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Introd uction ®* Nine distinct MS disease states, each differing in terms of the key dimensions of MS, and which can be grouped into four interpretable

meta-states based on clinical review (Figure 1 and Table 1)
* Phenotypes of multiple sclerosis (MS) have been defined' and

revised? based on consensus definitions to describe the clinical Figure 1. Multiple sclerosis disease states and impact of treatment on patient transitioning between states

disease course, help with communication, prognosticate, design A. Nine states of MS and the transition probabilities between them, grouped in four meta-states

and recruit for clinical t”als’ and make decisions on treatment /Early MS ) / Late M§ Patients with early MS can transition back and forth between early states, or into
* However, the multifaceted patient experience of MS is not state ‘ state R T

well reflected in the current classification of MS phenotypes, * Limited physical disability

which is based on only two dimensions, i.e., the presence / + Low subclinical disease burden .

or absence of clinical relapse and disability progression.? s - Ongoing subclinical inflammation (but clinically stable)

_ P o _ y prog ' » Patients with early MS can transition into the acute relapse state
The classical phenotypes (clinically isolated syndrome, Lo
relapsing remitting MS [RRMS], secondary progressive MS 0.13 e * 100% probability to be in a relapse

» High level of subclinical inflammation (MRI lesions)

» Patients can recover to one of the early MS states, or to the transition state,
or to late MS

[SPMS], primary progressive MS [PPMS]) may not have
distinct pathophysiological properties and reveal limitations
In prognosticating individual disease courses, or treatment
response

(e.g. PMS patients with superimposed relapses, or RRMS patients with progression)

>

®* Unsupervised machine learning techniques can be used to S . Moderate disability (mean EDSS 3.8)
analyse mUltidim_enSional |0_”§_Jitu_dina| patignt trajectories frc?m A = - High subclinical disease burden, often accompanied by cognitive deficits
thousands of patients and visits in an unbiased and data-driven Transition 009 | - - High level of focal inflammation (MRI lesions and/or relapses)
way to discover key dimensions describing the disease and to 0.08 Y state = + Patients may recover to one of the early states of MS, they may relapse, or
identify homogenous states of MS 0.19 N transition to late MS

0.26
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C. The nine states of MS based on the empirical means of the original variables

High level of physical disability

Cognitive deficits

Low level of inflammation

Patients with late MS have low probability of recovery to earlier states of MS

Acute relapse
G o a I state
[

An evidence-based characterization of MS based on an analysis
of multivariate clinical and radiological disease trajectories of 5 The ¢ of treatment on the fransitt

: : . : : . The impact of treatment on the transitions
patients with MS across the entire disease spectrum using between clinically interpretable meta-states of MS

unsupewlsed maChIne Iearnlng -460/0* i Early MS state relaﬁ::t:tate fransition ate I\ ate
.~ |HR: 0.54[0.48, 0.61]| | _- state | | Cate MSSERESTEEEEE
40 40 37 38 39

ObjeCtlve | : Age, Median (IQR) 39 47 47 46
0.04 Acute relapse | g9e; (33,47) (33,47) (30,45) (31,45)| (31,45) | (31,46) | (41,53) (42,53) (40, 53)
* To identify key dimensions to describe MS based on 05 state : Sex, Female (%) 69 65 70 69 71 70 57 58 54
an analysis of the covariation of standardized clinical and A | A : Diagnosed phenotype (%)
radiological features : : RRMS 87 77 91 94 87 82 30 19 11
u n n n n n I
® To discover MS disease states, i.e. phases in which the patient | 0.26 : SPMS 7.5 12 5.1 5.0 12 15 48 66 72
. . . . I
trajectories from different patients resemble each other 0.34 38%* o | PPMS 5.6 12 41 06 11 3.0 22 15 17
* To quantify the transition probabilities between MS disease ;Rigo-gﬁ . | EDSS (total score) | 3.82 0
states and ’Fhe effect of.c.h.sease-modyfymg therapy (DMTs) on , | Timed 25-foot walk test e g
these transition probabillities v |
Transition state P : Hand coordination (s) 29.34
0.12 ' PASAT (correct answers 2
Methods ; ;
. ©
-31 0/0(*) : T2 lesion volume (mm3) 8571.41 11338.1 11216.21 §
i 0.16
Patient data | | o HR: 0.69 : Brain volume (L) 151 151
* Atotal of 8052 MS patients (discovery: 6444; validation: 1608) [0.47, 1.00] | |
: _ : 4 : Number of T1 Gd lesions 0.6 2.64
from the Novartis-Oxford MS (NO-MS) clinical trial database®, | | -
with up to 15 years of follow-up, >120000 visits, three magnetic ) | Relapse probability =
resonance imaging (MRI) features, and a diagnosis at study _state | State 1 State2 State3 State4 State5 State6 State7 State8 State9
entry of either RRMS (n=5794), SPMS (n=1 548), or PPMS EDSS, expanded disability status scale; FAHMM, factor analysis followed by hidden markov model; Gd, gadolinium; HR, hazard ratio; MS, multiple sclerosis; PASAT, paced auditory serial addition test;

PMS, progressive MS; RRMS, relapsing remitting MS; SPMS, secondary progressive MS

A. An illustration of the nine states of MS, grouped into four clinically interpretable meta-states, and the transition probabilities between these states as proposed by the FAHMM (coloured circles and light grey
arrows), arrow boldness increases with increased transitioning probability, transition probabilities are thresholded, i.e. only those >8% are shown, for time steps of 1 month; B. Black arrows show the probability of

(n=710) were included in this analysis

Data AnaIySiS transitioning between clinically interpretable meta-states, i.e. to any of the states within the meta-state. Transition probabilities flagged with an asterisk are significant at the 5% level, those asterix within bracket
e A labl . hi | . h F are significant at the 10% level. Treatments were analysed as ‘any DMT’ (interferon beta-1a, glatiramer acetate, teriflunomide, fingolimod, siponimod or ofatumumab) vs none (i.e. either placebo treatment or
scalable unsuperwsed machine learning method ( actor no treatment), red dashed arrows (and hazard ratios) show the impact of treatment on transitioning from one state to another; C. For ease of interpretation the states were sorted and labelled 1-9 by physical
Ana|ysis followed by Hidden Markov Model; FAH|\/||\/|) was disability score. Subclinical disease burden/damage: disease related small brain volume and high T2 lesion volume.
developed to analyse patient trajectories using longitudinal data Table 1. Comparison of current clinical phenotypes of MS versus Factor Analysis followed by Hidden Markov Model (FAHMM)
from the NO-MS dataset, including: phenotypes of MS
— Clinical data: expanded disability status scale (EDSS), Clinical phenotypes of MS (Lublin et al., 2014) FAHMM disease stages (Ganjgahi et al., current poster)
timed 25-foot walk test (T25FWT), 9-hole peg test (9HPT), 2 3+
paced auditory serial addition test (PASAT) and occurrence Dimensions to define Disability progression (mechanism) Disability (absolute level)
of relapse phenotypes/states Relapse Subclinical damage & cognitive deficits
o _ _ Inflammation (T1 Gd lesions, relapses)
— MRI data: number of gadolinium (Gd)-enhancing T1 lesions, Modif ¢ Chenot 2 0
. . . . (o) ers o eno €S . .
volume of T2 lesions and normalised brain volume derived @ Aoekikahsess os) Inflammatory activity (MRI lesions) none)
from percentage brain volume change i PREnERP g'"l“ca'_progres?'tit‘?” s AT
_ _ _ _ elapsing remitting arly
¢ The FAHMM IS agnOStIC tO the CIaSSICaI phenOtypeS, l.e. the Maln classification Secondary progressive MS Acute relapse
diagnosed subtype of MS (RRMS, SPMS or PPMS) is not used Primary progressive MS Transition state
in the modelling Late MS

* Dimensions to describe MS were identified using a probabilistic .
latent variable analysis to exploit shared information between CO“CI USIoNS
measured variables (i.e., linear combination of the originally .
measured clinical and MRI variables)

* The FAHMM model was used to discover the number and
identity of disease states of MS (Bayesian information criterion).
Within a disease state the multimodal feature trajectories are
similar for different patients; patients can stay for a period in a
specific disease state or they can move back and forth between
disease states

®* The transition probability between disease states and the
impact of treatment (any DMT vs no treatment or placebo) were

The FAHMM identified three key dimensions to characterize MS: (1) the level of disability, (2) the level of subclinical damage and
cognitive impairment, and (3) the level of focal inflammation (relapses and lesions)

The FAHMM distinguished nine states which can be grouped into four meta-states: four “early MS”, one “acute relapse”, one
“transition”, and three “late MS” states

Transition from “early” to “late” MS only occurs when there is an accumulation of subclinical damage, reducing the patient reserve
capacity. Subclinical disease activity should be prevented from the start. The model confirms that DMTs significantly lower the
probability of patients to transition from “early” to “late MS”

Within “late MS” FAHMM found no distinction between SPMS and PPMS; low inflammatory progressive disease is a single meta-state of MS
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