
1Statsenko Y, et al. BMJ Open 2023;0:e068608. doi:10.1136/bmjopen-2022-068608

Open access�

Multimodal diagnostics in multiple 
sclerosis: predicting disability and 
conversion from relapsing-remitting to 
secondary progressive disease course – 
protocol for systematic review and  
meta-analysis

Yauhen  Statsenko  ‍ ‍ ,1 Darya  Smetanina  ‍ ‍ ,1 Teresa  Arora,2 Linda  Östlundh,3 
Tetiana  Habuza,4 Gillian Lylian  Simiyu,1 Sarah  Meribout,5 Tatsiana  Talako,1 
Fransina Christelle  King,6 Iryna  Makhnevych,1 Juri  Gelovani,7,8 Karuna M  Das,1 
Klaus Neidl-Van  Gorkom,1 Taleb M  Almansoori,9 Fatmah  Al Zahmi,10,11 
Miklós  Szolics,9 Fatma  Ismail,12 Milos  Ljubisavljevic6

To cite: Statsenko Y, 
Smetanina D, Arora T, et al.  
Multimodal diagnostics in 
multiple sclerosis: predicting 
disability and conversion from 
relapsing-remitting to secondary 
progressive disease course – 
protocol for systematic review 
and  
meta-analysis. BMJ Open 
2023;0:e068608. doi:10.1136/
bmjopen-2022-068608

	► Prepublication history and 
additional supplemental material 
for this paper are available 
online. To view these files, 
please visit the journal online 
(http://dx.doi.org/10.1136/​
bmjopen-2022-068608).

Received 26 September 2022
Accepted 03 May 2023

For numbered affiliations see 
end of article.

Correspondence to
Dr Yauhen Statsenko;  
​e.​a.​statsenko@​uaeu.​ac.​ae

Protocol

© Author(s) (or their 
employer(s)) 2023. Re-use 
permitted under CC BY-NC. No 
commercial re-use. See rights 
and permissions. Published by 
BMJ.

ABSTRACT
Background  The number of patients diagnosed with 
multiple sclerosis (MS) has increased significantly over 
the last decade. Identifying the transition from relapsing-
remitting to secondary progressive MS presents a 
challenge. Since the number of available methods to 
examine patients with MS is limited, both the diagnostics 
and the prognostication of disease progression would 
benefit from the multimodal approach combining the 
evidence obtained from disparate radiologic modalities, 
neurophysiological evaluation, cognitive assessment and 
molecular diagnostics. This systematic review will analyse 
the advantages of multimodal studies in predicting the risk 
of conversion to secondary progressive MS.
Methods and analysis  Peer-reviewed publications 
available in Web of Science, Medline/PubMed, Scopus, 
Embase and CINAHL databases will be used. We will 
consider in vivo studies reporting the predictive value 
of diagnostic methods. Selected publications will be 
processed through Covidence software for automatic 
deduplication and blind screening. Two reviewers will 
use a predefined template to extract the data from the 
eligible studies. We will analyse (1) sensitivity, specificity 
and accuracy, area under the curve, positive predictive 
value and negative predictive value in classification 
models predicting the risk of secondary progression 
and (2) accuracy of the regression models forecasting 
disability scores expressed as the ratio of mean absolute 
error to the range of values. Then, we will create ranking 
charts representing the performance of algorithms 
predicting disability level and MS progression. Finally, 
we will compare the predictive power of radiological and 
radiomical correlates of clinical disability and cognitive 
impairment in patients with MS.
Ethics and dissemination  The study does not require 
ethical approval because we will analyse publicly available 
literature. The project results will be published in a peer-
review journal and presented at scientific conferences.

PROSPERO registration number  CRD42022354179.

INTRODUCTION
The number of patients diagnosed with 
multiple sclerosis (MS) increased from 2.3 
to 2.8 million worldwide between 2013 and 
2020.1 These global statistics are published 
every 5 years in the Atlas of MS, serving as the 
official database for the Multiple Sclerosis 
International Federation. The latest report 
included 115 countries covering 87% of the 
world’s population. Notably, data are missing 
for most African and several Central and 
Southeast Asian countries and do not include 
the total population of countries where MS 

STRENGTHS AND LIMITATIONS OF THIS STUDY
	⇒ The protocol is prepared according to Preferred 
Reporting Items for Systematic Reviews and 
Meta-Analyses guidelines for systematic review 
and is registered with the international database, 
PROSPERO database.

	⇒ The systematic review compares distinct diagnostic 
modalities, and their settings for predicting clini-
cal disability and the conversion from relapsing-
remitting to secondary progressive multiple 
sclerosis. This helps identify the most suitable tool 
for confirming the disease stage and monitoring its 
progression.

	⇒ A notable limitation of this systematic review is the 
uneven distribution of published studies regarding 
each diagnostic method to be used in the analysis.
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clinics fail to report the total number of cases.2 3 The atlas 
data are limited for paediatric patients.2

The disease rates differ markedly among the coun-
tries. In the early 2000s, the highest incidence of MS was 
reported in North America and Northern Europe, and it 
was lower in Central Africa and Asia.4 5 Hypothetically, the 
occurrence of MS rises in relation to increasing distance 
from the equator. However, this tendency is not supported 
by the similarities in MS incidence in South and North 
Europe (137–187 vs 167 cases per 100 000 individuals in 
Italy and Iceland, respectively).6 Worldwide, the highest 
incidence was reported in the Italian region Sardinia 
and the Canadian province Saskatchewan (330 vs 314).4 7 
Before 2000s, the Persian Gulf countries were considered 
a low-risk zone for MS. However, recent studies reported a 
rise in the number of MS cases in these countries with an 
average of 31–55 individuals per 100 000 people.

Challenges in predicting disability and risk of conversion from 
relapsing-remitting to secondary progressive disease course
Predicting MS progression has always been an issue of 
attention for research scientists and clinical praticioners. 
For instance, the conversion from relapsing-remitting 
MS (RRMS) to a secondary progressive MS form (SPMS) 
remains challenging to predict. On average, nearly 80% 
of patients with RRMS develop SPMS within 20 years from 
the onset. In 50% of patients, the transition to SPMS 
occurs within 10 years after the first episode.

Over the past decade, several studies raised concerns 
about identifying the factors that account for the RRMS-to-
SPMS transition. However, no uniform clinical, imaging, 
pathological or immunological criterion that reliably 
marks or predicts such a transition was described.8 The 
SPMS diagnosis is based on retrospective analysis of the 
apparent increase in physical disability over the previous 
6–12 months,9 and the timing of conversion is an essen-
tial predictor of physical and cognitive dysfunction.8 10 
The exact time point of RMS-to-SPMS conversion can 
be missed due to the lack of clear diagnostic threshold 
criteria. Reports on the forecast of RRMS-to-SPMS 
conversion provide limited information on the predictive 
value of diagnostic findings received with MRI, molecular 
imaging and neurophysiological tests. For example, MS 
progression is known to correlate with the subarachnoid 
space enlargement due to parenchymal loss.11 12 Other 
radiologic predictors for disease disability and conversion 
to SPMS refer to the number of cortical lesions, atrophied 
lesion volume, smouldering plaques (slowly expanding 
lesions) and spinal cord lesions.12–15 Still, the prognosti-
cation of disease course is challenging.

Disparities in the previous results of studies make risk 
assessment of clinical and cognitive disabilities difficult. 
Studying clinical disability, authors reported conflicting 
findings about its correlation with radiological markers.16 
Some papers reported a clinical-radiological paradox 
which is a mismatch between clinical and radiolog-
ical measures.17 18 Contrarily, a recent article showed 
a strong association between the volume reduction in 

brain structures and the Expanded Disability Status Scale 
(EDSS).19 Some studies on cognitive disability revealed 
that the clinical type of MS does not necessarily correlate 
with the cognitive dysfunction level. For example, 
Ntoskou et al20 reported that patients with RRMS and 
SPMS showed similar results in cognitive tests on verbal 
learning, semantic fluency and processing speed. Indi-
vidual variance in cognitive reserve may contribute to this 
phenomenon.

Diagnostic value of radiological, functional and genetic 
findings
MRI is a method of choice to support the clinical diag-
nosis of MS.21 Other imaging and neurophysiological 
modalities can potentially assist in disease detection, 
differentiation and progress assessment. MRI is one 
of the components proposed in McDonald criteria for 
diagnosing MS. However, the application of MRI varies 
among different forms of the disease. Commonly, MRI 
is used to identify patients with the clinically isolated 
syndrome suggestive of the RRMS onset and patients 
with insidious neurological progression suspected for the 
primary progressive MS. The confirmation of the MS type 
is based on the T2 lesions count, the lesion distribution 
and dissemination in time or space.22 However, other 
neurological diseases may also manifest with such lesions.

Numerous approaches were tested to decrease the 
number of false or misdiagnosed MS cases.
1.	 Studies evaluated the diagnostic value of MRI modal-

ities. Patients with RRMS have acute demyelinating 
plaques and vasogenic oedema that can be identified 
with postcontrast T1-weighted (T1w) and diffusion-
weighted imaging (DWI). Although DWI-MRI findings 
are consistent with the T1GAD-MRI sequence, Yousefi 
et al found contrast-enhanced imaging to be superior 
to DWI. The latter had 66.99% sensitivity (Sn) and 
99.76% specificity (Sp) in detecting acute MS lesions 
from the total number of plaques in patients with ac-
tive relapses when T1GAD was used as a standard.23 
Another critical identifier of MS is the paramagnetic 
rim at the edge of non-gadolinium-enhancing lesions, 
which are characteristic of an aggressive disease form. 
Three-dimensional echo-planar imaging detects the 
paramagnetic rim more accurately than T1w brain im-
aging with routine settings.24

2.	 The combined analysis of imaging modalities was used 
for an advanced MS lesion detection. For instance, 
Cetin et al compared the classification accuracy of 
different modalities in segmenting brain tissues with 
and without MS lesions in the same dataset. The study 
showed that the criteria based on a combination of T1w, 
T2 fluid-attenuated inversion recovery (FLAIR), and 
conventional T2 sequences identified MS lesions with 
the sensitivity of 90% reflecting the portion of only suc-
cessfully classified MS lesions among all ‘perceived’ MS 
lesions and specificity of 65%.25 In a combined analysis 
of FLAIR and T2 sequences, patients with MS (pwMS) 
were distinguished from those with small vessel disease 
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with 96%–100% sensitivity and over 80% specificity.26 
Joint evaluation of FLAIR and FLAIR* images modest-
ly improved diagnostic accuracy for MS. In a study with 
healthy adults and patients with other neurological pa-
thologies serving as controls, the detection of MS cases 
improved when the images were considered together 
(0.93 vs 0.98 area under the curve (AUC) averaged 
across different raters).27

3.	 Bioengineers developed a radiomics signature of 
MS from diffusion tensor imaging. It depicts nerve 
bundles and can differentiate patients with MS from 
healthy controls with 87% sensitivity and 91.7% spec-
ificity.28 Radial diffusivity increases in response to de-
myelination, and axial diffusivity decreases with axo-
nal damage.29 Advanced diagnostics may result from 
postprocessing (image segmentation) and analysis of 
radiomics.

4.	 Another way to improve diagnostic accuracy is the 
modification of existing MRI protocols and scanners. 
Seven Tesla MRI scanners are superior in detecting 
chronic inflammation compared with the machines 
with a three Tesla magnification.30

5.	 The development of multiparametric quantitative (q)
MRI enables radiologists to detect microstructural 
changes in tissue composition. Subtle or diffuse tissue 
desintegration due to gliosis, demyelination, axonal 
loss and infiltration of immune cells may occur then 
the conventional MRI appear normal. The qMRI could 
considerably improve follow-up studies of patients with 
MS by assessing tissue remodelling over time.31

Molecular imaging
Positron emission tomography (PET) detects neuroin-
flammation and successfully distinguishes between RRMS 
and SPMS.32 PET is also helpful in differentiating MS 
lesions from gliomas.33 However, the most commonly 
used radiotracer—fluorodeoxyglucose—is not efficient 
in brain PET studies since the glucose uptake is too high. 
Reasonably, researchers are looking for other markers of 
neuroinflammation, for example, translocator protein 18 
(TSPO), cannabinoid and adenosine receptors, astrogli-
osis and sphingosine 1-phosphate receptors.34

Electroencephalography (EEG) has a potential to 
diagnose MS at an early onset since non-invasive EEG is 
used to evaluate the structural and functional connec-
tivity. Hence, it can indicate disconnection among brain 
regions caused by the demyelination in MS. EEG detects 
an increase in slow frequencies and decrease in the alpha 
band in 40%–79% of patients with MS.35 EEG with photic 
stimulation can distinguish patients with MS from healthy 
controls with 80% accuracy.36 The data on the application 
of EEG for diagnosing MS are lacking, but the method 
holds promise as an adjuvant modality when assessing 
pwMS.

Evoked potentials are also used in MS diagnostics. 
Studies on motor evoked potential indicate that patients 
with MS show a prolonged latency, increased central 
motor conduction time and reduced signal amplitudes. 

The increase in central motor conduction time is more 
common than the prolongation of the silent period, yet 
all the reported findings reflect the clinical disability 
level.37 38 The multifocal visual evoked potential (mfVEP) 
studies can also assess abnormalities that patients with MS 
exhibit in their visual field, for example, diminished inten-
sity delayed nerve conduction velocity and wave cancella-
tion.39 A study compared the detection of optic neuritis in 
patients with MS with mfVEP, Humphrey visual field and 
optic coherence tomography (OCT). The optic neuritis 
history was determined by clinical signs and symptoms. 
Patients with MS without optic neuritis served as a control 
group. The research publication reported 89% sensitivity 
for detecting the damage to the optic nerve in MS cases 
with mfVEP, which is considerably higher than the sensi-
tivity of OCT (62%) and Humphrey visual field assess-
ment (72%).40 The vestibular evoked myogenic potential 
studies detect brain stem dysfunction typical of MS. In a 
study with a cross-sectional design, the method discrimi-
nated between healthy controls and pwMS with the sensi-
tivity reaching 70%.41 Notably, results in vestibular-evoked 
myogenic potentials do not correlate with the defects 
detected with VEP.41

Molecular biology and genetic tests
Clinical diagnostics of MS can be complemented by 
analysing blood serum and cerebrospinal fluid because 
molecular markers are highly sensitive to neuroinflam-
mation.42 MicroRNAs (miRNAs) of serum exosomes 
are significantly dysregulated in patients with MS.43 The 
deficiency in exosomal expression of specific miRNAs 
correlates with radiological and clinical signs of the acute 
phase of RRMS,42 while other miRNAs demonstrate an 
increased expression in the primary progressive form of 
the disease.44 The concentration of myeloid microvesi-
cles in the cerebrospinal fluid also rises in patients with 
MS. The number of microvesicles reflects the number of 
enhancing lesions and predicts disability in RRMS and 
SPMS patients.45 The intrathecal synthesis of oligoclonal 
IgG is considered to be the immunological hallmark of 
MS: oligoclonal IgG bands are associated with increased 
levels of disease activity and disability.46 Worsening of the 
patient’s condition is also associated with higher levels of 
neurofilament light (Nfl) in blood serum or plasma.47 Nfl 
is a marker of neuronal injury in many neurodegenera-
tive pathologies.48 The elevated concentration of Nfl is 
commonly observed in patients with pronounced cogni-
tive dysfunction.49

Diagnostics of cognitive impairment is also relevant to 
patients with MS as it is detected in 30%–60% of cases. It 
is a highly debatable question how to test the impairment 
with the lengthy batteries of neuropsychological tests: 
brief repeatable battery of neuropsychological tests and 
the minimal assessment of cognitive function in MS.50 
In order to cover nearly all cognitive domains, these 
batteries consist of 7–14 tests.51 Such a comprehensive 
assessment seems to be abundant since MS affects mostly 
two domains: information processing speed and episodic 
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memory.52 Slowed articulation rate is a reliable (91% 
sensitivity) discriminator between patients with MS with 
and without a decline in information processing speed 
as measured with the Symbol Digit Modalities Test and 
Paced Auditory Serial Addition Test-3.53 The test results 
correlate with the articulation rate which is a marker of 
cognitive impairment.53

Multimodal examination seems to hold new promise 
to enhance diagnostic precision in medicine. A new 
diagnostic software confirms MS and other neurological 
diseases based on demographic and clinical features.54 
A clinical decision support system was shown to distin-
guish patients with RRMS from those with nine other 
pathologies (meningitis, cerebral palsy, migraine, cluster 
headache, stroke, epilepsy, Parkinson, Huntington and 
Alzheimer’s disease). The system performance reached 
99% accuracy and 100% sensitivity when clinical and non-
clinical data were used as predictors. The clinical predic-
tors included MS symptoms and signs (the number and 
the duration of clinical attacks), MRI data (lesion type, 
location, quantity), laboratory findings (the number of 
oligoclonal bands, the IgG index) and VEP measure-
ments. The non-clinical predictors were age, gender, 
previous neurological symptoms, family medical history 
and a viral infection such as HIV.55

Prognosic potential of diagnostic data
Prediction of disease progression received special atten-
tion in the past decades. The approaches to forecast the 
disease course are as follows. First, the burden of cortical 
lesions may correlate with disease severity. Quantifying the 
severity of damage in lesions can help physicians to distin-
guish RRMS from SPMS. When fractional anisotropy is 
measured, diffusion tensor MRI discriminates between 
MS types with 85% sensitivity and 65% specificity. When 
the mean diffusivity is calculated, the performance drops 
to 62% sensitivity and 75% specificity.56 Second, molecular 
imaging quantifies microglial activation which increases as 
the disease progresses.57 Binding 11C-PK11195 tracer with 
TSPO is commonly used to detect microglial activation in 
the cortical grey matter of patients with MS.58 A major 
advantage of TSPO-PET is the identification of diffuse 
inflammation around lesions58 and the reflection of clin-
ical disability.32 59 TSPO-radioligand uptake or the distri-
bution volume ratio of TSPO-PET is used in combination 
with other clinical and radiological variables to predict 
disease progression. However, models fed with these data 
have an insufficient sensitivity (52.9%–55%) and speci-
ficity of 95% for predicting progression in the entire MS 
cohort.59 60 Third, NfL and the glial fibrillar acidic protein 
(GFAP) are candidates for MS-associated pathologies. 
The levels of these biomarkers in CSF correlate positively 
with the increase in neurological disability. NfL and GFAP 
categorise SPMS and RRMS patients with 54%–57% sensi-
tivity and 84%–89% specificity.61 Forth, neurophysiolog-
ical biomarkers can discriminate clinical subtypes of MS. 
For example, abnormalities in somatosensory temporal 
discrimination threshold (STDT) and short intracortical 

inhibition (SICI) reflect neurodegenerative processes 
which play an important role in SPMS pathophysiology. 
Compared with SICI, STDT has a lower sensitivity (94.4% 
vs 58.8%) and higher specificity (67.9% vs 54.3%) in 
differentiating the MS subtypes.62 The preliminary liter-
ature analysis showed a low classification accuracy of the 
discussed methods. To obtain conclusive evidence on the 
applicability of the tools for predicting MS conversion 
and progression, we aim to perform a systematic review 
and meta-analysis.

OBJECTIVES
We aim to analyse the advantages of the multimodal 
approach in predicting MS progression, specifically, in 
the RRMS-to-SPMS conversion. The objectives of this 
project will be as follows:

	► Explore which settings of diagnostic methods corre-
late with the accuracy of MS identification. These 
settings may include the strength of the magnetic 
field, parameters of MRI scanning sequences (eg, T1, 
FLAIR, susceptibility-weighted imaging (SWI)), the 
type of MRI contrast and PET tracers, the injection 
time, the number of EEG electrodes and the miRNAs 
expression profiles.

	► Rank the diagnostic methods for MS identification and 
progression prediction by sensitivity and specificity.

	► Find the most reliable predictors for MS progression 
and disability level.

	► Compare the predictive power of radiological find-
ings and radiomics data as indicators of clinical disa-
bility and cognitive impairment in patients with MS.

METHODS AND ANALYSIS
To prepare the protocol, we followed the checklist of the 
Preferred Reporting Items for Systematic Review and 
Meta-Analysis Protocol (PRISMA-P) checklist. The PRIS-
MA-P checklist is available in online supplemental mate-
rial file 1 .

Study design and data source
A comprehensive systematic review and meta-analysis will 
cover the literature on MS, its subtypes differentiation 
and monitoring of the disease progression. To perform 
the literature search, we will use five databases: Web of 
Science, Medline/PubMed, Scopus, Excerpta Medica 
Database Guide and CINAHL. We will extract papers 
written in English and published from January 1990 to 
December 2022. The keywords and medical subject head-
ings will be as follows: MS, relapsing-remitting, secondary-
progressive, progression, sensitivity and specificity, area 
under the receiver-operating characteristic (ROC) curve, 
mean absolute error (MAE). We will also include each 
type of diagnostic method into the search strings. The 
detailed search strategy is presented in online supple-
mental file 1. Our preliminary search indicated a greater 
number of studies devoted to MRI diagnostics rather 
than other methods. For this reason, the review will have 
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a disparity in the number of analysed papers for each 
proposed method.

Eligibility criteria
The review will include in vivo MS studies with a cross-
sectional and longitudinal design. We will consider the 
provided treatment for the meta-analysis and include 
interventional studies covering the disease progression. 
This study will only include papers published in peer-
reviewed journals, and no grey literature will be consid-
ered. We will exclude protocol papers, editorial letters, 
reviews and case studies. The selected studies must report 
the sensitivity, specificity and accuracy of diagnostic modal-
ities. Moreover, we will not consider papers which only 
reported accuracy. Furthermore, we will target scientific 
publications which reported data on men and women of 
any age, including paediatrics. Participants should be free 
from primary mental disorders, head injuries and central 
nervous system pathologies other than MS. Since we focus 
on the accuracy of predicting RRMS-to-SPMS conver-
sion, the papers for review should compare the patients 
whose disease form progressed into the confirmed SPMS 
with those who sustained the relapsing-remitting disease 
course.

The literature inclusion and exclusion criteria are listed 
in table 1

Study records
Selection process
Two reviewers will conduct an initial search and screen 
the articles independently. They will review the titles and 
abstracts of the studies and select only those meeting the 
inclusion criteria. Then, they will review the full text to 
confirm the eligibility of the study. The selected papers 
will be uploaded to Covidence for automatic deduplica-
tion and blinded screening. Reproducible search strings 
for all databases will be appended to the review. The 
researchers will record the selection process and results 
according to the 2020 PRISMA statement. Furthermore, 
they will depict the selection process and outcomes in a 
PRISMA flow chart.

Data extraction
The research team will create an online form containing 
specified measures and study characteristics, which will 
be analysed in the review. This will include disease form, 
diagnostic modality, sample size and studied biomarkers. 
The necessary measures will include the performance 
metrics of predictive algorithms listed in subsection 3.1. 
From eligible papers, we will also extract data on EDSS, 
MSSS and ARMSS, and cognitive examinations mentioned 
in table 1. These scores will be used for the correlation of 
a disability level with radiological findings in pwMS. We 
will pay particular attention to the acquisition setting of 

Table 1  Inclusion and exclusion criteria

Inclusion criteria Exclusion criteria

For literature For participants

General criteria

1. Original peer-reviewed studies written in 
English and published from January 1990 to 
December 2022
2. In vivo studies
3. Small study cohort (8–500 patients with 
RRMS and/or SPMS)
4. Studies with a longitudinal and cross-
sectional design
5. Female and male participants of any age
6. Individuals free from primary mental 
disorders, head injuries, on-MS related central 
nervous system pathologies

1. Grey literature
2. Editorial letters, reviews and 
protocol papers
3. Case studies
4. Studies that did not report 
sensitivity and specificity
5. Surgical interventional studies
6. Exposure of the participants to 
any factor that can potentially affect 
results
7. Nationwide studies and cohorts 
with over 500 patients with MS

1. Mental and psychological disorders 
(F00–F99 in ICD-10)
2. Cerebrovascular diseases (I60–I69)
3. Organic pathologies of the central 
nervous system (eg, brain and meninges 
tumours—C71, D32-33)
4. Head injuries (S00–S09)

Subobjectives 1–2

7. Disease progression, cognitive impairment 
in MS

Same criteria as listed above Same criteria as listed above

Subobjectives 3–4

8. Scores on the expanded disability status 
scale disability status scale or MS severity 
score or age-related MS severity
9. Score in Mini-Mental State Examination or 
Brief Repeatable Neuropsychological Battery 
or Symbol Digit Modalities Test or the Minimal 
Assessment of Cognitive Function in MS

Same criteria as listed above Same criteria as listed above

MS, multiple sclerosis; RRMS, relapsing-remitting MS; SPMS, secondary progressive MS.
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medical images (eg, the strength of the magnetic field) 
and the comparison groups/golden diagnostic standards 
in the reviewed studies. The extracted information will be 
grouped by such settings to allow adequate data analysis.

Quality assessment of individual studies
For the risk assessment, we will resort to the quality assess-
ment tool for observational cohort and cross-sectional 
studies.63 Two reviewers will use the assessment criteria 
and identify studies with the lowest risk of bias. In case 
of disputes, a third reviewer will decide if a study should 
be included. The research team will assess the risk of bias 
with the following criteria: sample size, gender of partic-
ipants, diagnostic method, the strength of the magnetic 
field of the scanner (1.5, 3 Tesla or above), MRI scanning 
sequences (eg, T1w, FLAIR, SWI), type of studies (primary 
diagnostics or follow-up). To avoid selection bias between 
the papers, we will consider the studies conducted on 
relatively small cohorts (8–500 patients with RRMS and/
or SPMS).

We will analyse (1) sensitivity, specificity and accuracy, 
AUC, positive predictive value, and negative predic-
tive value in classification models predicting the risk of 
secondary progression and (2) accuracy of the regression 
models forecasting disability scores expressed as the ratio 
of MAE to the range of values. The publication bias will 
be assessed with a funnel plot created by plotting each 
estimate against the sample size as it was done in meta-
analytical studies on diagnostic accuracy by Gong et al 
and Qu et al.64 65 The plots will be constructed with metafor 
package for meta-analysis in R.66 The package has a 
programme implementation of the ‘trim and fill’ method 
which allows us to calculate the number of studies needed 
for constructing a symmetric funnel plot.67 Researchers 
can use disparate thresholds of disability scales to confirm 
the MS progression. To overcome this reporting bias and 
construct an appropriate summary ROC curve, we will 
use the Steinhausen random effect model.68 The model 
allows to determine optimal cut-offs in the meta-analysis 
of the diagnostic and prognostic test accuracy. The model 
is implemented in diagmeta R package.69 To do the calcu-
lation, we will collect true positive, false positive, true 
negative, false negative from eligible articles.70 If these 
parameters are not reported, we will request the details 
from the corresponding author of the particular paper.

Data analysis and synthesis
Our data analysis will follow the objectives of the study 
(see figure 1 for the study pipeline).

We will review the diagnostic and prognostic power 
of methods for detecting MS and describe radiological 
correlates of the disease severity (the first study objec-
tive). Hence, we will focus on MRI, PET, electrophysio-
logical methods, cognitive assessment and molecular lab 
tests. We will look into genetic and epigenetic markers. 
For the comparison, we will review the metrics of success 
specified in ‘Quality assessment of individual studies’ 

subsection. These variables will be examined directly with 
the methods described below.

Once the data are extracted into a predefined work-
book, we will group them by the diagnostic method. To 
generalise the results beyond the included studies, we will 
use the random-effects model while conducting the meta-
analysis. For the analysis, we expect to receive enough 
studies (over 5) per each diagnostic method. We will eval-
uate the normality assumption of all the collected findings 
(Sn, Sp, ACC, AUC, MAE, MAE/range) with Shapiro-
Wilk test.71 Commonly, the results of diagnostic accuracy 
studies are distributed non-normally. If this is the case, 
we will use the bivariate generalised linear mixed model 
function from metafor R package to avoid the unneces-
sary normality assumption within studies.72 The model 
will be also employed to calculate the true positives and 
true negatives.

The simultaneous consideration of a set of statistical 
inferences can lead to the multiple testing problem. To 
resolve the problem, we will apply multiple comparison 
corrections. For example, we will use the Bonferroni 
correction that is the best-known solution for making 
statistical tests more stringent.73 We will divide the critical 

Figure 1  Study pipeline. EDSS, Expanded Disability Status 
Scale.
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p value (0.05) by the number of pairwise comparisons 
being made on the dataset. The modified p value will 
be used to assess the statistical power of the study. In our 
analysis, we will consider two outcome measures (‘RRMS-
to-SPMS conversion’ and ‘disability progression’) and 
use n variables reflecting results in diagnostic tests: two 
outcome measures will be measured against n hypothe-
sised predictors. A Bonferroni adjusted significance level 
of alpha will be calculated to account for increased possi-
bility of false-positive results. We will limit the number of 
tested hypothesis to a maximum of 10, otherwise the risk 
of false-negative results will increase.

Multiple testing results in the between-study heteroge-
neity which will be assessed with the Higgins-Thompson 
I2 test.74 We expect years lived with MS and EDSS score 
to be the sources of heterogeneity in the meta-analysis. 
The calculation of I2 statistics will be done with dmetar R 
package.75 I2 values of 75% and above signal a high level 
of variability among the results of individual studies. If this 
is the case, we will resort to a narrative systematic review 
instead of the meta-analysis. To avoid the heterogeneity 
due to setting variance of diagnostic tests, we will conduct 
the subgroup analysis with metafor package in R.76

If the distribution of variables is normal and I2 value 
is below 75%, we will model the sensitivity and speci-
ficity values with the bivariate linear mixed model imple-
mented in ​meta.​dt R package.77 Calculation of the pooled 
performance metric will be made to assess summary 
performance metrics for each diagnostic method. We 
will also construct a hierarchical summary ROC curve for 
the prediction of the disease progression. The analysis 
will be conducted with the mada R package which is a 
common tool for meta-analyses of the diagnostic/prog-
nostic power.78

To rank the diagnostic methods for MS identification 
and progression prediction (the second study objec-
tive), we will create forest plots and summary ROC space 
presenting performance of the algorithms trained on 
various diagnostic findings separately and in combina-
tion.79 In this subobjective, the performance metrics 
remain the same as in the previous one. The difference 
in performance will be confirmed by a significance level 
≤0.05. We will adopt standard approaches to compare the 
distribution of outcome measurements among different 
diagnostic procedures used to predict the MS progres-
sion. Mada package will be used to accomplish these 
tasks.78

In objectives 3 and 4, we will study associations between 
distinct markers of MS progression and the disability level 
(eg, scores on EDSS, MS Severity Score and Age-Related 
MS Severity). This part of the analysis will be carried 
out on papers reporting the aforementioned scores for 
studied cohorts.

Review status
The review started in October 2022 and it will be 
completed in March 2024.

Potential amendments
We predefined the inclusion and exclusion criteria and 
conducted a preliminary search to avoid possible amend-
ments. However, any necessary changes during the review 
preparation will be reported by updating the online regis-
tered PROSPERO protocol.

Patients and public involvement
The study does not involve patients or members of the 
public.

ETHICS AND DISSEMINATION
The systematic review does not require an ethical 
approval. The study findings will be published in a peer-
reviewed journal and presented as a poster or presenta-
tion at scientific conferences.
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