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Abstract

Objectives: To model multiple sclerosis (MS) disease progression and compare disease trajectories by
sex, age of onset, and year of diagnosis.

Study Design and settings: Longitudinal EDSS scores (20,854 observations) were collected for 1787
relapse-onset MS patients at MS clinics in South Wales and modelled using a multilevel model (MLM).
The MLM adjusted for baseline covariates (sex, age of onset, year of diagnosis, and disease modifying
treatments (DMTs)), and included interactions between baseline covariates and time variables.
Results: The optimal model was truncated at 30 years after disease onset and excluded EDSS recorded
within 3 months of relapse. As expected, older age of onset was associated with faster disease
progression at 15 years (effect size (ES): 0.75; Cl: 0.63, 0.86; P: <0.001) and female-sex progressed more
slowly at 15 years (ES: -0.43; Cl: -0.68, -0.18; P: <0.001). Patients diagnosed more recently (defined as
2007-2011 and >2011) progressed more slowly than those diagnosed historically (<2006); (ES: -0.46; CI:
-0.75, -0.16; P: 0.006) and (ES: -0.95; Cl: -1.20, -0.70; P: <0.001), respectively.

Conclusion: We present a novel model of MS outcomes, accounting for the nonlinear trajectory of MS
and effects of baseline covariates, validating well-known risk factors (sex and age of onset) associated
with disease progression. Also, patients diagnosed more recently progressed more slowly than those

diagnosed historically.



What is new:
1. We developed a contemporary multilevel model for MS disease progression with longer follow-

up using an ongoing cohort established in 1985 from the same geographical region.

2. We assessed differences in disease trajectory by sex, age of onset, and year of diagnosis; showing
that patients diagnosed in earlier years (before 2006) were found to have faster disability
progression, while validating results that male-sex and older age of onset progressed faster than
female-sex and younger age of onset, respectively.



Introduction

Multiple sclerosis (MS), a chronic inflammatory disorder affecting the central nervous system (CNS), and
one of the leading cause of neurological disability in young adults [1]. Its aetiology remains unclear, but
both genetic and environmental factors are contributors. Onset is most frequently in the third and fourth
decades of life and is three times more frequent in females. Pathologically, MS is characterised by focal
areas of inflammation and demyelination as well as more diffuse neurodegenerative features,
throughout the CNS. MS commonly presents as recurrent sub-acute episodes of neurological
dysfunction, which may remit to a varying degree [2] in the early stage of the disease but most people
with MS (PwMS) develop a secondary progressive phase after a variable interval. In addition, a significant
minority of patients present with primary progressive MS (PPMS) [3] with gradual accumulation of fixed
disability from disease onset. However, the presentation and subsequent disease course of MS is highly
variable and difficult to predict at onset, making decisions on management challenging for clinicians and
PwMS [4].

Since the emergence of disease modifying therapies (DMTs) for MS in the 1990’s, an increasing number
of DMTs with variable efficacy and safety profile are now available [5], [6]. However, uncertainty remains
over selection and sequencing of DMTs; aggressive immune suppression early in MS may affect longer-
term disease outcomes, but some high-efficacy DMTs have risks of serious adverse events [7], [8]. As a
result, there is an urgent need to identify biomarkers that can inform disease prognosis, treatment
response and potential for adverse events to enable a more personalised approach to interventions.
Reliable and contemporary data on MS outcomes is also needed for patient counselling, disease
management, exploring the utility of candidate biomarkers, and to establish real-world effectiveness of
new treatment or interventions. The expanded disability status scale (EDSS [9]) remains an
internationally recognised clinical disability outcome measure for MS and a key element of
epidemiological studies, clinical trial design and treatment approval [10], despite having relatively poor
intra- and inter-rater reliability, over-reliance on mobility, and low sensitivity to vision, arm function, or
cognition [11].

In previous multilevel modelling (MLM) studies, we were able to highlight the nonlinear trajectory of
EDSS scores in PwMS eligible for DMTs and demonstrate modest benefits for injectable DMTs [12], [13].

In the current prospective cohort study of both treated and untreated PwMS, we aimed to develop a



MLM using contemporary MS data incorporating additional demographic data (sex, age of onset, and

year of diagnosis) to investigate differences in disease trajectory.

Methods

Data source/measurements

Data have been collected as part of an ongoing prospective observational study since 1985, [14]. Patients
are reviewed annually from diagnosis and data on demographics, relapses, disease course and disability
were collected at each encounter. EDSS is routinely assessed and recorded in a standardised web-based
form and incorporated into the registry. Inclusion criteria in this study were: a diagnosis of MS, a
recorded date of MS onset, and consented for data to be used for research. Individuals were followed
up either to October 2021, death, loss to follow-up, or withdrawal from the study. Individuals with PPMS
were excluded as this minority progress more rapidly compared to relapse-onset MS (ROMS) patients
[15]. This study has been approved by the Research Ethics Committee (REC approval number:
19/WA0289).

Time since onset (years) was used as the time-metric. DMTs were time-varying covariate because
individuals were administered DMTs at varying time points. Other baseline covariates included sex, age
of onset, and year of diagnosis. Time since onset and age of onset were continuous covariates, while sex
and year of diagnosis (1986 — 2006, 2007 - 2011, >2011) were categorical covariates. The boundaries of
year of diagnosis were based on the publication of revised diagnostic criteria[16], [17]. In general, with
updated diagnostic criteria, shorter time between onset, diagnosis and initiation of treatment was

achieved, which may affect long-term disability [18].

Development of the statistical model

Statistical analysis

Association between EDSS disability outcome and covariates was assessed using MLMs, which are widely
used for modelling disease progression [19], [20]. Several MLMs were developed, and interactions were
tested (Supplementary Table 1). To handle relapses, EDSS scores recorded within 1-, 3-, and 6-months
post-relapse were removed in a series of MLMs to ascertain the optimal window. Autocorrelation was
handled using median EDSS within quarter-year intervals. The best fitting model was identified using

Akaike Information Criteria (AIC), root mean square error (RMSE), proportion of EDSS scores within 0.5



predicted EDSS (PWPE) and the proportion outside 2 predicted EDSS (POPE). Nonconstant within-
person variance was accounted for using a complex level 1 variance model (CLOVM). Statistical analyses

and model fitting were performed using R version 4.1.1 [21], RZMLwiN [22] and Ime4 [23].

Multilevel model (MLM)

MLM is a common statistical model for handling dependent observations, it can summarise the
trajectory of the response over time, and account for within and between individual variability, thereby
providing better estimates and predictions compared to the classical linear regression model [26]. Since
EDSS scores vary regarding presentation and disease trajectories, we initially assumed a random

intercept and slope model with time of measurement at level 1 and individuals at level 2:

Vij = Bo+ Ui + (Br + ugp) ¥ty + &, (1)

where yj; denotes the EDSS score at time j for individual i, and t;; the time for individual i at time j. The
Bo is the overall intercept, and [3; is the overall slope. The uy; and uy; are individual-specific random

effects assumed to follow a bivariate normal distribution:
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Thus, By + ug; and By + uy; are the intercept and slope for individual i. g, the observation-level

residual, is assumed to follow a normal distribution with mean zero and variance o?2.

Time metric and transformations

Time since onset was used as the time variable and due to differences in disease trajectory for pwMS,
fractional polynomials were allowed to model nonlinear relationships between EDSS scores and time,
and a value of 1 was added to the time variable to handle zeros in the data [27]. The fractional polynomial
approach was preferred to splines since it is a simple way to choose among different transformations,

produces smooth monotonic curves and avoids selecting location and knots necessary in splines [28].

Relapses and Autocorrelation structure




Stable recovery from relapse for most patients is achieved within 3 months [32], although some continue
to recover beyond 6 months [34]. To avoid modelling EDSS in relapse all scores within 1-, 3-, and 6-
months post-relapse were omitted, and the optimal window was selected according to the magnitude
of the intercept-variance of the observations.

The observations could be taken at short intervals or remain unchanged for long periods causing
autocorrelation, which could be accounted for using autoregressive-moving average models [33] or an
integrated Ornstein-Uhlenbeck stochastic process [34]. We reduce autocorrelation by summarising

observations within quarter-year intervals using the median score for individuals before model fitting.

Complex level 1 variation

The variation within individuals may depend on other covariates such as time, which allows nonconstant
variance in residuals [35]. We accounted for nonconstant variance for the time of measurement using
the CLOVM, which models level 1 residuals as a function of time [36], and used fractional polynomials
to determine the optimal time function. Complex level 1 variation (CLOV) can be caused by measurement
error and changes in EDSS scores over time, as disability level ranges considerably [18] and
misclassification may be present with more variation than expected at the lower end of the EDSS scale

versus the higher end due to intra- and inter-rater differences [11].

Effect of patient characteristics on progression

When trajectories are non-linear over time with more than one time term it becomes more difficult to
understand the effect a variable (such as sex) has on progression. In a linear time model the estimate
would give the difference in the rate of change between males and females. However, with two non-
linear time terms (log of time and square root of time) the effects of individual covariates are
complicated and hard to interpret. So, for the important covariates (sex, age at onset and year of
diagnosis) we have plotted the trajectories for different groups (Figure 2a) and derived the effect these
covariates would have at different times (initial year and 15 years) post onset (Table 2). The effect these
covariates have on EDSS at different time-points is a linear combination of the interactions between

those covariates with the intercept and transformations of time.



Results

A total of 2,293 PwMS were identified with consent to research, of whom 2,167 had a recorded date of
onset. After filtering, a total of 20,836 EDSS scores from 1,787 PwMS were included in the analysis.
Patient demographics are summarised in Table 1. A total of 1,787 patients with 20,836 EDSS scores from
1985 to 2021 were included. The mean age of onset was 31.5 years [37], and the majority were females
(71.9%) [38]. Median follow-up time was 7.6 years (with a range of 0 — 24 years), with 58.7% and 36.9%
followed-up for over 5 and 10 years, respectively. DMTs were administered to 35.1% of the whole cohort
since 1985.

To model progression while ignoring relapses, EDSS scores recorded within 1-month post-relapse were
excluded, reducing the number EDSS scores to 18,852. To reduce autocorrelation, EDSS scores within
qguarter-year intervals were summarised using the median, reducing the number of EDSS scores to
15,817 (Figure 1).

The CLOV MLM with square root and log of time transformations with interactions was the best model;
with better fitted values compared to linear fixed effect model (Supplementary Table 1 and Figure 1).
However, accounting for CLOV in models with nonlinear time proved difficult due to outlying EDSS
observations in time. Therefore, observations recorded beyond 30 years for time since onset were

excluded in subsequent analyses (Supplementary Table 2 and Figure 2).

Because effects of relapse could continue beyond 1-month, EDSS scores within 3- and 6-months post-
relapse were removed, and the model refitted. The 3-months post-relapse model was chosen as the
optimal model because the Cl of the intercept-variance at level 1 for 3- and 6-months are similar (Cl:
0.76, 0.89) and (Cl: 0.77, 0.84), respectively (Supplementary Table 4). Individuals on DMT showed faster
progression than those not exposed to DMT, however, the effect size is small, and the P-value is only
borderline significant (ES: 0.06; P: 0.04, Cl: 0.001, 0.10). PwMS who never had a DMT were followed up
less frequently and had fewer EDSS measurements; their rate of EDSS measurements was ES: 0.57 (P:

<0.001; CI: 0.55, 0.58) times that of patients who have had DMT.

The combined effects of covariates and their interactions were tested jointly (Table 2). Sex and sex-time

interactions suggested no significant difference between sexes at onset, although, at 15 years females



were associated with lower EDSS progression. Similarly, the combined effect of age of onset at 15 years
indicate that of age of onset influences progression. At onset, the combined effect of year of diagnosis
were not significantly different for patients diagnosed historically (1986-2006) compared to recently
diagnosed patients (2007-2011, 2012-2018, and >2018), yet patients diagnosed historically progressed
faster than patients diagnosed under the (revised) McDonald criteria. Comparing EDSS scores for
patients diagnosed after 2018 to diagnosis made between 2007-2011 and 2012-2018 showed no
significant difference at the initial year. However, at 10 years post-onset diagnosis made after 2018 had
progressed more slowly compared to 2007-2011, but not 2012-2018 (P: 0.11; Cl: -0.72, 0.22). Hence, we
combined patients diagnosed >2018 with those diagnosed 2012-2018 in further analysis. The crude
effects of these three covariates, when not adjusted for each other or DMT use, were very similar

(Supplementary Table 5).

The average trajectories of both sexes (Figure 2b) indicate that females have higher EDSS scores at onset
but progressed more slowly with average EDSS scores of 5.1 and 4.8 for males and females, respectively,
at 15 years [38], [39]. Furthermore, individuals with age of onset above the average had higher EDSS at
15 years post onset compared to patients with an age of onset below the average, with average EDSS
scores of approximately 3.9 and 5.7, respectively (Figure 2c) [40]-[42]. A comparison of the average
trajectories for the categorised year of diagnosis showed a faster progression for patients diagnosed
historically compared to patients diagnosed more recently (2007-2011 and >2011), with average EDSS

scores of approximately 4.0, 3.5, and 3.0, respectively, 10 years post onset (Figure 2d).

Discussion

The purpose of this study was to develop a model for MS disease progression in a contemporary
population-based cohort and assess the differences in disability trajectory using baseline covariate (sex,
age of onset and year of diagnosis). Overall, we show that patients diagnosed historically appear to have
progressed faster compared to those diagnosed more recently and validated previous studies that
female-sex progressed more slowly than male-sex [38], and patients with above average age of onset

reached disability milestones faster than patients with below average age of onset [41].



Time since onset (years) was the time variable and fractional polynomials were used to allow flexible
trajectories of progression in individuals. Models were developed after removing observations within 1-
, 3-, and 6-months post-relapse to select the optimal recovery window. The 3-months relapse window
was chosen because the Cl of the intercept variance at level 1 overlaps with that of 6-months relapse
window. Moreover, earlier findings suggest that most individuals recover within 3 months [29], [32],
[43]. Autocorrelation was reduced using the median of EDSS scores within a quarter-year interval for
individuals before model fitting.

The covariates in the model include time since onset, baseline characteristics, and DMT, including
baseline covariates and time since onset interactions. Model comparisons suggests that accounting for
CLOV provided a better fit for the data (Supplementary Table 2). However, due to outlying observations
in time, the model did not converge for more complex models with many covariates, possibly because
the level 1 variance became negative for outlying time observations. Moreover, variance of the residual
was nonconstant (Supplementary Figure 2a), hence, time was truncated at 30 years to remove outlying
observations. The AIC for the model with indicates that observational-level variance is a function of time,
confirming that EDSS scores have higher variation at lower EDSS scale [44].

Progression in males was faster even though they had lower EDSS scores at onset (time to EDSS 6 was
20 years versus 25 years for females) in line with previous studies, which show that males progress faster
(0.133 vs 0.112 per year, P<0.001) [45]. Individuals with below average age of onset took longer to reach
EDSS milestones than individuals with above average age of onset, expected time to EDSS 6 was over 30
years versus 17 years, respectively. In a different study, MS progression doubled and tripled when onset
occurred at ages 40 (odds ratio = 4.22) and 50 (odd ratio = 6.04), respectively, compared to the risk at
age 20 (odd ratio = 2.0) [41]. However, this does not imply more favourable outcome since younger
individuals could still accumulate more disabilities at younger age [46], [47]. Individuals diagnosed
historically progressed faster than those diagnosed more recently (time to EDSS 6 was 25 years and over
30 years for individuals diagnosed between 2007 — 2012, and >2012 — 2018, respectively) (Figure 2). This
apparent improvement in outcome coincides with the era of high efficacy DMTs. In addition, similar
direction of effects was observed when combining the main and interaction effects for each baseline

covariate (Table 2).



Several reasons may exist for patients diagnosed before 2006 to have a 0.5 higher EDSS score at baseline.
Firstly, with the increasing resources, including MRI availability, in the National Health Service (NHS) UK,
it is likely that patients with suspected demyelination will be seen sooner after the clinical disease onset.
As a result, the lag time to initial assessment for patients with an onset in the 1980’s and early 1990’s
will be longer and could lead to a higher EDSS score at first clinical assessment. Secondly, following the
application of the revised 2017 McDonald diagnostic criteria, the time between onset and diagnosis is
likely to be shorter, potentially leading to lower EDSS scores in more recently diagnosed patients. Thirdly,
some reports suggest that MS has become milder over time leading to lower EDSS scores. Importantly,
although the patients diagnosed before 2006 have a slightly higher baseline EDSS, their trajectory over

time (the effect size in the MLM model) is similar.

In our cohort, the effect of DMT is uncertain because its effects depend on the model used
(Supplementary Table 4). We attribute this effect to several sources of bias. Firstly, people with more
aggressive MS are more likely to be selected for DMT. Secondly, people receiving DMT are often followed
up more frequently; this was evident in our cohort where PwMS who had never received DMT had half
as many EDSS measurements than those who received DMT. PwMS who did not receive DMT may
therefore have reached key disability milestones years before their EDSS scores were measured. Thirdly,
the proportion of individuals ever on high efficacy DMTs (Ocrevus, Mitoxantrone, Natalizumab, and
Alemtuzumab) are smaller (0.12) than the proportion of individuals ever on moderate efficacy DMT
(0.43) and individuals never on DMT (0.53). In addition, because some individuals receive high, moderate
and no DMTs at different times the proportion of observations with high efficacy DMTs is small (0.06)
compared to observations on moderate efficacy DMTs (0.19) and observations off DMT (0.75)
(Supplementary Figure 5). In our model, DMT is treated as a time-varying covariate (because individuals
are on or off DMTs at different time points), and the estimate represents mean-difference in the EDSS
of observations when an individual is on versus off DMTs rather than progression rate. Although the
direction of the effects seems paradoxical, a mean difference of 0.06 on EDSS is not clinically meaningful.
In addition, none of the effect sizes contained within the confidence interval (0, 0.11) for this effect are

clinically meaningful.

10



The limitations of the study includes potential measurement bias which may be present in the EDSS
scores, especially because of inter-rater variability is higher at lower scores [18]. This could affect the
true disability score and trajectory of individuals. We did not have data to incorporate comorbidities
such as depression, and smoking, which could be associated with MS outcome [48]—[52]. These data
were gathered from a population-based cohort in the UK, so may not reflect rates of disability
progression elsewhere since rates of progression are affected to some extent by geographical location
[53]. Due to the problem of extrapolation, we have compared expected EDSS at 10 years with year of
diagnosis because the group of MS patients diagnosed after 2011 doesn’t have a follow up data of 15
years post diagnosis. There may be confounders of the relationships between age, sex, year of diagnosis
and progression which we have not attempted to adjust for. We have not adjusted for covariates that
may act as potential confounders for age, sex, year of diagnosis, and disease progression.

Compared to the earlier model [12], both models confirm that the progression of PwWMS is nonlinear,
even in a much larger contemporary sample. However, the current model adjusts for baseline covariates,
and interactions with time. We found that males, older patients, and historical patients progress faster.
The modelling approach could be applied to other cohorts to estimate EDSS scores at certain time points
after adjusting for baseline covariates. The ability to produce long term estimations gives this model
great potential as an outcome measure to identify meaningful biomedical, genetic, and MRI biomarkers
for clinical studies. For instance, estimated EDSS scores at latter years can be used as a phenotype in a

genome-wide association studies (GWAS) of MS progression.
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20854 EDSS scores from
1787 patients
v r 4
Removed 2002 EDSS Removed 3592 EDSS Removed 5104 EDSS
scores within one- scores within three scores within six
month post-relapse months post-relapse months post-relapse
I I !
18852 EDSS scores 17262 EDSS scores 15750 EDSS scores
1774 patients 1751 patients 1714 patients
v v v
Removed 3035 scores Removed 2668 scores Removed 2406 scores
with % year interval with % year interval with % year interval
v v v
15817 EDSS scores 14594 EDSS scores 13344 EDSS scores
1774 patients 1751 patients 1714 patients
' v }
Removed 2632 and Removed 2580 and Removed 2530 and
220 patients scores for 217 patients scores for 216 patients scores for
30-year truncation 30-year truncation 30-year truncation
v v h 4
13185 EDSS scores 12014 EDSS scores 10814 EDSS scores
1554 patients 1534 patients 1498 patients

Figure 1: Flow chart of the different models compared within this study (second column was used in
the final model).
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Figure 2d: Progression plot for year of diagnosis. 1986 - 2006
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Table 1: Summary statistics of patient demographics.

Study Characteristics (Median (IQR) or N (percent))

All recorded observation

pwMS

Females

Age of onset

Ever prescribed a DMT

Number of EDSS observation per person
Time between EDSS observations in years
Follow-up time (years)

Prospectively followed for > 5 years
Prospectively followed for > 10 years
First recorded observation

EDSS score: median

On DMT

Time since onset (years)

Last recorded observation

EDSS score: median

On DMT

Time since onset (years)

1787
1284 (71.9%)
30.3 (24 - 38.3)
628 (35.1%)
8(3-16)
0.38 (0.15 — 0.84)
6.9 (2.2-12.5)
1048 (58.7%)
660 (36.9%)

3.5(2-6)
110 (6.2%)
7.33(1.74-17.74)

5.5(2.5-6.5)
383 (21.4%)
16.66 (8.92 — 27.17)

Abbreviations: SD, standard deviation; EDSS, Expanded Disability Status Scale; DMT, Disease Modifying

Therapy; N, number of observations.
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Table 2: Combined effects of covariates (P-value & 95% Cl) of complex level 1 variance models with Var(t) = 0

using 30-year truncated data.

Variables Effect estimate (95% Cl) P-value
Female (onset) 0.47 (-0.10, 1.0) 0.11
Female (year 15) -0.43 (-0.68, -0.18) 0.001
Age of onset, one SD increase (onset) 0.07 (-0.19, 0.33) 0.60
Age of onset, one SD increase (year 15) 0.73 (0.62, 0.85) <0.001
Comparing 1986 — 2006 to other year-categories

Year of diagnosis (2007 — 2011) (onset) -0.64 (-1.41, 0.14) 0.11
Year of diagnosis (>2011) (onset) -0.40 (-1.04, 0.25) 0.23
Year of diagnosis (2007 — 2011) (year 10) -0.45 (-0.75, -0.14) 0.004
Year of diagnosis (>2011) (year 10) -0.90 ( -1.15, -0.65) <0.001

We compared the effect of variables on EDSS at onset and 15 years post onset for sex and age of onset, 10 years

post onset for year of diagnosis, using their associations with intercept and time interactions.
Abbreviations: Cl, Confidence interval; SD, Standard Deviation
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Figure Legends

Figure 1: Flow chart of the different models compared within this study (second column was used in the final
model).

Figure 2a: Schematic of progression lines and effect size for categorical covariates; Group A (red) and Group B
(green).

Figure 2b: Progression plot of females (red) and males (green).

Figure 2c: Progression plot of patients young (blue) and older (red) at onset.

Figure 2d: Progression plot for year of diagnosis. 1986 - 2006 (red), 2007 - 2011 (green), >2011 (blue).
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