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Introduction
The mainstay of multiple sclerosis (MS) management 
is the prevention of disability accumulation by reduc-
ing the occurrence of relapses with timely use of effi-
cacious disease modifying therapies (DMTs). The 
effectiveness of different DMTs with different mecha-
nisms of action, however, varies across individual 
patients. Therefore, the choice of MS therapy needs to 
be tailored to the likely response and tolerance of each 
patient.1–8

Several prognostic markers of relapses and disability 
worsening in MS have been identified to date, includ-
ing age, symptoms at MS onset, magnetic resonance 

imaging (MRI) activity, intrathecal synthesis of oligo-
clonal antibodies and various genetic markers.9–11 
Utilising these markers, prognostic tools have 
emerged that enable predicting individual risk of 
severe MS.12–19 The risk of disability accrual is modi-
fiable by the presently available DMTs.20 However, 
the therapeutic strategies to prevent MS-related disa-
bility are highly individual, as both individual patho-
genetic mechanisms of MS and biological mechanisms 
of action of DMTs are diverse.21 Therefore, predictive 
tools for estimating future individual responses to dif-
ferent DMTs are needed. Previously, a prediction tool 
has been developed by utilising data from the global 
MSBase registry with validation in the Swedish MS 
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registry. Models of this tool were built using multi-
variable proportional hazards models with reduction 
of dimensionality to predict relapses, disability wors-
ening, disability improvement, the cumulative burden 
of the disease (represented by the area under the curve 
(AUC) of disability and time), conversion to second-
ary progressive multiple sclerosis (SPMS) and treat-
ment discontinuation, conditional on the treatment 
exposure.22 The original models showed good accu-
racy for predicting the risks of relapses, disability 
worsening and improvement as repeated events, but 
suboptimal accuracy for predicting cumulative bur-
den of the disease, conversion to SPMS and treatment 
discontinuation.22

In the present study, we aimed to externally validate 
the original predictive model of DMT response 
(‘Crystal Ball 1.2’)22 using a unique, non-overlap-
ping Middle Eastern cohort from the MSBase.23 The 
Middle Eastern cohort is geographically distinct 
from the cohort previously used in the development 
of this tool, with characteristics and treatment pat-
terns that are different from a typical Western 
cohort.23 Thus, this validation aims to establish the 
generalisability of the model to a new geographic 
area with differing clinical practices and different 
utilisation of DMTs.

Materials and methods
The MSBase cohort study24 was approved by the 
Melbourne Health Human Research Ethics commit-
tee and review boards at the participating centres 
where required. In this study, we carried out a series 
of predictions for individual treatment responses, 
using the previously published predictive models 
(Crystal Ball 1.2)22 in a new cohort using the approach 
outlined below.

We used a cohort of patients from the Middle East 
from the MSBase registry which has been fully 
described elsewhere.23 Only patients whose data were 
not utilised in the development of the Crystal Ball 
models were included. The eligible patients were 
diagnosed with clinically definite MS or clinically 
isolated syndrome25–27 and had a recorded onset of 
MS and the start of an index DMT (interferon β, glati-
ramer acetate, fingolimod, natalizumab or mitox-
antrone). Baseline was defined as the start of the 
index therapy with the minimum disability informa-
tion consisting of baseline Expanded Disability Status 
Scale (EDSS) (assessed within 30 days of index DMT 
initiation), an EDSS score recorded ⩾6 months prior 
to the baseline (unless a patient had new MS 

diagnosis) and ⩾2 post-baseline EDSS scores 
⩾6 months apart. Included patients had a complete 
record of the essential variables captured in the mini-
mum dataset (including date of birth, sex, MS onset, 
onset symptoms, relapse and visit history). Data miss-
ingness was allowed in non-essential variables as 
described previously.22 The models use 45 clinical 
and demographic variables that capture various 
patient and disease characteristics before or at base-
line, which are then transformed using principal com-
ponent analysis into three components to avoid model 
overfitting, as previously described.22

The models were used to predict the following out-
comes over up to 4 years: risk of relapses, risk of 
6-month confirmed disability worsening, probability 
of 6-month confirmed disability improvement, 
changes in the cumulative burden of the disease (rep-
resented by the area under curve (ΔAUC) of the disa-
bility-time curve), risk of conversion to SPMS and 
risk of DMT discontinuation,22 conditional on differ-
ent treatment choices. Repeated outcomes were mod-
elled with Andersen–Gill models (relapses, disability 
worsening and improvement), conversion to SPMS 
and DMT discontinuation were modelled with Cox 
proportional hazards models, and ΔAUC was mod-
elled using linear regression. All models used the 
three principal components that summarise (1) mainly 
disability and previous therapy, (2) relapses and MS 
course and (3) first disease presentation, calculated 
based on the weights generated in the original study.22 
The models predict the expected number of events for 
the repeated outcomes, the cumulative hazard of con-
version to SPMS and DMT discontinuation, and the 
expected mean ΔAUC.

The accuracy of the predictions over the 4-year pre-
diction horizon was quantified with the approach used 
in the development of the original models.22 Briefly, 
the predictive accuracy was quantified as the propor-
tion of the patients in whom the number of outcome 
events (or ΔAUC) predicted over 4 years was consid-
ered accurate relative to the observed outcomes (see 
Box 1 for the summary of the accuracy rules).

Data availability
MSBase is a data processor, and warehouses data 
from individual principal investigators who agree to 
share their datasets on a project-by-project basis. Data 
access to external parties can be granted at the sole 
discretion of each MSBase Principal Investigator (the 
data custodians), who will need to be approached 
individually for permission.
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Results
A total of 1611 unique patients with 10,459 years of 
cumulative follow-up were included from Egypt 
(n = 8), Iran (n = 191), Kuwait (n = 333), Lebanon 
(n = 110), Oman (n = 19), Saudi Arabia (n = 12) and 
Turkey (n = 938) (Table 1 and Figure 1). In all, 1947 
treatment baselines were identified for performing the 
predictions with 296 patients contributing data to 
more than one eligible DMT where sufficient baseline 
and follow-up data were available. Patients enrolled 
in the MSBase registry from the Middle East tended 
to be younger, captured earlier in their disease course 
and more likely to be treated with one of the platform 
injectable therapies than a typical cohort of patients 
from the European countries.23 Table 2 shows the 
number of observed events and their frequency during 
the on-treatment follow-up that was used to carry out 
and evaluate the predictions. The incidences of SPMS 
conversion, disability worsening and disability 
improvement events were generally low across all 
DMTs (Table 2).

As shown in Table 3, the accuracy of the models in 
predicting the risk of confirmed disability worsening 
and improvement events was high, ranging from 91% 
to 96% for disability worsening and 81% to 95% for 
disability improvement for different DMTs. The 
models predicted the risk of relapses with moderate 
accuracy, ranging from 72% to 91%. The accuracy of 
the predictions for changes in the cumulative burden 
of the disease (ΔAUC) and treatment discontinuation 
was low (ΔAUC: 17%–44%, DMT discontinuation: 
1%–15%). This is in keeping with the low accuracy 
for these outcomes reported in the original study.19 
The accuracy of the prediction for SPMS conversion 
was variable, ranging from 50% to 98%, mainly due 
to the low captured rates of SPMS conversion in this 

cohort. Overall, the model tended to overestimate the 
probability of (Table S1).

Finally, we show examples of individualised predic-
tions of clinical outcomes for two patients with differ-
ent profiles: xx-001-24xx (‘Amira’) and xx-001-36xx 
(‘Amir’) (Figure 2). Amira has had MS for 9 years 
and has stable disease with no disease activity. Her 
symptoms at onset were supratentorial and she expe-
rienced complete recovery. Amir, in comparison, has 
been newly diagnosed with MS with a severe relapse 
and incomplete recovery and an EDSS of 4.5 involv-
ing the pyramidal, brainstem, visual, and ambulatory 
functional systems. The slopes of the predicted out-
comes suggest that Amir is more likely to benefit 
from a more proactive choice of therapy than Amira. 
The difference in the predicted cumulative hazards of 
relapses between natalizumab and interferon β is 
greater for Amir. The difference in the predicted 
cumulative hazards of disability worsening over the 
subsequent 4 years is similar for Amira and Amir.

Discussion
This study assessed the external validity of the pre-
viously developed model of individual response to 
MS DMTs (Crystal Ball 1.2)22 in a unique non-over-
lapping cohort from the Middle East. The external 
validity of the prediction models was comparable to 
the results published in the original study. The mod-
els were accurate in predicting the hazards of 
relapses, disability worsening and disability 
improvement over up to 4 years from commencing 
a new DMT. Prediction accuracies for SPMS con-
version, the cumulative burden of the disease, and 
discontinuation of therapy were moderate to low. 
We observed an improvement in the performance of 

Box 1.  Rules for determining accurately predicted outcomes. The rules prioritise high positive predictive value and 
clinical utility of the prediction.

Predicted outcome Prediction accuracy rule

Repeated events (relapses, disability worsening and improvement)

- �If the mean predicted number of outcome events ⩽ 0.33 
from the nearest integer

- �The number of observed outcome events corresponds to 
the number of predicted events rounded to the nearest 
integer

- �If the mean predicted number of outcome events > 0.33 
from the nearest integer

- �The number of observed outcome events corresponds to 
the number of predicted events rounded to either of the 
neighbouring integers

Single events (SPMS conversion and DMT 
discontinuation)

Harrell’s C (proportion of the predictions ordered 
correctly in relation to the time to event).28

Continuous outcome (ΔAUC) The observed value falls within half integer of the 
predicted value

SPMS: secondary-progressive multiple sclerosis; DMT: disease-modifying therapies; AUC: area under disability-time curve.
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Figure 1.  CONSORT diagram depicting the application of the study-specific eligibility criteria to the registry data 
extract.

Table 2.  Numbers of observed events with their incidence over the included follow-up, the percentage of the included treatment periods where an 
event occurred and the total included treatment periods for each DMT and each outcome.

Observed relapses Observed disability 
worsening events

Observed disability 
improvement events

Observed events of 
conversion to SPMS

Observed DMT 
discontinuations

Interferon β-1a, 
IM

197 (incidence:0.3, 
50%, 397)

14 (incidence:0.02, 
6%, 219)

24 (incidence:0.04, 
10%, 230)

1 (incidence:0.001, 
0.5%, 207)

125 (incidence: 0.2, 
60%, 207)

Interferon β-1b 179 (incidence:0.3, 
44%, 407)

25 (incidence:0.04, 
10%, 259)

28 (incidence:0.04, 
11%, 262)

6 (incidence:0.009, 
3%, 235)

152 (incidence:0.2, 
65%, 235)

Glatiramer 
Acetate

211 (incidence:0.3, 
49%, 427)

36 (incidence:0.04, 
14%, 256)

18 (incidence:0.03, 
7.5%, 240)

12 (incidence:0.02, 
5%, 222)

156 (incidence:0.2, 
70%, 222)

Interferon β-1a, 
SC

263 (incidence:0.3, 
43%, 612)

37 (incidence:0.04, 
10%, 388)

32 (incidence:0.03, 
8%, 386)

10 (incidence:0.01, 
3%, 354)

210 (incidence:0.2, 
59%, 354)

Fingolimod 252 (incidence:0.2, 
28%, 887)

81 (incidence:0.05, 
11%, 725)

91 (incidence:0.06, 
12%, 735)

26 (incidence:0.02, 
4%, 645)

189 (incidence:0.1, 
29%, 645)

Mitoxantrone 8 (incidence:0.2, 
19%, 42)

4 (incidence:0.1, 
11%, 38)

2 (incidence:0.05, 
5%, 37)

2 (incidence:0.05, 
6%, 35)

34 (incidence:0.9, 
97%, 35)

Natalizumab 56 (incidence:0.1, 
18%, 305)

33 (incidence:0.06, 
12%, 281)

63 (incidence:0.1, 
20%, 311)

16 (incidence:0.03, 
6%, 249)

141 (incidence:0.3, 
57%, 249)

SPMS: secondary-progressive multiple sclerosis; DMT: disease-modifying therapies.
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the models for predicting risk of conversion to 
SPMS; however, this finding is likely due to the scar-
city of recorded SPMS conversion events, especially 
for the DMTs with a smaller sample size and number 
of reported SPMS conversions. This cohort is also 
younger and is captured in the earlier stages of MS, 
which is usually synonymous with a more active dis-
ease and a lower risk of SPMS of SPMS. The models’ 
suboptimal performance for predicting discontinua-
tion of therapy highlights the importance of consider-
ing other determinants of treatment persistence 
– such as tolerability or family plans.

External validation of prognostic and predictive 
instruments is a key step in establishing their utility in 
clinical practice.28,29

This can be illustrated by an example of a registry 
study that helped generalise the MAGNIMS score14 
as a predictor of disease activity in DMTs not 
restricted to interferon-β.30 The characteristics of the 
cohort used in our present study differ from the cohort 
used by the original study for the development of the 
predictive tool, both in terms of their clinical, demo-
graphic characteristics, treatment utilisation and geo-
graphic region. Thus, this study shows that the 
performance of the original models for relapses and 
disability outcomes is satisfactory and generalisable 
even among younger patients with a shorter disease 
duration, who receive care in different systems of spe-
cialist healthcare.

Limitations
This study utilised data registered in the MSBase by 
the Middle Eastern centres. MSBase was also the 
registry used for the original development of the 

Crystal Ball model. The identical nature of the data 
structures in the development and the validation 
cohort limits the assessment of generalisability when 
applied to data recorded following different observa-
tional plans. Furthermore, only a small number of 
patients fulfilled the criteria for inclusion for certain 
DMTs such as mitoxantrone. As such, the outcomes 
modelled for these DMT subgroups in this study 
might not reflect the true trajectory of outcomes in 
the prevalent MS population. Finally, this cohort was 
relatively young and captured earlier in their disease 
course. This limits the number of observed study 
events such as confirmed disability worsening and 
conversion to SPMS which might result in overesti-
mation of the performance of the predictive tool. 
However, external validation in cohorts with differ-
ent characteristics is crucial for assessing generalis-
ability of new predictive tools.

Conclusion
The present models of individual response to MS 
therapies (Crystal Ball 1.2) perform accurately and 
are generalisable for the prediction of on-treatment 
relapses, disability worsening and disability improve-
ment when tested in a non-overlapping cohort. This 
study illustrates the importance of establishing exter-
nal validity of clinical predictive tools before their 
adoption for routine clinical practice.
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Table 3.  Accuracy of the Crystal Ball 1.2 models in predicting the outcomes during treatment with index therapies in the Middle East external 
validation dataset.

DMTs Relapses (%) Disability 
worsening (%)

Disability 
improvement (%)

ΔAUC 
(%)

Conversion to 
SPMS (%)

DMT discontinuation 
(%)

Interferon β-1a, IM (207) 72.9 95.7 89.9 33.8 97.5 7.5

Interferon β-1b (235) 76.6 95.3 90.2 39.1 73.7 7.9

Glatiramer Acetate (222) 75.7 91.4 94.6 33.8 50.3 1

Interferon β-1a, SC (354) 79.9 96 92.4 40.4 71.6 2

Fingolimod (645) 87.8 94 90.2 39.1 65.9 3.9

Mitoxantrone (35) 80 91.4 94.3 17.1 80.6 13.1
Natalizumab (249) 90.8 92 81.5 43.8 53.1 14.4

AUC: area under disability-time curve; SPMS: secondary-progressive multiple sclerosis; DMT: disease-modifying therapies.
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