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W E: 4TS TALSZFHARKEFT EE, B4 skt | A 7 70 (Financial time series
prediction, FTSP) — AR AN R G B 5, 245, F S A TR oW AT L7 2wk d@r
FTSP A , & % K % £ 7 &% 4 & w8 5 7] (Financial time series, FTS) A % &k 4L 4 F 44 5 5] 47
B, A2 b T o RIS FTSEAE-FAG, B X & kil F A 4h w1 )3 3 TR 8 R R 5 P4
AL FE T —H 8 & w3 F LR F T (Self-adaptive incremental ensemble learning, SIEL) 5%, A T #
e 4E P44 4 Rk at A 5 %) M (Non-stationary FTSP, NS-FTSP) ¥ # . SIEL # k69 £ 2 848 % 4 &/
3k - #84 @k 8 19 5 5] (Non-stationary FTS, NS-FTS)F &3 F )l h— /AN EER KRB 8 5
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Non-stationary Financial Time Series Prediction Based on Self-adaptive Incremen -

tal Ensemble Learning

YU Huthui, DAI Qun

(College of Computer Science and Technology / College of Artificial Intelligence, Nanjing University of Aeronautics & Astronautics,

Nanjing 211106, China)

Abstract: The financial market is very important to the development of social economy, so financial time
series prediction (FTSP) has always been the research focus. So far, many methods based on statistical
analysis and soft computing have been proposed to solve FTSP problems, most of which treat financial
time series (FTS) as or convert them into stationary time series. However, since most FTSs are
non-stationary, these methods usually have problems such as false regression or poor prediction
performance. Therefore, this paper proposes a novel self-adaptive incremental ensemble learning (SIEL)

method to solve the problem of non-stationary FTSP (NS-FTSP). The main idea of the STEL algorithm is
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to incrementally train a base model for each non-stationary financial time series (NS-FTS) subset, and
then ensemble the base models using the adaptive weighting rule. The focus of the SIEL algorithm is the
update of data weight and base model weight. The weight of data is updated based on the performance of
the current ensemble model on the latest dataset, and its purpose is not to sample the data, but to weigh
the error; the weight of the base model is adaptively updated based on its environment, and the
performance of the base model in the newer environment should have a higher weight. In addition, in view
of the characteristics of NS-FTS, the SIEL algorithm proposes a strategy to coordinate new and old
knowledge and cope with the recurrence of the environment. Finally, the paper gives the experimental
results of the SIEL algorithm on three NS-FTS datasets and compares them with the existing algorithms.
Experimental results show that the SIEL algorithm can solve the NS-F TSP problem well.

Key words: non-stationary financial time series prediction (NS-FTSP); self-adaptive incremental ensemble

learning (SIEL); data weight; base model weight
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EARZ , Hoh AR 3 07 A5 A T 28 B 2% ( Arrtificial neural network, ANN)'® #0R 3% # ( Fuzzy logic,
FL)"H1 32 5 16 £ HL (Support vector machine, SVM)'™ . ANN VE y JF 2 M 15000 4 ) B B 4F 09 H 27 g
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B(SSE)FI H Z48%50(N225) , 34 FTSH A M Yahoo finance 2 15

T A A I FTS # B A R ds ik R1 SWEREMADFRKER
PRI T T 2 p ) R S0 2 BT, A6 A B Table 1 Results of ADF test on each dataset
H-45 ¥ ( Augmented Dickey-Fuller, ADF )™ # 1 B 4 P ¢ A% h
TrEM X 3N FTS B 1T TR PRk 4 USD/CNY  0.9418  —1.9415 5 0
WaiRmME LR NERLIATLLEN, X3P FTS SSE 0.6048  —1.9418 5 0
Bl A 2 A SRR, 3 NSFTS Bfia . Nezw  02dss  ZLOA6 o 0
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2.3 XWHER

F2MEK 3R T SIEL FIETE H S8 rw T WA 6B 7E 25 B0 4 H 9 RMSE 25 53¢, Ho b i/ ME
DUHLIA 75 o SR TT LA Y, o BT 3 KRB /AR 23 X6 458 20 18 32 A M e 7 2 i s il o & X A SO
3AMNSFTSHHE4E , o WG ETEH [ 6,16 ], THY S IELE K[ 2,6 .

£2 BARrwERSIELEAESHFEE LR RMSEE R
Table 2 RMSEs obtained by SIEL algorithm at different values of 7w on each dataset

w
4 6 8 10 12 14 16 18
USD/CNY 2.36e—02 2.14e—02 2.08¢e—02 2.13e—02 2.18¢—02 2.2le—02 2.27e—02 2.35e—02
SSE 2.90e—02 2.83e—02 2.79¢e—02 2.69e—02 2.71le—02 2.62¢—02 2.56e—02 2.64e—02

N225 1.98e—02 1.93e—02 2.05e—02 2.07e—02 2.20e—02 2.23e—02 2.29e—02 2.32e—02

®3 BRRE TEMSIELHEE X HESE LB RMSE £ R
Table 3 RMSEs obtained by SIEL algorithm at different values of 7" on each dataset

S a
2 3 4 5 6
USD/CNY 2.08e—02 2.16e—02 2.16e—02 2.30e—02 3.48¢—02
SSE 2.56e—02 2.62e—02 2.68e—02 2.72e—02 2.98e—02
N225 2.23e—02 2.13e—02 1.95e—02 1.93e—02 1.99¢—02

FATMESHBER T AR TR BESE i RMSE M MAE 4558 . W&l IFE H,SIEL 5
AR BOHE 4 T TIOR3 A T A Bk L IE B STEL 5509k B8 5T 45 i ff e NS-FTSP [ i, Ak,
SIEL .SIEL-ELM Fl ELMK iX 3 F 55 ik 2Z [a] (9 Lo & (15 0 B . AN SEg 45 R T LA i, STEL 55 2 AN
SIEL-ELM #%5 Z [ ) RMSE . ELMK ) RMSE 5238 H 8/ R n] DUAS 1 4538, SIEL B3k i
HE P T 3 e AR 2 T 1 3 HE 2R TR PR R A el A B E AOR |

6 B/n T SIEL & 3k X L83k 2 18] 56 T RMSE #l MAE B9 AR 45 58 . NEhal BN, 5
ELMK .DIL . OSELM # OSIEM-ELM 834 [, 78 5% W 3 PEKF T, SIEL 57k 76 52 50 i 4 b i 7
MPEREFF B 1 0 3 ok . (HUE SIEL 593 5 HR R 3 1 SIEL-ELM Z 8] 1 AR 45 R AFE H = 0, 1% 2
Py 55 SRR 5 PR A LE L STEL rh 82 (0 6 T 11 385 10 33 o A2 1% 2 10 3 A 48 5 R 1 530k v e o 42
1o, AR AR (18 35 A AN R EE
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*4 AAEZESHEE LN RMSEER
Table 4 RMSEs obtained by different algorithms on each dataset

ELMK DIL OS-ELM OSIEM-ELM  SIEL-ELM SIEL
USD/CNY 2.23e—02 2.18e—02 2.12e—02 2.22e—02 2.10e—02 2.08e—02
SSE 2.78e—02 2.87e—02 2.8le—02 3.15e—02 2.72e—02 2.55e—02
N225 2.06e—02 1.99e—02 1.99e—02 2.04e—02 1.95e—02 1.93e—02
RS FREFESHFEELHMAESER
Table 5 MAEs obtained by different algorithms on each dataset
ELMK DIL OS-ELM OSIEM-ELM  SIEL-ELM SIEL
USD/CNY 1.46e—02 1.29¢e—02 1.29e—02 1.34e—02 1.32e—02 1.28e—02
SSE 2.11e—02 2.18e—02 2.06e—02 2.40e—02 2.09e—02 1.90e—02
N225 1.62e—02 1.58e—02 1.55e—02 1.57¢e—02 1.51e—02 1.49¢—02
F6 SIEL FnH f 3 bk B %k 6 - ik 45 R
Table 6 ¢-test results between SIEL and other comparative algorithms
" A ELMK DIL OS-ELM OSIEM-ELM SIEL-ELM
M RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE
USD/CNY 1 1 1 1 1 1 1 1 0 0
SSE 1 1 1 1 1 1 1 1 1 1
N225 1 1 1 1 1 1 1 1 0 0

W H=1F/R B4 F 8% Hy, B L RMSE 8 MAE bR, 78 5% B3 K- F, SIEL 89k 5 HAb 5Tk At iz fb vE B A B %
B o H=0F R ANRESE 4 (B H,, B L RMSE 5 MAE NARE 76 5% B MK F T SIEL %k 5 H A g Ml e 2 A tERE A
WE .

ST W W R STIGAE R A E 3 NS-FTS SR E H2d T & BE N mm s K, K 3~5
JER T A BIEE USD/CNY (SSE 1 N225 B4E 45 b %) T A8 A1 SE PR, g RA/E T 10 —f b B .

1.00 0.55 " FLMK

0581 N O ELM

0.96 0.50 —OSIEM-ELM:

0948 ( - SIEL-ELM
i 0.92 a 0.45 . —Real value
=0.90 %
®0.88 ®0.40

0.86

0.84 0.35

0.82

080090 20 30 40 50 60 0305510 15 20 25 30 35 40 45 50

F 31 Fr31
K3 AR %AEUSD/CNY il 4 BBl K4 RFEFETE SSE £la e b (1 B 45
) 2% Fig.4 Prediction results of different algo-

Fig.3 Prediction results of different algo- rithms on SSE dataset

rithms on USD/CNY dataset
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