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Abstract: Objective This study explores algorithm performance, estimation accuracy, and efficiency of different partial
correlation coefficient estimation methods under high-dimensional non-sparse conditions. Methods Existing research on
Pcor estimation methods primarily focuses on the existence of partial correlation relationships in high-dimensional data
under sparse assumptions. However, research on algorithm efficiency and estimation accuracy of Pcor estimation methods
under non-sparse conditions is relatively lacking. This study first comprehensively considered partial correlation coefficient
estimation methods applicable to non-sparse conditions and employed regularization methods to handle corresponding high-

dimensional regression models. Further exploration was conducted to investigate the estimation methods’ performance and
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efficiency regarding partial correlation coefficients. To verify the estimation performance of different algorithms, extensive
numerical simulation experiments were conducted, and real data from the stock market were analyzed. Results Under
high-dimensional non-sparse conditions, both unbiased adaptive LASSO and asymptotically unbiased MCP performed
excellently in estimating partial correlation coefficients. Conclusion Under high-dimensional non-sparse conditions,
partial correlation coefficient estimation methods exhibit similar characteristics to those under high-dimensional sparse
conditions: accurate estimation when Pcor is negative and some bias when Pcor is positive. In terms of regularization
method selection, the comprehensive performance of unbiased adaptive LASSO and asymptotically unbiased MCP methods
is superior to the corresponding biased LASSO methods. Specifically, under small sample sizes, the performance of the
adaptive LASSO - RES algorithm is superior, while under large sample sizes, MCP + REG2 performs better, with REG2
being most effective when Pcor is positive. It is worth noting that controlling variables is more challenging and impactful
under non-sparse conditions while controlling variables are effectively controlled under sparse conditions. Therefore, as
non-sparse conditions approach sparse conditions, algorithmic errors decrease, and efficiency increases. Under appropriate
non-sparse conditions, unbiased adaptive LASSO - RES and asymptotically unbiased MCP - REG2 algorithm perform
well, exhibiting good robustness and stability. Under stronger non-sparse conditions, the adaptive LASSO + RF algorithm
performs the best.

Keywords: partia correlation coefficient; high-dimensional data; non-sparse conditions; regularization methods; LASSO;

adaptive LASSO; MCP
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150 600 1.47 1.41 2.49 0.79 1.70 5.81 1.04 0.74 3.78 3.00 2.55 2.04 2.19 3.98 1.79 1.86
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Table 5 Average deviations between the estimated values of Pcor and the true values of Pcor in Situation 2
x10°
0=0.3 6= 0.6
TR £ LASSO ALASSO MCP LASSO ALASSO mcp
RES REG2 RF RES REG2 RF RES REG2 RES REG2 RF RES REG2 RF RES REG2
-0.9 L5 106 36 L7 60 256 28 26 08 1.6 145 -1L5 08 17.5 40 14
-0.6 -51 83 -27 -21 1.1 268 -39 03 -11.4 64 1.1 -109 -3.5 132 -6.4 -3.2
3 -0.3 -10.5 3.2 -95 -57 9.9 185 -1L.5 -53 -20.9 -1.0 -82 -187 -6.3 6.8 -18.3 -10.7
(n,p) = 0 -17.3 -9.8 -187 -142 -49 -2.7 -17.4 -12.4 -34.8 -15.9 -28.1 -31.2 -189 -10.0 -33.5 -25.3
(50,200) 0.3 -24.3 -23.2 -26.4 -21.6 -22.9 -23.8 -25.1 -24.1 -47.0 -31.3 -42.7 -42.1 -32.0 -28.8 -45.2 -35.4
0.6 -30.5 -31.1 -33.9 -30.2 -37.8 -43.9 -32.2 -31.9 -60.2 —44.8 -58.9 -54.6 -45.4 -47.5 -58.0 -48.5
(09 -39.6 ~47.1 ~44.3 380 ~4R9 ~H. 1 “4l.2 ~426 764 6.6 ~79.3 "67.7 626 “61.7 "729 "64.4
-0.9 -0.4 28 20 09 25 196 -02 03 -09 26 63 -1L3 -09 99 -1.0 -0.7
-06 -5.0 1.8 -26 -1.0 41 211 -41 -1L7 -7.8 -0.8 01 -7.0 -55 87 =63 -44
3 -0.3 -87 -1.3 -62 -44 -0.1 107 -6.8 -38 -146 -7.4 -57 -13.0 -11.3 0.7 -12.3 -10.5
(n,p) = 0 -126 -6.8 -11.1 -8.0 -7.5 -2.1 -10.3 -8.1 -21.9 -16.8 -13.8 -19.3 -18.0 -8.9 -18.7 -17.2
(300,1200) S -

0.3 -16.6 -13.6 -15.7 -12.2 -16.5 -18.0 -13.5 -11.7 -29.2 -26.5 -21.7 -25.5 -25.3 -20.5 -24.3 -23.5

0.6 -20.6 -19.1 -20.1 -16.1 -22.7 -30.6 -16.9 -15.7 -36.0 -35.0 -29.5 -31.8 -31.8 -31.4 -30.4 -30.0

0.9 -25.0 -21.3 -26.0 -19.6 -24.1

-38.4 -20.6

-19.0 -43.9 -41.4 -37.5 -38.5 -38.4 -42.0 -36.6 -36.6

TERGER AN, P20 A2 B 64 40 R0 e n] LA 2]
R PR A R i SO T AR R B AR 4 A
M2 AR AR S8 a F1 b P9 S5 o F1 0
el o WS EOUN WARRG ks, st T
Mg A, PN SRR AR g R ik, s o] A2
MM 2% . 2345 8 BRI AE P AN I TR AN [ 3 1Y
S8 o M6 THBINRERI(FK6) , il MR LN
M P AL O BURRR B2 AT 23 BT B30 ) B8 P R A AR
TEVE, WL Bk iR EX S HEE S8
A3 R (RIVARR B BE 3 5 ) MR, S ARRR i AR %]

2 (0,0<0.6) , WIHEMBTRE R nI 4t ¥ iR 22 il e
—MNE/NWFE RN, BREAC R, 3575122 1Y ol
I, HERIHD, JofR ALASSO - RES Fii#E JC 0w 9 MCP -
REG2 F kiR 2 bl iy, RiEdericls, MIEfim
AR K (0,0=0.9), BEHER G ERET, B2
BT — R, B REA B R TR Y O iR
ZEHIER/NEEIN, R R R 2, (B
fEVE RS2 ALASSO - RF AL 7e s AR i 20 F 3
PRECGT, B AR A ol A 5 25 8 T v Bk RieR
BTSN

x6 BR1FEE2ERERATSHE o 0T Peor HitENMAIRENE
Table 6 Mean square errors of the Pcor estimates under different tuning parameters o~ and @ in Situations 1 and 2
x10°
1 LASSO ALASSO MCP B2 LASSO ALASSO MCP

n o RES REG2 RF RES REG2 RF RES REG2 6 RES REG2 RF RES REG2 RF RES REG2
50 0.1 1.34 4.8 241 173 569 127 1.47 213 01 143 543 260 1.8 627 137 L6l 227
150 01 04 169 05 071 351 929 043 064 0.1 054 178 071 08 3.7 970 054 0.79
3000 01 024 057 027 042 247 7.30 024 032 01 031 074 032 051 263 760 031 041
50 0.3 39 7.26 550 3.5 77 149 418 478 03 7.29 10.4 9.13 6.68 10.8 169 7.73 8.04
150 03 168 211 293 103 29 921 129 093 03 457 422 615 3.0 514 1.1 411 297
300 03 068 078 0.8 040 1.57 651 031 031 03 271 223 29 163 324 812 18 149
50 0.6 145 104 149 9.2 84 132 1.1 764 06 252 167 258 19.6 14.5 17.2 232 17.1
150 0.6 4.8 44 311 23 32 665 205 220 06 135 10.3 9.8 9.5 9.79 10.6 9.40 8.71
300 06 214 20 1.12 09 1.35 353 08 08 06 822 731 54 58 636 68 563 539
50 0.9 513 29.8 40.1 486 329 239 46.7 37.8 0.9 40.8 239 30.8 364 258 20.8 333 27.1
150 09 259 184 143 282 224 139 161 147 09 232 182 151 220 194 13.5 17.4 159
300 09 134 1.4 6.8 162 132 7.26 600 575 09 146 137 88& 150 13.6 9.14 10.0 9.65

4 PSRN

AT RS AE S BT oA 25 AU R PR
200 HUBCEE, BR9E AR 4R p =200, I8 M 5 W 28
FECT 2019 AR AR H R CEMY, IR T RCRCHE N

RA G IR RN n=160, K, REVEIAYREA 1A
PR AL S AE WG L 2 p>n MRS, TERT BT 200 H
AR BER T BRI Z A T — IR Peor, BT
PAHAR 198 RIS PR i, TR EIEA 1 Peor £
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%40 %

THERE , Peor AR Bm 1T HBEEE 2 [A) 72 bR
AR EER2 0 J5 N IR R | I T G- s e iy 7 L%
SR B IFERR A IR R D T A

K1 iR T #i ] ALASSO - RES,ALASSO - RF il
MCP - REG2 J7E:flii 14 200 B FA2 ITREL() Peor {11
FERE, AR LR 1T i 38 n] A RO B I B 22 ) 45
SRAIRARDC I Z , AEXT 5 55 (4 A A S U0 P BEAE7E M
7%, ALASSO - RES H1 MCP - REG2 X} 55 f AH DR 5115%
RS, Ho | ALASSO - RES fliHii[e T Peor /N2,
1 MCP - REG2 flii i) F Peor KFZE,
1.0
0.8
0.6
r 04

(a) ALASSO - RES

(b) ALASSO - RF

1.0
0.8
0.6
0.4
0.2

(c) MCP - REG2
1 H ALASSO - RES,ALASSO - RF 1 MCP - REG2
FiExf 200 K BT R Peor fliit 5 R
Fig.1 Pcor matrix estimated by ALASSO - RES, ALASSO - RF
and MCP - REG2 methods on 200 SSE stocks

Sk T R G ok T S 50N I B SR ) 22 [ ) A 56
PR, 7 s T 100 2 EAZRT S ALASSO - RES J7i:
FIeAti 1 Peor Al H e KHT 20 41 K XoF 1o e 552 1) i
SRS AR AAPTEATL, AEFTE R R B, R
AOE R B S R R E K Z )R TR —11lk, Bt
A, B Peor Al A R REZE A /A W 22 8] i A SE &
SAEH AR N E DGR, W E A (600150, SH) J&
HEEE T.(601989. SH) T A2 ], SMAINF , 7241 B
T AR 5, & Peor Al THEA TR T W H ik
SRR BEVIAH G I AEAH G

N T BYAS TR B A BT BE T 8 R 3 AN [R) 87
I FR . MRIEN L 735 T RES F1 REG2 BYfhTHE
I, ABUE 8 KT RF B9k, X 1E AL ik iy
Pcor fliT1{E , ALASSO 77 &L F MCP 5k, MCP J7ik
T LASSO J7#:; ALASSO - RES #1 MCP - REG2 %
PRAKAR By, o AS ) JBE 25 22 1) 56 2R 58 55 A Al AR ]
FRLL, MOULEE I 5L 22 ) N FE R R B, AT LR A R
ALASSO - RES HI MCP - REG2 Wi ff #4154 Peor i 1H
DAARAS T 28 U] 6 R AR

R7 200 R EZETREER ALASSO - RES 77 H9HT 20 48 Peor fAiHER X MR FE NG 28 &R BT
Table 7 Top 20 sets of Pcor estimates using the ALASSO - RES method on 200 SSE stocks with

corresponding stock symbols, company names and industries

BE 1 BE2 ALASSO MCP LASSO
e 8] ik R 28] A7k RES REG2  RF RES REG2 RES REG2 RF
601288 R AL4RAT ARk 601988 E4RAT ARk 0.815 0.800 0.518 0.276 0.273 0.333 0.322 0.295
600569 4 [B4REk A+ 600808 LARM& At 0.801 0.792 0.392 0.612 0.696 0.081 0.050 0.028
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ZiR(EKT)
BZ 1 K% 2 ALASSO MCP LASSO

KA AF] A7k KA F] A7k RES REG2 RF  RES REG2 RES REG2 RF
600150 ¥ EASAA Tk 601989 +EEL Tk 0.731 0.718 0.359 0.651 0.663 0.707 0.706 0.643
600115 RAAE I 601111+ EEA Tk 0.696 0.713 0.411 0.378 0.363 0.421 0.420 0.170
601169 AL T4RAT AR 601328  ZLiEARAT Ak 0.600 0.691 0.268 0.364 0.364 0.299 0.289 0.201
600231 X ARMEAY At 601328 SLB4RAT Bk 0.683 0.676 0.348 0.097 0.097 0.135 0.132 0.104
601390 " B 4k I 601857 FE B IR 0.669 0.649 0.406 0.191 0.396 0.178 0.171 0.167
600016 K A4RAT o 601998  F154RAT Bk 0.664 0.689 0.355 0.138 0.195 0.238 0.229 0.169
600036 13 T4RAT Ak 601166 3% L4RAT Ak 0.662 0.618 0.326 0.157 0.258 0.412 0.407 0.323
601008 & =% Tk 601018  Tikk i 0.659 0.628 0.411 0.407 0.500 0.459 0.455 0.318
600999 4BFIEH Ak 601788 EKIEHK Ak 0.656 0.620 0.279 0.215 0.226 0.175 0.170 0.015
601398 TLR4RAT Ak 601939  HZ4RAT Ak 0.646 0.634 0.330 0.242 0.252 0.430 0.42 0.442
600502 wHAKA  ARFELE 600730 FPESH ELFERSE 0641 0.614 0.379 0.361 0.362 0.233 0.231 0.142
600101 HAEWwAH  AAFEL 600505 HFEH AAFL 0640 0.631 0.641 0475 0.542 0.619 0.615 0.468
600343 ALK B A Ik 600855 ALK Kk ik 0.640 0.592 0.362 0274 0.271 0.129 0.129 0.008
600808 Iy ARMEAY A 601328  SiBARAT Ak 0.636 0.624 0.340 0.156 0.153 0.079 0.070 0.067
601288 R AL4RAT Ak 601328  FiBARAT Ak 0.630 0.644 0.42 0.157 0.165 0.074 0.064 0.002
600495 &5 & 4y i 600581 A—4R%k A 0.615 0.573 0.223 0.143 0.144 0.18 0.19 0.183
600004 & =4 ik 600894 SRR FeEin 0.601 0.627 0.377 0.447 0.472 0.406 0.394 0.318
600088 PALERE FELFHH e 600536 TEMKM  FFEHAK 0600 0592 0372 0.398 0.402 0.277 0270 0.172

5 it

(ErnAEAERR B A T, A ST 3 2% 1 I AH 56 2R 8K
fETTEIERIBZE T . 24 Peor R HER, AR
WERG s 24 Peor MIE{EIT, AT YA A — 72 09 i
# . JofR AIENL LASSO F1 it ol MCP 1E W £k 14 25
BRI AL T AR A s LASSO Tk, FEmi i,
ALASSO - RES (/NHEAEAL), ALASSO - REG2 #il
MCP - REG2( KEEARAR ) BB IEROR AR AF . Hor,
H T REG2 J7 L AE U A1 3 v 5 760 I b 4k 380 4 ) A% 1
ZTEX MY R H T, REG2 J5iATE Peor BUE(H
BRI AT . T AERR B A5 1F T 42 48 6 1 T4 R
M) m] AFS A R, PRI 2 R 7 B 2R BRI IR B
N1 B | s L S T s s N L G = L = RPN )
Gy S =T i < S o N vl
ALASSO - RES FI#i g ol MCP - REG2 S kR I K
I, WA SRR EM:, i ALASSO - RF 5
IRAER ARG B S T R AT

ARSI 2 R A U SKCIE A B R B Y IR
PR A, XA () A5 A 0 4% 14 D AF G 2 B0Ah 13k
HRIM A Pr AR, KI5 2 nl IR 58 38 ) 1z 3R 76
B AR NSRRI, SRS R AR B AR T
A Re AL T 7 B U S5 A . R AR SC R T
JE S g A S 2R RO T 1) T, S B o i A G 2R 8K

TEMRL A B RL 2 A5 GUEOF AN DL 5 22 0] LU 8
R I L85 9 I8 3] 552 B 107 FH 450 3 ) A A 155 00, AT
IR 2 2 U R B B AR DG R BT
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