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Raman liquid biopsy: a new approach to the multiple sclerosis diagnostics
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Background/objectives: Despite the prevalence of multiple sclerosis, there is currently no biomarker by which this disease can be reliably identified. Existing diagnostic methods are either expensive or have low specificity. Therefore, the search for a diagnostic method with high specificity and sensitivity, and at the same time not requiring complex sample processing or expensive equipment, is urgent.

Methods: The article discusses the use of blood serum surface enhanced Raman spectroscopy in combination with machine learning analysis to separate persons with multiple sclerosis and healthy individuals. As a machine learning method for Raman spectra processing the projection on latent structures-discriminant analysis was used.

Results: Using the above methods, we have obtained possibility to separate persons with multiple sclerosis and healthy ones with an average specificity of 0.96 and an average sensitivity of 0.89. The main Raman bands for discrimination against multiple sclerosis and healthy individuals are 632, 721–735, 1,048–1,076 cm−1. In general, the study of the spectral properties of blood serum using surface enhanced Raman spectroscopy is a promising method for diagnosing multiple sclerosis, however, further detailed studies in this area are required.
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1 Introduction

Multiple sclerosis (MS) is a chronic, autoimmune disease of the central nervous system (CNS) that affects millions of people worldwide. The relevance of studying MS is explained by its high prevalence and significant consequences for the patient life quality. According to the World Health Organization, more than 2.8 million cases of the disease were recorded in 2023. At the same time, the incidence continues to grow, especially in regions with temperate and cold climates, such as Northern Europe, North America and Australia (1, 2). MS is one of the most common causes of non-traumatic disability among young people (aged 18–40 years) (2, 3), which creates additional social and economic challenges for health systems around the world (4–6).

The MS course is diverse but the most common forms are recurrent and progressive. Under a long disease continuance the recurrent course may turn into a progressive one (7, 8). With a disease duration of more than 5 years in 25% of patients, MS passes into secondary progressive MS, after 10 years this form occurs in 50% of patients and after 20 years covers more than 70% (9–11). At the beginning of the disease, the so-called clinically isolated or radiologically isolated syndrome may occur, i.e., conditions accompanied by only one clinical attack or single focal lesions of the central nervous system without clinical manifestations (12–14). In 10% of patients, the disease gradually progresses from the very beginning and is regarded as primary progressive multiple sclerosis (15, 16). The reason for such a variety of the disease course is varying intensity of the demyelination and neurodegeneration processes. The existing disease therapy is aimed at stabilizing the disease progression or preventing exacerbations (17, 18).

The MS diagnosis is based on a combination of clinical, instrumental and laboratory data, since there is no specific test for this disease. Magnetic resonance imaging (MRI) is the main imaging method in the MS diagnosis which allows to identify demyelination lesions in the brain and spinal cord. The use of a contrast agent (most often gadolinium) helps to detect active inflammatory processes and new lesions. MRI allows to diagnose the presence of subclinical lesions that do not manifest themselves symptomatically but are important for confirming the diagnosis (19). MRI is the most reliable method of diagnosis and assessment of the course of the disease because it allows you to identify subclinical focal lesions of the central nervous system. However, despite the high availability, MRI examinations are not performed more than twice a year.

Other instrumental methods such as evoked potentials, optical coherence tomography are also actively used (20, 21). These methods are more accessible because they are less financially costly. However, their disadvantage should be considered low specificity, which does not allow them to be used as a routine method for evaluating the effectiveness of MS therapy.

Among the promising methods of instrumental diagnostics quantum sensitive MRI (qMRI) should be noted. This method allows microstructural changes measuring in brain tissues by microscopic parameters analysis such as axon density, changes in white matter and myelin content, that helps to clarify the disease stage and the treatment effectiveness (22) diagnostic methods are also being developed, which in some cases complement instrumental methods or serve as an independent diagnostic tool. For example, oligoclonal bands are present in 85–95% of MS patients and are an important marker for confirming the diagnosis (23). Although specific biomarkers for the diagnosis of MS in peripheral blood do not exist now, the light neurofilament chain and glutamate may reflect the degree of neuronal damage and disease progression. It is expected that these markers can become useful tools for early diagnosis and monitoring of the disease (24).

Thus, the search for an affordable diagnostic method with high sensitivity and specificity is carried out. The method should be based on the analysis of biological data that does not require prior preparation or the use of extremely expensive equipment.

Optical methods are well suited for solving this problem. In particular Raman spectroscopy allows detecting the individual metabolites content in the studied sample and also has sensitivity to the structural features of the researched substances. Recently, the effectiveness of Raman spectra using for the detection of various diseases has been shown (25, 26), and the differentiation between a healthy state and pathology occurs on the basis of mathematical processing of the spectrum as a whole, and not according to the specific biomarker content (27).

Attempts to use spectral analysis methods to diagnose MS have been presented for blood analysis (28, 29) using ATR-FTIR (Attenuated Total Reflectance Fourier Transform Infrared) spectroscopy, as well as for the analysis of retinal tissues using Raman spectroscopy (30). These studies showed the prospects of spectroscopic techniques using for the MS diagnosis by analyzing the quantitative content of carotenoids in the analyzed samples. At the same time, the authors did not make reference measurements of carotenoids using standard chemical methods, so the possibility of diagnosing MS through spectral analysis of carotenoids is still a hypothesis that requires further verification. Some MS research, metabolomic profiling has revealed alterations in glycerophospholipid and linoleic acid pathways, with potential for diagnosis and disease monitoring (31). Cerebrospinal fluid analysis in MS patients has identified phospholipid alterations correlating with clinical data, as well as elevated glutamate levels (32). However, a recent review highlights the key role of ergothioneine in label-free SERS spectra of biofluids, suggesting that many past studies may have inadvertently attributed its spectral features to other molecules. This revelation emphasizes the need for re-evaluation of previous SERS-based biofluid analyses in various clinical conditions (33).

In order to study in more detail, the metabolism changes of patients with MS more complex spectral approaches should be used, for example, such as SERS (surface-enhanced Raman spectroscopy). In the SERS study, nanostructures of noble metals are used to amplify the signal, which leads to an increase in the recorded Raman scattering signal by thousands of times (34). Therefore, the purpose of this work is to investigate the possibility of SERS using for the human blood serum analysis in order to diagnose multiple sclerosis. The PLS-DA (projection on latent structures-discriminant analysis) method was used to analyze the recorded spectral dependencies and classify the analyzed samples.



2 Materials and methods

The study was approved by the Ethics Committee of the Federal State Budgetary Educational Institution of Higher Education Samara State Medical University of the Ministry of Health of the Russian Federation, Protocol No 52 from 12 December 2023.

The study included 48 patients with an active and stable course of MS, established in accordance with the McDonald criterion of 2017 (35), as well as 30 healthy volunteers without any chronic diseases. The disease activity was established based on the presence of one exacerbation during the previous year or two exacerbations during the last 2 years in patients with relapsing–remitting and secondary-progressive with exacerbations of MS. In patients with a primary progressive course, activity was determined by the disease progression during the last year. Patients with a stable disease course did not have exacerbations or an increase in the disease during the specified period of time (35). In patients with an active course, increasing neurological deficit was observed by at least 2 points on one of the functional scales (for example, visual, stem, pyramidal, sensory, coordination) or at least 1 point on two functional systems. There could also be a progression of disability on the EDSS scale (36): an increase of at least 1 point if the initial EDSS was below 4.0 points or an increase of at least 0.5 points if the initial EDSS was 4.0 or higher (37). In patients with a progressive course, there is an increase in neurological deficit by 1 point on the EDSS scale (38). Neurological examination and assessment according to the EDSS scale (36) was done by a certified neurologist with experience in managing MS patients for more than 10 years. Venous blood sampling in a volume of 9 mL was performed in patients with compliance with the rules of asepsis and antiseptics.

Description of the group of patients with MS is presented in Table 1. The EDSS score is given in the form of a minimum-maximum range, the average value is given in parentheses.



TABLE 1 Clinical characteristics of patients with MS.
[image: Table1]

In 18 patients, activity was observed during MS; in 30 patients, activity was not observed over the past 2 years. One patient had a secondary progressive course with exacerbations of MS, the remaining 47 patients had a relapsing–remitting course of the disease.

As a method of diagnosing MS, we proposed the surface-enhanced Raman spectra registration from blood serum and further spectra processing. The main group (“Target”) included 48 patients with an established diagnosis of MS. The control group (“Control”) included persons of appropriate age without signs of neurodegenerative diseases (healthy donors from a blood transfusion station). The distribution of subjects by gender and age is shown in Table 2.



TABLE 2 Characteristics of the analyzed samples.
[image: Table2]

SERS spectra registration was performed based on the approach described in our previous publications (39). Briefly, silver structures based on dried silver colloid are utilized to achieve surface enhancement of Raman scattering in the near infrared range. A silver colloid was obtained by reduction from an aqueous solution of silver nitrate with sodium citrate at the temperature of 95°C for 20 min. The resulting colloidal solution was poured onto an aluminum foil and dried at room temperature until completely dry.

For SERS analysis, each serum sample was dropped in a volume of 1.5 μL on aluminum foil with a layer of silver structures and dried for 30 min. The analysis of the serum spectral characteristics was carried out using an experimental stand consisting of a spectrometric system (EnSpectr R785, Spektr-M, Chernogolovka, Russia) and a microscope (ADF U300, ADF, China). The spectra were excited in the near infrared range using a laser module with the center wavelength of 785 nm. Human serum was analyzed at the laser power of 10 mW. The spectra were recorded with the exposure time of 4 s x4 times. In the current work, we used an experimental setup consisting of a spectrometric system (EnSpectr R785, Spektr-M, Chernogolovka, Russia) based on a CCD detector and a microscope (ADF U300, ADF, China). The setup does not contain any additional gratings, slits, or other optical elements. The distance between the sample surface and the objective was adjusted manually using the focusing screw of the microscope to achieve a distance equal to the focal length of the objective. The recorded raw spectrum for each sample is an automatic sequential recording of four spectra with subsequent averaging to compensate for shot noise. Before recording the spectral characteristics of the serum sample under study, a preliminary recording of the surrounding background signal was made. After that, the background component was automatically subtracted from the subsequent recorded serum spectra using the algorithm built into the EnSpectr program. The background component refers to the background in the room and the noise of the optical system recorded by the spectrometric system used in the absence of laser radiation. The spectral contribution of the substrate was also recorded to control for possible spectral contribution to the spectra of serum samples.

Immediately before the registration of the tested serum sample spectral characteristics, a preliminary recording of the environing background signal was performed. After that, the background component was automatically subtracted from the subsequent recorded serum spectra using the algorithm built in the EnSpectr software. 3 spectra were registered for each sample.

Preprocessing of surface-enhanced Raman spectra of serum consisted of several successive steps: noise smoothing, removal of autofluorescent background and normalization. Smoothing of raw spectra was performed using the Savitzky–Golay filter with a filter window width of 15, the first order of the polynomial used for smoothing and a zero-order derivative (no derivative). Then, the smoothed spectra were subjected to removal of autofluorescent background by baseline correction (15th polynomial degree). Spectral characteristics of serum were normalized using the Standard Normal Variate (SNV) algorithm. The SNV algorithm first implements the centering of each spectrum and then scaling by dividing by the standard deviation.

Discrimination of neurological patients group (“Target”) vs. healthy donors (“Control”) by spectral characteristics of serum SERS was based on PLS-DA implementation (40). The analyzed data set is divided randomly: 80% of the subjects of each group for model training (training sample) and 20% of the subjects of each group for model testing (test sample). To select the optimal parameters for building the model on the training sample, k-fold cross-validation (k = 7) was performed. Based on the selected parameters, the model was trained on a training sample, then applied to classify the test sample. Then the division into training and test samples was repeated 29 more times (a total of 30 iterations).

When constructing the models, the importance of predictors in accomplishing the classification task was assessed by means of the distribution of variable importance in the constructed model. The variable importance distribution analysis makes it possible to define which spectral bands and associated serum components are characterized by the differences in the accomplished classification task. Moreover, the estimation of the variable importance distribution can circumvent the case when the model is a “black box” and is erroneously associated with noise. The variables importance distributions for PLS and PLS-DA models were calculated by a standard algorithm as a weighted sum of the squared correlations between the PLS-DA components and the variable (40).



3 Results

The characteristic differences in the averaged spectra for the target group (patients with MS) and for the control group (persons without MS) are shown in Figure 1.
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FIGURE 1
 Mean SERS spectra and standard deviation for the target and control groups.


Data on the specificity, sensitivity and accuracy of the proposed discrimination method are presented in Table 3; Figure 2.



TABLE 3 Characteristics of PLS-DA discrimination neurological patients (“Target”) vs. healthy donors (“Control”) according to the serum spectral characteristics.
[image: Table3]
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FIGURE 2
 (a) ROC curve of PLS-DA discrimination of serum spectral characteristics of patients with neurological diseases and the control group with a minimum AUC value for 30 iterations of model construction for training samples; (b) ROC curve of PLS-DA discrimination of serum spectral characteristics of patients with neurological diseases and the control group with a maximum AUC value of 25 iterations of building models for training samples; (c) ROC is the PLS-DA curve of discrimination of serum spectral characteristics of patients with neurological diseases and the control group with a minimum AUC value for 30 iterations of model construction for test samples; (d) ROC is the PLS-DA curve of discrimination of serum spectral characteristics of patients with neurological diseases and the control group with a maximum AUC value for 25 iterations of model construction for test samples; (e) ROC is the PLS-DA curve of discrimination of serum spectral characteristics of patients with neurological diseases and the control group with a minimum AUC value for 30 iterations of constructing models for the entire dataset; (f) ROC is the PLS-DA curve of discrimination of serum spectral characteristics of patients with neurological diseases and the control group with a maximum AUC value for 25 iterations of constructing models for the entire dataset.


Distribution of the importance of variable serum spectral characteristics in the construction of the PLS-DA discrimination model neurological patients (“Target”) vs. healthy donors (“Control”) is shown in Figure 3.
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FIGURE 3
 Distribution of the importance of variable serum spectral characteristics in the construction of the PLS-DA discrimination model neurological patients (“Target”) vs. healthy donors (“Control”).


According to methodology proposed in our previous studies the SNR for the presented spectra was not less than 50 (40).

The most significant Raman bands of the serum spectrum for the construction of discrimination “Target” vs. “Control” (position of maxima): 632, 721–735, 1,048–1,076 cm−1. Single band intensity analysis demonstrates only about 60–65% accuracy of discrimination. As example, 632 cm−1 band provides 63% accuracy.

Representative examples of PLS-components scores (X-scores) plot for one iteration of constructing discrimination models of spectral data are presented in Figure 4.
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FIGURE 4
 Examples of PLS-components scores (X-scores) plot for one iteration of constructing discrimination models for: (a) test sample and (b) train sample.




4 Discussion

In comparison with works suggesting the ATR-FTIR using (28, 29) for the diagnosis of MS, in this work almost 3 times more patients with MS were studied, which provides more reliable data on the possibility of spectral blood serum features using for the diagnosis of MS.

The obtained accuracy is slightly higher than the accuracy achieved by ATR-FTIR using and in any case, all conclusions about the possibilities of MS spectral diagnosis should be tested on large cohorts of patients.

Interestingly, the authors of the works (28, 29) conclude that the observed differences between plasma samples of patients with MS and healthy people lie in the areas of 1,005 and 1,150 cm−1, and are associated with changes in the composition of carotenoids. In our study, the detection of MS patients occurs due to the Raman bands 632, 721–735 and 1,048–1,076 cm−1. Body tissues research during the MS development show various spectral bands that can be used for diagnostic purposes. For example, in the work (41) using coherent anti-Stokes Raman scattering, the authors showed changes in the concentration of myelin lipids in tissues during the MS development. In other paper (30), the authors used conventional Raman spectroscopy to analyze MS patient retinal tissues and recorded changes in the antioxidants concentration in the studied tissues.

The Raman spectral ranges of 623, 721–735, and 1,048–1,076 cm−1 can be associated with metabolites relevant to the diagnosis of multiple sclerosis (MS). Specifically, 623 nm corresponds to C-H bond vibrations, which can indicate changes in lipids such as phospholipids and cholesterol, components of the myelin sheath (42, 43). Alterations in these lipids can serve as markers of myelin damage during demyelination, a hallmark of MS.

The 721–735 cm−1 range is linked to amide bond vibrations, reflecting changes in proteins and peptides, such as myelin basic proteins (MBP), which degrade during inflammation (44).

Finally, 1,048–1,076 cm−1 includes vibrations of carbohydrates and lipids, which may signal changes in cell membranes and glycoproteins involved in inflammation and immune cell activation in MS. These spectral features can be used for monitoring disease progression and assessing inflammatory processes (45).

Currently, there is a tendency to use not just one marker for early diagnosis of diseases, but information on the biological liquids indicators in general (46, 47). At the same time, Raman spectroscopy in combination with machine learning shows the prospects for developing an accurate, inexpensive, fast and non-invasive method of universal medical diagnostics (48). However, still some challenges must be eliminated prior to translation of Raman spectroscopy into clinical applications (49).

It has been shown that under MS blood viscosity changes (50) and a perfusion modification in the demyelination zones is observed (51). The blood rheological properties changes lead to changes in the plasma protein composition. Therefore, Raman spectroscopy as a method for MS diagnosing is promising since the spectra are sensitive to both quantitative and qualitative changes in the components of bioliquids. On the other hand, in many fields of medicine, there is a tendency to replace a certain part of expensive, time-consuming or invasive diagnostic methods with faster and cheaper tools based on the Raman spectra analysis.

Some works (52) demonstrated the possibilities of neural networks application to classify blood serum Raman spectra for the identification of the cardiovascular system pathologies. The same approach may be applied to the diagnosis of neurological dis-eases. Xiong et al. (53) demonstrated 88% accuracy for the classification of healthy controls, mild cognitive impairment, Alzheimer’s disease, and Non-Alzheimer’s dementia; an accuracy of 90% for the classification of healthy controls, elderly depression, and elderly anxiety.

Our results show that the serum Raman spectra reflect changes in blood composition of MS patients compared with healthy individuals. The use of PLS-DA as a discrimination method ensures high specificity, sensitivity and accuracy, and also avoids overfitting classification models. This allows us to propose Raman spectroscopy as a method of MS prediagnosis before sending the patient to MRI. In the future, it is planned to study the question about effectiveness of Raman spectroscopy in combination with deep learning methods for the MS dynamics analysis. A positive answer to this question would allow to use this method for the treatment effectiveness evaluation between protocol MRIs, which are provided twice a year.



5 Conclusion

This study investigated the application of surface-enhanced Raman spectroscopy of serum combined with machine learning-based analysis to differentiate multiple sclerosis patients from healthy individuals (projection on latent structures-discriminant analysis was used to process the Raman spectra). The results demonstrate the high potential of the proposed method for discrimination between individuals with multiple sclerosis and healthy people, which is confirmed by the obtained data on average specificity (0.96) and average sensitivity (0.89). The accuracy of the proposed method was achieved at the level of 94%, which is higher than previous studies by some other scientists. The main Raman bands allowing to differentiate multiple sclerosis patients from healthy people were obtained at 632, 721–735 and 1,048–1,076 cm−1.

It is noted that the application of SERS in the diagnosis of MS offers promising advancements in the field of medical diagnostics. The method shows high potential due to its ability to differentiate between healthy individuals and MS patients with significant accuracy, sensitivity, and specificity. This study demonstrated that SERS can be effectively combined with machine learning algorithms, particularly the PLS-DA, to achieve robust classification of blood serum samples. Compared to traditional diagnostic methods like MRI or evoked potentials, Raman spectroscopy presents an affordable, fast, and minimally invasive alternative that could potentially bridge the gaps in current diagnostic protocols. Specifically, it could be used as a preliminary screening tool or in conjunction with other methods to monitor disease progression and therapeutic effectiveness between more invasive MRI assessments. The findings underline the importance of further studies to enhance the applicability of this technique in clinical practice, including expanding patient cohorts and identifying key molecular markers influencing the Raman spectra. With further refinement, SERS could serve as an essential tool for the early diagnosis of MS, aiding in timely intervention and better patient outcomes.

In general, it can be said that the study of the blood serum spectral properties using SERS is a promising method for MS diagnosing, however, further more detailed studies in this area are required. It is necessary to increase the cohort of analyzed patients, as well as try to establish which compounds have the greatest influence on the shape of the recorded spectrum.
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