 13
TERBESRNRORRERZOIER I AMUER T CBR BT WA E E R SHO R 8,
Rk T Z AR AR R B 2 A BRI R E R . % RG] BB R R TAE N RS TARERCE,
PR MRz R, AR TRARE ZEGRESFAH, XNREREZRSAREELAGE

Ko
2. Ik

HT WCBR HIR REREZ IZRab 7 dR AR I 1 i, CBR BN FIARIZ OERIE L, ¥
55 PSH B ffs BER VAL I RV E (5 B A I FREAT A5 AL AR ], SR A8 B e rh A 2 AR LU 1, o
Jr ARABA SR A5l B A R N 2R Ak T
2.1. WHRIREN

AR SCAE FH A0 SR B VG 22 200 K2 5 — MR R e 139 G 2 b B B b, i BRESLVR T T I
PRI FIEARSE T 34T o BRIREATEA iy Je 52 VAl il DA SRR IR AL T K pi o L~ 24 4E 8 0y 59.29
+11.92 %, 5110541, Lotk 34 1, ZEMIwRE 134 51, A5 M (w35 41

RE VA RA Lovett 22K . R [ Ashworth 73 2% 8385 et B8 WL« WUk 0TV s R
F MRMI &3 . Brunnstrom iz 1% & 43 Wiw 3 . Bobath T if 5 38 43 55 B s Thag . i@shThaefr
B OIReEATVRE, STV EAN N RN 1 AR . BB S RIEE 2EARE e 2 PPAil o 7 K8 3 1l s RE S I 45
W77, BEEIG—ILARREsTIE. MR AR SIIZ. T hashillg. FEIIse%. ™1l%k. B
TR BENRR, BIREESE 8 M.

2.2. CBR #&1R

R R T AR ) CDSS T, IRk CBR 32 2) 12 5E . CBR 5 HAR K Al 75 %A A X
BB MET O QR EGIEAT R A IO B RYE, R T RRA[19]. HIk, CBR &
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Figure 1. The algorithm flowchart based on WCBR
E 1. £F WCBR MEELRIZE

Table 1. Details of rehabilitation assessment scales

* 1 RETEEFE

A BRCIeE -
5 (Lovety) B W T R BR R 0/1/2/3/415 %
JILTK 71 (25 R i1 Ashworth) =N NN NN 0/1/1+/2/3/4 2
123 T RE(Brunnstrom) FREL FSOFHE 1~V1 3]
P T fié (Bobath) LA T A A A B ZhAS P B 2
e gnRilita RERSE . RS R AR T8 R RSB A 2
PEIAERE (VAS) — 0~10 4

ADL fit J1iT5E LRI B, P, HblME

BEELATE IRRHRS . ERRERR. BI. FAR

R T R AR AR 58 2
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G o 2] 153 CBR HERE R GUHE A S B0 LU sE FERIG N, ORISR F[20]. CBR 244
R, mAL BT REZUANDER. WK 2 oR T CBR RGN LTI, 08 CBR JE¥. %41
JE7E CBR SEHLINHEA, Wb 2B FH R 2 )5, 20l RPIR AR IX AR LM A I s da e e vt S LT
CLARER, SRR Z e AN K, VRN RBIAF il B GE  o ASCHTR B WCBR Hikd, EEAAILE
R R A HAT R IR, S0 5 AT AR 2 AL .

B
N

Do
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Figure 2. CBRcycle
2. CBR f&IR

2.2.1. BIFRRERHIEREL

TE SUZEM SR TE AP A5 K e 4 8 HE A B (N AT S5, BN R BIRIR[19]. Bl T
P SRR R A HE B AL A O H L, — R O R R E [ AR IR [21] B A T SR 4 A
Wy REEREIR S AR R 05y . R PSH R BIME BRI i Bl ES PP R R ST kb Ty, 4
WKL T R BURE B AN DBk A1, i2shhae. Bahke %, SudiiaEs
TEW 2,

Table 2. Type and values of attributes that compose the assesment

2. MRRREIHERHER T X EEEE

RFAE J 1 et B35
L/ (Lovett) 317 {0,1,2,3,4,5}
JULSK 77 (24 R (%) Ashworth) 317 {0,1,2,3,4,5}
#%ahae J1(MRMI) I {0,1,2,3,4,5}
IZZ HIHE(Brunnstrom) LA {1,2,3,4,5,6}
P47 T §¢ (Bobath) I {1,2,3}
RATENE T H B {True, False}

RENGMTTE A AARE, BEAFEARRIPRTT R — M Z MR NARARA S, KM EZII%
BRI —Fibr %, AT UM D ZRED KA. 455E 4 D AL
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X = {3 X, Xy (% €RP ), — AL Q ANTTHAREIRRAEZIY = (v, v, Yo | » PSH RBIBET B
FRE={(% V)% € Foy Y LTSN}, NSEOIIAUR. WX € X0 X =Xy, % ) NSEH i 10 M 4
BFAERLRL. VY, €Y.y, = (YA y2, o y0) Fomsebl i e R s MIebras i, Hoeb et & 52 VI b

Y My =1 (BRI ARARE), By =0 (BN i MITERkR%), # 3 RBEIIZRA T R B
NI

Table 3. Case representation of rehabilitation training prescription

3. REINSGLHFHRBIFRT

el BaTIL i R A2 15 1 KA R RS [npapliE
1 0 1 0 0 0
2 1 1 0 0 1
3 1 1 1 0 1
4 1 1 0 1 1
5 0 0 1 1 0

222, BT SHRBORGIEREZE

CBR HEHE AR CoAE Tl AR S A B ATV, AN SR A8 126 r 3 B A5 T AR AL J7 S S 9 R A ol ok
J7gE, Horh DA RS KNN SEn O i F[22] KNN RS —Fioifiobs 2% =) S0 A RS A1E 223 18] N (1 AR AL
Pk m P ) R AT AR T3 I PR 17 T DA R BRAR AN SR B U AR A IR T3, 4R i S ik e [23]
N T RAF RO 1 2 A5 %515 5., 7E WCBR HUER AT Z AR5 M INAL KNN 2l ke R 5%

2 PR 13 S0 rh R BT B (VR A R 2R 2 IR R oM 2 A AR ZE I, (ELH T 2 MRZE IR
N A N RAIREE, & FBECE I WAE[24] . A PR R JTVE N R SEEIE N T, AT AR R (Mutual
Information, MI) 2 bREERFALIEFE 7 AT IO TR MRS THEURFAE A L ZEVE, IR E i 45 5 X e
RIPASRF D T8RS A B 2 . BAR A LR 75 AE 5 AR %8 2 (BRI S 1 9 95 HAS RO T
BRI AL, SRR AR B BT RE

HOG, ST HARE A EAHE x ARy, THRENZ SR (XY ) o HAE S hsn
LR A5

: p(xy)
I(X,Y)-_Q;Z;p(x,yﬂog[p(x)p(y)] (1)
Hop, p(xy) 2 x fily RS HERR AT, p(X) A1 p(y) 23 B2 x Ay HISL 282 50 A .

BT AN R AE AR A8 2 [8) 1) BLAS ST REANTE], DA 7RSS SR i@ AT oA, BAR BdkAT A
—A, BRI PR EAS B RFIME, BREEMRMERN SR A .

a, RAETUE O A T B bR Z B 5 R P A R AR ARLE . 805, SR B
RLEER K NS E B IR 20 o 8 P B IIASUREABLRE 77 A6 A R L AR R B8 L B8 i o 2 LA S
IR ZABLEE[25], THE AR W 4 B, Hd NOARHEAN x F z 2000002 B b 24905 Py s 2240 (1) 4
fEME, w 2% i MNMHERIRE,

223 BETZHRENRGIEAEE
W RGIKGR, G T HEFEAK K AN EBONARURI B se 5], 385 vk SR 7 R IX — L FERR
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NEGIFEH] . 75 KNN i FIOR S 2805 IBEERE . BRI 24i% . 2 R UIZRAL J7 151
H, RE NGRS AFER R, AR PR INGAREE S, S EFRREICR, A0 R
ISR S, {3 LC-KNN [26 D0t bR AT IR 2 53 S 2% o

Table 4. Similarity calculation formulas list

* 4. BUETEARE

Jrik AR
DR A B d= [Yw(x-2) B
I A d=>wx -z 3)

:i X2,
PR §=—— @)
\/Zi:lw' X \/ g 2!

FSER T A AR, SREIE K MR AUE, AR A 19 2 hRAE (3 MR AR — A hRAE T
R, AAH BT

C.(k)=2 Vs (5)

b, N(t) ZoR 0P b HARRB) t 1 K ABOIAE, C (k) BB artsss y* iz 4.

BA SN2 bR 2T SR A oS R S DI XA, B EATE LC-KNN B AHKH)
PREERLE[26] . AHOME R BT 2 MR T I, AR B B AR IR 5 b S SR (MR 2 AR E L
FRAE AR 2 DU AR, AR E A

i s+P ( H;)
W, = Q i
s*Q + ZizlP(Hb)
Horbt Q WBREIEL P(Hy) W8 | MRS, s TSN

FIF SR I RFAE SR 2 (R B Ge vt A DG, J8 i e KA B M 3R A 2 70 2848, 70 SR 2R I Tl 25 SR

T

., be{01} (6)

WI
y (1) =arg max, . p(Ht')) p(Elc,m‘Ht',) " be{0,1} (7

3. KBEERIH
3.1. THAEIR

DR RAES T, ALY LA ER R T 20 B, PP 2R AR PR RERS, 75
R FREAS JZ 10 1) 5 LA o FEASJZ THTFR) B FH (6 B AT 5 J5E (Precision) , #1715 (Recall), BAJ F1 {E(F1 Score)
[27]. AEEEAIE T WO IERIREA T, SERROMIERIEEG]. B R AEA T SLhrvIEfREA T, Y IER L
fil. FLAE ARG FEANA B2 AR AP35, B TSR i AN A IR 2 [ (Pl DUN 2 24558 5 KP4
(YL EEN NS
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Precision = w (8)
Zi:l]zi |
Recall = w (9)
Zi:]]Yi|
F1 Score = 2x Precision x Recall (10)

Precision + Recall
b, NRBEAKEE, Y, BFEARIMESIRSES, Z AR | AR SEES .
TR BRI RR A, R 43 AT 55 A o I BORS B2 (preecision) . 1A B 2 (recall). i F1 B (f1 score)
SO TEN AR IR . 5 Z AR ST VPN Fa bR T 57 SO A, SbR S O Fa Fr T E &7 =200
T

L TP(i)
precision —m (11)
recall = L(I) (12)
TP(i)+FN(i)
f1score=2 , Precision x recall (13)

precision + recall

Hoeh, TP(I) RS | MESIEEBIR, FP(i) 5 | MR EGIE, PN (i) 2958 | MR IR R
1%
3.2. XWIFITEERS

¥ 139 5] PSH FEAKI 73 PN HAEAZH) 746, B 1/5 FEARBUE IR . BERbeA e VT
AR TT A%, FRE AL 93T WCBR BRI ZRab T5 1R SR BENE AL, HERIZRabT7 1
NHBME. 7 RUEEE R -, Fit B> T 20 IR R IIZREOR, AR 6 Fh e
WEZAEN BbRFRZE, W 5 Pros.

Table 5. Selected rehabilitation trainning and their frequency

5. IEENRENERARRE L IHE

REFIZEAR SR
BT 36
IR A 25 118
P T RE I 25 106
i 391125 99
R AR I 1t 92
LR SRVAZN 35

S 1 FREVEAUHLEE TH SR ik A e K fEL.
£ KNN S b K{E G 2 B340 (1 5 v DL SR S PP K sk, B i AR U5 SR i 1
PERE. MIAFRARUE T EINER R BNE WA SR, MR IEFIEIERIN R R —. EIRE
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Figure 3. Performance of the proposed algorithm with similarity calculation methodsand K values in terms of F1 Score

3. FRMEMETE RS K EEMREET F1LERMEEE

FL{EE, FORBU IO PG . I 3 FT A SRBIE L FT S K T 6 1, BB
WA, FLSCRBAE RO UBAGHE RS, B4 K ST 5, FLIGHR I L BAT B o SR oA
IABEIE BTN, T FL (9 89.89%, VS RAHARLAN 7L Ay DA ) T BT, R0 %
ST AR bR H SR 4

0.91

0.905 0.902 nfEE

u B AR
= F1{&

0.90

0.89

0.88

0.87

0.86 |

0.85

Figure 4. Evaluation metrics forrehabilitation training decision algorithm based on WCBR

B 4. 2T WCBR BREINGRKRELTMIERR

SIS 2. bk WCBR 534 CBR
FHE CBR BT 5 AR AL H ) WCBR %4 IAGRIE, H R 2B EMENRBIEH RS N
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UEASAE S ARZEECA R OBCE RE 5 S my R SEPEBE, (] B/R AR R 7RI L. WCBR AIZEHE CBR 4101
PifERR. p E/ANTEET 0.05 RonZ A G AR L, KA Python (1 SciPy AT 41t 734t -

Table 6. Comparison of decision-making performance in rehabilitation training prescription between two methods

6. MM ERNREINGEAL 5 RRIERERTLE

CBR WCBR

WMARIRG)  BHEE(%)  MFLE%)  MHEEEO) WAEE%) W FL{E(%)
BT 0.881 0.875 0.878 0.745 0.752 0.748
R PR A4 25 A I 5 0.933 0.912 0.922 0.835 0.778 0.805
ST RE ISR 0.925 0.928 0.926 0.779 0.734 0.755
fiif 73945k 0.921 0.902 0.911 0.812 0.790 0.800
HLF AR R 5 0.913 0.881 0.897 0.802 0.783 0.792
SR P AZN 0.889 0.893 0.891 0.723 0.729 0.725

7 6 R 12k CBR A WCBR £ 6 JERER I ZR b A £ [ 5 ok BE ANl FL A AR AT DA
FT AL CBR I FER I ZRab 7 s S B AL T 4E CBR IIRIESE . Al B/R AR R TR SR EE 1S 2
6 KRR UNGRALTT Ipla¥/NT 0.05, LIRS, RMPMITIEZB/AAERZE 2. oh, WRPATLL
B SRR TR MBS I R R N GREAR IR AR 25 I 25 T B Dl RE VI 2R B A R =1 A Ak
B RO E o[RS X T IR B M BR R NGB, tniaahyris, Halii LRI 1R 5 1ok
FERREILF] 85%LL b, BEHIZ SRR TRAMA T IINRE I, B @ RREN, RESMn AT
{1 i

4, gEip

AW EERN PSH BERUENEMRZ NG DT, B2 EE KRS HE SRt 225,
W Fad i B A AR AR PE CDSS Wit SR I, FFA& 73T I 4 HEHE (WCBR) [ 2 Redfl BR 5% . X BIE i
THRIH T HE R AR R SR RGNS T H R, DUBAF S IG R A sk 2 15 il RS
AbTT PR S ] AN A — AN 2 AR A, FEAE WCBR 5] N AEANAUFIFR S INRL, St 45 5 BoR AHIF 9%
PR INEMR T4 4 CBR R B AR TS (K1 B8 o 1% S ANAE JE A2 400K 1 25 i Ak 77 7 P J B 1 3
P, WEEA AR Z S5 N IR, NEE R SR R M s ) e IR %% . B
Gb, ZEPA B GRREE T A (A P R S XS BCAS S I R, O AN AT e R AR 1 2
PR IALLSREEEMENISH . KR TR 5] NFEZ AR, WIBESHSEELZHEEE, BT
R KB D) Re AT BB T TR A R R IR T %R

e HE

BRI E S E SR R H (2018YFC2002601), 2018-12~2023-11
VR FR: B BeAC AR T B8 B ST VP A 5 % L P DG AR 9
FrigTiH « R N5 R BEA R e 2 A0 RS Al B 4 FLP A S IE RO iR R0 5 S AR T .
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