R R4 (A SRR 538 5 T
- 978 - ACTA UNIVERSITATIS MEDICINALIS NANJING (Natural Science ) 20184F7 H

TR R 2 B S L SR R L AR M )T

RAERT R, R&E TR R
P ERIRE NI TR 2B A G2 R AR R B T AT 00 % V008 WAt 211166

[ E] BRI E R ELEEEE T N (random forest, RF) A4 T 77k o 77 3% « 38 5 45480 S 06 AN 52 4911 4
P B % Bl BEALRRAR A AT I A0 AR B M e KA A S T SCER AR R A 7% 22 4 TE YR 8 IR 2R A &5 SR b A7 e e, LA TR
T P BT I OO TP . BE SR BBLSE GRS 0T AR AR Yy R R 2 R R A TR AR AN ] W i
T AR R 25 11 )7 IR R AR IE TR AU 5 S B AScH e o3BT 45 58 i B 4l HLAR AR 3BT 153754686 1 152322660 431l HEAE
S —FNEE A N R AR S 1s3754686 HET AR AER /N, BT AR 22 T I IE TSN RIS X P B R 22 A5
(SNPs) PHET RN AR, AT TRRUBEG (LCT) LR 5 B 5 Z [0 0 B AROCHE . 858 : BEWLARM AT 75 2228 TR 24 TR R I,
FEF T LA 5% 25 BB AU B TR 22 R 2 36 T s 45 1 A8 ke

[EER]  BEPLRM IRI N Z 5825 A2

[RESZES] 0212 [xoktRRRD] A [XEHS] 1007-4368(2018)07-978-05
doi: 10.7655/NYDXBNS20180720

A random forest analysis of high-dimensional data with the confounding effects

You Dongfang, Wei Yangyue,Zhang Ruyang, Chen Feng,Zhao Yang

Department of Biostatistics , School of Public Health, Key Laboratory of Biomedical Bigdata, NMU, Nanjing 211166,
China

[Abstract] Objective: This project explored a random forest (RF) analysis of high-dimensional data with the confounding effects.
Methods: We used computer simulations and real data validation to evaluate the performance of 2 methods which can potentially
account for the confounding effects in RF analysis : RF analysis with maximum candidate variables at each split(RFMCV) and RF with
glm-based correction. The distribution of ranks of the causal variable was used to evaluate these approaches. Results: Simulation
experiments suggested that RF with glm-based correction was more effective than the REMCV to correct the confounding effects. The
real data validation showed that rs3754686 and 12322660 were ranked first and second, respectively. Analysis results of GWAS data
confirmed that RF with glm - based correction can effectively remove the spurious association between the LCT gene and height.
Conclusion: The confounding effects should be correctly adjusted in RF analysis. RF with glm-based correction was applicable to
adjust the confounding effects and variable selection in high-dimensional data.
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Figure 1 Overview of random forest
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Table 1 Proportion of causal variables with ranks of 1, <=5, and <=10 in scenario 1 and 2
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Figure 2 Distribution of causal variables ranks from scenario 1
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Figure 3 Distribution of causal variables ranks from scenario 2
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