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A new random projection-based ensemble classifier
for high-dimensional data

CUI Wenquan, HUANG Yugiao
(Department of Statistics and Finance , Shool of Management , University of Science and of Technology of China, Hefei 230026, China)
Abstract: A decision tree ensemble method based on random projection(projection forest, PJForest) was
proposed to solve the classification problem of high-dimensional data. This method used the decision tree
as the base classifier and reduced the dimensionality of the data by using a series of random projections.
Then based on dimensionally reduced data, a series of decision trees were constructed, and then the
ensemble classifier was constructed through ensemble learning. Using appropriate random projection to
reduce the dimensionality of the data can preserve the information contained in the geometric structure of
the data. Moreover, perturbation of raw data through random projection can enrich the diversity of
decision trees. After proper ensemble learning, it can effectively overcome the influence of noise and
improve the generalization ability of PJForest. The limiting property of PJForest generalization error was

proved and the convergence rate of generalization error under certain conditions was obtained. Many simulation
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studies were conducted and empirical studies on real life data were empirically analyzed. The simulation results

showed that the method of PJForest can effectively classify high dimensional data with a large amount of noises,

and has better properties than current classification methods such as random forest, Xgboost.
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Tab.1 The classification error rate of different methods on public datasets
UiV RES
AHHIEE AR
Decision Tree Random Forest Xgboost PJForest Extra Forest RP-KNN

n=100 0.489(0.021) 0.490(0.024) 0.477(0.020) 0.310€0.042) 0.491€0.018) 0.431(0.032)

hill-valley n =200 0.483(0.017) 0.479(0.018) 0.459(0.019) 0.223(0.041) 0.477(0.018) 0.424(0.021)
n =500 0.467(0.029) 0.452(0.014) 0.443(0.014) 0.106(0.013) 0.442(0.013) 0.401(0.010)

n=100 0.188(0.035) 0.099(0.021) 0.108(0.025) 0.075(0.013) 0.089(0.014) 0.102(0.024)

HAR n= 200 0.177(0.028) 0.085(0.011) 0.093(0.022) 0.068(0.009) 0.079(0.010) 0.084(0.013)
n=>500 0.174(0.027) 0.074(0.007) 0.089(0.018) 0.063(0.006) 0.071(0.006) 0.080C0.007)

n=100 0.127(0.023) 0.075(0.167) 0.117(€0.018) 0.065(0.012) 0.061(0.008) 0.066(0.0234)

ESR n=200 0.108(0.017) 0.054(0.006) 0.081(0.012) 0.046(0.007) 0.052(0.005) 0.048(0.0106)
n=>500 0.088(0.010) 0.045(0.004) 0.055(0.005) 0.032(0.003) 0.042(0.004) 0.037(0.004)

(3] Hdlg Dy 100 Y H HY 73 JEBE BRI 00, 455 R AR IE 22, BR BT R e (L o 45 2R

2 WL T4 53 K7W Fl-score, Al LLFE
e 3 DB ARIFEA R T, PJForest Y115
T e lf 1. PJForest 78 ESR %4l 4 » =100 K,
3 2R RS R T W g BE AL AR AR 1 Fl-score E14
TR v BEATL AR AR, X2 R ESR Bl R B A& —E 1

AN YA R R s N BCEE D) T A i B B AR bR TE
I A 1] T 22 RO AEAS L B LUAT B B0 23 2R A R
B D HEFEA ORI A 1Y P 8 2%, Fir DA F1-
score 2 T PJForest. XX 45 H-F B, PJForest fig —
E P T AN S A 2K
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Tab.2 The Fl-score of different methods on public datasets
DRI
NHBIEE AR
Decision Tree Random Forest Xgboost PJForest Extra Forest RP-KNN
n=100 0.515(0.032) 0.518(0.038) 0.532(0.047) 0.666(0.052) 0.513(0.050) 0.486¢0.096)
hill-valley n =200 0.522(0.021) 0.521(0.038) 0.533(0.032) 0.752(0.038> 0.522(0.036) 0.493¢0.080)
n=>500 0.529(0.025) 0.548(0.018) 0.549(0.023) 0.865(0.017) 0.550(0.018) 0.561¢0.051)
n =100 0.793(0.038) 0.892(0.019) 0.885(0.026) 0.911€0.017) 0.895(0.020) 0.910€0.019)
HAR n= 200 0.801(0.030) 0.904(0.016) 0.904(0.023) 0.922(0.009) 0.912(0.013) 0.915¢0.013)
n=>500 0.816(0.032) 0.915(0.008) 0.898(0.017) 0.930€0.006> 0.920(0.008) 0.923¢0.005)
n=100 0.752(0.059) 0.788(0.057) 0.835(0.072) 0.915(0.011> 0.829(0.036) 0.803¢0.059)
ESR n =200 0.809(0.05)  0.854(0.018)  0.874(0.03)  0.937(0.006) 0.862(0.014) 0.889(0.024)
n =500 0.865(0.034) 0.886(0.008) 0.916(0.018) 0.954(0.002) 0.888(0.009) 0.918¢0.010)
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