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The conventional statistical approach for analyzing resting state functional MRI (rs-fMRI) data 
struggles to accurately distinguish between patients with multiple sclerosis (MS) and those with 
neuromyelitis optic spectrum disorders (NMOSD), highlighting the need for improved diagnostic 
efficacy. In this study, multilevel functional metrics including resting state functional connectivity, 
amplitude of low frequency fluctuation (ALFF), and regional homogeneity (ReHo) were calculated 
and extracted from 116 regions of interest in the anatomical automatic labeling atlas. Subsequently, 
classifiers were developed using different combinations of these selected features to distinguish 
between MS and NMOSD. Compared to models based on individual MRI features, support vector 
machine (SVM) and logistic regression (LR) models that integrated multilevel functional features such 
as RSFC, ALFF, and ReHo demonstrated the highest levels of performance on the testing cohorts 
(SVM, AUC = 0.857; LR, AUC = 0.929). Adding structural features of gray matter volume (GMV) data did 
not notably improve the classification performance of the machine learning models using multilevel 
rs-fMRI features. Notably, similar trends were observed across different brain templates, with models 
based on RSFC, ALFF, and ReHo yielding optimal performance. These findings suggest that utilizing 
multilevel fMRI features can effectively differentiate between MS and NMOSD patients.
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Multiple sclerosis (MS) and neuromyelitis optic spectrum disorder (NMOSD) are two relatively common 
autoimmune diseases with similar imaging characteristics. The latter has been considered as a subtype of MS in the 
past, and even called “Asian MS”. But in fact, there are differences in immunopathogenesis, clinical presentation, 
optimum treatment, and prognosis1–3. When a NMOSD patient is misdiagnosed with MS, immunomodulatory 
medication therapy makes patients’ symptoms worsen1. Therefore, to lessen the degree of disability, economic 
hardship, and social impact of patients with MS and NMOSD, correct diagnosis and suitable therapy are crucial.

The anti-aquaporin 4 (AQP4) antibody is a specific biomarker for neuromyelitis optic spectrum disorder 
(NMOSD) that helps differentiate between patients with multiple sclerosis (MS) and NMOSD. However, the 
sensitivity of the antibody test may vary, potentially resulting in false-negative results. Additionally, AQP4 
antibody levels can decrease during NMOSD remission, posing challenges for detection in certain regions. In 
addition to AQP4 antibody testing, differential diagnosis is often based on specific MRI features seen in patients 
with MS and NMOSD2. These features include long lesions of the optic nerve (at least half its length) (23/26, 
88%) and spinal cord (at least 3 vertebral segments) (24/26, 92%) which are part of the diagnostic criteria for 
seronegative NMOSD4. Furthermore, unlike MS, MRI features like hypothalamic lesions, periventricular linear 
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lesions, and periventricular lesions of the brainstem have been identified as specific to NMOSD5–7. Moreover, 
recent imaging studies have shown that radiomic characteristics of lesions, morphological features, and white 
matter organization on routine imaging can also aid in distinguishing between MS and NMOSD patients8–11. 
However, there remains a notable distinction between the lesion burden observed on routine imaging and the 
severity of symptoms or functional impairment in patients, which brings a gap or barrier to clinical practice.

Functional MRI (fMRI) is a valuable tool for investigating brain plasticity mechanisms and can be used to 
map the functional reorganization that occurs in MS and NMOSD in vivo, potentially addressing the 'clinical-
radiological paradox’. Resting state fMRI (rs-fMRI) is commonly used in clinical research due to its ability to avoid 
cognitive or executive dysfunction interference by not requiring specific tasks. However, traditional statistical 
methods in rs-fMRI may not be sufficient to distinguish between MS and NMOSD patients. Recently, a study 
of machine-learning algorithms based on fMRI data have been used to distinguish MS patients from healthy 
controls (HCs) with 85.7% accuracy12. These initial findings suggest a broader application of machine learning 
techniques to fMRI data in MS patients, highlighting the potential of rs-fMRI features in distinguishing between 
MS and NMOSD. Different types of features capture the distinct dimensions between MS and NMOSD patients, 
and some researchers have obtained encouraging results with over 85% accuracy by leveraging multilevel fMRI 
features for the differential diagnosis of various neurological diseases13–19, such as Alzheimer’s disease19 and 
major depressive disorder13. Additionally, Sun K et al13 also proposed that incorporating structural information 
has the potential to enhance the classification accuracy of multilevel fMRI classifiers.

The study aimed to explore the utility of multilevel fMRI features in distinguishing between patients with 
MS and NMOSD. Initially, the effectiveness of individual fMRI indices in classifying the diseases was examined. 
Subsequently, the research focused on identifying the optimal combination of multilevel fMRI indices for 
classification accuracy. Structural information was than incorporated to create multilevel functional-structural 
image joint features models, aiming to determine if these joint features could enhance the classifier’s performance. 
Finally, the study assessed the consistency of findings through a repeatability analysis of Harvard–Oxford Atlas 
(HOA) templates. The goal of this study is to differentiate MS and NMOSD patients effectively using multilevel 
imaging features and enhance the clinical applicability of fMRI.

Materials and methods
Participants
Fifty-seven MS patients and 36 NMOSD patients were recruited from the First Affiliated Hospital, Jiangxi 
Medical College, Nanchang University between 2011 and 2023. The inclusion criteria for MS patients were: 
(i) age between 18 and 65 years, and (ii) clinically confirmed and reviewed by the revised diagnostic criteria 
of McDonald in 201720. The inclusion criteria for NMOSD patients were: (i) age between 18 and 65 years, and 
(ii) clinically confirmed and reviewed by the 2015 NMOSD international consensus diagnostic criteria2. The 
exclusion criteria for patients were: (i) history of head injury or other neuropsychiatric diseases; (ii) presence of 
other autoimmune diseases; (iii) contraindications to MRI scanning; (iv) poor image quality.

This study adhered to the principles outlined in the Declaration of Helsinki, and approval for the study 
protocol was granted by the Human Research Ethics Committee of the First Affiliated Hospital of Nanchang 
University (Granted No.: 2021-4-074). Prior to participation, everyone provided written informed consent.

Clinical and neuropsychological assessments
All patients diagnosed with MS and NMOSD underwent evaluation using the following scales: (i) The Extended 
Disability Status Scale (EDSS) was used to assess cumulative disability status, with higher scores indicating more 
severe physical deficits (EDSS score ≤ 2.5 for low disability, between 2.5–6.5 for moderate disability, and EDSS 
score ≥ 6.5 for severe disability); (ii) The Paced Auditory Serial Addition Test (PASAT) was administered to 
measure impaired cognitive information processing speed; (iii) The Modified Fatigue Impact Scale (MFIS) was 
utilized to assess the impact of fatigue on cognitive, physical, and psychosocial functions in patients with MS 
and NMOSD.

MR imaging acquisition
Imaging data were obtained using a Trio 3.0T MRI scanner and an 8-channel phase-controlled head coil 
(Siemens, Munich, Germany). During the scan, each participant maintained a supine position, wore ear 
plugs, used foam pads to minimize head movement, closed their eyes, relaxed, and stayed awake. They 
were instructed not to engage in specific thoughts during the rs-fMRI scan. The rs-fMRI image acquisition 
was performed using an echo planar imaging sequence with gradient echo: repetition time (TR)/echo time 
(TE) = 2000/30 ms, matrix = 64 × 64, field of view (FOV) = 210 × 210 mm2, slice thickness = 4.00 mm, and 240 
time points. Additionally, high-resolution 3D T1-weighted images were acquired with TR/TE = 1900/2.26 ms, 
matrix = 240 × 256, FOV = 215 × 230 mm2, slice thickness = 1.00 mm, and 176 sagittal slices.

Data preprocessing
The following preprocessing was performed on the MATLAB R2018b (Math Works, Inc.) platform using the 
DPARSF_V5.2 (http://rfmri.org/DPARSF) toolbox for the 3D-T1 and fMRI data of each subject: (i) removal 
of the first 10 time points; (ii)slice timing correction; (iii) head motion correction, we restricted the further 
analysis in participants with no more than 2.0° angular rotation on any axis or 2.0 mm translation; (iv) covariates 
such as linear drift, white matter signal, and cerebrospinal fluid were removed without global signal regression; 
(v) spatial normalization was conducted by first registering functional images to high-resolution T1 data, then 
segmenting and registering T1 images to the standard space of the Montreal Neurological Institute template 
space, and finally resampling to a voxel size of 3.0 × 3.0 × 3.0 mm3; and (vi) the data were filtered to 0.01–0.1 Hz 
to attenuate respiration and other high-frequency physiological noises (except for amplitude of low-frequency 
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fluctuations (ALFF) calculation). In the present study, four types of features were extracted. It should be noted 
that the preprocessing for different types of feature calculations was different. The detailed preprocessing 
procedures for each type of fMRI metric were introduced in the Supplementary Methods.

Feature extraction
In this study, the regional homogeneity (ReHo), ALFF, and gray matter volume (GMV) maps were initially 
calculated using standard procedures. The GMV map was obtained after segmentation and then spatially 
smoothed (Gaussian kernel: 6 mm) for subsequent analysis and statistical purposes.

Subsequently, each of these maps was divided into 116 regions of interest (ROIs) based on the automated 
anatomical labeling (AAL) atlas. The ReHo, ALFF, or GMV values for each ROI were determined as the average 
ReHo, ALFF, or GMV value across all voxels within the ROI. To assess resting-state functional connectivity 
(RSFC), the average time series of each ROI was computed by averaging the rs-fMRI time series of all voxels 
within the ROI. Pearson correlation analysis was conducted on all ROI time series pairs, and the Fisher z 
transformation was applied to convert the correlation coefficients into z values. A total of 6670 Z-transformed 
correlation coefficients were used as the RSFC between all ROI pairs, plus 116 ReHo and 116 ALFF values, 
resulting in a total of 6902 multilevel resting state functional image features, and 116 GMV structural image 
features (Fig. 1).

Feature selection
All patients were randomly allocated into the training and testing cohorts in a 7:3 ratio. Subsequently, we filtered 
the optimal feature set from the training set. Initially, The features in the training cohorts are normalized by 
Z-score normalization. Then, we employed the Pearson rank correlation test to evaluate the linear correlation 
between individual features for redundancy elimination. Once two features have a stronger correlation, they will 
have a higher absolute value of the correlation coefficient. We selected one of the features for subsequent analysis 
when a Pearson correlation coefficient > 0.65 was found between each feature. Finally, least absolute shrinkage 
and selection operator (LASSO) regression was utilized for feature selection with non-zero coefficients as 
valuable predictors in each feature group. The weight coefficient of the final selected feature was retained. Given 
the higher dimensionality of RSFC compared to other feature types, in addition to the outlined feature selection 
process, further dimension reduction was conducted based on the number of RSFCs between different brain 
regions. Specifically, for the RSFCs retained after LASSO, the quantity of RSFCs associated with each brain 
region was documented. The greater the number of RSFCs linked to a specific brain region, the more closely that 
region was associated with distinguishing between MS and NMOSD patients. Brain regions with multiple RSFC 
features were selected, ultimately preserving the RSFC features between them.

Model building
Following feature selection, the study evaluated the discriminative ability of different types of features in 
distinguishing between patients with MS and NMOSD. Each type of feature captures unique aspects of the 
differences between MS and NMOSD, leading to the generation of 15 combinations. These combinations 
include: (i) ReHo, ALFF, RSFC single functional image features and GMV single structural image features; (ii) 
various multilevel functional image feature combinations such as ReHo + ALFF, ReHo + RSFC, ALFF + RSFC, 
ReHo + ALFF + RSFC; and (iii) multilevel functional image-structural image joint features combinations like 
ReHo + GMV, ALFF + GMV, RSFC + GMV, ReHo + RSFC + GMV, ReHo + ALFF + GMV, ALFF + RSFC + GMV, 
ReHo + ALFF + RSFC + GMV.

Then, we employed Python 3.7.12 Scikit-learn to develop machine learning classification models for each 
feature combination. The different performance of two machine learning classifiers, support vector machine 
(SVM) and logistic regression (LR), in different feature combinations was compared. Furthermore, all models 
were validated using the testing cohorts. The models’ ability to discriminate was assessed using receiver 
operating characteristic (ROC) curves and area under the curve (AUC) values in the testing cohorts. Evaluation 
metrics such as accuracy, sensitivity, and specificity were also considered. To estimate the clinical usefulness of 
the prediction models, decision curve analysis (DCA) was performed to assess the net benefit of the prediction 
models in the testing cohorts. Furthermore, we implemented tenfold cross-validation (CV) to assess the models’ 
performance and report the relevant performance metrics.

Repetitive experiment
To assess the consistency of study findings across different templates, the current study utilized not only the 
AAL template but also the Harvard Oxford Atlas (HOA). The HOA template divides the whole brain, excluding 
the cerebellum, into 112 regions, with a similar analysis approach to the AAL template. A comparison was 
made between the results obtained using these two templates, focusing on the selected brain regions and the 
classification outcomes.

Statistical analysis
We employed IBM SPSS Statistics (Version 21.0, USA) to assess the clinical variables. Categorical variables were 
compared using Chi-square tests, and quantitative variables were compared using t-tests or the Mann–Whitney 
U-test to assess the differences in clinical characteristics among patients. A significance level of P < 0.05 was 
applied for statistical significance.

To explore the relationship between discriminant brain regions and clinical symptoms in patients with MS 
and NMOSD, partial correlation analysis was conducted with age and sex as covariates (P × n < 0.05, Bonferroni 
correction). The analysis considered clinical data such as PASAT scale scores, EDSS scale scores, MFIS scale 
scores, and disease duration in both MS and NMOSD patients.
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Results
Demographic and clinical data profiling
One MS patient was excluded due to head motion with greater than 2.0° angular rotation or 2.0 mm translation. 
Fifty-six MS patients and 36 NMOSD patients were entered into the final analysis. The demographic and clinical 
information are shown in Table 1. There were no significant differences between the two groups in terms of age, 

Fig. 1.  Schematic outline of the whole study analysis procedure. Initially, multilevel functional image features 
(RSFC, ALFF, ReHo) and GMV structural image features were extracted using the AAL atlas (repetitive 
experiment was performed based on the feature set extracted from the HOA atlas). Subsequently, feature 
selection was carried out using the Pearson correlation test and LASSO regression to select crucial features 
and reduce dimensionality. Following this, SVM and logistic regression models were constructed using 
various combinations of features. The performance of the classifier was then evaluated using ROC curves and 
quantitative metrics. Finally, discriminative features were pinpointed, and correlation analysis was conducted 
to elucidate the underlying pathological mechanisms in MS and NMOSD patients. Notes RSFC, resting 
state functional connectivity; ALFF, amplitude of low-frequency fluctuations; ReHo, regional homogeneity; 
GMV, gray matter volume; AAL, Anatomical Automatic Labeling; HOA, Harvard–Oxford Atlas; LASSO, 
least absolute shrinkage and selection operator; SVM, support vector machine; ROC, receiver operating 
characteristic.
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sex, EDSS scores, PASAT scores, and disease duration. In addition, there was a statistically significant difference 
in MFIS scores between MS and NMOSD patients (P = 0.035 < 0.05), suggesting that the overall fatigue levels of 
the MS patients were higher compared to the NMOSD patients.

Features selected for discriminating between MS and NMOSD
For the AAL template, following feature screening based on a Pearson correlation coefficient threshold of > 0.65, 
a total of 3361 features (49%) were retained. This included 73 ALFF features (63%), 3211 RSFC features (48%), 
12 GMV features (10%), and 65 ReHo features (56%). Subsequently, LASSO regression was applied for feature 
selection, identifying non-zero coefficients as valuable predictors within each feature group. Ultimately, 9 ALFF 
features, 14 ReHo features, 31 RSFC features, and 5 GMV features were retained for distinguishing between 
patients with MS and NMOSD (see Fig. 2 and Table 2). Among the 31 RSFCs (Supplementary Material Table S1), 
there were seven brain regions with 3 RSFCs and six brain regions with 2 RSFCs. Seven direct RSFCs between 

Fig. 2.  The brain regions selected using the AAL template. (A) Brain regions selected from ALFF; (B) Brain 
regions selected from ReHo; (C) Brain regions selected from GMV; (D) Brain regions selected from RSFC. 
Note MS, multiple sclerosis; NMOSD, neuromyelitis optic spectrum disorders; AAL, Anatomical Automatic 
Labeling; RSFC, resting state functional connectivity; ALFF, amplitude of low-frequency fluctuations; ReHo, 
regional homogeneity; GMV, gray matter volume.

 

MS (N = 56) NMOSD (N = 36) P value

Gender (M/F) 17/39 7/29 0.265a

Age, years (mean ± SD) 41.81 ± 11.48 40.92 ± 12.69 0.350b

EDSS (median (IQR)) 1.00 (1.50) 1.00 (1.50) 0.469c

PASAT (median (IQR)) 90.00 (26.50) 98.00 (24.75) 0.132c

MFIS (mean ± SD) 8.77 ± 4.29 7.84 ± 5.65 0.035b

Disease duration, months (median (IQR)) 24.00 (30.50) 26.00 (76.25) 0.427c

Table 1.  Demographic and clinical characteristics of MS and NMOS patients. MS, multiple sclerosis; NMOSD, 
neuromyelitis optic spectrum disorders; EDSS, Expanded Disability Status Scale, PASAT, Paced Auditory Serial 
Addition Test; MFIS, Modified Fatigue Impact Scale; F, female; M, male; SD, standard deviation; IQR, inter-
quartile range, N, number. achi-square test; b2-sample t test; cMann-Whitney U test.
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these 13 regions (≥ 2 RSFCs) were observed and therefore selected as the most discriminative RSFCs. Thus, after 
the above feature selection, we finally retained 7 RSFCs (Fig. 2 and Table 3, Supplementary Material Figure S1).

Moreover, the selected features were predominantly located in the default mode network (DMN) and 
cerebellum. Notably, ReHo features in the cerebellum played a significant role in distinguishing between MS and 
NMOSD patients. (Fig. 3).

RSFC order

Brain area A Brain area B

Weight coefficientName (AAL ID) WASHU network Name (AAL ID) WASHU network

1 Frontal_Inf_Oper_L(11) Frontoparietal network Cerebelum_3_R(96) Cerebellum 0.029

2 Cingulum_Ant_L(31) Default mode network Cuneus_L(45) Visual network 0.039

3 Cuneus_L(45) Visual network Temporal_Pole_Sup_L(83) Default mode network 0.002

4 Occipital_Sup_R(50) Visual network Vermis_3(110) Cerebellum − 0.014

5 Occipital_Mid_R(52) Visual network Temporal_Pole_Sup_L(83) Default mode network 0.006

6 Postcentral_L(57) Sensorimotor network Vermis_1_2(109) Cerebellum − 0.021

7 Caudate_L(71) Subcortical Temporal_Pole_Sup_L(83) Default mode network − 0.040

Table 3.  The RSFCs features selected for discriminating between patients with MS and NMOSD using the 
AAL template. MS, multiple sclerosis; NMOSD, neuromyelitis optic spectrum disorders; L, left; R, right; RSFC, 
resting state functional connectivity; AAL, anatomical automatic labeling.

 

Brain area (AAL ID) WASHU network Weight coefficient

ALFF

 1 Frontal_Inf_Tri_R(14) Salience − 0.065

 2 Frontal_Inf_Orb_R(16) Unknown − 0.037

 3 Rectus_R(28) Unknown − 0.045

 4 Supra Marginal_L(63) Affective network − 0.057

 5 Paracentral_Lobule_R(70) Sensorimotor network 0.029

 6 Temporal_Pole_Sup_R(84) Default mode network − 0.052

 7 Cerebellum_Crus1_R(92) Cerebellum 0.029

 8 Cerebellum_8_R(104) Cerebellum 0.037

 9 Vermis_6(112) Cerebellum 0.054

ReHo

 1 Frontal_Inf_Tri_R(14) Salience − 0.029

 2 Insula_R(30) Cingular-opercular network − 0.055

 3 Cingulum_Ant_R(32) Default mode network − 0.055

 4 Occipital_Mid_R(52) Visual network 0.040

 5 Occipital_Inf_R(54) Visual network 0.004

 6 Temporal_Sup_R(82) Ventral attention network 0.030

 7 Temporal_Pole_Sup_L (83) Default mode network 0.069

 8 Temporal_Mid_L(85) Default mode network 0.014

 9 Temporal_Pole_Mid_L(87) Default mode network − 0.031

 10 Temporal_Inf_R(90) Unknown 0.021

 11 Cerebellum_Crus1_L(91) Cerebellum − 0.081

 12 Cerebellum_3_R(96) Cerebellum 0.088

 13 Cerebellum_10_R(108) Cerebellum 0.006

 14 Vermis_4_5(111) Cerebellum − 0.154

GMV

 1 Parietal_Sup_R(60) Dorsal attention network 0.029

 2 Cerebellum_10_R(108) Cerebellum 0.020

 3 Cerebellum_Inferior(104) Cerebellum − 0.015

 4 Thalamus_R(78) Subcortical − 0.140

 5 Vermis_10(116) Cerebellum 0.010

Table 2.  The ALFF, ReHo, and GMV features selected for discriminating between patients with MS and 
NMOSD using the AAL template. MS, multiple sclerosis; NMOSD, neuromyelitis optic spectrum disorders; L, 
left; R, right; AAL, Anatomical Automatic Labeling; ALFF, the amplitude of low-frequency fluctuation; ReHo, 
regional homogeneity; GMV, gray matter volume.

 

Scientific Reports |         (2025) 15:1909 6| https://doi.org/10.1038/s41598-024-84508-8

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


The ability of the selected features to discriminate between MS and NMOSD
To determine the optimal model for distinguishing MS and NMOSD patients, we evaluated the performance 
of SVM and LR classifiers across 15 combination models (see Table 4, Fig.  4). Using the AAL template, we 
observed the following: (i) SVM and LR classifiers built with a single MRI feature had AUC ranges of 0.667 to 
0.833 and 0.738 to 0.786, as well as ACC ranges of 0.667 to 0.812 and 0.739 to 0.833, respectively. (ii) The SVM 
and LR models incorporating RSFC, ALFF, and ReHo multilevel functional image features exhibited superior 
performance, achieving AUC values of 0.857 (95% confidence interval (CI) 0.618–1.000) and 0.929 (95% CI 
0.762–1.000), along with ACC values of 0.818 and 0.909, respectively. These results outperformed models based 
on single functional or structural features. Furthermore, the model exhibited promising clinical usefulness (see 
Supplementary Material Figure S2-3). (iii) Combining functional and structural image features yielded AUC 
ranges of approximately 0.738 to 0.825 for SVM and 0.722 to 0.889 for LR classifiers, and ACC ranges of 0.696 to 
0.846 and 0.652 to 0.875, respectively, indicating lower classification performance compared to models utilizing 
multilevel functional features (RSFC, ALFF, and ReHo). Furthermore, the results of tenfold cross-validation to 
assess the models’ performance corroborated these findings (see Supplementary Material Table S6).

Repeatability analysis of HOA templates
For the HOA template, after feature screening with the same Pearson correlation coefficient threshold of 
> 0.65, 3104 features (47%) were retained, including 60 ALFF features (54%), 2951 RSFC features (47%), 13 
GMV features (12%), and 80 ReHo features (71%). Following LASSO regression for feature selection, 8 ALFF 
features, 14 ReHo features, 4 GMV features, and 31 RSFC features were ultimately retained for the purpose 
of discriminating between patients with MS and NMOSD. The detailed information on the selected features 
was listed in Supplementary material Tables S2 and S3. Among these 31 RSFCs (see Supplementary Material 
Table S3), eight brain regions had three RSFCs, and five brain regions had two RSFCs. Seven direct RSFCs were 

Fig. 3.  The weight coefficients of ALFF, ReHo, GMV, and RSFC features were retained after selection using 
the AAL template. Note L, left; R, right; AAL, Anatomical Automatic Labeling; RSFC, resting state functional 
connectivity; ALFF, amplitude of low-frequency fluctuations; ReHo, regional homogeneity; GMV, gray matter 
volume.
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identified among these 13 regions (with ≥ 2 RSFCs) and were selected as the most discriminative RSFCs. Thus, 
after the aforementioned feature selection, we ultimately retained seven RSFCs (see Supplementary Material 
Table S4).

For the HOA template, the classification performance was listed in Supplementary material Table S5. The 
results showed that the SVM and LR classifiers constructed by the combination of RSFC + ALFF + ReHo showed 
better classification performance in the testing cohorts (AUC = 0.875 (95% CI 0.679–1.000); AUC = 0.917 (95% 
CI 0.769–1.000)). It implied that the model built with RSFC + ALFF + ReHo was the most robust model for 
distinguishing patients with MS and NMOSD using the HOA template. Furthermore, the model exhibited 

Fig. 4.  The ROCs of the SVM and LR models which were built with 15 combinations among the four types 
of features using the AAL templates. Note SVM, support vector machine; LR, logistic regression; AAL, 
Anatomical Automatic Labeling; RSFC, resting-state functional connectivity; ALFF, amplitude of low-
frequency fluctuations; ReHo, regional homogeneity; GMV, gray matter volume.
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promising clinical utility as depicted in Supplementary material Figure S4-5. Furthermore, the results of tenfold 
cross-validation to assess the models’ performance corroborated these findings (see Supplementary Material 
Table S7).

Correlation analysis
The partial correlation analysis results revealed that certain brain features (RSFC, ALFF, and ReHo) used to 
construct the optimal classifier exhibited significant correlations with clinical scores in both MS and NMOSD 
patient groups (see Supplementary Material Table S8-9). Notably, the ALFF value in the right inferior frontal 
gyrus orbital part demonstrated a negative relationship with the MFIS score in the MS group (r = − 0.337, 
P × n < 0.05, Bonferroni correction) (Fig.  4A). Similarly, the ALFF value in the right cerebellar 8 area was 
negatively correlated with the MFIS score in the NMOSD patient group (r = − 0.545, P × n < 0.05, Bonferroni 
correction) (Fig. 4B). Moreover, the RSFC values between the left inferior frontal gyrus opercular part and a 
region within the right cerebellum 3 area showed a significantly negative association with the PASAT score in the 
NMOSD patient group (r = − 0.544, P × n < 0.05, Bonferroni correction) (Fig. 4B). Additionally, the RSFC value 
between the left caudate nucleus and the left temporal pole superior temporal gyrus displayed a significantly 
negative correlation with the EDSS score in the NMOSD patient group (r = − 0.476, P × n < 0.05, Bonferroni 
correction) (Fig. 4B).

This study also found significant correlations between certain GMV features and the clinical presentations 
of patients with MS and NMOSD (Fig. 4A,B). Specifically, in the MS group, a negative correlation was observed 
between the MFIS score and the GMV value of the right cerebellum 10 area (r = − 0.371, P × n < 0.05, Bonferroni 
correction). Similarly, in the NMOSD group, a negative correlation was found between the GMV value of the 
right thalamus and the disease duration (r = − 0.613, P × n < 0.05, Bonferroni correction).

Furthermore, there were trend correlations between the final selected features and EDSS scores, PASAT 
scores, MFIS scores, and disease duration in both MS and NMOSD (r = − 0.425 to 0.478, P < 0.05, Bonferroni 
uncorrected) as shown in Fig. 5A,B.

Discussion
This study discovered that combining multilevel rs-fMRI imaging features machine learning classification that 
identifies MS and NMOSD with AUC and accuracy exceeding 80%, especially for the LR classifier (AUC: 0.929, 
ACC: 0.909). Additionally, the inclusion of GMV information did not significantly enhance the machine learning 
classification of multilevel rs-fMRI imaging features. The optimal model’s features are predominantly located in 
relevant brain areas such as the cerebellum and DMN. Furthermore, the final selected features between MS and 
NMOSD patients are significantly associated with their respective clinical manifestations. These findings not 
only enhance the clinical utility of fMRI but also offer further evidence to elucidate the clinical impairments 
observed in MS and NMOSD patients.

Classification model
The differential diagnosis of patients with MS and NMOSD presents a challenge due to the possibility of 
misdiagnosis stemming from negative autoantibodies in cerebrospinal fluid and serum samples, as well as 
overlapping MRI features with MS. Recent studies have focused on utilizing data mining tools to enhance the 
analysis of brain image data for improved disease diagnosis8,21,22. For instance, He et al.23 utilized radiomics 
technology to extract radiomics features of lesions in T2-weighted images, effectively distinguishing between 
patients with MS and NMOSD. While this approach has shown promise in the differential diagnosis, 
interpreting numerical data derived from this analysis, such as texture and wavelet transform features, can be 
challenging in terms of their biological significance22,24,25. Although rs-fMRI features are more straightforward 
to interpret than radiomics features, their lack of specificity limits their practical application. Eshaghi et al.26 
employed support vector machine classifiers to differentiate patients with MS and NMO with an accuracy 
of 88%, with the functional indicators included in this study limited to functional network connectivity, and 
structural information contributed the most to distinguishing disease. These findings suggest that rs-fMRI 
features can serve as neuroimaging markers for identifying MS, but their diagnostic efficacy may be limited due 
to the singular nature of the included images and inadequate exploration of fMRI data, potentially overlooking 
valuable information. Importantly, our findings reaffirm that individual functional imaging features alone are 
insufficient for distinguishing between patients with MS and NMOSD.

It is a reasonable assumption that combining multilevel functional image features can enhance classification 
performance. The RSFC captures the spatial correlation of neurophysiological activity across various brain 
regions27. The ALFF indicates the intensity of spontaneous oscillatory functional activity in the brain28. The 
ReHo measures the temporal consistency of neighboring regions in intrinsic neural activity29. GMV reflects 
changes in the volume of gray matter30. Utilizing different types of features can offer complementary insights to 
distinguish neurological differences between patients with MS and NMOSD.

As expected, combining RSFC, ALFF, and ReHo features led to improved classification performance 
compared to using a single MRI measure. However, classification models incorporating both fMRI and GMV 
indicators performed poorly on the test set, suggesting that structural indicators like GMV may interfere 
with fMRI indicators in distinguishing between MS and NMOSD patients. Additionally, the study evaluated 
the consistency of results using both the AAL and HOA brain templates. The findings demonstrated that the 
model constructed with RSFC, ALFF, and ReHo features was the most robust in distinguishing between MS and 
NMOSD patients.

Taken together, our study successfully developed an accurate and robust neural function models (RSFC, 
ALFF, and ReHo), demonstrating that MS and NMOSD can be accurately identified using machine learning 
with single-modal, multilevel rs-fMRI data.
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Different brain parcellation schemes may generate ROIs with distinct sizes and locations, leading to unique 
feature representations that influence classification performance. The primary aim of the AAL atlas was to provide 
a standard anatomical reference for fMRI data. However, the borders of each ROI in the atlas were delineated 
using sulcal landmarks, which exhibited poor consistency with cytoarchitectonic borders31,32, resulting in 
variable sulcal and gyral patterns32. In contrast, the HOA atlas incorporates information on sulcal and gyral 
geometry33, potentially offering a better reflection of individual variability. This study compared the consistency 
of results obtained from different templates, thereby demonstrating the robustness of the findings. However, due 
to the similarities in spatial resolution between HOA and AAL, the information extracted from these atlases may 
also exhibit limitations. However, finer segmentation schemes may involve small sample sizes paired with high-
dimensional features, leading to potential overfitting of the model. Consequently, future studies utilizing larger 
datasets or multi-center data collections in conjunction with more refined segmentation schemes may enhance 
the robustness of the results.

The relationship of multilevel functional imaging features and clinical impairments
The features screened between the MS and NMOSD group covered a wide range of brain network areas, but 
they were mainly distributed in the cerebellum and DMN related brain regions. The cerebellum integrates 
multiple circuits throughout the brain and is involved in motor, cognitive, and emotional functions34. Extensive 
changes in cerebellar structure and function had been reported in both MS35,36 and NMOSD37,38 patients, but 
most studies only focused on local cerebellar gray matter volume changes, and the sensitivity to distinguish 
diseases was low. Recent studies characterized convergent and divergent alterations in within-cerebellar and 
cerebello-cerebral morphological and functional connectivity in MS and NMOSD. The results showed that 
functional connectivity had the potential to distinguish MS from NMOSD39. These differences are consistent 
with the findings of our study, suggesting that abnormal changes in cerebellar function may be one of the most 
potent biomarkers. Surprisingly, our study found that the RSFC values between the left inferior frontal gyrus 

Fig. 5.  The final selected features were significantly associated with EDSS scores, PASAT scores, MFIS scores 
and disease duration in MS (A) and NMOSD (B) groups. Note *, P < 0.05, P × n > 0.05, Bonferroni correction; 
**, P < 0.05, P × n < 0.05, Bonferroni correction; RSFC, resting-state functional connectivity; ALFF, amplitude 
of low-frequency fluctuations; ReHo, regional homogeneity; GMV, gray matter volume; EDSS, Expanded 
Disability Status Scale; PASAT, Paced Auditory Serial Addition Test; MFIS, Modified Fatigue Impact Scale; L, 
left; R, right; ORBinf, the inferior frontal gyrus orbital part; REC, the cerebellum; PCL, the paracentral lobule; 
TPOsup, the temporal pole: superior temporal gyrus; STG, the superior temporal gyrus; VER, the vermis; 
THA, the thalamus; MOG, the middle occipital gyrus; CAU, the caudate nucleus; ITG, the inferior temporal 
gyrus; ACG, the anterior cingulate and paracingulate gyri; CUN, the cuneus.
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opercular part and a region within the right cerebellum had significantly negative correlations with the PASAT 
scores. Previous studies had also shown the abnormalities in brain-cerebellar functional connectivity are often 
associated with emotional and cognitive impairments.

The DMN is thought to be associated with the clinical symptomatology of several brain disorders and might 
have increased vulnerability to pathology due to hypothesized high oxygen consumption and blood Flow40. 
Neurovascular uncoupling has been recently described as a possible mechanism of brain dysfunction in severely 
impaired MS41 and NMOSD41 patients, and it might account for the reduced rs-fMRI activity of the DMN. 
Conversely, some studies have observed a higher RSFC in DMN in patients with MS42 and NMOSD43 because 
they enroll a high proportion of cognitively preserved patients, probably shifting the balance towards a pattern of 
increased RSFC. Moreover, our study discovered that the RSFC values between the left caudate nucleus and the 
left temporal pole superior temporal gyrus had significantly negative correlations with the EDSS scores. Taken 
together, these findings suggest that the DMN might be another potential core area for further understanding of 
the pathophysiology of MS and NMOSD patients.

There are some limitations in this study. First, this study only used a single central data set for analysis 
without verification of the model’s generalization with external data sets. Second, the methodology for 
calculating ReHo, ALFF, and GMV values involves averaging voxel values within each ROI, which may be 
sensitive to outliers due to the use of mean values. Third, while the study explored the potential of structural 
data to enhance the classification performance of the multilevel rs-fMRI model, it only focused on gray matter 
volume. Future research could consider incorporating indexes such as white matter volume and white matter 
fiber tract connectivity.

Conclusion
We developed a SVM and LR classifiers, which demonstrated high accuracy and predictive performance based 
on multilevel rs-fMRI features for differentiating MS and NMOSD. This significantly enhances the practical 
applicability of fMRI. However, to validate the generalizability of our model and explore the feasibility of 
incorporating additional structural information, external datasets are still required.

Data availability
The data supporting the findings of this study are available from the First Affiliated Hospital of Nanchang Uni-
versity. However, restrictions apply to the availability of these data as they were used under license for the cur-
rent study and are not publicly available. Data can be obtained from the corresponding author upon reasonable 
request and with permission from the First Affiliated Hospital of Nanchang University.
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