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Abstract: Breast cancer is one of the most significant threats to women's health. Its molecular subtypes
are closely related to clinical treatment and medication choices for patients. Accurate identification of
breast cancer molecular subtypes plays a crucial role in guiding clinical treatment and improving prognosis.
This paper proposed an end-to-end analysis method integrating one-dimensional convolutional neural net-
works (1D-CNN) with fluorescence spectroscopy technology. The process required no spectral prepro-
cessing, simplifying workflows while preserving more effective information. An independently designed

and constructed laser-induced fluorescence spectroscopy system was used to collect autofluorescence spec-
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tra from four breast cancer subtype tissues. Gaussian function fitting of the spectral data enabled quantita-

tive and qualitative analysis of the biochemical information in breast cancer tissues. The 1D-CNN model

further extracts deep features from spectral data to achieve high-precision identification of breast cancer sub-

types. Additionally, Gradient-Weighted Class Activation Maps (Grad-CAM) technology was employed

to visualize key spectral regions of interest, enhancing model interpretability. The experimental results

show that the classification accuracy rate of breast cancer subtype tissues is 98.7%, the recall rate is

97.2%, the precision rate is 98. 1%, and the F1 score is 97.7%. The method proposed by our institute

demonstrates promising clinical application prospects and provides an effective technical pathway for the in-

telligent diagnosis of breast cancer molecular subtypes.
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Tab.1 Fitted parameter: Excitation wavelengths and

emission peaks of different fluorescent groups

(nm)

Fluorophores Excitation Emission
Free NADH 405 487
Protein-bound NADH 405 501
Free FAD 405 544
Neutral porphyrins 405 590
Acidic porphyrins 405 630
Tryptophan 287 342
Collagen 339 380
Elastin 351 410
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Tab.2 Metabolic analysis of breast cancer tissues

Molecular typing Tuaon/Tran T30 0/ T500 0m
Luminal A 1.94 0.87
Luminal B 1.86 0.92
HER-2+ 2.37 1.12

Triple-negative 2.51 1.46
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Fig. 3 Gaussian decomposition of the spectra of four breast cancer subtypes
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Fig. 5 Confusion matrix of the 1D-CNN model for the

classification of breast cancer subtypes
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Tab.4 Data-enhanced comparative experiment results

Accuracy Recall Precision F1-score
1D-CNN(Data-enhanced ) 98.7% 97.2% 98.1% 97.7%
1D-CNN(Original data) 86.4% 64.1% 72.3% 68.3%
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Fig. 6 Comparison of algorithm performance
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