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Abstract

Crohn's disease (CD) and spondyloarthritis (SpA) are two inflammatory diseases sharing
many common features (genetic polymorphism, armamentarium). Both diseases lack
diagnostic markers of certainty. While the diagnosis of CD is made by a combination of
clinical, and biological criteria, the diagnosis of SpA may take several years to be confirmed.
Based on the hypothesis that CD and SpA alter the biochemical profile of plasma, the
objective of this study was to evaluate the analytical capability of Fourier transform infrared
spectroscopy (FTIR) in identifying spectral biomarkers. Plasma from 104 patients was
analyzed. After data processing of the spectra by EMSC and LDA, we demonstrated that it
was possible to distinguish CD and SpA from controls with an accuracy of 97% and 85%
respectively. Spectral differences were mainly associated with proteins and lipids. This study
showed that FTIR analysis is efficient to identify plasma biosignatures specific to CD or SpA.

7 D & O\ / FTIR acquisition ™\
Pathologies Preparation & chemometric
Crohn’s disease [ Plasma ] analysis

vs Control
- ©
£ o
8 T o 2
= 2
S mm Dilution §
3 E < | ~THHE ;
> .g k e C R Waver%?:?gber (C%QQ)O
o E [] ape .
- LDA classification
‘ Spondyloarthrite ] £\ Crohn’s Spondylo-
vs Control - disease arthrite
Y s [ Multi-well plate ] vs Control vs Control

Discriminant wavenumbers
{111} {111
Sensitivity
98 % 88 %
Specificity

\ 94 % 75% )

Keywords: Crohn’s disease, Spondyloarthritis, Plasma, Spectroscopy, Fourier Transform

Infrared, Chemometrics, Biomarkers, Diagnostic.

1 INTRODUCTION

Crohn's disease (CD) is a chronic inflammatory disease of the gastrointestinal tract, part of the
inflammatory bowel diseases (IBD). It results from a complex interaction between
environmental factors, genetic susceptibility and altered gut microbiota, leading to a

dysregulated immune response.t*?l The most common symptoms are abdominal pain, chronic
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diarrhea, weight-loss and fatigue. There is no sex distribution in adult Crohn's disease.
Crohn's disease frequency has been steadily increasing in most parts of the world. Its
incidence and prevalence are higher in developed countries, and in urban areas. It is
hypothesized that the environment and early life exposures play a role in the risk of
developing Crohn's disease. The therapeutic options for CD are emerging, and therefore the
need to develop early diagnostic and prognostic biomarkers become increasingly important

for personalized medicine strategies.!?!

Spondyloarthritis (SpA) groups together several chronic inflammatory rheumatic diseases,
with common clinical symptoms and genetic predisposition. There are two main subtypes
according to the location of the diseased joints: peripheral spondyloarthritis (peripheral SpA)
and axial spondyloarthritis (axial SpA). Peripheral SpA includes psoriatic arthritist“l, reactive
arthritis and arthritis associated with inflammatory bowel diseases (IBD). The severe form of
axial SpA is ankylosing spondylitis (AS) which affects 0.1-0.5% of the population and is
characterized by an attack on the axial skeleton (spine and sacroiliac joints) that can lead to
ankylosis. Pathological indicators are inflammatory back pain, radiographic sacroiliitis,
excessive spinal bone formation, and a high prevalence of HLA-B27. Peripheral and axial
SpA can also occur together. SpA is associated with a significant physical and social burden
and can impair everyday life. Therapeutic objectives are relieving symptoms, improving
function, maintaining the ability to work, decreasing disease complications, and preventing
skeletal damage as much as possible. There is no real cure, hence the need for an early

diagnosis of certainty.>®]

Crohn's disease and spondyloarthritis are intimately related. On one hand, peripheral joint
inflammation affects 10-20% of patients with Crohn's disease and 5-10% of patients with
ulcerative colitis. In the more general group of IBD, spondyloarthritis joint symptoms occurs
in up to 13% of patients.[] The most common is peripheral arthritis, followed by sacroiliitis
and finally ankylosing spondylitis.[’®1 On the other hand, peripheral arthralgias can be
correlated with IBD activity and are more rapidly controlled when IBD remission is achieved.
However, axial involvement is generally independent of IBD activity. The diagnosis of
spondyloarthritis in the course of inflammatory bowel disease is most often based on a range

of arguments and a diagnosis of probability rather than of certainty.



In both pathologies, there is a lack of relevant markers of certainty as their identification is not
easy, especially for the diagnosis of SpA which can take up to several years.[®! There is thus a
need for new biomarkers, allowing a more certain and/or earlier disease diagnosis. The latter
could allow treatment initiation at earlier stages and/or to personalize therapy. As SpA and
CD are often but not systematically associated, it is relevant to study them together, to search
for some common biological mechanisms and understand how they can be different.

In a context of improving techniques with a cross-sectional approach to medicine, the
identification of diagnostic markers by mid-infrared absorption spectroscopy appears to be a
promising alternative approach. The analysis of the non-destructive interaction between
matter and infrared radiation generates a "spectral fingerprint”. This fingerprint represents the
biomolecular composition of a studied sample such as a tissue or a biofluid.['*'Y The
statistical processing of the spectral data generated from pathological or healthy samples,
allows extraction of spectral differences representative for biochemical differences related to

the pathology in question.

Vibrational spectroscopy is a simple, fast and cost-effective technique that can be applied to
the analysis of different biofluids. By identifying specific spectral markers, it is possible to
have an efficient diagnosis.[*?l Thus, different cancers can be detected by plasma or serum
analysis % including hepatocellular carcinoma 14, brain [ preast 1, ovarian [8,
prostate 91, pleural®, and oral ?*! cancer. In addition, sputum 22 or saliva 23 can be used
for lung diagnosis. Other pathologies can be diagnosed, such as amyotrophic lateral sclerosis
in tears 4 Alzheimer's disease and relapsing-remitting multiple sclerosis in cerebral spinal

fluid 25261 pleural mesothelioma in pleural fluid™ or septic arthritis in synovial fluid.?®!

In the specific case of CD and SpA, previous work was done by Y. Wu et al. to diagnose CD
on urine samples.[®l But the contribution of infrared spectroscopy has never been tested
before in the diagnosis of these two pathologies using plasma. In our study, we tried to set up
a diagnosis of CD and SpA using plasma. Plasma offers some advantages over urine including
its high protein content and lack of diuresis-related changes. Plasma sampling is frequent in
the framework of disease diagnosis, patient follow-up or for a health check-up. For example,
A. D. Morris et al., demonstrated that plasma provides very good results compared to
alternative biofluids for the diagnosis of ANCA.E%



Based on the hypothesis that SpA or IBD (Crohn's) modifies the biochemical profile of
plasma, the objective of this pilot study was to evaluate the analytical capability of Fourier
transform infrared spectroscopy (FTIR) to identify discriminating spectral signatures with
diagnostic relevance to these two chronic inflammatory diseases.

2 MATERIAL AND METHODS

2.1  Study design

The study FLORACROHN was approved by the French Ethics Committee for the protection
of persons consenting to biomedical research, by the French National Agency for the Safety
of Medicines and Health Products (2016-A01720-51) and registered in ClinicalTrials.gov
(NCT03072836).

2.2  Patient criteria selection

Inclusion criteria

This is a 3-year consecutive cohort, in which patients were included during a medical visit as
part of their longitudinal follow-up. The following criteria were used: i) age over 18 years; ii)
IBD diagnosed since at least 3 months based on clinical, biological, radiological, endoscopic,
and/or histological findings; iii) spondyloarthritis diagnosed on clinical (inflammatory spinal
pain, asymmetric, oligoarticular peripheral arthritis predominating in the lower extremities,
sacroiliitis, dactylitis, possible inflammatory eye disease), radiological (MRI [early stage] or
X-ray [advanced stage] sacroillitis, MRI peripheral arthritis) and biological (HLA B27
positivity, elevated C-reactive protein) criteria according to the European League Against
Rheumatism (EULAR) and the Assessment of Spondyloarthritis international Society
(ASAS); iv) ability of the patient to give express and informed written consent. Healthy
controls were volunteers recruited after a negative colorectal cancer screening.

Exclusion criteria

Recent (<3 months) use of any antibiotic therapy, current extreme diet (e.g., parenteral
nutrition or macrobiotic diet), known history of malignancy, current consumption of
probiotics, any gastrointestinal tract surgery leaving permanent residua (e.g., gastrectomy,

bariatric surgery, or colectomy), recent colonoscopy (<2 months).

2.3 Data collection



As IBD and SpA are chronic by nature, ongoing treatments and disease activity scores (HBI
[Harvey-Bradshaw Index] for IBD and BASDAI [Bath Ankylosing Spondylitis Disease
Activity Index] for arthritis) as well , as well as objective signs of inflammation (CRP, last
endoscopy and/or abdominal MRI), were recorded. Moreover, demographic and biometric
data (age, sex, weight, height, body mass index (BMI)), as well as behavioral habits (smoking
and alcohol consumption) were collected.

2.4 Plasma collection

Blood samples were collected from patients undergoing routine biochemical monitoring in the
rheumatology or gastroenterology departments of Nancy university hospital. Blood samples
were collected in heparinized tubes and centrifuged at 2000 g for 15 minutes for plasma

collection. Plasma samples were stored frozen at -80°C until analysis.

2.5  FTIR spectral acquisition

For FTIR analysis, all plasma samples were diluted three times with 0.9% NaCl solution
(Miniversol, Dutscher, France) and vortexed. For each sample, 15 drops of 5 pulL were
deposited separately on the wells of a 384-well IR-transparent silicon plate (Bruker Optics,
GmbH, Ettlingen, Germany) and dried by vacuum drying for 2h. The dried drops were

examined and found to be homogeneous visually.

After drying, the plate was loaded into the HTS-XT high-throughput extension module
coupled to an FTIR spectrometer (Tensor 27 FTIR spectrometer, Bruker Optics). All deposits
were analyzed and acquisitions were performed by mixing randomly samples from the three
groups within a single multi-well plate, in order to avoid possible bias in data collection. FTIR
measurements were performed in transmission mode at a spectral resolution of 4 cm™ using
32 scans, over the 400-4000 cm™ range. The background absorbance of the blank plate was

measured under the same conditions before each batch analysis and automatically subtracted

from each spectrum (OPUS v6.5 software, Bruker Optics GmbH, Ettlingen, Germany).[31'32]

2.6 Spectral pre-processing

Pre-processing of the spectra was performed using in-house algorithms written in Python
programming language. First, wavenumbers below 1000 cm™, between 1800 cm™ and 2800
cm?, and above 3500 cm™ were cut-off as they correspond to weak and non-informative

signal ranges. Then, normalization and baseline correction were performed using the EMSC
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method (Extended Multiplicative Signal Correction), with a polynomial function of the 2™
order and the average spectrum as the target. Finally, a second EMSC was calculated (4"
order polynomial function, average spectrum as the target), and a threshold on the error of the
model was used for outliers’ elimination, as a quality control process. Overall, less than 6% of

all spectra were eliminated and no patients were eliminated from quality control.

2.7  Chemometrics analysis

A linear discriminant analysis (LDA) classifier was trained on the pre-processed spectra, to
predict if a spectrum derived from a control patient (CP), a patient with CD or with SpA.
LDA was performed using the class “LinearDiscriminantAnalysis” from the Python library
Scikit-learn, with the default parameters. The discriminative potential was evaluated in terms
of accuracy, sensitivity, specificity, F1 score, positive predictive value (PPV), and negative
predictive value (NPV) in a 10-fold cross-validation procedure. Therefore, the patients were
randomly separated into 10 groups, and the LDA classifier was trained on 9 of them and
tested on the last one. By rotating the training and test groups, a prediction for the patients in
each group as a test group was obtained. The confusion matrix in Figure 1 shows the
summary of the predictions made on the test groups. For each patient, up to 15 spectra were
included in the dataset. The class prediction was made for each spectrum, and the predicted

class for a patient was chosen as the majority class among its spectra classes.

The LDA model classifies the spectra into the control class or the diseased class according to
a calculated score. This score is the dot product between the intensities of the spectrum to be
classified and the coefficients of the model. Thus, by studying these coefficients, one can
know which wavenumbers have the most weight in the classification. However, the
coefficients must be multiplied by the standard deviations of the intensity distributions of each
wavenumber in order to obtain an unbiased result. The result is referred as “normalized”
coefficients hereafter.

The normalized coefficients were averaged over the ten LDA models resulting from the 10-
fold cross validation. The coefficients vector was then smoothed using Savitzky-Golay
algorithm (window of 3) to reduce oscillations coming from correlation between intensities of
adjacent wavenumbers. Normalized coefficients with the highest intensity (above 2.5 standard
deviation) were extracted for vibrational attribution. Indeed, they correspond to wavenumbers
which are the most important in the LDA classification. To ensure those wavenumbers were

discriminating, a Mann-Whitney U-test (MWU) was performed for each of them. The test
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compared preprocessed spectra intensities of patients with and without pathology. The
resulting p-values were adjusted by the Bonferroni correction, considering approximately 40

wavenumbers. Wavenumbers with a p-values bellow 0.01 were considered discriminating.

3 RESULTS

In this study, 104 patients were included: 45 with CD, 43 with SpA and 16 without CD or
SpA (Control Patients - CP). Of the 104 patients included, 47 were women and 57 were men.
The median age was 61 years for control patients, 56 years for patients with spondyloarthritis
and 38 years for patients with Crohn's disease. The demography of patient groups is listed in
Table 1.

TABLE 1: Clinical and demographic data of CD, SpA and CP patients

Population and CD SpA CP Total
clinical data
Number of patients 45 43 16 104
Mean age in years 42 +12 55 13 62 +13 53
(range) (26 - 67) (34 - 78) (39 - 87)
Median age (years) 38 56 61 49
Sex
Female 27 17 3 47
Male 18 26 13 57
Sex-ratio (F/M) 1,5 0,7 0,2 0,8
Smoking status
Non-smokers 12 11 9 32
Former-smokers 18 17 6 41
Smokers 15 14 1 30
Alcoholic drinkers 5 8 6 19

As detailed in the material and methods section, spectra were pre-processed and used to
construct 2 LDA classifiers. Results are represented as confusion matrices (Figure 1),
showing whether diseased patients are classified as diseased (true positive) or healthy (false

negative), and whether control patients are classified as diseased (false positive) or healthy



(true negative). For each model, the classification performances were deduced from the

confusion matrix (Table 2).

CP Vs CD classification

CP Vs SpA classification

cp cp

True label
True label

12 %
(5)

cD SpA

cpP CD

CP SpA
Predicted label

Predicted label

FIGURE 1: Confusion matrices of LDA classification for the diagnosis of Crohn's disease
(left) and spondyloarthritis (right). Percentages indicate the fraction of patients classified in
the right class (diagonal) or in the wrong class (outside the diagonal).

TABLE 2: Accuracy, sensitivity, specificity, F1 score, PPV and NPV for CD/CP and SpA/CP
classifications.

CD/CP

SpA /CP

Accuracy = 97%
Sensitivity = 98%
Specificity = 94%

Accuracy = 85%
Sensitivity = 88%
Specificity = 75%

F1 score = 98%
PPV = 94%
NPV = 98%

F1 score = 89%
PPV =71%
NPV = 90%

The normalized coefficients of the LDA model are shown in Figure 2 (bottom rectangles).
Wavenumbers that were the most important (greater than 2.5 standard deviation of the
coefficients) in the classification were identified with color dashed lines displayed on the
median spectra of groups (top rectangles) and the difference spectra (middle rectangles). To
further select the discriminant wavenumbers, a MWU test, with a Bonferroni correction, was
performed. Only wavenumbers with a p-value below 0.01 were selected. Red lines indicate a

positive correlation between absorption intensity and disease probability, while green lines
indicate a negative correlation.
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FIGURE 2: Identification of discriminating wavenumbers for CD vs CP (left) and SpA vs CP
(right). Median spectra (top) of CD or SpA vs CP present subtle differences that are better
seen in the magnified (x60) difference spectra (middle). From the LDA coefficients (bottom),
wavenumbers with the greatest impact on the model were extracted and represented by color
dashed lines.. Red lines correspond to positive correlations with the disease while green ones

correspond to negative correlations.

Selected discriminant wavenumbers formed groups of few contiguous wavenumbers, which is
consistent with the spectral resolution being smaller than the infrared peaks width. In some
groups, the correlation with the disease was both positive and negative. It means LDA was
sensitive to the shape modifications of the infrared peaks (e.g. shift) rather than its intensity.

Significantly different absorption levels were observed in various windows of the spectrum,
associated with proteins with amide 11 band (around 1500 cm?), lipid esters and fatty acids
(C=0 carbonyl stretching; 1700-1800 cm™) and lipids and cholesterol (symmetric and
asymmetric stretching vibrations of CH, and CHs groups 2800-3000 cm™). Discriminant
wavenumbers are summarized in Table 3 for both SpA and CD groups. Main common

wavenumbers were found in the regions of amide Il band and lipids or fatty acids.

TABLE 3: Summary of principal discriminant IR wavenumbers for CD vs CP and SpA
vs CP (Figure 2). For each peak, the assignment and the label are reported. Among adjacent

discriminating wavenumbers, the wavenumber with the most significant p-value is chosen.
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Group )
Peak (cmt) Band assignment!33] Label Ref.
CP-CD | CP-SpA
. . Phospholipids
1380-1385 X Methyl (CH3z) symmetrical C-H bending (241
or ARN
1500-1510 X X Amide Il band Protein 3]
1560-1590 X C=N stretching of ring base Nucleic Base | (3430
1700-1800 X X C=0 stretching band mode of the fatty ester (371
Stretching vibrations of CH, and CHj3 of
2900-2920 X o N [34.38)
cholesterol, phospholipids Lipids
CH stretching vibrations of olefins bands or
3000 X _ [39]
unsaturated fatty acids

4 DISCUSSION

Crohn's disease and spondyloarthritis are chronic inflammatory diseases whose diagnosis is
not always obvious and whose physiopathology is still largely unknown.[*°! The detection of
these pathologies via vibrational spectroscopy analysis of plasma samples appears possible
since promising results were obtained in this pilot study by using LDA based-predictive
models with accuracy rates of 97% and 85% for CD and SpA respectively. This is the first
study to provide such an accurate diagnosis of these two conditions using FTIR.

In vibrational spectroscopy, chemical bonds of molecular components contained in a sample
are probed in a label-free manner and are represented by a spectrum. This spectrum allows to
discriminate a disease from a healthy control by using several discriminating wavenumbers
that can be considered as numerical spectroscopic markers specific of the disease.*3241 The
identified wavenumbers can be associated with chemical entities involved in the pathology
such as inflammatory mediators or genetic factors.[* They can be visualized as a digital

fingerprint on the spectrum or as a spectral barcode.[*?

In the present study, both common and specific discriminant wavenumbers were found in
plasma (Table 3). Common wavenumbers were not unexpected since the diseases share some

common features. First, they are both chronic inflammatory diseases which are known to be
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associated with circulating protein changes (1500-1510 cm™) that could be related to increase
in C-reactive protein (CRP) or IL-6 plasma levels.”*¥] Second, gut microbiota dysbiosis is
thought to play a pathogenic role in both diseases [“4#61. Common changes in gut bacterial
species have been reported [“1 which can, in turn, affect plasma metabolites levels. Indeed, a
variation of fatty acids profile has been reported in serum in the course of both diseases, as a
marker of disease activity“®! and with relevance for diagnostic purpose. Such changes are
consistent with the common profile that we observed in lipid bands (1700-1800 cm™).
However, gut dysbiosis is generally more severe in CD than in SpA on the basis of alpha and
beta bacterial diversity, meaning that disease-specific modifications of the fatty acids profile
can also occur. The lipids-associated wavenumbers (1380-1385, 2900-2920, 3000 cm™) found
in only one of the two inflammatory diseases could be possibly related to changes in short
chain fatty acids levels for CD. Finally, a discriminant band associated with nucleic bases
(1560-1590 cm™) and specific to CD vs CP classification, could be related to changes in
miRNA profile in plasma, as described by Saccon et al.*® The disease-specific signature was

more marked for CD than for SpA, as illustrated by the higher F1 score (Table 2).

In our study, linear discriminant analysis (LDA) was used to process infrared data after
EMSC pre-treatment. Various alternative methods of classification such as support vector
machines (SVM), partial least squares discriminant analysis (PLS-DA) or again convolutional
neural networks (CNN) 2151 are available and could be compared to LDA; but this idea is
out of the scope of the present work. LDA is one of the most widely used supervised methods
for high dimensional spectral data. It aims at maximizing the variance between classes
through a linear discriminant function and has the advantage of identifying the most
informative vibrations in a robust way due to the ease of its optimization.®?l We used a 10-
fold cross-validation procedure at the patient level by using 15 spectra for each sample to

ensure a certain robustness of the prediction model.

Several studies have demonstrated the diagnostic potential of infrared analysis from biofluid
samples, mainly in oncology as mentioned in the introduction of the manuscript. Serum and
plasma samples are the most widely used biofluids and they have proven to contain
informative molecular components that can be used for diagnostic purposes®33l. Recently,

Morasso et al. showed that Raman microspectroscopy could be used for the diagnosis of
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CD.B4 Similarly to our work, they analyzed dried plasma from healthy patients and patients
with CD, and obtained a LDA model with an accuracy of 84% and a F1-score of 87%. Here,
the use of FTIR combined to a high-throughput acquisition module resulted in higher
accuracy and Fl1-score. They found spectral differences corresponding to carotenoids,
aromatic amino acids, lipids, and proteins. The last two match our results, although the
wavenumbers were different, which is to be expected since the vibrations to which Raman
scattering and infrared absorption are active obey to different photonic principles.

In our investigations on CD and SpA, complementary analysis on serum samples could be
carried out and compared to the data obtained from plasma samples. Such a comparison could
permit to investigate if fibrinogen, not present in serum and found in increased amount during
chronic inflammation, is contributive to the discriminating power of FITR spectral

signatures.5>%¢]

Despite the advantages of biofluids as easy to collect samples and carrier of diagnostic
molecular entities, these samples are highly subject to experimental variability. This is likely
to induce non-informative spectral differences in the vibrational analyses and make difficult
the identification of discriminant wavenumbers. Consequently, it is paramount to follow
standardized protocols from samples collection to spectral acquisition. Reference studies,
some of which were carried out in our laboratory, served as a basis for the implementation of
our study protocol®”58l, Thus, for example, the plasma samples were diluted by saline rather

than by distilled water.

Before implementation in routine clinic, the approach needs to be validated on a larger cohort
in a multicentric way. For this pilot study, samples originated from patients seen in
consultation at the Nancy University Hospital during a gastroenterology or rheumatology
assessment. One criticism we could make is that this sample collection resulted in an
imperfect matching between groups, especially between CD and CP groups that present the
highest accuracy rate of classification (90%). Indeed, there were differences in the mean age
and sex ratio between the different groups. To check whether the classification models were
influenced by the age or sex, we looked at the predictions obtained by these models for
subgroups of patients (CD or SpA) with a median age or sex-ratio equivalent to the control
group. Results show that the classification performances from these subgroups were as good
as those obtained with the entire cohorts (Supporting Information Table S1 and Table S2).

This comparison suggests that age or sex has no or insignificant influence on the spectral
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classifications to distinguish between control patients and CD or SpA patients. In the
literature, Magalhées et al. showed, by considering patients between 50 and 95 year-old, that
there is a correlation between age and plasma FTIR spectra via protein conformation,
however on one hand the age range is quite different from our cohort, and in other hand the
wavelengths associated with the protein conformation are not the most discriminating bands
identified in our study.®™! In addition, Morasso et al. in their analysis of spectral differences
between plasma of CD and healthy individuals, investigated the impact of age and sex on the
discriminative power of Raman spectroscopy.® They concluded that even if, for some
discriminant peaks, differences in terms of sex or age can be observed, the difference
associated with the Crohn disease status remained statistically significant. These data support
that the imperfect age and sex-matching between our groups is not a major bias limiting the
discriminative potential of our method, even if data warrant to be confirmed at a larger scale
including younger control volunteers (not very compatible with patient inclusion during
examination for colorectal cancer screening).

In addition, the number of patients in the CP group (n=16) is relatively small compared to the
groups of sick patients (SPA n= 43 and CD n= 46). However, it is assumed that this does not
affect our results, as in other studies in the diagnosis of Alzheimer's disease on blood plasma
or on the search for biomarkers of osteoarthritis on cartilage which also had unbalanced
groups.5°81 Moreover, sensitivity, specificity, F1 score, PPV and NPV are relevant when

dealing with unbalanced groups (Table 2).

Overall, data of this pilot study support the hypothesis that plasma from patients with SpA or
CD present infrared spectral characteristics that can distinguish them from healthy patients.
The development of a diagnostic tool based on FTIR spectroscopy would overcome the lack
of means available for the diagnosis of these pathologies. Such an approach, based on liquid
biopsy, could contribute to an early personalized management of patients allowing to limit the
progression of the disease towards a severe handicap or to follow the response to the
treatment.

The next step to validate this approach for possible clinical applications would be to analyze
more precisely the impact of possible confounding factors such as the presence of
comorbidities or drug treatments, especially immunosuppressants, which are often prescribed
in these inflammatory pathologies. Additionally, future research could focus on finding

spectral markers correlated with disease stage based on severity and flare or remission period.
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