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Abstract

Index tracking is a popular passive portfolio management strategy that replicates or tracks the
performance of a particular index. With the rapid development and continuous maturity of the
Chinese stock market, various systems are becoming standardised and perfected; coupled with the
continuous development of computer technology and the gradual enrichment of stock indices, the
role of stock indices for investment has become more important and many investors have started
to make stock selection based on certain indices. This paper takes the China 120 Index and its
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constituent stocks as the research object, uses R software as the calculation tool, uses stepwise
regression model, Lasso, ridge regression, two-step estimation method through the Cp criterion,

CV criterion and other methods to obtain two sample stock spaces, and finally carries out empiri-
cal analysis of the model on these two sample stock spaces. Numerical experiments show that the
Lasso-based stock index tracking model has the advantages of better tracking error and interpre-
tability.
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2.2. Lasso

Lasso s& FH 1996 4F Robert Tibshirani B /X$2H, 4K Least absolute shrinkage and selection operator.
SIS MR IS R IE — AN T RS B N BONRS BRI, RS R L R E, [
I E — 2 REONE . BUILRE 7RG R, 2 — P B 5 L R A W fh 1. Lasso
() A% AR AE B H R B A0 B 2 FNT — AN B AR KA, AR ZE T Flse /b, AT REE ™=
A FLEG RS SE T 0 R R AL, BRI DRI, HECERE AR
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Tibshirani 7& 2005 “-42&H T Fused Lasso /¥, XAMETH7 V02 T B8 R0 DL REE o kg tE, A8
1HAR T A B A BT o
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X RIS ST 2 AR Lk, XTX MATFIREEE T 0, 1) XX #
ETA S, LR ATERE I, B, WH(XTX) RS SR, SRR TR E
B e 5 A A

9T RV R, A B R R L A R AT LSk o e b — A TE AL
NESH
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s MFEEUE A B Bl 8 T E AT ARG SL, R T T S bR TR B A, 2% 2012 4F 10 A 31 HIY
Wi fh, e 120 FEoidE i 61,660 /s AR, “FRTHAEN 514 4270, #AT IRy, (HHR%tLE
BRI SR (RIRAT . RIS =), (S ECN 48%; HLUONRENE, (5 15%.

Table 1. China 120 index data presentation
F 1. P 120 SREER S BLAE

Time X1 X2 X3 X4 X5 e X120 Y
22/04/11 16.05 20.74 55.36 180.10 31.78 170.50 5815.483
22/04/12 15.92 20.17 57.44 193.00 32.46 171.05 5921.478
22/04/13 15.80 20.5 56.57 192.70 31.96 169.08 5919.987
22/04/14 16.04 21.00 58.72 209.53 32.49 172.43 5987.719
22/04/15 16.42 21.3 58.65 208.50 32.38 173.90 5984.630
22/04/18 15.90 20.53 57.57 206.10 32.00 182.71 5944.459
22/04/19 15.81 20.66 57.30 202.95 31.55 164.44 5840.193
22/04/20 15.85 19.35 57.56 202.91 3173 U 159.70 5789.341
22/04/21 15.81 19.30 56.03 199.39 31.18 155.33 5695.934
22/04/22 16.06 19.81 56.97 201.40 31.97 149.00 5730.146
22/04/25 14.85 18.83 55.07 192.70 30.71 138.21 5508.757
23/04/04 12.65 15.15 54.63 259.23 37.03 95.580 5792.286
23/04/06 12.58 15.04 54.02 250.04 36.75 101.10 5784.381
23/04/07 12.62 15.82 54.68 249.00 37.29 103.52 5803.372
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. OMRAEERAT. REER. PEEE. PESE ZPEE. GREAT. REA M. PEF R KEeNT
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3.2. FITWERID
A 120 NAEE, fFH 23 1E NGRS, 13 ENMERE, Wk 2.

Table 2. Data set segmentation

2. BUREXS
VGRS xS Mg
(X ’Y )243><121 (X ’Y )162x121 ( X 'Y )81><121

LR R HIWE BR B T 10T 1% . IBER M Z (RIS N TD, ) fiiB Erdl & i HU L 54 4% 120
TRE IS 2 T 22, — R AR 2 i 5

D, =Y, -, (11)
ASCHIWHEERRE S I BARFIA IR FRZEF TR, PR A, BREARIEZE
BAEFIH: S2=3 (- 9,) (12)
ST RMS = nS_Ep (13)
s (error—error)2
WRZEEFRUEZE: SD=4|— L (14)

n-1
Horr, 9 RIBEERAA R HEEA, y, e 120 500 HU S .
4, IBEHEER
4.1. EFZME3

i R R step(), B AIC 5 EEVHEN, BUANFRVE, WEITHZREITIG, B2 ik i
1 AIC {5 R EIAFIEMAZ BRI HK. B, BALELZELREIE, [R5 R B8R 45 MR, X
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Figure 1. Fitted residuals, predicted residuals, index predictions, index tracking charts
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Figure 2. Diagram of the coefficients for each group of variables
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Figure 3. Fitted residuals, predicted residuals, index predictions, index tracking charts
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Figure 6. Cross-validation plot (Top), ridge regression coefficient plot (Bottom)
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7. BAARE. TUNRE. IRHTUN. IRBIRERE
Table 3. Comparison of the effectiveness of different methods of index tracking under the C_ guidelines
3. C,EMTARE G EMNIEEBIBIRBUIRII L
‘ \ YIgkse Wik 4
JriE(C, W)
SSE RMS SD SSE RMS SD
B ENEH(75 MR &) 5386.56 71.82 6.3220 1,689,352 22524.70 72.9586
Lasso (89 M5 ) 12506.73 140.53 6.0550 1,771,612 19905.75 26.0402
U [ 146418.91 2033.60 22.7600 2,376,360 20803.24 27.5321
Lasso + olse 10888.67 145.18 6.5800 2,715,301 36204.01 25.7395
Lasso + U [=])9 16734.67 223.28 6.7650 1,963,476 26179.68 22.5828
Lasso + LIU (olse) 15244.06 203.22 7.7840 1,692,975 22572.92 19.9017
Table 4. Comparison of the effectiveness of different methods of index tracking under the CV guidelines
= 4. CV N T AR A AR BUB ERUIR X EE
o YIZsE sE
JE(CV HEN)
SSE RMS SD SSE RMS SD
%5 A (75 M ) 5386.56 71.82 6.3221 1,689,352 22524.70 72.9586
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fEH

Continued
Lasso (72 ME &) 11828.93 164.29 8.5716 1,086,600 15091.68 21,5125
I EVE 146418.91 2033.60 22.7568 2,376,360 19803.24 245321
Lasso + olse 9447.08 78.73 6.4847 1,433,214 19905.75 26.0402
Lasso + U&[A])5 100158.56 1391.09 6.5728 1,368,249 19003.47 25.6692
Lasso + LIU (olse) 8125.61 112.86 7.7642 868523.8 12062.85 20.4668

FEC, MEM, Lasso PR 1 89 NMEE (M), ZLRIALRE 756 Mk, HAENBEE I Lasso f5%
2V I TR E T A (RMS) AN 72 bR 72 (SD) = A Fi AR 13828 [ JA A [|] )5 ;. 7E Lasso A2 & ik
FONET, dt—Bis LU Al EET RE, 45 BT R AN TR .

HALE T C #EN, CV #EMIFY Lasso RREE 1 72 Mg, ZLRIALRKE 75 MR, SMHIRCR Y
LR C HEN; 4E CV HENT , Lasso Mk4E b KI5 2215 Al P15k 22 1 5 Al (RMS) Ak Z2 i ifE 22 (SD)
AR TR R ANE 1A DA T, LIU A TSN R 2 BT Y

5. &g

B [E A SMIESR T O RRAL, JBERFRIIEBRAL, 588 MR B R ot B S s, MR
TREUH I &4 BN R IR IE S M R OB B & 0 T 4R Bl AT I8 B . BRIt ASCRT T R4 R BoB 5 75 7%
XoF [ A A B AR T3 R B o BB RGBS R SO SERR i 3, R R F SR L 2 5.

AR N AN CV HEIGE BRI M B ER L & IRE A, JF Hor a1 48508
ERIE L AR . Lasso. W& [ LA K 99 A2 (el A R

ARIAFRN) FE LR

1) fEC, #EMIN, Lasso fRFH 1 89 NMAZE (M), B MIALRE 75 M. HAANE LKKZE
SETTR PR ZE T J7 FI(RMS) FIBR ZE FRifE 22 (SD) =i b5 Lasso #8118 2 B JH A [ )5 ; £ Lasso 4%
BIEFIET, BEPE M LU AT A, 45 2B AN ACR -

2) f£ CV HENIF, Lasso RERE 1 72 MR, BB EIHRE 75 MR SRR B B4 T
W 7E CV #ENR, Lasso WliAE BB ZEF IR, ~F 5% 22 7 FI(RMS) L ZE b 22 (SD) = FehFa bR #
PFIZA EAFIUE [ PB b, LIU b S B AR th R B 1 o
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