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Abstract Cancer is one of the diseases that cause high incidence rate and mortality worldwide. Existing
cancer detection methods are time-consuming, expensive,and highly dependent on professionals, making it
crucial to develop a non-destructive and rapid screening method. On the basis of previous work,this article
developed a non target metabolomics method for screening cancer patients based on the combination of
Synchrotron Radiation X-ray Fluorescence Spectroscopy(SRXRF)and deep learning technology. Firstly, by
analyzing the SRXRF spectra of 269 serum samples from the control group and the cancer group,it was
found that Ca,Mn,Zn.Ge,and Br had representative differences between the two populations and could be
used as biomarkers for cancer screening. Secondly, normalization, adaptive iteratively reweighted penalized
least squares (airPLS), Savitzky-Golay smoothing ( SG), and Standard Normal Variate (SNV ) were
performed on the average spectrum,and chemometric models of Partial Least Squares Linear Discriminant
Analysis(PLSDA) , K-Nearest Neighbor(KNN) ,and Soft Independent Modeling of Class Analogy (SIMCA)
were established. The optimal accuracy rates of the three models for cancer screening were 89.89%,
93.26%, and 90.95% . respectively. Finally, based on pixel level spectra, three one-dimensional
Convolutional Neural Network(1DCNN)models were constructed, with accuracy rates of 93. 56 % ,95. 24% and
93. 27 % s respectively. Compared with chemometric models,all models improved significantly. Increasing the number
of convolutional layers was conducive to extract data features,and the model accuracy improved by 1.68%.
The features extracted from the convolutional layers of three models were visualized using z-distributed
Stochastic Neighbor Embedding (tSNE) for dimensionality reduction, and it was found that the features
extracted by 1DCNN had significant separability. In summary. the nontargeted metallomics method
developed by SRXRF combined with IDCNN model is potential in achieving rapid cancer screening.

Keywords cancer screening;serum;X-ray fluorescence;convolutional neural network; non-targeted metallomics
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Figure 1 A one-dimensional convolutional neural network model.
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Figure 2 The averaged SRXRF spectra of serum samples

in the control group and cancer group.
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Table 1 Classification performance based on chemometrics

Model methods Pre-processings LVs/K Calibration set accuracy/%  Prediction set accuracy/% Cross-validation set accuracy/ %
None 5 86.11 85. 39 84.27
Normalization 4 88. 89 87. 64 87.27
PLSDA airPLS 6 91. 11 89. 89 88. 67
SG 8 89. 44 88. 76 88. 24
SNV 5 90. 00 89.76 88. 34
None 4 93.33 92.13 91. 34
Normalization 7 91. 67 89. 89 90. 54
KNN airPLLS 6 92.22 89. 89 91. 56
SG 4 94. 44 93. 26 93. 87
SNV 6 92.22 91.01 90. 87
None 6 85.78 85. 39 86. 34
Normalization 7 91.11 90. 95 90. 45
SIMCA airPLS 7 87.178 87. 64 86. 55
SG 8 88. 89 85. 39 87.45
SNV 5 88. 89 86.52 87. 37

R T R — A B UE R R ) T RE Ay L B AR BE S =
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Normalization-SIMCA }¢ T £ (1) 1R V& 55 M4 fn & 2
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91. 67 %, i e 5 Pk 1 K F 84. 91 % . X F 9 9F 1 kG
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Table 2 Confusion matrix of chemometrics models

Predict class

PLSDA

Actual class

KNN SIMCA

Control group Cancer group

Control group

Cancer group Control group Cancer group

Control group 46 7 49 4 45 8

Control group 2 34 2 34 3 33

Specificity/ % 94. 44 86. 79 94. 44 92. 45 91. 67 84. 91

Sensitivity/ % 86. 79 94. 44 92. 45 94. 44 84.91 91. 67

Accuracy/ % 95. 83 82.92 96.08 89. 47 93.75 80. 49
Total accuracy/ % 89. 89 93. 26 90. 95
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Table 3 Performance of convolutional neural network models

Model methods Pre-processings

Calibration set accuracy/ %

Prediction set accuracy/ %

Cross-validation set accuracy/ %

None 93. 56 92.78 92. 34

Normalization 94. 34 93.56 92. 46

CNN#1 airPLS 93. 56 92. 34 92.16
SG smooth 92.78 91. 56 92.10

SNV 93. 34 92.25 92.35

None 96. 56 95. 24 95. 55

Normalization 95. 33 94.12 94. 33

CNN# 2 airPLLS 94. 42 93.78 93. 34
SG smooth 93.28 92. 56 92. 67

SNV 93.57 92. 35 91. 37

None 94. 37 93. 27 93. 56

Normalization 93.27 92.01 91. 34

CNN# 3 airPLS 94. 28 93. 17 93.23
SG smooth 92.18 91. 34 91. 45

SNV 92. 54 91. 34 91. 54
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