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ABSTRACT
Multiple sclerosis (MS) is a complex, chronic, and heterogeneous
disease of the central nervous system that affects 3 million people
globally. The multifactorial nature of MS necessitates an adaptive
and personalized approach to diagnosis, monitoring, and treatment.
This paper proposes a novel Digital Twin for Multiple Sclerosis
(DTMS) designed to integrate diverse data sources, including Mag-
netic resonance imaging (MRI), clinical biomarkers, and digital
health metrics, into a unified predictive model. The DTMS aims to
enhance the precision of MS management by providing real-time,
individualized insights into disease progression and treatment effi-
cacy. Through a federated learning approach, the DTMS leverages
explainable AI to offer reliable and personalized therapeutic rec-
ommendations, ultimately striving to delay disability and improve
patient outcomes. This comprehensive digital framework represents
a significant advancement in the application of AI and digital twins
in the field of neurology, promising a more tailored and effective
management strategy for MS.

CCS CONCEPTS
• Applied computing → Bioinformatics; • Computer systems
organization → Data flow architectures.
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1 INTRODUCTION
Multiple sclerosis (MS) is a chronic, inflammatory, demyelinating,
and neurodegenerative disease of the central nervous system (CNS),
heterogeneous, multifactorial, immune-mediated, caused by com-
plex interactions between genetic background and environmental
factors [18, 41]. It affects about 3 million people in the world, a
number significantly underestimated due to the lack of reliable
data from developing countries [35]. It mainly affects young adults,
with onset usually between 20 and 40 years of age, and it has one
prevalence approximately 3 times higher in women than in men.
The typical pathological feature of MS is the accumulation of de-
myelinating lesions that develop in both the white matter and the
gray matter of the brain and spinal cord.

The clinical manifestations and course of MS are heterogeneous:
in most patients, the symptoms are observed in reversible episodes
of neurological deficits (known as relapses) that usually last days or
weeks and characterize the initial stages of the disease (i.e., clinically
isolated syndrome (CIS), and relapsing-remitting multiple sclerosis
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(RRMS)). Over time, the development of permanent neurological
deficits and the progression of clinical disability become prominent
(secondary progressive multiple sclerosis (SPMS)). A minority of
patients show a progressive disease course from the beginning,
which is defined as primary progressive multiple sclerosis (PPMS).
On average, almost 80% of RRMS patients skip to SPMS within
20 years of onset. Annually, it is estimated that 2-3% of patients
with RRMS convert to SMSP [30]. However, there is significant
individual variability in the risk of progression, which is often
detected late and outside the time window in which the available
therapies modifying the course of the disease are effective.

Therefore, the chronic, heterogeneous, and multifocal nature of
MS, also called the “disease of a thousand faces”, requires a diagnosis
strategy, complex, ubiquitous, and differentiated, as well as adaptive,
monitoring, and treatment. This strategy should be personalized
and adapted to the patient’s individual needs and disease course
and be continuously adapted. The progression of the disease is
schematically represented in Figure 1.

Threshold

Intensity MS (Arbitrary Unit)

Time (Year)

Patient #1
Patient #2
Patient #3

Cluster #1
Cluster #2

Diagnosis Time

Figure 1: Exemplary progression of the MS according to
classes of patients (smooth continuous lines), each generated
by averaging the progression lines of single patients (high-
frequency lines represented just around one class, to avoid
confusion). Both types of curves are useful in MS: the class
curves are required to indicate the current phenotype (the
class) of the disease to which the specific patient currently
allows; the patient’s curve is required to calibrate specific
treatments and to predict the future potential switch of a pa-
tient to another class (critical points are the crossing points
among the class curves). The threshold line indicates the
value above which the disability level is very high. The scope
of the research is to use predictive markers to allow every
patient to cross the threshold at the furthest point in time: in
this optic, personal and cluster information have to be used
jointly.

In recent years, research has focused on identifying reliable
multiple-source molecular, diagnostic, and clinical biomarkers to
improve clinical monitoring and predict the risk of progression of
patients with early MS. The goal is to provide a system to allow
patients to undergo disability furthest in time (Figure 1).

Magnetic resonance imaging (MRI) is the main technique for
diagnosing and monitoring MS, thanks to its multimodal versatility

in determining the load of demyelinating lesions in the CNS and
disease activity (appearance of new lesions or contrast-enhancing
lesions). MRI is also able to monitor aspects related to the neurode-
generative process typical of progressive MS, such as loss of brain
volume, cortical lesion load, and the presence of chronically active
lesions [19].

Thanks to its versatility and large numbers of imaging sequences,
MRI is capable of deriving several imaging markers for MS.

Despite their importance, MRI markers can only partially explain
the pathophysiological mechanisms underlying MS. Very often,
their applicability to particular subgroups of patients is limited by
the low specificity of standard neuroradiological protocols and by
lack of semantic harmonization (scanner-dependent contrast scales)
of the MRI images that makes them not comparable [37, 40].

Molecular biomarkers can excellently complement MRI, clinical,
paraclinical, and instrumental data [45, 49]. This allows for ear-
lier diagnosis and, therefore, treatment with drugs modifying the
course of the disease in patients with clinically isolated syndrome
(CIS). The advent of highly sensitive analytical platforms that allow
reliable quantification of novel protein biomarkers present in low
concentrations in peripheral blood samples has paved the way for
future applications in clinical practice [1, 28]. At the moment, how-
ever, the use of these new biomarkers in clinical practice is limited
by several factors, including low specificity, high individual variabil-
ity also concerning physiological variables (age, body mass, renal
function) and differences in measurement methods, high costs and
poor accessibility [28]. Among the emerging biomarkers, there are
also some CSF and serum cytokines related to neuroinflammation
[4, 43].

Besides emerging serum biomarkers, additional clinical tools
have been introduced to quantify different multidimensional as-
pects of MS, such as assessment of fatigue, cognition, and ambula-
tion. The numerical quantification of these parameters, with relative
objectification, could allow phenotyping MS in terms of disease
activity or symptom-specific phenotypes [33, 36, 38, 39, 44].

In recent years, digital biomarkers have been introduced, con-
sisting of measurements to collect objective data on biological (e.g.,
blood glucose, serum sodium), anatomical (e.g., mole size), or phys-
iological (e.g., heart rate, blood pressure) parameters. The use of
portable or implantable biosensors and their interpretable measures
has allowed us to numerically evaluate important parameters such
as, among others, cognitive functions and fatigue. Specific portable
sensor-based measurement systems can be used in both clinical
and domestic settings to carry out gait analysis (speed, acceleration,
resistance, and quality of movement), posture, balance [39], as well
as the fluidity of movement of the hands [36, 38]. In this way, it
is possible to have a detailed vision of the daily life of patients
and a quantitative and objective monitoring of some parameters
correlated with the progression of MS.

Therefore, the "disease of a thousand faces" requires a complex,
ubiquitous, and differentiated, as well as adaptive diagnosis, moni-
toring, and treatment strategy. This strategy should be personalized
and adapted to the patient and the individualized course of the dis-
ease, and it should be continuously adapted to ensure that the
disease progression is always the least fast.

Artificial intelligence (AI) promises to be a fundamental tool in
the management of MS, especially in the field of automatic analysis
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of the above multimodal and multidimensional data [6, 7]. AI could
be well suited to predicting clinical disability, long-term benefits,
and the safety of disease-modifying treatments through the mul-
titude of tools it makes available. The outputs of the AI models,
which can involve the analysis of distinct groups of data, can be re-
organized together into a digital twin (DT). However, the adoption
of AI is not without risks. As widely demonstrated, AI models may
suffer from bias (i.e., unmotivated discrimination or favouritism
of specific group of individuals [32]), privacy leaks of sensitive
information [12], or lack of explainable predictions [29]. Hence, as
also highlighted by the recently approved AI Act from the Euro-
pean Union [17], special attention must be devoted to ensuring the
ethical quality of those AI systems (i.e., their fairness [11, 15, 16],
privacy [13], and explainability [22, 23]).

In this paper, we propose the initial architecture of a DT specifi-
cally designed for MS (DTMS) that includes both the specificities
of the patient and its relationship with the class (phenotype) of
allowance in a combined DT. The architecture integrates and stores
all the above-mentioned heterogeneous information into a so-called
semantically uniform database. Those data are then fed as input to
a federated AI model that is compliant with ethical guidelines to
retrieve predictions about specific MS treatments for single patients
or clusters of patients. In particular, the provided architecture and
the envisaged DTwill focus on improving both spatial and temporal
accuracy to:

(1) Define new phenotypes (classes), or specific sub-phenotypes,
in Figure 1;

(2) Provide an effective provisional follow-up strategy, based
on combined digital markers, to ensure each patient is main-
tained in the minimal slope curve in Figure 1.

The rest of this paper is structured as follows: Section 2 presents
some related work in the context of DT in the healthcare domain.
Section 3 is devoted to describing the high-level architecture and
the main components of our proposed approach. Finally, Section 4
discusses some future challenges and concludes the paper.

2 RELATEDWORK
Digital twins in the healthcare domain are starting to be consid-
ered a well-established tool, but the advent of digital twins patients
(DTPs) in personalized medicine comes with a new set of applica-
tions, benefits, and challenges [3]. A DTP is a virtual representation
of the patient withwhom to interact throughout life, which provides
intelligence for diagnosis, evaluation, prediction, and treatment cal-
ibration. In its modern version, the DT has 5 dimensions: a physical
entity, a digital counterpart, a connection that binds the two parts
together, and the data and services [47].

A DT consists of numerous dynamic and multidimensional pa-
rameters [8, 25, 26]. Dynamic means that the data is both histor-
ically available and continuously updated and accumulated from
that person’s life, for example, related to the person’s medical con-
dition, diagnostics, living style and environment, tolerability of a
drug, or degree of acceptance of therapy. The multidimensional-
ity of the data comes from the many different sources generating
them, e.g., a DTMS can be created to allow healthcare providers to
manage diverse disease parameters, clinical and para-clinical out-
comes, multi-omics, biomarkers, patient-related data, information

on the patient’s feelings and life plans, and medical procedures and
protocols.

The potential, especially when it comes to precision medicine, is
that DTs can be used to simulate individual therapies in advance
and visualize potential therapeutic results in terms of progression,
as treatments vary. The concept of DT seems to be particularly
suitable for the approach to MS, in a DTMS, precisely because it
is characterized by a heterogeneous course, complexity, and mul-
tidimensionality, a growing number of therapeutic options, and a
consequent wealth of data [47].

This approach has been exemplified by studies such as the one
by Steven Cen et al. on modeling disease-specific brain atrophy
in individuals with multiple sclerosis [9]. Their research utilized a
digital twin model to estimate the age of onset of brain atrophy by
comparing longitudinal MRI data with a spline model derived from
cross-sectional data of normal aging individuals [9].

Other works outline AI algorithms applied to analyze the data
for diagnostic [2], personalized treatment recommendations, and
identifying new MS phenotypes. Remote monitoring through wear-
able devices allows for continuous data collection and real-time
monitoring, with continuous feedback loops in place to dynamically
adjust and optimize treatment plans [48].

By unifying health monitoring, artificial intelligence models ap-
plied to MS [35], and simulations into fewer digital assets, DTPs
enhance the interconnectivity of these modules. This holistic view
allows for personalized health monitoring, identification of poten-
tial therapeutics, and overall improvement in patient care. DTPs
can be instrumental in predicting adverse events, optimizing treat-
ment plans, and facilitating large-scale clinical trials. Some of these
studies are mentioned in a scoping review that summarizes pa-
tient digital twins, current applications and future directions while
unfortunately highlighting that most of these projects are still in
pre-clinical stages [14].

Addressing existing challenges [3] is essential for the broader
adoption and effective implementation of digital twins in clinical
practice. To advance, pragmatic and modular approaches must be
established to develop the first clinical proof-of-concepts.

This work aims to go beyond the state of the art by combining
both a patient-specific module and a phenotype-specific module
that allows the definition of new digital markers for MS, while
also predicting the temporal evolution of the disease. The DTMS
aims to enhance the precision of MS management by providing real-
time, individualized insights into disease progression and treatment
efficacy.

3 DT CONCEPTS AND INITIAL
ARCHITECTURE

Figure 2 shows the high-level architecture of the proposed approach.
The system is designed as a layered architecture where data are
constantly aggregated and processed from the bottom layer up to
create digital twins (DT) for a single patient or a cluster of patients
homogeneous for a given clinical demand of a specific type of MS
(i.e., phenotype). The columns in the figure (𝐶1, 𝐶2,...,𝐶𝑘 ) represent
the different clinical infrastructures and hospitals involved in the
system.
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Figure 2: High level architecture

The base layer is identified by a series of large databases contain-
ing heterogeneous data coming from different clinical institutions
(DB1, DB2, ..., DB𝑘 in Figure 2). Given the heterogeneous nature
of these data, they first have to be syntactically uniformed to be
compliant with a uniform schema. Hence, the data are collected and
preprocessed by a series of Data Harmonization Platforms (PDH)
which model and uniform them following a Uniform Data Model
schema. These uniformed data are then stored inside a series of
uniformed databases (DBU). However, these homogeneous data are
still not ready to be fed as input to predict treatments for MS. In-
deed, different systems for monitoring MS use different semantics
to encode and represent information [42]; hence, the data has to be
also semantically uniform to represent the same information in the
same way. This operation is performed by a series of Semantic Data
Harmonization Platforms (PSDH), which collect the syntactically
uniformed data from theDBU and perform a series of preprocessing
operations to semantically uniform the data following a Semanti-
cally Uniform Data Model. This is particularly evident in the case of
MRI. Each MRI manufacturer implements unique settings, leading
to significant variability in the resulting images when the same
study is conducted on the same patient using scanners from dif-
ferent producers. They are usually associated with the hardware
and protocol used for capturing images. The properties of MRI,
such as the strength of the scanner’s magnetic field, the type of
radiofrequency coil used, the characteristics of the gradients coil,
the hardware, the image reconstruction method, and the parame-
ters of the non-standardized acquisition process, can add technical
variability that is also seen in the MRI-derived features [24, 27, 31].

Finally, these fully uniformed data are stored in a series of
databases compliant with the semantically uniform schema (DBSU
in Figure 2) and can be used as input for prediction tasks. In partic-
ular, the system will employ a federated learning model where the
knowledge and information are shared among the machine learning
(ML) models hosted in the different hospitals and clinical structures.
The federated model will include in-processing fairness, explainabil-
ity, and privacy models to ensure its reliability and trustworthiness,
compliant with ethical guidelines for the adoption of ML systems

in critical domains [17] (see Section 3.1). The predictions returned
by the ML models, as well as the collected data, are finally used to
generate the DT.

As said at the beginning of this section, the system provides two
categories of DT: a DT tailored for a single patient (DTP in Figure
2) and a DT Aggregate tailored for a cluster of patients having the
same clinical demand for a specific type of MS (DTC in Figure 2)
[21]. In particular, the DTP will be generated by combining the
information of a single patient with the predictions returned by
the ML model. The information from all the patients exhibiting the
same MS phenotype will be aggregated to generate the DTC. It is
worth noticing how the two DTs will share information with each
other. The data aggregated and collected from the DTC can be used
in the DTP to improve its knowledge base and suggest actions to
mitigate the progression of MS for all the patients of that cluster.
At the same time, information from single patients can be used to
detect new MS phenotypes.

Ethical
Federated

Model

DTC

XAI ML Model

Healthcare
Worker

Neurologist Biologist

Computer 
Scientist

Data 
Scientist

Telecommunication 
Engineer

Legal 
Expert

Semantically Uniform 
Data Model

PASD

Uniform Data Model

PDH

Domain Experts Involved in 
the System Development

Final User

DTP

Dashboard

XAI ML Model

Dashboard

Figure 3: Detail of the DTs and main actors involved

Figure 3 reports a detailed view of the two types of DTs and
the main actors involved in the system. As already highlighted in
Figure 2, both DTs are based on the preprocessed and semantically
uniform data provided by the PASD and stored in the DBSUs.1 Both
DTs comprise the same two macro-components: an XAI ML model
(which is part of a larger federated model), which uses the data
provided by the PASD to predict a therapeutic regimen forMS, and a
dashboard to query the ML model and analyse the results. The final
user of these DTs will be the healthcare worker. In particular, the
healthcare worker will be able to interact with the DTC dashboard
to analyse the predictions of the ML model concerning the cluster
of patients or directly query the ML model of the DTP for a specific
therapeutic regime. It is worth noticing how the two DTs will
interact with each other. In particular, the DTC will collect the
information from the underlying DTP in order to analyze common
patterns for a cluster of patients. At the same time, if a patient moves
from one cluster to another because of a change in the MS clinical
scenario, then the DTP of that patient will be reconfigured using
the information obtained from the new DTC. This communication
between the two types of DTs will also allow the discovery of new
clusters when the information from the DTP is not in line with the
1For figure clearness, the DBs are omitted in Figure 3.
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existing ones. If several patient DTs show the same behavior, this
opens a new challenge for the medical team because it should be the
case that a new phenotype (patient cluster) has been identified. This
feature can help improve the medical model in MS by potentially
identifying new phenotypes (or patient clusters).

Finally, the right of Figure 3 details the main domain experts in-
volved in the development of this system. As can be seen, different
types of expertise are required, such as neurologists and biologists
to provide domain knowledge about the treatment of MS, telecom-
munication engineers to provide knowledge about the technologies
and data formats used to measure MS, computer and data scientists
to provide knowledge about ML models and DTs development, and
legal experts to provide legal knowledge to ensure the fairness and
trustworthiness of the system.

3.1 Ethical requirements on DTMS
As already expressed in Section 1, given the sensitive application
domain, special attention will be devoted to the ethical assurance of
the DTMS. The ethical requirements we are addressing are privacy,
fairness, and explainability [20].

Privacy is defined as "the susceptibility of data or AI models to
revealing private or sensitive information" [10]. Concerning the pri-
vacy of data, the DBs shown in Figure 2 will all be hosted inside
their relative institution, and no sensitive information will be ex-
posed outside. Concerning the privacy of the underlyingML system,
extensive research has been conducted to ensure the privacy of fed-
erated models [34]. Hence, during the development of the DTP, we
will test several privacy-preserving models, like the one presented
in [46], and select the one more suited for our use case. Concerning
the DTC, privacy will be ensured by design since the data employed
are aggregated.

Fairness is defined as "the absence of any prejudice or favouritism
toward an individual or group based on their inherent or acquired
characteristics" [32]. Fairness can be assessed either at an individual
(i.e., all individuals must be treated equally despite any of their fea-
tures) or group (all individuals must be treated equally despite their
sensitive attributes like gender or ethnicity) level [11]. Since MS is
related to some particular features of the patients and not all pa-
tients can be treated equally, we will focus on ensuring the fairness
of this DTMS at a group level by applying in-processing fairness
methods to ensure that the system does not apply discrimination
towards any sensitive attribute (like gender, ethnicity, etc.).

Finally, in this context, we consider explainability as the ability
to link any prediction of the ML model to features of the patient
in the DT. This can be achieved in a federated learning context
through a federation of explainable models [5].

4 DISCUSSION AND CONCLUSION
The chronic, heterogeneous, andmultifocal nature ofMS, also called
the “disease of a thousand faces”, requires a specific diagnostic strat-
egy and differentiated, personalized, and adaptive monitoring and
treatment. In this paper, we have proposed a novel DTMS designed
to integrate diverse data sources, includingMRI, clinical biomarkers,
and digital health metrics, into a unified predictive model combin-
ing both a patient-specific module and a phenotype-specific module.
The DTMS aims to enhance the precision of MS management by

providing real-time, individualized insights into disease progression
and treatment efficacy. The DTMS leverages explainable AI to offer
reliable and personalized therapeutic recommendations, ultimately
striving to delay disability and improve patient outcomes. This com-
prehensive digital framework represents a significant advancement
in the application of AI and digital twins in the field of neurology,
promising a more tailored and effective management strategy for
MS and a predictive tool to anticipate the evolution of the disease.
Future work will be the implementation of the proposed DTMS
architecture, its integration with multimodal data and AI models,
and, finally, its predictive validation with retrospective data from
different specialistic neurological centers.
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