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Abstract

High-dimensional factor models play a crucial role in dimensionality reduction of large datasets
with ultra-high dimensions. Currently, there are two principal component methods for estimating
high-dimensional factor models: Principal Component Estimation (PCE) based on covariance and
Lagged Principal Component Estimation (LPCE) based on lagged autocovariance. This paper uti-
lizes high-dimensional factor modeling of S & P 500 company stock data as a case study to com-
pare the practical performance of PCE and LPCE in dimensionality reduction of high-dimensional
stock data, where the number of factors is determined through the information criterion method
and eigenvalue ratio method. Results indicate that in high-dimensional non-stationary sequence
factor models, both the root mean square error and prediction error of PCE are smaller than LPCE.
Additionally, factors obtained from PCE are more effective in capturing the characteristics of
high-dimensional non-stationary sequence changes compared to LPCE. In high-dimensional sta-
tionary sequence factor models, the estimation errors of PCE and LPCE are identical, and both es-
timation methods can effectively capture the changing characteristics of high-dimensional statio-
nary sequences. Furthermore, when determining the number of factors, the information criterion
tends to overestimate the number of factors, indicating severe overfitting. The eigenvalue ratio
method provides relatively more accurate and stable estimation results, with PCE tending to dis-
card relatively weaker principal components, while LPCE tends to treat weaker principal compo-
nents as factors.
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Table 1. Mean of ADF test statistic for data series of 480 stocks of S & P 500 index
5= 1. S & P 500 #6541 480 R EHIEF5 ADF RIS it =E

T 34 TR I AR 0 =R 7 3 TR A B 00
BB v 0.6534 (>0.1) —2.8527 (>0.05) —2.2000 (>0.1)
MEHWEE 1, —36.1878 (<0.01) —36.8454 (<0.01) —36.8394 (<0.01)

3.2. BFANEE

% 2 45T PCE {11 LPCE it 43 Sl FF A3 o v TRV FE AR AR A T o DR AN B 45
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Table 2. The estimation of factor number

2. AFMEEITER

BIC CPy ER GR TCR
PCE 15 15 1 1 1
Y LPCE 6 15 1 2 2
PCE 5 15 2 2 2
i LPCE 3 4 1 3 3

Table 3. Principal components correspond to the top 5 eigenvalues

3. ARSI EIET 5 REFEE

M1 M2 M3 Hy Hs
PCE 19.91 0.07 0.03 0.01 0.01
" LPCE 3328.30 243,59 30.75 29.50 12.75
PCE 111 %10 7.03x10° 1.69 x 10° 1.61x10° 152 x10°
& LPCE 476 x10°° 1.61x10° 5.81x10°° 2.25x10° 1.68x10°°

XA ERT v, (5 SAEN BIC FIl CPy i T45 Hi 15 ANFET, KR AR ST B 1 K F TN
YOG BAEE 2 7 B S (7N PR FU AN THE I R B R 4F, /£ PCE H ER. GR Al TCR
#AEit 1 AR £ LPCE # ER fhiit 1 AT, GR Ml TCR flitt 2 NMAF, 4547 3, 7£ PCE 531
By, B E R AR E R TR S AN E R, KR TR — M E Y. {E LPCE i,
H— F R I TTRREE AL TR s A AT 58 — F R RS T, HRIRF s m— MEg, v
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Figure 1. Trends in the first factor of log daily closing prices versus the S & P 500 log index
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Figure 2. Trends in the first factor of log daily returns versus the S & P 500 log difference index
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34. HiHRE
ATSCAE FH 35177 AR 5% 22 (RMSE) Al Tl 1% 22 (FE) W5 /™ $8 A L PCE Al LPCE RS A S 11K I . RMSE Al

FE (1€ LW'F,
T 1
RMSE = |—>» [Af, —x|| , FE=—
NTZ‘ t ‘“z JIN

o, W =AY, O R £ REATIGE, RIA §,- f, BT VAR (W)BEIE AT — TG . £
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Table 4. Root mean square error

F 4 BIFRIRE

RMSE r=1 r=2 r=3
PCE 0.3948 0.3948 0.3949
" LPCE 3.3836 3.3835 3.3836
PCE 0.0242 0.0225 0.0225
" LPCE 0.0246 0.0230 0.0230

Table 5. Forecast error
5. TUMiRE

FE r=1 r=2 r=3
PCE 0.5252 0.5253 0.5253
" LPCE 3.4096 3.4096 3.4096
PCE 0.1604 0.1604 0.1604
" LPCE 0.1603 0.1604 0.1604

ALVER], ST PRFSy, , PCE IRILLL LPCE I1RZ, i RAEAY HIRIRZE IR 2 i —»
TR Z, PCE 45 &tk LPCE /N—M &S . X TFAUF 5 r , PCE fl LPCE HIfliiHzZREEIE,
JUFEA XA

HE—4, M RMSE 1 FE 7EAN R BN 1945 R a4 e 7 a0 S 56 TR N0 i 45 2R
HARKE, X v, PCE ) RMSE M FE #RAER TN 1 I /)y, LPCE HRAER MO 2 I B/l X
Fr,, PCE [f) RMSE 1 FE #R4E K -FA$h 2 1 52/, LPCE #R7E K FANECh 3 1 /o

4. #hig
GEO A STE AT MG R, W T 4N TR, AL R 4.
AT 912 7 A AP R 1] 4, P B AR (5 L1 PCE HAT BER A 1 B L T F A5 L1

LPCE %4, IR PCE HIREAI IR 2RI R —5 FlliR 2 45t LPCE N — MR, #—BF, PCE
BRI A LA 5 0SB4 P ST OB T 38, TR R WL 7 SELEI (] 25 _E 586 E, 1T LPCE X
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