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Abstract
The dominant performance of players in major sports events often plays a crucial role in deter-
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mining the outcome of the game. To quantitatively analyze the impact of momentum on various
sports events, we have defined and measured the concept of momentum score. Five randomly se-
lected tennis matches were analyzed, considering indicators such as break success rate, second
serve success rate, first serve success rate, and overall first serve success rate that influence the
momentum score. Through LASSO regression analysis, we established a quantitative relationship
between each indicator and the momentum score. Taking into account multiple input-output in-
dicators, we introduced a BP neural network to establish the relationship between these indica-
tors and output. The specific momentum score obtained from LASSO regression was used as an
output for BP neural network prediction while LSTM was employed to predict residual outputs
from BP neural network. By combining these two approaches, we achieved a relatively accurate
prediction of momentum scores with an accuracy rate of 95%. These results demonstrate that in-
dividual player’s momentum during a match has some degree of influence on its final outcome.
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Figure 1. Three-level index system that affects player performance
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Figure 2. Heat map of correlation of indicators at all levels
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Figure 3. Neural network model diagram
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Figure 4. Data training results
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Figure 6. Comparison of BP (left) and BP-LSTM (right) with prediction results
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Table 1. Predicting match results with BP vs. predicting match results with BP-LSTM combination
3 1. BP FUMEL AR S BP-LSTM LAATUMLL LR

BP BP-LSTM

P1 P2 bk nf SR R P1 P2 FoUIi i S R4
10.1 3.67 1 1 10.37 4.04 1 1
0.25 10.07 0 0 0.50 10.00 0 0
8.19 7.44 1 1 7.55 7.57 0 1
5.81 6.60 0 0 5.62 8.10 0 0
8.57 8.45 1 0 9.27 8.41 1 0
7.22 8.05 0 0 7.25 8.11 0 0
10.1 4.02 1 1 10.04 4.04 1 1
15.5 18.84 0 1 12.93 3.43 1 1
3.81 16.15 0 0 3.04 16.15 0 0
6.11 7.02 0 0 6.23 7.55 0 0
3.01 13.81 0 0 0.13 13.46 0 0
3.56 9.52 0 0 3.51 10.16 0 0
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7.93 7.98 0 1 8.20 7.57 1 1
—-0.09 10.01 0 0 -0.17 10.19 0 0
8.59 6.53 1 1 9.03 6.73 1 1
16.9 2.72 1 1 15.94 4.00 1 1
8.52 4.92 1 1 8.74 4.04 1 1
3.33 10.63 0 0 3.07 10.16 0 0
7.36 6.93 1 1 7.08 6.73 1 1
115 3.65 1 1 11.79 6.09 1 1
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Table 2. Momentum Scores for Players in the 20th and 25th games
2. 20 /I 25 FRIKRALLTEE LS

BR FSS_score FSS_success SSS DF MS
The 20" game
Jiri Lehecka (P1) 0.156 0 0 0 0 5.1649
Tommy Paul (P2) 0 0.188 9.171 0.182 0 6.0630
The 25" game
Jiri Lehecka (P1) 0 0166 0.235 0.094 0 7.6127
Tommy Paul (P2) 0.130 0 0 0 0 3.2667
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