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Research on breast cancer data time series prediction and feature extraction
based on LSTM-CNN-Attention model

ZHOU Yuxuan

('School of Computer Science, School of Software, School of Cyberspace Security, Nanjing University of Posts and
Telecommunications, Nanjing 210023, China)

Abstract: The study explores a DNA and RNA temporal sequence data prediction method based on the LSTM—-CNN - Attention
model, aiming to improve the prediction accuracy and feature extraction ability of breast cancer gene expression data. By combining
the local feature extraction of Convolutional Neural Network ( CNN), the temporal dependency capture of Long Short — Term
Memory network (LSTM) , and the dynamic weighting of the Attention mechanism, the model demonstrates excellent performance
in processing long time sequence data. Experiments show that the model has high accuracy and generalization ability on a wide range
of breast cancer gene expression datasets, especially in capturing gene expression changes at critical time points. Despite the
limitations of the model in terms of computational complexity and interpretability, the model has a wide application potential in
clinical breast cancer diagnosis and personalized treatment in the future by means of multimodal data fusion, lightweight model
design, and enhancement of interpretability.
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Fig. 2 CNN feature extraction method and process
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Fig. 4 Diagram of hidden state and long—term dependency capture
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Table 1 Example of dataset
Patient_ID Timepoint ~ Gene_1 Gene_2 Gene_3 Gene_4 Gene_5 Gene_6 Gene_7 Gene_8 Gene_9  Gene_100
Patient_1 Timepoint_1  57.4 47.9 59.7 72.8 46. 4 NaN 73.6 61.5 54.6 46. 4
Patient_1 Timepoint_2  28.7 43.6 44.8 37.9 47.5 56.0 78.2 NaN 62.1 32.8
Patient_1 Timepoint_3  55.3 58.4 66.2 65.8 29.3 NaN 57.7 NaN 50.9 59.4
Patient_1 Timepoint_4  37.5 41.6 61.2 59.1 49.6 51.7 69.1 41.1 47.2 68.5
Patient_1 Timepoint_5  26.0 41.0 50.0 50.7 43.2 59.3 33.9 47.8 49.5 29.2
Patient_2 Timepoint_1  56.3 51.2 61.3 50.8 40. 1 49.2 65.7 51.6 55.1 55.9
Patient_2 Timepoint_2  61.0 58.7 59.5 53.4 50.5 64.4 52.3 58.9 61.0 48.6
Patient_2 Timepoint_3  50.7 52.1 47.7 55.9 42.1 NaN 45.2 61.3 46. 1 54.1
Patient_2 Timepoint_4  38.1 62.3 44.9 39.6 46.6 NaN 61.6 44.4 50.7 58.9
Patient_2 Timepoint_5  63.4 53.8 50.1 48.1 37.2 59.3 58.7 56. 4 58.9 53.2
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Table 2 Experimental environment configuration
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Table 3 Hyperparameter settings of the model
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Fig. 5 Flowchart of experimental procedure
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Table 4 Time step weights

Precision =

f[E) 4 Gene_l Gene_2 Gene_3 Gene_4 Gene_ S A E (a,)

Time_1  57.5 47.9 59.7 72.8 59.1 0.17
Time_2  28.8 43.7 44.9 37.9 73.2 0.23
Time_3  55.4 58.4 66.2 65.8 55.3 0.17
Time_4  37.6 41.6 61.2 90.1 59.1 0.40

Time_5  26.1 41.0 50.0 57.2 50.7 0.23
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Fig. 6 Heatmap of the Attention mechanism’s weighting of gene
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Table 5 Comparison of model performance

g WEWR/% FIE  AUCTH WokekBuE
CNN 80.5 0.78  0.85 0. 40
LSTM 82.1 0.80  0.86 0.37
LSTM-CNN 85.4  0.83  0.88 0.33
LSTM-CNN-Attention  90.1  0.88  0.93 0.28

7 BRI
Fig. 7 Diagram of model performance comparison
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Table 6 Model performance on different datasets

Bl gE HER %/ % F1 14 AUC &
YIZsE 91.0 0. 89 0.94
IR 88.5 0.86 0.91
M4 89.3 0.87 0.92

AR 25 BRI RE UL 3 7, SLR 45 R R
B TR A AN [ P ) s FU 1 BEARAE | B R 4k ]
TR, 1T SR AR b, 2 AL RE ) 2 kL
YA ML 5 M0, 38 TR AS A0 A A Y ] 2 7
PERE
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Table 7 Model performance at different time steps

R[] 25 B/ % FL{H AUC {1
Timepoint_1 88.0 0.85 0.91
Timepoint_2 89.3 0.87 0.92
Timepoint_3 90.2 0. 88 0.93
Timepoint_4 87.5 0. 84 0.90
Timepoint_5 89.0 0.86 0.91

2.6 {HEWIIE

15 EI B 7R, LSTM~CNN - Attention ) 75 3,
P e R IR s P i b e PR R 4 | L A% i A oy P
ZALRE 1. S 7F NVIDIATeslaV100 F1 IntelXeon
ity FEBSET BB K/NE 3 LSTM 3
JTM 128 Attention k%A 4 Dropout0. 3, L2 1EM]{k
}0.01 2235 0. 001, ANOVA 43 B4 5 L35 8.
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Table 8 Evaluation of model performance

et MR AR R DR GE R 5/ %
LSTM-CNN-Attention 1.0239 50. 47
CNN 0.814 3 51.40
LST™ 0.4119 88.79
LSTM-CNN 0.853 2 49.53
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Fig. 8 Heatmap of Attention mechanism’s weight distribution at

different time steps
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different models
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