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The diagnosis of cervical lymph node metastasis from thyroid cancer is an essential stage in the 
progression of thyroid cancer. The metastasis of cervical lymph nodes directly affects the prognosis 
and survival rate of patients. Therefore, timely and early diagnosis is crucial for effective treatment 
and can significantly improve patients’ survival rate and quality of life. Traditional diagnostic 
methods, such as ultrasonography and radionuclide scanning, have limitations, such as complex 
operations and high missed diagnosis rates. Raman spectroscopy and FTIR spectroscopy can well 
reflect the molecular information of samples, have characteristics such as sensitivity and specificity, 
and are simple to operate. They have been widely used in clinical research in recent years. With the 
development of intelligent medical diagnosis technology, medical data shows a multi-modal trend. 
Compared with single-modal data, multi-modal data fusion can achieve complementary information, 
provide more comprehensive and valuable diagnostic information, significantly enhance the richness 
of data features, and improve the modeling effect of the model, helping to achieve better results. 
Accurate disease diagnosis. Existing research mostly uses cascade processing, ignoring the important 
correlations between multi-modal data, and at the same time not making full use of the intra-modal 
relationships that are also beneficial to prediction. We developed a new multi-modal separation 
cross-fusion network (MSCNet) based on deep learning technology. This network fully captures the 
complementary information between and within modalities through the feature separation module 
and feature cross-fusion module and effectively integrates Raman spectrum and FTIR spectrum data 
to diagnose thyroid cancer cervical lymph node metastasis accurately. The test results on the serum 
vibrational spectrum data set of 99 cases of cervical lymph node metastasis showed that the accuracy 
and AUC of a single Raman spectrum reached 63.63% and 63.78% respectively, and the accuracy and 
AUC of a single FTIR spectrum reached 95.84% respectively and 96%. The accuracy and AUC of Raman 
spectroscopy combined with FTIR spectroscopy reached 97.95% and 98% respectively, which is better 
than existing diagnostic technology. The omics correlation verification obtained correlation pairs of 5 
Raman frequency shifts and 84 infrared spectral bands. This study provides new ideas and methods for 
the early diagnosis of cervical lymph node metastasis of thyroid cancer.
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In recent years, the incidence of thyroid cancer has increased significantly worldwide, and the problem of cervical 
lymph node metastasis has attracted increasing attention from researchers. Cervical lymph node metastasis of 
thyroid cancer is a serious and heterogeneous stage in disease progression. Cancer cells spread to cervical lymph 
nodes through the blood or lymph system, which is one of the common forms of metastasis of thyroid cancer1. 
Cervical lymph node metastasis not only causes tissue damage in the neck region but may also spread to other 
distant organs, such as the lungs and bones, thereby significantly increasing the risk of disease recurrence and 
death2. Statistics show that the incidence of central lymph node metastasis is approximately 50%3. Cervical 
lymph node metastasis is not only a critical factor in evaluating the efficacy of thyroid cancer treatment,but 
also an important indicator affecting patient prognosis. Although the advancement of modern medicine has 
improved the treatment effect, the five-year survival rate of patients with cervical lymph node metastasis is still 
significantly lower than that of patients without metastasis, and their survival rate may drop to less than 70%. 
In comparison, the five-year survival rate of patients without metastasis is still significantly lower than that of 
patients without metastasis. The annual survival rate can be as high as over 95%. This highlights the importance 
of early diagnosis and effective management to reduce the occurrence of this serious complication.

Because cervical lymph node metastasis of thyroid cancer is usually small and hidden in the early stage, and 
the symptoms are often not obvious, it is difficult to locate and detect in time4 accurately. Although traditional 
medical diagnostic methods (such as ultrasound, CT, MRI, etc.) play a certain role in diagnosing cervical lymph 
node metastasis of thyroid cancer, they have limitations in detecting micro-metastasis, and the diagnostic 
accuracy is usually between 60 and 80%. %, and the misdiagnosis rate may be as high as 20%-40%5,6. Take 
ultrasonic examination7 and radionuclide scanning commonly used in clinical practice as examples. Although 
the ultrasonic examination is a commonly used non-invasive method, it has high operational and technical 
requirements. Detecting some microscopic lesions or special types of metastasis may be difficult.This leads to 
an increase in the rate of missed diagnosis; while radionuclide scans (such as whole-body thyroid scans) assess 
thyroid metastasis by ingesting and accumulating radioactive iodine or other radioactive isotopes, but are prone 
to interference from a variety of factors, affecting accuracy. Current clinical diagnostic methods have certain 
limitations, including low accuracy and high misdiagnosis rates.

The continuous development of Raman spectroscopy and FTIR spectroscopy technology has been widely 
used in the biomedical field to diagnose diseases such as lung cancer, glioma, and breast cancer8,9. They can 
reflect the molecular differences of samples from different angles.Compared with traditional detection methods, 
infrared and Raman spectroscopy do not require tissue sampling, significantly reducing the invasive operation 
on patients. In addition, it can detect trace molecular changes, including biomarkers in the early stages of cancer, 
with high sensitivity and specificity. In addition, using Raman and infrared spectroscopy technology also has the 
advantages of being fast and efficient and obtaining results quickly10. In 2021, Wang et al. proposed a diagnostic 
method based on serum Raman spectroscopy combined with multiple algorithms to diagnose abnormal thyroid 
function and chronic renal failure11. However, this study only used a single vibration spectrum. A single vibration 
spectrum only provides a data source and lacks the ability to conduct comprehensive analysis with other related 
data, which is susceptible to many limitations. In 2022, Song et al. proposed a method for quickly distinguishing 
thyroid papillary carcinoma and micropapillary carcinoma based on serum Raman spectroscopy combined with 
a machine learning model12. Although the article proposes a novel non-invasive, low-cost, and rapid diagnostic 
method, it also only uses a single vibration spectrum of serum Raman spectroscopy data for diagnosis. Although 
Raman spectroscopy technology has the advantages of being non-destructive, low-cost, and fast, compared with 
multimodal data fusion, a single spectral modality cannot fully utilize the complementary information between 
different modalities, and the information obtained is not accurate and comprehensive enough, thereby reducing 
the accuracy of diagnosis.

Reliable multimodal data is conducive to improving the diagnostic efficiency of diseases. Since different 
vibrational spectroscopy technologies or modalities have unique characteristics and information, information 
complementarity and enrichment can be achieved by fusing these data to obtain more comprehensive feature 
representations from different modalities, thereby improving the accuracy of diagnosis and prediction.In recent 
years, the fusion of multimodal vibrational spectra has developed rapidly in the medical field. For example, in 
2020, Du et al. used multimodal fusion technology, combined with Raman spectroscopy and Fourier transform 
infrared spectroscopy, and adopted pattern recognition algorithms to diagnose thyroid dysfunction serum. 
Compared with a single spectrum, this method obtains more spectral features and significantly improves the 
detection accuracy13. In 2022, Chen et al. fused Fourier transform infrared spectroscopy, Raman spectroscopy 
and its first-order derivative spectra to establish a rapid diagnosis method for renal cancer to enhance the accuracy 
and efficiency of diagnosis. This spectral fusion method provides a new method for the early diagnosis of renal 
cancer14. Wu et al. also used Fourier transform infrared spectroscopy and deep learning algorithms to screen 
autoimmune diseases quickly15. This study also used multimodal spectral fusion to provide a rapid and effective 
method for the early diagnosis of autoimmune diseases. In 2023, Leng et al. proposed a new cancer diagnosis 
technology combining multispectral fusion and deep learning based on the limited molecular information 
reflected by a single spectrum and the complementarity of FTIR spectroscopy and Raman spectroscopy, and 
achieved certain results16. In 2024, Huang et al. proposed a dual-branch residual attention network to fuse SERS 
and original Raman spectral data.By using the information complementarity of the two spectral data entirely, 
the diagnostic accuracy of systemic lupus erythematosus was improved, providing new possibilities for applying 
vibrational spectroscopy in clinical diagnosis17.Xin et al. combined Raman and Fourier transform infrared 
spectroscopy based on multimodal fusion vibrational spectroscopy technology to identify the ingredients of 
Uyghur medicines. This method improved the accuracy of ingredient identification, and the study highlighted 
the effectiveness of multimodal fusion in vibrational spectroscopy18. Zhang et al. also achieved good results 
using machine learning algorithms to estimate wheat protein and wet gluten content based on multimodal 
fusion of hyperspectral data and other modal data19. Zhou et al. collected Raman spectra, FTIR spectra and 
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metabolomics data of 119 samples of systemic lupus erythematosus, lupus nephritis and healthy control groups. 
They diagnosed systemic lupus erythematosus after fusing the three modal data. The best results were achieved 
in all indicators. The experimental results show that multi-omics medical data has great potential in disease 
diagnosis20.

The above studies have achieved good results and further proved the feasibility of multimodal vibrational 
spectral fusion. By making full use of spectral techniques of different modalities, these studies have demonstrated 
the advantages of spectral data fusion and improved the ability to solve complex problems. However, existing 
studies mostly use cascade processing, ignoring the important correlation between multimodal data, and 
not making full use of the intra-modal relationship that is also beneficial to prediction. Therefore, this study 
proposes a deep learning method that can perform dynamic modeling of inter-modal and intra-modal data well, 
achieving excellent performance in predicting lymph node metastasis of thyroid malignant tumors.

In this paper, we explore the feasibility of using Raman spectroscopy and FTIR spectroscopy to predict 
lymph node metastasis of thyroid malignant tumors and propose a new multimodal model framework called 
multimodal separation cross fusion network (MSCNet). The framework consists of four modules: spectral 
fully connected neural network encoder module, multimodal feature separation module, feature cross fusion 
network module and malignant tumor prediction module. In the multimodal separation cross-fusion network, 
we first extract and reduce the original Raman spectrum and FTIR spectrum through the fully connected neural 
network encoder module to obtain a feature space of unified dimension. Then, through the multimodal feature 
separation module, we separate and interact the differences between the two spectral data in the feature space 
to obtain their complementary information on molecular properties. Next, the feature cross-fusion network 
module constructs multimodal fusion features by further modeling the separated features’ intra-modal and 
inter-modal dynamics to improve the information’s comprehensiveness and accuracy. Finally, we input the 
fused features into the bidirectional long short-term memory network for malignant tumor prediction, and 
use the sequential decision reconstruction method to obtain more sufficient decision information. The main 
contributions of this paper can be summarized as follows:

	1.	� A new multimodal model framework is proposed for malignant tumor prediction. It integrates the infor-
mation of Raman spectroscopy and FTIR spectroscopy to more comprehensively understand molecules’ 
properties and characteristics. It improves the accuracy of thyroid malignant tumor prediction and brings 
new ideas to the field of multimodal medical information fusion.

	2.	� Feature separation modules for different spectral modalities are designed to extract and utilize their com-
plementary information on molecular properties effectively. The model can more accurately capture the 
differences and connections between the two spectral data through separation and interaction, providing a 
basis for subsequent information fusion.

	3.	� A feature cross-fusion network module was developed, which realized information fusion within and be-
tween modalities through dynamic modeling and made full use of the interactive information between mo-
dalities. Thus, the model could more comprehensively understand the association between spectral data, 
thereby improving the accuracy and robustness of prediction.

	4.	� A prediction module based on BiLSTM was proposed. This module uses sequential decision reconstruction 
to fully utilize the fused features for the final prediction of malignant tumors. This module uses time series 
information and sequential decision reconstruction to improve the accuracy and reliability of prediction.

Materials and methods
Sample collection
The study was approved by the Affiliated Tumor Hospital of Xinjiang Medical University to obtain the Raman 
spectroscopy serum and infrared spectroscopy serum samples required for the experiment. Among them, 99 
patients with thyroid and cervical lymph node malignant tumors contained 49 malignant tumor metastasis 
and 50 malignant tumor non-metastasis samples. The importance of predicting metastasis in malignant tumor 
detection was further emphasized. Each subject will collect Raman spectroscopy data and FTIR spectroscopy 
data to ensure the consistency of the final multimodal data. The total number of experimental samples is 198. 
All subjects participating in the study were informed of the purpose of the experiment and signed the "Informed 
Consent Form for Sample Retention in the Affiliated Tumor Hospital of Xinjiang Medical University". The 
ethical approval of the Ethics Review Committee of the Affiliated Tumor Hospital of Xinjiang Medical University 
has been obtained (2024BC003). We obtained confirmation from the committee that approved the study that 
all studies were conducted in accordance with relevant regulations and informed consent had been obtained 
from all participants. All serum samples were taken from fresh blood samples without any anticoagulant. 3 mL 
of fresh blood was collected from each sample. Then, the blood samples were centrifuged at 4000 r/min at 4 °C, 
and the top transparent liquid was extracted to obtain serum. The serum was separated into centrifuge tubes and 
stored in a -80 °C refrigerator for sample testing. The serum was collected in the morning and the subjects were 
fasted for 12 h to avoid interference of diet and other factors on serum components. Specific sample information 
is shown in Table 1.

Raman spectrum acquisition
The serum Raman spectrum was obtained by a high-resolution confocal Raman spectrometer (LabRAM HR 
Evolution, gora Raman spectroscopy, ideal optics, China), with a spectral range of 500–2000 cm-1, an excitation 
wavelength of 785 nm, an integration time of 15 s, a laser power of 160 mW, and a continuous acquisition mode. 
The Raman spectral data acquisition grating was 600 lines and a blaze angle of 800 nm. The laser beam was 
focused on the sample surface through a 10 X lens. When measuring the sample, take it out of the refrigerator 
and thaw it naturally. After waiting for ten minutes, shake it well, and use a 10ul pipette to draw the serum and 
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drop it on the tin foil substrate. Wait for two minutes to start the test. To avoid errors in the spectral acquisition 
process, record 3 spectra of each sample at different positions, and obtain the average spectrum of each sample 
for further analysis. Finally, a total of 99 serum Raman spectra of the two samples were collected. We used airPLS 
to subtract the fluorescence background and used the smoothing algorithm to remove noise. The preprocessed 
Raman spectrum is shown in Fig. 1, which contains the average spectra of the two classes and the difference 
spectra between the classes.

FTIR spectrum acquisition
The serum infrared spectrometer was a Fourier transform infrared spectrometer (FTIR-850, Gangdong Scientific, 
China), with a spectral wavelength range of 700–4000 cm-1, a resolution of 4 cm-1, and 32 scans. The spectra 
were obtained under constant temperature and air humidity. Before measurement, the samples were thawed at 
room temperature for 15 min. Then, 5 µl of the sample was dropped on the lens, placed on the spectrometer, and 
left to dry for 8 min.After each measurement, it was cleaned with alcohol. Although the spectrum was collected 
in a relatively closed environment, it was still affected by the air content. Studies have shown21 that the band 
around 2350 cm-1 represents CO2-related substances. In order to reduce the interference of air background on 

Fig. 1.  Raw Raman spectra after preprocessing.

 

Dataset Spectral type Acquisition Instruments Wavelength range Data dimension Type of disease

Number 
of 
samples

Cervical lymph node 
metastasis dataset of 
thyroid cancer

Raman spectra
LabRAM HR Evolution, gora 
Raman spectroscopy, ideaoptics, 
China

500–2000 cm−1 312
Tumor metastasis 49

Tumor not metastasis 50

IR spectra FTIR-850,Gangdong Scientific, 
China 700–4000 cm−1 1654

Tumor metastasis 49

Tumor not metastasis 50

Table 1.  Details of the thyroid cancer dataset with cervical lymph node metastasis.
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the spectrum, the characteristics of the 2283–2397 cm-1 band were deleted in the experiment. In order to avoid 
errors in the spectrum acquisition process, 3 spectra were recorded at different positions of each sample, and the 
average spectrum of each sample was obtained for further analysis. Finally, a total of 99 serum infrared spectra 
of the two samples were collected. After stripping off the CO2 interference peak, we subtracted the fluorescence 
background by using airPLS. The preprocessed infrared spectrum is shown in Fig. 2, which contains the average 
spectrum of the two categories and the difference spectrum between the categories.

Spectral analysis
Figure 1 shows the standardized Raman spectra of thyroid patients with and without malignant tumor metastasis 
from 500 to 2000 cm-1. The Raman spectra of sera from patients with and without malignant tumor metastasis 
are different mainly at 850, 929, and 1443 cm-1. There are significant differences in Raman peaks, which are 
related to whether the malignant tumor has metastasized. Table 2 lists some biological molecules corresponding 
to the Raman characteristic peaks. The band at 635  cm-1 was confirmed to be the C-S twisted amino acid 
methionine. Due to the substance methionine, tumor cells meet their needs for rapid proliferation through 
metabolic reprogramming, and methionine metabolism plays a key role in this process. Tumor cells promote 
cell growth and proliferation by increasing the uptake and utilization of methionine. Malignant tumor cells 
absorb and utilize a large amount of methionine from the tumor microenvironment through the methionine 
transporter SLC3A2, resulting in a lack of methionine utilization in T cells, which in turn affects the function 
and killing ability of T cells and initiates immune escape22. The peak at 702 cm-1 is attributed to cholesterol. 
Studies have shown that, in some cases, saturated fats may also be related to the occurrence and development 
of tumors. The peak at 929 cm-1 is mainly caused by the stretching of C–C bonds in proteins. It is attributed to 
proteins. In malignant tumor cells, the structure and function of proteins may change, which may lead to changes 
in the vibration mode of C–C bond stretching23. The band at 1117 cm-1 is confirmed to be C–C bond stretching, 
which is attributed to glucose. Malignant tumors usually increase energy through glycolysis during metastasis. 
The lower the content of this peak in thyroid malignant tumor metastasis, the more energy is consumed during 
metastasis. The Raman peak at 1239 cm-1 is generated by carbon–nitrogen stretching and nitrogen–hydrogen 
bond coupling, which can be mixed with the vibration of the side chain. It is attributed to amide III. Amide 
III usually refers to a structure in the secondary structure of proteins, also known as β-turn. It is a curved 
structure in the protein chain that helps maintain the spatial configuration of proteins24. The Raman peak at 

Fig. 2.  Raw FTIR spectra after preprocessing.
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1443 cm-1 is generated by CH2 deformation, corresponding to lipids and amino acids. Studies have shown that 
most malignant tumor cells affect lipid metabolism, and elevated serum cholesterol levels are associated with 
cancer risk. The peak at 1521 cm-1 belongs to carotene, which has anti-cancer effects and is slightly higher in 
patients with thyroid malignant tumors without metastasis. The differences in amino acids, lipids, proteins and 
other components in the serum of thyroid patients can be reflected in the changes in spectral peak intensity. 
These differences provide a basis for using serum Raman spectroscopy to diagnose whether patients with thyroid 
malignant tumors have metastasized.

Figure  2 shows the standardized infrared spectra of thyroid patients with and without malignant tumor 
metastasis from 500 to 4000 cm-1. There are common infrared peaks at 1080, 1243, 1314, 1400, 1455, 1540, 
1647, 2867, 2931, and 2959 cm-1. The infrared spectra of serum from patients with malignant tumor metastasis 
and those without metastasis are mainly different at 1400, 1455, 1540, and 1647 cm-1, and there are significant 
differences in infrared peaks. Table 3 lists some biological molecules corresponding to infrared characteristic 
peaks. The band at 1080  cm-1 was identified as PO2 symmetric stretching, corresponding to nucleic acids 
and phospholipids, and is related to cell proliferation, differentiation, and apoptosis. In thyroid malignant 
tumor cells, changes in the expression levels of specific DNA and RNA are closely related to the occurrence, 
development, and metastasis of tumors. The DNA and RNA content in cells of patients with thyroid malignant 
tumor metastasis is higher than that of patients without metastasis. The band at 1314 cm-1 was identified as C-N 
bond stretching, which belongs to the amine III band. In the marker analysis of infrared spectroscopy, the amine 
III band is a characteristic vibration mode of the secondary structure of proteins, usually located in the 1200–
1300 cm-1 region of the infrared spectrum. The amine III band is mainly related to the C-N stretching vibration 
and N–H bending vibration in proteins, and it can reflect the β-folding content of proteins33. For patients with 
thyroid cancer, changes in amine III may be related to the biochemical characteristics of malignant tumors, and 
the content of amine III is higher in the cells of patients with thyroid malignant tumor metastasis. The bands 
at 1400 and 1455 cm-1 were identified as S=O bond stretching, corresponding to the infrared peaks caused by 
protein COO-stretching vibration-CH3 asymmetric stretching vibration, respectively. Changes in protein COO-
stretching vibration-CH3 asymmetric stretching vibration may be related to the metabolic activity of tumor 
cells, the remodeling of the extracellular matrix, and the expression of tumor-related proteins, all of which may 
affect the invasiveness and metastasis of tumors. The peak intensities of patients with thyroid malignant tumor 

Peak position(cm-1) Initial attribution

1080 DNA,RNA(C-O)

1243 vas(PO-
2) of nucleic acid

1314 Amide III

1400 v(COO-) of amino acid

1455 CH3

1540 (N–H) of amide II band

1647 Amide I

2867 CH2

2931 CH2

2959 CH3

Table 3.  The main peak positions and preliminary attribution of IR spectra in 99 patients with and without 
thyroid metastasis. The following information is from LibreTexts and is shared under a CC BY-NC-SA 4.0 
license. From LibreTexts. (n.d.). Infrared Spectroscopy Absorption Table. Retrieved from ​h​t​t​p​s​:​/​/​c​h​e​m​.​l​i​b​r​e​t​e​x​
t​s​.​o​r​g​/​@​g​o​/​p​a​g​e​/​2​2​6​4​5​​​​​.​​​​

 

Peak position(cm-1) Initial attribution

63525 ν(C-S) gauche (amino acid methionine)

70226 Cholesterol, cholesterol ester

85027 Most probably due to single-bond stretching vibrations for the amino acids and valine and polysaccharides
Tyrosine (Fermi resonance of ring fundamental and overtone)

92928 ν(C–C), stretching; probably in amino acids proline and valine (protein band)

111726 Glucose

112729 ν(C-N)

123930 Amide III

144331 CH2 deformation (lipids and proteins) Triglycerides (fatty acids)

152132 Carotene

170225 Carbonyl stretch (C-O), amide I

Table 2.  Main peak positions and preliminary attribution of Raman spectra in 99 patients with and without 
thyroid metastasis.
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metastasis at 1400 and 1455  cm-1 were slightly higher than those of patients with thyroid malignant tumor 
without metastasis. The peak intensities of amide II band and amide I band at 1540 and 1647 cm-1 in patients 
with thyroid malignant tumor metastasis were much greater than those in patients with thyroid malignant tumor 
without metastasis, and the difference was obvious. The bands at 2867, 2931 and 2959 cm-1 were determined to 
be C-H bond stretching, which were attributed to substances with methylene and methyl groups, respectively. 
The presence of methylene and methyl groups and changes in their chemical environment may be related to 
the metabolic activity of thyroid malignant tumor cells, the remodeling of the extracellular matrix, and the 
expression of tumor-related proteins34, providing a basis for subsequent classification and finding the most 
sensitive spectral band.

Methods
The framework of the MSCNet model is shown in Fig. 3. We first perform preliminary feature extraction and 
dimensionality reduction on the FTIR and Raman spectral data through the Sepctral FC (Fully Connected 
Layer) module to obtain representations of the same dimension in two dimensions. The spectral representations 
of the same dimension are helpful for the implementation of the subsequent multi-modal feature separation 
module and the cross-feature fusion network module. Secondly, we designed the Multi-modal feature separation 
module to perform feature separation interaction on the modal representations of the two preliminary extracted 
features, aiming to obtain the complementary information of the two spectra on the molecular information, and 
finally obtain two separated features. Next, we need to fuse the separated features, so we designed the Cross-
feature module. The Cross-feature module constructs multi-modal fusion features for the two separated features 
obtained in the previous module through intra-modal and inter-modal dynamic modeling. To this end, we 
constructed the Inter-fusion network, Intra-fusion network and decoder to better fuse the rich information 
within and between modalities, and obtain two Cross fusion features. Finally, after the FTIR and Raman spectral 
data are learned through the above three modules, we use the obtained two cross fusion features as the input of 
Malignant tumor prediction, and finally obtain the prediction results of thyroid malignant tumors. The following 
subsections will introduce the details of each module of MSCNet in detail.

Spectral-fully connected neural network encoder module
In the original data of each mode, there may be a large amount of redundant information that is unfavorable to the 
dichotomy prediction of thyroid malignancy, so we need to feature extract the original data and map them to the 
feature space of the unified dimension. To extract the preliminary features for FTIR and Raman spectra and make 
the same input representation dimensions of Multi-modal feature separation module, we designed the spectral 
fully connected neural network encoders EI  and ER extracted the preliminary features of the two modalities. 
The input of this module is the original dimension data sum of two modes XI ∈ RdI ×N , XR ∈ RdR×N , where 
dI  and dR represent the original dimension of the two spectra, and N represents the number of data samples. 
Specifically, the processing process of EI  and ER is three layers of nonlinear transformation of the two original 
dimensions respectively (fully connected layers, plus ReLU as the activation function). The process by which the 
encoder processes the infrared and Raman spectral data can be summarized in the following formula:

	 VI = EI (XI) � (1)

	 VR = ER (XR) � (2)

where VI  and VR indicate the tensor measured by the encoder EI  and ER after preliminary feature extraction 
and dimension reduction, respectively.

Multimodal feature separation module
The purpose of the multimodal feature separation module is to decompose the initially extracted features VI  
and VR into multiple relatively independent factors or attributes. Multi-omics data usually contains common 

Fig. 3.  MSCNet framework diagram.
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information and omics-specific information (information unique to each omics). The multimodal feature 
separation module is able to separate these two kinds of information, allowing the model to learn better features 
common and unique to infrared and Raman spectroomics. There may be a complex coupling relationship 
between different omics. The feature separation module can effectively decouple the coupling relationship 
between different omics, enabling the model to be more focused on learning the features of each omics, so as to 
improve the effect of the model. Specifically, this module designs the separation network fSep1() and fSep2() 
performs nonlinear mapping to obtain the unique V S

I , V S
R  and common representations V C

I⊕R of infrared VI  
and Raman spectra VR. This process can be described as the following mathematical transformation:

	 V S
I = fSep1 (VI) � (3)

	 V S
R = fSep2 (VR) � (4)

	 V S
I⊕R = fSep1 (VI ⊕ VR) � (5)

Next, we fuse the unique representations and common representations, split the common representations before 
splicing, and then alternately fuse the unique representations in the two-dimensional direction, and finally get 
the two separated features V Sp

I , V Sp
R .

Feature cross-fusion network module
Using effective methods to fuse the feature information of different modalities is one of the main challenges 
of multimodal medical information fusion35. In general, according to the period of multimodal information 
fusion, we divide multimodal learning into early fusion, late fusion, and tensor-based fusion (Tensor-based)36. 
The method used in this paper is tensor fusion to separate features V Sp

I  and V Sp
R  information fusion. The 

purpose of the feature cross-fusion module is to construct the multimodal fusion features by modeling the two 
separated features obtained in the previous module. Specifically, the two separated features are first Kronecker-
accumulated separately, and they are used as input to Intra-fusion module to obtain the fusion representation 
between the two modes. The two separated features were then used as Kronecker-products, which were used 
as input to Inter-fusion network to obtain inter-modal representations. Finally, the three representations and 
separation features, and five tensors, are cascade to obtain the cross-fusion features. The process can be described 
as the following mathematical operation:

	 VI⊕IR⊕R = V Sp
I ⊕ V Sp

R ⊕ fIntra

(
V Sp

I ⊗ V Sp
I

)
⊕fInter

(
V Sp

I ⊗ V Sp
R

)
⊕ fIntra

(
V Sp

R ⊗ V Sp
R

)
� (6)

	 V F = DE (VI⊕IR⊕R) � (7)

where VI⊕IR⊕R ∈ RConcat, fIntra(), fInter() represent the mathematical operation of Intra-fusion module 
and Inter-fusion network respectively, specifically, fIntra() and fInter() is a nonlinear transformation of the 
input tensor. The specific operation of DE  is to perform four layers of nonlinear transformation on VI⊕IR⊕R, 
and finally obtain the cross-feature fusion vector V F .

The malignant tumor prediction module
The bidirectional long-and short-term memory network (Bi-LSTM) is an excellent recurrent neural network 
(RNN) architecture that shows a significant advantage in processing sequence prediction tasks. The core feature 
of Bi-LSTM is its bidirectional information processing power, which is able to consider both the temporal 
dependence and temporal predictivity in the sequence data, thus capturing the comprehensive context 
information37 of the sequence. This unique structure makes Bi-LSTM particularly suited to understand and 
predict dynamic changes in sequence data, especially in the field of complex pattern recognition such as spectral 
sequence analysis.

In this study, we used Bi-LSTM to deeply model the timing data VF . We constructed an excellent malignancy 
prediction module that is able to accurately predict whether a patient has thyroid malignancy metastasis. 
Our model outputs a prediction vector ŷ ∈ R2×N , which contains an accurate assessment of the likelihood 
of metastasis from thyroid malignancy. The advantage of Bi-LSTM is that it can use long and short-term 
memory (LSTM) mechanism to effectively avoid the gradient disappearance or explosion of traditional RNN 
when dealing with long sequences. Moreover, the bidirectional learning strategy of Bi-LSTM not only enhances 
the understanding of the model on the time-series data, but also improves the accuracy and reliability of the 
predictions. In this way, our model is able to comprehensively consider the past and future information of 
sequence data, providing a more comprehensive and precise basis for clinical decision-making. The process can 
be formulated as the following mathematical operation:

	 ŷ = BiLST M
(
V F

)
� (8)

The advantages of Bi-LSTM in sequence prediction tasks are reflected not only in its ability to capture the two-
way context of sequence data, but also in its efficient processing of long sequence information and its excellent 
performance on prediction tasks. These properties make Bi-LSTM an ideal choice for us to solve the problem of 
metastasis prediction in thyroid malignancy.
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Experimental setup and discussion of results
Training setup
In order to increase the robustness of the model, a fivefold cross-validation method of stratified sampling was 
adopted to divide the training sample into k parts, and then k cross-validation was carried out. Each time, a 
different part was used as the verification set, and the remaining K-1 parts were combined as the training set. 
Finally, the training set and the test set are divided according to 8:2. Stratified sampling can ensure that the 
proportion of samples in different categories in each subset is consistent with that in the original data set, and 
can alleviate the problem of overfitting or bias. The mean value of each evaluation index after 5 times is taken as 
the final evaluation standard. An Adam optimizer with an initial learning rate of 5e-4 was used in all contrast 
and ablation experiments, with a total number of nonlinear hidden units of 80 and epoch 200. The cross-entropy 
objective function is trained as a loss function:

	 Llog = − 1
N

∑N

i=0yi · l̂ogyi � (9)

where is the class label of the ŷi predicted value (0: metastatic lymph node malignancy, 1: no metastatic lymph 
node malignancy), yi is the true sample label value, and n is the total number of patients in the dataset. PyTorch, 
a high-level neural network frame-work in python, is used to implement MSCNet under Windows with GPU 
NVIDIA GeForce RTX 3090.

Baselines
To verify the MSCNet model’s generalization ability, we selected 6 multimodal baseline models for comparative 
experiments. These baselines include classic neural network architectures in time series data analysis and 
multimodal fusion.

•	 EF-LSTM38 is a deep learning model that combines the Flask backend and the extended short-term memory 
network (LSTM). It uses the embedding layer to convert the input data into a vector representation and cap-
tures the data’s time series characteristics and long-term dependencies through the LSTM network. EF-LSTM 
has significant advantages in processing sequence data and time series prediction, and is an important mile-
stone in deep learning in the time series data analysis field.

•	 LF-DNN39 is a hybrid model that combines the long short-term memory network (LSTM) and the deep 
neural network (DNN) to process sequence data and predict time series. The model uses LSTM to capture the 
time series characteristics and long-term dependencies of the data and DNN to process the data’s nonlinear 
relationship.

•	 AlexNet40 is a major breakthrough in deep learning in computer vision, proposed by Alex Krizhevsky et al. in 
2012. It is the first convolutional neural network to make significant breakthroughs on the large-scale image 
dataset ImageNet. AlexNet contains multiple convolutional layers, pooling layers, and fully connected layers 
and uses Dropout and ReLU activation functions, successfully opening a new chapter in deep learning in 
image recognition and classification.

•	 VGG-1941 is the first convolutional neural network proposed by Karen Simonyan and Andrew Zisserman in 
2014 that has made significant breakthroughs on the large-scale image dataset ImageNet. VGG-19 contains 
multiple convolutional layers, pooling layers, and fully connected layers and uses ReLU activation functions, 
demonstrating the great potential of deep learning in image recognition and classification.

•	 ResNet42 is a deep residual network proposed by Kaiming He et al. in 2015. It solves the problem of profound 
network training difficulty by introducing residual blocks, allowing the network to reach deeper layers. Each 
residual block contains skip connections, which enables the model to be better optimized during training. 
The feature extraction layer of ResNet allows the network to learn feature representations with different scales, 
which is beneficial for processing tasks with various image sizes and complexities.

•	 DenseNet43 is an efficient convolutional neural network architecture proposed by Gao Huang et al. in 2017. 
It introduces a dense connection method so that each layer of the network is directly connected to all subse-
quent layers, achieving feature reuse and reducing the number of parameters. DenseNet has achieved excel-
lent performance in multiple image recognition tasks and has impacted deep learning.

Model evaluation index Model evaluation indexes
The model evaluation index uses six standard measures, namely: accuracy, accuracy, sensitivity, specificity, F1 
score and AUC values, as follows:

	 Accuracy = T P +T N
T P +F P +T N+F N � (10)

	 Precison = TP
TP+FP � (11)

	 Sensitivity = T P
T P +F N � (12)

	 Specificity = T N
T N+F N � (13)

	 F1 score = 2∗P recision∗Recall
P recision+Recall � (13)

where TP is the true positive, TN is the true negative, FP is the false positive, and FN is the false negative.
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The ROC curve is a curve drawn with the true positive rate (True Positive Rate) as the ordinate and the false 
positive rate (False Positive Rate) as the abscissa. Usually, the closer the ROC curve is to the upper left corner 
means that the model has a higher true positive rate and a lower false positive rate, and therefore has better 
performance. The AUC represents the area under the ROC curve and is a measure of the overall performance of 
the model. The larger the AUC value indicates the stronger the classification ability of the model.

Model comparative analysis
In order to prove the effectiveness of the MSCNet model, we selected six multimodal baseline models for 
comparison, namely EF-LSTM, LF-DNN, AlexNet, VGG-19, and DenseNet, and conducted binary classification 
experiments on the thyroid malignant tumor dataset. It is worth noting that we used the same training standard 
for single-modal comparison experiments, but because the multimodal feature separation module and feature 
cross-fusion module are input for multimodal data, a single modality cannot operate the two fusion modules, 
and it will affect the actual effect of the single modality. We use the corresponding nonlinear layer for filling, and 
do not use the above two multimodal modules.

In the experimental results of Table 4, there are significant differences in the performance of each model on 
Raman spectroscopy single modal data, reflecting the differences in the adaptability of different architectures 
to spectral features. Traditional convolutional neural networks (CNNs) such as AlexNet perform well in 
capturing local features, while VGG-19 and DenseNet may overfit due to the high model complexity, resulting 
in performance degradation. In contrast, although ResNet alleviates the gradient vanishing problem through 
residual connections, its generalization ability is still limited on spectral data. In addition, although LSTM 
can process sequence information, it is not as effective as the CNN model in capturing spectral features, while 
the DNN model has achieved a relative balance in extracting deep nonlinear features. MSCNet, as the model 
proposed in this paper, can more effectively extract key information in the data through feature separation 
modules and feature cross-fusion modules, and achieves improvements in multiple indicators such as precision, 
sensitivity, and F1 score, demonstrating its potential and superiority in spectral analysis. The architectural 
advantages of MSCNet show that it helps to enhance the model’s ability to interpret complex biological signals.

In the single-modal FTIR comparison experiment in Table 5, the performance differences of different 
models on FTIR spectral data clearly demonstrate their adaptability to spectral feature processing. Traditional 
convolutional neural networks such as AlexNet show some ability in capturing local features, but are still more 
effective than VGG-19, which indicates that deeper network structures do not significantly improve performance, 
and the performance of the model may be reduced due to overfitting. ResNet and DenseNet improve the depth 
and diversity of feature extraction by introducing residual connections and dense connections, and perform 
better than AlexNet and VGG-19. EF-LSTM and LF-DNN show strong learning ability when processing FTIR 
data, indicating that the combination of sequence and nonlinear features plays an important role in spectral 
analysis. In contrast, MSCNet shows the best performance, achieving an accuracy of 95.84%. The design of 
its feature separation module and feature cross-fusion module makes it superior to other models in multiple 
indicators. This shows that the innovative architecture of MSCNet can more effectively integrate and interpret 
complex features in FTIR spectra, improve the robustness and reliability of classification, and further verify its 
potential application value in biomedical spectral analysis.

Model Accuracy Precision Sensitivity Specificity F1-score AUC

EF-LSTM 94.00 94.34 94.00 94.00 93.98 94.00

LF-DNN 94.00 94.52 94.00 94.00 93.97 94.00

AlexNet 85.00 89.63 85.00 85.00 84.07 85.00

VGG-19 73.89 83.43 74.00 74.00 70.89 74.00

ResNet 92.00 92.43 92.00 92.00 91.95 92.00

DenseNet 91.89 92.36 92.00 92.00 91.88 92.00

MSCNet 95.84 96.59 96.00 96.00 95.80 96.00

Table 5.  Single-mode FTIR comparison experiment.

 

Model Accuracy Precision Sensitivity Specificity F1-score AUC

EF-LSTM 57.68 53.60 57.78 57.78 53.17 57.78

LF-DNN 62.58 63.40 62.78 62.78 62.02 62.78

AlexNet 64.58 65.63 64.78 64.78 63.80 64.78

VGG-19 56.58 60.71 57.00 57.00 53.82 57.00

ResNet 59.63 59.70 59.67 59.67 59.41 59.67

DenseNet 56.63 56.46 56.56 56.56 55.63 56.56

MSCNet 63.63 66.58 63.78 63.78 62.61 63.78

Table 4.  Single-mode Raman comparison experiment.
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Ablation study
In this study, in order to verify the generalization ability of the model, we designed a multi-modal separated cross-
fusion network (MSCNet) based on Raman spectroscopy and FTIR spectroscopy. The innovative architecture 
of MSCNet mainly includes feature separation module (Feature Separation, FS) and cross-fusion module 
(Cross-fusion, CF), and the effectiveness of these modules is explored through ablation experiments. In Table 
6, we conducted multi-modal ablation experiments on models such as EF-LSTM, LF-DNN, AlexNet, VGG-19, 
ResNet, and DenseNet, with the input being single-modal Raman spectroscopy and FTIR spectroscopy data, to 
verify the impact of different models and modules on performance.

From the experimental results, MSCNet has shown excellent performance without adding feature separation 
and cross-fusion modules, with an accuracy of 93.95% and an AUC value of 94.00%. This shows that its spectral 
fully connected neural network encoder module has high effectiveness in dimensionality reduction and feature 
extraction. At the same time, through the bidirectional long short-term memory network (Bi-LSTM), MSCNet 
can capture the full-band information of spectral data and further enhance the modeling ability of complex 
spectral features. When only the feature separation module is added, the accuracy of MSCNet is improved to 
95.84% and the AUC reaches 96.00%. This shows that the feature separation module effectively analyzes the 
initial interaction information between Raman and FTIR spectra, and by separating common features from 
unique features, the expression of multimodal information is clearer, and the feature representation ability of 
the model is enhanced.

After introducing the feature separation and cross-fusion modules at the same time, MSCNet’s performance 
reaches the best, with an accuracy of 97.95% and an AUC value of up to 98.00%. This result shows that the 
cross-fusion module realizes deep feature interaction between different spectral modalities, effectively models 
cross-modal information, and fully explores the potential correlation between the two spectral data. This 
fusion strategy not only improves the problem of insufficient feature interaction that cannot be solved by a 
single modality, but also greatly improves the robustness and generalization ability of the model, verifying the 
significant advantages of MSCNet in multimodal spectral tasks.

Among other comparison models, EF-LSTM and LF-DNN also showed good comprehensive performance, 
especially LF-DNN performed best, which further proved the advantage of nonlinear layers in processing 
spectral data features. AlexNet is good at capturing local features in the convolution layer, and although VGG-
19 has weaker performance, it has improved compared with the single-modal experiment in Sect. "Model 
comparative analysis", verifying the value of multimodal data fusion. In addition, although the multimodal 
performance of ResNet and DenseNet is better than that of VGG-19, there is still a large gap compared with 
MSCNet, which shows that simply increasing the number of layers and connection methods in traditional 
convolutional networks cannot fully tap the potential of multimodal spectral data.

In summary, MSCNet has shown excellent performance and robustness in multimodal spectral fusion tasks, 
and its feature separation module and cross fusion module effectively solve the problem of insufficient feature 
interaction in spectral fusion. The successful application of this model in complex biological spectral analysis 
has verified the potential of multimodal spectral fusion, and it has broad application prospects in early diagnosis 
of clinical diseases, disease classification and prediction in the future. This result shows that optimizing feature 
extraction and fusion strategies is crucial to improving the performance of multimodal models, and provides 
new ideas and directions for future multimodal research.

Omics correlation validation
This section further explores the interpretability of Raman spectroscopy and infrared spectroscopy data fusion 
based on the Spearman correlation coefficient r and p-value and explores the multimodal data fusion potential 
of Raman spectroscopy and infrared spectroscopy44. In this section, a total of 5 Raman frequency shifts and 
84 infrared spectral band correlation pairs were obtained. Among them, the content of glutathione is higher 
in patients with thyroid malignant tumor metastasis, which can help cancer cells resist oxidative damage. In 
addition, the content of nucleotides is also higher. Cancer cells need a large amount of nucleotides to synthesize 
DNA and RNA during proliferation, accelerating cell proliferation and differentiation. At the same time, the 
cytoskeletal structure of cancer cells in patients with thyroid malignant tumor metastasis may change, resulting 
in changes in cell morphology and behavior. The expression and modification status of actin and tubulin are 

Model Accuracy Precision Sensitivity Specificity F1-score AUC

EF-LSTM 91.89 93.03 92.00 92.00 91.84 92.00

LF-DNN 92.00 92.16 92.00 92.00 91.99 92.00

AlexNet 88.95 89.41 89.00 89.00 88.90 89.00

VGG-19 74.79 82.30 74.89 74.89 71.82 74.89

ResNet 84.89 86.34 85.00 85.00 84.41 85.00

DenseNet 85.89 87.73 86.00 86.00 85.57 86.00

MSCNet(without FS& CF) 93.95 94.27 94.00 94.00 93.94 94.00

MSCNet(FS) 95.84 96.59 96.00 96.00 95.80 96.00

MSCNet(FS& CF) 97.95 98.09 98.00 98.00 97.94 98.00

Table 6.  Multimodal ablation experiment.
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different from those of normal cells. A heat map was drawn. Figure 4 shows the correlation diagram of Raman 
spectroscopy and infrared spectroscopy data.

As shown in Fig. 4a, we can find that each Raman frequency shift is correlated with at least one infrared 
spectral band, and the overall correlation coefficient ranges from -0.35 to 0.35. In this paper, the correlation 
degree of the Spearman correlation coefficient can be divided into 4 levels. When the absolute value of the 
Spearman correlation coefficient is less than or equal to 0.15, it indicates that the correlation is weak. The absolute 
value is between 0.15 and 0.30, indicating medium correlation. The absolute value is between 0.30 and 0.50, 
indicating a strong correlation. The absolute value is more significant than 0.5, indicating a strong correlation. In 
multimodal omics fusion, a high correlation coefficient between the fused omics may mean less complementary 
information between the modalities and a lack of fusion value. A low correlation coefficient may mean that 
the correlation between the two omics could be better, and the difficulty of fusion will increase accordingly.As 
shown in Fig. 4 (b), in order to more intuitively show the correlation between Raman spectroscopy and infrared 
spectroscopy, we counted the number of infrared spectral bands corresponding to Raman frequency shifts with 
an absolute value of the Spearman coefficient greater than or equal to 0.31 and a p value less than 0.05. We can 
find that the infrared bands corresponding to Raman frequency shifts such as Raman_1635 and Raman_1345 
are far more than the number of other Raman frequency shifts, which indicates that some chemicals represented 
in the Raman frequency shifts have a strong correlation with the chemicals represented by the infrared spectral 
bands, and this correlation provides a certain theoretical basis for the interpretability of the fusion of Raman and 
infrared spectroscopy data.

Raman spectroscopy and FTIR can collect specific molecular features of all biological systems (cells, 
tissues, body fluids), showing the presence of basic components such as proteins, nucleic acids, lipids and 
carbohydrates. The information collected by Raman spectroscopy and FTIR in the spectrum is complementary. 
For example, FTIR is sensitive to proteins, esterified lipids, carbohydrates and nucleic acids (especially the 
secondary conformations of these molecules), while Raman spectroscopy is more specific to the presence of 
blood proteins, lipids, nucleotides and amino acid residues45. A huge advantage of vibrational spectroscopy 

Fig. 4.  Correlation diagram of Raman spectroscopy and infrared spectroscopy data (a) Heat map of 
correlation coefficients between 5 Raman frequency shifts and 84 infrared bands (b) Number of infrared bands 
corresponding to Raman frequency shifts with absolute values ​​of correlation coefficients ≥ 0.31.
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is its imaging capability, which provides label-free and non-destructive distribution of biological components 
in cellular compartments. Importantly, the spatial resolution of Raman spectroscopy and FTIR imaging is as 
high as 0.3 μm and 3 μm, respectively. It can also semi-quantitatively evaluate the content of chemical groups46. 
Therefore, this shows that the use of Raman spectroscopy and infrared spectroscopy or the fusion of two omics 
can be used to efficiently diagnose diseases. For example, Kujdowicz, M et al. proposed a study on the analysis of 
urothelial carcinoma based on Fourier transform infrared and Raman imaging47.

In summary, the study verified that some frequency shifts of Raman spectroscopy have a certain correlation 
with some bands of infrared spectroscopy through the correlation analysis of Raman spectroscopy data and 
infrared spectroscopy data. Raman spectroscopy features are an effective supplement to infrared spectroscopy 
features in multimodal omics fusion classification. The fusion of the two is interpretable.

Conclusion
This paper introduces a new artificial intelligence disease classification network based on multimodal spectral 
data. It focuses on discussing the key issues in this field and solving the application at the level of spectral data 
fusion. By integrating information from different spectral types, we expect to improve the accuracy of disease 
diagnosis and the effect of non-invasive screening programs from a fusion-based perspective. A multimodal 
separation cross-fusion network is proposed. According to the encoder module, the original high-dimensional 
spectral data is uniformly reduced in dimension and sent to the multimodal feature separation module for 
feature decoupling to obtain separation features. Subsequently, the features are cross-fused through intra-modal 
and inter-modal interactions. The separation features and cross-features are cascaded and sent to the BiLSTM 
module for malignant tumor prediction, deciding whether the cervical lymph node tumor has metastasized. 
And through omics correlation verification, 5 Raman frequency shifts and 84 infrared spectral bands provided 
medically significant feature information. The results show that the model can fuse multimodal data and provide 
an efficient multimodal diagnosis framework for auxiliary diagnosis of medical diseases. In the future, we will 
consider the impact of sample size on spectral data fusion and the generalization performance under different 
disease types. Explore more about the complementary theories of Raman and infrared spectroscopy from a deep 
learning perspective.
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