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Introduction

Results

Accumulation of disability in patients with relapsing
remitting MS can be prevented by choosing the most
effective treatment for each patient at the earliest time.
However, it remains a challenge for clinicians to identify
patients that are at a higher risk of developing adverse
outcomes of Multiple Sclerosis (MS). Moreover, there are
multiple different disease modifying treatments (DMTs)
available for managing MS that have different efficacy,
safety and tolerability profiles. The Crystal Ball model which
was developed by utilization of principal component
analysis has been shown to be predictive of various
clinically-oriented outcomes in MS.
We aimed to evaluate the external validity of the Crystal
Ball (1) model in a unique cohort of patients from the Middle
East as we have recently (2) shown that there are some
differences in clinical practice and registration practices in
this region in comparison with a typical western cohort.

1611 unique patients covering 10459 cumulative years of follow-up were included from Egypt (EG), Iran (IR), Kuwait (K), Lebanon (LB),
Oman (OM), Saudi Arabia (SA) and Turkey (TR). The total number of unique baselines included was 1947. Table 2 shows the
demographic characteristics of the cohort. As presented in Table 2 and in our previous publication (2) the patients from this region tend to be
younger, captured earlier in their disease course and more likely to be utilizing one of the platform injectable treatments.
Disease Modifying
Treatment

• CDMS or CIS
• Starting an index DMT
• Recorded baseline EDSS and 2 ≥ follow-up EDSS scores (at
least 6 months pre and post baseline except for newly
diagnosed patients)
• Patients could contribute data to more than one DMT if
they had sufficient follow-up available
The outcomes were risk of relapses, risk of confirmed
disability worsening and improvement, changes in the
cumulative burden of the disease (represented by the Area
Under Curve (AUC) of disability time curve), risk of
conversion to secondary progressive MS (SPMS) and risk of
DMT discontinuation over the next 4 years. The repeated
measure outcomes were modelled using Andersen-Gill
models, risk of conversion to SPMS and DMT discontinuation
were modelled using Cox proportional hazards model and
changes in the cumulative burden of the disease was
modelled using linear regression. Accuracy of the predictions
over the 4-year prediction period was quantified using the
following approach:
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Sex (F,%)
Relapse Rate
(mean±sd)
(median, (mean±sd)
(years)
(median, q1-q3)
q1-q3)
1428

32 ± 9.8

72.5%

1.5 (1-2)

4 ± 4.8

1 (0.4-1.6)

132 (57.3%)

1515

33 ± 9.5

70.2%

1.5 (1-3)

4.9 ± 6

1 (0.4-2)

Interferon β-1a, SC (354) 2 (0.6%) 51 (14.4%) 36 (10.2%) 31 (8.8%) 6 (1.7%) 6 (1.7%) 222 (62.7%)

2395

32.5 ± 9.7

62.9%

1.5 (1.5-3)

5.2 ± 6.2

1 (0.6-2)

Glatiramer Acetate (222)

193 (86.9%)

1729

37.2 ± 10.5

70.3%

2.0 (1.5-4)

7.4 ± 6.6

1 (0.6-2)

2 (0.3%) 49 (7.6%) 161 (25%) 43 (6.7%) 4 (0.6%) 3 (0.5%) 383 (59.4%)

4276

35 ± 9.5

69.0%

2.0 (1.5-4)

8.3 ± 6.2

1 (0.6-2)

1 (2.9%) 11 (31.4%)

23 (65.7%)

353

39 ± 9.8

62.9% 6.0 (4.5-6.5) 12.4 ± 7.5

0.6 (0-2.3)

33
1 (0.4%) 2 (0.8%) 92 (36.9%)
(13.3%)

1650

33.3 ± 10.4

62.9%

1.2 (0.7-2)

Interferon β-1b (235)

Fingolimod (645)

2 (0.9%) 45 (18.1%) 47 (20.3%) 4 (1.8%) 5 (1.8%)

-

Natalizumab (249)

We used a unique cohort of patients from the Middle East
extracted from MSBase registry in which we have fully
explored clinical and treatment landscape previously (2)
which was non-overlapping with the original Crystal Ball
cohort. The inclusion criteria for this study was:

IR

Interferon β-1a, IM (207) 1 (0.5%) 41 (19.8%) 20 (9.7%) 11 (5.3%) 8 (3.9%) 1 (0.5%) 125 (60.4%)

Mitoxantrone (35)

Methods

EG

-

29 (13.1%)

-

-

3 (1.2%) 118 (47.4%)

-

-

-

-

-

-

-

3.0 (1.5-5)

7.9 ± 6.9

Table 2: Demographic and baseline characteristics of the patients included for analysis in each of the treatment sub-groups

The found that the performance of the model was excellent for predicting risk of disability worsening and improvement. The
model predicted risk of experiencing relapses accurately ranging from 73% to 91% across all DMTs. We saw sub-optimal
performance for predicting changes in the cumulative burden of the disease and poor performance for predicting risk of treatment
discontinuation. These observations were in line with the results of the external validation of the model using Swedish MS registry
(1). In comparison with the previous external validation, we observed improved performance of the model for predicting risk of
conversion to SPMS, ranging from 50% to 98%; however, this cohort is overall younger and in the earlier stages of MS. As such,
events of converting to SPMS were scarce during the available follow-up. This might have led to inflation of the model’s
performance for this specific outcome.
DMTs

Relapse hazard

Progression hazard

Regression hazard

ΔAUC

Risk of SPMS

Risk of Tx
Discontinuation

Interferon β-1a, IM (207)

73%

96%

90%

34%

98%

8%

Interferon β-1b (235)

77%

95%

90%

39%

74%

8%

Interferon β-1a, SC (354)

80%

96%

92%

40%

72%

2%

Glatiramer Acetate (222)

76%

91%

95%

34%

50%

1%

Fingolimod (645)

88%

94%

90%

39%

66%

4%

Mitoxantrone (35)

80%

91%

94%

17%

81%

13%

Natalizumab (249)

91%

92%

82%

44%

53%

14%

Table 3: Accuracy of the Crystal Ball models in predicting the outcomes in the validation dataset

Jane is 30 years old. She has had MS
for 9 years now and has an EDSS of 0
at prediction baseline. She hasn’t
experienced any relapses in more than
two years and has been using
fingolimod for managing her MS.

For repeated events, the accuracy is assessed in the
following way:
If the mean predicted outcome was =<0.33 from the
observed outcome. The predicted mean is rounded to the
nearest integer.
If the predicted mean is >0.33 from the observed outcome.
In this case the predicted mean is rounded to either of the
neighboring integers.
For SPMS conversion and DMT discontinuation the accuracy
is reported using Harrell’s C (AUC of the receiver operation
characteristic curve turned into percentage).
For ΔAUC the accuracy represents proportion of patients
with predicted change falling within half integer of the
observed change.

John is 20 years old. He has been
newly diagnosed with Relapsing MS.
His first MS relapse was severe with
visual and brainstem manifestations
and incomplete recovery. His EDSS
at prediction baseline is 4.5.

Models
We used the original Crystal Ball models for each DMT that
were used to carry out the internal and external validation
of the model previously (1) (Figure 1). Moreover, the original
principal component loadings were used to transform
individual patients’ history into one score per principal
component per patient (Table 1).
Follow-up Follow-up Progression
start (days) end (days)
event

ID

D1

D2

D3

XX-005-00XX

-0.006271430

-0.0038394551

-0.0003144812

0

497

0

XX-001-01XX

-0.004460911

-0.0042447235

0.002640811

0

190

0

XX-001-04XX

-0.010505788

-0.0041467133

0.001151680

0

112

1

Table 1: This table shows the principal component scores for three
patients and their respective available follow-up and observed
progression event status.

Figure 2: Individualized predictions based on the Crystal Ball model for two patients, xx-001-24xx (Jane) and xx-001-36xx (John). While
we cannot compare between different treatments within a patient we can compare outcomes for the same treatment between Jane and John.
Crystal Ball models predict that John is more likely to experience relapses especially if both were to start Interferon beta-1a (solid line
presents the mean predicted rate with the 95% confidence interval represented using the dashed lines). However, John doesn’t show
increased risk of experiencing disability worsening or conversion to SPMS most likely due to his new MS diagnosis and younger age. The
model accuracy is represented by the colour fading taken from the original development cohort.

Conclusions
Figure 1:An example of the prediction models for the three represented
outcomes for interferon β-1a, IM. As it is shown here different principal
components carry different weight for predicting different outcomes.
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The crystal Ball model has performed consistently well to predict risk of experiencing disability worsening and disability
improvement events across two external validation cohorts with different characteristics. The model performed well to predict risk
of relapses in both external validation cohorts. Lastly, the model performed sub-optimally for predicting risk of conversion to
SPMS, changes in the cumulative burden of the disease and risk of treatment discontinuation.
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