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Abstract

In this paper, the support vector machine (SVM) and K-nearest neighbor (KNN) algorithm were
used to study the stock price forecasting problem, select the transaction data reflecting the stock
changes and its technical indicators, including volume, closing price, highest price, moving aver-
age (MA), etc., forecasting the ups and downs and the closing price of the Shanghai Composite In-
dex. Firstly, the SVM was used to predict the training set’s ups and downs. Then the training set
used KNN to predict the short-term (1 day), medium-term (7 days) and long-term (30 days) prices
of the stock, thus forming a forecast model based on transaction data and technical indicators. Fi-
nally, the MAPE and RMSE of this model were obtained. In order to verify the validity of the model,
a new investment strategy was constructed based on the model prediction results, and the real
data was used for investment, and the large-cap stock index was subjected to a one-month simula-
tion investment.
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Figure 1. Linear plane separable hyperplane
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Figure 2. Classification when K = 5
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Figure 3. Algorithm flowchart
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Table 3. SVM’s forecast of the ups and downs of the Shanghai Composite Index on different periods
% 3. SVM 3 F [ A A _LIELRE Rk X UM 1B 5

A [
1K 7K 30 Kk
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Table 4. MAPE and RMSE calculation errors
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Table 5. Thirty-day rise and fall
2 5. 30 RAVKELESR

S Tk 2k S Tk 2k S Tk 2k
11/20 1 12/4 1 12/18 1
11/21 1 12/5 1 12/19 1
11/24 1 12/8 1 12/22 -1
11/25 1 12/9 1 12/23 1
11/26 -1 12/10 1 12/24 -1
11/27 -1 12/11 1 12/25 1
11/28 -1 12/12 1 12/26 -1

12/1 1 12/15 1 12/29 -1

12/2 1 12/16 1 12/30 -1

12/3 1 12/17 1 12/31 -1

5.2. iHElE

B 11 9T 30 R E A B HETTAL, 30 RWIEAEH N EF, RERKKMBREE, H
TERUEFA], AT DALE S IR B 9& s R AT 32
t 1 SRR 5 A PR B SR R I I 5 R A
Un — U

R =—tn —t (11)

ut
Hr, o, AR, u SR T
MR A(LL), BBIEPIRES 5y 70l 2 HBEER R 1 2 H YR =, AR 22 s0(12) W] ATHSAS AU
pre G E AR S

CumR = [(1+R,)-1 (12)

Hr, R Bt HIER, n R B ERIERRE.

AT, ARAER TS, 30 R, H—IKAE 11 A 19 HEAKEE, 11 A 25 A2, Hika#
9 0.053; T URAE 11 H 28 HEAREE, 12 H 23 HEz R, HUkZi% 0.15. FHt, WkEELE
PAFH Rt Ulai %M 0.21.
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