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Abstract
Background and purpose: Multiple	sclerosis	(MS)	is	a	complex	autoimmune	disease	of	the	
central	nervous	system,	with	numerous	therapeutic	options,	but	a	lack	of	biomarkers	to	
support	a	mechanistic	approach	to	precision	medicine.	A	computational	approach	to	pre-
cision	medicine	could	proceed	from	clinical	decision	support	systems	(CDSSs).	They	are	
digital	tools	aiming	to	empower	physicians	through	the	clinical	applications	of	information	
technology	and	massive	data.	However,	the	process	of	their	clinical	development	is	still	
maturing;	we	aimed	to	review	it	in	the	field	of	MS.
Methods: For	 this	 scoping	 review,	we	 screened	 systematically	 the	 PubMed	 database.	
We	identified	24	articles	reporting	14	CDSS	projects	and	compared	their	technical	and	
software	development	aspects.
Results: The	projects	position	themselves	in	various	contexts	of	usage	with	various	al-
gorithmic	approaches:	expert	systems,	CDSSs	based	on	similar	patients'	data	visualiza-
tion,	and	model-	based	CDSSs	implementing	mathematical	predictive	models.	So	far,	no	
project	 has	 completed	 its	 clinical	 development	up	 to	 certification	 for	 clinical	 use	with	
global	 release.	 Some	CDSSs	have	been	 replaced	at	 subsequent	project	 iterations.	The	
most	advanced	projects	did	not	necessarily	report	every	step	of	clinical	development	in	
a	dedicated	article	 (proof	of	 concept,	offline	validation,	 refined	prototype,	 live	 clinical	
evaluation,	comparative	prospective	evaluation).	They	seek	different	software	distribu-
tion	options	to	integrate	into	health	care:	 internal	usage,	“peer-	to-	peer,”	and	marketing	
distribution.
Conclusions: This	review	 illustrates	the	potential	of	clinical	applications	of	 information	
technology	and	massive	data	to	support	MS	management	and	helps	clarify	the	roadmap	
for	future	projects	as	a	multidisciplinary	and	multistep	process.

K E Y W O R D S
artificial	intelligence,	big	data,	clinical	decision	support	system,	multiple	sclerosis,	precision	
medicine
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INTRODUC TION

The	use	of	information	technology	(IT)	to	support	clinical	decision-	
making	through	human–computer	interactions	has	been	envisioned	
with	 the	 concept	of	 augmented	 intelligence.	The	 technologies	 re-
quired	for	that	only	reached	sufficient	maturity	recently	with	mas-
sive	 datasets	 and	 the	 breakthroughs	 of	 artificial	 intelligence	 (AI).	
Clinical	 decision	 support	 systems	 (CDSSs)	 are	 the	 archetypical	
translation	of	these	technologies	into	digital	tools	to	empower	phy-
sicians [1].	They	integrate	(i)	individual	data	of	a	given	patient	with	
(ii)	 computerized	knowledge	 to	provide	 (iii)	 a	personalized	assess-
ment or recommendation to the physician [2]. It may be symptom 
rating or an individual prognosis to support clinical decisions such as 
diagnosis,	treatment	selection,	or	monitoring.	This	value	proposition	
must	be	differentiated	from	perception	aids	like	dashboards	(i.e.,	ac-
tionable	visualization	of	a	given	patient's	data	with	no	 integration	
with	computerized	knowledge),	automatic	measurement	tools	(i.e.,	
assessment	of	naturally	quantitative	measures),	and	discussion	sup-
port	for	shared	decision-	making	(i.e.,	nonindividualized	recommen-
dation)	[3].	General-	purpose	CDSSs	have	been	widely	implemented	
as	embedded	modules	in	electronic	health	records	(EHRs),	such	as	
contraindication	warnings	or	computerized	physician	ordering	entry	
[4].	However,	more	specialized	CDSS	projects,	whose	developments	
require	significant	scientific	expertise	and	dedicated	web	platforms,	
are less disseminated [5].	These	projects	embody	the	development	
of	a	computational	approach	to	precision	medicine.	There	is	a	vast	
amount	of	preclinical	publications	on	predictive	models	using	var-
ious	AI	techniques	[6,	7].	The	clinical	development	consists	of	 im-
plementing	these	proofs	of	concepts	in	CDSSs	to	be	integrated	into	
routine	health	care.	Here,	we	aim	to	review	the	clinical	development	
of	CDSSs	in	the	field	of	multiple	sclerosis	(MS).

MS	is	the	most	frequent	autoimmune	disease	of	the	central	nervous	
system	 (CNS),	 affecting	 approximately	 2.8	million	 people	worldwide	
with a rising prevalence [8]. Its typical natural history starts during early 
adulthood and evolves until advanced ages. Its precise pathophysiol-
ogy	is	unsolved,	associated	to	various	degrees	with	relapsing–remitting	
inflammatory	and	progressive	neurodegenerative	processes.	There	are	
no	well-	defined	disease	subtypes,	apart	from	the	traditional	clinical	dis-
tinction	of	the	primary	progressive	course	from	the	relapsing–remitting	
course	 (RR-	MS)	 sometimes	 transitioning	 to	 a	 secondary	 progressive	
course	(SP-	MS).	In	other	diseases,	molecular	biomarkers	such	as	auto-
antibodies or somatic mutations have enabled a mechanistic approach 
to	precision	medicine.	In	MS,	the	paucity	of	molecular	biomarkers	avail-
able	in	routine	examination	and	the	heterogeneity	of	individual	natural	
histories	and	therapeutic	responses	make	MS	challenging	for	precision	
medicine [9].	Nonetheless,	numerous	immunoactive	disease-	modifying	
treatments	are	now	approved	with	various	efficacies	[10].	Yet,	none	is	
fully	curative.	As	the	brain	tissue	has	low	repair	capacities,	MS	manage-
ment	consists	of	preventing	brain	tissue	 injury	and	personalizing	the	
therapeutic intervention by choosing the right treatment at the right 
time,	making	predictions	ethical	and	desirable.

There	 are	 three	 main	 algorithmic	 approaches	 to	 CDSSs.	 (i)	
Expert	 systems	 (a.k.a.,	 knowledge-	based	 CDSSs)	 implement	 human	

knowledge	into	knowledge	bases	to	support	deductive	reasoning	[11]. 
(ii)	CDSSs	based	on	data	visualization	query	and	visualize	the	data	of	
similar	patients	 recorded	 in	 reference	databases	 to	 support	 analogy	
reasoning.	Such	on-	demand	accessible	reference	databases	are	called	
“data	marts”	 [12].	 (iii)	Model-	based	 CDSSs	 implement	mathematical	
predictive	models	 fitted	with	 training	 datasets.	 They	 are	 commonly	
termed	“AI-	powered”	or	“AI-	driven”	and	aim	to	support	inductive	rea-
soning [13].	The	development	of	a	CDSS	is	a	multidisciplinary	effort,	
and	its	evaluation	is	multidimensional.	Ideally,	the	CDSS	would	provide	
the	physician	with	an	individual-	level	prediction	that	satisfies	its	needs	
in clinical practice [14].	Beyond	having	high	and	externally	validated	
predictive	performances,	the	context	of	usage	of	the	CDSS	should	be	
along	an	already	existing	clinical	pathway	with	relevant	input	data	to	
be	clinically	meaningful	[15].	The	quality	of	the	reference	data	used	as	
a data mart or used to develop and validate models contributes to its 
credibility [16].	The	algorithm	should	be	understandable	by	the	end-	
user	 (either	 transparent	 by	design	or	 explainable),	 and	 the	 interface	
should	be	usable	(i.e.,	ergonomic,	intelligible).	The	result	of	the	CDSS	
should	be	safe	concerning	the	emotional	impact	and	have	a	decisional	
utility	instead	of	only	concurring	with	the	user's	prior	beliefs.	All	these	
aspects	 would	 contribute	 to	 acceptance	 and	 certification	 for	 trust-
worthy	 clinical	 usage	 and	 accessibility	 through	 market	 distribution.	
There	have	been	recent	efforts	to	clarify	a	clinical	development	road-
map	for	CDSSs	[13].	In	this	scoping	review,	we	identify	the	historical	
and	current	CDSS	projects	in	MS,	compare	their	characteristics	in	the	
light	of	the	aforementioned	evaluation	dimensions	and	clinical	devel-
opment	roadmap,	and	discuss	the	current	state	of	the	art.

METHODS

Literature search and CDSS project selection

We	 searched	 PubMed	 up	 to	 15	 April	 2024,	 with	 a	 query	 com-
prising	 the	 keywords	 identified	 by	 a	 first	 screening	 of	 the	 topic	
(Appendix	S1–S2.).	We	also	extracted	authors	of	the	field	from	the	
oral	 communications	 at	 ECTRIMS	 (2018–2023;	 Appendix	 S2)	 and	
searched	their	articles	indexed	in	PubMed.	We	postulated	a	work-
ing	definition	of	a	CDSS	project	based	on	a	wide-	sense	definition	[2] 
(Box 1)	and	screened	the	articles	for	eligibility	accordingly	(Figure 1).	
Borderline	cases	were	adjudicated	by	S.D.,	J.D.S.,	and	P.-	A.G.	CDSS	
projects	were	identified	from	the	articles,	and	we	searched	the	web	
for	their	subsequent	advances.

Data charting process and synthesis

The	report	follows	the	PRISMA	guideline	for	scoping	reviews	[17]. 
We	 describe	 and	 compare	 the	 technical	 and	 software	 develop-
ment	aspects	of	the	CDSS	projects	in	Tables 1 and 2,	respectively.	
The	 projects	 are	 also	 represented	 graphically	 according	 to	 their	
chronology	 (Figure 2),	 their	 contexts	of	usage	 in	MS	management	
(Figure 3),	 and	 the	 stage	 of	 clinical	 development	 inspired	 by	 the	
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roadmap	conveyed	by	the	DECIDE-	AI	expert	group	[13]	 (Figure 4).	
We	 also	 propose	 a	 classification	 of	 their	 software	 integration	 ap-
proach	(Figure 5)	and	distribution	(Figure 6).	Finally,	the	findings	are	
synthesized	narratively.

RESULTS

We	 screened	17,447	 articles	 based	 on	 information	 in	 the	 title	 and	
360	based	on	information	in	the	abstract	(Figure 1).	The	remaining	36	
articles	were	subjected	to	full-	text	review.	The	final	review	included	
24	articles	reporting	14	CDSS	projects,	which	satisfied	our	working	
definition	(Box 1).	Of	note,	among	the	excluded	articles,	152	reported	
preclinical	predictive	models	with	various	modeling	approaches,	but	
without	reported	efforts	to	implement	them	in	a	digital	tool	for	neu-
rologists.	The	bulk	of	AI-	driven	support	 reported	 in	MS	was	about	
magnetic	 resonance	 imaging	 (MRI)	postprocessing	 (automatic	volu-
metry	or	lesion	segmentation;	238	articles).	CDSS	projects	appeared	
as	a	small	area	in	comparison	to	the	entirety	of	digital	health	in	MS.	
Hereafter,	 we	 synthesize	 narratively	 the	 14	 CDSS	 projects.	 We	
grouped them into sections according to their algorithmic approach: 
expert	systems,	data	visualization,	or	model-	based.

Expert systems (knowledge- based CDSSs)

Expert	 systems	 are	 the	 archetypical	 software	 to	 navigate	 knowl-
edge	 bases,	 which	 may	 be	 elicited	 from	 decision	 tables,	 decision	
trees,	or	ontologies.	They	may	support	physicians	at	diagnosis	(i.e.,	
computer-	assisted	diagnosis).	The	Clinical	Decision	Support	System	

BOX 1 The working definition of a CDSS used as a 
selection criteria during the literature search.

Working	definition	of	a	CDSS:
•	 A	software/digital	tool	whose	calculations	are	too	complex	

to be implemented as a paper tool
• Input: characteristics of an individual patient
• Matched to computerized clinical knowledge
• Patient- specific assessments or recommendations are 

then presented to the clinician for a decision
•	 Not	part	of	the	basic	features	of	a	general-	purpose	EHR	
commercial	platform

Additional	selection	criteria:
•	 The	end-	user	is	the	neurologist
•	 Decision	support	for	multiple	sclerosis	management
•	 Reported	or	disclosed	efforts	of	clinical	development:	
reported	as	an	original	article	referenced	in	PubMed

Note:	The	items	of	the	wide-	sense	definition	postulated	by	
Sim	et	al.	2001	are	in	bold.Abbreviations:	CDSS,	clinical	
decision	support	system;	EHR,	electronic	health	record.

F I G U R E  1 PRISMA	(Preferred	
Reporting	Items	for	Systematic	Reviews	
and	Meta-	Analyses)	flowchart.	Articles	
were	primarily	identified	with	a	search	
based	on	keywords	and	key	authors	(the	
last	search	was	performed	on	15	April	
2024).	CDSS,	clinical	decision	support	
system;	ECTRIMS,	European	Committee	
for	Treatment	and	Research	in	Multiple	
Sclerosis.
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TA B L E  1 Technical	aspects	of	the	CDSS	projects.

CDSS name Context of usage Input data Algorithm technology Reference data Individual assessment: prediction outcome Predictive performance metric
Year of first 
report

AEDSS Assessment	during	
monitoring

Functional	system	scores Expert	system:	production	rules,	extended	
Backus–Naur	form	syntax
More	recently:	ontology	(Operational	
Conceptual	Modeling	Language)

Expert	knowledge	(Kurtze	rules) EDSS Kappa	coefficient 2002

EBDiMS Prognostic	counseling
Initial prognosis

Short-	term	version:	MS	course,	age	at	onset,	EDSS,	disease	
duration,	number	of	relapses	in	the	past	12 months
Long-	term	version:	MS	course,	gender,	age	at	onset,	
number	of	attacks	in	the	first	2 years

Data	visualization:	weighted	distance-	based	
patient matching; statistical analysis in R

SLCMSR	database	reusing	RCT	and	OS	data;	45	
sources

Individual	risk	profile:	EDSS	course,	time	to	sustained	
progression,	time	to	EDSS = 6

Brier Score 2007

MS	Prediction	Score Transition	from	RR-	MS	to	
SP-	MS

Age,	time	since	the	last	relapse,	type	of	the	last	relapse,	
remission	from	the	latest	relapse

Model-	based:	continuous	hazard	functions	
estimated	by	Poisson	regression	models

Gothenberg	incidental	cohort
Uppsala	cohort	from	the	SMSreg

Yearly	probability	of	transition	to	SP-	MS Inferential	model 2014

MS	BioScreen Personalized	monitoring Any	biomarker	collected	in	the	MS	EPIC	cohort Data	visualization:	patients	matching	algorithm	
with	customizable	variables

MS	EPIC	cohort	at	the	University	of	California,	San	
Francisco

Overlay	of	the	patient's	trajectory	with	the	
distribution	of	similar	patients	for	any	biomarker	in	
the	reference	database

None 2014

MS	Prognosis	
Simulation

First	relapse,	first	year	of	
RR-	MS,	monitoring	the	
consecutive years

Age	at	onset	of	disease,	gender,	sphincter	onset,	pure	
motor	onset,	motor–sensory	onset,	sequel	after	onset,	
number	of	involved	functional	systems	at	onset,	number	of	
sphincter	plus	motor	relapses,	EDSS ≥ 4

Expert	system:	agent-	based	modeling,	NetLogo	
5.0.4

Aggregated	results	in	literature	and	50	patients	from	
the	Hospital	Egas	Moniz,	Lisboa,	Portugal

Conversion	to	CDMS	at	10	and	20 years,	conversion	
to	SP-	MS	at	10 years,	risk	of	reaching	EDSS = 6	at	10	
and	20 years

Pearson	correlation	coefficient 2014

Function	Watch	
(SMSreg)

Assessment	during	
monitoring

Gender,	age,	disease	duration,	treatment;	maximum	
2-	year-	old	reference	data

Data	visualization:	patients	matching	algorithm	
with	customizable	variables

Sweden	MS	Registry Function	Watch	diagram:	overlay	of	the	patient's	
metrics	with	the	distribution	of	similar	patients	for	
EDSS,	MSSS,	MSFC,	MSIS-	29-	Physical,	MSIS-	29-	
Psychological,	SDMT,	FSMC,	FSS,	EQ5D,	activity/
work	capacity,	MS-	checklist,	SF36-	1

None 2015

Bloodwatch,	RiskMx Alemtuzumab	treatment	
monitoring

Laboratory	results	(in	HL7	format) Expert	system:	RiskMxTM	system,	matching	
against	monitoring	schedule	and	reference	
ranges

Laboratory	reference	ranges Alert	the	patient	and	neurologist	in	case	of	abnormal	
value or missed blood draw

None 2019

Clinical	Decision	
Support	System	for	
Multiple	Sclerosis	
Diagnosis

Diagnosis	of	RR-	MS 45	demographic,	clinical,	and	paraclinical	items Expert	system:	production	rules Decision	tables,	decision	trees,	and	semantic	
networks	according	to	the	2004	MS	Diagnosis	
Guideline	and	McDonald's	2017	diagnostic	criteria
130	medical	records	from	the	Shahid	Beheshti	
Hospital	of	Kashan,	Iran

Diagnosis	of	RR-	MS AUC	and	kappa	coefficient 2020

MSProDiscuss Transition	from	RR-	MS	to	
SP-	MS

Multiple	demographic,	clinical,	and	paraclinical	items Model-	based:	scoring	algorithm,	multiple	
logistic regression

Observational	study	of	3294	MS	patients	in	the	USA Likelihood	of	progression Inferential	model	with	subsequent	
ranking	and	weighting	of	the	
predictors by physicians

2020

MS	TreatSim,	
UISS-	MS

Initial prognosis Presence	of	oligoclonal	bands,	age,	lesion	load,	treatment Model-	based:	agent-	based	modeling,	Protégé	
OWL,	UML	modeling

Aggregated	data	from	MS	literature,	AFFIRM	trial	
dataset

Relapses	(as	oligodendrocyte	loss),	cytokines,	and	
immune cell population dynamics

Statistical	comparison	of	the	in	
silico results versus the real results

2020

PHREND	(DESTINY) Treatment	selection Age,	gender,	EDSS,	index	treatment,	past	treatment,	
disease	duration,	time	since	last	relapse,	relapse	count,	
DMT	count,	efficacy	class	of	the	past	treatment,	duration	
of	the	past	treatment,	duration	of	the	index	treatment,	and	
clinical site

Model-	based:	hierarchical	Bayesian	generalized	
linear model

NeuroTransData	MS	registry,	CONFIRM,	DEFINE,	
REGARD,	TRANSFORMS,	AFFIRM,	CLARITY,	
OPERA	I/II,	and	TEMSO	trials.

Number	of	relapses,	progression-	free	MRI,	and	
confirmed	disability	progression	up	to	4.5 years

Mean	squared	error,	negative	
log-	likelihood,	and	Harrell's	
concordance	statistic	(C-	index)

2020

Prognosis	for	patients	
with	RR-	MSa

Prognosis	counseling Age,	gender,	disease	duration,	EDSS,	number	of	GdE	
lesions,	number	of	previous	relapses	during	the	previous	
2 years,	months	since	the	last	relapse,	whether	it	is	on	
treatment

Hierarchical	Bayesian	generalized	linear	model Swiss	Multiple	Sclerosis	Cohort Relapses	at	2 years C-	statistic 2021

MS	Vista	(PRIMUS) Treatment	selection Age,	sex,	age	at	onset,	disease	duration,	MS	type,	EDSS	
at	the	last	visit,	number	of	relapses	within	the	past	
12 months,	number	of	T2	lesions	on	current	MRI,	GdE	
lesions	on	current	MRI,	number	of	new	T2	lesions	within	
the	past	12 months

Data	visualization:	filter-	based	patient	
matching algorithm

ADVANCE	trial	dataset Relapses,	new	MRI	lesions,	confirmed	disability	
progression	at	1 year

None 2022

sNfL	reference	appa Assessment	during	
monitoring
Assessment	of	treatment	
response

Age,	body	mass	index,	sNfL	level Model-	based:	GAMLSS Swiss	Multiple	Sclerosis	Cohort,	SMSreg,	normative	
dataset	of	4532	persons	in	the	USA

Age-		and	body	mass	index-	adjusted	sNfL	percentile	
values and z-	scores

Odds ratio 2022

Note:	Platform	names	are	mentioned	in	parentheses.
Abbreviations:	AEDSS,	Automatic	Expanded	Disability	Status	Scale;	AUC,	area	under	the	curve;	CDMS,	clinically	definite	MS;	 
CDSS,	clinical	decision	support	system;	DMT,	disease-	modifying	treatment;	EBDiMS,	Evidence-	Based	Decision	Support	Tool	in	Multiple	Sclerosis;	 
EDSS,	Expanded	Disability	Status	Scale;	EPIC,	Epigenetics,	Proteomics,	Imaging,	Clinical;	EQ5D,	EuroQoL	group	health	questionnaire;	 
FSMC,	Fatigue	Scale	for	Motor	and	Cognitive	Functions;	FSS,	Fatigue	Severity	Scale;	GAMLSS,	generalized	additive	model	for	location,	scale,	 
and	shape;	GdE,	gadolinium-	enhancing;	MRI,	magnetic	resonance	imaging;	MS,	multiple	sclerosis;	MSFC,	Multiple	Sclerosis	Functional	Composite;	 
MSIS-	29,	Multiple	Sclerosis	Impact	Scale–29;	MSSS,	Multiple	Sclerosis	Severity	Scale;	OS,	observational	study;	OWL,	Web	Ontology	Language;	 
PHREND,	Predictive	Healthcare	with	Real-	World	Evidence	for	Neurological	Disorders;	PRIMUS,	Projections	in	Multiple	Sclerosis;	 
RCT,	randomized	clinical	trial;	RR-	MS,	relapsing–remitting	MS;	SDMT,	Symbol	Digit	Modalities	Test;	SF36-	1,	the	first	question	from	the	SF-	36	Health	 
Survey;	SLCMSR,	Sylvia	Lawry	Centre	for	MS	Research;	SMSreg,	Swedish	MS	Registry;	sNfL,	serum	neurofilament	light	chain;	SP-	MS,	secondary	 
progressive	MS;	UISS-	MS,	Universal	Immune	System	Simulator	(MS	extension);	UML,	unified	modeling	language.
aThe	“Prognosis	for	patients	with	RR-	MS”	and	“sNfL	reference	app”	names	were	given	by	the	authors	of	this	review.	Inferential	models	are	modeling	 
approaches	that	do	not	assess	predictive	performance	metrics,	like	for	a	classification	or	regression	task.
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TA B L E  1 Technical	aspects	of	the	CDSS	projects.

CDSS name Context of usage Input data Algorithm technology Reference data Individual assessment: prediction outcome Predictive performance metric
Year of first 
report

AEDSS Assessment	during	
monitoring

Functional	system	scores Expert	system:	production	rules,	extended	
Backus–Naur	form	syntax
More	recently:	ontology	(Operational	
Conceptual	Modeling	Language)

Expert	knowledge	(Kurtze	rules) EDSS Kappa	coefficient 2002

EBDiMS Prognostic	counseling
Initial prognosis

Short-	term	version:	MS	course,	age	at	onset,	EDSS,	disease	
duration,	number	of	relapses	in	the	past	12 months
Long-	term	version:	MS	course,	gender,	age	at	onset,	
number	of	attacks	in	the	first	2 years

Data	visualization:	weighted	distance-	based	
patient matching; statistical analysis in R

SLCMSR	database	reusing	RCT	and	OS	data;	45	
sources

Individual	risk	profile:	EDSS	course,	time	to	sustained	
progression,	time	to	EDSS = 6

Brier Score 2007

MS	Prediction	Score Transition	from	RR-	MS	to	
SP-	MS

Age,	time	since	the	last	relapse,	type	of	the	last	relapse,	
remission	from	the	latest	relapse

Model-	based:	continuous	hazard	functions	
estimated	by	Poisson	regression	models

Gothenberg	incidental	cohort
Uppsala	cohort	from	the	SMSreg

Yearly	probability	of	transition	to	SP-	MS Inferential	model 2014

MS	BioScreen Personalized	monitoring Any	biomarker	collected	in	the	MS	EPIC	cohort Data	visualization:	patients	matching	algorithm	
with	customizable	variables

MS	EPIC	cohort	at	the	University	of	California,	San	
Francisco

Overlay	of	the	patient's	trajectory	with	the	
distribution	of	similar	patients	for	any	biomarker	in	
the	reference	database

None 2014

MS	Prognosis	
Simulation

First	relapse,	first	year	of	
RR-	MS,	monitoring	the	
consecutive years

Age	at	onset	of	disease,	gender,	sphincter	onset,	pure	
motor	onset,	motor–sensory	onset,	sequel	after	onset,	
number	of	involved	functional	systems	at	onset,	number	of	
sphincter	plus	motor	relapses,	EDSS ≥ 4

Expert	system:	agent-	based	modeling,	NetLogo	
5.0.4

Aggregated	results	in	literature	and	50	patients	from	
the	Hospital	Egas	Moniz,	Lisboa,	Portugal

Conversion	to	CDMS	at	10	and	20 years,	conversion	
to	SP-	MS	at	10 years,	risk	of	reaching	EDSS = 6	at	10	
and	20 years

Pearson	correlation	coefficient 2014

Function	Watch	
(SMSreg)

Assessment	during	
monitoring

Gender,	age,	disease	duration,	treatment;	maximum	
2-	year-	old	reference	data

Data	visualization:	patients	matching	algorithm	
with	customizable	variables

Sweden	MS	Registry Function	Watch	diagram:	overlay	of	the	patient's	
metrics	with	the	distribution	of	similar	patients	for	
EDSS,	MSSS,	MSFC,	MSIS-	29-	Physical,	MSIS-	29-	
Psychological,	SDMT,	FSMC,	FSS,	EQ5D,	activity/
work	capacity,	MS-	checklist,	SF36-	1

None 2015

Bloodwatch,	RiskMx Alemtuzumab	treatment	
monitoring

Laboratory	results	(in	HL7	format) Expert	system:	RiskMxTM	system,	matching	
against	monitoring	schedule	and	reference	
ranges

Laboratory	reference	ranges Alert	the	patient	and	neurologist	in	case	of	abnormal	
value or missed blood draw

None 2019

Clinical	Decision	
Support	System	for	
Multiple	Sclerosis	
Diagnosis

Diagnosis	of	RR-	MS 45	demographic,	clinical,	and	paraclinical	items Expert	system:	production	rules Decision	tables,	decision	trees,	and	semantic	
networks	according	to	the	2004	MS	Diagnosis	
Guideline	and	McDonald's	2017	diagnostic	criteria
130	medical	records	from	the	Shahid	Beheshti	
Hospital	of	Kashan,	Iran

Diagnosis	of	RR-	MS AUC	and	kappa	coefficient 2020

MSProDiscuss Transition	from	RR-	MS	to	
SP-	MS

Multiple	demographic,	clinical,	and	paraclinical	items Model-	based:	scoring	algorithm,	multiple	
logistic regression

Observational	study	of	3294	MS	patients	in	the	USA Likelihood	of	progression Inferential	model	with	subsequent	
ranking	and	weighting	of	the	
predictors by physicians

2020

MS	TreatSim,	
UISS-	MS

Initial prognosis Presence	of	oligoclonal	bands,	age,	lesion	load,	treatment Model-	based:	agent-	based	modeling,	Protégé	
OWL,	UML	modeling

Aggregated	data	from	MS	literature,	AFFIRM	trial	
dataset

Relapses	(as	oligodendrocyte	loss),	cytokines,	and	
immune cell population dynamics

Statistical	comparison	of	the	in	
silico results versus the real results

2020

PHREND	(DESTINY) Treatment	selection Age,	gender,	EDSS,	index	treatment,	past	treatment,	
disease	duration,	time	since	last	relapse,	relapse	count,	
DMT	count,	efficacy	class	of	the	past	treatment,	duration	
of	the	past	treatment,	duration	of	the	index	treatment,	and	
clinical site

Model-	based:	hierarchical	Bayesian	generalized	
linear model

NeuroTransData	MS	registry,	CONFIRM,	DEFINE,	
REGARD,	TRANSFORMS,	AFFIRM,	CLARITY,	
OPERA	I/II,	and	TEMSO	trials.

Number	of	relapses,	progression-	free	MRI,	and	
confirmed	disability	progression	up	to	4.5 years

Mean	squared	error,	negative	
log-	likelihood,	and	Harrell's	
concordance	statistic	(C-	index)

2020

Prognosis	for	patients	
with	RR-	MSa

Prognosis	counseling Age,	gender,	disease	duration,	EDSS,	number	of	GdE	
lesions,	number	of	previous	relapses	during	the	previous	
2 years,	months	since	the	last	relapse,	whether	it	is	on	
treatment

Hierarchical	Bayesian	generalized	linear	model Swiss	Multiple	Sclerosis	Cohort Relapses	at	2 years C-	statistic 2021

MS	Vista	(PRIMUS) Treatment	selection Age,	sex,	age	at	onset,	disease	duration,	MS	type,	EDSS	
at	the	last	visit,	number	of	relapses	within	the	past	
12 months,	number	of	T2	lesions	on	current	MRI,	GdE	
lesions	on	current	MRI,	number	of	new	T2	lesions	within	
the	past	12 months

Data	visualization:	filter-	based	patient	
matching algorithm

ADVANCE	trial	dataset Relapses,	new	MRI	lesions,	confirmed	disability	
progression	at	1 year

None 2022

sNfL	reference	appa Assessment	during	
monitoring
Assessment	of	treatment	
response

Age,	body	mass	index,	sNfL	level Model-	based:	GAMLSS Swiss	Multiple	Sclerosis	Cohort,	SMSreg,	normative	
dataset	of	4532	persons	in	the	USA

Age-		and	body	mass	index-	adjusted	sNfL	percentile	
values and z-	scores

Odds ratio 2022

Note:	Platform	names	are	mentioned	in	parentheses.
Abbreviations:	AEDSS,	Automatic	Expanded	Disability	Status	Scale;	AUC,	area	under	the	curve;	CDMS,	clinically	definite	MS;	 
CDSS,	clinical	decision	support	system;	DMT,	disease-	modifying	treatment;	EBDiMS,	Evidence-	Based	Decision	Support	Tool	in	Multiple	Sclerosis;	 
EDSS,	Expanded	Disability	Status	Scale;	EPIC,	Epigenetics,	Proteomics,	Imaging,	Clinical;	EQ5D,	EuroQoL	group	health	questionnaire;	 
FSMC,	Fatigue	Scale	for	Motor	and	Cognitive	Functions;	FSS,	Fatigue	Severity	Scale;	GAMLSS,	generalized	additive	model	for	location,	scale,	 
and	shape;	GdE,	gadolinium-	enhancing;	MRI,	magnetic	resonance	imaging;	MS,	multiple	sclerosis;	MSFC,	Multiple	Sclerosis	Functional	Composite;	 
MSIS-	29,	Multiple	Sclerosis	Impact	Scale–29;	MSSS,	Multiple	Sclerosis	Severity	Scale;	OS,	observational	study;	OWL,	Web	Ontology	Language;	 
PHREND,	Predictive	Healthcare	with	Real-	World	Evidence	for	Neurological	Disorders;	PRIMUS,	Projections	in	Multiple	Sclerosis;	 
RCT,	randomized	clinical	trial;	RR-	MS,	relapsing–remitting	MS;	SDMT,	Symbol	Digit	Modalities	Test;	SF36-	1,	the	first	question	from	the	SF-	36	Health	 
Survey;	SLCMSR,	Sylvia	Lawry	Centre	for	MS	Research;	SMSreg,	Swedish	MS	Registry;	sNfL,	serum	neurofilament	light	chain;	SP-	MS,	secondary	 
progressive	MS;	UISS-	MS,	Universal	Immune	System	Simulator	(MS	extension);	UML,	unified	modeling	language.
aThe	“Prognosis	for	patients	with	RR-	MS”	and	“sNfL	reference	app”	names	were	given	by	the	authors	of	this	review.	Inferential	models	are	modeling	 
approaches	that	do	not	assess	predictive	performance	metrics,	like	for	a	classification	or	regression	task.

 14681331, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ene.16363 by IN

SE
R

M
, W

iley O
nline L

ibrary on [25/08/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



6 of 15  |     DEMUTH et al.

TA
B

LE
 2
 
So
ft
w
ar
e	
de
ve
lo
pm
en
t	a
sp
ec
ts
	o
f	t
he
	C
D
SS
	p
ro
je
ct
s.

CD
SS

 n
am

e
In

st
itu

tio
na

l a
ca

de
m

ic
/

he
al

th
 c

ar
e 

st
ak

eh
ol

de
r

IT
 s

ta
ke

ho
ld

er

In
du

st
ria

l 
ph

ar
m

ac
eu

tic
al

 
st

ak
eh

ol
de

r
St

ag
e 

of
 

de
ve

lo
pm

en
t

Re
gu

la
to

ry
 fr

am
ew

or
k

A
cc

es
si

bi
lit

y
A

cc
es

s/
U

RL

A
ED
SS

U
ni
ve
rs
ity
	o
f	B
ol
og
na
,	I
ta
ly

N
on

e
N

on
e

O
ff
lin
e	
va
lid
at
io
n

N
ot

 re
po

rt
ed

O
nl

in
e 

de
m

on
st

ra
tio

n 
ve

rs
io

n 
fo
r	e
xp
er
im
en
ta
tio
n

ht
tp

://
 cs

. u
ni

bo
. it

/ ~
 ga

sp
a r

i/
 w

w
w

/ 
ae

ds
s/

  

EB
D
iM
S

Sy
lv
ia
	L
aw
ry
	C
en
te
r	f
or
	M
S	

Re
se
ar
ch
,	M
un
ic
h,
	G
er
m
an
y

N
on

e
N

on
e

O
ff
lin
e	
va
lid
at
io
n	

ag
ai
ns
t	e
xp
er
t	

pr
og
no
si
s,
	u
se
r	t
es
ts

Fr
ee
,	a
ny
on
e	
m
ay
	u
se
	th
e	

se
rv
ic
e	
fo
r	n
on
co
m
m
er
ci
al
	

pu
rp

os
es

O
nl
in
e,
	p
ub
lic
ly
	a
va
ila
bl
e	
de
m
o	

w
ith
	a
	fr
ac
tio
n	
of
	th
e	
re
fe
re
nc
e	

da
ta
ba
se
,	r
es
tr
ic
te
d	
ac
ce
ss
	to
	

th
e	
w
ho
le
	re
fe
re
nc
e	
da
ta
ba
se

ht
tp
://
	sl
cm
sr
.	n
et
/	e
bd
im
	s-
		lo
/	

M
S	
pr
ed
ic
tio
n	
sc
or
e

U
ni
ve
rs
ity
	o
f	G
ot
he
nb
ur
g,
	

Sw
ed

en
N

on
e

N
on

e
PO
C

N
ot

 re
po

rt
ed

O
nl

in
e

ht
tp

s:
//

 m
sp

re
 di

ct
i o

n.
 co

m
/ 

M
S	
Bi
oS
cr
ee
n

U
ni
ve
rs
ity
	o
f	C
al
ifo
rn
ia
,	S
an
	

Fr
an
ci
sc
o,
	U
SA

N
on

e
N

on
e

St
an

da
lo

ne
 b

et
a 

ve
rs
io
n	
pr
oj
ec
t	o
f	

in
st
itu
tio
n-
	w
id
e	

pl
at
fo
rm
	in
te
ra
ct
in
g	

w
ith
	th
e	
EH
R:
	

Br
id

ge

N
ot

 re
po

rt
ed

In
st

itu
tio

na
l d

ep
lo

ym
en

t
ht
tp
s:
//
	bi
os
c	r
ee
n.
	uc
sf
.	e
du
/	

M
S	
Pr
og
no
si
s	

Si
m

ul
at

io
n

D
ep
ar
tm
en
t	o
f	

A
ne
st
he
si
ol
og
y,
	L
is
bo
n,
	

Po
rt
ug
al

N
on

e
N

on
e

PO
C	
va
lid
at
ed
	

ag
ai

ns
t l

ite
ra

tu
re

N
ot

 re
po

rt
ed

O
nl

in
e

ht
tp
://
	w
w
w
.	a
rn
.	p
t/
	M
ul
ti	p
le
_	S
cl
er
	

os
is
/	P
ro
gn
	os
tic
_	M
od
el
s_
	fil
es
/		

M
Sp
ro
	gn
os
i	s
Si
m
u	l
at
io
n.
	ht
m
l

Fu
nc
tio
n	
W
at
ch
	

(S
M
Sr
eg
)

K
ar
ol
in
sk
a	
In
st
itu
te
,	

Sw
ed

en
C
ar
m
on
a

N
on

e
Fi
na
l	r
el
ea
se

G
D
PR

N
at
io
na
l	d
ep
lo
ym
en
t,	
Sw
ed
en

ht
tp

s:
//

 w
w

w
. n

eu
ro

 re
g.

 se
/ e

n/
 m

ul
ti 

pe
l-		s
kl
er
	os
/	

Bl
oo
dw
at
ch
,	R
is
kM
x

U
ni
ve
rs
ity
	o
f	S
yd
ne
y,
	

A
us
tr
al
ia

M
ed
ic
al
	S
af
et
y	
Sy
st
em
s	

(R
XM

X
)

Sa
no
fi-
	G
en
zy
m
e

C
om
m
er
ci
al
	re
le
as
e

A
us
tr
al
ia
n	
RM
P,
	in
du
st
ria
l	

se
rv
ic
e,
	n
ot
	a
n	
M
D

N
at
io
na
l	d
ep
lo
ym
en
t,	
A
us
tr
al
ia

ht
tp

s:
//

 bl
oo

d w
at

ch
. c

om
. a

u/
 cs

p/
 

ris
km
x/
	bl
oo
d	w
at
ch
.	c
sp

M
SP
ro
D
is
cu
ss

C
en
te
r	o
f	C
lin
ic
al
	

N
eu
ro
sc
ie
nc
e,
	U
ni
ve
rs
ity
	o
f	

D
re
sd
en
,	G
er
m
an
y

N
on

e
N

ov
ar

tis
C
om
m
er
ci
al
	re
le
as
e

G
D
PR
,	c
ur
re
nt
ly
	b
ei
ng
	

as
se
ss
ed
	a
s	
so
ft
w
ar
e	
as
	a
n	

M
D
	fo
r	C
E	
m
ar
k	
el
ig
ib
ili
ty

O
nl

in
e

ht
tp

s:
//

 w
w

w
. m

sp
ro

 di
sc

u s
s.

 co
m

Tr
ea
tS
im
,	U
IS
S-
	M
S

C
om
bi
ne
	G
ro
up
,	U
ni
ve
rs
ity
	

of
	C
at
an
ia
,	I
ta
ly

In
Si
lic
oT
ria
ls
	T
ec
hn
ol
og
ie
s,
	

M
im
es
is

N
on

e
C
om
m
er
ci
al
	

re
le
as
e,
	b
ut
	fo
r	R
C
T	

si
m

ul
at

io
n

N
ot

 re
po

rt
ed

O
nl
in
e	
fo
r	e
xp
er
im
en
ta
tio
n,
	

Sa
aS
	fo
r	R
C
T	
si
m
ul
at
io
n,
	w
ith
	

pa
y-
	pe
r-
	us
e	
pr
ic
in
g

ht
tp

s:
//

 co
m

bi
 ne

. d
m

i. u
ni

ct
. it

/ ,	
ht

tp
s:

//
 m

st
re

 at
. in

si
l ic

on
e u

ro
. c

om
/ 

PH
RE
N
D
	(D
ES
TI
N
Y
)

N
eu
ro
Tr
an
sD
at
a	
he
al
th
	

ca
re
	n
et
w
or
k,
	G
er
m
an
y

Pr
ic
ew
at
er
ho
us
eC
oo
pe
rs
	

D
ig

ita
l S

er
vi

ce
s

N
on

e
C
er
tif
ic
at
io
n	
as
	M
D
	

un
de

rw
ay

C
E	
m
ar
k	
as
	a
	c
la
ss
	1
	M
D
;	

cl
as
s	
2a
	c
er
tif
ic
at
io
n	
is
	

cu
rr

en
tly

 u
nd

er
w

ay

In
st

itu
tio

na
l d

ep
lo

ym
en

t
O

nl
in

e 
de

m
on

st
ra

tio
n 

ve
rs

io
n

ht
tp

s:
//

 w
w

w
. n

eu
ro

 tr
an

s d
at

a.
 co

m
/ 

en
/ d

es
tin

y

Pr
og
no
si
s	
fo
r	p
at
ie
nt
s	

w
ith
	R
R-
	M
Sa

U
ni
ve
rs
ity
	o
f	B
er
n,
	

Sw
itz
er
la
nd

N
on

e
N

on
e

PO
C
,	n
ot
	e
xt
er
na
lly
	

va
lid

at
ed

O
nl
in
e	
ca
lc
ul
at
or
,	f
or
	a
ca
de
m
ic
	

re
se

ar
ch

 a
nd

 e
du

ca
tio

na
l 

pu
rp

os
es

 o
nl

y

ht
tp

s:
//

 ci
ne

m
a.

 is
pm

. u
ni

be
. c

h/
 sh

in
i 

es
/ r

rm
s/

 

M
S	
V
is
ta
	(P
RI
M
U
S)

U
ni
ve
rs
ity
	o
f	N
an
te
s,
	

Fr
an
ce

Pi
xy
l,	
B-
	co
m

Bi
og
en
,	M
er
ck

PO
C	
of
	c
on
ce
pt
,	

us
er

 te
st

s
G
D
PR
,	c
ur
re
nt
ly
	b
ei
ng
	

as
se
ss
ed
	a
s	
so
ft
w
ar
e	
as
	a
n	

M
D
	fo
r	C
E	
m
ar
k	
el
ig
ib
ili
ty

N
ot

 d
ep

lo
ye

d
ht
tp
s:
//
	w
w
w
.	c
hu
-		r
en
ne
s.
	fr
/	r
ec
he
	

rc
he
-		in
no
v	a
tio
n/
		rh
u-
		pr
im
us
.h
tm
l

sN
fL
	re
fe
re
nc
e	
ap
pa

U
ni
ve
rs
ity
	H
os
pi
ta
l	B
as
el
,	

Sw
itz
er
la
nd

N
on

e
N

on
e

O
ff
lin
e	
va
lid
at
io
n

N
ot

 re
po

rt
ed

O
nl
in
e,
	fo
r	a
ca
de
m
ic
	re
se
ar
ch
	

an
d 

ed
uc

at
io

na
l p

ur
po

se
s 

on
ly

ht
tp
s:
//
	sh
in
y.
	dk
fb
a	s
el
.	c
h/
	ba
se
l	

nf
lre
	fe
re
n	c
e/
	

N
ot

e:
	P
la
tf
or
m
	n
am
es
	a
re
	m
en
tio
ne
d	
in
	p
ar
en
th
es
es
.

A
bb
re
vi
at
io
ns
:	A
ED
SS
,	A
ut
om
at
ic
	E
xp
an
de
d	
D
is
ab
ili
ty
	S
ta
tu
s	
Sc
al
e;
	C
D
SS
,	c
lin
ic
al
	d
ec
is
io
n	
su
pp
or
t	s
ys
te
m
;	C
E,
	E
ur
op
ea
n	
C
on
fo
rm
ity
;	E
BD
iM
S,
	E
vi
de
nc
e-
	Ba
se
d	
D
ec
is
io
n	
Su
pp
or
t	T
oo
l	i
n	
M
ul
tip
le
	S
cl
er
os
is
;	

EH
R,
	e
le
ct
ro
ni
c	
he
al
th
	re
co
rd
;	G
D
PR
,	G
en
er
al
	D
at
a	
Pr
ot
ec
tio
n	
Re
gu
la
tio
n;
	IT
,	i
nf
or
m
at
io
n	
te
ch
no
lo
gy
;	M
D
,	m
ed
ic
al
	d
ev
ic
e;
	M
S,
	m
ul
tip
le
	s
cl
er
os
is
;	P
H
RE
N
D
,	P
re
di
ct
iv
e	
H
ea
lth
ca
re
	W
ith
	R
ea
l-	W

or
ld
	

Ev
id
en
ce
	fo
r	N
eu
ro
lo
gi
ca
l	D
is
or
de
rs
;	P
O
C
,	p
ro
of
	o
f	c
on
ce
pt
;	P
RI
M
U
S,
	P
ro
je
ct
io
ns
	in
	M
ul
tip
le
	S
cl
er
os
is
;	R
C
T,
	ra
nd
om
iz
ed
	c
lin
ic
al
	tr
ia
l;	
RM
P,
	ri
sk
	m
an
ag
em
en
t	p
la
n;
	R
R-
	M
S,
	re
la
ps
in
g–
re
m
itt
in
g	
M
S;
	S
aa
S,
	

so
ft
w
ar
e	
as
	a
	s
er
vi
ce
;	S
M
Sr
eg
,	S
w
ed
is
h	
M
S	
Re
gi
st
ry
;	s
N
fL
,	s
er
um
	n
eu
ro
fil
am
en
t	l
ig
ht
	c
ha
in
;	U
IS
S-
	M
S,
	U
ni
ve
rs
al
	Im
m
un
e	
Sy
st
em
	S
im
ul
at
or
	(M
S	
ex
te
ns
io
n)
.

a T
he
	“P
ro
gn
os
is
	fo
r	p
at
ie
nt
s	
w
ith
	R
R-
	M
S”
	a
nd
	“s
N
fL
	re
fe
re
nc
e	
ap
p”
	n
am
es
	w
er
e	
gi
ve
n	
by
	th
e	
au
th
or
s	
of
	th
is
	re
vi
ew
.

 14681331, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ene.16363 by IN

SE
R

M
, W

iley O
nline L

ibrary on [25/08/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://cs.unibo.it/~gaspari/www/aedss/
http://cs.unibo.it/~gaspari/www/aedss/
http://slcmsr.net/ebdims-lo/
https://msprediction.com/
https://bioscreen.ucsf.edu/
http://www.arn.pt/Multiple_Sclerosis/Prognostic_Models_files/MSprognosisSimulation.html
http://www.arn.pt/Multiple_Sclerosis/Prognostic_Models_files/MSprognosisSimulation.html
http://www.arn.pt/Multiple_Sclerosis/Prognostic_Models_files/MSprognosisSimulation.html
https://www.neuroreg.se/en/multipel-skleros/
https://www.neuroreg.se/en/multipel-skleros/
https://bloodwatch.com.au/csp/riskmx/bloodwatch.csp
https://bloodwatch.com.au/csp/riskmx/bloodwatch.csp
https://www.msprodiscuss.com/
https://combine.dmi.unict.it/
https://mstreat.insiliconeuro.com/
https://www.neurotransdata.com/en/destiny
https://www.neurotransdata.com/en/destiny
https://cinema.ispm.unibe.ch/shinies/rrms/
https://cinema.ispm.unibe.ch/shinies/rrms/
https://www.chu-rennes.fr/recherche-innovation/rhu-primus.html
https://www.chu-rennes.fr/recherche-innovation/rhu-primus.html
https://shiny.dkfbasel.ch/baselnflreference/
https://shiny.dkfbasel.ch/baselnflreference/


    |  7 of 15CDSSs FOR MS MANAGEMENT

for	 Multiple	 Sclerosis	 Diagnosis	 is	 a	 proof	 of	 concept	 of	 a	 CDSS	
implementing	 the	 logic	 of	 the	 2004	MS	 Diagnosis	 Guideline	 and	
McDonald's	2017	diagnostic	criteria	[18–20].	Decision	tables,	deci-
sion	 trees,	 and	a	 semantic	network	have	been	elicited	 from	 these	

sources	 to	 represent	 the	 knowledge	 and	 implemented	 as	 produc-
tion	rules	in	a	knowledge	base.	The	user	may	select	the	clinical	and	
paraclinical	 findings	 from	 a	 list	 of	 45	 items.	 The	CDSS	 then	 gives	
the	degree	of	certainty	of	MS	diagnosis	or	suggests	the	diagnosis	of	

F I G U R E  2 Chronology	of	the	clinical	decision	support	system	(CDSS)	projects	and	their	technological	basis.	The	years	indicate	the	
first	publication	or	the	first	release	(if	specified	in	the	article).	Expert	systems	(also	known	as	knowledge-	based	CDSSs)	implement	human	
knowledge	into	knowledge	bases.	CDSSs	based	on	data	visualization	query	and	visualize	the	data	of	similar	patients	recorded	in	reference	
databases.	Model-	based	CDSSs	implement	mathematical	predictive	models.	They	are	commonly	termed	“AI-	powered”	or	“AI-	driven.”	*The	
“Prognosis	for	patients	with	RR-	MS”	and	“sNfL	reference	app”	names	were	given	by	the	authors	of	this	review.	AEDSS,	Automatic	Expanded	
Disability	Status	Scale;	EBDiMS,	Evidence-	Based	Decision	Support	Tool	in	Multiple	Sclerosis;	GAMLSS,	generalized	additive	model	for	
location,	scale	and	shape;	GLM,	generalized	linear	model;	MS,	multiple	sclerosis;	PHREND,	Predictive	Healthcare	With	Real-	World	Evidence	
for	Neurological	Disorders;	RR-	MS,	relapsing–remitting	MS;	sNfL,	serum	neurofilament	light	chain;	UISS-	MS,	Universal	Immune	System	
Simulator	(MS	extension).

F I G U R E  3 Contexts	of	usage	of	the	clinical	decision	support	system	projects	along	the	management	of	multiple	sclerosis	(MS).	Peaks	
represent	clinical	relapses.	Platform	names	are	mentioned	in	parentheses.	*The	“Prognosis	for	patients	with	RR-	MS”	and	“sNfL	reference	
app”	names	were	given	by	the	authors	of	this	review.	AEDSS,	Automatic	Expanded	Disability	Status	Scale;	EBDiMS,	Evidence-	Based	
Decision	Support	Tool	in	Multiple	Sclerosis;	PHREND,	Predictive	Healthcare	With	Real-	World	Evidence	for	Neurological	Disorders;	PRIMUS,	
Projections	in	Multiple	Sclerosis;	RR-	MS,	relapsing–remitting	MS;	SMSreg,	Swedish	MS	Registry;	sNfL,	serum	neurofilament	light	chain;	SP-	
MS,	secondary	progressive	multiple	sclerosis;	UISS-	MS:	Universal	Immune	System	Simulator	(MS	extension).
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8 of 15  |     DEMUTH et al.

another	disease	with	clues	for	the	examination.	The	diagnosis	per-
formance	 for	RR-	MS	has	been	assessed	over	130	medical	 records	
from	the	Shahid	Beheshti	Hospital	of	Kashan,	Iran.	The	patients	of	
this	validation	set	had	RR-	MS	(n = 91),	stroke,	neuromyelitis	optica,	
CNS	tumors,	or	acute	encephalomyelitis.	User	tests	with	10	neurolo-
gists	confirmed	the	ease	of	learning,	memorability,	and	satisfaction.	
The	CDSS	has	been	deployed	at	the	Neurology	Department	of	the	
Shahid	Beheshti	Hospital	of	Kashan	without	a	later	report	of	exter-
nal distribution.

Expert	systems	may	serve	as	assessment	tools	for	the	patient's	
health	 status.	Quantifying	 health	 status	with	metrics	 helps	 follow	
slow	evolutions	and	detect	subtle	worsening.	In	MS,	the	level	of	dis-
ability	is	globally	assessed	with	the	Expanded	Disability	Status	Scale	
(EDSS)	[21].	The	logic	of	EDSS	scoring	is	complex,	leading	to	a	risk	of	
interrater	 variability	 and	 intrarater	 inconsistencies.	The	Automatic	
EDSS project provides decision support to rate the EDSS [22].	This	
expert	system	implements	the	logic	of	the	original	Kurtzke	rules	[21]. 
The	proof	of	concept	used	production	rules	[22],	and	a	further	ver-
sion	used	an	ontology	of	the	EDSS	domain	[23].	The	tool	is	thus	able	
to detect inconsistencies in the input data and to suggest corrections 
to	the	user	interactively.	The	latest	version	reduced	interrater	vari-
ability	by	3.75%	and	corrected	errors	in	14.5%	of	cases,	showing	its	

utility.	A	demonstration	version	for	“research	use	only”	is	available	
online	(Table 2).	International	validation	experiments	were	planned	
to	validate	 its	 routine	clinical	use	but	never	 reported.	 Instead,	 the	
Neurostatus EDSS has been globally accepted as an electronic data 
capture	system	for	randomized	clinical	trials	(RCTs)	in	MS	[24].	The	
structured	 input	 is	 the	Neurostatus	 per	 se,	 a	 standardized	neuro-
logical	examination.	The	Neurostatus	items	are	then	mapped	to	the	
Kurtzke	functional	system	scores	and	the	ambulatory	score	to	com-
pute	 the	 EDSS.	However,	 in	 our	 sense,	 the	 logic	 of	 the	 algorithm	
does	not	go	beyond	the	traditional	electronic	 implementation	of	a	
paper	tool	with	automatic	data	quality	controls.	Therefore,	we	did	
not	consider	Neurostatus	EDSS	as	a	CDSS.

Other	 use	 cases	 focus	 on	 automating	 the	 monitoring.	
“Bloodwatch”	is	a	mobile	application	to	monitor	remotely	patients	
who underwent an immune reconstitution therapy by alemtu-
zumab	[25].	The	application	automates	the	 interpretation	of	 lab-
oratory	test	results	by	sending	them	electronically	to	the	RiskMx	
backend.	RiskMx	compares	the	values	to	reference	ranges	and	to	
the	monitoring	agenda.	It	sends	alerts	to	the	neurologist	if	it	iden-
tifies	autoimmune	adverse	events	during	the	immune	reconstitu-
tion	or	 if	 the	patient	misses	a	blood	draw.	The	system	has	been	
evaluated	by	 the	Alemtuzumab	 in	MS	Safety	 System	 study	 [25]. 

F I G U R E  4 Advancement	of	the	clinical	development	of	the	clinical	decision	support	system	(CDSS)	projects.	The	roadmap	has	been	
inspired	by	the	one	conveyed	by	the	DECIDE-	AI	working	group.	Circles	represent	the	reported	development	steps	and	are	colored	according	
to	the	accessibility	of	the	CDSS.	Multiple	steps	could	be	reported	by	a	single	article.	Platform	names	are	mentioned	in	parentheses.	
*The	“Prognosis	for	patients	with	RR-	MS”	and	“sNfL	reference	app”	names	were	given	by	the	authors	of	this	review.	AEDSS,	Automatic	
Expanded	Disability	Status	Scale;	EBDiMS,	Evidence-	Based	Decision	Support	Tool	in	Multiple	Sclerosis;	MD,	medical	device;	MS,	multiple	
sclerosis;	MVP,	minimum	viable	product;	PHREND,	Predictive	Healthcare	With	Real-	World	Evidence	for	Neurological	Disorders;	POC,	
proof	of	concept;	PRIMUS,	Projections	in	Multiple	Sclerosis;	RR-	MS,	relapsing–remitting	MS;	SMSreg,	Swedish	MS	Registry;	sNfL,	serum	
neurofilament	light	chain;	UISS-	MS,	Universal	Immune	System	Simulator	(MS	extension).
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    |  9 of 15CDSSs FOR MS MANAGEMENT

For	the	10	patients	enrolled	in	the	study,	the	system	was	signifi-
cantly	faster	at	identifying	and	prompting	reactions	by	the	medical	
team	than	standard	paper-	mail-	based	laboratory	test	monitoring.	
The	 software	 has	 been	 developed	 in	 collaboration	 between	 the	
University	of	Sydney,	an	IT	corporation	(Medical	Safety	Systems),	
and	 Sanofi-	Genzyme.	 It	 is	 released	 commercially	 at	 the	 national	
scale	in	Australia.	It	has	been	certified	as	an	industrial	service,	not	
a	medical	device	(MD).

CDSSs based on data visualization

Besides	expert-	driven	knowledge,	there	has	been	a	paradigm	shift	
toward	data-	driven	knowledge.	It	conveys	a	disruption	in	the	inten-
tionality	 of	 data,	 shifting	 from	 a	 primary	 use	 as	 health	 records	 to	

secondary	uses	as	sources	of	empirical	knowledge.	This	 led	to	the	
constitution	of	institutional	or	national	observational	disease	regis-
tries	collecting	clinical	data,	often	through	dedicated	observational	
studies	 (OSs),	 apart	 from	 the	 real-	world	 data	 collection	 in	 EHRs.	
Several	CDSS	projects	are	based	on	the	transformation	of	these	da-
tabases	into	data	marts,	from	which	data	of	similar	patients	may	be	
queried	and	visualized	on	demand.

At	 the	 institutional	 scale,	 the	MS	BioScreen	 is	an	 iPad-	based	
application	 providing	 a	multimodal	 visualization	 of	 clinical,	MRI,	
biological,	 and	 genetic	 data	 for	 an	 MS	 patient	 on	 a	 single	 user	
interface	 [26].	 The	patient	 data	 are	 recorded	 in	 the	Epigenetics,	
Proteomics,	 Imaging,	Clinical	 (EPIC)	 cohort,	which	 is	 the	 institu-
tional	MS	 cohort	 at	 the	 University	 of	 California,	 San	 Francisco.	
The	system	fetches	them	to	visualize	the	trajectory	of	any	marker.	
Moreover,	 the	 system	 features	 the	 “contextualization”	 of	 the	

F I G U R E  5 Software	integration	approaches	with	a	proposed	classification	of	the	covered	clinical	decision	support	system	(CDSS)	
projects.	Local	applications	are	installed	and	contained	in	a	single	computation	unit	(desktop	computer,	smartphone,	etc.).	Applications	
may	also	be	installed	over	a	whole	institution's	network,	typically	with	a	client–server	architecture.	Web-	based	applications	do	not	require	
any	installation	by	the	customer.	They	are	provided	as	“software	as	a	service.”	Standalone	applications	require	manual	data	input,	whereas	
interoperable	applications	have	automatic	data	exchanges	typically	according	to	standard	data	formats.	*The	“Prognosis	for	patients	with	
RR-	MS”	and	“sNfL	reference	app”	names	were	given	by	the	authors	of	this	review.	AEDSS,	Automatic	Expanded	Disability	Status	Scale;	
EBDiMS,	Evidence-	Based	Decision	Support	Tool	in	Multiple	Sclerosis;	EHR,	electronic	health	record;	MS,	multiple	sclerosis;	PHREND,	
Predictive	Healthcare	With	Real-	World	Evidence	for	Neurological	Disorders;	RR-	MS,	relapsing–remitting	MS;	sNfL,	serum	neurofilament	
light	chain;	UISS-	MS,	Universal	Immune	System	Simulator	(MS	extension).
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10 of 15  |     DEMUTH et al.

patient	 data.	 Concretely,	 patient	 metrics	 may	 be	 expressed	 as	
quantiles	and	visualized	overlaid	with	the	summary	of	a	reference	
population.	 In	 this	 case,	 the	 reference	 population	 is	 restricted	
to	 a	 subgroup	of	patients	 from	 the	EPIC	cohort	 sharing	a	 set	of	
similar	characteristics	as	chosen	by	the	neurologist.	This	enables	
personalized	 monitoring	 by	 personalizing	 the	 reference	 ranges	
in	meaningful	pathological	contexts.	The	BioScreen	was	 first	 re-
ported	 as	 a	 standalone	 physician-	facing	 tool.	 Since	 then,	 it	 has	
been	replaced	by	the	Open	MS	BioScreen	web	portal,	which	made	
the	 concept	 accessible	 to	 patients	 of	 the	 institution	 to	 support	
self-	management	[27].	The	portal	also	refers	to	several	web-	based	
calculators	such	as	a	progressive	multifocal	leukoencephalopathy	
(PML)	 risk	 calculator	 for	 patients	 treated	with	 natalizumab.	 The	
Bridge	project	currently	extends	the	concept	to	a	cross-	specialty	
institution-	wide	 EHR-	agnostic	 platform	 [5].	 It	 features	 modular	
data	integration	of	the	different	modalities	of	records	in	the	insti-
tution	as	well	as	modular	clinic-	specific	interoperable	dashboards	
and	CDSS	modules	that	may	be	embedded	in	the	EHR	(e.g.,	for	fall	

telemonitoring	in	MS	[28]	or	perception	aid	for	the	evaluation	of	
Parkinson	disease	[29]).

At	the	national	scale,	the	Function	Watch	is	a	tool	embedded	in	
the	data	visualization	application	of	the	Swedish	MS	Registry	[30]. 
Several	national	or	international	MS	registries	have	developed	data	
visualization	applications	that	summarize	graphically	the	history	of	
a	 patient	 as	 an	 individual	 timeline.	 The	 Function	Watch	 is	 a	 deci-
sion	support	module	that	contextualizes	patient	data	among	a	sub-
group	of	 similar	 patients	 recorded	 in	 the	 registry.	 Twelve	markers	
are	represented	in	a	radar	plot	with	an	overlay	summarizing	the	sub-
group	data	(Table 1).	Such	insight	is	cross-	sectional,	without	individ-
ual prognosis. It has been developed in collaboration between the 
Karolinska	Institute	and	an	IT	corporation	(Carmona)	and	is	deployed	
at the national scale in Sweden.

Other	 projects	 use	 RCT	 data	 as	 reference	 databases.	 The	
Evidence-	Based	Decision	Support	 in	Multiple	Sclerosis	(EBDiMS)	
project	 is	 a	 CDSS	 describing	 the	 natural	 evolution	 of	 MS.	 Two	
versions	 have	 been	 developed	 by	 the	 Sylvia	 Lawry	 Centre	 for	

F I G U R E  6 Software	distribution	options	with	a	proposed	classification	of	the	covered	clinical	decision	support	system	(CDSS)	projects.	
MS	Prognosis	Simulation	and	MS	Vista	have	no	reported	distribution.	“Internal	usage”	is	the	case	when	a	health	care	institution	implements	
an	algorithm	as	a	CDSS	with	no	external	distribution.	It	relies	on	internal	or	outsourced	software	development.	“Peer-	to-	peer”	is	an	external	
distribution	in	a	noncertified	framework.	For	instance,	software	may	be	shared	through	URL	links	to	access	a	web	application	or	a	download	
but	not	be	certified	for	medical	usage.	“Marketing”	distribution	requires	the	CDSS	to	be	certified	for	medical	usage	as	a	medical	device	
or	another	qualification	depending	on	the	local	regulation	and	the	intended	use.	Although	MSProDiscuss	was	intended	for	marketing	
distribution,	it	is	currently	unavailable	through	this	channel.	*The	“Prognosis	for	patients	with	RR-	MS”	and	“sNfL	reference	app”	names	were	
given	by	the	authors	of	this	review.	AEDSS,	Automatic	Expanded	Disability	Status	Scale;	EBDiMS,	Evidence-	Based	Decision	Support	Tool	
in	Multiple	Sclerosis;	MS,	multiple	sclerosis;	PHREND,	Predictive	Healthcare	With	Real-	World	Evidence	for	Neurological	Disorders;	RR-	MS,	
relapsing–remitting	MS;	SaMD:	Software	as	aMedical	Device;	sNfL,	serum	neurofilament	light	chain;	UISS-	MS,	Universal	Immune	System	
Simulator	(MS	extension).
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Multiple	Sclerosis	Research,	Munich,	Germany:	a	short-	term	and	a	
long-	term	tool.	The	first	describes	the	near-	term	natural	evolution,	
using	45	separate	datasets	of	academic	and	 industrial	RCTs	[31]. 
The	reported	data	mart	 is	a	population	of	1059	placebo	patients	
pooled	 from	30	RCT	 placebo	 arms.	 The	 full	 data	mart	 including	
20,000	patients	 is	accessible	only	to	authorized	staff.	The	CDSS	
queries	 similar	 patients	 with	 a	 patient-	matching	 algorithm	 and	
describes	 their	 natural	 history	 over	 24–36 months.	 The	 second	
version	describes	the	long-	term	evolution	using	OS	data	[32].	The	
data	mart	is	a	population	of	717	patients	from	the	London/Ontario	
natural history cohort [33].	 The	 CDSS	 estimates	 an	 individual	
long-	term	 prognosis	 of	 up	 to	 30 years.	 The	 estimated	 individual	
prognoses	 of	 the	 long-	term	 version	 have	 been	 validated	 against	
experts'	predictions	using	the	integrated	Brier	Score	[32].	Experts	
and	EBDiMS	had	similar	Brier	Scores,	indicating	similar	predictive	
performances.	 The	usability	 and	 safety	 (here:	 the	 emotional	 im-
pact	 for	patients)	have	been	assessed	for	both	versions	 [14,	34]. 
They	 appeared	 understandable	 and	 acceptable,	without	 causing	
relevant	 anxiety.	 However,	 they	 appeared	 of	 modest	 utility,	 as	
they	did	not	change	patients'	prognostic	estimates.

MS	Vista	introduces	the	comparison	of	two	therapeutic	scenar-
ios [35].	The	data	mart	is	a	population	of	approximately	800	patients	
from	 the	ADVANCE	 trial	 (peginterferon	 beta-	1a	 vs.	 placebo)	 [36]. 
Similar	patients	may	be	queried	by	filtering	the	data	mart.	Continuous	
variables	were	discretized	according	to	the	decision	thresholds	de-
rived	from	epidemiological	studies	and	validated	by	expert	neurol-
ogists.	 These	 thresholds	 reflect	 the	mental	 decision	 trees	 used	 in	
practice	and	are	meant	to	favor	adoption	by	neurologists.	MS	Vista	
describes	the	evolution	of	the	selected	subgroup	at	a	1-	year	horizon.	
The	software	 is	a	proof	of	concept	 for	 the	Projections	 in	Multiple	
Sclerosis	 (PRIMUS)	project.	There	 is	ongoing	work	by	 the	 authors	
with	subsequent	prototypes	named	“PRIMUS”	to	 integrate	several	
RCTs	and	observational	studies	to	develop	a	CDSS	able	to	inform	all	
therapeutic scenarios [37].

Model- based CDSSs

Model-	based	 CDSSs	 implement	mathematical	 predictive	models	
into	 physician-	facing	 software.	 The	mathematical	model	may	 be	
formulated	by	humans	(e.g.,	mechanistic	differential	equations)	or	
learned	automatically	by	computers	(e.g.,	deep	learning).	Although	
less	 interpretable	 than	data	visualization,	 their	 inferential	nature	
enables	model-	based	CDSSs	to	inform	yet	unseen	situations.	The	
decision	options	may	be	explicit	or	not.	Prediction	scores	that	do	
not integrate precise treatment options in the predictors and yield 
absolute	statistics	(e.g.,	risk	of	disease	activity	or	progression)	give	
prospective	 insights	 and	 have	 implicit	 decisional	 consequences	
such	 as	 stratification	 of	 treatment,	 frequency	 of	 monitoring,	 or	
scale rating.

The	 MS	 Prognosis	 Simulation	 aims	 at	 simulating	 long-	term	
prognosis	using	agent-	based	modeling	[38]. It is a system science 
approach	where	the	“agents”	model	entities	in	a	complex	system.	

The	 simulation	 aims	 at	 predicting	 emergence	 phenomena	 at	 the	
system	 level.	 In	 this	 work,	 the	 system	 was	 the	 MS	 population	
and	 the	 agents	were	 individuals.	NetLogo	 software	was	used	 to	
program	the	simulation	model,	and	the	aggregated	data	from	the	
scientific	 literature	were	used	to	parametrize	the	population	be-
havior [39].	From	the	characteristics	of	MS	onset	and	of	the	cur-
rent	 visit	 (Table 1),	 the	 software	predicts	 the	 conversion	 from	a	
first	demyelinating	event	to	clinically	definite	MS,	the	conversion	
to	 SP-	MS,	 and	 the	 risk	 of	 reaching	EDSS = 6	 at	 10	 and	20 years.	
The	CDSS	has	been	validated	with	a	cohort	of	50	patients	from	the	
Hospital	Egas	Moniz,	Lisboa,	Portugal	by	assessing	the	correlation	
of	the	predicted	and	real	EDSS,	the	accuracy	of	the	predicted	MS	
severity	score	decile,	and	the	accuracy	of	the	disability	classifica-
tion	(MS	Severity	Rank	calculator).

Likewise,	 the	 MS	 extension	 of	 the	 Universal	 Immune	 System	
Simulator	relies	on	agent-	based	modeling	[40].	In	this	CDSS	project,	
the	simulation	 is	mechanistic	and	aims	at	predicting	 the	main	 fea-
tures	and	dynamics	of	the	immune	system	activities	at	the	cellular	
and	molecular	 level.	The	system	level	 is	the	individual	patient,	and	
the	agents	are	nervous	cells,	immune	cells,	and	cytokines.	Based	on	
characteristics	at	onset,	 the	simulation	predicts	cytokines	and	 im-
mune	cell	population	dynamics,	as	well	as	relapses	(as	oligodendro-
cytes	loss).	It	may	simulate	the	therapeutic	effects	of	teriflunomide,	
fingolimod,	beta	 interferon,	ocrelizumab,	and	natalizumab.	The	 in-
teractions	in	the	computational	model	were	parametrized	with	im-
munology	literature	results.	A	preliminary	validation	reproduced	the	
relapse	occurrence	of	six	patients	[40].	The	CDSS	project	evolved	to-
ward	an	in	silico	clinical	trials	simulator	named	“MS	TreatSim,”	involv-
ing	a	collaboration	between	 the	Combine	Group	at	 the	University	
of	Catania,	 Italy,	and	an	IT	corporation	 (InSilicoTrials	Technologies,	
Mimesis)	 [41].	The	 simulator	has	been	validated	by	 reproducing	 in	
silico	 the	 AFFIRM	 trial	 (natalizumab	 vs.	 placebo)	 [42].	 TreatSim	 is	
currently	 intended	 to	 support	 clinical	 trial	 design,	but	 the	authors	
foresee	its	use	as	clinical	decision	support	for	treatment	selection.

The	DESTINY	project	proposes	an	 integrative	platform	for	MS	
management	at	the	scale	of	the	health	care	network	NeuroTransData	
in	 Germany	 [43].	 Its	 predictive	 module	 PHREND	 (Predictive	
Healthcare	With	Real-	World	 Evidence	 for	Neurological	Disorders)	
implements a Bayesian statistical model [44].	It	has	been	fitted	using	
data	from	the	NeuroTransData	MS	registry	 (approximately	25,000	
patients).	 It	 is	 refitted	quarterly	and	has	been	validated	externally	
with	nine	RCT	datasets	[45].	The	model's	 inputs	are	the	therapeu-
tic	 history	 and	 the	 clinical	 assessment.	 It	 predicts	 the	 number	 of	
relapses	 and	 the	 occurrence	 of	 confirmed	 disability	 progression	
(and	more	recently,	progression-	free	MRI)	at	a	horizon	that	may	be	
up	 to	4.5 years.	The	model	has	 low	performance	 in	predicting	 the	
exact	number	of	relapses	and	confirmed	disability	progression,	but	
makes	consistent	relative	predictions,	 that	 is,	personalized	ranking	
of	the	different	treatments'	benefits.	This	personalized	ranking	re-
fines	the	relative	benefits	of	the	treatments	to	individual-	level	pre-
dictions	 using	 interaction	 terms	 compared	 to	 the	 population-	level	
assessment	 in	 RCTs	 or	 network	meta-	analyses.	 Clinical	 utility	 has	
been	assessed	by	comparing	 the	evolutions	of	patients	 taking	 the	
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highest	ranked	treatment	with	others.	The	software	 is	certified	as	
a	class	I	MD	by	the	European	Medicines	Agency	and	is	deployed	in	
the	NeuroTransData	network	(Table 2).	Further	work	is	ongoing	to	
certify	the	software	as	a	class	IIa	MD.

MSProDiscuss	 is	 a	CDSS	 supporting	 the	 discussion	 during	 the	
visit	as	a	physician-	completed	digital	checklist	to	detect	early	signs	
of	transition	to	SP-	MS	[46].	The	development	of	the	tool	has	been	
driven	 by	 physician-	reported	 and	 patient-	reported	 data	 to	 assess	
the	feasibility	and	elicit	the	relevant	variables	[47].	The	importance	
of	the	variables	has	been	stratified	by	a	quantitative	analysis	over	a	
reference	dataset	of	3294	patients	in	the	USA	using	a	LASSO	(least	
absolute	shrinkage	and	selection	operator)	penalized	logistic	regres-
sion.	This	drove	the	design	of	the	questionnaire	provided	by	the	web	
application.	 A	 scoring	 algorithm	weighing	 the	 questionnaire	 items	
was	derived	from	this	multiple	logistic	regression.	Beyond	the	clas-
sically	 prominent	 impairment	 of	 lower	 limb	motricity,	 subtle	 signs	
have	been	identified	as	suggestive	of	the	transition	to	the	progres-
sive	phase.	Once	the	form	is	completed,	the	CDSS	computes	a	score	
estimating	the	likelihood	of	progression.	The	CDSS	has	been	devel-
oped	in	collaboration	between	the	Center	of	Clinical	Neuroscience	
(University	of	Dresden,	Germany)	and	Novartis.	It	has	been	released	
globally	 to	 evaluate	 its	 usability	 and	usefulness,	which	were	good	
[48].	However,	Novartis,	which	owns	the	CDSS,	has	stopped	its	in-
dustrialization	to	certify	 it	as	a	“software	as	a	medical	device”	and	
stopped online access.

Likewise,	the	MS	Prediction	Score	calculator	aims	at	predicting	
the	 transition	 from	RR-	MS	 to	SP-	MS	 [49]. It implements a contin-
uous	hazard	function	estimated	by	a	Poisson	regression	model	fit-
ted	on	the	Gothenburg	incidence	cohort	from	Sweden	(n = 157)	and	
was	 later	validated	with	the	Uppsala	cohort	 from	the	Swedish	MS	
Registry.	The	CDSS	computes	the	yearly	probability	of	transition	to	
SP-	MS.	It	is	released	globally	as	a	free-	access	online	calculator	but	
without	certification	for	medical	usage.

Another	 statistical	 model	 has	 been	 implemented	 as	 an	 online	
calculator	to	predict	the	risk	of	relapse	at	2 years	(here	referred	to	
as	“prognosis	for	patients	with	RR-	MS”)	[50].	It	is	based	on	a	mixed-	
effect	 Bayesian	 generalized	 linear	 model	 fitted	 on	 the	 Swiss	 MS	
cohort.	 It	 proposes	 to	 assess	 the	 clinical	 usefulness	 of	 the	 CDSS	
through	decision	curve	analysis,	which	calculates	the	net	benefit	of	
the	CDSS	compared	to	default	therapeutic	strategies.	The	authors	
foresee	 external	 validation	 as	 the	 next	 step	 of	 development.	 Yet,	
they	do	not	define	a	precise	context	of	usage	of	the	CDSS	along	the	
clinical	pathways	of	MS	management.

Model-	based	 CDSSs	may	 also	 help	 integrate	 quantitative	 mo-
lecular	 biomarkers	 in	 clinical	 practice.	 Serum	 neurofilament	 light	
chain	 (sNfL)	 is	a	molecular	biomarker	gaining	popularity	 in	detect-
ing	 subclinical	 neuroinflammatory	 activity.	 However,	 numerous	
confounding	factors	are	hindering	the	definition	of	a	universal	de-
cisional	threshold.	To	interpret	sNfL	levels,	an	online	calculator	(here	
referred	to	as	“sNfL	reference	app”)	has	been	proposed	to	compute	
an	age-		and	body	mass	index-	adjusted	z-	score	according	to	a	refer-
ence	population	of	US	and	European	control	persons	[51].	This	refer-
ence	database	served	to	fit	a	generalized	additive	model	for	location,	

scale,	and	shape	to	capture	the	distribution	of	sNfL	levels	in	healthy	
subjects.	Using	longitudinally	collected	samples	obtained	from	1313	
MS	 patients	 participating	 in	 the	 Swiss	MS	 registry,	 z-	scores	> 1.5	
were	associated	with	a	3.15-	fold	increase	in	future	MS	activity.	The	
findings	were	validated	externally	using	 the	Swedish	MS	Registry.	
The	generalizability	of	the	tool	requires	that	the	sNfL	level	is	mea-
sured	with	the	standard	kit	and	on	the	same	hardware	platform	as	
the	one	of	the	reference	database.	The	authors	envision	the	use	of	
this	 calculator	 in	RCTs	where	 sNfL	 is	 an	 endpoint	measure	 rather	
than in routine practice.

DISCUSSION

CDSSs	make	knowledge	accessible	to	physicians	“on	the	fly,”	whether	
it	 is	derived	from	experts,	data	from	similar	patients,	or	predictive	
models.	We	reviewed	the	CDSS	projects	with	reported	clinical	de-
velopments	in	the	field	of	MS.	Our	literature	screening	confirms	the	
bottleneck	between	preclinical	predictive	model	development	and	
the	clinical	development	of	CDSSs	(Figure 1).	The	projects	we	identi-
fied	have	various	algorithmic	approaches	(Figure 2),	position	them-
selves	for	various	contexts	of	usage	(Figure 3),	have	various	stages	
of	advancement	(Figure 4),	and	have	various	strategies	to	reach	inte-
gration	in	health	care	(Figures 5 and 6).

There	are	some	limits	to	this	study.	The	first	is	the	necessity	to	
postulate	 a	more	 stringent	working	definition	of	 a	CDSS	 than	 the	
wide-	sense	definition	postulated	in	the	early	2000s	[2]	(Box 1).	The	
wide-	sense	 definition	 could	 apply	 to	 any	 online	 calculator	 imple-
menting	 a	paper-	based	prognosis	 score	or	 symptoms	 scale.	 In	our	
sense,	 such	 cases	 do	 not	 reflect	 the	 translational	 efforts	 behind	
CDSS	projects.	We	 restricted	our	 screening	 to	 the	PubMed	data-
base,	as	we	were	only	interested	in	reports	of	clinical	development	
disclosing	technical	details	about	 the	algorithmic	approach.	This	 is	
seldom	the	case	of	CDSSs	reported	on	software	distribution	chan-
nels	 only.	 There	were	 borderline	 digital	 tools,	 possibly	 identifying	
themselves	as	decision	support,	requiring	adjudication.	Likewise,	we	
included some projects in the early phase that did not necessarily 
identify	themselves	as	CDSS	projects.	The	most	advanced	projects	
did	 not	 necessarily	 report	 every	 step	 of	 clinical	 development	 in	 a	
dedicated	article	 (proof	of	concept,	offline	validation,	 refined	pro-
totype,	live	clinical	evaluation,	comparative	prospective	evaluation).	
Some projects are only reported with a summary review article [30]. 
Overall,	it	shows	yet	maturing	report	practices.	The	development	of	
a	CDSS	is	iterative	by	nature,	which	means	that	some	prototypes	we	
reviewed	have	been	replaced	at	subsequent	project	iterations.	The	
updates	 on	project	 activity,	 industrialization,	 and	distribution	may	
not be publicly available.

CDSS	development	is	a	multidisciplinary	translational	effort	up	
to	 integration	 in	health	care	and	could	use	different	distribution	
options	(Figure 6).	The	most	advanced	projects	involved	collabora-
tions	between	an	institutional	stakeholder	providing	the	scientific	
input,	an	IT	corporation	to	implement	the	analytics	in	an	industrial-
ized	fashion	up	to	certification,	and/or	a	pharmaceutical	company	
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to	deploy	and	maintain	the	CDSS	in	the	long	run.	So	far,	no	proj-
ect	 has	 completed	 its	 clinical	 development	 up	 to	 certification	
for	medical	use	with	market	distribution	 (Figure 4).	MS	TreatSim	
evolved	 toward	 RCT	 design	 support	 and	 MS	 BioScreen	 toward	
self-	management	 support	 instead	 of	 clinical	 decision	 support	
[27,	41]. None is currently recommended in international practice 
guidelines,	probably	due	to	a	 lack	of	externally	validated	models	
[52].	The	ones	that	are	distributed	did	not	necessarily	seek	certifi-
cation	as	an	MD	to	be	marketed,	which	we	propose	to	call	“peer-	
to-	peer”	distribution	(Figure 6).	Bloodwatch	and	MS	TreatSim	are	
marketed,	 but	 not	 as	MDs.	 In	 the	 sense	 of	 the	 European	Union	
Medical	Device	Regulation,	certification	as	an	MD	is	necessary	to	
distribute	software	for	specific	medical	usage,	like	CDSSs	[53,	54]. 
Even	if	the	CDSS	algorithm	is	validated	scientifically,	its	implemen-
tation	as	a	digital	tool	is	at	risk	of	technical	flaws.	The	certification	
as	MD	acts	as	a	guarantee	for	physicians	to	trust	the	implementa-
tion.	However,	certifying	a	CDSS	 involves	an	 important	 financial	
investment	and	thus	a	 technology	transfer	 to	 the	private	sector,	
such	 that	 Software	 as	medical	 devices	 (SaMDs)	 are	 usually	 pro-
prietary	instead	of	freeware.	The	transfer	to	the	private	sector	is	
usually	thought	to	bring	sustainability	to	the	CDSS,	but	the	case	
of	 MSProDiscuss	 showed	 that	 the	 distribution	 may	 be	 stopped	
unilaterally	 by	 the	CDSS	 owner	 for	 economic	 reasons.	 “Peer-	to-	
peer”	distribution	appears	as	a	way	to	bypass	the	market	and	the	
private	sector	(Figure 6).	For	instance,	the	CDSS	may	be	shared	as	
freeware	through	URL	links	if	web-	based	(e.g.,	the	PML	risk	score	
calculator	 referred	by	 the	Open	MS	Bioscreen	platform)	or	 sent	
through	peer-	to-	peer	correspondence	if	desktop.	 In	an	academic	
setting,	it	is	a	means	to	share	proof	of	concepts,	but	it	is	officially	
restricted	 to	 nonmedical	 usage.	 Still,	 certifying	 relatively	 simple	
calculators	as	MDs	seems	overkill	and	likely	increases	the	imple-
mentation	 gap	 of	 digital	 tools	 compared	 to	 paper	 tools.	 A	 third	
distribution option could be that an institution implements an al-
gorithm	itself	for	internal	usage	only	(Figure 6),	which	is	the	case	
of	CDSS	projects	that	do	not	seek	external	distribution.

Besides	 accessible	 implementation,	 the	 adoption	 of	 CDSSs	 in	
clinical	practice	involves	human	factors	including	but	not	limited	to	
usability and utility [1].	Most	of	the	CDSS	projects	report	user	tests	
to	assess	the	system's	usability.	Small-	scale	user	tests	are	reported	
at	the	proof	of	concept	step,	whereas	a	minority	of	projects	report	
large-	scale	user	tests	in	dedicated	reports	[48].	The	assessment	of	
the	utility	of	 the	CDSS	appears	more	critical.	Although	EBDiMS	 is	
the	most	 accessible	 CDSS	with	 a	 freely	 accessible	 demonstration	
version,	 its	assessment	showed	a	 low	utility	because	 its	 individual	
prognoses	did	not	change	the	physician's	or	patient's	prior	beliefs.	
This	highlights	the	importance	of	CDSSs	not	only	to	be	confirmatory	
of	the	user's	prior	beliefs.	At	most,	confirmatory	CDSSs	may	be	used	
as	discussion	support	with	the	patient.	As	such,	the	EBDiMS	posi-
tioned	its	context	of	usage	as	“prognosis	counseling”	(Figure 3)	[34].

Likely,	 the	 context	 of	 usage	 of	 a	CDSS	 has	 already	 been	 ex-
plored	 by	 epidemiological	 studies	with	 population-	level	 models.	
Therefore,	a	CDSS	should	seek	its	utility	from	the	individual-	level	
granularity	of	its	insight.	Utility	could	be	measured	by	prospective	

comparative	efficacy	studies,	such	as	RCTs	comparing	CDSS-	aided	
care and conventional care [55].	 Another	 perspective	 for	 CDSS	
utility	 is	 to	 facilitate	 the	 integration	 of	 quantitative	 biomarkers	
in	 clinical	 practice.	 It	 may	 be	 molecular	 biomarkers	 (e.g.,	 sNfL)	
[51],	 radiomic	biomarkers	 (e.g.,	 the	 rate	of	whole	brain	 atrophy),	
or	digital	biomarkers	(e.g.,	patient-	reported	outcome	measures	or	
signals	from	wearable	sensors)	 [56].	Traditionally,	the	 integration	
of	quantitative	biomarkers	requires	the	definition	of	a	decisional	
threshold	 by	 population-	level	 studies	 [57].	 Defining	 a	 one-	size-	
fits-	all	 threshold	may	be	challenged	by	confounding	factors.	The	
ability	of	CDSS	algorithms	to	integrate	many	variables	to	compute	
individual-	level	 predictions	 is	 likely	 to	 overcome	 this	 limitation.	
Finally,	the	assessment	of	safety	also	includes	the	assessment	of	
the	emotional	impact	the	prediction	may	have	on	the	patient,	thus	
calling	for	patient-	centric	designs.

CONCLUSIONS

The	clinical	development	of	CDSSs	is	an	emerging	multidisciplinary	and	
translational	 field	whose	 processes	 are	 still	maturing.	 The	 complex-
ity	of	MS	and	the	high	amount	of	therapeutic	options	have	aroused	
several	CDSS	projects,	with	various	algorithmic	approaches.	They	 il-
lustrate	 the	 potential	 of	 clinical	 applications	 of	 IT	 and	massive	 data	
to	support	MS	management.	Their	review	helps	clarify	the	roadmap	
for	future	projects,	as	a	multidisciplinary	and	multistep	process.	One	
can	expect	large-	scale	RCTs	testing	the	utility	and	safety	of	CDSSs	in	
the	coming	years,	similar	to	the	assessment	of	regular	MDs.	Although	
the	development	of	IT	brought	various	algorithmic	techniques,	there	
is	always	a	critical	need	for	reference	datasets	informing	the	context	
of	usage	of	 the	CDSS.	As	a	 result,	data	collection	 is	 increasingly	 in-
tegrated into care [58],	often	through	the	platform	hosting	the	CDSS	
[43].	Data	become	more	collected	from	patients	themselves,	either	ac-
tively	or	passively.	The	progress	of	data	architecture,	shifting	practices	
toward	 interoperability,	 will	 ease	 the	 integration	 of	modular	 CDSSs	
into	platforms,	as	well	as	the	integration	of	multiple	modalities	of	data.
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