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Introduction
Severity score represents disease duration–adjusted 
mean rank of disability in multiple sclerosis (MS) 
patients from the reference population.1,2 Severity 
rank was validated as a group-level predictor of disa-
bility in MS1,3,4 and explained a large proportion of 
the individual variance in MS disability outcomes.5 
The MSBase predictive model of treatment response 

is a powerful algorithm for predicting MS clinical 
outcomes conditional on treatment exposure, demo-
graphic, and clinical variables. However, the model 
did not include severity rank among its predictor 
variables.6 We hypothesized that incorporating the 
Multiple Sclerosis Severity Score (MSSS) into the 
MSBase predictive model would improve the model’s 
power for individual-level prediction and validate the 
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prognostic value of MSSS against the background of 
other characteristics that are already included in the 
model.

Methods
The MSBase Registry is a global collaborative 
research group that prospectively collects outcomes 
data from MS treatment centers using an Internet-
based, physician-owned, and operated system. The 
structure and operations of MSBase have been 
described in detail (www.msbase.org).7 MSBase 
holds approval from Melbourne Health Human 
Research Ethics Committee and approval or exemp-
tion at each contributing center as required (WHO 
International Clinical Trials Registry Platform 
(ACTRN12605000455662)).

The data were extracted from the MSBase registry on 
18 January 2019. Inclusion/exclusion criteria for this 
study were as follows: diagnosis of MS or clinically 
isolated syndrome based on the 2005 or 2010 revised 
McDonald criteria;8,9 commencement of a DMT dur-
ing the prospectively recorded follow-up (irrespective 
of the previous exposure to DMTs); minimum pre-
DMT follow-up of 6 months (except patients with 
<6-month disease duration); minimum on-treatment 
prospective follow-up of 6 months; availability of the 
minimum dataset (i.e. patient sex, year of birth, year 
of the first clinical presentation, disease course, treat-
ing center, and ⩾2 on-treatment clinical visits with 
recorded Extended Disability Status Scale (EDSS) 
scores); disability score (EDSS) recorded between 
6 months before and 1 month after the index DMT 
commencement, but not within 30 days after a previ-
ous relapse. Patients with inactive primary progres-
sive MS were excluded.10 Flow diagram of patient 
disposition is shown in Supplemental Figure 1. 
Baseline was defined as the date of a start of a new 
disease-modifying therapy, with a recorded EDSS 
score and followed by ⩾6 months of recorded clinical 
follow-up, including two EDSS scores separated by 
⩾6 months. MSSS was calculated at all eligible base-
lines, using the reference dataset.1

Three principal components summarizing patient 
demographic and clinical characteristics were calcu-
lated at each baseline, as per the methodology of the 
MSBase predictive model of treatment response.6 In 
brief, the model used principal component analysis to 
reduce the dimensionality of the matrix of demo-
graphic and clinical characteristics that were used to 
predict relapses, confirmed disability accumulation 
(CDA), and confirmed disability improvement (CDI). 
The analysis defined three principal components 

based on 55 patient characteristics, which included 
sex, age, disease duration and course, inaugural symp-
toms, EDSS, EDSS trajectory and slope, functional 
scores, current and past DMT, time on DMT, relapse 
rate and severity, brain and spinal MRI lesion burden 
and activity, and CSF findings (for a full list of varia-
bles, see Table 3 in Kalincik et al.6). Principal compo-
nents were largely reflective of: (1) disability and 
previous exposure and response to DMTs; (2) history 
of relapses (including their frequency, severity, and 
recovery), age, disease phenotype; and (3) the initial 
multiple sclerosis symptoms. The principal compo-
nents were used to adjust the predictive models of 
MSSS for the known prognostic demographic and 
clinical characteristics.

The three main outcomes of the model were: (1) first 
postbaseline relapse, defined as an occurrence of new 
symptoms or worsening of existing symptoms in the 
absence of febrile disease; (2) CDA, defined as an 
increase in EDSS score by 1.5 steps if the previous 
EDSS was 0, by 1 step if the previous EDSS was 
1–5.5 and by 0.5 steps if the previous EDSS was ⩾6, 
confirmed over ⩾6 months (with the confirmation 
EDSS recorded >30 days following a previous 
relapse) and sustained for the remainder of the fol-
low-up; and (3) CDI, defined as a decrease in EDSS 
by 1.5 steps if EDSS was 1.5 (1 step if EDSS was 2–6, 
and 0.5 step if EDSS was ⩾6.5), confirmed over 
⩾6 months and sustained for the remainder of the 
follow-up. Any CDA and CDI events that occurred 
between baseline and the first postbaseline visit, as 
well as any event within 6 months after baseline, were 
excluded to eliminate the effects of therapeutic lag 
and recent prebaseline relapses on disability.11 As the 
associations between MSSS and the outcomes of 
interest adjusted for the three principal components 
were independent of treatment12 (Supplemental Table 
1), we combined all treatment datasets into a single 
composite dataset allowing only one entry per patient. 
The earliest recorded eligible baseline was retained 
for each patient to maximize the available postbase-
line follow-up.

We first reported cumulative hazards of post-baseline 
relapse, CDA and CDI per MSSS decile (MSSS range 
from 0 to 10, with the first decile including the least 
disabled 10% of patients (relative to the subset of 
patients with similar disease duration), and the 10th 
decile encompassing the 10% of the most disabled 
patients. Then, the associations between MSSS and 
the first postbaseline relapse, CDA, and CDI were 
evaluated with marginal Cox proportional hazards 
models adjusted for three principal components 
representative of patients’ demographic and clinical 
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characteristics. The accuracy of the predicted risks of 
relapses, CDA, and CDI were compared between 
models with and without MSSS in a nonoverlapping 
validation cohort (10% of the eligible cohort) using 
Harrell C (concordance index for censored data, inter-
preted as the proportion of observations where higher 
predicted risk concurred with a shorter time to event). 
Because Harrell C is nonparametric and only provides 
a relative evaluation of the overall performance of the 
model, we also developed a more granular and quan-
titative assessment of model accuracy using the fol-
lowing approach: first, we established the predicted 
hazards of each of the three outcomes of interest 
(relapse, CDA, and CDI) at 2- and 4-year bench-
marks. We then stratified patients into 10% strata of 
predicted hazard, ranging from 0% to 100%. We cal-
culated the proportions of patients in each 10% stra-
tum who experienced an event within the 2- and 
4-year timeframe. Because cumulative hazard at a 
single timepoint is closely related to the expected pro-
portion of patients with an event, we can directly 
compare predicted hazards with observed proportions 
of patients with the event. Finally, we compared the 
model fit with and without MSSS with penalized r2.

Results
The study sample consisted of 5866 treated MS 
patients (age (mean, (SD)) was 38.4 (10.6) years; 
72% were female; disease duration was 8.5 (7.7) 
years; disease subtype was relapsing-remitting in 
86%; median EDSS was 2 (quartiles 1–3)). Disease-
modifying therapies are shown in Supplemental Table 
2. The characteristics of patients in each of the 10 
MSSS deciles at the treatment start are shown in 
Table 1. The sample is weighted toward milder dis-
ease as compared to the reference MSSS population 
from the pretreatment era,1 likely a reflection of the 
well-documented shift in disease severity in the past 
decades.13 Reassuringly, the trends for age with sever-
ity decile were minimal and largely accounted for by 
the adjustment of MSSS for MS duration. The per-
centage of men within each decile increased with 
increasing decile severity in line with prior analyses 
of the MSBase dataset in which men tended to have 
faster disability progression than women.14

The original MSBase predictive model of individual 
treatment response enables prediction that is specific 
to MS DMTs,6 but the prognostic value of MSSS was 
shown to be ubiquitous across the studied therapies: 
1-point rank increase in MSSS would, on average, be 
associated with 1.5–2.8× increase in the cumulative 
hazard of relapses, 1.5–2× increase in the cumula-
tive hazard of CDA, and a 2.2–3× increase in the 
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cumulative hazard of CDI across all therapies 
(Supplementary Table 1). We therefore conducted all 
analyses with the combined dataset of MSBase 
patients who were newly started on a DMT during 
prospective follow-up, irrespective of DMT identity. 
Unadjusted hazards of relapse for patients in each 
MSSS decile as a function of follow-up time (up to 
4 years) are shown in Figure 1(a). Overall, there was 
a tendency for the increasing hazard of relapse over a 
4-year period with increasing decile (excepting the 
10th decile). Thus, the relapse hazard for the first 
MSSS decile was 0.39, while for the ninth decile, it 

was 0.52. For CDI, there was a consistent increase in 
the cumulative hazard of event from the least severe 
(0–0.01) to the most severe (0.9–1.12) deciles 
(Figure 1(c)). For CDA, the trend was less consistent 
on the whole, but the lowest severity deciles also 
had the lowest hazards of disability accumulation 
(Figure 1(b)).

The results of the MSSS-enhanced MSBase predic-
tion model as compared with the original prediction 
model without MSSS are shown in Table 2. In the 
enhanced model, MSSS showed a high correlation 

Figure 1.  Hazard of a relapse (a), confirmed disability accumulation (CDA) (b), and confirmed disability improvement (CDI) (c) for each 
Multiple Sclerosis Severity Score (MSSS) decile. The upper figures show results of unadjusted analysis for hazards of relapse (a), CDA (b), and 
CDI (c) for each MSSS decile. The tables under respective figures provide numerical values of cumulative hazards at year 4.

Table 2.  Comparison of MSSS-enhanced MSBase prediction model with the original MSBase prediction model (without MSSS).

Relapse
β ± robust SE, p

CDA
β ± robust SE, p

CDI
β ± robust SE, p

MSSS 0.5 ± 0.01, <0.0001 0.44 ± 0.03, <0.0001 1.01 ± 0.06, <0.0001

MSSS × time (interaction) −0.00065 ± 0.00003, <0.0001 −0.0003 ± 0.00003, <0.0001 −0.0004 ± 0.00004, <0.0001

D1 0.48 ± 6.34, 0.94 29.3 ± 15.0, 0.05 14.3 ± 20.3, 0.48

D2 24.9 ± 7.36, 0.001 -84.9 ± 16.8, <0.0001 95.3 ± 24.8, 0.0001

D3 33.6 ± 34.4, 0.33 5.56 ± 78.4, 0.94 293 ± 101, 0.01

Harrell’s C Index (95% 
confidence interval

0.87 (0.86–0.88) 0.85 (0.83–0.88) 0.91 (0.87–0.95)

Improvement in model fit 
(difference in penalized R2)

0.49 0.11 0.10

CDA: confirmed disability accumulation; CDI: confirmed disability improvement; MSSS: Multiple Sclerosis Severity Scale; SE: standard error.
The table shows that MSSS was a significant predictor of all three outcomes of interest in the enhanced MSBase prediction model. Improvement in model 
fit after MSSS was incorporated in the model is shown in the last row (assessed as difference in penalized R2). D1, D2, and D3 are the three principal 
components of the model.6
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with the hazard of relapse, CDA, and CDI. 
Improvement in model fit was greatest for relapse 
hazard—the difference in penalized r2 of 0.49. For 
CDA, the difference in penalized r2 was 0.11, and for 
CDI—the difference was 0.10. Thus, MSSS was an 
independent predictor of relapses and disability on a 
group level in a model that already accounts for doz-
ens of clinical and demographic factors. However, 
even the predictive power of the enhanced model 
decreased with the duration of follow up as can be 
seen from the highly significant MSSS × time inter-
action term for all three outcomes of interest.

The improvement of the overall accuracy of indi-
vidualized prediction in the model was assessed 
with Harrell C. The concordance for relapse events 
improved from 56% (95% confidence interval 54%–
57%) in a baseline model without MSSS to 87% (95% 
confidence interval 86%–88%) in the model that 
included MSSS—a 31% improvement in prediction 
accuracy. The concordance index for CDA improved 
from 63% (95% confidence interval 61%–66%) for 
the original model to 85% (95% confidence interval 
83%–88%) in the model version that incorporated 
MSSS—a 23% improvement. The improvement in 
concordance for CDI events improved from 67% 
(95% confidence interval 63%–71%) to 91% (95% 
confidence interval 87%–95%)—a 24% improve-
ment. Results of the more granular assessment of 
model accuracy in which the predicted hazards of 
each of the three outcomes of interest (relapse, CDA, 
and CDI) at 2- and 4-year benchmarks were compared 
to the expected proportion of patients with events of 
interest are summarized in Table 3. The model repro-
duces the expected gradient of observed progression 
events with the increasing predicted hazard but tends 
to overestimate the hazard throughout the range. This 
can be seen for both CDA (column 1 for 0–2 years and 
column 2 for 0–4 years in Table 3) and CDI (columns 
3 for 0–2 years and 4 for 0–4 years). For relapses, the 
model increasingly overestimated the risk for higher 
deciles (columns 5 and 6). Overall, the model was 
conservative (overestimating the risk of events) and 
was more accurate in predicting changes in disability 
than relapses.

Figure 2(a)–(c) shows the predicted and actual out-
comes with regard to disability and relapses for three 
individuals with MS from the MSBase registry whose 
demographic and disease-related information is pro-
vided in the legend. Figure 2 illustrates the ability of 
the model to differentiate among patients with similar 
characteristics, such as patients #1 (top row) and 
patient #3 (bottom row), who are both in their early 
40s and both have a low EDSS score of 2. Because 

patient #1 has been living with MS for 11 years, her 
MSSS is only 2.1 (i.e. she is less disabled than the 
majority of patients with disease duration of 11 years), 
whereas patient #3, who had MS for only 1 year, has 
MSSS of 5.9 (i.e. his disability is higher than most 
patients within one year of disease onset). The pre-
dicted hazard of relapse is much higher for patient #3 
than for patient #1, while the hazard of CDA is lower 
for patient #3 than for patient #1. This example dem-
onstrates how the enhanced MSBase prediction model 
can effectively discriminate between expected out-
comes in two patients of similar age and disability. 
The model also captures the possibility of disability 
improvement even in patients with relatively fast dis-
ease progression. Thus, patient #2 has a relatively 
high MSSS of 8 (she accumulated considerable disa-
bility in only 6 years of disease), yet the model pre-
dicts equal hazards of CDI as for CDA for her. Indeed, 
her subsequent course shows improvement in EDSS 
over a 4-year period.

Discussion
Many clinical and radiographic prognostic markers of 
more severe disease course have been described in 
MS: vascular15 and psychiatric comorbidities16; fre-
quent relapses during early disease17; incomplete 
recovery from the initial relapse18; high T2 and T1 
lesion burden on brain MRI19,20; multiple Gadolinium-
enhancing lesions in the brain; spinal cord lesions21; 
early cerebellar involvement22; and others. The asso-
ciations of these markers with disease outcomes 
have been established at the group level. To improve 
their prognostic yield and facilitate use in individu-
als, recent studies combined several variables. For 
example, EDSS ⩾ 3, pyramidal signs in the first year 
of disease, and age > 35 at symptom onset carry a 
32% risk of developing substantial disability within 
10 years of MS onset23; fortunately, only a small 
minority of patients has all these additive risk factors 
for “aggressive MS” course. Another scoring system, 
the modified Rio score, has been successfully vali-
dated in patients treated with interferon-beta.24 These 
efforts notwithstanding, individualized prediction 
remains, in the words of a recent review, “a major 
unmet need in MS.”25

To address this unmet need, a prototype of an indi-
vidual model of treatment response was developed 
using data from the MSBase registry.6 The model lev-
erages dozens of individual demographic and clinical 
characteristics to estimate future hazards of relapses, 
disability worsening, and disability improvement. 
The discriminating ability of this model is limited 
by the relatively wide variance of the estimates of 
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hazards of disability progression and relapses for 
individual patients. The current work aimed to 
enhance the accuracy of individual prediction of the 
model by incorporating the readily available disabil-
ity rank normalized by disease duration—the MSSS1 
into the model. Our initial analyses have established 
that the additional predictive value of MSSS in the 
MSBase model does not depend on treatment,12 
possibly because the effectiveness of a given DMT 
across different rates of disability accrual is roughly 
proportional (i.e. prognostic value of MSSS is inde-
pendent of the effectiveness of medications). 
Therefore, in the current work, we combine all treat-
ments into a single composite dataset allowing only 
one entry per patient to test the hypothesis that MSSS 
adds meaningfully to the individual-level prognostics 
in a comprehensive prediction model.

We show that the addition of MSSS to the model 
improved the accuracy of individual prediction of 
relapses by 31% (from 56% in a baseline model to 
87% in the model including MSSS), of CDA—by 
23% (from 63% in the original model to 86% in the 
enhanced model) and of CDI—by 25% (from 67% to 
91%). The incorporation of MSSS also increased the 
amount of variance explained for relapses by 49%, 
for CDI—by 11%, for CDA—by 10% as compared 

with the original model. These gains in accuracy and 
in explained variance with the addition of just a sin-
gle variable to a model that already accounts for 55 
combined variables—including EDSS and disease 
duration—can be partly explained by the combina-
tion of these variables into principal components (to 
reduce the dimensionality of the model), and partly 
by the fact that MSSS is not a duration-adjusted dis-
ability, but ranking of duration-adjusted disability. 
MSSS contains information about the distribution of 
scores for patients with similar disease duration in 
the reference cohort and, as such, is much more prog-
nostically informative than duration-adjusted disabil-
ity.1 MSSS is analogous to normative percentiles on a 
child’s growth chart, which reflect distributions of 
height/weight in children of the same age across the 
population and are therefore more valuable for gaug-
ing child’s development and predicting growth than 
the actual height/weight at any timepoint.

Clinically, the predictions made by our prognostic 
model are conservative, that is, they tend to overesti-
mate the risk of events. This is, on the whole, prefer-
able to underestimating the severity of a disease that 
exerts such high cost in disability-adjusted life-years 
(DALYs),26 and for which potent therapies are avail-
able that can slow down the disease, especially when 

Table 3.  Individualized prediction of relapses, CDA, and CDI.

CDA CDI Relapse

Years 0–2 Years 0–4 Years 0–2 Years 0–4 Years 0–2 Years 0–4

Predicted hazard Patients with observed events/patients 
with predicted risk (percentage)

Patients with observed events/patients 
with predicted risk (percentage)

Patients with observed events/patients 
with predicted risk (percentage)

0–10% 175/5039 (3%) 80/1998 (4%) 97/4836 (2%) 98/4294 (2%) – –

10–20% 29/253 (11%) 229/2855 (8%) 36/374 (10%) 55/700 (8%) – –

20–30% 4/26 (15%) 59/343 (17%) 8/32 (25%) 30/202 (15%) – –

30–40% – 24/127 (19%) – 9/40 (23%) 151/632 (24%) –

40–50% – 7/46 (15%) – 1/6 (17%) 955/2877 (33%) 0/1 (0%)

50–60% – 4/17 (24%) – – 700/1736 (40%) 152/516 (29%)

60–70% – 1/8 (13%) – – 204/453 (45%) 708/1845 (38%)

70–80% – – – 41/114 (36%) 840/1830 (46%)

80–90% – – – – 16/32 (50%) 467/983 (48%)

90–100% – – – – 7/12 (58%) 218/420 (52%)

⩾100 – – – – 4/10 (40%) 119/271 (44%)

CDA: confirmed disability accumulation; CDI: confirmed disability improvement.
The table compared expected hazards of relapse, CDA or CDI recorded during 2 and 4 years with proportions of patients in whom respected event was 
observed after the prediction baseline. To illustrate the use of the table, consider the patients for whom the expected rate of disability progression within the 
first 2 years was 0%–10% (first row, second column: “CDA, 0–2 years”). Among the patients with the predicted 0%–10% cumulative hazard of CDA events, 
the percentage of patients who had observed progression within 2 years of baseline was 3% (175 of 5039 patients), which is within the range predicted by 
the model. Among the patients in whom the model assessed the cumulative hazard of CDA to be 10%–20% (second row), the percentage of patients with 
observed progression was 11% (29 of 253), which is also within the predicted range. Of patients with 20%–30% cumulative hazard of CDA only 15% (4 of 
26) experienced disability progression, which is less than expected by the model. Because the subsets of patients within each decile of risk beyond 30% were 
less than 10 patients, the data for these are not shown in the table.
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started early.27,28 On the other hand, false-positive 
prediction of worse outcomes may subject patients to 
higher risks of treatment complications and have a 
negative impact on patients’ mental wellbeing. As 
individualized prediction algorithms in MS come of 
age, clinicians would need to take into account limita-
tions of prognostic algorithms and acknowledge an 
inevitable element of the unpredictability of MS 
courses.

Our results confirm the value for MSSS for individual-
level prognostics, but also expand our understanding 

of MSSS as a group-level predictor of disability 
outcomes.1,3,4 We show that—on a group level—
hazard of relapses, CDI and, to a lesser extent, CDA 
are higher in patients with higher MSSS. The 
increased probability of disability improvement as 
well as the risk of disability worsening with higher 
MSSS may appear counter-intuitive. One possible 
explanation is that “high-MSSS” patients comprise a 
heterogeneous group: those with rapid disease 
course who are at a high risk of disability progres-
sion, and those without rapid disease who are ranked 
at a high MSSS at a given time due to fluctuation in 

Figure 2.  Examples of model predictions for three patients in MSBase. Each row represents predicted and actual 
outcomes for a patient with relatively mild disease (MSSS 2.1, top row), severe disease (middle row, MSSS of 8.0) and 
“average” disease course (bottom row, MSSS 5.9). The first patient (top panel) is a 41-year-old woman with relapsing MS 
for 11 years. Her EDSS at baseline was 2 (MSSS: 2.1). She suffered only one relapse prior to baseline. The model predicts 
that her hazard of relapse over the next 4 years (left upper graph) is approximately 0.5; hazard of disability worsening is 0.2 
(middle-upper graph) and hazard of disability improvement is slightly less than 0.1 (right upper graph). The red triangle in 
the “relapse” and “disability worsening” graphs indicate when actual relapse and disability progression were observed—
both events occurred toward the end of the 4-year follow-up. The absence of the red triangle in “disability improvement” 
graph means that disability improvement was not observed at any point during the 4-year follow-up. The second patient 
(middle panel) is a 30-year-old woman who had MS for 6 years, and reached EDSS of 5.5 (MSSS: 8.0). She suffered 
one relapse in the prior year. The model predicts cumulative hazard of relapse is 0.8, of disability worsening 0.2, and of 
disability improvement 0.2 over 4 years. This patient did not experience relapses or disability progression during follow-
up but did have disability improvement after 1.5 years of follow-up. The third patient (bottom panel) is a 40-year-old man 
with relapsing MS who had EDSS = 2 after 1 year of disease (MSSS: 5.9). He suffered two relapses in the year preceding 
the baseline. The model predicts high hazard of relapses, but low hazard of disability accumulation or improvement. The 
patient had a relapse after about 1 year of follow-up, and his EDSS remained stable.
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disability and would be expected to show disability 
improvement due to regression to the mean phenom-
enon. These considerations illustrate the danger of 
using MSSS as a stand-alone individual predictor. 
On the other end of the spectrum are patients with 
very low MSSS—especially those in the first decile—
who have a very low risk of disability worsening or 
relapses (Figure 1). This group of patients with 
intrinsically slow disease may remain stable on less 
intense treatment. Reanalysis of datasets from rand-
omized clinical trials by MSSS decile, especially 
those that included a placebo arm, would be informa-
tive to test this hypothesis as originally proposed 
Herbert.29 Moreover, we advocate that future rand-
omized clinical trials in MS should include prespeci-
fied analyses of drug efficacy stratified on baseline 
MSSS.

Our study is made possible by a very large, multina-
tional patient dataset and a comprehensive predic-
tive model that enables an analyst to account for the 
prognostic value of known clinical and demographic 
predictors. We are aware of the limitations of obser-
vational data (cataloged in Kalincik and Butzkueven7, 
Kister et al.30) and used several strategies to mitigate 
some of the potential biases. Thus, we disregarded 
EDSS worsening and improvement events within 
6 months from treatment start, and between baseline 
and the first postbaseline visit, to eliminate the effect 
of recent prebaseline relapses on disability and of 
therapeutic lag.11 We addressed the lack of calibration 
by examining the frequency of events within pre-
dicted hazard strata. We did not, however, validate 
this version of the model on an independent cohort as 
was done with the original version.6 Our results may 
also not be generalizable to untreated patients as the 
prediction model has been developed and tested on 
treated MS patients only. Finally, our model can pres-
ently be deployed for patients whose structured data 
has already been recorded in an MS registry, such as 
MSBase; it would be unrealistic to expect clinicians 
to input dozens of variables needed to calculate the 
outputs for the model. The next steps in the model 
development would be to reduce the number of input 
variables, which would eliminate extensive data 
entry and the need for dimensionality reduction. 
Furthermore, because the predictive accuracy of the 
existing model deteriorates with longer follow-up, 
future work should try to find ways to improve pre-
diction over a longer time. The 4-year follow-up 
period in our study is longer than the typical 2- to 
3-year duration of clinical trials in relapsing-remitting 
MS but is still short relative to the duration of a dis-
ease that spans decades.

In conclusion, we show that MSSS considerably 
improves the accuracy of individualized prognostics 
in MS. We advocate that disability rank scores be 
incorporated into future prognostic models of MS.
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