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Fig. 1 PE reconstruction results of the Shanghai composite index return series
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Tab. 1 Comparison of out-of-sample forecasting accuracy

iR JHM%)5 R2/%  MAE/bp  RMSE/bp 7RI &R/ % iR S5 R?/%  MAE/bp  RMSE/bp 7 %/ %
HA —0.01 65.14 97.78 52.02 LSTM —19.30 74.91 106.80 53.28
AR(1) +0.15 65.12 97.71 49.51 LightGBM  —21.75 79.33 107.89 48.95
Lasso +0.37 66.15 97.60 51.19 Mix Model ~ +0.48 65.10 97.54 51.88
ER +0.23 66.26 97.67 50.91
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Fig.2 Out-of-sample cumulative squared errors of various models
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Tab. 2 Comparison of out-of-sample forecasting accuracy for SZ

MR A% )5 R?/%  MAE/bp  RMSE/bp J7in i3/ % BiRl M) R2/%  MAE/bp  RMSE/bp  J7 IR %/ %
HA —0.00 96.06 141.04 48.81 LSTM —2.56 98.10 142.83 49.37
AR(D) +0.48 96.50 140.70 46.03 LightGBM  —12.60 105.88 149.66 46.72
Lasso —46.77 123.36 170.87 51.19 Mix Model ~ +1.23 96.26 140.17 50.91
ER —57.50 128.98 177.00 51.19
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TURR S /DN B ACHE 7 58 i, 26 WTTR & A8 280 ) T 10 34 32 ok 1 RO % LA i T I v 0 52 B 7 i A i 26

H=N
AR,

BoEH S 2 1 B 42 )R SHAP STkt AR X 5 J5 . UGl HE 8 B0l s R P00 W0 15 28 78 2 10 i B
BT BRI 14 T AT AR 2 A AT ey LB T R K 2 A R R A8 A S 1 4 7 e A S T 37 R T AT AT
RE XS WL A 2577 A2 B B 52 Wi R A 2R e 22 000 A o i BBORN I T 0 A 20 I RE 6 A — i A Ll 4tk e A
2B Bt AR R AT S B0 4 2R S (R b 5.

AL R A B Y e R RR T A R ST B T T A LAY R 7R L LightGBM FITE B0 AU i H A
ORI B B R AR AE L, SVR dR 5 B At Z A AR LR G &
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AR SCHETREAR SN A5 -5 A long-cash RIS M 25 A5 R0 B R — ST 2 3 O TF , DU A JRG 48 W)™ 5 4
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T A, WA 4 08 A e s BRI AR SOR 1 B short SR, IF44 B 38 5y AR E Sl 0.1%6.3E A
FEA WA Sy LB .
MR 3 B EEH AT LUK B, AE E I AR G A 11 37 v, 56 T R D0 5 VR A A5S80I A 5 A A ) 4B 5 s 2 Tk
E2 T KRG g0 UL BT 0 IR SR B long-cash S ME Sharpe RN 0.32, & T £ A A K MG
(9 0.29, e R MHEON —20.41 Yo U= 2 —14.73 % . CER # 25 h 39.42 bp.
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Tab. 3 Economic value of market-timing strategies

ik 0 W EABEE R/ % EALBEEh R/ % Sharpe i oNITE: V87 CER #4 25 /bp

LT Buy-and-hold 7.54 15.52 0.29 —20.41 0.00

iy HA 7.50 15.52 0.29 —20.41 —3.53
T LSTM 7.45 14.43 0.31 —17.89 24.28
LT Mix Model 7.24 13.18 0.32 —14.73 39.42
WINT Buy-and-hold 8.03 22.38 0.22 —29.84 0.00

WY HA 7.99 22.38 0.22 —29.84 —3.53
wHITT LSTM 8.61 19.84 0.28 —24.80 160.39
TN Mix Model 13.54 16.49 0.64 —20.11 725.92

TEGUE T e A v IR G B RN 7 SR W 19 28 U5 A (B R IR S g 58 Bk & 2 TR & B8 50 {5 5 14
#11) long-cash RIS AL £5 %4 13.54 % . Sharpe R R 0,64, B 5 55 T 38 AR A KBS A 0.22. [F] B, 122 5w
f) F5 K R S8 AR A SRS — 29.84 %0 FE AR 2= —20.11% , CER 34 25 35 3 725.92 bp. fi b a] WL, 1B S HE 8 1
T A5 5 BARTEGE TR BE A2 i B2 A PR BT B 5% 1 o BAA 28 0% 2 Ly T S £ i (.

4 LZEFRIB

JREF WL 5 23 1) R B T — L 2 AR BRI S OC T 19 FE S AR SRR X IR 5 48 5 TR IR A 1 I £ 5 T
), 3 T —Fh T CEEMDAN 230 fi# . Attention-LSTM/GRU £ 81 L K SVR $ i 1 7T i B IR 4 15 0 HE
ZR 5 3ok R R b AR TR B 4 WA 5 R A A3 Sl AR, A Bl SVR X & A5 Be T 45 2R AT AR 2R PR L SEHIE
iR B AL E IR A B RN ZE WA T 7 2 U8 IE I 5 R* (CEIE 0.48 %0 JIRIIE 1.23 %) , 76 TR B 5 52
BV A 2tk B 5 o — PR B A ) B R T G, HE R BRI T 3 1 G T O B L T SHAP Y i R 4
B 22 B L A5 R0 %) T 32 2 by 2 LB TR S A% 28 AR UK 8l . BUE T S DL M2 36K AR ORI R (Mo 5 CP1
R A TTERE T BRIETT S W DL CPT KR 5 R B R AT 28 5 2K 54K L & (IR T H G 4485 PND
14 300 I it R 0 AR G A B 3E — 25 b, T 3 B B 40 BT S L R A A R A TN A S TT B Ak O IE B 2 B (B AE
long-cash &5 0.1 %38 5 AR T, 1R A B AU X SE A FEA A5 5 5 19 238 3 5 08 /N 1y d K R, TR AIE T
Yy CER 34 25 0 R ] W,

SRR 5 A SCHYHE A T 7 B RN 58 77 e & b AT — 28 255 (8, 0 2 A8 45 1 100 48 2 8 XU 9
B JS R AR T BRI AR B B BRI R R T 32 A S BRI 29 B long-cash — Pl SR I, BEAS R
SRR P A 5 B 48 450 5 2 mT DAFEAE 224 7 21 A0 VR ik s 04 o B sl A7l 8 25, B 2 i R I YRR AE BT K O 2
— 2K 0 28 18 BOCAE AR S AT B3 A LA R R 2 A T A R PR T LR AR L5 S A S0 R KU v B A b

Bt S B FhR (DOT:10.16366/j.cnki.1000-2367.2026.05.31.0001).
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Interpretable machine learning and the economic value of stock
index return forecasts: Evidence from Chinese stock market

Li Yan

(School of Business, Henan University, Kaifeng 475004, China)

Abstract: This paper builds a multimodal hybrid framework for the Shanghai Composite index and the Shenzhen Com-
ponent index that aims to be both predictive and interpretable. On the input side it draws on four kinds of information—macro-
economic conditions, market trading, corporate earnings, and investor sentiment. The modeling proceeds in stages: CEEM-
DAN first decomposes the return series by scale, LightGBM selects the key features within each frequency band, Attention-
LSTM, Attention-GRU, and LSTM then fit the high-, medium-, and low-frequency components respectively, and SVR carries
out the nonlinear ensemble. The hybrid model attains a positive adjusted external examination R? in both markets-0.48% for
Shanghai and 1.23% for Shenzhen-outperforming linear benchmarks and a single deep-learning model. SHAP analysis shows
that the predictions are driven mainly by monetary and price-related macroeconomic variables. On the timing side, under a long-
cash strategy with a 0.1% transaction cost, the hybrid model improves risk-adjusted performance relative to buy-and-hold.
Taken together, these results offer evidence from the Chinese market on the interpretability and economic value of multimodal
machine learning for stock index return forecasting.

Keywords: stock index return forecasting; multimodal data; interpretable machine learning; SHAP; market timing
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