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Abstract
In this paper, we first combine the binary particle swarm feature selection algorithm with ridge
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estimation, Lasso estimation and least square estimation to construct three index tracking models
on SSE 50 Index using constituent stocks. The three models have achieved excellent tracking ef-
fects. The exponential tracking model based on binary particle swarm optimization feature selec-
tion algorithm and least squares estimation is the optimal model, whether from the perspective of
tracking effect or investment. Then we use the constituent stocks extracted from the three index
tracking models to calculate the impact ranking on the Shanghai Stock Exchange 50 trend, of which
Kweichow Moutai ranks the highest, Finally, under certain conditions, the simulation and return
analysis of investment behavior are carried out, and it is found that the investment of high-quality
constituent stocks extracted based on the three index tracking models can obtain higher returns
than direct investment in the SSE 50 Index, achieving the purpose of reducing investment costs
and investment risks, and providing scientific and reasonable suggestions for the investment of
the 50 Index.
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Table 1. List of 50 constituent stocks on the Shanghai Stock Exchange
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Figure 1. Analysis flow chart
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Table 2. Testing results of ridge regression model
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Table 3. Evaluation results of ridge regression model
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Figure 2. SSE 50 Index tracking chart of ridge regression model
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Table 4. Testing results of lasso regression model
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Table 5. Evaluation results of lasso regression model
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Figure 3. SSE 50 Index tracking chart of Lasso regression model
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Table 6. Testing results of least squares regression model
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Table 7. Evaluation results of least squares regression model
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Figure 4. SSE 50 Index tracking chart of least squares regression model
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Table 8. The influence coefficient of component stocks in ridge regression model
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Table 9. The influence coefficient of component stocks in lasso regression model
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HARERE Lasso BB R AR T A RE AR, (HRMN ERIEZ T DU LR o)
JBok T EAIE 50 FiaH H SRR BAE B AEBUR,  Han ARG . rh B AR, o B A e R e e O R SR
DB e ati N i EZE ) &S A E S

BET fir/ AR B AR R USR5 R IO M R AN 4 10 Pk

Table 10. The influence coefficient of component stocks in least squares regression model

@ 10. R/ ZREIVIRBBIRL ST BRI FR H

2R A B H4 AR A B H4
H"MFEE 100.00 1 IEWAVELSA 0.97 18
FIR B A 50.71 2 =—HET 0.96 19
E 12.88 3 PEE 0.85 20

J A 7.19 4 IR 0.64 21
2 R 6.85 5 POl AT 0.62 22
R IR 4.84 6 BRIy 0.61 23
AR RAT 4.47 7 R 0.61 24
i Hi 5 24 4.32 8 o R AR 0.56 25
o [ - %2 3.72 9 £ S 0.38 26
RS 3.55 10 AP 0.36 27
KR4 2.31 11 TRAIK F 0.36 28
Retne 2.05 12 KITH S 0.35 29
HREEY 2.00 13 SMESkE Ty 0.27 30
A 1.69 14 ZURAEIR 0.26 31
o [ A 1.35 15 THE A 0.24 32
ALREN T 1.34 16 FHL e Jif 0.00 33
Jitefp g 1.13 17

FARAE R fie/ s e AR R (L A DL 5Bk 1 AN S35 IOAS B, (ER M 3R R W DL IS 2 Al
S IR T EAIE 50 FE 8 H WAL KE A S RUR, PN R R . P E A =k eV o R X LA
SRR R ORI /TR FE T B R R K

M = AR TR 2 Sy BRI R B R, B MR S RIS R A 27, HA 1
FEIF] RUAUE B F 6 BRI R e = MR R R # R R i
5.6. BT ARM R W o4

8 IR Py M A B AR R BRI 1 DL O iR IS BU R, AR SOREAE SRRt B AT H%
AT BAANC T 73, CLAIWT L3 s 2 B D02 B o e 15 BE 6 2k B A SCAR LT FE 1K) H Do

FERGAT AT, A DR R A OB R ATEN, ERIKZATEAN. 2T EEAAR
CEZVUE 5 Ao EAIE 50 $8 80l LE BRI = A X TR BEAT B BT L.
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Figure 5. Investment interval
5. RFEX[E

5 bR T[51, 124]. [213, 256]. [337, 396] =X [A], [51, 124]IX [A]F&~HFA< 51 (Ff [A] 2021/8/23)
FIFEA 124 (W 1H] 2021/12/10)iX Bia [, X =ANMX AR 2 Lk 50 F8 208 Bk J5 s S it — AN X TA] . AR5
W LUK =AN XA, B BB AR s oy i SR AN B4 % LIk 50 4R EU il R aa X L .

BLEs th = AN HTHE SR A

1) BA 50 J3 AF Bt &

2) AT LALA HH) T 20 SIEAH I 43 BT 52 (75 G I A% 8 < 0 2 T 5 ) SR B3k AT 70 T, B AN 2
U S A K47 30 ) i S

3) WA b, EBREIHEL AT K (K =5, 10, 15, 20) PUA I i 1 ae o IREREAT 0

FEVL B =ANATHE SRR T 45 DL R P R

1) B&rAL: DA A BRI RECH L E AN BC 50 534 NS H R I B B4 LA 50 TR & AF
N EAIE 50 Bt B 4

2) EN S RS ORI 50 [ B 4k DA IR 3 AN IX IR 1) AR s Z (1 TIE 50 H USRI Ak T4 i)
# B BN 15 2 &S - AN _EAIE 50 B SEA 440

3) SZHh: K2R =D BRI Lo AN _EAIE 50 IR AR LA ik 3 AN DX A A R Z1)(_EAiE 50 H iaAn
AbF TR & 3 B WA 15 20 %A B oAk 50 YR .

4) K45 By B PITAHUST 2 SROFIAS 25 B B 70 J PITARHUAC 2t I ok 25 S AR 5 % B 4 50 3459 B e &4 Ui o
5B BUE 50 e S IR e AT LU

g BRI JE 1R B =AM T R B A Rk 11 fR:

Table 11. Income statement

11 WER
Bt s HER AT 5 o I
BEIX[A] & Lasso []1 B/ 3R[E) 1 LE 50
[51, 124] 127496.5 141956.4 134331.8 45705.0
[213, 256] 96456.8 77136.2 106893.1 70377.8
[337, 396] 186918.6 189689.2 183353.8 118296.8
SN 410871.9 408781.7 424578.7 234379.6
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Continued
PR R HE AT 10 By B
Bt X [ g myE Lasso [#]17 /N 3R [E 1 i 50
[51, 124] 116398.5 132413.1 123531.3 45705.0
[213, 256] 107626.6 88726.1 102522.1 70377.8
[337, 396] 175222.4 179110.8 179649.4 118296.8
SN 399247.5 400250.0 405702.8 234379.6
B HER A 15 o i
BEIX[A] el Lasso [7]1 B/ 3R[E) 1 LE 50
[51, 124] 111743.8 126832.6 122099 45705.0
[213, 256] 110249.8 91578.5 106547.4 70377.8
[337, 396] 170196.1 174253.6 173091 118296.8
SN 392189.7 392664.7 401737.3 234379.6
B HER AT 20 B i
BEIX[A] & Lasso []1 B/ 3R[E) 1 LE 50
[51, 124] 110338.2 125236.9 119023.5 45705.0
[213, 256] 110980.7 91160.1 107373.4 70377.8
[337, 396] 167508.8 172884.6 170886 118296.8
SN 388827.7 389281.6 397282.9 234379.6

s AR I Bl o KB (I A M B A K)

M 11 AT RS A0 T 4518

1) B EI R AR, = MEBOB L P iU S 44 B0 5. 10, 15 A1 20 K
G IREAE = A DX TR 4 5545 2 0 i T BB B2 1AIF 50 FR AT RAS (15 AL 2 -

2) FETURIEA. Lasso [l JAANAE /N3 [ml VA Ffr S IR 0 B A 70 BB 5 W S 1R 42 R 5 11 £ 1l 20 i
BIEIRERE IS TN EN

3) LRI ET 5. 10, 15 if/2 20 MR AT RGNS, T/ —F [l HFR HoB ik
TR A5 2 U 2 & = AR B0B BR AR b R s 1

4) P 5,« 10 15 A1 20 AR AT BB, BT =AM R BB BRI BT R B R
LB WA 2 2 W] B 22 00T S L — 5 R i 35

5) BRA SO RAT AN &, 56T fe/h 3R m] A FE H08 ER AR A3 B 1 i ot P38 et B R
Bt i 50 Fa ¥ 314 a5 0 180,000 JT.
6. BESEIWN
6.1. RLE

ARSCHFFE MM T 2021 4F 6 H 10 H % 2023 4F 5 H 31 H LiE 50 F& &0 H s s i H YA 11 0, 4
BT IS A 50 FRECZ AR R, ) ] AR R PR T A% g IO L AIE 50 FRHOE S A Eh
(RIS, SR T & o I AR BB SR I AT R R 4, 0 e AT AL AN 25 43 T UE SE = AN R 0B
BRI B TR DT B R A ) RER EAH RN B8 53R4T b BL R B8 L AIE 50 F %505 i f) i
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Weds, JFHAEBLBS O BRIE ST BAT SR AR R PEAT XU P ] o

B SeEE T R R B AL RS AW Al T Lasso Al TE AR/ IRl VAT SO IR, TRIEH T
PR L, PR 1 55 LAk 50 $a s [l A48 BB ERti R L Lasso [B1)A45 H0B BR AL A B/ —5fe
TR RBOB B . = MRECB R b i/ SR TR HOB B AR I S RE AT . TN BE 77 ARG E P
REFRTT 0, W [BAR BB B IS B8 T TN RE ARG E PR S 2 1, (H = MR ROB B L)
R 7 ARH LTS TR EBOBERRE ST -

SR T = A Al ARSI i SR B B IR PR S i 2R i B 1 % S R IBER T _BAIE 50 FR BB R
Wi FREAT 1S HEAS , =2 IR AR R TR B R i B2, (B MR kA, =2 el A A 7Y
I B A T, HEA s AR SR M 6

e JE A = AL o3 B e i HE 2 AT 1 BB AT ORI i TR T oL, = MRECB AR A B
BRI 5 18 73 IR AT R, RERE AEAR RSN B8 < 1 3RAS L LB SR MO m (il i AHIRIIE BT R E T
R BB AT 8, HOIRAG R s — BRI S0 AIC,  (HR AR . Heheig g
MIBERRSCR Ky R R BRI A BE R, S DR P IRRAR R £ A S & b 3Rl Th TS 21 10 4
HOB BRI A AR

6.2. N

1) ATRAE R R — 3R (nl 4R BoB B A i SR O B SR AT 5058, ORI BT 55, T R A4
etk fie e [FRE R DAJE T = MR BB A Y AT 40 S 1B .

2) dEREERTEOL T, W] AR S AT DB LR AL A I HEAT BB A (4 1 2 R B i U

3) IBRAEMITE, W LAk E 2 (0BT 3 AT 15058 DA R AR AU 1k

4) ASCEER TR IR 50 8B B S LM%, A2 ] SE R S AR SR R AEAROR
— B IR) 1 AIF 50 FRECH — @ 1 Lk, G A A ST TR AR A3 1 T R A 2 B TR Al A

5) AWFIT B AE BT o B 5 _EAIE 50 FE A 18] 1 9% A UL AR BRI Ry e, D9k F Ik 50 454
BORAR AR BEAT AT S (07 AN G o IFAE AR A fa] 5K 2 Al o T DASRAS UM W2t , B2 2427
SIRHRFIR BL AR KA I AT 5 (5 2T A4 R KA st k..
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