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Abstract

Background: Prognostic machine learning research in multiple sclerosis
has been mainly focusing on black-box models predicting whether a patients’
disability will progress in a fixed number of years. However, as this is a
binary yes/no question, it cannot take individual disease severity into account.
Therefore, in this work we propose to model the time to disease progression
instead. Additionally, we use explainable machine learning techniques to
make the model outputs more interpretable.

Methods: A preprocessed subset of 29,201 patients of the international
data registry MSBase was used. Disability was assessed in terms of the
Expanded Disability Status Scale (EDSS). We predict the time to significant
and confirmed disability progression using random survival forests, a machine
learning model for survival analysis. Performance is evaluated on a time-
dependent area under the receiver operating characteristic and the precision-
recall curves. Importantly, predictions are then explained using SHAP and
Bellatrex, two explainability toolboxes, and lead to both global (population-
wide) as well as local (patient visit-specific) insights.

Results: On the task of predicting progression in 2 years, the random
survival forest achieves state-of-the-art performance, comparable to previous
work employing a random forest. However, here the random forest has the
added advantage of being able to predict progression over a longer time horizon,
with AUROC > 60% for the first 10 years after baseline. Explainability
techniques further validated the model by extracting clinically valid insights



from the predictions made by the model. For example, a clear decline in
the per-visit probability of progression is observed in more recent years since
2012, likely reflecting globally increasing use of more effective MS therapies.

Conclusion: The binary classification models found in the literature
can be extended to a time-to-event setting without loss of performance, thus
allowing a more comprehensive prediction of patient prognosis. Furthermore,
explainability techniques proved to be key to reach a better understanding of
the model and increase validation of its behaviour.

Keywords: explainable artificial intelligence, survival analysis, multiple
sclerosis, disability progression, longitudinal data

1. Introduction

Multiple Sclerosis (MS) is an inflammatory and neurodegenerative au-
toimmune disease affecting the central nervous system [1]. More specifically,
MS affects neural communication, leading to a wide range of symptoms and
complaints. Amongst other problems, MS can result in a build-up of severe
disability over the years. Disability is often quantified in terms of the Expanded
Disability Status Scale (EDSS), an MS-specific disability scale introduced
by Kurtzke [2]. EDSS scores are composite scores, as they aggregate the
impairment to several functional systems (pyramidal, cerebellar, brainstem,
sensory, sphincteric, visual, cerebral, and ambulatory). Although EDSS scores
have been critiqued because of their overemphasis on walking ability, limited
cognitive assessment, and issues with inter-rater reliability [3], they remain
the most common measure of (physical) disability and a golden standard for
assessing drug effectiveness in clinical trials.

Due to the heterogeneity of the disease course of MS patients, formulating
a prognosis is a difficult challenge for clinicians. This has sparked interest in
using existing observational and clinical trial data to model disease progres-
sion in a data-driven way with statistical and machine learning models. In
particular, as evidenced by its role in several recent review papers [4, 5, 6, 7, 8],
predicting future EDSS scores is currently a hot topic. However, we note
two major limitations in the current line of research, which we discuss in the
following two paragraphs.

Currently, predicting future EDSS scores is often done in a rather static
way, focusing on predicting progression in a fixed number of years from a
baseline visit [4, 5, 6, 7, 8]. This gives only a limited cross-sectional view



of the future progression of a patient, and the binary endpoint makes it
impossible to take individual patient severity into account. Only a handful of
studies perform a longitudinal prediction instead [9, 10, 11, 12, 13]. They are
discussed further in Section 2. Despite these studies, the prediction of time to
progression remains under-explored in the literature, especially using machine
learning models. Amongst other benefits, these models allow us to draw
individualised survival curves at each patient visit, which give an indication of
the speed at which a patient will be progressing in the future. As clinicians
are already familiar with survival curves due to their widespread usage for
epidemiological purposes, this introduces little to no learning overhead for
them.

Additionally, the vast majority of the current machine learning literature
for predicting progression in multiple sclerosis is purely concerned with predic-
tive accuracy, ignoring the transparency required of decision support systems
in a medical context [6]. Therefore, we also spend considerable effort in this
work to explain the predictions of our predictive models to our targeted end
users (i.e., clinicians). Specifically, both global and local interpretability are
of interest, each supporting distinct but complementary aspects of medical
decision-making. Global interpretability provides macroscopic insights into
the importance of features for model behaviour. Translating this into a
medical setting, this level of understanding can guide healthcare policy or
treatment guidelines [14]. On the other hand, local interpretability provides
detailed insights into patient-specific variables of interest for individual pre-
dictions. For conditions like MS, where individual symptoms can vary widely,
making this level of granularity extremely valuable. It enables clinicians
to develop personalised treatment plans that have the potential to improve
patient outcomes significantly.

The contributions of this manuscript are twofold. First, we define a
framework for training time-to-progression survival analysis models on the
individual patient visit level. We evaluate this framework on MSBase, a large
international data registry containing data from over 44,000 MS patients,
and compare it to the recently published setup from De Brouwer et al. [15]
that predicts progression in two years on this database. This comparison
demonstrates that the performance of such a survival analysis model (when
restricted to the static task of predicting progression in a fixed number of
years from a baseline visit) is comparable to the current state-of-the-art in
progression prediction.

Second, we use existing and novel explainability frameworks to give inter-



pretations to the predictions of these models. Global explainability techniques
allow to further compare the existing approach (with a binary endpoint) to
the time-to-event approach, by contrasting their feature importances. Addi-
tionally, these techniques can validate the behaviour of the proposed model by
showing that it has found (non-trivial) patterns in the data that are supported
by the literature. On the other hand, local explainability can improve the
understanding of the black-box model prediction for clinical end users. In
combination with individualised survival curves, this should give clinicians
ample reference points to support their decision-making processes.

In summary, this manuscript contributes both methodologically to data
science and applicatively to our understanding of MS. Methodologically, we
introduce a machine learning framework to analyse the time-to-progression
question for MS on the individual patient visit level in a large-scale database,
and we show how accompanying explainability procedures can be applied
and interpreted. By ensuring a fair comparison, this shows how time-to-event
modeling can enrich the classical way of considering progression at a fixed
endpoint. Applicatively, we affirm that these black-box machine learning
models identify valid patterns in MS prognostication. We go one step further
by interpreting non-trivial interaction patterns found by the model, and
confirming them through domain expertise and results found in the scientific
literature.

The remainder of this paper is organised as follows. In Section 2, we go
more in detail on the progression prediction challenge, and we consider the
few studies that propose a similar approach to this work. Then, in Section 3,
we explain the modelling procedure, including data preprocessing and our
definition of time-to-progression. In Section 4, we then compare the proposed
approach to the current state-of-the art, both in terms of predictive accuracy
and global explainability. We then delve deeper into our proposed approach
with variable interactions and local interpretability. Finally, this is followed
up by a more general discussion in Section 5 and a conclusion in Section 6.

2. Related Work in Time-To-Progression for Multiple Sclerosis

Machine learning is employed in various aspects of the clinical management
of MS, from diagnosis to prognosis and treatment assignment. Here, we
are interested in prognosis, more specifically in data-driven predictions of
progression in terms of EDSS scores. Most studies using machine learning for
predicting EDSS scores do so in a binary way, i.e. they predict worsening of



EDSS scores at a fixed endpoint. Depending on the study, this fixed endpoint
can be in 2 years [16], 5 years [17], or even 12 years [18].

In this study, our focus shifts from binary classification to survival analysis.
An existing line of research uses survival analysis techniques to predict the
time to a fixed EDSS milestone (e.g., time to EDSS = 3 [19, 13]), making the
time dynamic but keeping the EDSS threshold static instead. However, here
we want to make both aspects dynamic by predicting the time to the next
worsening of EDSS score. A handful of studies have also considered a similar
prediction task and are discussed throughout this section.

A major study is the one by Kalincik et al. [9], where individual treatment
response was assessed in terms of the time from treatment initiation to the
first EDSS worsening. To this end, a Cox proportional hazards model [20]
was built for each treatment for which sufficient data can be extracted. In
contrast, we are interested in the time to first EDSS worsening from any of the
patient visits. Thus, we only build one model for the entire dataset, where the
current treatment is included as one of the covariates. This greatly increases
the amount of usable data and allows us to consider a predictive modelling
approach with machine learning models instead. A machine learning approach,
although powerful, comes with the additional challenge of explainability for
the end users. As already mentioned in Section 1 and emphasised in a review
by Seccia et al. [6], this challenge is currently under-addressed.

In other related predictive studies, we note that the time-to-EDSS-
progression question is studied on the patient level rather than on the visit
level, i.e., the time-to-event is only defined on one baseline visit. For example,
Eshaghi et al. [10] have used Cox proportional hazards models to explore
associations between baseline brain tissue volume and time to sustained
EDSS progression on a moderately sized cohort of 1214 MS patients. On
the other hand, many descriptive statistical studies (e.g. [21]) define a time-
to-progression label on every visit rather than just at baseline. A study by
Kappos et al. has even shown that this definition is more sensitive to EDSS
worsening events [22]. However, for current predictive modeling studies, this
definition is often impossible due to data limitations, as either the number
of visits is too small or the average follow-up per patient is too short. In
particular, for many studies, the average follow-up per patient is limited to
at most 3 years [10, 11, 12, 13], whereas the dataset used in this study offers
over 14 years of follow-up (see Section 3.1). Nonetheless, such label per visit
approach vastly increases the amount of usable data and allows us to answer
the time-to-progression question at any visit rather than only at the baseline
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visit.

3. Methodology

In this section, we delineate our methodology and data analysis pipeline,
illustrated visually in Figure 1. We begin with a description of the dataset
and our preprocessed input samples in Section 3.1 and the definition of our
time-to-event target label in Section 3.2. In Section 3.3, we then describe
how the machine learning models are trained and tuned, followed up by a
discussion of performance evaluation in Section 3.4. Finally, in Section 3.5, we
introduce the explainability toolboxes used to interpret the model predictions.

3.1. Data source and preprocessing

In this paper, data from the MSBase registry [23, 8] is used. MSBase is
an international collaboration effort gathering data from over 100,000 MS
patients coming from 186 clinics in 43 countries across the globe in a single
coherent dataset. We use a September 2020 extraction of the database?,
including all patients aged greater than 18 years who were diagnosed with
MS and have at least 12 months of follow-up. This selection contains 44,886
patients with a total of 655,559 visits (of which 523,774 where the EDSS score
was measured) across 146 clinics situated in 33 different countries.

Previous work [15] has developed an open source data cleaning pipeline
for this database, which we reuse in this paper. In summary, in [15] exclusion
criteria were defined related to data quality considerations®, to not transition-
ing from clinically isolated syndrome (CIS) to clinically definite MS (CDMS)
during the whole follow-up®, and to date of visit (i.e., all visits before 1970
were discarded). This results in a set of 40,827 patients with 497,586 visits
where the EDSS was measured, with an average follow-up per patient of 14.4
years (standard deviation of 9.4 years, median follow-up of 12.4 years).

To make these patient trajectories usable in our machine learning context,
they are transformed into input-output pairs from which a model can be

2The reason for not using a more recent extraction is to be able to optimally compare
to the setup in [15] using a binary label definition.

3For example, same-day visits with differing EDSS scores were removed, while same-day
visits with equal EDSS scores were de-duplicated. For more details, see [15, Appendix D].

4Since this study is about prognosis of CDMS patients, including the CIS patients
would only make the target population more heterogeneous. For CIS patients, there is
uncertainty regarding whether they will transition to CDMS or not.
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Figure 1: Overview of the pipeline: from raw MSBase data to predictive models with
R(S)F, to user-friendly explanations with SHAP and Bellatrex.



trained. These input-output pairs each correspond to a specific patient
visit where the EDSS score is measured. We call this visit the baseline
visit, measured at time ¢y and with EDSS score EDSSy. However, not all
possible visits are valid baseline visits (although all the available visits are
still potentially used to define the output label). In De Brouwer et al. [15],
where progression in 2 years was studied, only the visits were considered that
were after 1990, had an EDSS measurement recorded, had at least 3 EDSS
measurements in the 3.25 years before ¢, (to define a clinical history®), had at
least one EDSS measurement in the 2 years after to (to define the progression
label), and in case of progression had at least one EDSS measurement in a
relapse-free period® at least 2 years after ¢y (to confirm the progression).

In our survival analysis setup, these requirements can be relaxed. Specifi-
cally, the last two requirements can be dropped, as they were only necessary
to correctly define the binary output label at 2 years after ty. Consequently,
we retain 321,775 baseline visits (i.e., valid ¢j), as opposed to the 283,115
visits retained in [15]. For each of these visits, we have 82 features that can
be used for prediction: 18 demographic and clinical features (a.o. related
to disease onset), 55 EDSS and KFS (Kurtzke Functional Systems) patient
history summary statistics (over the past 3 years) and 9 features related to
treatment and relapses. A full list can be consulted in Section A. In Table 1,
a summary of the cohort characteristics is given.

3.2. Time-to-progression: label definition

The outcome label in this work is the time to the first significant and
confirmed EDSS progression (also referred to as ‘time to progression’ for
brevity). The EDSS is a numerical scale ranging from 0 to 10 in steps of 0.5.
In line with other work in this field [9, 16, 15], the significance of progression
Ag—1 = EDSS; — EDSSy from the EDSS score at t; to the one at t; is defined
based on the baseline disability EDSSy:

Ag—1 > 1.5 in case EDSSy =0
Ag—s1 is significant if < Ag—; > 1.0 in case 0 < EDSS, < 6 (1)
Ap—s1 > 0.5 in case EDSS, > 6.

°In [15], the requirement of both 3 and 6 visits is investigated. Here, we only consider
the 3 visits case.
6Relapse-free is defined as at least 30 days after a relapse.
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Feature H Distribution

Dataset size 321775 visits from 29201 patients

MS course 23298 relapsing-remitting (RR) (79.78%)
1953 primary progressive (PP) (6.69%)
2587 secondary progressive (SP) (8.86%)
1363 RR—SP during follow-up (4.67%)

Gender 20654 female (70.73%), 8547 male (29.27%)
Age at onset 32.59 years + 9.57 years

Age at first visit 41.42 years + 11.48 years

Follow-up 5.15 years + 4.76 years

Disease duration at first visit || 8.84 years £ 8.14 years

Disease duration at last visit || 13.98 years 4+ 9.07 years

EDSS score 2.97 £ 2.11
Score Freq. | Score  Freq. | Score  Freq.
0.0 865 % | 35 552%| 7.0 214 %
0.5 0.00% | 40 842% | 7.5 124 %
. 1.0 1083 % | 45 365%| 80 1.07%
EDSS on the visit level 1.5 1281%| 50 269%| 85 0.37%
20 1345% | 55 3.00%| 9.0 015%
2.5 774 % | 6.0 652% ]| 9.5 0.02%
3.0 6.29 % | 6.5 544 % | 10.0 0.00 %

Table 1: Patient characteristics of the preprocessed cohort (on the patient level, unless
indicated otherwise). For the continuous variables, mean + standard deviation over all
patients is reported.

If a significant progression event was found, we then also require confir-
mation of this progression by a third EDSS visit, EDSS,, at time ¢, in a
relapse-free period at most 6 months later (i.e., Ag—2 should also be signif-
icant).” In case the progression is not confirmed, we move on to the next
possible progression event EDSS; to define the output label. If no progression
events are found, the patient visit is censored at the last available EDSS;.

In summary, for any patient visit where the EDSS is measured, we define

"Technically, progression needs to be confirmed by all visits within a 6 month period
after t1. If there are no visits within the next 6 months, we use the next available visit
after ¢; as t9 instead.
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our output as the time until the first significantly increased EDSS measurement
(as defined in Equation (1)), with the added requirement that such significant
increase is confirmed during the 6 months after the progression event. If the
patient never progresses in the available follow-up and hence such time-to-
progression cannot be found (or there is no EDSS, available to confirm the
progression), the output is a time to censoring instead, defined as the time
until the last EDSS visit of this patient. This indicates that, starting from t,
the patient does not experience progression before this censoring time, which
is still relevant information.

In Figure 2, this time-to-event output label is contrasted against the typical
binary label (as found for example in [15]). While the binary label would
be defined for a fixed ¢ (e.g., t; = to + 2 in [15]), the survival analysis label
would go over all possible future visits ¢; searching for an actual progression
event, and only marks ¢y as a censored visit when such a progression event
cannot be found (with the time to censoring then defined as the time to the
very last visit). Note in particular in Figure 2 that there are three possible
censoring scenarios: (a) none of the visits after ¢y show progression, (b) the
only progression event that was found is at the end of follow-up so there are
no more visits available to confirm the progression, and (c) all progression
events at t; are not confirmed by their ¢, visit.

To further exemplify and contrast these definitions of progression, we show
an example patient trajectory in Figure 3, with a visualisation of the binary
and time-to-event label for each possible baseline visit #y. Although this is not
the most typical patient trajectory®, the rich follow-up of this patient allows us
to showcase many interesting phenomena in the binary and survival analysis
label definitions. For example, note the censoring type (b) (compare to
Figure 2) observed for all baseline visits for which ¢, > 18. Another example:
at ty ~ 10.3 years of disease duration, there is no binary label since there is
no t; available in the next two years (hence, invalid to for binary modelling).
However, a time-to-event can be defined, with confirmed progression observed
at t1 ~ 17.3 (so time-to-progression equals ~ 7.0 years). Note that ¢; # 16.1,
since the progression observed at t; ~ 16.1 is not confirmed by ¢, &~ 16.5 as
the EDSS has dropped back to 7.5 there. A final example: the second green

8The trajectory is atypical as it starts on a relatively high EDSS score of 3.5 early on in
the disease duration, and even moves up into the territory of EDSS 8 to 9, with a gap in
follow-up of over 5 years.
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diamond at t &~ 4.7 suggests that there is no progression at t &~ 6.5, while the
EDSS score is significantly worse there. However, the reason that there is
no progression is because the progression is not confirmed: for the visit at

t =~ 7.1, the EDSS has dropped back to 5.

3.3. Machine learning training setup

To model the time-to-progression label defined in Section 3.2, we employ
a Random Survival Forest (RSF) [24]. The RSF is specifically chosen to
maximize comparability to the Random Forest from [15], but a comparison
to other survival models is given in Section C. As in [15], evaluation of
the model is done by 5-fold cross-validation. Each cross-validation split
results in a training set (=~ 80% of the total data), a validation set used for
hyperparameter tuning (=~ 10% of the dataset), and a testing set used for
final evaluation (=~ 10% of the dataset). To closely mimic the conditions of
an external validation, this cross-validation procedure is stratified by clinic.
This means that each training, validation, and testing set cover a separate
set of clinics, preventing information leakage at a clinic level. Additionally,
we have also implemented a cross-validation procedure stratified by patient;
this stratification aims to investigate whether the models can achieve a better
performance by accessing clinic-specific patterns in the data, while still (as in
the stratification by clinic) preventing leakage of visits from the same patient
across training, validation, and testing splits.

To align our study with [15] and to facilitate a direct comparison, we
adopt the same set of clinics for stratifying the cross-validation in this work.
However, since we have relaxed the inclusion criteria for baseline visits (see
Section 3.1), our models can be trained on more data (i.e., 321,775 baseline
visits in total instead of 283,115). To critically evaluate the impact of this
augmented dataset, we conduct an ablation study by also training an RSF
on the original dataset (with 283,115 visits) and we refer to this model as
the ‘restricted RSF’. Both these RSF are then compared to a Random Forest
(RF) [25], which is evaluated according to the same procedure.

Tuning of the models is performed with a randomised search with 10
hyperparameter value combinations sampled at random from the grid defined
in Section B.2. For RF, the model is chosen that performs the best on
the Area Under the Receiver Operating Characteristic (AUROC) [26] when
comparing the predictions (probabilities) to the binary progression label as it
is defined in [15]. For RSF, the model is chosen that performs the best on the
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Figure 2: Comparison of the binary (left) and time-to-event (right) label defined on the
baseline visit tg, with significant EDSS progression indicated by A. All four possible
scenarios with their associated label are shown: (a) no progression at ¢, (b) progression at
t; but no confirmation visit available, (c¢) progression at t; but not confirmed at t5, and
(d) progression at ¢; and confirmed at ¢.
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Figure 3: Example patient trajectory with binary progression labels (top) and associated

time-to-event labels (bottom) for every possible valid baseline visit t. Visits without a
label were not considered as valid baseline visits (see Section 3.1 for the validity criteria).
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concordance index (C-index) when comparing the predictions (risk scores) to
the survival analysis label as it is defined in Section 3.2.

After tuning on the validation set, the model is retrained on the combined
train and validation set before the final evaluation on the test set. This final
evaluation is done both on the binary and the survival analysis label. A more
detailed discussion of the metrics employed for this evaluation is provided in
the following section.

3.4. Model evaluation metrics

Here, we define our evaluation strategy to assess predictive performance.
In particular, we focus on making a fair comparison between the RF (a model
with binary classification outcomes) and the RSF (a model with time-to-
event outcomes). A logical first step in this evaluation procedure consists
of computing the Area Under the Receiver Operating Characteristic curve
(AUROC) and the Area Under the Precision-Recall Curve (AUPRC) for the
binary label from [15], representing progression in 2 years. For the RF, these
metrics are derived from the predicted probabilities. In contrast, the RSF
provides a survival curve S'Z(t) for each observation i, so we first calculate a
point estimate probability:

P =1-5i(2). (2)

This enables a direct comparison of the RSF predictions to the binary outcomes
from the RF model.

However, given the longitudinal component of our study, we also take into
consideration a time-dependent performance evaluation of the RSF model.
Here, in analogy with the evaluation on the binary label, we consider a time-
dependent generalisation of the AUROC and AUPRC. This generalisation
compares the risk score generated by the RSF to a binarisation of the time-
to-event label at multiple time points (i.e., all time points in the first 15
years after diagnosis). The binarisation process defines the label to be true if
the patient progresses before the time point of interest t, false if the patient
progresses or is censored after ¢, and missing if the patient is censored before ¢.
Note that for ¢ = 2, due to this missingness, this binarisation process does not
result in the same binary label as used in the evaluation above. For further
insights about this difference and its possible effects, refer to Section B.1.

Additionally, we also highlight sensitivity and specificity values for three
time points of interest after to: ¢ = 2 years, t = 4 years, and t = 8 years.
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The specificity (or true negative rate) is defined as the proportion of non-
progressing visits that are labelled as progressing for a certain decision thresh-
old. The sensitivity (or true positive rate) is defined as the proportion of
progressing visits that are also labelled as progressing for a certain decision
threshold. The optimal decision threshold depends on the relative importance
of sensitivity versus specificity, and is chosen by the domain expert. In this
work, we consider three scenarios: (1) equal importance, (2) sensitivity is
twice as important as specificity, and (3) sensitivity is three times as impor-
tant as specificity. We argue that specificity will never be more important
than sensitivity, as the benefit of correctly identifying progressing patients
outweighs the benefit of correctly identifying non-progressors.

3.5. FExplainability

To explain the predictions of our models, we opted for two post-hoc
interpretability toolboxes. The first one, SHAP [27], was chosen due to
its widespread adoption and the availability of a fast implementation for
RF [28]. The second one, Bellatrex [29], was chosen for its native support for
both binary (RF) and time-to-event (RSF) predictions. Note that, to ensure
comparability of explanations between RF and RSF, the explanations for RSF
are generated for the transformed point estimate probabilistic predictions from
Equation (2). In the remainder of this section, we give a short introduction
to SHAP and Bellatrex, and we explain the inner workings of these toolboxes
in more detail.

SHAP is an interpretability toolbox that uses concepts from game theory
to assign a mathematically consistent feature importance to the predicted
output of a model. More specifically, given an instance i and the associated
model prediction ¢;, SHAP estimates the feature importance vector ¢; =
{bio, Pins- - bip}, where ¢;; (for j # 0) corresponds to the SHAP value
for feature j. This value indicates the extent to which feature j contributes,
either positively or negatively, to the model’s prediction for instance 7 relative
to the baseline’ prediction ¢;o. For a model prediction §;, SHAP thus builds

9In this context, ‘baseline’ refers to the average prediction over all samples (in the
training data). Not to be confused with ‘baseline visit’ used throughout the rest of the
paper, which refers to the patient visit at tg.
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a feature importance vector ¢; such that

p
> bij =i
=0

In Figure 4, we show a schematic representation of the resulting expla-
nation. Note that this approach allows both local interpretability, through
individual feature importance vectors ¢;, and global interpretability, by ag-
gregating feature importance vectors across instances in the test dataset to
understand overall model behaviour.!”

H
Input: Output = 0.3 .'l" Output = 0.3
T

x € RP Contribution:

Age —| SHAP +04 l— Age: 50
MS type
o yp : ‘ — MS type: RR
Explanation
KFS pyra — — Sex: F
etc. .
computing feature .
contributions — KFS pyra: 2.0
black box .
modelM  Baseline = 0.16 Baseline = 0.16

Figure 4: SHAP estimates the contribution of the input features, which cumulatively
explain the model’s final prediction for a given instance (i.e., local explainability). Figure
adapted from https://shap.readthedocs.io/en/latest/.

On the other hand, Bellatrex is an interpretability toolbox specifically
designed to explain R(S)F models and offers a perspective on local inter-
pretability complementary to SHAP. As shown in Figure 5, Bellatrex makes
use of the internal structure of an R(S)F to select meaningful rules constructed
by the model itself and, after a clustering step, select a few rules that are
both representative and diverse to show to the end-user as an explanation.
Furthermore, the toolbox is designed to ensure that the predictions arising
from the extracted rules are closely aligned with the original predictions from
the underlying random forest model.!!

0For more details about the method, refer to [27]. For a quick guide on interpreting
SHAP explanations, see https://shap.readthedocs.io/en/latest/.

UFor more details about the method, refer to [29]. For a quick guide on interpreting Bel-
latrex explanations, see https://itec.kuleuven-kulak.be/a-guide-to-bellatrex/.
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Figure 5: Bellatrex extracts a few accurate and diverse rules from a trained R(S)F and
shows them as an explanation.

In this paper, we apply SHAP to obtain global interpretability insights
for the RF and RSF model predictions. These global insights shed light
on the general patterns found by the model and show which features are
overall the most predictive. Next, we employ SHAP and Bellatrex for local
interpretability of RSF predictions. These local explanations provide case-
specific insights on the prediction process for the instance at hand. We run
such local interpretability for two selected patient visits: one with a positive
prognosis (no EDSS progression for the next four years) and one with a
negative prognosis (confirmed EDSS progression within two years). More
details on how these patient visits were selected can be found in Section D.4.

4. Results

In this section, we detail the results of our study, which are divided into two
categories: performance-related and explainability-related. Concerning the
performance results, we report the binary and time-dependent performance in
Section 4.1, particularly focusing on comparing the performance of a Random
Forest (RF) predicting whether or not a patient will progress within 2 years
with a Random Survival Forest (RSF) predicting when a patient will progress.
As discussed in Section 3.3, these performance results are based on a cross-
validation stratified by clinic, to mimic external validation performance. The
interested reader can find the results on the patient-based stratification in
Section B.3.

As for the explainability results, in Section 4.2, we use SHAP to extract
global (i.e., population-wide) interpretability insights about the RF and RSF
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models. Additionally, in Section 4.3 we use both SHAP and Bellatrex on the
RSF model to illustrate the kind of local explanations that can be derived for
specific patient visits. In particular, we investigate one visit with a positive
prognosis (i.e., no EDSS progression for the next four years) and one with a
negative prognosis (i.e., EDSS progression within two years).

4.1. Performance

The performance results on the binary label from [15] are shown in Table 2.
Both in terms of AUROC and AUPRC, the results show that the predictive
performance of both RSF models, when limiting the prediction to a 2-year
horizon, is similar to the performance of the RF model, with just a 1 percent
drop in both metrics (equivalent to 1 standard deviation). In Section D.1,
we make this performance analysis also on the subgroup of RRMS patients.

Table 2: Performance results for predicting progression in 2 years. The average and standard
deviation over the 5-fold cross-validation are reported. The naive classifier predicts the
majority class for all baseline visits.

AUROC AUPRC
Naive classifier 0.500 & 0.000 0.127 £ 0.009
REF 0.706 £0.009 0.243 £ 0.021
Restricted RSEF  0.695 £ 0.014 0.233 £ 0.021
RSF 0.694 +£0.009 0.234 4+ 0.020

However, by modelling time-to-progression, we consider a more compre-
hensive longitudinal prediction of patient progression. In Figure 6, we use the
Kaplan-Meier estimator to provide a visual representation of the cumulative
risk of progression across time in the study population. In particular, this
curve shows that any given patient visit has a probability of 50% to not
experience progression within the next 8 years. Equivalently, the median time
to progression at any baseline visit is 8 years.

Following the binarisation process defined in Section 3.4, a time-dependent
AUROC and AUPRC is calculated and shown in Figure 7. From this, we
see that overall the RSF with relaxed baseline visit selection criteria (see
Section 3.1) outperforms the restricted RSF. Furthermore, for ¢ = 2, the RF
and RSF again all have similar performance. Note that the RF performance in
Table 2 and Figure 7 is different. This is to be expected, given the difference
between the binary and binarised label hinted towards in Section 3.4. See
Section B.1 for more technical details.
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Figure 6: Kaplan-Meier estimator of the population survival curve.

Figure 7 shows a decline in performance over time, which is to be expected.
As the prediction time point moves further into the future, predicting time
to progression becomes more difficult, and there is also less training data
available. In Figure 8, we present a more detailed account of how exactly the
performance changes over time based on the ROC curve itself. Interestingly,
performance only seems to deteriorate in the upper right corner of the graph.
Specifically, upon further inspection, the point of divergence is the classifier
threshold probability of 20%. For lower threshold probabilities, the false
positive rate (FPR) starts increasing significantly over the years, whereas the
true positive rate remains mostly constant (at every decision threshold).

Looking at the binarisation process (see also Section B.1), there are only
two possible reasons why the FPR would differ between two time points t;
and ty (assume t; < t9): either because of the visits censored in [tq, %3] or
because of the visits that have an event in [t1, t5]. Note that both of these
groups are ignored in the computation of the FPR at ¢5: the first because the
label is set to missing, the second because the label is set to true (and FPR
only looks at visits labeled as false). Further analysis shows that the first
group is larger than the second group (and therefore has more weight), and
that the overall FPR for ¢ lies between the (lower) FPR of the first group and
the (higher) FPR of the second group. Hence, the visits censored in [t1, ]
are the reason for the increased FPR upon their exclusion at t5: they are
easier to classify as ‘no progression’ at t; for the model than other visits. In
summary, the decreased performance over time for decision thresholds < 20%
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Figure 7: Time-dependent AUROC and AUPRC. The naive classifier predicts at each time
point the majority class for all baseline visits. CI = Confidence Interval.

is due to an increase in FPR caused by the exclusion of censored visits as we
move our binarisation threshold.

Finally, in Table 3, sensitivity and specificity for 9 different scenarios are
reported. Note how the sensitivity increases and specificity decreases as we
increase the weighting parameter w. For w = 1, the optimal threshold is
defined by the intersection of the isocost line TPR ~ FPR with the ROC
curve that is closest to the optimal classifier (FPR = 0,TPR = 1). As
can be seen from the decision threshold 20% in Figure 8, this part of the
ROC curves corresponds to a decreasing TPR and FPR over the years, or
a decreasing sensitivity and increasing specificity, in line with the results
reported in Table 3. Analogously, for w = 2, the optimal threshold is found
by intersecting TPR ~ 2 - F PR with the ROC curves. The optimal threshold
here is closest to the decision threshold 10% in Figure 8, where sensitivity
remains mostly constant over the years but specificity decreases.

4.2. Global explanations

To analyse global (i.e, population-wide) interpretability, we employ the
SHAP [27] toolbox. In Section 4.2.1, we perform a univariate analysis for
both the RF and RSF models, where we investigate and compare their
most predictive features. Then, in Section 4.2.2, we delve deeper into our
RSF model with a bivariate analysis, where we investigate how these highly
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Figure 8: Time-dependent ROC curves for the RSF model, showing in more detail the
performance deterioration over time. In cyan, the evolution of TPR/FPR over time for a
few decision thresholds is shown.

predictive features interact with other features.

4.2.1. Univariate trends

In Figure 9, the global SHAP explanations for the prediction of each
patient visit'? by the RF and RSF models are shown. Although the direction
and magnitude of feature contributions are mostly comparable across the
two methods, there are some slight differences. These can be attributed
not only to the inherent differences in the predictive tasks (binary versus
time-to-event), but also to the difference in inclusion criteria that were used
in both cases.

For the binary classification RF model, shown in Figure 9a, the date of
visit'3 emerges as the most important predictor. More recent visits, denoted by

2Technically, only the visits in the test fold of the first train-validation-test split are
shown here, but the conclusions remain the same for the test folds in the other splits.

I3Note that the contribution of ‘date of visit’ is an aggregate of many factors, such as
shifts in the enrolled MSBase population, inclusion of new centres, changes in the use of
the EDSS scale, and in the use of treatments. This feature is included here to be able to
retrospectively estimate its contribution to the risk of progression. Models aimed at being
implemented in current clinical practice (and thus make predictions for new visits) should
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Table 3: Sensitivity and specificity values for 3 time points t after ¢y and three weighting
scenarios w based on the relative importance of sensitivity over specificity.

t=2 t=4 t=8

w1 Sensitivity | 0.683 0.627 0.606
Specificity | 0.555 0.602 0.597

w— 9 Sensitivity | 0.914 0.902 1.000
Specificity | 0.234 0.229 0.000

w Sensitivity | 0.977 1.000 1.000
Specificity | 0.088 0.002 0.000

the yellow dots, have a much lower predicted risk of progression, as evidenced
by their negative SHAP values. In particular, recent visit dates have SHAP
values down to —0.184, signifying a decrease in predicted risk of worsening
of up to 18.4%. This could be related to the increased quality of care of
MS patients over the years due to improved code of practice and treatment
availability [30]. However, it is important to recognise that the importance of
the date of visit as a predictor might also be somewhat overestimated due to
lack of sufficient follow-up. For the binary progression outcome, this follow-
up problem decreases the probability of effectively observing progression in
the more recent visits, pushing the RF predictions towards lower predicted
risk. In contrast, the time-to-event outcome is less sensitive to the shorter
follow-up in more recent visits, as that kind of information is now translated
into censored observations. As can be seen in Figure 9b, this results in a
reduced predictive impact of this feature, now the second most important
predictor and only decreasing the risk up to 13.2%. This may reflect a more
nuanced understanding of the disease progression dynamics captured by the
time-to-event RSF model.

The most important predictor for the RSF model (and the second most
important for the RF model) is related to the current clinical course of the
disease for this patient (i.e., the MS subtype). In particular, patients whose
MS course is classified as relapsing-remitting MS (RRMS) are associated
with a decreased risk of progression with respect to non-RRMS patients,
as the yellow dots (i.e., MS course is RR is true) indicate negative SHAP
contributions. This makes sense, as non-RRMS solely consists of progressive

omit this feature at the training stage.
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Figure 9: Global SHAP explanations, showing the overall impact of each input feature on
the predicted probability of progression. For binary features (e.g., MS course is RR), true
corresponds to high feature values, whereas false corresponds to low ones. For details about
the meaning of the variable names, see the data dictionary in Section A. In particular, (1)
KF'S scores: pyra = pyramidal, cbel = cerebellar, ambu = ambulation, (2) aggregations:
avg = average, std = standard deviation, max = maximum, 3y = over the past three years.

MS in this context, where disability accumulates continuously over time. In
particular, this group of progressive MS patients is further subdivided into
primary progressive MS (PPMS), which are patients progressive from onset of
the disease, and secondary progressive MS (SPMS), which are patients who
were initially RRMS but gradually evolved into a progressive phase of the
disease. In contrast, RRMS is defined by acute clinical episodes of temporary
disease worsening that recovers fully or partly within days or weeks. It is
noteworthy, however, that diagnosing a patient as RRMS inherently suggests
a non-progression bias. This can be seen as a somewhat circular argument,
since a shift to SPMS classification typically follows observed progression,
defined by the same clinician who also records this progression.

The third and fourth most predictive features for the RF and RSF models
reveal an interesting trend. Whereas a higher average or maximum EDSS score
over the past three years is associated with a higher risk of progression, the
opposite is true for the current EDSS score at the baseline visit. Although this
is seemingly contradictory, it can easily be understood through a regression
to the mean effect. In a statistical sense, EDSS at tq is a much more unstable
and less representative measurement of the current disability level of a patient
than the aggregate score over three years (maximum or average). When
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the latter is higher, it signifies that the true underlying disability level of
this patient is also high, increasing the risk of regressing back onto this true
underlying disability level. This might seem like a rare situation, but several
examples of this phenomenon can be found in the example patient trajectory
in Figure 3. For example, consider the very first red star visit, which has
a high risk of progression (both in the binary and survival analysis setup),
and indeed also has a relatively low current EDSS score and a relatively high
maximum and average EDSS score over the past three years. Other examples
can be found at ¢y ~ 7.1 and t; ~ 16.5.

Interestingly, the RF and RSF models seem to disagree for the fifth most
important feature. Whereas the RF considers the average pyramidal KFS
score over the past 3 years more important to predict disability progression
within 2 years, the RSF instead considers the maximum cerebellar KFS score
over the past three years to be more significant in predicting the time to
progression. The direction of the effect is the same for both models: higher
KFS summary statistic scores have a higher predicted risk of progression. This
presents an interesting opportunity for future work to investigate these KFS
score contributions in a causal framework. Knowledge of the time-dependent
causal contributions of KFS scores towards EDSS progression could guide
treatment policy, especially if one of the KF'S scores is found out to be more
prognostically relevant than the others.

4.2.2. Interaction effects

From here, we prioritize the RSF model, given its ability to capture disease
progression over time and to handle visits with insufficient follow-up data. To
further investigate the univariate trends, we plot the value of each patient visit
against its SHAP value for three of the top five most predictive features from
Figure 9b: MS course is RR, date of visit, and maximum cerebellar KF'S score
observed in the past three years before ¢y.!* To highlight variable interaction
effects, we then colour code each of these plots based on a second variable,
namely the variable that has the highest absolute Pearson correlation |r| with
the SHAP values of the plotted variable. The results of this are shown in
Figure 10.

The first interaction we analyse, based on the ‘MS course is RR’ variable,

14The interactions for the remaining two variables are moved to Section D.3 as they
don’t bring added value on top of the ones investigated here.
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is shown in Figure 10a. As already seen in Section 4.2.1 (i.e., Figure 9b),
RRMS patients have smaller SHAP values and thus a lower predicted risk of
progression than non-RRMS (i.e., progressive here) patients. However, here
we are interested in the interaction effect with disease duration, given by the
colour coding. We observe that a long disease duration is associated with
increased risk of progression for patients with RRMS, whereas remarkably the
opposite trend is observed for progressive patients. For RRMS patients, the
increasing risk of progression over the disease duration can be explained by
the neurological damage from relapses becoming less recoverable as the disease
advances [1]. On the other hand, PPMS patients are by their clinical definition
progressing from diagnosis, so they experience most progression in the first
few years of the disease!® and are more stable in terms of EDSS scores later
in the disease. Additionally, a significant portion of RRMS patients transition
to SPMS over time [1], whereby irreversible neurodegeneration gradually
becomes more prominent, further explaining this risk increase.'® This could
also partly explain the reversed trend observed for non-RRMS patients,
initially consisting mainly of primary progressive MS (PPMS) patients.!” For
longer disease duration, the group of non-RRMS patients is enriched with
SPMS patients, who may have a slightly better prognosis than PPMS patients
due to the progression already sustained in the RRMS phase.

A similar reversed interaction effect is observed in Figure 10b, where a low
maximum EDSS score over the past 3 years is associated with a decreased
risk when the maximum cerebellar KF'S score is also low (0-1), while it is
associated with an increased risk when the maximum cerebellar KFS score
is relatively high (2-5). This pattern highlights the direct influence of the
cerebellar and pyramidal KFS score on the overall EDSS score, particularly for
values of EDSS exceeding 4, where the ambulatory aspect becomes dominant.
Furthermore, cerebellar signs early on in the disease is known to be an

15Note that disease duration is not the same as the underlying pathology duration.

16 A patient can still be classified as RRMS even though they have entered the progressive
phase of the disease. Before a diagnosis of SPMS can be made, progression must be
observed for at least 6 months [31].

1"The fraction of PPMS patient visits in the non-RRMS group monotonically decreases
over almost all years of disease duration, from 90.2% of the visits in the first year of the
disease to 52.8% in the eighth year (after which it is no longer the majority fraction), down
to 16.8% in the 25th year. Cumulatively speaking: of all non-RRMS visits with disease
duration below 13 years (20,227 visits), 50.8% are from PPMS patients.
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indicator of poor prognosis [32]. Since a low max EDSS score can be seen as
a proxy for low disease duration'®, this further reinforces this finding.

The third and final interaction, based on the date of visit, is shown
in Figure 10c. Ignoring the colour, we observe prediction drifts around
the year 2012 and around the year 2018, with a sharp drop in the risk of
progression. This could be related to a more widespread use of high-efficacy
disease-modifying therapies (see also Section D.2) and, more generally, to
improvements in the clinical code of practice. The interaction given by the
colour shows that the SHAP values of the date of visit correlate the most
with the maximum cerebellar KFS score over the past 3 years. For old visits,
high cerebellar KF'S scores increase the risk of progression, while for more
recent visits (i.e., from around 2016) the opposite is true. Note, however,
that this can not be attributed to a big shift in the disease duration of the
population over time, as that has remained mostly constant.!®

4.83. Local explanations

In this section, we look at local (i.e., visit-specific) explanations of RSF
predictions, generated by SHAP and Bellatrex. Explanations are generated
for two baseline visits with differing prognostic outcomes. The trajectories of
these patients, with the baseline visit (t;) indicated, are shown in Figure 11.
The first baseline visit has a favourable outcome (no progression in the next
4 years): a Canadian clinic following an approximately 50-year-old patient
that was diagnosed with RRMS in the early 2000s, 11 years before the visit
of interest (¢y). The second visit has an unfavourable outcome (progression
within 2 years): an Australian clinic following an approximately 30-year-old
patient that was diagnosed with RRMS in the early 2000s, 6 years before the
visit of interest (fp). To get an idea of how the predicted progression at the
time of the visit of these patients compares with the general population, we
compare their estimated survival curve to the Kaplan-Meier estimate over
the training data in Figure 12.

18The Spearman rank correlation coefficient between max EDSS and disease duration is
moderately positive at 0.38 (and statistically significant, p = 0 for n = 321, 775).

19The Spearman rank correlation coefficient between the date of visit and disease duration
is rather small at 0.092. There is a slight positive correlation: more recent dates of visit
thus have slightly higher disease duration, due to existing patients continuously getting
older. However, this is mostly counterbalanced by new patients (early in their disease
duration) entering the cohort.
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Figure 11: Low-risk (left) and high-risk (right) patient visit, each with the patient trajec-
tory as context. The gray region indicates the zone of non-significant progression (with
significance of progression defined in Section 3.2).
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Figure 12: Predicted survival curve at the time of visit to of a low-risk patient visit (left)
and a high-risk patient visit (right) compared to the general population (bands indicating
the percentile ranges). Note that the low-risk patient is predicted to worsen within 2 years
with a probability of ~ 10% (= 1.0 - 0.9), whereas the high-risk patient with ~ 25% (=
1.0 - 0.75).
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SHAP local explanations for the two patients are provided in Figure 13,
where we see how, starting from a baseline prediction, the input features
contribute to the model prediction. Feature values that drive the prediction
to the right (red arrows) are linked to increased risk, whereas feature values
associated with a negative contribution (blue arrows) are associated with
lower risk.

Local explanation for patient: AR-000-0000

Local explanation for patient: CA-00O-0000 Probability of disease progresswunﬂx)
Prcbabihtyﬂof)disease progression (
X
| date of visit +0.038
° - MS course is RR —0.026
MS course is RR —0.014
EDSS at to -0.017
EDSS (std3y)
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EDSS (max3y)
KFS cbel 3 +0.015;
EDSS (avg3y) 70.009- cbel (max3y) -
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Baseline =0.156 Baseline =0.156

Figure 13: Local SHAP explanation for a low-risk patient visit (left) and a high-risk patient
visit (right) for the time-to-event prediction by the RSF model.

The low-risk patient is predicted to worsen with a probability p; of 10.9%
over the next two years, compared to a population baseline of 15.6%. The
explanation of the output for such low-risk patient shows similar insights
compared to the global explanations identified in Figure 9b: a low average
EDSS score and KFS 2 is associated with a better prognosis, and so is a
more recent date of visit. Interestingly, a current EDSS score 0 coupled
with a higher maximum EDSS score (equal to 1 in this case) is associated
with a worse outcome, likely due to a regression to the mean effect. This
effect suggests that the initial improvement to EDSS score 0 might be part
of natural variability in the disease progression (or even measurement error),
and that over time the patient’s EDSS score is likely to revert back towards
their average level of disability. See also the discussion about EDSS and
maximum or average EDSS in Section 4.2.1 with the reference examples from
Figure 3.

On the other hand, the high-risk patient is predicted to experience progres-
sion with a probability p; of 24.2%. The strongest drivers of this prediction
are a relatively high cerebellar KF'S score over the past 3 years and a relatively
old date of visit. Similarly to the low-risk patient, the contribution of the
maximum value of the EDSS score has an opposite sign with respect to the
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current EDSS score, this time in the other direction (regression to the mean,
but increasing)

These explanations align well with the current knowledge of RRMS pa-
tients having a better EDSS trajectory on average than progressive MS disease
courses [1], whereas the better prognosis for more recent visits can be associ-
ated with improved healthcare quality for MS [30] (see Section 4.2.1 for more
details). To enhance and validate the findings given by SHAP explanations,
we now make use of Bellatrex. This toolbox offers additional perspectives,
ensuring a more comprehensive and robust analysis of our model’s decision-
making on a local scale. The resulting explanations are shown in Figure 14.
The interpretation of these explanations is similar to SHAP: rules that are
driving the prediction towards the right are associated with an increased risk,
whereas rules driving the prediction to the left are associated with a decreased
risk.

The explanations provided by the rule extraction process of Bellatrex
confirm the previous findings. For the low-risk patient, the MS course is
driving the predicted risk downwards, together with a relatively recent visit
date. Furthermore, relatively low cerebellar and sphincteric KFS scores are
also contributing towards a better prognosis. The high-risk patient has a
similar explanation pattern, with the MS course driving the predicted risk
downwards and a relatively high past EDSS score driving the predicted risk
upwards.
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Figure 14: Local Bellatrex explanation for a low-risk patient visit (top) and a high-risk
patient visit (bottom) for the time-to-event prediction by the RSF model. The grey area at
the bottom of each plot represents the 90% confidence interval of the model’s predictions.
This interval is determined by identifying the range within which 90% of the predictions
from the individual tree estimators fall.
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5. Discussion

In this study, we explored the predictive performance and interpretability
of time-to-progression machine learning models applied to the international
MSBase registry, with a particular focus on the Random Survival Forest
(RSF) model. The study of interpretability has two main target audiences:
the machine learning (ML) engineer and the clinician itself. Whereas current
computerised decision support systems are mostly informing the user about
performance metrics, our work with explainability techniques showcases how
the end user experience could in the future be further enhanced. For the
ML engineer, graphs such as Figure 14 could be used to debug a predictive
model (in collaboration with the clinical domain expert). For the clinician,
graphs such as Figure 13 could ameliorate current patient dashboards and
provide insights into patient prognosis, as well as increase trust in predictions
generated by a black-box model. The main next step for this work is to
improve predictive performance, and is discussed further in this section as a
limitation of the current study.

A primary strength of this work is the capacity for making predictions
across a wide time horizon (up to 15 years were considered here), offering a
comprehensive longitudinal view of patient outcomes. This ability is crucial
in a long-course disease like MS, where understanding progression over time
is essential for effective treatment planning. Furthermore, the methodology
employed addresses the issue of label bias encountered in the standard binary
setting where ‘progression in X years’ is predicted. In particular, relatively
recent visits can now more safely be included: as opposed to merely labelling
these as ‘no progression’ as in the binary classification set-up (or dropping
them in case of progression without confirmation available), they are la-
belled as ‘censored’ relatively early in time. This provides a more nuanced
target variable and enhances the reliability of the predictions. Finally, the
explanations provided by the interpretability tools, SHAP and Bellatrex, are
another noteworthy strength of this study. Their outputs are consistent with
current knowledge and therefore can offer valuable insights to clinical experts
during their decision-making processes. In future work, a user study can be
conducted in collaboration with clinicians to further validate and improve the
interpretability.

Our findings also reveal several insights, which we discuss in the context
of previous literature. Firstly, our methodology achieves a predictive perfor-
mance that is consistent with previous work [15], despite the implementation
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of different methodological approaches. This similarity suggests that we
have reached a performance ceiling with the current predictive ML modelling
approach on the MSBase dataset, likely due to the intrinsic noise in EDSS
measurements [33]. Additionally, the fact that model performance remains
mostly unchanged, regardless of whether train-test folds are grouped by clinic
(the main setup) or by patient, is particularly striking. This is unexpected
because different clinics often employ varied methods and standards of care,
broadly influencing both the input data and the output labels of the dataset.
Normally, such variations would lead to significant performance disparities,
but this was not observed in our analysis. This highlights once more the per-
formance ceiling reached with the current predictive ML modelling approach
on the MSBase dataset.

Secondly, when local explanations are generated, SHAP and Bellatrex
offer distinct types of explanations: point-wise SHAP explanations refer to
specific feature values, whereas rule-based explanations for Bellatrex focus on
feature thresholds. Crucially, these explanations show consistent trends. Such
alignment not only validates the robustness of the findings but also provides
a more complete view of the model’s behaviour, enhancing interpretability
through complementary perspectives.

Finally, given the underlying international multi-cohort nature of the
MSBase dataset, we extend the applicability of the findings beyond individual
clinics or regions, similarly to the work performed in [15]. This global
perspective is reinforced by the validation of model performance using what
effectively serves as an external cohort (test data comes from disjoint clinics
with respect to the training data), further attesting to the robustness and
generalisability of the study’s outcomes.

Despite its considerable strengths, this study is not without limitations.
One of the most significant is the limited performance of the predictive
models, which currently do not meet the threshold for practical application
in clinical settings. This performance is reflective of the heterogeneity of
the disease course and of the limitations in using EDSS scores to define
disability progression, despite their widespread use. Nevertheless, this gap
between research findings and clinical utility highlights a crucial area for
future improvement. Performance could potentially be improved by using
more data modalities (e.g., magnetic resonance imaging (MRI) and genetic
markers), offering a more comprehensive view of patient status.

Another limitation is related to the portability of the SHAP explanations.
Normally, one needs access to the complete training dataset to generate
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explanations with SHAP. However, data availability and privacy concerns
can limit the feasibility of making such analyses in clinical environments.
Fortunately, for models like RF and RSF an approximation of the SHAP
values can be made based only on the model itself, not needing to make use
of the data. To showcase how the SHAP explanations would be generated in
practice, this approximation has been used throughout this work. However,
this approximation comes at the cost of reduced accuracy of the obtained
SHAP values. Thus, there is always a portability-performance trade-off to be
made with respect to generating SHAP values.

6. Conclusions

In this research, we employed machine learning (ML)-driven and inter-
pretable time-to-progression predictions in multiple sclerosis (MS). More
specifically, we utilised Random Survival Forest (RSF) for predicting time
to confirmed disease progression, and we enriched model predictions with
post-hoc explanations generated by SHAP [27] and Bellatrex [29]. The mod-
elling and the explanations were performed on an international, multi-centre
dataset for research on MS, namely the MSBase [23] registry. The results
were compared against existing state-of-the-art algorithms trained on the
same data, that focus on binary predictions at a fixed time horizon (2 years)
instead, and we demonstrated we can achieve comparable performance when
we limit our model predictions to this same fixed time horizon. We focused
our comparison on the Random Forest model used by [16], ensuring not only
a comparison between models with similar architectures, but also the use of
the same interpretability toolboxes. This strategy allowed us to narrow down
the causes of the differences in model behaviour solely to the type of data
and inclusion criteria.

Our contributions to the field are multifaceted and are marked by the
following advancements. Firstly, we developed a machine learning-based
time-to-event model that sets a new benchmark for long-horizon predictions,
demonstrating state-of-the-art performance in survival analysis. Thanks to
the rich patient follow-up present in MSBase, this model was able to provide a
comprehensive perspective on the longitudinal patient trajectory. Secondly, in
a broader context, we set up a pipeline designed to harness the full potential
of time-to-event models. The novel pipeline approach allows the inclusion
of more recent visits without the need to discard data. Lastly, we used
and compared two Explainable AI toolboxes: SHAP [27] and Bellatrex [29],
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which have been instrumental in shedding light on the inner workings of our
models. Thanks to these techniques, we were able to detect a reduced effect
of artefacts or spurious correlations created by combination of the proposed
model and inclusion criteria. Additionally, we have found predictive patterns
that are compatible with clinical insights, ranging from the importance of
the KFS cerebellar and pyramidal score, to the importance of early use of
highly-effective disease modifying therapies.

Within the context of our contributions, it is important to provide realistic
expectations about the direct impact of our findings. The RSF model’s
capacity for time-to-event predictions over a long time horizon offers promising
insights. Yet, it is crucial to acknowledge that the current performance level
is insufficient for direct application in clinical settings. Additionally, the
inclusion of the date of visit as a predictor only has a retrospective value, and
should not be extrapolated beyond the current range of the training data
(September 2020) to avoid bias. Our research serves more as a proof of concept,
illustrating the potential of such models to enhance clinical decision-making
processes once data quality is improved. This could include the integration of
MRI data or other relevant clinical metrics and, at the same time, promote a
more meticulous and standardised data collection procedure by increasingly
data-literate clinicians and nurses.
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A. Data dictionary

Below, we provide a list of all 82 input features used for modelling, with
their names and an explanation of the meaning.

MS course : Three binary variables indicating whether the MS disease
course is RR (relapsing-remitting), PP (primary progressive) or SP
(secondary progressive).

Education : Three binary variables indicating whether the education status
of the patient is higher, lower, or unknown.

Sex : A binary variable indicating the biological sex of the patient assigned
at birth (female: 1 or male: 0).

country code, clinic code : Index of the country and clinic in an alpha-
betically sorted list of all countries and clinics.

date of visit, onset date : The date of 5 and of MS onset.

age, age at onset : The age of the patient at ty and at MS onset.

disease duration : Time between MS onset and t.

First symptom : Four binary variables indicating whether the first MS
symptoms for this patient were related to the optic pathways, the
brainstem, the spinal cord and/or the supratentorial region in the
brain. Note that first symptoms can span multiple regions.

DMT, DMT IND : Two binary variables indicating whether the patient is
currently on a DMT (disease-modifying therapy) and/or an induction
DMT respectively.

Number visits 3y : Number of visits for this patient in the past 3 years.

EDSS (...3y) : 6 disease history summary statistic variables: the first, last,
min (minimum), max (maximum), avg (average) and std (standard
deviation) EDSS score recorded over the past 3 years. For convenience,
‘EDSS (last3y)’ has been renamed to ‘EDSS at ¢
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KFS ... (...3y) : 48 disease history summary statistic variables: same as
above, but now for each of the eight KFS (Kurtzke Functional System)
scores: pyra (pyramidal), cbel (cerebellar), brai (brainstem), sens
(sensory), sphi (sphincteric), visu (visual), cbra (cerebral), and ambu
(ambulatory).

relapse rate : Average number of yearly relapses at tq since first visit.

t since relapse : Number from 0 to 1 indicating propensity to relapses in
the disease history of the patient. 1 indicates very recent relapse, 0
indicates no recorded relapses.

t since fampridine : Number from 0 to 1 indicating administration of
fampridine in patient history, encoded in the same way as t since
relapse.

t until treat : Number from 0 to 1 indicating treatment in patient history,
encoded in the same way as t since relapse.

t until treat high : Number from 0 to 1 indicating high-efficacy treatment
in patient history, encoded in the same way as t since relapse.

High DMT in past : A binary variable indicating whether this patient has
at some point received a high-intensity DMT in its recorded trajectory
before tg.

ratio on treat : Fraction of the patient’s history in which they were receiv-
ing a DMT.

B. Technical specifications

This appendix is dedicated to providing further technical details, and
is aimed at the readers that are more familiar with machine learning. Our
intention is to enhance the clarity of our work to the interested readers by
delving into further details concerning the machine learning engineering point
of view.

B.1. Binary label versus binarised label

As discussed in Appendix 3.4, the binary label employed in the in the
‘progression in 2 years’ framework is not equivalent to the binarised time-to-
event label at ¢ = 2. This non-equivalence also led to the AUROC and AUPRC
being incomparable to their time-dependent counterparts (even for the same
model), as observed in Appendix 4.1. Here, we elucidate the distinctions
between the two labels.
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The key point is to note that the visits censored before ¢ = 2 are labelled
as ‘missing’ by the binarisation process (Figure 15, right) but have a binary
label ‘false’ (Figure 15, left) in the original binary classification set-up. This
is because, in the binarisation process, we cannot place any generally valid
assumptions on visits censored before t. We don’t know if the event will occur
at t or not: the actual label can still be either true or false. On the other
hand, for the binary label we do know that all visits censored before 2 years
are visits without progression, as the visits censored before 2 years with a
progression event were already excluded from being valid baseline visits?’.

0 2 0
; . ; ;
false _O (= censored) _O (= censored)
false O false O

true ﬁ (= observed) tI‘ue H( (= observed)

false X false X

\/

Figure 15: Left: relationship between the binary label from [15] (i.e., progression in 2 years)
and possible survival analysis scenarios. Right: binarisation process of the survival analysis
label to define time-dependent evaluation metrics.

B.2. Hyperparameter tuning

In Table 4, the hyperparameter grid used for machine learning model
tuning is shown. To tune, we performed a randomized search for each model,
with 10 hyperparameter combinations sampled at random from this grid. For
more details about the machine learning training setup, please refer back to
Appendix 3.3.

B.3. Alternative stratification scenario

Here we report the performance obtained in the alternative scenario where
train-validation-test split stratification is performed based on patients rather
than on clinics (reported in Appendix 4.1). The rationale for exploring this
stratification approach arises from the expectation of obtaining increased
performance outcomes, as the setting allows the models to learn about clinics-
specific patterns that can be present in both training and testing data.

20The progression event can no longer be confirmed by another visit at least 2 years after
t = 0. See also the definition of inclusion criteria for valid baseline visits in Appendix 3.1.

44



Table 4: Grid of possible hyperparameter combinations used for model tuning. p = number
of input features (82 in our case).

‘ Hyperparameter ‘ Random Forest ‘ Random Survival Forest
number of base learners 100 100
max depth not limited 10
features considered per split VD, p/2, p VD, P/2, p

min weight fraction leaf | 0,0.003,0.01,0.03,0.1 0,0.003,0.01,0.03,0.1

However, as shown in Table 5, there is minimal difference in performance
between this stratification strategy and the group-by-clinic stratification in
Table 2.

As a consequence, the focus of our paper remains on the clinic-based
stratification, as it better serves as an external validation setting, and has
the added advantage of being directly comparable to the settings in [15, 16].

Table 5: Performance results of the models trained on the binarised label, with folds that
are grouped by patient. The average and standard deviation over the 5-folds are reported.

AUROC \ AUPRC
Random Forest | 0.702 & .010 | 0.240 & .018
RSF restricted | 0.693 £ .014 | 0.232 £ .021
RSF unrestricted | 0.696 £+ .011 | 0.236 £ .020

C. Comparison with other survival models

In Figure 16, we compare the time-dependent performance metrics for our
RSF model to two alternative survival models (all on the augmented dataset).
Specifically, we make the comparison to a regularized Cox proportional
hazards model [20] and a survival Support Vector Machine (SVM) with a
linear kernel [34]. The three methods behave pretty similar for short- and
medium-term predictions, with RSF outperforming Cox and SVM in terms of
AUROC when predicting long-term progression. We did not try other kernels
for the SVM for computational considerations, as the kernel matrix needs
over 400GB to be allocated.
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Figure 16: Time-dependent performance of RSF, regularized Cox, and SVM with linear
kernel.

D. Additional data analysis

D.1. Performance on relapsing-remitting subgroup

In this appendix, we focus on the subgroup of relapsing-remitting patients.
Since this subgroup has many different treatment options available, they
would benefit the most from decision support systems for treatment switching.
In Table 6, we report the performance results on the task of predicting
progression in 2 years. Note that the AUROC is 2% lower than the general
case. This is expected, as MSCOURSE was an important predictor in our
dataset, so making a good ranking on a subset of the data that is homogeneous
in this feature is more difficult than on the complete dataset. Ideally, the
model should be retrained to get a more reliable performance estimate on this
subset of patients, but that is outside of the scope of the current analysis.

Table 6: Performance results for predicting progression in 2 years for relapsing-remitting
patients only. The average and standard deviation over the 5-fold cross-validation are
reported. The naive classifier predicts the majority class for all baseline visits.

AUROC AUPRC
Naive classifier 0.500 £ 0.000 0.104 + 0.007
RF 0.686 £ 0.005 0.186 4 0.008
Restricted RSF  0.675 & 0.012 0.176 4 0.006
RSF 0.660 £+ 0.009 0.172 4+ 0.014
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D.2. Use of high-efficacy treatments over the years

In Figure 17, we show how treatment administration has changed over
time. In particular, we observe an increase in high-efficacy treatment around

years 2008-2010 and 2018-2020. This justifies the remark in Appendix 4.2.2
regarding a potential explanation for the prediction drifts around those years.

Treatment over time

—— on some DMT
individualized DMT
—— High DMT in past

o ©
o N
1

o
u

© o
NW

Proportion of treatment type
o o
_ IS

0.0

1995 2000 2005 2010 2015 2020
Date of visit tg

Figure 17: Evolution of DMT administration over time.

D.3. Interaction plots

In Figure 10, we have shown the SHAP interaction plots of three of the
top five most predictive features for the RSF model. In Figure 18, we share
the remaining two interaction plots, namely the one showing the strongest
interaction with EDSS score (measured at time of baseline visit ) and the
strongest interaction with maximum EDSS score (over the past 3 years before

o).

D.4. Local interpretability

Here we clarify the criteria used to select patients from the test set to use
as example explanation, and we provide the output explanations from SHAP
and Bellatrex for four more selected patients.

We select 10 patients from the (first) test fold: 5 patients that are censored
relatively late in time (60th, 65th, 70th, 75th and 80th percentile among
all censored observations) representing good prognoses, and 5 patient with
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Figure 18: Additional SHAP interaction plots.

confirmed progression within a relatively short period of time (30th, 35th,
40th, 45th and 50th percentile among all observed events) representing poor
prognosis. Of these 10 patients, we discard the explanations where the model
is either wrong (2 cases) or not confident enough (2 cases), leaving us with
6 cases. The two cases deemed most instructive are shown in the main text
in Appendix 4.3, whereas here we share the explanations obtained by the

remaining 4 patient visits.
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Figure 19: Predicted survival curve at time of visit ¢ of four patients, compared with the
predictions for the visits in the training data.
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Figure 20: Local SHAP explanation for the RSF predictions made for two high-risk and
two low-risk patient visits.
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Figure 21: Local Bellatrex explanation for the RSF predictions made for two high-risk and
two low-risk patient visits.
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E. Implementation details

For reproducibility purposes, we share the software versions used for

running the pipeline here: python 3.10, scikit-learn 1.3, scikit-survival 0.22,
shap 0.42, pandas 1.5, pickle 4.0. It is worth noting that the dataset size
and the resulting model size in the scikit-survival implementation make it
challenging to run the pipeline on current laptops (see also https://github.
com/sebp/scikit-survival/issues/343). The main authors have resorted,

for the sake of time efficiency, into using a computing server with 16 cores
(Intel Xeon Gold 6326) and 250 GB of RAM.
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