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CHAPTER 1

General introduction, aims
and outline of this thesis

CHAPTER 1

Brief introduction in multiple sclerosis
Multiple Sclerosis (MS) is a chronic inflammatory disease of the central nervous system
(CNS), characterized pathologically by progressive demyelination and neurodegeneration.
Classically, MS is considered the most common non-traumatic neurological disease
in young adults, with an estimated 2.3 million affected people worldwide.1, 2 In the
Netherlands approximately 25.000 people are diagnosed with MS,3 a much higher
prevalence than was initially thought.4 The age of onset is typically between 20 and 40
years, and it affects women twice as much as men. The exact cause and pathogenesis
are unknown.1 It has long been considered that MS is an autoimmune disease that
leads to deconstruction of myelin in the CNS, but there is now increasing evidence of
neurodegenerative processes, such as whole brain and spinal cord atrophy, damage in
the grey matter (GM), and also in the deep grey matter (dGM).5, 6 The immune response
to myelin results in a cycle of periodic attacks, which can be visualized in vivo as white
matter (WM) lesions in the central nervous system (i.e. brain and spinal cord), by structural
magnetic resonance imaging (MRI). MS is a clinical diagnosis based on the demonstration
of WM lesions in the CNS, with dissociation in time (DIT) and in space (DIS), which cannot
be attributed to another condition.7 Internationally renewed diagnostic criteria led to an
early and accurate diagnosis of MS, by incorporating not only clinical, but also MRI (i.e.
new lesions, contrast-enhancing lesions, spinal cord lesions) and laboratory (oligoclonal
bands) findings.8
Clinically, the attacks to the myelin can lead to a sudden exacerbation of symptoms, a
period known as relapse (or ‘exacerbation’). The overwhelming majority of patients who
develop MS begin with a single episode, termed a clinically isolated syndrome (CIS), that
usually involves the optic nerve, brainstem, or spinal cord, depending on the location
of the lesion. A variety of symptoms may occur, either in combination or alone, such as
visual problems, numbness, reduction in motor strength or ataxia. Most patients who
have experienced a CIS and have an abnormal MRI scan will have a second episode (or
relapse), which marks the onset of clinically definite MS.7 Patients who have at least
two relapses are described as having relapsing remitting multiple sclerosis (RRMS). A
period of symptoms is usually followed by partial or complete recovery. More than twothirds of these patients turn into a secondary progressive MS phase (SPMS), in which
progression continues with or without occasional relapses. In around 10% of cases,
patients experience increasing disability over time without the presence of relapses from
disease onset. This is called primary progressive MS (PPMS). Whereas the inflammatory
component is more prominent in RRMS, the neurodegenerative component is more
prominent in progressive MS types, which coincides with accumulating disability and
cognitive decline. In particular GM injury, thought to be caused by widespread axonal
and neuronal degeneration,5, 6, 9 contributes substantially to MS disease progression.10, 11
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Treatment of multiple sclerosis
Although a curative treatment for MS does not exist, multiple disease-modifying treatments
(DMTs) that target neuro-inflammation have been discovered and approved for patients
with CIS and RRMS in the past few years. First line treatments (e.g. Interferons, Glatiramer
acetate, Dimethyl fumarate) aim to reduce the inflammatory response and the number
of relapses, and have demonstrated sustained, significant efficacy in patients with RRMS.
Second line therapies (e.g. Nataluzimab, Fingolimod) aim to block specific parts of the
immune response and are more effective in suppressing the immune system than first line
treatments; however, the side effects can be much more severe. DMTs could also have an
indirect effect on neurodegeneration; indeed, their efficacy for reducing the development
of brain atrophy in clinical trials has been observed in several second line treatment
options.12-15 While there are a multitude of therapies indicated for RRMS, only one DMT
(Ocrelizumab) has been shown to slow disability progression in patients with PPMS.16 Just
recently, another drug (Siponimod) has been licensed by the European Medicines Agency
(EMA) as the first useful treatment for SPMS.17 Therapeutic progress has led to evolving
treatment goals and in recent years the concept of ‘no evidence of disease activity’ (NEDA)
has emerged as an important composite outcome measure.18, 19 Currently, NEDA is defined
primarily by the absence of clinical relapses and Expanded Disability Status Scale (EDSS)
progression, and no radiological disease activity, based on new or enlarging T2 lesions and
gadolinium-enhancing lesions. The main argument for setting this as the objective is its high
predictive value for achieving the absence of long-term disability progression.18 While the
concept of NEDA looks promising, this composite measure does not include assessment
of other disabling symptoms, such as cognitive impairment (CI), and brain atrophy on MRI.
Currently it is not known whether incorporating new components to NEDA will help to
better predict more significant long-term outcome.20
With the advent of DMTs for MS with emphasis on early intervention and NEDA, more
accurate and immediate recognition of patients at risk is vital, as it has important
implications in clinical planning and disease management. One important goal is to match
the most appropriate therapies with the right patients based on specific personalized
factors; by providing recommendations based on the combination of disease subtype,
clinical status, radiological status, and other biological markers.21 This includes early
screening and ongoing monitoring of disability through appropriate outcome measures
and disease biomarkers throughout the disease course.

Motor function measures in multiple sclerosis
Between MS patients a wide variety of symptoms in terms of relapse frequency and
severity, as well disability progression exist. Function limitations can affect every
neurological domain from vision to gait. The highly variable and unpredictable nature
of the disease and the heterogeneous symptomatology makes the ability to track MS
disability particularly complicated, and more so hampers defining (uniform) outcome
measures of disability in clinical trials. Historically, the traditional endpoint to rate
disability in MS therapeutic trials is the the Expanded Disability Status Scale (EDSS),
13
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a standard rating scale based on the classic neurological examination.22, 23 The measure
is composed of eight Functional Systems representing a wide range of neurological
functions relevant to MS, which are compiled to an ordinal scale. Although the EDSS
is a widely used and accepted outcome measure, its accuracy is impacted by various
methodological shortcomings.24-28 The scale suffers from high intra- and inter-rater
variability, especially in the lower range, and it is insensitive to subtle differences in patient
performance. Furthermore, the coarse-grained nature of the scale (i.e. a few, large steps),
intended to increase rater agreement, does not reflect the continuous clinical spectrum
of disability and limits responsiveness. The EDSS is also criticized for placing too much
emphasis on walking ability, especially in the higher range of the scales, which makes the
reliable tracking of other important neurological functions difficult.
Although walking impairment has been used for decades as indicator of disease
progression, other aspects of disability, such as upper extremity function (UEF) and
cognition are not routinely assessed, while they are often affected as well, already in the
earliest stages of the disease.29-32 It has been shown that limitations on UEF and cognition
can have devastating effects on activities of daily living (ADL) and the quality of life (QoL)
of MS patients.29, 33-35 Furthermore, the magnitude of limitations on each of these domains
separately were significant predictors of direct disease related costs in MS.36, 37 Therefore,
identifying UEF and cognitive impairment (CI), and characterizing their magnitude
and impact, is of importance for predicting disease progression and improving longterm management goals. Fortunately, the use of UEF and cognition specific measures
in clinical trials has increased since the introduction of the MS Functional Composite
(MSFC), a composite of quantitative measures of: UEF with the Nine Hole Peg test (9HPT),
walking speed with the Timed 25-foot Walk test (T25WT) and cognitive function with the
Paced Auditory Serial Addition Test (PASAT).38 Utilizing a continuous scale and linear
composite rather than an ordinal clinician rating scale, the instrument is better able to
characterize progression of disability. However, it does not fully capture the broader
aspects of functioning necessary to define the level of severity on more complex tasks.
Furthermore, the incorporation of specific patient-reported outcome measures would be
valuable for enhancing insight on the functional impact of UEF impairment in daily life,
which is increasingly being recommended as integral component in clinical trials.39

Automated disability measures in multiple sclerosis
There are a growing number of computer-assisted and sensor-based applications that
support clinical assessment and rehabilitation for MS patients.40 Emerging technologies,
such as machine learning, may help to quantify changes in patient performance more
accurately than currently possible. The development of robust depth-sensing cameras
for practically tracking human motion has only recently been extended to the assessment
of motor dysfunction, also in MS.40-45 Inexpensive and widely available depth-sensing
cameras, such as Microsoft Kinect (Microsoft, Redmund, WA, USA), may provide an
important impetus towards objective measurement of motor dysfunction in a clinical
setting with high accuracy. Processed by advanced computer vision and machine learning
14
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algorithms, depth-videos of standardized movements of patients enable the automatic
quantification of disability. The development and validation of such new technologies
requires reliable and fine-grained expert clinical ratings of motor dysfunction as input, if
it is to provide a consistent measure of the neurological function to be predicted. Despite
substantial efforts to standardize definitions and provide training, existing ordinal
rating scales still suffer from high intra- and inter-rater variability, and their sensitivity
for detecting subtle changes in motor function is often low.26 Much of this problem
stems from fundamental limitations of human ability to make absolute assessments.25,
46
The psychological literature and other empirical disciplines suggest that pairwise
comparison of data leverages the intrinsic human capability for consistent relative
judgements. While the technique is already well established in the social sciences for
the study of preferences,47-49 it has not been applied to patient assessments in neurology
yet. Therefore, in this thesis, we explore a novel technique for capturing clinical
judgment about movement performance of neurologic patients, using multiple pairwise
comparisons of patient videos. This new comparative assessment technique may provide
the basis for developing an automated rating scale for use in future intervention studies
applying machine learning algorithms.

Cognitive function measures in multiple sclerosis
Since extended neuropsychological (NP) test batteries are time-expensive and do not
allow implication in clinical practice, there is a need for a single assessment tool for
cognition that is sensitive and predictive, can be easily incorporated into routine clinical
care and can also be used for monitoring and as a research tool. Historically, the cognitive
disturbances in MS patients have been described as heterogeneous, but more recent
studies suggest that there is a specific pattern of MS-related cognitive decline. While
disturbances in the domains of attention, memory and executive skills are important
features of the cognitive profile, information-processing speed (IPS) is most commonly
affected (in >50% of MS patients) and is thought to underlie MS-related impairments
in other key cognitive domains.29, 50 Therefore, the use of neuropsychological (NP) tests
targeted specifically to this cognitive domain function has been proposed and validated.50
The Paced Auditory Serial Addition Test (PASAT) and the Symbol Digit Modalities Test
(SDMT) have been included in the majority of recommended cognitive test batteries for
MS patients for the evaluation of IPS, and both tests have been advocated as a single
cognitive assessment tool to detect MS patients who are in need of more comprehensive
NP testing.38, 51-55 Although research so far has revealed beneficial psychometric properties
of the SDMT (e.g. superior sensitivity, less practice effects), and advantages in the clinical
application (e.g. user-friendly, timely, acceptability to both patients and assessors),50, 53,
56, 57
several challenges exist that impact its implementation into routine clinical practice.
One relevant question remains whether the SDMT is more valid and reliable than PASAT
in the long-term, as a single cognitive assessment tool in MS patients. Also, for clinical
interpretation of the SDMT, appropriate normalization in different language groups
is needed, while taking account of potential demographic influences.58, 59 This may
eventually facilitate the appropriate assessment of cognitive symptoms in the routine
clinical evaluation of MS patients and improve monitoring over time.
15
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Imaging measures associated with cognition in multiple sclerosis
The cognitive decline in MS patients can be very subtle and difficult to detect.60, 61
Considering that neuroimaging biomarkers are more objective and reliable than standard
NP tests, easy to acquire and sensitive to interventions could substantially improve the
monitoring of patients and therapeutic development. Indeed, several recent publications
revealed that combining clinical parameters and imaging markers improved the
prediction of long-term disability progression over time.62, 63 Since conventional imaging
measures like T1 and T2 lesion volume cannot sufficiently explain cognitive dysfunction
in MS, other pathological substrates have been explored. In fact, stronger associations
were distinguished between a worse cognitive performance and the degree of tissue loss
and disorganization outside lesions, such as GM atrophy and microstructural damage.64-67
In particular, the quantification of deep GM (dGM) atrophy, consisting of the caudate
nucleus, putamen and thalamus, has become of interest as it is an important aspect
of MS pathology and has been shown to correlate with cognition. Especially thalamus
atrophy seems strongly associated with cognitive decline.68-73 Therefore it may well serve
as a biomarker to monitor disease evolution and to identify valid therapeutic strategies
for cognition. Since neurodegenerative processes in MS can be very subtle, an important
requirement for a better understanding of it is accurate quantification.
Modern MRI techniques permit visualization of dGM atrophy in vivo, and considerable
effort has been devoted to developing methods for its reliable estimation. Several software
packages are currently available, most of which employ an atlas-based segmentation
approach based on information from healthy control (HC) images, that have been widely
applied in MS research and clinical trial settings. Various sources of error related to image
acquisition and processing, and variability due to pathophysiologic and disease related
changes can affect MRI atrophy quantification.74 Despite technological improvements
over the last few years, a discernible amount of variability is found in the segmentation
of the dGM. In a small study, Derakhshan and colleagues (2010) investigated the
performance of dGM segmentation in a small set of images, on 3 intermediate slices
from 3 MS patients.75 Interestingly, while the algorithms performed similarly to manual
segmentations of cortical GM, the authors demonstrated severe shortcomings in the
segmentation of dGM structures. These deficiencies are particularly relevant given the
current interest in the role of dGM in MS,76 especially when the objective is to assess
the relation between dGM atrophy and cognitive deterioration.68, 77 Given the previously
reported limitations of image analysis methods, it is important to validate the automated
methods for measuring dGM atrophy, in a more complete analysis, in a larger multicenter set of image volumes. Therefore, a well-validated benchmark of images with
manual segmentations is required, which will allow a fair head-to-head comparison of
existing techniques. More so, this benchmark dataset can be used for training novel
algorithms for optimized performance in MS images in the future. Ultimately, improved
quantification of the underlying constructs of CI will provide more reliable associations
with atrophy measures and can also be used to get better estimates of the atrophy itself.

16
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Aims and outline of this thesis
Accurate outcome measures and disease biomarkers are increasingly important to
both diagnosis and treatment decisions in MS patients, as well as assessing the efficacy
of novel therapies in clinical trials. Despite their importance, identification of UEF and
cognitive impairment in the clinical setting remains challenging due to divers factors
that will be described throughout this thesis. This constitutes the reason for the aims
of this thesis: to optimize existing function and imaging measures in MS patients, while
exploring novel, potentially more sophisticated methods to assess UEF and cognition in
an advanced way.
In part I, several existing and novel UEF measures will be investigated. Chapter 2 focusses
on the concurrent presence of impairment in UEF and ambulation, by examining various
aspects of UEF across different levels of ambulation. In Chapter 3 we explore a novel
psychometric technique to capture combined clinical judgments of UEF performance in a
quantative manner. The ultimate goal here is to establish new innovative techniques for
automated quantification of disability through machine learning algorithms.
In part II, studies are presented in which several aspects of the SDMT are evaluated, as
a preferred screening tool to be included in everyday assessment of cognitive function
in MS patients. Chapter 4 reveals the long-term test results of both PASAT and SDMT in
relation to scores of an extensive NP test battery. In chapter 5 we introduce regressionbased norms for the SDMT in a Dutch healthy population, while investigating the exact
clinical value of this approach as an indicator of the cognitive status of MS patients.
Finally, in part III results are reported of three international multicenter studies that
deal with optimizing imaging measures of the dGM structures, specifically in MS
patients. Chapter 6 concentrates on a new fast semi-automated technique for dGM
segmentation, that was built on representative manual reference delineations of dGM
structures in MS patients. This will provide the opportunity to create accurate ‘ground
truth’ reference segmentations of the dGM in representative multi-center images of
MS patients, hopefully in a more efficient and timely manner, which can be used to
train more accurate automated methods in the future. In chapter 7 we studied how
pathological changes in MS affect the performance of some state-of-the-art algorithms
for segmenting the dGM on MRI. Chapter 8 will take this one step further: in this study
we investigated in more detail whether the relationship between thalamus volume
measurements and cognitive decline in MS patients differs between several often-used
automated segmentation approaches, including full manual outlines of the thalamus as a
reference. This is especially relevant if the objective is to use thalamus atrophy measures
as potential surrogate markers of cognitive decline in the future.
The results of these chapters will be summarized and discussed in chapter 9, including
an extensive elaboration on their implications for clinical practice and future studies.
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CHAPTER 3

Abstract
Objectives: To examine the feasibility, reliability, granularity, and convergent validity of
a video-based pairwise comparison technique that uses algorithmic support to enable
automated rating of motor dysfunction in patients with Multiple Sclerosis (MS).
Design: Feasibility and larger cross-sectional cohort study.
Setting: The outpatient clinic of two specialist university medical centers.
Participants: Selected sample from a cohort of MS patients participating in the Assess
MS study. Videos were randomly drawn from each strata of the ataxia severity-degrees as
defined in the Expanded Disability Status Scale (EDSS). In Basel: 20 videos of 17 patients
(mean age 43.4±11.6 years; 10 females) and in Amsterdam: 50 videos of 25 patients
(mean age 50.0 ± 10.0 years, 15 females)
Interventions: N/A
Main outcome measures: In each center, neurologists (n=13; n=10) viewed pairs of
videos of patients performing standardized movements [e.g. finger-to-nose test (FNT)]
to assess relative performance. A comparative assessment (CA) score was calculated for
each video using the TrueSkill™ algorithm and analyzed for intra-rater (test-retest; ratio of
agreement) and inter-rater reliability [intraclass correlation coefficient (ICC) for absolute
agreement], and convergent validity [Spearman (ρ)]. Granularity was estimated from
the average difference in comparative assessment scores at which 80% of neurologists
considered performance to be different.
Results: Intra-rater reliability was excellent (median ratio of agreement ≥0.87). The
comparative assessment scores calculated from individual neurologists demonstrated
good-excellent ICCs for inter-rater reliability (0.89; 0.71). The comparative assessment
scores correlated (very) highly with their Neurostatus-EDSS equivalent (ρ=0.78, p<0.001;
ρ=0.91, p<0.05), suggesting a more fine-grained rating.
Conclusions: Video-based pairwise comparison of motor dysfunction allows for reliable
and fine-grained capturing of clinical judgment about neurological performance which can
contribute to the development of a consistent quantified metric of motor ability in MS.
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Introduction
Rating scales used to measure the effect of therapies for the treatment of neurological
diseases are increasingly being selected as primary outcome measures in clinical trials.1
It is therefore important to have reliable, valid and responsive assessment tools to
accurately estimate disease progression and to detect clinical change.1, 2 However, the
current standards of clinical evaluation are subject to methodological limitations which
largely arise from fundamental limitations of human ability to transform latent variables,
such as disability, into absolute values.1, 3
The problem is well exemplified by challenges faced in the evaluation of disability in
patients with multiple sclerosis (MS), which is currently assessed using the Expanded
Disability Status Scale (EDSS).4, 5 The measure is composed of eight Functional Systems
(FS) representing a wide range of neurological functions relevant to MS, which are
compiled to an ordinal scale. Although EDSS is the most widely used outcome measure in
clinical trials, its accuracy is impacted by various methodological shortcomings. The scale
has high intra- and inter-rater variability, especially in the lower range, and it is insensitive
to subtle differences in patient performance. Moreover, the coarse-grained nature of the
scale (i.e. a few, large steps), intended to increase rater agreement, does not reflect the
continuous clinical spectrum of disability and limits responsiveness. 1, 2, 6-8
Promising alternatives to the assessment of MS patients by clinicians are offered
by innovative electronic devices that are currently being developed to automatically
assess disability.9 The Assess MS system is one example in which machine learning (ML)
algorithms are trained with clinical disability ratings of movements to assess motor
dysfunction from videos of standardized assessments.10-13 . The Glove analyzer system
records data from finger movements to assess upper extremity function (UEF).14 Besides
numerous potential benefits, such as the possibility of continuous measurement and
home use, automated measures by default do not have intra- and interrater variability
and are easy to deploy in trials. Moving to new technologies that enable more consistent
and fine-grained (i.e. more, smaller steps) automated measurement of clinical change
in future intervention studies requires advanced psychometric techniques in the
development of such systems.15
We explored pairwise comparison as a technique to support raters in their decisionmaking on the premise that people can provide more consistent relative assessments
than absolute ones.16-18 Specifically, neurologists were asked to compare the relative
disability of two patients. After comparing all possible pairs of patients, a ranked order of
performance can be calculated using Bayesian techniques, such as Bradley and Thurstone
models.19, 20 While the technique is already well-established in the social sciences for the
study of preferences, it has yet to be applied to patients assessments in neurology.
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A previous paper describing preliminary studies that were conducted while developing
Assess MS revealed that pairwise comparison was consistent and responsive, however time
consuming and tedious.15 In their paper, Sarkar et al highlight the interaction design aspects
in the development of different comparative assessment techniques and define the key
principles of interactive ML. As we are interested in the medical perspective of the pairwise
comparison technique, the focus of this study was to define the psychometric aspects in the
context of measurement issues encountered in the neurological evaluation of patients.
This study examines the feasibility, reliability, granularity, and convergent validity of the
video-based pairwise comparison technique using algorithmic support, specifically the
TrueSkill algorithm, in patients with MS.21 Two UEF movements were chosen as UEF has
been shown to be particularly difficult to measure with existing rating scales due to the
complexity of movement.22-24 We also included a task of activities of daily living (ADL) to
capture the broader aspects of motor functioning.

Material and methods
Assess MS
Videos were sampled from a cohort of patients participating in the Assess MS study
recruited from Basel (Switzerland) and Amsterdam (The Netherlands).10-13, 15 All patients
were diagnosed with clinically definite MS.25 Standardized movements were recorded
non-invasively with a 3D depth-sensing and color camera (Microsoft KinectÒ) and
analyzed using ML algorithms.11, 12 A comprehensive description of the study protocol
can be found elsewhere.13 The Neurostatus-EDSS, Nine-Hole-Peg-Test (9HPT),26 and the
Arm Function in Multiple Sclerosis Questionnaire (AMSQ)27 were performed on the day of
recording. The 9HPT is performed by subjects placing and removing nine plastic pegs onto
a square board with nine holes as quickly as possible. The AMSQ is a unidimensional 31item questionnaire to assess activity limitations due to impaired UEF in MS patients. The
AMSQ data could not be collected in Basel, as the German version of the questionnaire
had not been validated yet.
For this study two UEF movements were chosen. The finger-to-nose-test (FNT) was used
to evaluate the level of ataxia (tremor/dysmetria). Patients were instructed to close their
eyes and abduct their full extended arms at 90º before touching their nose with the
index finger three times. The drinking-from-cup-test (CUP) was used to evaluate motor
dysfunction affecting ADL. Patients were asked to take a sip of water from a standardized
¾-filled plastic cup on a table in front of them at arm’s length.
The study was approved by the local Medical Ethics Review Committee of each participating
center and all subjects gave written informed consent prior to study participation.
Authorization was obtained for disclosure of any recognizable persons in footage and
photographs.
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Video-based pairwise comparison
A convenience sample of 19 neurologists with experience in MS [median: 5 years; range:
1-20 years] participated in this study; 13 in Basel and 10 in Amsterdam, with 4 participating
at both sites. The neurologists watched color videos of two patients performing the
same standardized movement projected side by side with the help of a purpose-built
comparison interface (see Figure 1). Raters could view each video-pair as often as
required for scoring. For each pair the neurologists were asked to judge whether patient
performance was equal or whether one was performing worse. If the performance was
uninterpretable, e.g. due to a severely paretic arm or incorrectly performed movement,
they could opt for not rating a pair of patients. Each neurologist assessed all possible
pairs in a dataset. For FNT, clinicians were instructed to base their judgment on the
same criteria used to classify the UEF ataxia subscore of the cerebellar FS from the
Neurostatus-EDSS definitions.28 For CUP, clinicians had to compare the overall quality of
the movement. The interface captured comparison choice and decision time, which was
an important parameter to determine the practicality of our study.

Figure 1. Video-based pairwise comparison interface.
Models were healthy volunteers who explicitly gave permission to use their images for publication.

Study design
Since it was not permitted to take the patient videos offsite, the study was conducted
in two phases. An initial feasibility study was carried out in Basel to determine the ideal
composition of the patient sample, including number and type of videos, as well as test
the usability of the interface. A subset of 20 videos from the right arm of 18 MS patients
(N=190 comparisons) was used, including one patient with three videos obtained on
different days. Video selection was based on the Neurostatus-EDSS UEF ataxia subscore,
which is rated on a five-point response scale (‘0=none’ to ‘4=severe limb ataxia’).4, 5, 28
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A random sample was drawn from each strata of the original cohort, covering the entire
spectrum of ataxia severity-degrees. A computer-generated list of random numbers was
used to allocate patient videos. Since the original cohort consisted of a small number
of severely affected patients (grades 3-4), it was decided to include more patients with
severity-grades 0-2, which is also more challenging to rate in clinical practice.8 Short-term
test-retest reliability was assessed by presenting a random subset of video comparisons
twice in the same session (N=10).
Positive initial findings led to extending the study in scope. Fifty videos of 25 MS patients
(N=1225 comparisons) from Amsterdam were included along with an additional subset of
75 video comparisons that were shown twice to estimate intra-rater reliability. A similar
sampling procedure was used to the original with the exception that videos of both arms
were used. To better approximate clinical practice and to further test the discriminatory
power of the technique less variation in ataxia severity-grades was also included. As
the number of pairwise comparisons grows quadratically with the number of videos,
comparing every video to every other in a set of 50 videos requires 1225 comparisons.
This was considered highly tedious and time consuming. As a result, it was decided to
compare FNT only in Amsterdam.

Data Analyses
All data analyses were conducted using Matlab R2014b (The MathWorks, Natick, MA,
USA). A p-value of less than 0.05 was considered statistically significant.

Calculation of comparative assessment score
From each set of pairwise comparisons generated by the neurologists a severity score
was calculated for each video using the TrueSkill™ algorithm. This technique was originally
developed for rating players in online computer gaming. It aggregates the comparative
assessments into a ranked order of all videos.15, 21 It was chosen over alternatives such
as Thurstone or Bradley-Terry algorithms,19, 20 because it is designed for a scenario with
few raters and many items and naturally handles draws. Briefly, the algorithm models
the score of each video as a Gaussian distribution with a location (mean rating) and a
width (uncertainty) on a continuous scale, which together define the certainty of a
patient’s ‘actual’ severity level. The location and width of the individual distributions are
determined by the arrangement under which the observed results are maximally likely.
The score, which we term comparative assessment (CA) score is on an arbitrary scale,
revealing both the ranking and the extent of a patient’s severity level within a group.
Following standard practice for applying TrueSkill, the algorithm initializes each video’s
“score” with an arbitrary default mean of 25 (SD 25/3) and then adjusts the scores on
a continuous scale based on the result of each pairwise comparison. As TrueSkill™
results are order-dependent, the algorithm was run 250 times on random permutations
of the pairwise comparisons to obtain robust results. For each neurologist, a patient’s
comparative assessment score was calculated as the average of 250 runs.
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Reliability
Intra-rater reliability was assessed by presenting random pairs of patient videos twice to
every neurologist and is expressed as the proportion of identical choices in both runs.
Inter-rater reliability was evaluated through the intraclass correlation coefficient (ICC
type “A-1”), reporting the absolute agreement.29 To assess whether inter-rater reliability
can be improved by combining the results of multiple neurologists, we randomly split the
neurologists into disjoint pairs of two, then averaged the comparative assessment scores
for each pair and calculated ICC values for absolute agreement among average pair
scores (model A-k).29 We repeated the procedure for 1000 random unique permutations
of pairs of neurologists and conservatively report the lowest resulting ICC. We used
Altman’s criteria to interpret the ICCs: <0.40 was considered as poor reliability, 0.40 to
0.74 was considered fair to good, and ≥0.75 was considered excellent.30

Granularity of comparative assessment score
To estimate the granularity of the comparative assessment score (i.e. the number
of severity levels that could be distinguished by neurologists), we calculated the ratio
between the total spread of comparative assessment scores (max-min) across all patients
and the average difference in comparative assessment scores at which two patient
performances are considered different by 80% of neurologists.

Convergent validity
To estimate convergent validity, Spearman’s (ρ) correlations were computed between
the average comparative assessment score and other established UEF measurements:
the FNT score on the Neurostatus-EDSS (assessed on the patient videos); the 9HPT,26 as
a performance-based measure in both centers; and the AMSQ,27 as a patient-reported
outcome measure in Amsterdam. Correlation values for validity have been characterized
arbitrarily as: negligible (≤0.20), low (0.21-0.40), moderate (0.41-0.60), high (0.61-0.80) or
very high (0.81-1.00).

Results
Patients
Table 1 summarizes the demographic and clinical characteristics of the MS patients. In
Basel, one patient was excluded from the analyses since most comparisons were labeled
as ‘not ratable’ due to severe paresis. The Neurostatus-EDSS ataxia subscores of the 19
remaining videos in Basel ranged from 0-4. In Amsterdam, subscores of 50 patient videos
ranged from 0-3.
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Table 1. Demographic and clinical characteristics of the multiple sclerosis patients

Basel (n=17)

Amsterdam (n=25)

43.4 ± 11.6

50.0 ± 10.0

10 / 7

15 / 10

11.8 (1.0-38.0)

12.0 (1.0-36.0)

Demographic Characteristics
Age (in years)*
Gender (Female / Male)
MS Characteristics
Disease duration†
EDSS

5.0 (1.0-7.0)

4.0 (3.0-7.0)

(6 / 8 / 2 / 2 / 1)

(10 / 15 / 19 / 6 / 0)

†

Upper limb ataxia subcore (0 / 1 / 2 / 3 / 4) ‡

Abbreviations: EDSS= Expanded Disability Status Scale; * Data are mean (SD;) † Median and range are provided;
‡ The Neurostatus-EDSS upper limb ataxia subscores of the 19 remaining videos in Basel and the 50 videos in
Amsterdam are provided

Feasibility of video-based pairwise comparison
All participating neurologists were able to perform the pairwise comparisons of FNT
and CUP in Basel, and FNT in Amsterdam, independent of their level of experience
demonstrating feasibility of the technique. The median time spent per video pair was
~3.5 seconds for FNT (both centers), and ~6 seconds for the longer and less familiar CUP
test in Basel.

Intra- and interrater reliability
Intra-rater reliability for FNT was excellent in Basel and Amsterdam, with median
(interquartile ratios) of agreement of 0.90 (0.80-1.00) and 0.87 (0.87-0.89), respectively
(Table 2). Similar results were found for CUP in Basel [1.00 (0.90-1.00].
In Basel, inter-rater reliability for FNT and CUP was excellent with a median ICC of 0.89
and 0.92, respectively. In Amsterdam the agreement between raters for FNT was slightly
lower, but still good with a median ICC of 0.71. Averaging the input of two neurologists
increased the ICC to 0.99 for FNT and CUP in Basel, and 0.96 for FNT in Amsterdam.
Table 2. Intra- and inter-rater reliability of comparative assessment score

Outcome Measures

Basel

Amsterdam

FNT

CUP

FNT

Intra-rater agreement, median (IQR)*

0.90 (0.80-1.00)

1.00 (0.90-1.00)

0.87 (0.87-0.89)

Inter-rater agreement: 1 rater (ICC) †

0.89§

0.92§

0.71§

Inter-rater agreement: 2 raters (ICC) ‡

0.99§

0.99§

0.96§

3.88 (2.21-4.94)

5.93 (3.65-7.06)

3.21 (2.94-4.86)

Rating time per video, median (IQR), sec

Abbreviations: CUP= drinking from a cup test; FNT= finger-to-nose test; ICC= intraclass correlation coefficient. *
Ratio of identical choice within a short-term test-retes; † ICC for absolute agreement; ‡ ICC for absolute agreement
among average scores. §= p<0.001
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Granularity of comparative assessment score
Figure 2 shows the Comparative assessment score scales of each test based on all raters.
The granularity of the Comparative assessment score of FNT was higher than the original
Neurostatus-EDSS subscore. Overall, we found that the joint judgment of neurologists
obtained through pairwise comparison, reveals at least six levels of severity for FNT in
Basel and Amsterdam, and for CUP in Basel.

3

Figure 2. Comparative assessment (CA) score based on all raters.
Patient videos are ordered on the x-axis according to CA score and indicated by a number and arm (R=right;
L=left). The blue diamonds and error bars indicate the average CA scores and the range of other patients that are
considered different by fewer than 80% of neurologists. In other words, if the upper bar of patient A does not reach
the (average) CA score of patient B, at least 80% of neurologists consider these two patients as different (e.g. 22L
and 16L on FNT in Amsterdam). Video-assessed finger-to-nose test (FNT) Neurostatus subscores are listed on the
right y-axis and indicated by the red asterixis. Graphs show the CA score results of: (A) the FNT in Basel; (B) the FNT
in Amsterdam; (C) Drinking from a cup (CUP) test in Basel.

51

CHAPTER 3

Convergent validity of motor disability measurements
In Basel, the Comparative assessment score of FNT correlated very highly with its
Neurostatus-EDSS equivalent (ρ=0.91; p<0.05) and highly with the 9HPT (ρ=0.76; p<0.001)
(Table 2). The Comparative assessment score of CUP correlated very highly with the
Neurostatus-EDSS subscore (ρ=0.84; p<0.001), however no association with the 9HPT was
found (ρ=0.48; p=0.194) (Table 3).
In Amsterdam, the Comparative assessment score of FNT was highly correlated with
the Neurostatus-EDSS subscore (ρ=0.78; p<0.001) and the AMSQ (ρ=0.63; p<0.001), and
moderately correlated with the 9HPT (ρ=0.57; p<0.001).
Table 3. Correlation between comparative assessment score and other outcome measures*

Outcome Measures

Basel

Amsterdam

FNT

CUP

FNT

FNT Neurostatus subscore

0.91†

0.84‡

0.78‡

9HPT

0.76‡

0.48

0.57‡

AMSQ

-

-

0.63‡

Abbreviations: AMSQ= Arm Function in Multiple Sclerosis Questionnaire; CUP= drinking from a cup test; FNT=

finger-to-nose test; 9HPT= nine hole peg test. * Spearmen correlation coefficients are provided. †=p<0.05; ‡=
p<0.001

Discussion
We present a novel technique for capturing clinical judgment about movement
performance of neurological patients, using multiple pairwise comparisons of patient
videos. The technique provides a basis for development of an automated rating scale
for use in future intervention studies applying ML. The results of this study indicate that
this technique provides a reliable and fine-grained evaluation of UEF in patients with MS,
both for standard clinical tests, as well as the broader assessment of ADL functioning.
The study demonstrates that pairwise comparison of UEF is highly reliable both within,
and between raters. Short-term test-retest reliability was excellent. While this could be
attributed to a learning or sampling artefact in Basel, where only 10 out of 190 comparisons
were repeated, we also found a high range of agreement (interquartile ratio between 87%
and 89%) in Amsterdam, where 75 out of 1225 comparisons were repeated. Thus, this
result is unlikely to be an artefact. The comparative assessment scores of both FNT- and
CUP-tests demonstrated good to excellent ICCs for absolute agreement among individual
neurologists, although the ICC (0.71) for FNT in Amsterdam was lower. We attribute this
to a higher number of patients with similar ataxia severity phenotypes (0-2), making
discrimination more challenging in this setting. Nevertheless all ICC values were above
the threshold of 0.70, which is considered good for population measures used in clinical
trials.31 As reflected in the averaged ICCs, we demonstrated that the reliability of pairwise
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comparison improves when the input of two raters are combined, reaching the minimum
recommended standard for reproducibility for individual comparisons (>0.90).31
As the mapping of comparative assessment scores based on TrueSkill resulted in more
fine-grained levels of severity than the original Neurostatus-EDSS response scale,
even within the same subscore, it is likely to be more sensitive to subtle differences in
UEF ataxia severity than the original ordinal measure. The granularity of comparative
assessment scores was assessed by the average difference in comparative assessment
scores between patients considered as distinct by 80% of neurologists. This measure has
the advantage of having strong face value.1
Demonstrating the convergent validity of our approach, we found strong correlations
between the comparative assessment scores of FNT obtained by TrueSkill™ on
comparative assessments and its Neurostatus-EDSS equivalent. Since many patients with
intention tremor experience difficulties in performing functional tasks,32 we expected
CUP to correlate highly with the degree of ataxia severity rated on Neurostatus-EDSS.
Indeed, this proved to be very high. It seems, therefore, that pairwise comparison of
FNT and CUP provides a valid method to capture the clinical judgment of UEF ataxia
in patients with MS. Furthermore, the results indicate that comparative assessment of
FNT correlated moderately to highly with objective measures of hand dexterity (9HPT)
and patients’ perceived arm function (AMSQ), and hence, provide valid and clinically
meaningful measures of UEF in MS.

Study limitations
We have demonstrated that comparative assessment is a powerful technique to
reliably capture clinical judgment of patient performance, but there are some practical
limitations. First, the CUP-test was not included in Amsterdam, limiting both the strength
and the reliability of comparative assessment scores. Furthermore, the AMSQ was not
performed in Basel, limiting the assessment of convergent validity. Regarding practicality,
it is important to note that comparatively rating only FNT and CUP took several hours and
was considered tedious.15 Future studies should explore the online learning capabilities of
TrueSkill™ to identify those comparisons that are most informative, which in turn would
obviate the need for comparing every video against the other. This type of tool enables
the update of comparative assessment scores each time new data (recordings) become
available in a sequential order, which is required to implement and realize automated
rating of a range of tests. The cost and complexity of patient video recordings should
also be considered. Consequently, the technique presented here is especially suited for
research purposes such as developing automated outcome measures. 10-12, 33-36
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Conclusions
Innovative electronic devices that automatically assess disability are increasingly being
explored in the medical field and are potentially useful in assessing outcomes in clinical
trials for neurological diseases. The development of such systems requires advanced
psychometric techniques for capturing clinical judgment about neurological performance.
Our results indicate that video-based pairwise comparison of patients’ UEF allow a reliable
and clinically meaningful rating of motor dysfunction and lead to more refined clinical
judgment than established ordinal scales. We have demonstrated the feasibility to rate
within a single clinic. Further research is required to explore more efficient comparative
assessment techniques that are applicable to rate larger datasets. The presented technique
can be applied to neurological assessments, both in MS and other neurological conditions,
for the purpose of developing automated outcome measures that quantify changes in
patient performance more accurately than currently possible.
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CHAPTER 4

Abstract
Background and Objectives: The Symbol Digit Modalities Test (SDMT) shows advantages
over the Paced Auditory Serial Addition Test (PASAT) as a cognitive test in patients with
multiple sclerosis (MS). To determine which of these tests is most valid and reliable over
time as an indicator of the cognitive state of MS patients, long term test results of both
PASAT 3 seconds (PASAT3) and SDMT were compared in relation to scores of the Brief
Repeatable Battery of Neuropsychological tests (BRBN).
Methods: For 485 MS patients, visiting the VU University Medical Center Amsterdam for
different research projects, a total number of 1078 visits with BRBN (including PASAT3
and SDMT) was planned. Observed and model based correlations were used to calculate
the construct validity of the SDMT and PASAT3 by comparing correlations with the BRBNsumscore. Also the test-retest reliability of each test was computed.
Results: For the construct validity, higher correlations were found between SDMT and
BRBN compared to PASAT3 and BRBN, especially for the model based correlations at
baseline. The reliability of the measurements was good for all instruments, with the
highest coefficients for the SDMT.
Conclusion: As a single assessment tool for cognition in MS, the SDMT is more valid and
reliable compared to PASAT3.
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Introduction
Cognitive impairment is common in multiple sclerosis (MS), with a prevalence of 4570%.1 It can appear in all different stages and has also been described in patients with
clinically isolated syndrome (CIS).2,3 Disturbances in the domains of attention, information
processing speed, memory and executive skills are major features of the cognitive profile
and can often be detected early in course of the disease.1,3-5 The cognitive decline in MS
patients can be very subtle and difficult to detect.4,6 Since extended neuropsychological
test batteries are time-expensive and do not allow implication in clinical practice, there is
a need for a single assessment tool for cognition that is sensitive and predictive, can be
easily incorporated into the routine clinical care and can also be used for monitoring and
as a research tool.3
The Paced Auditory Serial Addition Test (PASAT),7 measuring information processing
speed, concentration and interference suppression, is already in use in many clinics
as cognitive screening tool, as one of the three subtests of the Multiple Sclerosis
Functional Composite (MSFC).8 The Rao version of the PASAT has been used for many
years in neuropsychological studies of patients with MS, but has some disadvantages
as a cognitive screening test.9,10 Because the administration of the PASAT is associated
with psychological stress and agitation,11 the test has received lots of critics as it is very
unpopular with patients and medical staff. The task to perform is not well tolerated and
substantial dropouts have been reported. Another disadvantage of this instrument is its
assumption of a certain level of mathematical ability which influences task performance
and its susceptibility to practice effects.3,12
The Symbol Digit Modalities Test (SDMT)13 has been adapted for use in the Brief
Repeatable Battery of Neuropsychological tests (BRBN), which was developed as a
short observational instrument to identify disturbances of cognitive domains in MS
patients.9,10,14 This version of the SDMT examines information processing speed, visual
working memory and concentration by primarily assessing complex and visual scanning
and tracking.1 Use has been recently recommended given its high sensitivity, specificity
and test-retest reliability to accurately identify cognitively-impaired versus non-impaired
patients with MS with minimal error.15-17 The test procedure is user friendly and can be
implemented in only a few minutes, with the use of minimal equipment.15,18 Because
the SDMT is self paced, it is less aggravating and stressful for patients than the PASAT.15
Moreover research has shown that the test has also proven to be clinically meaningful, as
decline has been linked to demarcations of quality of life, like for example employment
status.19,20
So far research has shown that both PASAT and SDMT have similar degrees of reliability,
but that the latter shows superior sensitivity in discriminating MS patients from healthy
controls,19 and cognitively impaired from preserved patients. In search for the most
valid neuropsychological test was also found that the SDMT appeared to be the most
sensitive test in the BRBN.21 A learning effect on both SDMT and PASAT can be expected,
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but the SDMT has proven to remain more valid over time than the latter, even when
it was administrated on a monthly basis.18 Because of these psychometric and clinical
advantages, the SDMT is proposed as a promising alternative for PASAT3 to assess
cognition, especially processing speed and working memory which are the principal
cognitive domains involved in MS patients.16 The objective of this study was to compare
long term test results of both PASAT3 and SDMT in relation to BRBN global cognition
scores and determine which of these tests is most valid and reliable over time as a single
assessment tool for cognition.

Methods
Subjects
The subjects (18 years or older) in this study were 485 MS patients visiting the outpatient
clinic of the VU University Medical Center Amsterdam for different research projects in
the time period 1998 - 2011. The medical ethical committee of the VU University Medical
Center approved all study protocols.
In this study 310 female (63.9%) and 175 male patients (36.1%) were included. Mean age
of the patients at their first visit was 43.2 years (SD 11.3) and mean disease duration
8.7 years (SD 8.2). MS subtypes at first visit were relapsing remitting (N=308), primary
progressive (N=77), secondary progressive (N=75), clinically isolated syndrome (N=24)
and one patient had a progressive relapsing MS type. The median EDSS score was 3.0
(Inter Quartile Range 2.0-4.0; N=1071).22 Patients had a minimum of 1 and a maximum
of 8 visits with BRBN planned (including PASAT and SDMT). The total number of visits
was 1078 and 199 patients had at least two visits. The time interval between visits varied
between 1 and 13 years.

Neuropsychological measures
The PASAT is a measurement of information processing speed and working memory
in the auditory and verbal sphere and also takes in account calculation ability. The
patients are presented consecutive numbers at two rates of speed: 3 seconds (PASAT3)
and 2 seconds (PASAT2) interstimulus interval. Each number is added to the one that
immediately precedes it and the patient has to report the outcome verbally.7 The test
score is the total number of correct sums given (range 0-60) in each trial. The same
version of the PASAT3 was used to test for cognition in the MSFC.
The Rao et al. adapted version of the SDMT is a cognitive performance measure of
processing speed and visual working memory.1,13 The stimulus page shows a key of nine
number/symbol pairings and the patient has to voice the correct number for presented
target symbols in 90 seconds in a self paced manner.23 Scoring consists of the total amount
of correct responses, ranging from 0 to 110. The SDMT version from BRBN version A was
used in all patients within this study.
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The BRBN (version A)9,10,14 consists of five subtests. The PASAT and SDMT are both
subtests of this test battery. Another subtest is the Selective Reminding Test (SRT),24
assessing immediate and delayed recall memory; SRT-S refers to long term storage,
SRT-R to consistent long term retrieval and SRT-D is the delayed recall test after 15
minutes. Visuospatial immediate and delayed recall memory is assessed by the Spatial
Recall Test (SPART);25 SPART-T is the sum of three trials, SPART-D is the delayed recall
test after 15 minutes; The Word List Generation (WLG) test assesses semantic verbal
fluency.9 To obtain a global cognitive performance score, Z-scores were calculated for
each cognitive domain. The mean of the four domain Z scores is the global cognitive
function Z score (BRBN-Z):26 The indication of patients’ possible cognitive impairment was
based on normative values of a Dutch sample of healthy controls.27 Cognitive impairment
was defined as at least two (sub)test scores of 1.5 SD below mean normative values on
at least one visit.

Statistical analyses
Since patients were measured at irregular time intervals from baseline, it makes a
repeated measures analysis of variance inapplicable.28 To overcome this problem
a multivariate linear mixed model was fitted for the PASAT3, SDMT and BRBN-Z, as a
function of time. The mixed model methodology allows for study of variance components
and fixed effects simultaneously and incorporates the situation that patients may change
over time.28 By this means it was possible to calculate correlations between the three tests
(PASAT3, SDMT AND BRBN-Z) at different time points, the construct validity (for a more
comprehensive description on the applied methodology and formulas see appendix).
This approach also allows for calculation of the reliability of multiple measures at different
time points, without the assumption of parallel measurements as in classical reliability
studies. Test-retest reliability, the correlation of the measurements on the same test of a
randomly selected subject at two different measurement occasions,28 was calculated for
the PASAT3, SDMT AND BRBN-Z using all available data.
For PASAT3 and SDMT, a model with fixed intercept and linear and quadratic time
effect and a random intercept and linear slope fitted well to the data. For BRBN-Z a fixed
intercept and linear time effect with a random intercept fitted the data well. At baseline
the so-called model-based validity coefficients can be compared with observed validity
coefficients. Model based validity coefficients were calculated at baseline, and after 3, 6
and 9 years since baseline. Model based reliability coefficients were calculated between
the time points baseline, 3, 6 and 9 years (see appendix).
The standard error of measurement (SEM) was defined as the square root of the
measurement error variance and was expressed in the measurement unit of the test.29
To indicate the minimal amount of change in patient’s score that isn’t the result of
measurement error, the smallest detectable change (SDC) for the SDMT, PASAT3 and
BRBN-Z was calculated.29
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The statistical analyses were performed using the Statistical Package for Social Sciences
(SPSS) version 20.0 (SPSS, Inc., Chicago, Ill., USA) and multivariate linear mixed model
analysis was performed using SAS 9.2 (SAS institute; Cary, NC).The fixed effects,
covariance components and measurement error covariances can be estimated by
restricted maximum likelihood using the procedure MIXED of SAS 9.2. Empirical Bayes
predictions30 of the random effects are also given by SAS.

Results
Mean scores on PASAT3, SDMT and other BRBN subtests are shown in table 1. As
compared to the amount of total visits of 1078, some missing values were observed
for the PASAT 3 seconds (31) and more missing values for the 2 seconds version (143).
Missing values were due to patients who were not able to understand the instructions or
not willing to perform the test. In contrast, the SDMT was completed for almost all visits
(1070). In this sample 91 patients (19%) had two or more impaired (sub)test scores on at
least one visit and could be defined as cognitive impaired.
Table 1. Visits and mean scores of the BRBN subtests (Total visits: 1078)

N

Mean

SD

Observed
Range

PASAT 3 seconds (PASAT3)

1047

49.2

11.8

0 - 60

PASAT 2 seconds

934

40.0

12.4

0 - 60

SDMT

1070

53.3

14.3

4 - 103

SRT-S immediate recall, long term storage

1074

51.0

14.8

0 - 72

SRT-R immediate recall, consistent long term storage

1074

41.5

18.0

0 - 72

SRT-D delayed recall

1074

9.7

2.4

0 - 12

SPART immediate recall (3)

1074

22.0

5.1

0 - 35

SPART-D delayed recall

1072

7.9

2.3

1 - 10

WLG

1072

26.1

6.7

4 - 49

BRBN: Brief Repeatable Battery of Neuropsychological tests; PASAT: Paced Auditory Serial Addition Test; SDMT:
Symbol Digit Modalities Test; SRT: Selective Reminding Test; SPART: Spatial Recall Test; WLG: Word List Generation;
SD: standard deviation.

In figure 1 graphs of the plotted raw data on the PASAT3, SDMT and BRBN-Z tests are
depicted for each individual. This clearly demonstrates that there was a very irregular
pattern of measurements in time, which makes it unsuitable for any repeated measures
analysis. Fixed parameter estimates and variance components for the three instruments
are given in table 2 (see statistical analysis in the method section). The fitted individual
trajectories for each subject were computed. Figure 2 depicts the graphs for the plotted
predicted values of the mixed model analyses of PASAT3, SDMT and BRBN-Z. The graph
of the PASAT3 shows most scores in the higher part of the scale with a ceiling and learning
effect. In the lower part of the scale there were some patients improving and others
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deteriorating. The SDMT shows some more stable predicted values (graph 2) with little
improvement in the higher part of the scale and a small decrease of scores in the lower
part of the scale. There was no ceiling effect and a minimal learning effect. In the BRBN-Z
graph we could see that the predicted values over time were stable, there were almost
no changes over time in BRBN-Z scores.

4

Figure 1. Plotted raw data on the PASAT3, SDMT and BRBN-Z. Every line represents individual patient scores in time.
PASAT3: Paced Auditory Serial Addition Test, 3 seconds; SDMT: Symbol Digit Modalities Test; BRBN-Z: Brief
Repeatable Battery of Neuropsychological tests, global cognitive function Z score.
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Table 2. Fixed effects parameter estimates and standard errors (SE) of the multivariate linear mixed model to fit
the PASAT3, SDMT and BRBN-Z test scores at baseline and measurements over time

PASAT3

SDMT

BRBN-Z

Fixed Effect

Parameter (SE)

Parameter (SE)

Parameter (SE)

Intercept

47.353 (0.573)

51.950 (0.681)

-0.019 (0.029)

Linear time

1.058 (0.193)

0.662 (0.208)

-0.009 (0.005)

Quadratic time

-0.077 (0.023)

-0.069 (0.024)

PASAT3: Paced Auditory Serial Addition Test, 3 seconds; SDMT: Symbol Digit Modalities Test; BRBN: Brief Repeatable
Battery of Neuropsychological tests, global cognitive function of Z score.

Figure 2. Plotted predicted values of the mixed model analysis on the PASAT3, SDMT and BRBN-Z. Every line
represents individual patient scores in time.
PASAT3: Paced Auditory Serial Addition Test, 3 seconds; SDMT: Symbol Digit Modalities Test; BRBN-Z: Brief
Repeatable Battery of Neuropsychological tests, global cognitive function Z score.
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In the validity coefficients higher correlations were found between SDMT and BRBN-Z
compared to correlations between PASAT3 and BRBN-Z, especially for the model based
correlations at t=0 years and t=3 years (table 3). At later time points the differences
between the correlations became smaller.
Table 3. Observed and model based validity coefficients

Observed correlation

Model based correlation

t=0

t=0

t=3

t=6

t=9

PASAT3, SDMT

0.537

0.564

0.605

0.624

0.622

PASAT3, BRBN-Z

0.296

0.425

0.515

0.586

0.631

SDMT, BRBN-Z

0.586

0.720

0.714

0.696

0.670

PASAT3: Paced Auditory Serial Addition Test, 3 seconds; SDMT: Symbol Digit Modalities Test; BRBN: Brief Repeatable
Battery of Neuropsychological tests, global cognitive function of Z score.

The reliability of the measurements was good for all instruments. In table 4 the model
based test-retest reliability coefficients are shown. The coefficients for the SDMT were
the highest. As expected all coefficients decreased when more time elapsed. For BRBN-Z
the value is constant for all time lags.
Table 4. Model based single test-occasion reliability and test-retest reliability coefficients

PASAT3

t=0

t=0

0.847

t=3

t=6

t=9

t=3

0.826

0.842

t=6

0.808

0.827

0.849

t=9

0.700

0.774

0.777

0.865

SDMT

t=0

t=3

t=6

t=9

t=0

0.868

t=3

0.859

0.869

t=6

0.837

0.860

0.874

t=9

0.809

0.847

0.871

BRBN-Z

0.783

(constant)

0.882

PASAT3: Paced Auditory Serial Addition Test, 3 seconds; SDMT: Symbol Digit Modalities Test; BRBN: Brief Repeatable
Battery of Neuropsychological tests, global cognitive function of Z score.

We present the standard error of measurement and the smallest detectable change of all
three instruments in the appendix.
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Discussion
To detect MS patients who are in need of more comprehensive neuropsychological
testing the use of PASAT3 as a single assessment tool has been advocated. Both
PASAT3 and SDMT have demonstrated to be particularly useful in exploring information
processing speed and working memory, the principal domains that are more involved
in the cognitive decline in MS patients.5,15 The SDMT has some important advantages
over the PASAT3, especially in clinical application.16 The primary objective of this study
was to compare long term test results of both PASAT3 and SDMT in relation to BRBNsumscores, to define which of these tests is most valid and reliable over time. The
results of the validity calculations showed that there was a difference in the correlation
between PASAT3 and BRBN-Z as compared to SDMT and BRBN-Z, with better observed
and model based correlations at baseline and over time for the SDMT. The test-retest
reliability analysis revealed that all instruments were reliable over time, but the highest
coefficients were observed for the SDMT. A more distinct ceiling and learning effect was
clear for the PASAT3. All these results together support earlier findings that the SDMT
has better psychometric qualities than the PASAT3 as a single cognitive assessment tool
in patients with MS.
Previous research has evaluated the psychometric properties of the SDMT in relation to
the PASAT. In an attempt to prove that the SDMT can serve as a suitable surrogate for
the PASAT in the MSFC, Williams et al31 directly compared the two tests in a MS patient
cohort. The results showed that PASAT scores could not be reliably predicted by the
SDMT, from which they concluded that these measures evaluate different or additional
cognitive domains and that the SDMT is not applicable as replacement in the MSFC.
Drake and colleagues19 also addressed the idea of replacing the PASAT by the SDMT in
the MSFC. By calculating MSFC scores using either the PASAT or the SDMT they provided
data on reliability and validity of different MSFC versions including either test. They found
that both versions were valid, but that the SDMT demonstrated to be slightly better in
discriminating MS patients versus healthy controls. The same method was used by
Brochet et al,32 who reported that the SDMT version of the MSFC was more consistently
correlated with EDSS score and although several arguments were in favour of the SDMT,
one should be conservative in substituting the PASAT in the MSFC.
Other encouraging papers on recommending use of the SDMT as desired cognitive
assesment instrument in MS have recently been published, as part of the Brief
Cognitive Assessment in MS (BICAMS).16,33 An expert committee of neurologists and
neuropsychologists, with extensive research and clinical experience of MS cognition was
convened to search for a brief cognitive test for MS that is optimized for small centres,
who may be lacking specialist expertise. Consensus was achieved on one particular test
with the best psychometric properties; the SDMT was recommended, with high reliability
and good sensitivity, and was considered as a better choice than the PASAT based on
feasibility grounds. Strober et al.21 found that the SDMT appeared to be the most sensitive
test in the BRBN. In their search for the most valid measure to distinguish MS patients
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from healthy controls, it seemed that the SDMT was most consistent. Overall our study
adds to previous work by confirming the beneficial psychometric properties of the SDMT
as compared to the PASAT.
There were some limitations in this study worth noting. Both tests assessing cognition
were part of the gold standard. Therefore the measurement instruments that have been
compared, were not independent, which could have biased the results. Parmenter et al.15
dealt with the same methodological limitation when investigating the utility of the SDMT
as a potential screening test for global cognition in MS, by administering the Minimal
Assessment off Cognitive Function in MS (MACFIMS) battery. For the validity standard for
cognitive impairment, they used the performance on the NP battery, excluding the SDMT.
Although this solution may not have been an optimal standard for NP classification, it did
yield a frequency of impairment equal to previous research.
When interpreting the findings in this study, it is important to note that the scores on the
BRBN showed little variation over time and only a small proportion of patients could be
defined as cognitive impaired, so it was not possible to draw conclusions about change
in cognition or cognitive deterioration over time in relation to change in PASAT and SDMT
scores. Because patients were participating in ongoing research projects, it cannot be
excluded that this may have caused some selection bias towards less cognitively impaired
patients. Another limitation in our study was the lacking data on confounding factors,
like depression or medication acting on the nervous system, that could conceivably
have impact on cognitive functioning. Because patients took part in different research
protocols at differing time points, it was not possible to overhaul these data.
In attempt to examine the psychometric properties of measures; such as sensitivity and
ability to predict clinical change, a large sample size is needed, preferably with a longterm follow up. In clinical practice this is difficult to achieve. By using a multilevel linear
mixed model it was possible to use all available data of a large cohort of MS patients with
repeated cognitive testing over a follow up period of 13 years. The use of this unique set
of data resulted in the best possible calculations of construct validity and reliability.
To conclude, the results presented here indicate that the SDMT is more valid and reliable
over time as compared to PASAT3. Moreover it is shown that the SDMT is less susceptible
to ceiling and learning effects. Together with the fact that the test is more patient friendly
and easier to implement in everyday practice, we support the use of the SDMT over
PASAT3 as a single assessment tool for cognition in research programs and clinical trials
in MS in the future.
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change
is change
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SDC = 1.96 Var ( PASAT 3ij - PASAT 3ij ¢ | u1i , u 4i ) = 1.96 ´ SEM 2 .

SDC = 1.96 Var ( PASAT 3ij - PASAT 3ij¢ | u1i , u 4i ) = 1.96 ´ SEM 2 .

SDC = 1.96 Var ( PASAT 3ij - PASAT 3ij ¢ | u1i , u 4i ) = 1.96 ´ SEM 2 .

Both indices are expressed in the measurement unit of the test. The SEM can be used for
the construction of a confidence interval (CI) for the true score of a patient (95% CI: test
score ± 1.96 × SEM), or for a CI of the true change score of a patient (90% CI: change score
± 1.645 × SEM 2 ). Alternatively, the SDC can be used for hypothesis testing: When the
change score of a patient exceeds the SDC, the patient has been changed reliable at
significance level 0.05. For the latter purpose, also the reliable change index (RCI)
(Jacobson & Truax, 1991) of a patient’s change score is often used, and is given by

RCI =

change score

.

SEM 2

The fixed effects, covariance components and measurement error covariances can be
estimated by restricted maximum likelihood using the procedure MIXED of SAS 9.2 (2008).
Empirical Bayes predictions (Skrondal & Rabe-Hesketh, 2004) of the random effects are
also given by SAS.
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The fixed effects are shown in Table 2. The estimated covariance
components
u1i
135.01

u1i
u1i
u 2i
u 3i
u 4i
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u 2i

u 3i

u 4i

u 5i

135.01
104.48
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2.7325

0.2173

0.6637

-0.9373

-0.2523 -0.0101

0.1249

u 2i

104.48
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0.2817

u 4i
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135.01
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104.48
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u 5i

u 3i

0.4033

e1ij
e2ij
e3ij

0.0907

2.73

e3ij

0.1122

4i

u 5i

-0.9373

SEM

SDC

4.93

13.67

SDMT

5.48

15.19

BRBN-Z

0.335

4

-0.25

and the estimated measureme

sˆ hh¢
are

Using the estimates of the covariance components, all presented coefficients and indices
can be estimated. The validity and reliability coefficients are shown in Tables 3 and 4,
respectively. Approximate confidence intervals for the validity and reliability coefficients
can be calculated using Fisher’s variance stabilizing transformation and the delta method
(Hoef, 2010) (not shown). The SEM and SDC are

PASAT3

196.92
0.1249

and the estimated measurement error
u covariances
-1.8057

30.03
0.4319

0.6637

6.37

24.33
2.8636

u 2i

3.2750

are

e2ij

are

u 3i

and the estimated measurement error covariances sˆ hh¢ are

e1ij

196.92

u 4i

0.928

Finally, predicted values of the test scores are shown in Figure 2.
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CHAPTER 5

Abstract
Background/aims: Appropriate and timely screening instruments that sensitively
capture the cognitive functioning of multiple sclerosis (MS) patients are needed. We
evaluated newly-derived regression-based norms for the Symbol Digit Modalities Test
(SDMT) in a Dutch speaking sample, as an indicator of the cognitive state of MS patients.
Methods: Regression-based norms for the SDMT were created from a healthy control
sample (N=96) and used to convert MS patients’ (N=157) raw scores to demographically
adjusted Z-scores, correcting for the effects of age, age2, gender and education.
Conventional and regression-based norms were compared for impairment classification
rates and related to other neuropsychological measures.
Results: The regression analyses revealed that age was the only significantly influencing
demographic in our healthy sample. Regression-based norms for the SDMT more readily
detected impairment in MS patients than conventional normalization methods (32
patients instead of 15). Patients changing from a SDMT-preserved to -impaired status
(N=17) were also impaired on other cognitive domains (p<0.05), except for visuospatial
memory (p=0.34).
Conclusions: Regression-based norms for the SDMT more readily detect abnormal
performance in MS patients than conventional norms, identifying those patients at
highest risk for cognitive impairment, which was supported by a worse performance on
other neuropsychological measures.
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Introduction
Cognitive impairment is common in Multiple sclerosis (MS) with prevalence rates
ranging from 45 up to 70%.1 Early detection of patients at risk is vital, as it has important
implications in clinical planning and management. Currently it is difficult to assess
the MS-associated cognitive disorders in routine neurological visits. Brief cognitive
screening measures have been proposed to substitute for the more comprehensive
neuropsychological test batteries, that are time consuming and do not allow application
in daily clinical practice.2 However, the lack of appropriate normative data, from different
language groups, currently limits their applicability.3
The Symbol Digit Modalities Test (SDMT) is a valuable neuropsychological test, especially
in the area of MS research, and has been recommended as part of the Brief International
Cognitive Assessment for Multiple Sclerosis (BICAMS), a brief assessment for cognitive
monitoring purposes in MS clinics that is internationally being validated at present.4 It is a
widely accepted measure of attention and information processing speed, that embodies
high sensitivity to detect cognitive deficits in MS patients, and has been extensively used
as a research tool in studies assessing the relationship between cognitive performance
and disease burden on MRI. 4–9 Despite its excellent psychometric properties and timely
application, one of the weaknesses in implementing the SDMT in clinical settings is
the reliance on published normative data, varying in size and quality and with poor
generalizability.10
Recently, an alternative approach to normalization has been proposed using linear
regression modelling, which allows to control for demographic effects on test
performance.10,11 The regression-based normalization methodology takes advantage of
general developmental and demographic trends to generate continuous norms while
requiring relatively few individuals. Previous studies on this topic, comparing regressionbased norms with the traditional manual-based norms, have reported higher rates
of impairment on the SDMT when correcting for demographics.10,11 Although some
observations were in favour of the regression-based approach, the exact value and
clinical interpretation of this finding remains unclear.
Therefore, the aim of this study was to evaluate newly-derived regression-based norms
for the oral SDMT in a Dutch speaking sample, as an indicator of the cognitive state of
MS patients. With this in mind, we compared impairment identification rates between
SDMT regression-based and conventional normalization methods, using the means and
standard deviations (SDs) of the same control group as a reference. Then we evaluated
the overall cognitive performance of the resulting SDMT-preserved and -impaired patient
groups, as measured by an extensive set of neuropsychological tests.
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Materials and methods
Subjects
Study protocols were approved by the institutional ethics review board of the VU
University Medical Centre and all subjects gave written informed consent prior to study
participation. Normalization was achieved using data from 96 healthy controls (HCs) (57
females; mean age: 46.0 ± 10.6 years; range 23 - 63), free of neurological or psychiatric
disorders, who were recruited from the community and volunteered to participate.
Educational level was graded using a Dutch classification system ranging from 1 (less
than primary or elementary education) to 7 (academic education). To evaluate whether
our HC sample can be considered representative for a normal Dutch population, we
compared previously published normative data from the Netherlands to our sample.12
In addition we assessed a total of 157 MS patients (104 females; mean age 41.08±8.24
years; range 23 - 65), who were all diagnosed with clinically definite MS according to the
criteria of McDonald et al.,13 and were part of a cohort that has been followed for five to
seven years since diagnosis (mean disease duration 7.5±2.2 years).14 Subjects were largely
overlapping with previous publications on the same cohort.14–16 MS subtypes included
relapsing-remitting MS (RRMS; 133 patients), primary progressive MS (PPMS; 15 patients)
and secondary progressive MS (SPMS; 9 patients).17 Physical disability was measured with
the Expanded Disability Status Scale (EDSS) and was relatively mild (median EDSS 2.5;
range 0 – 8.0).18 Patients were relapse-free and without steroid treatment for at least two
months before examination and followed standard treatment options since diagnosis as
described previously.16

Neuropsychological evaluation
All subjects underwent an extensive set of neuropsychological tests combined in the
Brief Repeatable Battery of Neuropsychological tests (BRB-N),19 in addition to the concept
shifting test (CST),20 the Stroop color-word test,21 and the memory comparison test
(MCT),22 performed by an experienced neuropsychologist. This resulted in an evaluation
of the following six cognitive domains:
• Information processing speed – measured by the oral SDMT.23 The Rao et al.
adapted SDMT from BRBN, version A, was used in all subjects within this study.19
• Verbal memory – assessed with the Selective Reminding Test (SRT).
• Visuospatial memory – assessed with the 10/36 Spatial Recall Test (SPART).
• Working memory – measured by the MCT.
• Attention – assessed with the Stroop color-word test.
• Executive functioning – measured by the Word List Generation test (WLG) and the
CST.
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Conventional normalization method
For the conventional analysis of neuropsychological data, individual raw test scores of
patients were converted to Z-scores, using the means and SDs of respective test scores of
the HCs as a reference. Cognitive domain summary measures, based on these Z-scores,
were calculated for all patients. The exact construction and use of these domain measures
has been described elsewhere.14,15 Patients who scored at least 2 SDs (i.e. Z≤-2) below the
average of controls were defined as impaired on that domain.

Regression-based norms for the SDMT
Regression-based norms for the SDMT were created following the same procedures as
published by Parmenter et al., albeit using the adjustment as described by Berrigan and
colleagues, with centring of the age variable (age minus mean age) to avoid multicollinearity
and for ease of interpretation.10,11 First, the HCs’ raw scores were converted to a scaled
score metric (M=10, SD=3) based on the cumulative frequency distribution presented in
table 1. Next, the resulting scaled scores were regressed on four demographic variables:
age centered (agec= age - 46), agec2, gender (female versus male) and education, entered
en block. The factor agec2 was added to account for possible non-linear effects of age on
test performance. Participants’ educational level was converted to years of education.
None of the assumptions of regression analyses were violated (no influential cases,
normality of the residuals, or homoscedasticity).
To obtain demographically adjusted SDMT Z-scores for the MS patients, we first
converted each participants’ raw score to a scaled score based on the raw-to-scaled score
conversions derived from the HCs (Table 1). Next, predicted scores were calculated using
the multiple regression equation, based on β weight values for all four demographic
variables and their predictive constant:
Scaled Scorepredicted = constant + βagec (agec) + βagec2 (agec2) + βgender (gender)
+ βeducation (education)
Then, the predicted scaled scores were subtracted from each participants’ actual obtained
scaled score and the difference was divided by the root mean squared error (RMSE) of
the HCs:
Z-score = (Scaled Scorepredicted - Scaled Scoreactual) / RMSE
Only the final Z-scores, which compare the actual scaled scores to the demographically
predicted scaled scores, were interpreted. SDMT performance was classified as impaired
(Z≤-2SD) or preserved (Z>-2SD) based on the Z-scores derived from each normalization
method (conventional and regression-based). To assess the consistency between
methods, Z-scores of the HCs based on conventional norms were correlated with the
regression-based equivalents running a Pearson's correlation. The McNemar test was
used to determine whether the proportion of patients that was classified as SDMTimpaired varied, when using different normalization methods.
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The SDMT-preserved and -impaired patient groups were compared in terms of
demographic, clinical and cognitive characteristics. It was hypothesized that the regressionbased approach would result in an increase in detection of impairment in MS patients,
corresponding to a worse cognitive performance on other neuropsychological measures.

Table 1. Raw score to scaled score conversions using the cumulative frequency distribution

Scaled scores

Raw scores

3

≤ 43

4

44 – 46

5

47

6

48 – 49

7

50 – 52

8

53 – 55

9

56 – 58

10

59 – 62

11

63 – 65

12

66 – 68

13

69 – 72

14

73 – 75

15

76 – 77

16

78 – 81

17

≥ 82

Statistical analysis
The statistical analyses were performed in SPSS for Windows version 20.0 (Chicago, IL,
USA). All variables were checked for normality using Kolmogorov-Smirnov tests and
histogram inspection. A one-sample T-tests and chi-square goodness-of-fit test were used
to determine whether means and distribution of cases in our HC sample were different
to previously reported Dutch normative data.12 Group differences were evaluated using
analysis of variance (ANOVA) for normally distributed variables. Non-parametric analysis
was carried out when variables were not normally distributed, using Mann-Whitney U
tests. Pearson-chi square tests were performed when analysing group differences in terms
of categorical variables. A p-value of less than 0.05 was considered statistically significant.
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Results
Subject descriptives
In table 2 the demographic data of the subjects are summarized per group: HCs and MS
patients. MS patients were younger than controls (p<0.001), however demographically
matched on gender (p=0.27) and education (p=0.14).
Table 2. Demographic and clinical measures of healthy controls and MS patients

Age (in years) a
Gender (Female / Male)
Education (in years)b
a

Healthy controls
(n=96)

Patients
(n=157)

P Value

46.0 (10.6)

41.1 (8.2)

<0.001

57 / 39

104 / 53

0.27

15.0 (6.0-18.0)

15.0 (6.0-18.0)

0.14

Data are mean (SD) for normally distributed variables; b Because of non-normal distribution, median and range

are provided.

Comparison of previously published and current Dutch normative samples
Our HCs were group matched to a Dutch normative sample previously used by Boringa
et al. (N = 140) in terms of age (46.0 vs. 45.8; p=0.89) and female to male ratio (57/39 vs.
78/62; p=0.29).12 There was an effect of education (p<0.001), with 57 subjects (59%) who
obtained more than 10 years of education in our sample compared to 53 HCs (38%) in
previous publication. In addition, we found a significant difference (p<0.001) in SDMT
performance, with higher test scores in our HCs (61.0±9.7; range 43–99) than Boringa’s
controls (56.1±12.4; range 27–106).

SDMT impairment rates using conventional and regression-based norms
Table 3 shows the regression model for the SDMT used to derive demographically adjusted
Z-scores for the MS patients, including agec (age–46), agec2, gender, and education as
predictor variables. The regression analyses revealed that agec was the only significant
predictor (p=0.011) of normal SDMT performance in our HCs. The conventionally obtained
Z-scores of the HCs strongly correlated with the regression-derived equivalents (r=0.90,
p<0.001).
When impairment classification rates were examined using either the SDMT conventional
or regression-based norms, statistically more MS patients were considered impaired
using the regression equation (exact p<0.001). Based on conventional norms, 15 (10%)
MS patients were identified as impaired and 142 (90%) patients as preserved. After
correcting for demographics, the number of impaired patients had increased to 32 (20%)
with a concomitant reduction in preserved patients to 125 (80%). This change was a
consequence of 17 patients becoming impaired when using the regression-based norms.
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Table 3. Final regression model for the SDMT

Measure
SDMT

Predictor

B

SE
B

Standardized
B

t

p

(Constant)

7.653

1.591

Agec

-0.0806

Agec2

-0.000449

0.031

-0.289

-2.60

0.011

0.003

-0.018

-0.18

0.86

Gender (female)

0.470

0.605

0.079

0.78

0.44

Education

0.1515

0.099

0.169

1.53

0.13

R2

Total
RMSE

0.150

2.777

Abbreviations: Agec= age centered; B= unstandardized regression coefficient; SE B= standard error of B; t= t-test
statistic; Standardized B= standardized regression coefficient; RMSE= root mean squared error.

Clinical and cognitive characteristics of SDMT-preserved and -impaired patient
groups
Table 4 shows the differences between the SDMT-preserved and -impaired patient
groups, as defined by the conventional and regression-based norms. First, we compared
the preserved patients (N=125) with the group of patients that was defined as impaired
based on conventional norms (N=32). We found no significant differences in terms of
age (p=0.18), gender (p=0.62) and education (p=0.05). The impaired patients scored
significantly worse than the preserved patients on all clinical and cognitive measures, with
more progressive MS phenotypes (34% vs. 10%; p=0.01), higher EDSS scores (p=0.001),
and worse Z-scores on all other cognitive domains [p<0.001; except for visuospatial
memory (p=0.013)].
Then, we compared the SDMT-preserved patients (N=125) to the group of patients
becoming impaired when using the regression-based norms (N=17). Groups were found
equal in terms of demographics (age: p=0.81; gender: p=0.44; education: p=0.06) and
disease characteristics (disease type: p=0.38; EDSS: p=0.14). As seen in Table 4, the
SDMT regression-based impaired patients scored significantly worse on other cognitive
domain measures (executive functioning: p<0.01; all other domains: p<0.05), except for
visuospatial memory (p=0.34).
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Table 4. Characteristics of SDMT-preserved and impaired patients based on conventional and regression-based
norms

SDMT
Preserved
(conventional)
N=125

SDMT
Impaired
(conventional)
N=32

SDMT
Impaired
(regression-based only)
N=17

SDMT rawb

58.9 (9.7)

38.5 (7.1)***

41.1 (7.6)***

Age (in years)

40.6 (8.1)

42.9 (8.5)

43.8 (1.9)

83 / 40

21 / 13

13 / 4

15 (12-15)

12 (12-15)

12 (12-15)

112 / 13

21 / 11**

14 / 3

2.0 [2.0 – 3.5]

3.0 [2.5 – 5.0]***

2.5 [2.0 – 3.5]

Executive Functioning

-0.2 [-0.6 – 0.0]

-1.0 [-1.6 – (-0.6)]***

-0.7 [-1.1 – (-0.3)]**

Visuospatial Memory

0.3 [-1.0 – 0.8]

-0.7 [-1.6 – 0.3]*

-0.2 [-1.3 – 0.6]

Gender (Female / Male)
Education (in years)

b

MS Characteristics
Disease type
(RR / Progressive)
EDSSb
Cognitive Z-scoresb

Working memory

-0.3 [-0.9 – 0.2]

-1.3 [-2.6 – (-0.6)]***

-0.6 [-1.6 – (-0.3)]*

Verbal memory

-0.1 [-0.7 – 0.6]

-1.2 [-1.8 – (-0.5)]***

-0.7 [-1.5 – (-0.1)]*

Attention

-0.1 [-0.6 – 0.3]

-0.7 [-1.6 – (-0.2)]***

-0.7 [-1.0 – 0.0]*

Abbreviations: RRMS= relapsing-remitting multiple sclerosis; Progressive= primary and secondary MS types; EDSS=
Expanded Disability Status Scale; a Data are mean (SD) for normally distributed variables; b Because of non-normal
distribution, median and interquartile range are provided; *= p<0.05; ** p=<0.01; ***= p<0.001.

Discussion
The SDMT is increasingly used as a screening and follow-up tool to detect cognitive
deficits in MS patients, however, appropriate normalization in different language groups
is needed.3,4 In previous studies abnormal test performance was defined by comparing
an examinee’s result to the average performance of the most suitable normative (sub)
group, taking no account of any potential demographic influence.9,12,15,24 Parmenter and
colleagues (2010) were the first authors to provide regression-based norms for the SDMT
with the potential to resolve this limitation and found higher rates of impairment than
previously published discrete norms, which was confirmed later by Berrigan et al.10,11
In this study we compared newly derived regression-based norms for the SDMT in a
Dutch speaking sample with conventional normalization methods, using the means and
SDs of the same control group as a reference. Demonstrating the concurrent validity of
our approach, we found strong correlations between HCs’ Z-scores obtained by either
normalization method. As predicted, applying the regression-based norms to the MS
patients, resulted in a larger group of impairment, yielding lower Z-scores on the SDMT
than the conventional norms, which was reflected by worse cognitive functioning on other
neuropsychological measures. These observations lend further support to the utility of
regression-based norms for the SDMT as a screening method for cognition in MS.
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Demographic variables, such as age, gender and education, have been shown to affect
normal SDMT performance in previous studies.12 In the HC sample presented here, age
turned out to be the only significantly influencing characteristic. Arguably, it could be
decided to include only age as predictor variable in the final regression model. Reporting
the results of a separate McNemar’s test, we found no significant difference (exact p=0.63)
in impairment classification rates in the MS patients, using either all four demographic
variables (20%) in the regression equation or age(centered) alone (22%). Following this
approach, demographically adjusted Z-scores can easily be obtained by multiplying
agec by its relevant β weight value and subtracting this from its predictive constant
(10.027 -0.0992*agec). To support the appropriate and timely application in clinic, we
recommend implementing a spreadsheet on a computer that can aid in generating a
patients’ demographically adjusted Z-score by simply entering their demographics and
SDMT raw score into the spreadsheet. Such a sheet that contains current normative data
can be provided upon request.
Various other normative data for the SDMT have been published, exploring the effects
of relevant demographic predictors of test performance.10–12,23,25 Boringa and colleagues
(2001) provided normative values for the SDMT in a Dutch healthy population, which
have been used in many neuropsychological and natural history studies since.9,12,15,16,24
Although they found an influence of age, gender and education, they did not account
for any of the reported effects, which potentially lead to an underestimation of cognitive
dysfunction in earlier publications. The lack of correlation between education and SDMT
scores in our sample may be a combined issue of range restriction, given the relatively
high educational level of the HCs (59% of the HCs obtained more than 10 years of
education), and a low N. The effect of gender on SDMT performance remains unclear.
While some researchers found gender differences, reporting that women outperformed
man, gender had limited impact on test performance in current normative sample.12,23,25
In addition, we found no quadratic influence of age, which is notable, as one would
expect the relationship between age and test performance to be strongest for subjects
in the extreme ends of age (under 25 and over 60), given developmental influences
on information processing speed.26 Unfortunately, the small number of controls in
these certain age ranges originally included in this study, has led to the generation
of a regression equation that inadequately captures the association of age with test
performance. Future studies, including more representative normative datasets, should
be carried out when considering the actual implementation of regression-based norms
for the SDMT in routine daily practice.
It is important to note that our control group was not age matched to the larger clinical
sample, which should be considered when one is determining to use the regressionbased norms. However, when comparing current sample to previous Dutch normative
data,12 we found no significant difference in terms of age. Most importantly, we
included a sizable sample of HCs (N=96) and MS patients (N=157) representing a mix of
demographic trends to generate continuous norms that by itself require relatively few
individuals of a given demographic trait. Nonetheless, the general small sample size of
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about 100 controls will tend to decrease the stability of our findings. These concerns
notwithstanding, we wish to note that the use of SDMT regression-based norms in the
MS sample yielded a frequency of impairment on par with previous neuropsychological
studies in early MS patients.27
To our knowledge, this was the first study to examine the relationship between
overall cognitive functioning in MS patients as measured with a comprehensive set
of neuropsychological tests and the SDMT, as measured with regression-based and
conventional normalization methods. The most important limitations lie in the fact
that our sample size was relatively small and educational level was high. Nevertheless,
our results indicate that demographically adjusted norms for the SDMT more readily
detect abnormal performance in MS patients, identifying those patients at highest
risk for cognitive impairment, which was supported by a worse performance on
other neuropsychological tests. For easier application in clinical settings we propose
the implementation of a spreadsheet in a computer-aided design that automatically
generates a patient’s demographically adjusted Z-score. To conclude, this study confirms
the utility of the SDMT regression-based approach as a potential screening method for
cognition in MS, in both research and clinical practice.
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Abstract
Background: Deep grey matter (dGM) structures, particularly the thalamus, are clinically
relevant in multiple sclerosis (MS). However, segmentation of dGM in MS is challenging;
labeled MS-specific reference sets are needed for objective evaluation and training of
new methods.
Objectives: This study aimed to (i) create a standardized protocol for manual delineations
of dGM; (ii) evaluate the reliability of the protocol with multiple raters; and (iii) evaluate
the accuracy of a fast-semi-automated segmentation approach (FASTSURF).
Methods: A standardized manual segmentation protocol for caudate nucleus, putamen,
and thalamus was created, and applied by three raters on multi-center 3D T1-weighted
MRI scans of 23 MS patients and 12 controls. Intra- and inter-rater agreement was
assessed through intra-class correlation coefficient (ICC); spatial overlap through Jaccard
Index (JI) and generalized conformity index (CIgen). From sparse delineations, FASTSURF
reconstructed full segmentations; accuracy was assessed both volumetrically and spatially.
Results: All structures showed excellent agreement on expert manual outlines: intrarater JI>0.83; inter-rater ICC≥0.76 and CIgen≥0.74. FASTSURF reproduced manual
references excellently, with ICC≥0.97 and JI≥0.92.
Conclusions: The manual dGM segmentation protocol showed excellent reproducibility
within and between raters. Moreover, combined with FASTSURF a reliable reference set
of dGM segmentations can be produced with lower workload.
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Introduction
Patients with multiple sclerosis (MS) exhibit damage of the grey matter (GM), including
focal lesions and atrophy.1-3 GM atrophy can be quantified from structural brain magnetic
resonance images (MRI) and has become an important and clinically relevant imaging
outcome measure of MS. In particular, atrophy of deep GM (dGM) structures such as
the caudate nucleus, putamen and thalamus has become of interest in MS, as it has
been shown to correlate with important clinical outcome such as cognition.4-8 Atrophy
measures of the dGM may serve as potential imaging biomarkers in MS. However, the
applicability for everyday clinical use is limited, in part because there is a so far unmet
need for reliable automated segmentation methods.9, 10
Current state-of-the-art and frequently used automated segmentation methods suffer from
substantial limitations with respect to both reproducibility and accuracy, which is partly due
to the presence of MS pathological changes.11-16 Specifically, there are various confounds that
can affect the measurement of dGM atrophy: image registration and segmentation can be
negatively affected by the presence of white matter lesions,12, 16 generalized or local atrophy,
or subtle tissue contrast changes 17, 18. To achieve accurate automated dGM segmentation
in the presence of MS abnormalities, it is important that new methods are validated against
expert reference outlines of dGM in representative MS samples. Therefore, we developed a
standardized protocol for manually delineating the caudate, putamen and thalamus on 3D
T1-weighted MRI and evaluated its quality in terms of reliability within and amongst multiple
expert raters, using a multi-center MS imaging dataset.
To validate the automated methods for measuring dGM atrophy, a more complete
analysis in a larger multi-center set of image volumes is required. Since manual outlining is
difficult, labor-intensive and time-consuming,19-21 we endeavored to reduce the workload
by reconstructing full semi-automated segmentations from sparse delineations as input.
Specifically, we investigated the performance of a recently developed semi-automated
technique called ‘FAst Segmentation Through SURface Fairing’ (FASTSURF),22 which was
demonstrated as a proof-of-concept for the hippocampus in Alzheimer patients by
Bartel et al. (2019). Since this technique exhibited excellent accuracy for hippocampus,
we hypothesized that FASTSURF can also be used to generate accurate reference
segmentations of various other brain structures, with substantially lower workload
than full manual tracings. This may provide an important impetus towards improved
segmentation of dGM. In future work, when this protocol is applied, such segmentations
can be used to train or optimize automated methods such that these will segment the
structures of interest well in MS cases.
To summarize, in this study we aimed first, to develop a standardized protocol for
manually tracing the caudate, putamen and thalamus. Secondly, the reliability of the
protocol was investigated with multiple expert readers, on multi-center MS images.
Thirdly, we evaluated the accuracy of FASTSURF to reconstruct full segmentations of the
dGM in which sparse delineations served as input.
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Materials and methods
Dataset and MRI acquisition
Brain MRI scans of 12 healthy controls (HCs) (8 females) and 23 MS patients (12 females)
from nine centers were retrospectively included, which were all acquired as part of two
previously described MAGNIMS studies (www.magnims.eu).23, 24 The sample used for this
study was selected to ensure that: many different MR scanners were included, most of
the patients had progressive MS disease course types, and that the distributions of sex
and age were closely matched to the overall dataset. The HCs were matched with the MS
patients on scanner type, sex and age. Demographics of the subjects are shown in Table
1. Table 2 shows the number of subjects per center (MR scanner). All local institutional
review boards approved the original study and written informed consent had been
obtained from all participants. MR imaging was performed on 3.0 Tesla whole-body MR
systems, and near-isotropic, ~1mm3 voxel size, 3D T1-weighted datasets were included.
Details on image acquisition parameters used in each center are listed in Table 2.
Table 1. Demographics of healthy controls and MS patients

Set

Type

Na

Age in
yearsb

Total

HC

12 (8)

38.4±7.8

Patient

23 (12)

42.9±9.9

HC

5 (5)

34.7±8.0

Patient

12 (6)

44.4±11.9

HC

7 (3)

41.1±7.1

Patient

11 (6)

41.3±7.4

Training

Test

Disease types

DD in yearsb

EDSSc

11 RR, 5 SP, 7 PP

11.6±6.9

2.5 (2.5)

7 RR, 2 SP, 3 PP

12.1±8.3

2.0 (2.5)

4 RR, 3 SP, 4 PP

11.1±5.59

3.5 (2.5)

Number of subjects (Number of females)
Mean±standard deviation
c
Median (range)
Abbreviations: HC=healthy control, DD=disease duration, EDSS=expanded disability status scale, RR=relapsingremitting, SP=secondary-progressive, PP=primary-progressive
a

b
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Table 2. An overview of the acquisition parameters for each center

Institute

a

Na

Scanner
manufacturer,
scanner type

A

13

GE, Signa HDxt

B

2

Siemens, Trio

C

2

Siemens, Trio

D

1

Philips, Achieva

TR
(ms)

TE
(ms)

TI
(ms)

FA
(◦)

Acquisition (Voxel size
(mm3))

7.8

3

450

12

256x256x188 (0.976x0.976x1)

2300

2.98

900

9

232x256x176 (1x1x1)

1570

2.70

900

9

160x256x256 (1x1x1)

6.9

2.78

831

9

160x240x240 (1x1x1)

E

5

Siemens, Trio

1900

2,1

900

9

224x256x176 (1x1x1)

F

2

Siemens, Trio

2200

2,94

900

10

256x192x192 (1x1x1)

G

5

Philips, Achieva

8,3

3,72

1000

8

256x256x192 (1x1x1)

H

2

GE, Signa HDxt

5,5

1,76

450

10

256x256x188 (1x1x1)

I

1

Philips, Achieva

8,3

3,72

1000

8

256x256x192 (1x1x1)

Number of subjects per institute

Abbreviations: TR=repetition time, TE=echo time, TI=inversion time, FA=flip angle.

Manual segmentation protocol
The segmentation protocol (see Supplementary File S1 for the full protocol) was
specifically developed for manually tracing dGM structures on 3D T1-weighted MRI
scans of MS patients, by neurologists and neuroradiologists with broad experience in
the field of MS and MRI, supervised by neuroradiologists (F.B. with more than 30 years of
experience and M.P.W. with more than 20 years of experience). Together, we reviewed
the literature and studied images of histopathological specimens, MRI, (stereotactic)
anatomy and computational 3D reconstructions; most of which are also listed in the
protocol as recommended study material for the readers, since they help to understand
the 3D anatomical position/location and shape of the structure of interest in the human
brain. Anatomical definitions were specified for each structure, supported in the protocol
with example images from our own dataset. Alongside the anatomical landmarks, strict
guidelines on how to recognize the outermost edges of the structures on orthogonal
planes were described. Certain decisions on whether to include the geniculate bodies
as part of the thalamus and how to distinguish the caudate and the putamen from the
nucleus accumbens were based on a mixture of literature studies, expert opinion and
practical reasoning.
Practically, the segmentation procedure consisted of two phases. First, demarcating the
edges of the dGM structures on orthogonal slices, and second, tracing and fill the inside
of the path defined by the reader in the axial plane, respecting the boundaries previously
defined and the anatomical definitions that were specified for each structure.
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Manual tracing
Manual outlining was performed within the online framework of the SPINE virtual
laboratory (https://spinevirtuallab.org/), developed by the Center for Neurological
Imaging at Brigham and Women’s Hospital. This web-based program allows visualization
of MR images in axial, coronal, and sagittal orientations to facilitate 3D anatomical
interpretation. The voxel-wise labeling process was completely manual. It involved no
thresholding, seed-growing, shape fitting or other automated interference. Following the
segmentation protocol described above and presented in Supplementary File S1, three
expert readers manually delineated the caudate nucleus, putamen and thalamus as a
whole on axial slices, in a slice-by-slice manner, for all 35 images. The readers were a
trained neurologist (J.B.), neuroscientist (J.S.) and neurologist (S.R.), blinded to the subject
characteristics. To assess the intra-rater variability, a random subset of dGM structures
for 3 subjects (1 HC and 2 MS patient) were delineated a second time by all 3 raters in
a separate session more than three months later. To assess the validity of FASTSURF,
another subset of six subjects (2 HC and 4 MS patients) were delineated in a separate
session by one reader (J.B.), which included only 10 predefined axial slices per structure.

Reconstructions from sparse delineations: FASTSURF method
To allow construction of reference segmentations with reduced workload, the possibility
of reconstructing full segmentations from sparse delineations was investigated. For this
purpose, the semi-automated segmentation method FASTSURF was used, which is based
on mesh processing procedures using a surface fairing technique that has been described
in detail previously.22 Briefly, to reduce the delineation time for manual observers, only
a few contours have to be outlined, at regular slice intervals. First, these sparse contours
are interpolated so that each contour has the same number of points. A closed mesh
is then constructed by placing intermediate contours between the known contours.
Vertex positions for the intermediate contours are obtained by solving the following biLaplacian system of equations for the unknown x, y and z-coordinates of the vertices of
the intermediate contours:

y and z-coordinates of the vertices of the intermediate contours:

in which the

! 𝐿𝐿!,# $ 𝒙𝒙# = ! 𝐿𝐿!,# $ 𝒚𝒚# = ! 𝐿𝐿!,# $ 𝒛𝒛# = 0
#

#

#

in which the Laplacian filter Ln,m represents the connectivity graph with n and m being the
mesh vertices. Solving these equations leads to a smooth surface mesh passing through
the delineated points with minimum curvature.
Originally FASTSURF was designed for the hippocampus. In the present study, we
quantitatively investigated this application for segmentation of the thalamus, caudate
nucleus and putamen. First, similar to the approach of Bartel et al. (2019), sparse contours
were extracted from fully manually segmented structures. The segmented structures
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were converted to meshes using the marching cubes algorithm and sparse contours
were extracted at regular intervals, which served as input for FASTSURF (From now on:
‘FASTSURF with sparse contours’).
Secondly, in a small subset of six images, one of the raters manually traced 10 predefined
contours for each structure de novo, i.e., without creating outlines of the structures on
the intermediate slices. These 10 de novo contours were used as input for FASTSURF
(From now on: ‘FASTSURF with de novo contours’). This allowed us to evaluate whether
the protocol can be combined with FASTSURF to reconstruct full segmentations of the
dGM using sparse delineations as input.
Extra information on sparse contour simulation and training of FASTSURF can be found
in the supplementary data (File S2 and Table S1 - S4).

Quantitative performance analysis
In Figure 1 an overview of the study design is shown. The two main quantitative
performance metrics are; (i) intra- and inter-rater agreement of manual outlines
of 3 raters on 35 images (ii) accuracy of FASTSURF in terms of volumetric and spatial
agreement. In the next subparagraphs more details are described on the experiment
and the statistical analyses.

Figure 1. Overview of study design.
A flowchart of the study design divided in two boxes; 1) manual segmentation protocol and 2) quantitative
performance metrics. The manual segmentation protocol was used to create three datasets; quantitative
performance metrics were used to assess spatial (JI, DSC and CIgen) and volumetric agreement (ICC). Abbreviations:
CIgen = generalized conformity index; ICC = intraclass correlations; DSC = Dice Similarity Coefficient, JI = Jaccard
index; N = number of subjects.
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Intra- and inter-rater agreement of manual tracings

!!∩#
The manual outlines of the three raters were evaluated on both intra-rater
and interI); 𝐽𝐽𝐽𝐽 =
!!∪#
!!∩#
rater reliability.
I); 𝐽𝐽𝐽𝐽 =
!!∪#
between the first and second
!!∩# manual tracing of
I); 𝐽𝐽𝐽𝐽 = !
Intra-rater agreement was assessed
spatially
with
the Jaccard
Index of(JI);
between
the first
and second
manual tracing
the structures.
!∪#
between the first and second manual tracing of the structures. 𝑉𝑉"∩$ is volume
the first and second m
j.
of intersection of outline i and j and 𝑉𝑉"∩$ is volume of union of outline i andbetween
is volume of intersection of outline i and j and
is volume of intersection of outline i and j and 𝑉𝑉"∩$
Inter-rater spatial agreement was assessed spatially with the 𝑉𝑉generalized conformity
"∪$
multiple
index (CIgen) 25, which is essentially a𝑉𝑉 generalization of the Jaccard index for
is volume
of intersection of ou
"∪$
raters; a full definition and explanation is provided in the issupplementary File S3.
𝑉𝑉"∪$
is model for intraclass correlation coefficients
Volumetrically, a two-way mixed effects
(ICC)
using an absolute agreement definition was measured between the three raters. 26
is

FASTSURF
The performance of FASTSURF for dGM structures was evaluated in four ways; a)
optimization of FASTSURF parameters; b) optimized FASTSURF with sparse delineations
from full segmentations as input; c) optimized FASTSURF with 10 de novo contours as
input; and d) agreement between the expert manual labels and ‘FASTSURF with sparse
contours’ and ‘FASTSURF with de novo contours’ using Bland-Altman plots.
For optimization of FASTSURF parameters, the dataset was divided into a training set (N =
17) and a test set (N = 18). In both groups, the different centers and numbers of patients
and controls were equally distributed (see Table 2). The training set was used to find the
optimal settings for the parameters of FASTSURF and the test set was used to study the
performance of optimized FASTSURF compared to the manual outlines.
The optimal settings obtained from the training set were applied in the test sets of each
rater’s segmentations separately. Optimal settings can be found in Supplementary Table
5; for contours, the optimal setting was 10. The spatial agreement between the resulting
three datasets of ‘FASTSURF with sparse contours’ were evaluated with CIgen. The results
were compared to the inter-rater agreement of the expert manual outlines.
Additionally, the segmentations of all 3 raters were pooled as one dataset, which served
to compare ‘FASTSURF with sparse contours’ to the manual references on both volumetric
as spatial agreement. Volumetrically, the agreement was quantified with the ICC for
absolute agreement;27 spatial agreement was assessed through the JI and Dice Similarity
Coefficient (DSC) between ‘FASTSURF with sparse contours’ and manual references. With
DSC = 2TP/(2TP + FP + FN), with TP, FP and FN, respectively True Positive, False Positive
and False Negative.
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‘FASTSURF with de novo contours’ was validated on six images containing only 10 contours
of each structure as input by one rater (J.B.). The segmentations that were obtained
through ‘FASTSURF with de novo contours’ were compared to the manual reference on
spatially agreement (JI and DSC) and compared with agreement between ‘FASTSURF with
sparse contours’ and manual reference.
To evaluate the agreement between the fused manual labels and ‘FASTSURF with sparse
contours’ and ‘FASTSURF with de novo contours’, Bland-Altman plots were created in which
the difference of two paired measurements [(A-B)] was plotted against the average of the
two measurements [(A+B)/2],28, 29 with separate colors for MS and controls to visually
inspect whether there are disease specific effects. We ran a paired sample t-test (twosided) to examine whether the mean of the difference equals 0.

Interpretation of statistical results
JI, DSC and CIgen range between 0 and 1, where perfect overlap yields a JI, DSC or CIgen
value of 1, and no overlap yields a JI, DSC or CIgen value of 0. A JI or CIgen > 0.7 and a DSC
> 0.8 is regarded as excellent.30
ICC also ranges between 0 and 1. We used Altman’s criteria to interpret the ICCs: <0.40
was considered as poor reliability, 0.40 to 0.74 was considered fair to good, and ≥0.75
was considered excellent.31

Results
Figure 2 shows example images of dGM delineations for each rater separately and
their overlap. Figure 3 shows the tracings of one rater and the reconstructed FASTSURF
segmentations for the caudate, putamen and thalamus.

Figure 2. Overview of manual delineations of the 3 raters and their overlap.
From left to right: Axial 3D T1-weighted MRI slice with segmentations, 2D view of manual reference of rater 1 to 3
and 2D view of overlap of raters with green, blue and red one rater, purple and pink two and orange three raters.
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Figure 3. Overview of manual delineation of one rater and FASTSURF segmentations.
(a) the tracings of one rater; (b) the extracted contours from full segmentations which were used for ‘FASTSURF
with sparse contours’; (c) the reconstructed FASTSURF segmentations for the caudate, putamen and thalamus; (d)
an intersection of ‘FASTSURF with sparse contours’ and the manual references in 3D; and (e) the overlap of c and d.

Intra- and inter-rater agreement of manual tracings
The intra-rater agreement on spatial agreement was excellent with a mean (across raters)
JI of 0.83±0.11, 0.86±0.05 and 0.86±0.10 for the caudate nucleus, putamen and thalamus,
respectively.
The inter-rater agreement on spatial overlap was excellent; with both left and right
hemisphere pooled together, the average CIgen for the caudate nucleus, putamen and
thalamus were 0.74±0.05, 0.74±0.06 and 0.75±0.06 respectively. Table 3 provides average
CIgen values for all structures, both for each hemisphere separately and averaged. The
volumetric agreement between the raters was also excellent with an ICC of 0.76 for the
caudate, 0.79 for the putamen and 0.79 for the thalamus (left and right hemisphere
pooled together). Table 3 provides average CIgen values for all structures, both for each
hemisphere separately and averaged.
Table 3. Inter-rater agreement between the three raters; the generalized conformity index (CIgen) and intra-class
correlations (ICC) between raters, separated for structure and hemisphere.

Structure
Caudate

Putamen

Thalamus

a

Hemipshere

CIgena

ICC

Both

0.738

±

0.049

0.762

Left

0.733

±

0.054

0.771

Right

0.753

±

0.042

0.766

Both

0.736

±

0.059

0.794

Left

0.728

±

0.061

0.769

Right

0.753

±

0.049

0.833

Both

0.746

±

0.058

0.785

Left

0.762

±

0.039

0.815

Right

0.741

±

0.072

0.762

Mean±standard deviation

Abbreviations: CIgen = generalized conformity index, ICC = intra-class correlations.
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FASTSURF
Parameter optimization for FASTSURF
The results of the parameter optimization for the FASTSURF software, carried out on the
test set (N=17) are shown in the supplementary Tables S1 – S5. The parameters that were
optimized were: the orientation of outlining planes, the number of the outlined contours,
the number of intermediate contours added by FASTSURF between two outlined contours
and the number of points used for each contour.

Agreement of ‘FASTSURF with sparse contours’
In the test set (N=18), the performance of optimized FASTSURF was quantitatively
evaluated. In Table S6 the CIgen values for ‘FASTSURF with sparse contours’ are provided
for all structures bilaterally, as well as averaged across hemispheres. Inter-rater
agreement on spatial overlap for ‘FASTSURF with sparse contours’ was almost identical
to the agreement between expert manual references.
The volumetric and spatial agreement of ‘FASTSURF with sparse contours’ and manual
reference segmentations was excellent (Table 4), with total bilateral volume ICCs for
absolute agreement of 0.979 for the caudate nucleus, 0.999 for the putamen and 0.999
for the thalamus and mean JI of 0.92 ± 0.02, 0.95 ± 0.01, 0.96 ± 0.02, respectively.

Agreement of ‘FASTSURF with de novo contours’
The average volumes of the reconstructed dGM using ‘FASTSURF with de novo contours’
are displayed in Table 5, alongside the average volumes of the manual reference tracings
and segmentations from ‘FASTSURF with sparse contours’ for the same six subjects.
Furthermore, the JI between the FASTSURF results and the manual references are shown.
The average JI between ‘FASTSURF with de novo contours’ and the manual segmentations
were in the same range as the overlap between ‘FASTSURF with sparse contours’ and the
manual references.

Bland-Altman plots and analysis
Figure 4, and table 6 show the results of the Bland-Altman scatter plots and analysis of
the combined (left + right) dGM volume measurements: FASTSURF minus the combined
manual labels; with separate labels for MS patients and controls. For all structures,
FASTSURF obtained smaller volumes (mL) than the manual output [mean difference (SD):
caudate: -0.20 (0.26); putamen: -0.06 (0.12); thalamus: -0.14 (0.10), all p-values <0.001].
Visual inspection of the data revealed the same effects in the MS patients and controls.
Because of the small number of subjects (N=6) in ‘FASTSURF with the novo contours’ we
were unable to perform similar analysis.
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Table 4. ICC, Jaccard Index and Dice Similarity Coefficient between manual references and ‘FASTSURF with sparse
contours’

Structure

Hemispheres

ICC

Jaccard Indexa

Dice Similarity Coefficient a

Both

0.979

0.918±0.023

0.924±0.026

Caudate
Nucleus

Putamen

Thalamus

a

Left

0.984

0.920±0.021

0.925±0.028

Right

0.973

0.914±0.024

0.923±0.025

Both

0.999

0.952±0.013

0.960±0.019

Left

0.999

0.951±0.012

0.958±0.020

Right

0.999

0.954±0.013

0.961±0.017

Both

0.999

0.962±0.021

0.967±0.030

Left

0.999

0.960±0.023

0.965±0.030

Right

0.999

0.964±0.019

0.970±0.030

Mean±standard deviation

Abbreviations: ICC = the intraclass correlation coefficient (two-way mixed model with absolute agreement).

Table 5. Average volumes (mL) of manual reference, FASTSURF with sparse contours and FASTSURF with de novo
contours. And the average Jaccard Index (JI) and Dice Similarity Coefficient (DSC) between manual reference and
FASTSURF with sparse contours and with de novo contours. a

N=6
Structure Hemispheres

Manual
Volume

FASTSURF with sparse contours
Volume
Jaccard
Dice
Index
Similarity
Coefficient

FASTSURF with de novo contours
Volume
Jaccard
Dice
Index
Similarity
Coefficient

Caudate

Both

4.64±0.68

4.39±0.51

0.823±0.042

0.900±0.011

4.38±0.64

0.798±0.042

0.923±0.030

Nucleus

Left

4.66±0.73

4.45±0.55

0.822±0.045

0.901±0.011

4.43±0.75

0.797±0.043

0.923±0.035

Right

4.62±0.69

4.34±0.52

0.823±0.042

0.900±0.011

4.33±0.58

0.800±0.041

0.922±0.027

Both

5.44±1.09

5.38±1.01

0.884±0.035

0.943±0.008

5.41±1.07

0.880±0.039

0.947±0.022

Left

5.54±1.23

5.42±1.08

0.883±0.042

0.944±0.009

5.36±0.81

0.883±0.040

0.944±0.030

Right

5.35±1.05

5.33±1.02

0.886±0.030

0.943±0.007

5.46±1.17

0.877±0.038

0.950±0.022

Putamen

Thalamus

a

Both

6.83±0.83

6.70±0.79

0.893±0.032

0.938±0.015

6.74±0.79

0.887±0.035

0.953±0.35

Left

6.83±0.84

6.75±0.80

0.885±0.037

0.927±0.012

6.78±0.77

0.877±0.032

0.948±0.037

Right

6.83±0.90

6.64±0.85

0.892±0.033

0.947±0.012

6.69±088

0.901±0.036

0.958±0.035

mean±standard deviation

Abbreviations: mL = milliliter, N = number of subjects
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Table 6. Pairwise Bland-Altman comparisons between ‘FASTSURF with sparse contours’ and combined expert
manual labels

Structure

Subjects

µ diff

SD

SE µ

p-Value

Caudate

Total

-0.20

0.26

0.03

<0.001

HC

-0.22

0.25

0.04

<0.001

Patients

-0.19

0.26

0.03

<0.001

Putamen

Thalamus

Total

-0.06

0.12

0.01

<0.001

HC

-0.07

0.13

0.02

0.003

Patients

-0.06

0.11

0.01

<0.001

Total

-0.14

0.10

0.01

<0.001

HC

-0.19

0.09

0.01

<0.001

Patients

-0.12

0.10

0.01

<0.001

Abbreviations: HC= healthy controls; µ diff= mean difference; SD= standard deviation; SE µ= standard error of µ;
p-value in bold represent significant values.
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Figure 4. Bland Altman scatter plots of the deep grey matter volume measurements of the MS patients and
controls for ‘FASTSURF with sparse contours’.
The difference of two paired measurements [(FASTSURF–manual) / average] was plotted against the average of the
two measurements [(FASTSURF+manual) / 2].

110

Development and evaluation of a manual segmentation protocol for deep grey matter

Discussion
In this study we presented a novel protocol with stringent guidelines for manually
tracing the caudate nucleus, putamen and thalamus on 3D T1-weighted MR images,
which exhibited excellent reliability in a multi-center dataset of MS patients. Moreover,
we provided evidence that FASTSURF can be used to generate equally accurate dGM
reference segmentations as high quality manual tracings of experienced raters.
The high levels of agreement between the experts’ manual outlines of the dGM structures
(JI ~ 0.75, ICC ~ 0.78) indicate that our segmentation protocol can be used to create dGM
reference datasets with sufficient levels of accuracy, even in multi-center settings.31, 32
Also, our data revealed that the described method can be used on conventional as well
as more advanced 3D T1 images. In addition, this study demonstrated that FASTSURF can
be used to generate accurate dGM measurements with de novo partial contours as input.
This will ultimately reduce the workload and timely effort to create sufficient reference
datasets for training and validation purposes.
The output obtained through ‘FASTSURF with sparse contours’ as well as the segmentations
from ‘FASTSURF with de novo contours’ showed high levels of agreement with the manual
references, both volumetrically and spatially, indicating that semi-automation will not
compromise the quality of the data. However, the Bland-Altman plots revealed that
overall the volumes of FASTSURF both ‘with de novo contours’ and ‘with sparse contours’
were slightly lower than the manual annotations. This probably resulted from the
location of the 10 predefined contours, which were distributed equally over the width of
the structures. Therefore it could be that the widest part of the structure was not taken
into account. Nevertheless, future studies should help to improve FASTSURF to ensure
greater accuracy.
Visually, the Bland-Altman plots did not reveal clear disease specific effects on the
agreement in MS patient versus controls. In future studies, more images with de novo
partial contours obtained by multiple raters should be generated to further validate the
accuracy of FASTSURF in this manner. Lastly, while FASTSURF was originally developed for
the hippocampus in Alzheimer’s patients,22 our results conclusively demonstrated that
this method is also accurate for cross-sectional segmentation of the dGM in MS patients.
Future studies should investigate whether this technique is suitable for longitudinal
observations as well.
Although the dGM manual segmentation protocol showed good reproducibility within
and among raters, certain guidelines might be debated. Considering the thalamus, it was
decided that the geniculate bodies should be included, as they form part of extensions of
the structure itself. Hence, the thalamus comprises mixed WM-GM voxel intensities, which
makes it rather difficult to separate different thalamic subparts from the background,
especially in the presence of atrophy.7, 21, 33 Therefore, in order to minimize error and
reduce variability, we decided to delineate all dGM structures as a whole. Although for
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the thalamus it is clear that specific nuclei are more sensitive to the MS disease process,
which was a limitation of this study. Furthermore, the nucleus accumbens is difficult
to distinguish from adjacent structures due to proximity to the caudate nucleus and
putamen. Therefore, we used well-defined anatomical landmarks to identify the anterior
and posterior limits of the nucleus accumbens in the coronal plane, and the bottom of
the lateral ventricles as the inferior border of the caudate.34
Interestingly, our data revealed slightly worse estimations of the caudate nucleus
compared to the putamen and thalamus, both manually as well as with FASTSURF. This
finding probably results from the different shapes of the structures. The tail of the caudate
is substantially more elongated and curved compared to the other structures, and
therefore difficult to trace unambiguously. Most importantly, our consistent approach
allowed the readers to reproduce references with great accuracy. Incorporating features
from advanced imaging techniques such as diffusion tensor imaging (DTI) or quantitative
susceptibility mapping (QSM) would probably lead to more refined estimations of these
boundaries.35, 36 However, the guidelines presented here were strictly based on 3D T1weighted MRI, considering that this is the standard imaging contrast in clinical practice for
these purposes. While this work focused on standard 3D T1-weighted imaging sequences
that are readily available in a clinical setting, there have also been developments on other
MR imaging techniques, such as MPRAGE with additional suppression of WM or GM,
or susceptibility-based contrasts.37, 38 While those techniques may not be ready yet for
widespread clinical application, they could inform expert raters on the boundaries of the
dGM structures, which could help training of improved automated methods, regardless
of whether they are applied with or without direct input from these methods.
A possible limitation of this study was that we did not compare FASTSURF with other
existing automated segmentation techniques However, two other studies that were
recently published by our group already evaluated existing automated segmentations
methods against manual references, using (partly) the same dataset. 16, 39 Moreover, since
this comparison would reveal any systematic difference between methods, e.g., with
respect to anatomical definitions of the structures of interest, we argued that this would
not be relevant for the value of creating accurate reference segmentations. Therefore, to
maintain the focus of present work, we did not perform such statistical analysis. Another
limitation of our study was that no statistical analysis was performed between ‘FASTSURF
with de novo contours’ and manual annotations due to the limited sample size (N=6). In
future work, more manual delineations from trained expert raters should be included.
To conclude, we suggest that high-quality dGM segmentations can be created based
on the proposed manual delineation protocol. Together with the standardized manual
delineation protocol, FASTSURF can serve as an adequate tool to create accurate
reference segmentations with considerably less effort than full manual outlines. This
opens up possibilities for improving, training and developing algorithms for measuring
dGM atrophy in MS and other neurodegenerative diseases.
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Supporting information
File S1: Protocol developed by J.B, Y.L, J.S., M.P.W., F.B., C.R.G.G. and H.V. for manual segmentation of
caudate nucleus, putamen and thalamus.
File S2: Sparse contour simulation and training of FASTSURF
File S3: Converting Jaccard index to CIgen
Table S1: Jaccard index of reconstructed FASTSURF structures versus fully manual segmented with Ninter = 4
Table S2: Jaccard index of reconstructed FASTSURF structures versus fully manual segmented with optimal
plane (see Table S1)
Table S3: Jaccard index of reconstructed FASTSURF structures versus fully manual segmented with optimal
plane and Ninter (see Table S1 and S2)
Table S4: Jaccard index of reconstructed FASTSURF structures versus fully manual segmented with optimal
plane, Ninter and Npoints (see Table S1, S2 and S3)
Table S5: Optimal settings derived in training for FASTSURF
Table S6: CIgen values for ‘FASTSURF with sparse contours’
Supplementary figure 1: Bland Altman scatter plots of the deep grey matter volume measurements of the
MS patients and controls for ‘FASTSURF with de novo contours’
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File S1: A protocol for the manual segmentation of the
thalamus, caudate and putamen using high resolution
MRI
J. Burggraaff1*, Y. Liu2*, J. Simoes2*, M.P. Wattjes2, F. Barkhof2, C.R.G. Guttmann3,
H. Vrenken2
*Equally contributing authors
Affiliations
1
Department of Neurology, VU University Medical Center (Amsterdam, NL)
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This segmentation protocol describes how to manually trace, on 3D T1-weighted MRIscans, three deep grey matter (dGM) structures: the thalamus, caudate, and putamen.

6

General introduction: edge tracing and manual
segmentation process
The segmentation procedure consists of two phases: first, demarcating the edges of the
dGM structures on orthogonal scans, and second, outline and fill the inside of the path you
defined, using the “bucket” tool, on axial scans. This is done in a “slice-by-slice” manner,
respecting the boundaries you previously defined and the anatomical definitions that are
specified for each boundary of each structure as described in the instruction manual below.
By demarcating the threshold boundaries first, we hope to reduce the risk of inaccuracy.
Some general rules apply to this work, that you should keep in mind while delineating
the structures:
• Before you start using this manual it’s important that you have enough background
knowledge of the objects of interest and their 3D anatomical position/location in the
human brain. We recommend you to use the reference books and papers that are
listed at the end of the manual that include images of histopathological specimens,
MRI, (stereotactic) anatomy and computational 3D reconstructions. Especially the
papers on the thalamus can be really helpful to understand its location and shape,
and should be studied first.
• Always start with delineating the putamen before the caudate, making it easier to
differentiate between the two (and the nucleus accumbens) later on.
• If there is a MS lesion obscuring the border or (parts of) the structure, try to draw
a straight line through it, pretending as if it wasn’t there. Excluding lesions will
artificially decrease the size of the (affected) structure.
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• If the scan is of such bad quality (e.g. movement or artefacts) that the dGM structures
can’t be distinguished from the background you leave out this particular scan and
make note of it.

Edge tracing process on (orthogonal) slices
Always start by identifying and demarcating the edges of the structures, using one of
the three (orthogonal) orientations, depending on which border of which structure you
are planning to trace. Specifically, for detection of the superior, inferior, medial and
lateral edges, the sagittal and coronal scans should be used as a reference; to detect the
anterior and posterior edges, it’s easier to use the axial scans. In addition, be aware of
the anatomical definitions that are specified per border and structure. Next, the manual
segmentations (outline and fill the inside of the path using the bucket tool) should be
performed on the axial scans, respecting the boundaries that you previously defined.
In order to serve as a reference for the manual segmentation process on the axial slices,
search for an orthogonal slice (as specified per structure and border below) that reveals
the middle part of the structure, where the intensity of the object of interest and its
background differ to a large extent [grey matter (GM) versus white matter (WM)] and where
the structure is at its largest size. By starting out with searching for the pixels/voxels in the
image with sharp intensity changes, makes it easier and generally feasible to identify the
object based on visual appearance only. Then, you outline the structure on the orthogonal
slices to create demarcation points that will appear as a dot or a line on the axial scans and
serve as threshold boundaries for the actual segmentation process (figure 1.1).

Segmentation process on axial slices
Once the edges of the structures are demarcated on the orthogonal images, the manual
outline and filling the inside of the path you defined should be done on the axial scans,
always staying within the lines (as we only want to include GM and not WM). This procedure
is repeated slice-by-slice, respecting the boundaries you previously defined. Once you
encounter a boundary of a structure, which can be identified by the very last slice where you
find a demarcating dot or line resulting from the edge tracing process (figure 1.1), you’ve
reached the threshold boundary that should not be crossed. In other words, continue the
manual segmentations of the structure, using the axial scans, until you’ve reached this
particular point and never go any higher or lower than that. Leave the dot or line (the edge)
unchanged, unless GM tissue can still be identified, as shown in figure 1.2.
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Figure 1.1 Superior edge of the thalamus, identified as the vertical line on the axial image

6
Figure 1.2 Superior edge of the thalamus: GM of the thalamus can still be distinguished

Thalamus
The thalamus is a midline bulb-shaped structure of two halves, situated between the cerebral
cortex and the midbrain, symmetrically on each side of the third ventricle. It comprises
a system of lamellae (made up of myelinated WM fibers) separating different thalamic
subparts, making it difficult to distinguish the thalamus from the background because of
the mixed WM-GM voxel intensities. The medial surface of the thalamus constitutes the
upper part of the lateral wall of the third ventricle, and is connected to the corresponding
surface of the opposite thalamus by a flattened gray band, the interthalamic adhesion (mass
intermedia, middle commissure, gray commissure).

Anterior & posterior border: edge tracing process:
To identify the anterior and posterior edges of the thalamus, use the axial plane as a
reference. Then, search for a scan revealing the middle part of the structure, where GM
can clearly be distinguished from WM and where the structure is at its largest size. Then,
outline the thalamus on this particular slice (figure 2.1 and 2.2), to serve as a threshold
boundary for the segmentation process on the axial scans.
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Figure 2.1 Anterior border of the thalamus

Figure 2.2 Posterior border of the thalamus

Anterior border: anatomical definition:
Using the anterior commissure (figure 2.3) as a starting point, the thalamus can be
identified just posterior to the commissure’s clearest coronal view.

Figure 2.3 Anterior commissure indicated by the red arrows
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Posterior border: anatomical definition:
Projecting beyond both the superior and inferior colliculi (figure 2.4), the thalamus
protrudes to the posterior end until either touching the atrium of the lateral ventricle or the
tail of the hippocampus, or both structures. This is most clearly visible in the sagittal plane.

Figure 2.4 Posterior border of the thalamus
In orange: superior colliculi (right); In green: the thalamus (sagittal view)

6

Inferior & superior border: edge tracing process:
To identify the superior and inferior border of the thalamus, start with the coronal view as
a reference, finding a scan of its middle part, where the GM can be clearly distinguished
from the WM and where the thalamus is at its largest size. As the thalamus starts small
and ends wider in the coronal view, because of the geniculate bodies that protrude
to posterior, we recommend you to define the edges on 2 separate slices: one more
anteriorly, where the geniculate bodies are no longer visible, and one more posteriorly,
where the geniculate bodies can be distinguished. Then, outline the thalamus on these
particular slices (figure 2.5 to 2.6.3), to serve as a threshold boundary for the segmentation
process on the axial scans.
One should be cautious when outlining the inferior border of the thalamus, as the more
inferior you get, the more difficult it is to differentiate between GM and WM tissue
(especially more posteriorly). Most importantly, the lateral geniculate nuclei (LGN) and
medial geniculate nuclei (MGN) should be included, as they form part of extensions of the
thalamus itself. In the coronal plane, both the LG and the MG are bounded at the inferior
border by the CSF superior to the hippocampus and the ambient cistern. (figure 2.6.2 and
2.6.3). Be aware that the LGN and MGN may appear as independent / separate GM areas,
intermittent with WM, as they protrude to posterior. However, they should be outlined
as one structure, including the WM that is located in between, as shown in figure 2.6.3.
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Figure 2.5 Superior border of the thalamus more posteriorly, including the geniculate bodies

Figure 2.6.1 Inferior border of the thalamus more anteriorly: excluding the geniculate nuclei

Figure 2.6.2 Inferior border of the thalamus more posteriorly, including the geniculate bodies
The red arrow indicates the CSF superior to the hippocampus and the ambient cistern.
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Figure 2.6.3 Inferior border of the thalamus, including the geniculate bodies
Middle image (coronal view): thick green line indicates the manual outline, excluding the LGN (wrong); in purple
you see the outline of the thalamus, including the LGN (correct). Right image (axial view): the green line indicates
the thalamus, including the LGN.

Superior border: anatomical definition:
The superior border of the thalamus is bounded by the lateral ventricles. As one moves
from anterior to posterior, the thalamus loses its magnitude in the Y plane (anteriorposterior). This causes the coronal height of the thalamus to decrease, thus allowing the
fornix to serve as the superior boundary in more posterior slices.

Inferior border: anatomical definition:
The zona incerta (figure 2.7) and its junction with the internal capsule serve as the inferior
border of the thalamus, thus excluding the subthalamic nucleus, the substantia nigra and
the nucleus rubor (figure 2.8).
More posteriorly, both the LGN and the MGN are bounded at the inferior border by the
CSF superior to the hippocampus and the ambient cistern. (figure 2.5, 2.6.2 and 2.6.3)

Figure 2.7 The zona incerta serves as the inferior border of the thalamus
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Figure 2.8 The nucleus rubor should be excluded from the thalamus

Medial & lateral border: edge tracing process:
To define the medial and lateral border of the thalamus, you can use the same edge
tracing delineations as for the superior and inferior border, starting out with the coronal
view as a reference (using the same scan as for the inferior and superior borders), finding
a scan of its middle part, where the GM can be clearly distinguished from the WM and
where the thalamus is at its largest size. As the thalamus starts small and ends wider in the
coronal view, because of the geniculate bodies that protrude to posterior, we recommend
you to define the edges on 2 separate slices: one more anteriorly, where the geniculate
bodies are no longer visible, and one more posteriorly, where the geniculate bodies can
be distinguished. Then, outline the thalamus on these particular slices (figures 2.5 to 2.6.3
and ), to serve as a threshold boundary for the segmentation process on the axial scans.

Medial border: anatomical definition:
The CSF of the third ventricle serves as the medial border of the thalamus.
Where applicable, portions of the fornix may also serve as a medial border. It is important
to note that left and right portions of the thalamus should be traced individually, including
the massa intermedia (interthalamic adhesion) when present (figure 2.10).

Figure 2.9 The interthalamic adhesion is indicated by the crosser
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Lateral border: anatomical definition:
Throughout its course in the brain, the thalamus maintains its relationship with the
internal capsule as far as its most posterior slices. The medial border of both the genu
and the posterior limb of the internal capsule serve as the lateral border of the thalamus,
thus separating the thalamus from the adjacent Reticular nucelus.

Reticular nucleus
The reticular nucleus wraps around most of the lateral and rostral thalamus, and by its
very distinct and unique anatomical and functional properties,
is considered separate from the rest of the thalamus. It is irregular in shape, varying from
a very thin sheet of cells along its lateral route, between lateral nuclei and the internal
capsule, and broadening at caudoventral and rostral ends of the thalamus. The cells vary
little in size but vary in density along the nucleus, with the lowest density in its lateral,
thinnest part.
Care should be given to exclude the three other major subdivisions of the diencephalon:
the epithalamus, the hypothalamus and the subthalamus.

Putamen
The putamen is a subdivision of the lenticular nucleus(the other division is the pallidum).
From the axial view the lenticular nucleus resembles a rounded triangle (with a lense-like
shape) that is divided into two major sections. The putamen forms the lateral part of
this triangle. The putamen starts small and ends small in the coronal view. The putamen
quickly grows to its greatest size in the middle and in the medial posterior portion it
closely resembles a goldfish shape (coronal view). The putamen lies lateral and partially
anterior to the thalamus. It is bordered laterally, superiorly, and inferiorly by white
matter, making it easy to distinguish the structure from its background.

Anterior & posterior border: edge tracing process
To identify the anterior and posterior border of the putamen, use the axial view as a
reference. Find a scan of its middle part, where the GM is clearly distinguished from
the WM and where the putamen is at its largest size. Then, outline the putamen on this
particular slice (figure 3.1 and 3.2), to serve as a threshold boundary for the segmentation
process on the axial scans.
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Figure 3.1 Anterior border of the putamen

Figure 3.2 Posterior border of the putamen

Anterior border: anatomical definition:
In the axial view, the putamen is bounded by the anterior limb of the internal capsule and
later as part of the anterior perforated substance. Care should be taken to exclude the
perforated substance, closest in appearance to the ventral putamen tissue.

Posterior border: anatomical definition:
Dorsally, the putamen is well-separated from the caudate by parts of the anterior and
posterior limb of the internal capsule. Any "projections" or GM “bridges" between the
caudate and putamen should be included as part of the caudate. These bridges are thin
structures that are obliquely orientated with respect to the anatomical plane.

Inferior & superior border: edge tracing process:
To identify the inferior and superior border of the putamen, start with the sagittal view as a
reference, finding a scan of its middle part, where the GM can be clearly distinguished from
the WM and where the putamen is at its largest size. Then, outline the putamen on this
particular slice (figure 3.3 and 3.4), to serve as a threshold boundary for the segmentation
process on the axial scans. Caution should be taken when outlining the inferior part of the
putamen, as perivascular spaces (Virchow Robin spaced) should be included (figure 3.5).
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Figure 3.4 Inferior border of the putamen

6
Figure 3.4 Inferior border of the putamen

Figure 3.5 Perivascular spaces in the putamen (indicated by the red arrows)

Inferior & Superior border: anatomical definition:
In the coronal view, the Putamen is initially bounded laterally and on its inferior border
by the external capsule, and medially and on its superior border by the internal capsule.
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Medial & lateral border: edge tracing process:
To identify the medial and lateral border of the putamen, start with the axial view as a
reference, finding a scan of its middle part, where the GM can be clearly distinguished
from the WM and where the thalamus is at its largest size. Then, outline the putamen
on this particular slice (figure 3.6 and 3.7), to serve as a threshold boundary for the
segmentation process on the axial scans.

Figure 3.6 Lateral border of the putamen

Figure 3.7 Medial border of the putamen

Medial border: anatomical definition:
The external medullary lamina of the globus pallidus serves as delineation of the medial
border of the putamen. Further on, the putamen is bordered medially by the pallidum.
When the pallidum is not yet present or has already disappeared, the medial border of
the putamen is composed of the internal capsule.

Lateral border: anatomical definition:
As a small amount of WM separates the lateral aspect of the putamen from the
claustrum, it is important to recognize this structure by its presence and shape, in order
to distinguish it from the putamen (figure 3.8.1 and 3.8.2).
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Figure 3.8.1 Putamen and claustrum (as indicated by the crosser)

6
Figure 3.8.2 Putamen (in green) and claustrum (in orange), as indicated by the arrow

Caudate
The caudate nucleus is one of three basic structures that make up the basal ganglia. The
caudate nucleus is an elongated, arched grey mass related throughout its extent to the
surface of the lateral ventricle. It is located near the center of the brain, sitting aside the
thalamus. There is a caudate nucleus within each hemisphere of the brain. Individually,
they resemble a C-shape structure with a wider "head" at the front, tapering to a "body"
and a "tail".
Before you start delineating the Caudate, it’s important to differentiate between the
caudate, putamen and the nucleus accumbens (Acc) first, which will be explained in
further detail below:
First of all, we recommend you to segment the putamen first, using the instructions
described earlier. This way, it will be easier to differentiate between the putamen and the
other 2 structures later on.
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The Nucleus Accumbens
The Acc is located underneath the anterior limb of the internal capsule, between the
head of the caudate nucleus and the putamen, parallel to the midline, mostly ahead
and inferior to the anterior commissure (ventral to the anterior commissure). The Acc
progresses from a round shape to a dorsal-lateral flattened shape. The human Acc is a
structure whose limits are very difficult to define, particularly its anterior limit, which is
often indistinguishable from the caudate and the putamen nuclei (dorsal striatum).
To differentiate between the caudate and the Acc, demarcate the following anatomical
landmarks that can be identified when moving from posterior to anterior in the coronal
plane:
• Anterior limit: The ACC anterior limit has been considered to be the point where the
rostral limit of the internal capsule starts separating the caudate from the putamen.
As indicated in figure 4.1.

Figure 4.1.1 Anterior limit of the Acc on the right side: internal capsule separates caudate from putamen (as
indicated by the red arrow)

• Posterior limit: In the majority of the atlases, the level of the anterior commissure
is accepted as the Acc posterior limit. The Acc ends at the level where the anterior
commissure becomes discontinuous, in the coronal plane. As indicated below in
figure 4.1.2.
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Figure 4.1.2 Posterior limit of the Acc: anterior commissure (as indicated by the red arrow)

As one moves from posterior to anterior in the coronal plane, we assume that any slice
between these 2 demarcation landmarks, includes GM that forms either part of the Acc
or the caudate. At the level of the brain where the Acc and caudate are both included (the
area in between the anatomical landmarks), you use the bottom of the lateral ventricles,
as the inferior border of the caudate, drawing a straight vertical line at that level (figure
4.1.3 and 4.1.4: left caudate). Any GM inferior to that level (bottom ventricles) is probably
(part of) the Acc and should not be included as part of the delineation of the caudate. At
the level of the brain where you have encountered the anterior limitation landmark, any
GM that lies ventral to this demarcation point should be outlined as part of the (head of)
the caudate (figure 4.1.3 and 4.1.4: right caudate).

Figure 4.1.3 Anterior limit of the Acc: delineation of the right caudate (at the point of anterior limit) and the left
caudate (dorsal to the anterior limit), using the bottom of the ventricles as the inferior border
In brown: right caudate; in orange: right thalamus; in pink: right putamen; in blue: left caudate; in green: left
thalamus; in turquoise: left putamen.

Because the bottom of the ventricles will not follow a perfect horizontal line when moving
from posterior to anterior (as you can see in the sagittal plane), images may appear as
intermitted delineations on the axial images, which should be corrected for by filling the rest
of the structure (this will fill up the corner that you see on the sagittal plane in figure 4.1.4):
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Figure 4.1.4 Intermitted delineations in the axial plane should be corrected for
In brown: right caudate; in orange: right thalamus; in pink: right putamen; in blue: left caudate; in green: left
thalamus; in turquoise: left putamen.

The delineations of the head of the caudate ventral to the anterior limits, will appear on
the axial images as depicted in figure 4.1.5, and should not be corrected for as the dorsal
aspect is probably part of the Acc.

Figure 4.1.5 Delineations of the caudate ventral to the anterior limits:
In brown: right caudate; in orange: right thalamus; in pink: right putamen; in blue: left caudate; in green: left
thalamus; in turquoise: left putamen.

Anterior & posterior border: edge tracing process:
To identify the anterior and posterior border of the caudate, use the sagittal view as a
reference. Find a scan of its middle part, where the GM is clearly distinguished from the
WM and where the caudate is at its largest size. Then, outline the caudate on this particular
slice (figure 4.2 and 4.3), to serve as a threshold boundary for the segmentation process
on the axial scans. Caution should be taken when outlining the tail of the caudate, as
it is separated from the head of the caudate on the axial images, however, should be
included in the segmentation process (figure 4.4).
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Figure 4.2 Anterior border of the caudate
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Figure 4.3 Posterior border of the caudate

Figure 4.4 Tail of the caudate

Anterior border: anatomical definition:
Its enlarged anterior portion, or head, lies rostral to the thalamus and bulges into the
anterior horn of the ventricle. The head of the caudate nucleus and the putamen are
separated by fibers of the anterior limb of the internal capsule, except rostroventrally
where continuity is maintained. As described earlier, any "projections" or tissue "bridges"
between the caudate and putamen should be included as part of the caudate.
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Posterior border: anatomical definition:
The dorsal aspect of the caudate, surrounded by WM, has no adjoining structures that
may interfere with its identification.
It should be decided that the tail of the caudate terminates at a point where it is not clearly
visible anymore (figure 4.3), as opposed to some sort of cutoff point that is determined
by the appearance of another structure.

Inferior & superior border: edge tracing process:
Inferior border:
Beginning rostrally and ending caudally, the following guidelines apply to the tracing of
the inferior edges of the caudate: at the level of the brain, occupied by the Acc, the inferior
border of the caudate is identified as described earlier (see the part on: differentiation
between the caudate and the Acc). Moving further from Acc to more posteriorly, the inferior
border can be identified in the same manner as described below for the superior border.

Superior border:
To identify the superior border of the caudate, start with the sagittal view as a reference
(using the same scan as for the anterior and posterior borders) finding a scan of its middle
part, where the GM can be clearly distinguished from the WM and where the putamen is
at its largest size. Then, outline the caudate on this particular slice (figure 4.5, to serve as
a threshold boundary for the segmentation process on the axial scans.

Figure 4.5 Superior border of the caudate

Inferior & superior border: anatomical definitions:
The inferior boundary of the caudate starts directly above the Acc, at the level of the
anterior horn of lateral ventricle or subventricular zone. The caudate superior boundary
lies above the thalamus and lateral to the confluence of the anterior and posterior horns
of the lateral ventricles.
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Medial & lateral border: edge tracing process:
To identify the medial and lateral border of the caudate, start with the axial view as a
reference, finding a scan of its middle part, where the GM can be clearly distinguished
from the WM and where the caudate is at its largest size. Then, outline the caudate on this
particular slice (figure 4.6 and 4.7), to serve as a threshold boundary for the segmentation
process on the axial scans.

Figure 4.6 medial border of the caudate
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Figure 4.7 Lateral border of the caudate

Medial border: anatomical definition:
Care should be given not to include cerebrospinal fluid or meningeal artifacts on the
medial aspect of each caudate.

Lateral border: anatomical definition:
The lateral delineation of the caudate (the anterior and further on– posterior limb of
the internal capsule) is somewhat easier to identify due to its distinctive light colored
appearance (figure 4.8). Lateral projections of caudate tissue (projecting towards and in
some cases abutting on the putamen) should be included in the traces.
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Figure 4.8 lateral ventricle (pink), caudate (blue) and the internal capsule (red arrow)
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File S2: Sparse contour simulation and training of
FASTSURF
Similar as described by Bartel et al. (2019), we extracted sparse contours from fully
manually segmented structures. The segmented structures were converted to meshes
using the marching cubes algorithm and sparse contours were extracted at regular
intervals serving as input for FASTSURF.
FASTSURF segmentations were compared to the fully manually segmented structures to
evaluate FASTSURF’s performance. These segmentations were transformed to meshes
using the marching cubes algorithm which were compared to FASTSURF meshes using
the method described by Bartel et al. (2019). A few parameters can be set in FASTSURF
and optimal settings may vary depending on the shape of the structure: 1) The orientation
of outlining planes (axial, coronal or sagittal), 2) the number of the outlined contours
(Ncontours), 3) the number of intermediate contours added by FASTSURF between two
outlined contours (Ninter), and 4) the number of points used for each contour (Npoints).
We used the training set (see section Dataset and MRI acquisition) to determine optimal
parameter settings for FASTSURF, by selecting the highest mean volume overlap, defined
, between the FASTSURF and fully manually segmented
by the highest Jaccard index
structures. The training was performed in three steps:
I.

Find the optimal plane in which sparse contours should be delineated, with given
parameters: Ncontours = {4, 6, …,10}, Ninter = 4 and Npoints = 100.

II. Find the optimal Ninter for FASTSURF for each structure with the use of the optimal
plane and given parameters: Ncontours = {4, 6, …,10} and Npoints = 100.
III. Find the optimal Npoints ranging from {30, 50, …, 300} and optimal Ncontours
(4, 6, 8 and 10) with the use of the optimal plane and Ninter.
Results of the separate training steps are provided in Tables S1-S4 of the supporting
information. In these Supporting Tables all the outcomes of the different training options
are shown. In bold the highest Jaccard Index is shown and this option is then chosen as
best option. Table S5 presents the resulting optimal settings for each structure (both
hemispheres combined) derived from the training set.
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File S3: Converting Jaccard index to CIgen
When the objects to be compared consist of closed surfaces, instead of delineated
pixels or voxels, the computation of CIgen becomes cumbersome. We therefore derived a
formula by which it can be expressed in terms of the better known pairwise conformities
between the objects. In Bartel et al. (2016) we showed how to compute these pairwise
conformities for mesh structures representing surfaces.
We start with the Jaccard index op

between two objects

and

defined as:
(1)

where
volume of

is the volume of the cross section,
and

the volume of

Using this formula the intersection

is the union of both objects,

the

.
union

can be expressed as:
(2)
(3)

Then, starting from the definition of generalized conformity and substituting (2) and (3)
we find:
(4)

In the numerator and denominator we use two definitions

and

and find:

(5)

Formula 5 can be used to calculated the CIgen when all pairwise

are already known.
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Table S1. Jaccard index of reconstructed FASTSURF structures versus fully manual segmented with Ninter = 4a,b

Structure

Ncontours

Plane
Axial

Coronal
Caudate
nucleus

Putamen

Thalamus

a

4

0.586

±

Sagittal

0.044

0.709

±

0.047

0.619

±

0.121

6

0.764

±

0.033

0.820

±

0.030

0.749

±

0.107

8

0.842

±

0.028

0.842

±

0.029

0.787

±

0.079

10

0.862

±

0.031

0.868

±

0.032

0.819

±

0.062

4

0.712

±

0.038

0.809

±

0.037

0.804

±

0.053

6

0.867

±

0.022

0.867

±

0.032

0.856

±

0.041

8

0.884

±

0.024

0.891

±

0.036

0.888

±

0.037

10

0.901

±

0.027

0.895

±

0.032

0.891

±

0.038

4

0.803

±

0.033

0.819

±

0.036

0.823

±

0.046

6

0.879

±

0.028

0.878

±

0.027

0.886

±

0.030

8

0.903

±

0.022

0.911

±

0.024

0.912

±

0.030

10

0.918

±

0.017

0.918

±

0.025

0.922

±

0.023

Mean±standard deviation
Numbers in bold are highest mean volume overlap per structure and per Ncontours.

b

Jaccard index =
Abbreviations: Ninter = amount of intermedia lines used between the sparse contours for reconstruction, Npoints
= amount points on a sparse contours for reconstruction and Ncontours = amount of extracted sparse contours.
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Table S2. Jaccard index of reconstructed FASTSURF structures versus fully manual segmented with optimal plane
(see Table S1) a,b

Structure

Ncontours

Ninter
4

3
4

0.732

±

0.048

0.731

±

0.047

0.731

±

0.048

Nucleus

6

0.827

±

0.030

0.826

±

0.030

0.827

±

0.030

8

0.840

±

0.030

0.840

±

0.029

0.840

±

0.029

10

0.873

±

0.032

0.873

±

0.032

0.870

±

0.031

4

0.814

±

0.037

0.813

±

0.037

0.807

±

0.038

6

0.860

±

0.032

0.859

±

0.032

0.855

±

0.032

8

0.881

±

0.036

0.880

±

0.036

0.878

±

0.036

10

0.895

±

0.027

0.894

±

0.027

0.893

±

0.026

Putamen

Thalamus

a

5

Caudate

4

0.822

±

0.046

0.823

±

0.046

0.822

±

0.045

6

0.886

±

0.030

0.886

±

0.030

0.885

±

0.028

8

0.912

±

0.030

0.911

±

0.030

0.910

±

0.030

10

0.924

±

0.022

0.922

±

0.023

0.921

±

0.023

6

Mean±standard deviation
Numbers in bold are highest mean volume overlap per structure and per Ncontours.

b

Jaccard index=
Abbreviations: Ninter = amount of intermedia lines used between the sparse contours for reconstruction, Npoints
= amount points on a sparse contours for reconstruction and Ncontours = amount of extracted sparse contours.
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0.874 ± 0.027

0.888 ± 0.031

0.900 ± 0.021

6

8

10

0.842 ± 0.029
0.869 ± 0.032

0.787 ± 0.079
0.819 ± 0.062

0.925 ± 0.022

0.913 ± 0.030

0.887 ± 0.029

0.822 ± 0.045

0.899 ± 0.024

0.890 ± 0.034

0.869 ± 0.032

0.924 ± 0.022

0.912 ± 0.030

0.886 ± 0.030

0.926 ± 0.025

0.925 ± 0.025

0.887 ± 0.029
0.913 ± 0.031

0.886 ± 0.030
0.914 ± 0.030

0.822 ± 0.046

0.903 ± 0.025

0.821 ± 0.046

0.903 ± 0.025

0.902 ± 0.027
0.823 ± 0.046

0.871 ± 0.032
0.892 ± 0.037

0.870 ± 0.033
0.891 ± 0.036

0.814 ± 0.037

0.869 ± 0.033

0.841 ± 0.029

0.821 ± 0.030

0.869 ± 0.032

0.813 ± 0.037

0.869 ± 0.031

0.841 ± 0.030

0.821 ± 0.029

200
0.713 ± 0.050

250

300

0.872 ± 0.032

0.903 ± 0.025

0.926 ± 0.025

0.914 ± 0.031

0.887 ± 0.030

0.823 ± 0.046

0.927 ± 0.025

0.914 ± 0.031

0.888 ± 0.029

0.824 ± 0.046

0.903 ± 0.025

0.892 ± 0.037

0.872 ± 0.031
0.892 ± 0.037

0.815 ± 0.036

0.869 ± 0.033

0.840 ± 0.028

0.821 ± 0.030

0.714 ± 0.051

0.814 ± 0.036

0.869 ± 0.033

0.840 ± 0.029

0.820 ± 0.029

0.714 ± 0.050

and Ncontours = amount of extracted sparse contours.

Abbreviations: Ninter = amount of intermedia lines used between the sparse contours for reconstruction, Npoints = amount points on a sparse contours for reconstruction

Jaccard index =

150
0.712 ± 0.048

0.892 ± 0.036

0.811 ± 0.037

0.821 ± 0.030

0.749 ± 0.107

0.807 ± 0.041

100
0.710 ± 0.048

80

Npoint
0.619 ± 0.121

Numbers in bold are highest mean volume overlap per structure and per Ncontours.

0.915 ± 0.021

0.902 ± 0.029

0.885 ± 0.027

0.893 ± 0.024

0.828 ± 0.044

10

0.883 ± 0.034

0.863 ± 0.032

0.875 ± 0.024

0.857 ± 0.032

8

0.829 ± 0.045

0.842 ± 0.032

6

0.807 ± 0.041

4

0.792 ± 0.044

4

0.842 ± 0.029

0.868 ± 0.032

0.842 ± 0.028

0.862 ± 0.031

8

Mean±standard deviation

b

a

Thalamus

Putamen

50

0.709 ± 0.047

10

6

nuclues

30

0.586 ± 0.044

0.820 ± 0.030

4

Caudate

0.764 ± 0.033

Ncontours

Structure

Table S3. Jaccard index of reconstructed FASTSURF structures versus fully manual segmented with optimal plane and Ninter (see Table S1 and S2) a,b
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Table S4. Jaccard index of reconstructed FASTSURF structures versus fully manual segmented with optimal plane,
Ninter and Npoints (see Table S1, S2 and S3) a,b

Structure

Ncontours
4

Caudate

a

0.714

±

6
0.050

0.821

±

8
0.030

0.842

±

10
0.029

0.869

±

0.032

Putamen

0.815

±

0.036

0.872

±

0.032

0.892

±

0.037

0.903

±

0.025

Thalamus

0.824

±

0.046

0.888

±

0.029

0.914

±

0.031

0.927

±

0.025

Mean±standard deviation
Numbers in bold are highest mean volume overlap per structure and per Ncontours.

b

Jaccard index=
Abbreviations: Ninter = amount of intermedia lines used between the sparse contours for reconstruction, Npoints
= amount points on a sparse contours for reconstruction and Ncontours = amount of extracted sparse contours.

Table S5. Optimal settings derived in training

a

Structure

Plane

Ninter

Ncontoursa

Npoints

Caudate

Axial

3

10 [50%]

100

Putamen

Coronal

3

10 [24%]

150

Thalamus

Sagittal

3

10 [37%]

300

6

Percentage Ncontours versus number of slices in structure

Abbreviations: Ninter = amount of intermedia lines used between the sparse contours for reconstruction, Npoints
= amount points on a sparse contours for reconstruction and Ncontours = amount of extracted sparse contours.
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Table S6. Mean volume across three raters and the generalized conformity index (CIgen) reflecting overlap between
the raters separated by structure, hemisphere for both manual reference and ‘FASTSURF with sparse contours’.a

Structure

Set

Segmentation method

Mean volume (mL)

Caudate

Both

Manual

3.85

±

0.67

0.74

±

0.05

FASTSURF

3.78

±

0.63

0.74

±

0.05

Left

Manual

3.87

±

0.71

0.73

±

0.05

FASTSURF

3.81

±

0.68

0.73

±

0.05

Manual

3.82

±

0.64

0.75

±

0.04

FASTSURF

3.74

±

0.59

0.74

±

0.04

nucleus

Right

Putamen

Both

Left

Right

Thalamus

Both

Left

Right

a

Manual

4.65

±

1.02

0.74

±

0.06

FASTSURF

4.63

±

1.01

0.73

±

0.06

Manual

4.69

±

1.08

0.73

±

0.06

FASTSURF

4.67

±

1.08

0.73

±

0.06

Manual

4.61

±

0.96

0.75

±

0.05

FASTSURF

4.59

±

0.95

0.74

±

0.05

Manual

6.75

±

1.51

0.75

±

0.06

FASTSURF

6.72

±

1.52

0.75

±

0.06

Manual

6.78

±

1.50

0.76

±

0.04

FASTSURF

6.73

±

1.49

0.76

±

0.04

Manual

6.72

±

1.56

0.74

±

0.07

FASTSURF

6.70

±

1.55

0.74

±

0.07

Mean±standard deviation

Abbreviations: CIgen= generalized conformity index; mL= milliliters.
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Supplementary figure 1

6

Bland Altman scatter plots of the deep grey matter volume measurements of the MS patients and controls for
‘FASTSURF with de novo contours’.
The difference of two paired measurements [(FASTSURF–manual) / average] was plotted against the average of the
two measurements [(FASTSURF+manual) / 2].
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Abstract
Background: Deep grey matter (dGM) atrophy in multiple sclerosis (MS) and its relation
to cognitive and clinical decline requires accurate measurements. MS pathology may
deteriorate performance of automated segmentation methods. Accuracy of dGM
segmentation methods is compared between MS and controls, and the relation of
performance with lesions and atrophy is studied.
Methods: On images of 21 MS subjects and 11 controls, three raters manually outlined
caudate nucleus, putamen and thalamus; outlines were combined by majority voting. FSLFIRST, FreeSurfer, Geodesic Information Flow and volBrain were evaluated. Performance was
evaluated volumetrically (intra-class correlation coefficient (ICC)) and spatially (Dice similarity
coefficient (DSC)). Spearman's correlations of DSC with global and local lesion volume,
structure of interest volume (ROIV), and normalized brain volume (NBV) were assessed.
Results: ICC with manual volumes was mostly good and spatial agreement was high.
MS exhibited significantly lower DSC than controls for thalamus and putamen. For some
combinations of structure and method, DSC correlated negatively with lesion volume or
positively with NBV or ROIV. Lesion-filling did not substantially change segmentations.
Conclusions: Automated methods have impaired performance in patients. Performance
generally deteriorated with higher lesion volume and lower NBV and ROIV, suggesting
that these may contribute to the impaired performance.
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Introduction
In multiple sclerosis (MS), atrophy of deep grey matter (dGM) structures such as caudate
nucleus (caudate), putamen and thalamus is associated with cognitive and clinical
impairment.1-4 Accurate segmentations of these structures from structural MRI are key to
understanding these atrophic processes and their role in MS.
However, it is unclear whether dGM segmentation using state-of-the-art automated
method is as accurate in MS cases as in healthy controls. Since studies have shown
that white matter (WM) lesions and atrophy could affect measures such as whole-brain
(grey matter) GM volume, it could be expected that such pathology also affects dGM
measurement.1, 5-9
A direct comparison of automated method to expert manual segmentations (reference)
was performed by Derakhshan et al. (2010) in a small dataset containing 3 slices each
of 3 MS patients.1 The small number of subjects did not allow any analysis of relations
between segmentation performance and MS-related pathological changes.
Therefore, this study quantitatively investigated automated segmentation performance
in a whole brain dataset of 32 subjects including MS patients and healthy controls. Four
publicly available segmentation method packages (FSL-FIRST,10 FreeSurfer,11 Geodesic
Information Flow (GIF),12 and volBrain13) were evaluated in terms of volumetric and spatial
agreement with manual segmentations created by combing manual outlines of three
trained raters with majority voting. Moreover, the relation of segmentation accuracy
with total and regional lesion load, whole-brain volume, and volume of the structure of
interest was assessed to determine possible confounding disease relations factors.

Methods
Subjects
In total 21 MS patients and 11 healthy controls subjects were retrospectively selected
from two of the multi-center studies of the MAGNIMS Study Group (www.magnims.eu).14,
15
Demographic characteristics of the subjects are listed in Table 1. Subjects had been
recruited at nine European centers, see Supplementary data A for the centers.
The selection of the cases was based on maximizing the number of scanners and including
all MS subtypes, while considering the workload for the three raters. All patients and
controls had given informed consent for use of their brain MRI-scans for research within
the original study.
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Table 1. Demographics of the subjects.

Disease
status

Number of cases (Male/
Female)

Average age in
years ± std

Median EDSS score
(range)

Average
DD
year ± std

HC

11 (3/8)

37.6 ± 8.2

n.a.

n.a.

MS

21 (9/12)

43.2 ± 10.1

3.5 (6.0)

9.5 ± 6.9

RRMS

10 (4/6

39.8 ± 8.3

2.3 (2.5)

8.0 ± 9.8

SPMS

5 (3/2)

41.3 ± 8.9

4.0 (6.0)

11.0 ± 5.3

PPMS

6 (2/4)

49.4 ± 10.8

3.5 (4.5)

14.0 ± 4.0

Abbreviations; EDSS: expended disability status scale; DD: disease duration; std: standard deviation; HC: healthy
control; RR: relapsing remitting; SP: secondary progressive; PP: primary progressive.

Acquisition
An overview of acquisition parameters for each site is given in Supplementary Tables 1
and 2. Briefly, MRI data was obtained using 3 Tesla magnets of three vendors (Siemens,
Philips ad GE). One of the two following image sets was used: (1) 3D T1‐weighted scan
(different pulse sequences for different venders) and a dual-echo spin echo scan with
both 2D T2-weighted and 2D proton density (PD) weighted; or (2) 3D T1-weighted
magnetization prepared rapid gradient echo (MPRAGE) scan and 2D fluid attenuated
inversion recovery (FLAIR) T2-weighted fast spin echo sequence.

Manual segmentation of dGM structures
Manual segmentation of three dGM structures was performed using the SPINE online
environment for collaborative research (https://spinevirtuallab.org). The caudate nucleus,
putamen and thalamus were all manually segmented on the full 3D T1-weighted images
in each subjects by each rater. Four subjects were outlined blind a second time by each
rater to examine intra-rater variability. A summary of the segmentation protocol is added
to the supplementary data (Supplementary Protocol 1).
The manual segmentations by the three raters were combined into a reference using
majority voting (MV): i.e., a voxel was classified as part of a structure if at least 2 of the 3
raters assigned it to that structure.

Lesion segmentation
Lesion segmentation was also performed manual by one expert rater, on the FLAIR scan
or on the PD scan. The lesion segmentation was performed using the Medical Image
Processing, Analysis, and Visualization (MIPAV) software environment whereby only
lesions of at least three voxels were included.
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Lesion filling
Lesion-filling is a common pre-processing step in patients scans in which the intensities
of voxels identified as being part of WM lesions are replaced by intensities similar to
normal-appearing white matter. In this study, lesion-filling was applied using two
algorithms: lesion segmentation lbox (LST-LF),16 and LEAP, 8 and both versions of lesionfilled images as well as native images were analyzed. The lesion masks were first coregistered from their original PD or FLAIR space to 3D-T1 space using FSL-FLIRT with trilinear interpolation and a threshold of 0.5 because this was previously found to provide
good results for whole-brain GM volume measurements.6 The Supplementary data B
provide a description of LST-LF and LEAP.

Automatic dGM segmentation method
Within this study four automatic dGM segmentation methods were assessed; FSL-FIRST
(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FIRST), FreeSurfer (http://surfer.nmr.mgh.harvard.
edu), volBrain (http://volBrain.upv.es) and GIF (http://niftyweb.cs.ucl.ac.uk).
FSL-FIRST, version 6.0.1, has previously been descripted by Patenaude et al. (2011).10
In short, FSL-FIRST finds the most plausible outline based on the observed intensities
from the T1-weighted input image using shape and appearance models derived from a
large training dataset. Surface meshes of the subcortical structures were converted to
boundary corrected voxelwise segmentations.
FreeSurfer, version 6.0.0. is descripted on the FreeSurferWiki page. In short, labels are
assigned to each voxel in the subcortical region (WM + subcortical GM). From these
segmentations the binary segmentations for the individual structure were extracted.11
Geodesic Information Flow (GIF), versions V2.0, uses manually created atlases for
segmentations of the input images. GIF captures the local variation in morphology and
standard space locations. With use of an iterative geodesic minimization algorithm and
the manual labels, more accurate segmentations are expected.12
VolBrain, version 1.0 is an online pipeline for volumetric brain analysis The proposed
pipeline is based on a library of manually atlases cases to perform the segmentation
process, including subcortical structure segmentation as proposed by Coupé et al.
2011.13, 17

Brain volume
The normalized brain volume (NBV) and brain volume (BV) were measured with
SIENAX (part of FSL version 5.0).18 SIENAX is the cross-sectional pipeline of the SIENA
method.19 Based on voxel intensities it estimates partial volume fractions of GM, WM and
cerebrospinal fluid (CSF) for each voxel. Volumes of GM and WM were added to obtain
BV. SIENAX performs normalization of skull size to MNI space to obtain NBV.
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Relation with MS pathology
The association of automatic segmentation performance, as measured by DSC, with
multiple MS related disease parameters, i.e. WM lesion load, regional lesion load,
normalized brain volume (NBV) and dGM structure volume, was investigated. WM lesion
load was determined from the manual lesion outlines. Regional lesion load was evaluated
by measuring the lesion load within a pre-defined distance from the dGM structure (see
Figure 1). The distance of each voxel to the reference of the structure was calculated
to make a distance map. By thresholding of the structure-specific distance map and
masking with the subject-specific WM mask obtained with FreeSurfer, for each case, a
“surrounding WM border” region at distances of 0-10 mm was defined. Region-specific
lesion volumes were obtained by masking the WM lesion mask in 3D-T1 space with these
WM surrounding WM border.

Figure 1. Method for lesion load calculation within a set border.
A) a distance field is created around dGM structure, in this case the caudate nucleus. B) Distance is set around the
dGM structure, seen in grey. C) An overlay is created between the dGM border and the lesion mask in T1 space. In
grey the lesion border is shown, in red the lesions without overlap with the border and in yellow the lesions with
overlap in the border.

Statistical analyses

Statistical
analyses
Intra-rater agreement was measured between the first and second manual segmentation of the

Intra-rater agreement was measured between the
first and second manual segmentation
structures with the Dice similarity coefficient (DSC).20
of the structures with the Dice similarity coefficient (DSC).20

𝐷𝐷𝐷𝐷𝐷𝐷(𝐴𝐴, 𝐵𝐵) =

2(𝐴𝐴 ∩ 𝐵𝐵)
𝐴𝐴 + 𝐵𝐵

with A and B defined as the se
with A and B defined as the segmentations and where ∩ is the intersection of the two
segmentations.
Volumetric analysis was done by comparing the volume of the reference with volumes of
the automated segmentation. Moreover, the intra-class correlation coefficient (ICC) for
absolute agreement was calculated.21
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Spatial overlap between reference and automated method was measured with DSC. Student’s
t test was used to compare DSC with the reference between controls and patients. To assess
the effect of lesion-filling, Student’s t tests were performed comparing DSC of native images
separately with those from each of the two lesion-filling methods (LEAP and LST).
The relation of disease pathology with spatial performance was examined using
Spearman's correlation coefficient, in which 0.0<|r|<0.2 was considered a weak
correlation, 0.2≤|r|<0.5 a moderate correlation and |r|≥0.5 a strong correlation.22
For all statistical analysis P-values < 0.05 were considered statistically significant.

Results
Manual segmentation
Volumes of the reference dGM structures are listed in Table 2. Intra-rater agreement was
assessed with DCS per structure for three cases (Table 3). Intra-rater DSC was consistently
high, with DSC≥0.85 for all the experts across all six dGM structures. No difference in
inter-rater DSC was observed between raters or between dGM structures.

Performance of automated methods

7

Volumetric agreement
dGM volumes of the reference and automatic segmentations were compared. In Figure 2,
an example T1 image is shown along with the corresponding segmentations of reference
and automated method. Table 2 and Figure 3 show the volumetric and spatial agreement
between reference and automated method. Over the total dataset (n=32) automated
volumes all differed from reference segmentations: caudate and putamen volumes were
on average underestimated by all automated method, while thalamus volumes were
overestimated by FSL-FIRST and FreeSurfer and underestimated by GIF and volBrain (all
p<0.01). Despite these systematic differences, ICC for FSL-FIRST, FreeSurfer and volBrain
varied between good (0.60≤ICC<0.75) and excellent (ICC≥0.75) and for GIF from fair
(0.40≤ICC<0.60) to excellent (Table 3).

Figure 2. T1 weighted images and segmentation of majority voting, FSL-FIRST, Freesurfer, GIF and volBrain.
Segmentations of both left and right hemisphere and for all three structures; caudate, putamen and thalamus.
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Table 2. For all structures and hemispheres, first the mean volume ± standard deviation (std) in millimeter of
reference and the four automated segmentation software. Secondly, the intra-class correlation coefficient (ICC)
and mean dice similarity coefficient (DSC) ± std between the reference and the segmentation of the automated
segmentation software.
Method

Left Caudate

N = 32

Volume

Right Caudate

Reference

3.99±0.64

FSL-FIRST

3.46±0.45

0.69

0.84±0.04

FreeSurfer

3.55±0.52

0.74

0.76±0.09

GIF

3.52±0.42

0.50

volBrain

3.55±0.55

0.85

ICC

DCS

ICC

DCS

ICC

DCS

3.53±0.49

0.81

0.84±0.04

3.75±0.58

0.68

0.77±0.09

0.83±0.04

3.73±0.47

0.60

0.83±0.05

0.83±0.07

3.57±0.54

0.86

0.83±0.07

ICC

DCS

3.98±0.60

Left Putamen
Volume

Volume

Right Putamen
Volume

Reference

4.79±0.79

4.65±0.73

FSL-FIRST

4.85±0.73

0.94

0.88±0.03

4.83±0.79

0.93

0.87±0.04

FreeSurfer

4.60±0.88

0.94

0.81±0.08

4.66±0.88

0.96

0.81±0.07

GIF

4.37±0.70

0.98

0.80±0.03

4.34±0.65

0.92

0.81±0.03

volBrain

4.09±0.65

0.77

0.84±0.06

4.04±0.60

0.80

0.84±0.06

ICC

DCS

Left Thalamus
Volume

Right Thalamus
ICC

DCS

Volume

Reference

6.83±1.19

FSL-FIRST

7.87±1.01

0.76

0.82±0.05

7.69±0.98

0.79

0.83±0.05

FreeSurfer

7.32±1.10

0.80

0.77±0.08

6.93±1.01

0.95

0.78±0.08

GIF

5.81±0.76

0.72

0.77±0.04

5.67±0.68

0.64

0.76±0.04

volBrain

5.47±1.01

0.68

0.80±0.07

5.39±0.98

0.67

0.80±0.07

N = amount of subjects.
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Figure 3. majority voting segmentation volume and volume by automatic segmentation are given for each deep
grey matter structure and segmentation method.
Volumes are given in milliliter.
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Table 3. For all structures and hemispheres the spatial overlap of intra rater agreement.

Left
Caudate

Right
Caudate

Left
Putamen

Right
Putamen

Left
Thalamus

Right
Thalamus

Expert 1

0.87 ± 0.031

0.87 ± 0.037

0.89 ± 0.047

0.91 ± 0.026

0.87 ± 0.035

0.88 ± 0.007

Expert 2

0.87 ± 0.051

0.88 ± 0.032

0.85 ± 0.039

0.88 ± 0.018

0.89 ± 0.031

0.88 ± 0.022

Expert 3

0.92 ± 0.004

0.92 ± 0.008

0.91 ± 0.022

0.92 ± 0.016

0.89 ± 0.022

0.91 ± 0.008

Spatial overlap is shown with the mean dice similarity coefficient ± standard deviation and is calculated over four
subjects.

Spatial agreement
The DSC between reference and automatic segmentations were assessed. Table 4 and
Figure 4 show the DSC for both the controls and patients. For thalamus all the DSC were
significantly lower for patients compared to the controls (p<0.05). For putamen this was
the case for FreeSurfer and GIF, for both left as right hemisphere. The volumes were
however different in all cases, mostly lower. For the caudate only a significant difference
in DSC between controls and patients was found in right hemisphere for FreeSurfer and
Gif. In all cases, a large variation in DSC was observed for patients compared to controls,
see Figure 4.

156

Reduced accuracy of MRI deep grey matter segmentation in multiple sclerosis

Table 4. For all structures and hemispheres the spatial overlap between the “Gold standard” and the automated
segmentation methods for both control and patients group. With the spatial overlap the mean±standard dice
similarity coefficient.
Method

Caudate nucleus
Controls (N = 11)

FSL-FIRST

Patients (N = 21)

Left

Right

Left

Right

0.84±0.44

0.87±0.03

0.86±0.24

0.86±0.04

FreeSurfer

0.85±0.02

0.85±0.02

0.82±0.06

0.83±0.05

GIF

0.85±0.02

0.86±0.01

0.83±0.05

0.83±0.06

volBrain

0.88±0.02

0.88±0.02

0.87±0.03

0.87±0.02

Putamen
Controls (N = 11)

FSL-FIRST

Patient (N = 21)

Left

Right

Left

Right

0.89±0.03

0.88 ±0.04

0.88±0.03

0.87±0.04

FreeSurfer

0.89±0.01

0.88±0.01

0.85±0.05

0.86±0.03

GIF

0.82±0.02

0.83±0.01

0.80±0.03

0.81±0.02

volBrain

0.89±0.01

0.89±0.01

0.88±0.02

0.89±0.02

Thalamus
Controls (N = 11)
Left

Patient (N = 21)
Right

Left

Right

FSL-FIRST

0.86±0.02

0.86±0.03

0.81±0.05

0.81±0.06

FreeSurfer

0.85±0.02

0.86±0.02

0.83±0.05

0.83±0.05

GIF

0.80±0.01

0.77±0.02

0.77±0.03

0.75±0.04

volBrain

0.87±0.01

0.87±0.01

0.84±0.05

0.84±0.04

7

Values of patients are bold if they are significant different than controls (p-value < 0.05). N = amount of subjects.
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Figure 4. Dice similarity coefficients between MV and method per dGM structure for both healthy controls (HC)
and patients (green).
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Relation with pathology
Higher WM lesion load was associated with a lower performance of the automated
method: total WM lesion load was negatively correlated with DSC for all methods (Table
5 and Figure 5). The correlation was moderate strong for all structures and all for all
methods and both sides (|r|>0.2), however, not all significant, see Table 5. The regional
WM lesion load, i.e., that located within 10 mm of the structure, was also negatively
correlated with DSC (Table 5), however, these correlations ranged from weak to moderate
for putamen and thalamus and for caudate from moderate strong.
Table 5. Spearman correlation between the dice similarity index and lesion load (LL), regional lesion load (RLL),
normalized brain volume (NBV) and volume of region of interest (ROIV).
Method
N = 21
FSL-FIRST

Left Caudate

Right Caudate

LL

RLL

NBV

ROIV

LL

RLL

NBV

ROIV

-0.31

-0.52*

-0.88

0.45*

-0.33

-0.41

0.36

0.53**

FreeSurfer

-0.60**

-0.49*

0.20

0.47**

-0.57**

-0.62*

0.25

0.37*

GIF

-0.68**

-0.57**

0.25

0.17

-0.57**

-0.63*

0.34

0.38*

-0.43

0.17

0.61**

-0.57**

-0.58*

0.18

0.82**

volBrain

-0.34

Left Putamen

Right Putamen

LL

RLL

NBV

ROIV

LL

RLL

NBV

ROIV

FSL-FIRST

-0.56**

-0.30**

0.69**

0.72**

-0.69**

-0.80**

0.43

0.62**

FreeSurfer

-0.26

-0.45

0.08

0.74**

-0.56**

-0.20

0.23

0.37**

GIF

-0.26

-0.25

0.52

0.65**

-0.54*

-0.50

0.40

0.59**

volBrain

-0.39

-0.09

0.43

0.56**

-0.34

-0.68**

0.44*

0.65**

Left Thalamus

Right Thalamus

LL

RLL

NBV

ROIV

LL

RLL

NBV

ROIV

FSL-FIRST

-0.46*

-0.16

0.36

0.54**

-0.52*

-0.27

0.29

0.42*

FreeSurfer

-0.53*

-0.30

0.30

0.26

-0.49*

-0.38

0.46*

0.64*

GIF

-0.42

-0.43

0.18

0.52**

-0.23

-0.29

0.18

0.44*

volBrain

-0.30

-0.16

0.45*

0.48**

-0.31

-0.26

0.41

0.63**

Correlation is measured for all structures, hemispheres and automated segmentation software. With α for *<0.05

and **<0.01 for significant spearman correlation. N = amount of subjects.

Both NBV and the volume of the structure of interest itself were positively correlated
with DSC (Table 5). The correlations between NBV and DSC were often not significant and
ranged between weak and strong for the different structures, methods and sides. The
correlations between volume of the structure and DSC were often significant. Only the
correlation of DSC and volume measured on left caudate with GIF and on left thalamus
with FreeSurfer were not significant. The correlations ranged for the putamen, thalamus
and right caudate from moderate strong and for left thalamus from weak strong.
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Figure 5. Dice similarity coefficients versus lesion load, represented per dGM structure and segmentation method and left (blue) and right (green) hemisphere.
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To overcome the effect of lesions, two lesion-filling methods (LST-LF and LEAP) were
used. Two-way ANOVA analysis per hemisphere, per method and dGM structure showed
no significant difference in segmentation volume and DSC for both lesion filling methods
compared to native (non-filled) patients images (see Supplementary Figure 1 and
Supplementary Table 4). Moreover, Student’s t test showed no significant difference in
volume and DSC between both filling methods and native patient images (Table 6).
Table 6. For all structures, hemispheres and automated segmentation method the p-value of students t-test
between dice similarity index of non-filled and filled T1 images before applying automated segmentation method.

Method
N = 21

LEAP

Left Caudate
LST-filling

FSL-FIRST

0.70

0.90

0.79

0.73

FreeSurfer

0.73

0.75

0.16

0.56

GIF

0.84

0.76

0.78

0.54

volBrain

0.75

0.84

0.84

0.79

LEAP

Left Putamen

Right Caudate
LST-filling

Right Putamen

LEAP

LST-filling

LEAP

LST-filling

FSL-FIRST

0.55

0.92

0.91

0.97

FreeSurfer

0.89

0.56

0.89

0.97

GIF

0.36

0.86

0.25

0.90

volBrain

0.86

0.95

0.79

Left Thalamus

7

0.51
Right Thalamus

LEAP

LST-filling

LEAP

LST-filling

FSL-FIRST

0.56

0.95

0.63

0.95

FreeSurfer

0.85

0.87

0.86

0.98

GIF

0.84

0.96

0.94

0.88

volBrain

0.98

0.98

0.78

0.89

Filling is done with LEAP and LST.
N = amount of subjects

161

CHAPTER 7

Discussion
Using a systematic and objective evaluation against a consensus of manual segmentations
in a multi-center dataset, this multi-center study provides evidence that automated dGM
segmentation methods performed worse on brain scans of MS patients than on MRI of
healthy controls. Higher lesion volumes were associated with poorer dGM segmentation
performance.
The accuracy of dGM segmentations is not an academic question, but also has great
clinical importance. As clinical and cognitive deterioration in MS have been linked to
brain and GM atrophy,5, 23, 24 and several treatments are now available that appear to
reduce brain atrophy rates in MS.25-28 Accurate measurement of the volumes of dGM
structures in MS is becoming especially important, because of the strong relation of dGM
atrophy with cognitive impairment. This study reveals that existing dGM segmentation
methods perform not as accurate in MS patients as in controls, as reflected by the lower
DSC (overlap) scores. This implies that the results may incorporate increased random
variability and bias when applied to MS cases and should be interpreted with great
caution. In the future methodological improvements are required to achieve better
performance in MS.
Only a limited number of studies directly investigated the performance of dGM
segmentation methods when applied to MS. Derakhshan et al. (2010) evaluated six
automated segmentation method for GM atrophy on T1 MR images of three MS
patients.1 They concluded, that severe shortcomings are present in the segmentation of
dGM structures. The current study extends those findings substantially by investigating
a multi-center dataset comprising 21 MS subjects and 11 controls using full threedimensional manual segmentations of three dGM structures bilaterally. Importantly, by
using this dataset we were able to objectively compare several widely applied automated
segmentation techniques in a multi-center setting
In order to obtain insights that could aid in improving segmentation performance, we
investigated several possible causes. One important candidate reason for the reduced
accuracy of dGM segmentation in MS, is the presence of focal WM lesions. Previous
work on whole-brain total GM volume measurement has shown that MS WM lesions
affect the GM volume measurement for a number of different method packages. 6-9,
29
Similarly, the presence of local or overall brain atrophy or diffusions damage could
affect the performance of segmentation methods.30 The precise mechanism behind
these deteriorating effects may differ between method packages, but could include
effects on image intensity histograms, image registration and non-brain tissue removal.5
Therefore, we investigated whether total lesion load, regional lesion load, NBV and the
volume of the structure itself were related to the performance of the automated dGM
segmentation method. The strongest association with poorer accuracy in MS cases
compared to healthy controls was observed for total WM lesion load. Higher regional
lesions load and lower total and local brain volumes were also associated with poorer
162
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segmentation performance, but less strongly. It should be mentioned that the small size
of regional lesion load – which is confined to a narrow region around the structure of
interest - and the relatively small number of MS patients may have hampered our ability
to detect this association.
While the accuracy of the segmentation was the most important focus of the present
work, the accuracy of the resulting volumes may be considered even more important
from a clinical viewpoint. Here , systematic differences were observed between the
automated methods and the reference measurements. We also saw a difference
between the volumes obtained using different methods for each structure separately.
The automated methods underestimated volumes of caudate and putamen while the
volume of thalamus was generally overestimated. This difference could be related to
the different anatomical definitions used in the manual standard and the automated
methods. An example is the question whether the lateral geniculate nuclei bodies
should be included or excluded when segmenting the thalamus.31 The differences for
the structures could also be indirectly related to disease effects: due to the anatomical
location of the structures, some brain regions are more prone to contain lesions than
others or could be more affected by regional atrophy (both of which could impair dGM
segmentation). A study with more patients and a more diverse lesion load could give
more insight if the automated method performs differently on dGM structures.
It has been suggested that filling lesions increases accuracy of total GM segmentation we
also expected an improvement of dGM segmentation after lesions filling. 6, 29, 32 However,
we measured no difference in performance of the automated method compared to
manual segmentation after filling lesions. This is also shown in 2014 by Popescu et al.
for filling with FLS-lesion filling and LEAP and segmentation with FSL-First for multiple
dGM structures (e.g. thalamus, putamen, caudate nucleus, brainstem).6 So, it seems that
lesion filling increases accuracy of total GM segmentation, however it does not increase
accuracy of dGM segmentation. Our hypothesis on this is that an underlying factor such
as regional atrophy or GM lesion load or a combination of the pathology aspects (e.g.
lesion load, atrophy, NAWM, diffusion damage) could be a cause.
Moreover, we suggest a study on the effect of WM-GM contrast-to-noise ratio which might
cause thise effect. As MS pathology both affect the WM and GM it is possible that the WMGM contrast ratio is changed, this can be due to iron change, damage of WM and/or GM.33
Westlye et al. (2009) showed in Alzheimer’s Disease (AD) that cortical thickness in subjects
with regionally reduced tissue contrast was overestimated compared to subjects without
reduces tissue contrast. They indicate that the overestimation is related to alterations in
myelin density and water compartment close to the WM. Moreover, adjusting for local
variability in tissue contrast could correct the overestimation.34 Therefore, further studies
should investigate this in MS and moreover, other possible causes (e.g. diffuse signal
changes, effect of image processing) should be investigated as well.
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Furthermore, as it is important to have segmentation with accurate spatial level for
correct localization and shape, future research could take are more in-depth approach
regarding shape analysis e.g. quantitative vertex displacement analysis.35 This analysis
enables the finding of vertexes which have a significantly different shape from the
reference and would be of added value in unraveling why some method packages are
outperforming others.
In conclusion, performance of four state-of-the-art automated dGM segmentation
method is impaired in MS, which warrants caution in interpreting dGM volumes both
in group studies and in individual patients. Poorer accuracy was associated with higher
WM lesion load and smaller global local brain volumes, but the mechanism is not yet
undersd. Remarkably, the impaired performance was not improved by lesion-filling.
More research is needed to understand the underlying causes of the reduced accuracy
and then eliminate their effects.
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Supplementary material
Supplementary data A:
The nine centers which recruited subjects for this study:
1. Amsterdam UMC – location VUmc, Amsterdam (The Netherlands)
2. Hospital Vall d’Hebron, Barcelona (Spain)
3. University Hospital Basel, Basel, (Switzerland)
4. Glostrup University Hospital, Cophagen, (Denmark)
5. Medical University Graz, Graz (Austria)
6. University College London, London (UK)
7. San Raffaele Scientific Institute, Milan (Italy)
8. Second University of Naples, Naples (Italy)
9. University of Siena, Siena (Italy).

Supplementary data B:
Description of LST-LF and LEAP
LST-lesion filling (LST-LF) 16 requires a lesion mask together with a 3D T1 weighted image
and FLAIR image as input. LST-lesion filling is part of the Lesion Segmentation lbox (LST).
For the filling part also lesion segmentation part of the LST methods is needed. Therefore,
we first segmented lesion on the HC with lesion with LST and after wards replaced the
generated lesion mask with the manual outlined lesion mask. This resolves in that the
LST-lesion filling will fill the same lesions as the other methods. LST-lesion filling uses
local information this allows accurate filling of lesions even on the images that are not
corrected for biased field.
LEAP extracts the brain. next the images are corrected for non-uniformity using N3 36. A
3D image containing WM signal intensity values is generated. without any lesions. based
on the noise and signal inhomogeneity of the original image. The last step in the LEAP
pipeline is to replace the lesion intensities in the original image with intensity values
taken from corresponding locations in the simulated WM image.

Supplementary Protocol
This segmentation protocol describes how to manually trace, on 3D T1-weighted MRIscans, three deep grey matter (dGM) structures: the thalamus, caudate, and putamen. The
protocol describes the procedure of the manual segmentation, the anatomical borders
of the structures and how the edges of the structures can be traced. The segmentation
procedure consists of two phases: first, demarcating the edges of the dGM structures
on orthogonal scans, and second, outline and filling the inside of the path the rater has
defined by the borders of the structures in axial view.
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Short description of the border:
• Caudate nucleus
The anterior border is separated by fibers of the anterior limb of the internal capsule.
The posterior border is the WM and no structures that may interfere with its
identification.
The inferior border is directly above the accumbus nucleus.
The superior border lies above the thalamus and lateral to the lateral ventricle.
The medial border lateral ventricle.
The lateral border is the WM and no structures that may interfere with its
indentification
• Putamen
The anterior border is bounded by the anterior limb of the internal capsule and the
anterior perforated substance.
The posterior border is separated from the caudate by parts of the anterior and
posterior limb of the internal capsule.
The inferior border is the external capsule.
The superior border is the internal capsule.
The medial border is located the external medullary lamina of the globus pallidus,
pallidum or internal capsule.
The lateral border is the small amount of WM between the lateral part of the
putamen and claustrum.
• Thalamus
The anterior border is just posterior to the commissure.
The posterior border is the superior and inferior colliculi and the atrium of the
lateral ventricle and/or the tail of the hippocampus.
The superior border is the lateral ventricle and the fornix.
The inferior border is the zona incerta and it junction with the internal capsule.
The medial border is the third ventricle.
The later border is the medial border of both the genu and the posterior limb of the
internal capsule.

168

Reduced accuracy of MRI deep grey matter segmentation in multiple sclerosis

Supplementary Table 1. Acquisition parameter of T1 image overview per center.

Center

TR (ms)

TE (ms)

TI (ms)

FA (◦)

Acquisition (Voxel size (mm3))
256x256x188 (0.976x0.976x1)

A

7.8

3

450

12

B

2300

2.98

900

9

232x256x176 (1x1x1)

C

1570

2.70

900

9

160x256x256 (1x1x1)

D

6.9

2.78

831

9

160x240x240 (1x1x1)

E

1900

2.1

900

9

224x256x176 (1x1x1)

F

2200

2.94

900

10

256x192x192 (1x1x1)

G

8.3

3.72

1000

8

256x256x192 (1x1x1)

H

5.5

1.76

450

10

256x256x188 (1x1x1)

I

8.3

3.72

1000

8

256x256x192 (1x1x1)

Abbreviations: TR=repetition time, TE=echo time, TI=inversion time, FA=flip angle.

Supplementary Table 3. P-value of ANOVA repeated measurement of Dice similarity coefficient and post hoc
analyze between the software’s for all hemispheres and structures.
Method

Left Caudate
p -value ANOVA <0.001

Right Caudate
p -value ANOVA <0.001

FSL-FIRST

FreeSurfer

GIF

volBrain

FSL-FIRST

FreeSurfer

GIF

volBrain

FSL-FIRST

-

<0.001

0.004

<0.001

-

<0.001

<0.001

<0.001

FreeSurfer

<0.001

-

<0.001

<0.001

<0.001

-

<0.001

<0.001

0.004

<0.001

-

<0.001

<0.001

<0.001

-

<0.001

<0.001

<0.001

<0.001

-

<0.001

<0.001

<0.001

-

GIF
volBrain

Right Putamen
p -value ANOVA <0.001

Left Putamen
p -value ANOVA <0.001
FSL-FIRST

FreeSurfer

GIF

volBrain

FSL-FIRST

FreeSurfer

GIF

volBrain

FSL-FIRST

-

<0.001

<0.001

0.569

-

<0.001

<0.001

0.002

FreeSurfer

<0.001

-

0.723

<0.001

<0.001

-

0.433

<0.001

GIF

<0.001

0.723

-

<0.001

<0.001

0.443

-

<0.001

0.569

<0.001

<0.001

-

0.002

<0.001

<0.001

-

volBrain

Right Thalamus
p -value ANOVA <0.001

Left Thalamus
p -value ANOVA <0.001
FSL-FIRST

FreeSurfer

GIF

volBrain

FSL-FIRST

FreeSurfer

GIF

volBrain

FSL-FIRST

-

<0.001

<0.001

<0.001

-

<0.001

<0.001

<0.001

FreeSurfer

<0.001

-

0.733

<0.001

<0.001

-

0.016

<0.001

GIF

<0.001

0.733

-

<0.001

<0.001

0.016

-

<0.001

volBrain

<0.001

<0.001

<0.001

-

<0.001

<0.001

<0.001

-
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Supplementary Table 4. ANOVA repeated measurement between non filling and filling with both LEAP and LST
Method

Left Caudate

Right Caudate

Volume

DSC

Volume

DSC

F-value

0.030

0.111

0.771

0.566

P-value

0.99

0.90*

0.46

0.57

Volume

DSC

Volume

DSC

F-value

0.379

0.194

0.003

0.049

P-value

0.69

0.82

0.99

0.95

Volume

DSC

Volume

DSC

F-value

0.003

0.044

0.422

0.008

P-value

0.99

0.96

0.66

0.99

Left Putamen

Right Putamen

Left Thalamus
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Manual and automated tissue segmentation
confirm the impact of thalamus atrophy
on cognition in Multiple Sclerosis:
a multicenter study
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Abstract
Background and rationale: Thalamus atrophy has been linked to cognitive decline
in multiple sclerosis (MS) using various segmentation methods. We investigated the
consistency of the association between thalamus volume and cognition in MS for five
common automated segmentation approaches, as well as fully manual outlining.
Methods: Standardized neuropsychological assessment and 3-Tesla 3D-T1-weighted brain
MRI were collected (multi-center) from 57 MS patients and 17 healthy controls. Thalamus
segmentations were generated manually and using five automated methods. Agreement
between the algorithms and manual outlines was assessed with Bland-Altman plots; linear
regression assessed the presence of proportional bias. The effect of segmentation method
on the separation of cognitively impaired (CI) and preserved (CP) patients was investigated
through Generalized Estimating Equations; associations with cognitive measures were
investigated using linear mixed models, for each method and vendor.
Results: In smaller thalami, automated methods systematically overestimated volumes
compared to manual segmentations [ρ=(-0.42)-(-0.76); p-values<0.001). All methods
significantly distinguished CI from CP MS patients, except manual outlines of the left
thalamus (p=0.23). Poorer global neuropsychological test performance was significantly
associated with smaller thalamus volumes bilaterally using all methods. Vendor
significantly affected the findings.
Conclusion: Automated and manual thalamus segmentation consistently demonstrated
an association between thalamus atrophy and cognitive impairment in MS. However, a
proportional bias in smaller thalami and choice of MRI acquisition system might impact
the effect size of these findings.
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Introduction
Cognitive deficits are present in up to 70% of patients with multiple sclerosis (MS) and
have a significant effect on their activities of daily living and quality of life.1-3 Disturbances
in the domains of attention, information processing speed (IPS), memory and executive
skills are major features of MS cognitive profile and can often be detected already early
in the disease course.2-4
In MS patients, there is increasing evidence of the relationship between cognitive
dysfunction and damage to deep grey matter (GM) structures, which is typically measured
in vivo from structural magnetic resonance imaging (MRI).5, 6 Especially thalamus atrophy
seems strongly associated with cognitive decline.7-11 Therefore, thalamus volume is
a potential surrogate outcome measure for cognition in multicenter observational
and treatment studies. However, when using different segmentation approaches, a
considerable amount of variability is found in the measurement of thalamus volume,
leading to inconclusive results regarding the correlation with cognitive tests.6, 9, 12, 13
Currently, several software packages are available for measurement of thalamus volume,
most of which employ an atlas-based segmentation approach based on information
from healthy control (HC) images.5, 6 These have been widely applied in MS, but their
accuracy and consistency are impacted by various sources of error related to technical
factors (e.g. variations in image intensity and tissue contrast due to different MRI
hardware and acquisition parameters), variability due to disease related changes (white
matter lesion, parenchymal atrophy, etc.) and other physiological / pathological factors
(e.g., age, sex, hydration, vascular risk factors etc.).6, 14-18 Given the previously reported
limitations of image analysis methods, it is important to understand how consistent and
reliable the association between thalamus atrophy and cognition is when using different
segmentation approaches in MS patients.
Therefore, the primary aim of this study was to assess the replicability and consistency
of the association between thalamus volume and cognitive scores for five automated
segmentation methods and fully manual outlining, in a large multi-center cohort of
relapsing-remitting MS (RRMS) patients. We chose to compare software packages that
are well established, freely available, and widely used throughout the neuroimaging MS
research community in order to ensure that our findings would be relevant for future MS
neuroimaging studies.
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Materials and methods
This study was approved by the Local Ethical Committees on human studies in each
participating center and all subjects gave written informed consent prior to study
participation.

Subjects
Subjects were recruited from January 2009 to May 2012 as part of a project on imaging
correlates of cognitive impairment in MS at 7 European centers.19-23 Patients had to have
a diagnosis of RRMS,24, 25 no relapse or corticosteroids treatment within the month before
scanning and no history of psychiatric conditions, including major depression. Further
inclusion criteria for this study required all subjects to be right-handed and aged between
20 and 65 years.
Since manually delineating the thalamus is labor-intensive and time-consuming, a
subset of the full multicenter dataset was selected for automated and manual tissue
segmentation of the thalamus. A random sample of patients and HCs was selected by
H.V., matched on age and sex, using a computer-generated list of random numbers.
The final dataset included 57 RRMS patients [37 females; age 38.9±8.5 (mean ± standard
deviations (SD) years); 13.0 (7.0-20.0) (median (range)) years of education] and 17 HCs
[12 females; age 40.5±6.6 (mean ± SD) years; 17.0 (8.0-20.0) (median (range)) years of
education]. See Table 1 for demographic and clinical variables. Patients had a median
(range) disease duration of 6.0 (2.0-33.0) years, and a median (range) Expanded Disability
Status Scale (EDSS) score of 2.0 (0.0-6.0). Age, sex and education did not differ between
HCs and MS patients (p=0.47; p=0.66 and p=0.12, respectively).

Clinical and cognitive evaluation
Within 48 hours of the MRI acquisition, MS patients underwent a neurological evaluation
including EDSS score and a neuropsychological assessment (see table 1), performed at
each participating site by experienced neurologists and neuropsychologists, unaware
of the MRI results, using validated translations of the neuropsychological tests. For all
patients, cognitive performance was assessed by using the Brief Repeatable Battery of
Neuropsychological Tests (BRB-N),26 which includes the Selective Reminding Test (SRT)
to assess verbal memory; the 10/36 Spatial Recall Test (10/36 SRT) to assess visuospatial
memory; the Symbol Digit Modalities Test (SDMT) and Paced Auditory Serial Addition
Test (PASAT) 2 and 3 seconds to assess attention/information processing speed; and the
Word List Generation (WLG) test to assess verbal fluency. In addition, the Wisconsin Card
Sorting Test (WCST) was administered to evaluate executive function.27 Performance on
the WCST was evaluated by computing scores related to the total errors, the number of
perseverative errors, and the number of perseverative responses.27
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The Z-scores for each of the domains were calculated.28 Patients with at least 2 abnormal
test scores [i.e. scores ≤2SD from the normative values provided by Boringa et al. for
the BRB-N29 and by Heaton et al. for the WCST27] were considered cognitively impaired
(CI), as previously described.19, 20 In all MS patients, a cognitive impairment index (CII) was
determined as an overall measure of cognitive dysfunction for each patient. Briefly, the
CII is a continuous variable obtained by a grading system applied to each patient’s score
on every cognitive test, dependent on the number of SDs below the mean normative
value.30, 31 Hence, the higher the grade, the greater the patient's impairment.
Table 1. An overview of the cognitive domains and neuropsychological tests

Cognitive domains

Cognitive tests

Verbal memory

Selective Reminding Test (SRT)

Visuospatial memory

10/36 Spatial Recall Test (10/36 SRT)

Attention / information processing speed

Symbol Digit Modalities Test (SDMT) & Paced Auditory Serial
Addition Test (PASAT) 2 and 3 seconds

Verbal fluency

Word List Generation (WLG)

Executive functions

Wisconsin Card Sorting Test (WCST)

MRI acquisition
MR images were acquired on 3T scanners (Amsterdam and Naples: Signa, GE Healthcare,
Milwaukee, Wisconsin; Barcelona, Graz and London: Magnetom Trio, Siemens, Erlangen,
Germany; Milan and Siena: Philips Intera, Best, the Netherlands). The brain imaging
sequences included: (a) a dual-echo turbo-spin-echo (TSE) T2-weighted scan: TR=4000–
5380 ms; TE1=10–23 ms; TE2=90–102 ms; echo-train length=5–11; 44 contiguous, 3-mmthick axial sections parallel to the anterior/posterior commissure plane; matrix=256×192;
FOV=240×180 mm2 (rectangular FOV=75%); (b) three-dimensional (3D) T1-weighted scan:
TR=5.5–8.3 ms (for GE Healthcare/Philips Intera scanners) or 1900–2300 ms (for Siemens
scanners); TE=1.7–3.0 ms; flip angle=8°–12°; 176–192 sagittal sections with thickness=1
mm and in-plane resolution=1×1 mm. All scans were visually inspected for quality.

MRI Analysis of lesions and global atrophy
The analysis of lesions and global atrophy on structural MRI data was done centrally at the
Neuroimaging Research Unit (Milan, Italy) by experienced observers under supervision
of a neurologist (M.A.R.) with 20 years of experience, blinded to the subjects’ identity. T2
hyperintense lesion volumes (LV) were measured on dual-echo TSE images in a semiautomated fashion using a local thresholding segmentation technique (Jim 6.0 software;
Xinapse Systems, Colchester, UK). Normalized brain (NBV), normalized white matter
(WM) and grey matter (GM) volumes were measured on 3D T1-weighted scans using the
SIENAX software (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/SIENA),32 after WM lesion-filling with
LEAP,33 using co-registration of the T2 lesion masks to the 3D T1-weighted scans.34
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Thalamus Volume measurements
Manual and automated volumetric analyses of the thalamus were performed on 3D T1weighted data sets.

Manual delineations
Manual volumetric analysis was performed within the online framework of the SPINE
virtual laboratory (https://spinevirtuallab.org/)), developed by the Center for Neurological
Imaging at Brigham and Women’s Hospital, which can be used for manual tracing of
regions-of-interest on MRI. This web-based program allows visualization of MR images
in axial, coronal, and sagittal orientations to facilitate 3D anatomical interpretation. The
delineations were performed according to a standardized protocol (see supplementary
material for a detailed description of the anatomical definitions and detailed outlining
instructions) and the voxel-wise labeling process was completely manual; that is, it
involved no thresholding, seed-growing, shape fitting or other automated interference.
One expert reader manually delineated the whole thalamus on axial slices, in a slice-byslice manner. To assess the long-term test-retest reliability, a random subset of thalami
for nine MR images (4 HCs and 5 MS patients) were delineated in a separate session more
than three months later. The reader was a neurologist (J.B.), with specialized training and
experience in the anatomical labeling of deep GM structures on MRI, supervised by a
neuroradiologist (F.B. with more than 30 years of experience). The reader was blinded to
the subject’s clinical characteristics.

Automated segmentation methods
Five automated segmentation programs were used to measure the volume of the
thalamus. FreeSurfer, FMRIB Integrated Registration and Segmentation Tool (FSLFIRST), Computational Anatomy Toolbox for Statistical Parametric Mapping 12 (SPM12)
(CAT12), Geodesic Information Flows (GIF) and MRI Brain Volumetry System (VolBrain),
which will be described briefly below. Further details of these methods are available
in the documentation provided by the developers. We ran the software without user
intervention, since this is the mode of operation that would be used when processing
patient data of large cohorts.
FreeSurfer’s (http://surfer.nmr.mgh.harvard.edu/) volume-based stream is designed
to preprocess MRI volumes and label subcortical structures.35, 36 The stream consists
of multiple stages: in brief, the first stage is an affine registration with Talairach space
specifically designed to be insensitive to pathology and to maximize the accuracy of the
final segmentation. This is followed by an initial tissue classification and correction of the
variation in intensity resulting from the B1 bias field. Finally, there is a high-dimensional
nonlinear volumetric alignment to the Talairach atlas where the final segmentation
takes place. The manual editing steps that are recommended for FreeSurfer to adjust
for cortical reconstructions were excluded here, since we are focusing on the subcortical
output; FreeSurfer was applied as a fully automated software, without the addition of any
manual editing steps.
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FIRST is a model-based segmentation tool also part of FSL (http://www.fmrib.ox.ac.uk/fsl/
first/index.html).32, 37 Subcortical brain segmentation is performed using Bayesian shape
and appearance models constructed from a set of 336 manually-labeled T1-weighted MR
images. FIRST models the outer surface of each deep GM structure as a mesh, using models
derived from the reference images and the local intensity profiles around the mesh. Finally,
it assigns each voxel in the image an appropriate structure label, taking into account local
variations in both surface and shape, as well as the presence of neighboring structures.
The CAT12 toolbox (the successor of VBM8) is an extension to SPM12 (http://www.fil.
ion.ucl.ac.uk/spm/software/spm12/) to provide computational anatomy.38 The algorithm
allows local variations in the tissue intensity distributions, making it more robust to the
presence of pathology such as WM lesions.
GIF software (part of NifySeg: http://cmictig.cs.ucl.ac.uk/niftyweb/ program.php?p5GIF)
uses manually created atlases for segmentation of the input images (http://www.
neuromorphometrics.com/).39 GIF captures the local variation in morphology and in
standard space locations, and has been recommended in previous studies on (deep) GM
atrophy in MS.40 With the use of an iterative geodesic minimization algorithm and the
manual labels, more accurate segmentations are expected.41
The VolBrain fully automated pipeline provides volumetric brain information at different
scales.42 The proposed pipeline is based on a library of manually labeled templates to
perform the segmentation process, constructed from subjects from different publicly
available datasets (normal adults, Alzheimer disease and pediatric datasets), including
subcortical structure segmentation as proposed by Coupé et al. 2011.43

Normalization
To correct for the influence of head size, thalamus volumes were multiplied by the headnormalization factor derived from SIENAX for all segmentation methods, including the
manual tracings. Alternatively, FreeSurfer segmentations were divided by the estimated
total intracranial volume (eTIV) from FreeSurfer. The unnormalized data were used for
the evaluation of agreement between methods; the normalized data served for the
association analyses with cognitive outcomes.

Contrast-to-noise ratio
To assess whether there were different tissue contrasts in the T1-weighted images
obtained at different sites in this multi-center study, as well as to assess if this was
related to the observed relation with cognitive measures, we quantified the contrastto-noise ratio (CNR) for each thalamus (left and right separately, in each subject). This
was done as follows: The mean signal in the thalamus was calculated by eroding the
manual thalamus outline once using a 3x3x3 kernel (to avoid any chance of partial
volume effects from WM) and applying this as a mask on the N3-corrected T1-weighted
image, and calculating the mean signal intensity in that region. The mean signal intensity
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in the WM bordering the thalamus was obtained similarly, but in this case the mask was
created by first dilating the manual thalamus mask once, using a 3x3x3 kernel (here, to
avoid any chance of partial volume effects from thalamus in the WM border mask) and
then creating a border region around that expanded thalamus mask by dilating three
times using a 3x3x3 kernel. The border region was then masked with the SIENAX WM
mask and with the inverse of the lesion mask, to exclude GM, CSF and lesions. This WM
border mask was then applied on the N3-corrected T1-weighted image and the mean
signal intensity was calculated. Subsequently, the standard deviation of the image noise
was approximated by taking the standard deviation of the signal in the ventricular CSF.
The FreeSurfer ventricles segmentation, after excluding choroid plexus, was eroded once
using a 3x3x3 kernel to avoid partial volume effects, and then applied as a mask on
the N3-corrected T1-weighted image, and the standard deviation was calculated. Finally,
the CNR for that thalamus was calculated by dividing the absolute difference between
the mean thalamus signal intensity and the mean border WM signal intensity, by the
standard deviation of the ventricles.

Statistical analysis
All data analysis was done using SPSS for Windows version 22.0 (Armonk, NY: IBM
Corp). The normality of each variable’s distribution was assessed using histograms and
normality plots. Group differences of the demographical and clinical variables, as well
as the volumetric MRI quantities and scanner type were evaluated using independent
sample T-tests for normally distributed variables, non-parametric analysis (MannWhitney) for non-normally distributed variables, and Chi2 for categorical variables. Brain
T2 and T1 LV were log-transformed due to their skewed distribution. Mean and standard
deviation of CNR values were reported both per site and per vendor / scanner type.
Volumetric agreement of the manually and automatically generated thalamus
segmentations was evaluated through the intraclass correlation coefficient (ICC) based on
a two-way mixed effects model, where people effects are random and measure effects
are fixed 44. The absolute agreement (ICC “type A”) and consistency (ICC “type C”) were
reported. Further, to describe the agreement between different segmentation methods,
Bland-Altman plots were created in which the difference of two paired measurements [(AB)/average%] was plotted against the average of the two measurements [(A+B)/2].45, 46 We
ran a One-Sample T-Test to examine whether the mean of the difference equals 0, and a
linear regression [Pearson rho (ρ)] to evaluate whether a proportional bias was present. In
the Bland-Altman plot this bias will be reflected in the scatter points with a trend to high or
low values of the percentage difference across the range of values of the average.
Intra-rater reliability of the manual delineations was evaluated through the ICC as
described above, reporting the absolute agreement. We used Koo’s criteria to interpret
the ICCs: values <0.5 are indicative of ‘poor’ reliability, values between 0.5 and 0.75
indicate ‘moderate’ reliability, values between 0.75 and 0.9 indicate ‘good’ reliability, and
values greater than 0.90 indicate ‘excellent’ reliability.47
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The ability of the thalamus volumes to distinguish between CI and CP MS patients was
compared between different segmentation methods by using Generalized Estimating
Equations with logit link function and an unstructured covariance matrix, corrected for
age. Correlations of cognition with thalamus volumes were investigated using linear
mixed models CII and cognitive domain Z-scores as the dependent variables, adjusting
for age and with random effects for subject and center, comparing the results between
the different segmentation methods. Sex and education were not significantly different
between CI and CP patients and were not retained in the models. To assess the influence
of vendor, we additionally performed the same general linear regression analysis with CII
as the dependent variable for each method, per vendor.
A p-value of less than 0.05 was considered statistically significant. As the main goal of our
study was to investigate the replicability of the association between thalamus volume
and cognitive scores using different automated segmentation methods, we did not
correct for multiple comparisons to address possible type I errors.

Results
Subject characteristics
Table 2 summarizes the main demographic, clinical and MRI characteristics of the HCs
and MS patients, as well as CP and CI MS patient subgroups. Twenty-two (39%) MS
patients were classified as CI. Compared with CP, CI patients were older (p=0.01) and
had a higher EDSS score (p=0.025); whereas no difference was found for sex (p=0.33),
education (p=0.52) and disease duration (p=0.83). As a consequence, age was included
as nuisance covariate in the regression models. Compared to HCs, MS patients had
lower NBV (p=0.001), NWMV (p=0.01) and NGMV (p<0.05). Except NWMV (p=0.33), all MRI
volumes were more altered in CI than in CP patients (all p-values <0.05), including T2 LV
(p<0.01). The cognitive domains most frequently affected were attention / IPS (32% of
the MS patients), executive function (23%), verbal memory (19%), visuospatial memory
(16%) and verbal fluency (16%). The distribution of vendors across the HC and MS patient
subgroups was similar (MS vs HC: p=0.08; CI vs CP: p=0.51). Table 3 lists the number of
subjects per center and MR scanner type. CNR values by site and hemisphere are also
included, displaying some heterogeneity between sites in this multi-center study.
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Table 2. Demographic, clinical and MRI characteristics of healthy controls and cognitively preserved and impaired
patients

HC (n=17)

MS (n= 57)

p

CP (n= 35)

MS patients
CI (n= 22)

p

Demographic
Characteristics
40.5 ± 6.6

38.9 ± 8.5

0.47

36.6 ± 8.1

42.5 ± 7.9

0.010

Sex (Female / Male)

12 / 5

37 / 20

0.66

21 / 14

16 / 6

0.33

Education (in years)

16.5 (12.018.3)

13.0 (12.017.0)

0.12

13.0 (13.017.0)

13.0 (11.8-17.0)

0.52

Disease duration (in years)b

6.0 (4.0-10.0)

-

6.3 (4.0-10.0)

6.0 (4.8-10.7)

0.83

EDSS

2.0 (1.5-2.5)

-

2.0 (1.0-2.0)

2.0 (2.0-4.0)

0.025

3.16 (1.48 –
6.66)

8.69 (3.02 –
26.24)

0.001

1.47 ± 1.00

1.40 ± 0.11

0.012

Age (in years)a

b

MS Characteristics

b

MRI Characteristics
T2-lesion volume (mL)b
NBV (L)a

-

-

1.53 ± 0.07

1.44 ± 0.11

0.001

NWMV (L)

0.71 ± 0.05

0.66 ± 0.07

0.013

0.67 ± 0.06

0.65 ± 0.09

0.33

NGMV (L)a

0.82 ± 0.05

0.78 ± 0.07

0.048

0.80 ± 0.06

0.75 ± 0.06

0.003

6/5/6

18 / 18 / 21

0.08

10 / 11 / 14

8/7/7

0.51

a

Vendor
(GE / Philips / Siemens)

Abbreviations: CI= cognitively impaired; CP= cognitively preserved; EDSS= Expanded Disability Status Scale; : HC=
healthy controls; MS= multiple sclerosis; NBV= normalized brain volume; NWMV= normalized white matter volume;
NGMV= normalized grey matter volume; a Data are mean (SD) for normally distributed variables; b Because of nonnormal distribution, median and interquartile range are provided; p-values in bold represent significant values.
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Table 3. An overview of the subjects for each center (MR scanner)

Institute (scanner type)

HC

CP

CI

Total

CNR left
thalamus

CNR right
thalamus

Barcelona (Siemens, Trio)

2

8

1

11

1.02±0.30

1.12±0.34

Graz (Siemens, Trio)

1

3

2

6

0.82±0.23

1.02±0.23

London (Siemens, Trio)

3

3

4

10

1.18±0.40

1.34±0.43

Amsterdam (GE, Signa HDxt)

3

4

3

10

1.80±0.64

1.79±0.61

Naples (GE, Signa HDxt)

3

6

5

14

2.33±0.60

2.34±0.58

Siena (Philips, Intera)

2

8

1

11

2.03±0.25

2.07±0.26

Milan (Philips, Intera)

3

3

6

12

1.47±0.49

1.52±0.48

Total

17

35

22

74

1.60±0.68

1.67±0.63

Abbreviations CI= cognitively impaired; CP= cognitively preserved; HC= healthy controls.

Analysis of volumetric agreement
Intraclass correlation analysis
Figures 1 shows examples of the segmentations for each method. In terms of consistency,
the agreement between the automatically and manually generated left and right thalamus
volumes was good for FreeSurfer and FSL-FIRST, with ICC values ≥0.77, and moderate
for CAT12, GIF and VolBrain (ICC: 0.61-0.75) (table 4). In terms of absolute agreement,
ICC values were good for FreeSurfer (≥0.79), and moderate for FSL-FIRST (≥0.68). Poor
absolute agreement was found for left and right thalamus volume measurements from
CAT12 (ICC 0.20 and 0.21), GIF (ICC 0.44 and 0.47) and VolBrain (ICC 0.39 and 0.42).

Figure
3D3D
T1-weighted
images and thalamus segmentations of manual tracing, FreeSurfer, FSL-FIRST, CAT12,
Figure1. 1.
T1GIF and VolBrain.

Segmentations of the thalamus bilaterally in the axial plane of two MS patients, revealing the inferior portion of
the thalamus of one cognitively impaired patient (top row) and the middle part of the thalamus of one cognitively
preserved patient (bottom row) for: manual tracings (A), FreeSurfer (B), FSL-FIRST (C), CAT12 (D), GIF (E) and
VolBrain (F) segmentations.

183

8

CHAPTER 8

Table 4. Intraclass correlation between the absolute (not normalized for head size) thalamus volume measures of
different segmentation methodsa,b

Freesurfer –
Manual

FSL-FIRST –
Manual

CAT12 – Manual

GIF – Manual

VolBrain –
Manual

Intraclass
Correlation

Absolute

Consistency Absolute

Consistency Absolute Consistency Absolute Consistency Absolute Consistency

Left
thalamus

0.81

0.80

0.68

0.77

0.20

0.61

0.44

0.60

0.39

0.69

Right
thalamus

0.79

0.82

0.69

0.77

0.21

0.64

0.47

0.65

0.42

0.75

Abbreviations: Absolute= absolute agreement; . a Two-way mixed effects model where people effects are random

and measures effects are fixed, single measures. Intraclass correlation coefficients are displayed; b p= <0.001 for
all variables.

Bland-Altman scatter plots and analysis
Figure 2 and table 5 describe the results of the Bland-Altman scatter plots and analysis
of the unnormalized thalamus volume measurements: automated minus the manual
methods. On average, FreeSurfer left thalamus volumes were similar to the manual
output, while right thalami were larger [mean difference (SD): left thalamus: -0.09
(0.85), p=0.39; right thalamus: 0.36 (0.79), p<0.001]. FSL-FIRST obtained larger thalamus
volumes for both hemispheres [left thalamus: 0.69 (0.92), p<0.001; right thalamus:
0.60 (0.88), p<0.001]. In comparison, the software packages CAT12, GIF and VolBrain
obtained smaller thalamus volumes bilaterally (all p-values <0.001). Except for CAT12, a
proportional difference with a negative trend was observed in all scatter plots showing
the agreement between the automated and manual thalamus volume measurements.
In smaller thalami the automated methods appeared to systematically overestimate the
thalamus volumes compared to manual outlines, whereas in larger thalami the reverse
was found. Qualitatively, the areas with the most disagreement occurred in the inferior
and superior parts of the thalami, including the geniculate bodies (see figure 1).
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Figure 2. Bland Altman scatter plots of the unnormalized thalamus volume measurements of the MS patients.
The difference of two paired measurements [(automated–manual) / average] was plotted against the average of
the two measurements [(automated+manual) / 2]. Except for CAT12, a proportional bias was observed between
the automated and manual thalamus volume measurements, indicated by a trend [linear regression (Pearson rho
(ρ))] to high and low values of the difference across the range of values of the average.
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Table 5. Pairwise Bland-Altman comparisons between segmentation methods

Measure
µ diff

SD

SE µ

p-Value

Proportional bias
t
ρ (rho)a

p-Value

Freesurfer - Manual

<0.001
<0.001

Left Thalamus

-0.09

0.85

0.10

0.391

-0.44

-4.14

Right Thalamus

0.36

0.79

0.09

<0.001

-0.42

-3.98

Left Thalamus

0.69

0.92

0.11

-4.12

0.60

0.88

0.10

<0.001
<0.001

-0.44

Right Thalamus

-0.48

-4.58

<0.001
<0.001

<0.001
<0.001

-0.17

-1.46

0.15

-0.16

-1.33

0.19

<0.001
<0.001

-0.74

-9.30

-0.76

-9.82

<0.001
<0.001

<0.001
<0.001

-0.42

-3.92

-0.47

-4.48

FSL-first - Manual

CAT12 - Manual
Left Thalamus

-2.87

1.25

0.15

Right Thalamus

-2.75

1.18

0.14

Left Thalamus

-1.04

1.08

0.13

Right Thalamus

-1.02

0.98

0.11

Left Thalamus

-1.65

1.05

0.12

Right Thalamus

-1.63

0.91

0.11

GIF - Manual

VolBrain - Manual

<0.001
<0.001

Abbreviations: µ diff= mean difference; SD= standard deviation; SE µ= standard error of µ; ρ (rho)= Pearson
correlation; t= t-test statistic; a Correlation of the volume difference and mean between two measurements;
p-value in bold represent significant values

Reproducibility of manual thalamus outlining
The long-term intra-rater reliability of the manual output, assessed on the images of 9
subjects, was moderate with a median ICC (absolute agreement) of 0.62 (p<0.01) for the
left thalamus and 0.63 (p<0.001) for the right thalamus.
Relation of thalamus volume measures with cognition

Thalamus volumes
Table 6 lists the normalized left and right thalamus volumes obtained through manual
tracings and the automated techniques in CI and CP MS patients. Compared to CP patients,
CI patients had smaller thalami based on all methods, excepted the left thalamus volume
obtained through manual outlining (p=0.18) and marginally significant for left thalamus
volumes from GIF (p=0.05). All segmentation methods consistently demonstrated smaller
thalami in MS patients than in HCs (all p-values <0.001; not shown in the table). In both
HCs and MS subjects, the right thalami were smaller than the left thalami for all methods.
This difference in left and right thalamus volumes was not statistically significant between
methods (p=0.79 for both HCs and MS patients; not shown in the table).
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Consistency of discrimination between cognitively impaired and preserved patients
Table 6 summarizes the results of the binary logistic regression analysis for the
discrimination between CI and CP MS patients, using the normalized thalamus volume
measurements. As expected, a negative effect was found for all segmentation methods,
indicating that CI patients were significantly more likely to have smaller thalami than CP
patients (odds ratios: 0.44-0.72). No effect was found for manual measurements of the
left thalamus (p=0.23). Normalization through FreeSurfer also resulted in negative effects
for FreeSurfer segmentations of the left [odds ratio (95% confidence interval): 0.27 (0.110.68); p=0.005)] and right thalamus [0.17 (0.05-0.61); p=0.006].
Table 6. Normalized thalamus volume measurements and summary of results of the binary logistic regression
analysis for cognitively impaired versus cognitively preserved MS patientsa

Thalamic volumes
CP (n= 35) CI (n= 22) p-Value

OR

Binary logistic regression
95% Conf int. for OR p-Value

Normalization SIENAXb
Manual outlines
Left thalamus (mL)

8.99 ± 1.37

8.24 ± 2.31

0.18

0.85

0.66 – 1.11

0.23

Right thalamus (mL)

9.06 ± 1.31

7.91 ± 2.18

0.033

0.72

0.52 – 0.95

0.018

Left thalamus (mL)

9.02 ± 1.18

8.11 ± 1.44

0.012

0.64

0.42 – 0.99

0.047

Right thalamus (mL)

8.59 ± 1.07

7.54 ± 1.37

0.002

0.53

0.37 – 0.78

0.001

Left thalamus (mL)

10.13 ± 0.94

9.05 ± 1.45

0.004

0.51

0.40 – 0.66

<0.001

Right thalamus (mL)

9.92 ± 0.83

8.90 ± 1.44

0.005

0.49

0.35 – 0.68

<0.001

Left thalamus (mL)

5.34 ± 1.38

4.09 ± 1.93

0.012

0.61

0.51 – 0.72

<0.001

Right thalamus (mL)

5.38 ± 1.14

4.17 ± 1.95

0.013

0.58

0.48 – 0.71

<0.001

Left thalamus (mL)

7.68 ± 0.70

7.17 ± 1.04

0.05

0.55

0.34 – 0.88

0.013

Right thalamus (mL)

7.63 ± 0.63

7.08 ± 1.05

0.033

0.49

0.31 – 0.79

0.003

Left thalamus (mL)

7.02 ± 1.03

5.85 ± 1.48

0.003

0.51

0.41 – 0.63

<0.001

Right thalamus (mL)

6.99 ± 0.90

5.77 ± 1.44

0.001

0.44

0.34 – 0.58

<0.001

Freesurfer

FSL-first

CAT12

GIF

VolBrain

Fraction of eTIV Freesurfer

c

Freesurfer
Left thalamus (10-3)

4.71 ± 0.57

4.20 ± 0.63

0.003

0.27

0.11 – 0.68

0.005

Right thalamus (10-3)

4.49 ± 0.55

3.91 ± 0.61

0.003

0.17

0.05 – 0.61

0.006

Abbreviations CI= cognitively impaired; Conf int= confidence interval; CP= cognitively preserved; OR= odds
ratio. a Data are mean (SD) for normally distributed variables; b Thalamic volumes were multiplied by the headnormalization factor derived from SIENAX; c Thalamus volumes were divided by the estimated total intracranial
volume (eTIV) from FreeSurfer; p-values in bold represent significant values.
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Analysis of correlations with cognition
After normalization through SIENAX, poorer global neuropsychological test performance
(higher CII) was significantly associated with lower left and right thalamus volumes using
all segmentation methods, (table 7). For example, CII is expected to increase by 1.45
(p=0.021), 1.26 (p=0.002), 1.22 (p=0.002), 1.06 (p=<0.001), (1.05 (p=0.013) and 0.65 points
(p=0.032), when the left thalamus volume decreases by one centimeter3 when obtained
through GIF, FreeSurfer, VolBrain, CAT12, FSL-FIRST and manual outlining, respectively.
Normalization through FreeSurfer (eTIV) also resulted in significant correlations between
CII and thalamus volumes for FreeSurfer. Table 8 shows the associations between CII
and thalamus volume measurements for each method, for each scanner vendor (GE,
Philips or Siemens) separately. Volumes that were obtained with Siemens scanners
resulted in significant correlations for all methods (p-values: 0.001-0.031). Philips scans
only showed significant correlations when analyzed with CAT12 (bilaterally: p=0.007
and 0.038), FreeSurfer (right thalamus: p=0.045) and FSL-FIRST (left thalamus: p=0.043).
No associations were found for any of the methods when applied to GE images. These
correlations seem to be in contradiction with the CNR results by vendor, listed at the
bottom of Table 8, which show that in fact the CNR values were lowest for Siemens and
highest for GE.

Analysis of correlations with performance scores on separate cognitive domains
Looking at the correlation with cognitive domain z-scores (table 7), thalamus volume loss
was significantly associated with visuospatial memory and attention / IPS based on all
methods, excepted a lack of statistically significant association between the volume of
manually segmented left thalamus try and visuospatial memory. Based on CAT12, right
thalamus volume was associated with verbal fluency (p=0.044) and executive function
(p=0.045). No associations were found with the other cognitive domain z-scores. Similar
results were found for the normalized (eTIV) FreeSurfer thalamus volume measurements,
except that a significant correlation between left thalamus volume loss and verbal
memory was also found using this method (p=0.03).

188

-0.72
(-1.32 – (-0.13))

Right
thalamus

-1.36
(-2.18 – (-0.53))

Right
thalamus

-0.93
(-1.81 – (-0.05))

-1.06
(-1.63 – (-0.49))

-1.12
(-1.71 – (-0.53))

Right
thalamus

Left thalamus

Right
thalamus

-1.45
(-2.67 – (-0.23))

-1.36
(-2.61 – (-0.11))

Left thalamus

Right
thalamus

GIF

CAT12

-1.05
(-1.87 – (-0.23))

Left thalamus

FSL-first

-1.26
(-2.05 – (-0.47))

Left thalamus

Freesurfer

-0.65
(-1.23 – (-0.06))

0.14
(-0.17-0.44)

0.08
(-0.07-0.24)

<0.001

0.033

0.07
(-0.08-0.22)

<0.001

0.17
(-0.13-0.47)

0.05
(-0.17-0.26)

0.039

0.021

0.09
(-0.12-0.29)

0.11
(-0.10-0.32)

0.002

0.013

0.17
(-0.03-0.37)

0.09
(-0.06-0.23)

0.017

0.002

-0.06
(-0.08-0.21)

0.032

0.38

0.26

0.29

0.34

0.67

0.40

0.29

0.091

0.22

0.38

Cognitive Impairment
Verbal memory
Index (CII)
B (95%CI) p-Value B (95%CI) p-Value

Left thalamus

Manual
outlines

Normalization
SIENAXc

Thalamic
volumes

0.16
(0.04-0.28)
0.18
(0.06-0.30)

0.32
(0.16-0.47)
0.33
(0.16-0.49)

0.31
(0.15-0.47)
0.30
(0.13-0.47)

0.26
(0.14-0.37)
0.27
(0.16-0.39)

0.48
(0.24-0.71)
0.45
(0.21-0.70)

0.053
0.032

0.002

<0.001

0.003
0.003

0.002
0.001

0.010
0.016

0.17
(0.02-0.32)

0.33
(0.12-0.53)
0.40
(0.20-0.60)

0.32
(0.12-0.53)
0.34
(0.12-0.55)

0.25
(0.10-0.39)
0.27
(0.12-0.43)

0.40
(0.10-0.71)
0.39
(0.07-0.70)

0.15
(-0.06-0.37)

0.13
(-0.01-0.28)
0.16
(0.004-0.31)

0.27
(-0.03-0.57)
0.30
(0.0004-0.60)

<0.001
<0.001
<0.001
<0.001

0.15
(-0.06-0.35)

<0.001
0.001

0.19
(-0.02-0.40)

0.18
(-0.02-0.38)

<0.001
<0.001

0.11
(-0.03-0.26)

0.07
(-0.07-0.22)

B (95%CI)

0.050

0.074

0.044

0.072

0.15

0.16

0.070

0.076

0.11

0.31

0.40
(-3.06-3.86)

0.26
(-3.16-3.67)

1.74
(-1.74-1.58)

1.58
(-0.05-3.22)

1.22
(-1.18-3.62)

1.36
(-0.91-3.63)

0.63
(-1.76-3.03)

-0.45
(-2.74-1.85)

-0.08
(-1.74-1.58)

0.19
(-1.44-1.83)

0.82

0.88

0.045

0.57

0.31

0.23

0.60

0.67

0.92

0.81

Executive
functionb
p-Value B (95%CI) p-Value

Fluency

0.004

0.010

p-Value B (95%CI) p-Value

Attention

0.15
(-0.002-0.30)

B (95%CI)

Visual memory

Table 7. Summary of results of the general linear regression analysis with cognitive scores as the dependent variablesa
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-1.30
(-2.10 – (-0.51))

Right
thalamus

-2.58
(-4.24 – (-0.93))

Right
thalamus

0.45
(-0.03-0.37)
0.30
(-0.12-0.71)

0.003

0.12
(-0.08-0.32)

0.002

0.003

0.12
(-0.07-0.32)

0.002

0.16

0.03

0.24

0.20

0.73
(0.32-1.14)

0.59
(0.16-1.03)

0.37
(0.17-0.57)

0.35
(0.16-0.54)

B (95%CI)

Attention

0.001
0.65
(0.32-0.97)

0.65
(0.34-0.96)

0.34
(0.19-0.50)

<0.001

0.009

0.34
(0.19-0.49)

<0.001

0.10
(-0.32-0.52)
0.11
(-0.32-0.53)

<0.001

0.17
(-0.03-0.37)

0.15
(-0.04-0.34)

B (95%CI)

0.62

0.63

0.10

0.13

3.03
(-1.69-7.75)

1.03
(-3.67-5.73)

1.63
(-0.62-3.88)

1.27
(-0.90-3.45)

0.20

0.66

0.15

0.25

Executive
functionb
p-Value B (95%CI) p-Value

Fluency

<0.001

<0.001

<0.001

p-Value B (95%CI) p-Value

Visual memory

volume (eTIV) from FreeSurfer; p-values in bold represent significant values.

errors; c Thalamic volumes were multiplied by the head-normalization factor derived from SIENAX; d Thalamic volumes were divided by the estimated total intracranial

Abbreviations: B= unstandardized regression coefficient; CI= confidence interval; a All regression analysis were corrected for center and age; b WCST number of perseverative

-2.51
(-4.13 – (-0.89))

Left thalamus

FreeSurfer

Fraction
of eTIV
FreeSurferd

-1.22
(-1.98 – (-0.46))

Cognitive Impairment
Verbal memory
Index (CII)
B (95%CI) p-Value B (95%CI) p-Value

Left thalamus

VolBrain

Thalamic
volumes
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Table 8. Summary of results of the general linear regression analysis with CII as the dependent variable,
for each vendora

Thalamus
volumesb

GE (N=18)

Philips (N=18)

Siemens (N=21)

B (95%CI)

p-Value

B (95%CI)

p-Value

B (95%CI)

p-Value

Left thalamus

0.32 (-1.06 – 1.70)

0.63

-0.47 (-1.50 – 0.57)

0.36

-1.32 (-2.02 – (-0.62))

0.001

Right thalamus

0.08 (-1.28 – 1.44)

0.90

-0.58 (-1.77 – 0.61)

0.32

-1.15 (-1.85 – (-0.44))

0.003

Left thalamus

-0.48 (-1.88 – 0.92)

0.48

-1.79 (-3.64 – 0.05)

0.06

-1.48 (-2.46 – (-0.51))

0.005

Right thalamus

-0.57 (-2.09 – 0.95)

0.44

-1.65 (-3.26 – (-0.04))

0.045

-1.68 (-2.79 – (-0.56))

0.005

Left thalamus

-0.05 (-1.40 – 1.30)

0.94

-2.11 (-4.14 – (-0.08))

0.043

-1.40 (-2.41 – (-0.39))

0.009

Right thalamus

-0.12 (-1.50 – 1.26)

0.86

-1.56 (-3.87 – 0.74)

0.17

-1.34 (-2.45 – (-0.24))

0.020

Left thalamus

-0.27 (-1.20 – 0.67)

0.56

-2.00 (-3.38 – (-0.62))

0.007

-1.38 (-2.17 – (-0.60))

0.001

Right thalamus

-0.34 (-1.33 – 0.66)

0.49

-1.51 (-2.94 – (-0.09))

0.038

-1.53 (-2.33 – (-0.73))

0.001

Left thalamus

-0.82 (-2.80 – 1.15)

0.39

-.253 (-6.69 – 1.62)

0.22

-1.62 (-3.08 – (-0.17))

0.031

Right thalamus

-0.90 (-2.87 – 1.07)

0.35

-1.48 (-4.91 – 1.94)

0.37

-1.71 (-3.22 – (-0.19))

0.029

Left thalamus

-0.22 (-1.54 – 1.10)

0.73

-1.83 (-3.78 – 1.20)

0.06

-1.53 (-2.40 – (-0.65))

0.002

Right thalamus

-0.24 (-1.75 – 1.28)

0.75

-1.59 (-3.31 – 0.13)

0.07

-1.65 (-2.57 – (-0.72))

0.001

Manual outlines

FreeSurfer

FSL-FIRST

CAT12

GIF

VolBrain

Contrast-to-noise
ratio

GE (N=18)

Philips (N=18)

Siemens (N=21)

Left thalamus

2.11±0.66

1.74±0.48

1.04±0.35

Right thalamus

2.11±0.64

1.78±0.47

1.18±0.37

Abbreviations: B= unstandardized regression coefficient; CI= confidence interval; CII= Cognitive Impairment Index.
a

All regression analysis were corrected for center and age;

b

Thalamus volumes were multiplied by the head-

normalization factor derived from SIENAX; p-values in bold represent significant values.
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Discussion
In this multi-center cohort, RRMS patients with relatively mild physical disability and overt
CI showed severe thalamus atrophy based on all automated segmentation techniques, as
was also evidenced by a unique set of manually defined reference outlines in which the
whole thalamus was segmented. Automated and manual tissue segmentation consistently
demonstrated a relationship between the degree of thalamus atrophy and cognitive
dysfunction, which suggests that the observed association is truly a manifestation of the
disease. However, the robustness of these associations were systematically affected by
scanner. Somewhat surprisingly, our results showed that images with lower CNR resulted
in more significant correlations with cognitive measures, warranting further and more
systematic studies of these issues. The differential bias present in smaller and larger
thalami should be taken into account when evaluating treatment response of therapeutic
interventions.
To our knowledge, this is the first multicenter study that compared automated thalamus
segmentation methods and manual outlining, and evaluated their influence on the
association of thalamus volume with cognition in MS patients, in the presence of MSrelated pathologies. Earlier research on this topic considered single-scanner data
only,9, 13, 48 or compared automated techniques without including manual outlining.12,
13
When aiming to fully understand the relationship between thalamus atrophy and
cognitive decline, automated methods may present a biased picture or reflect spurious
correlations, since there have been reports that the algorithms may yield measurement
errors that increase with increasing MS pathology such as WM lesions and atrophy.6,
12, 17
Taken together, the finding of the present study that expert manual outlining, by
and large, resulted in the same associations with cognition as automated methods, is
an important confirmation of many earlier reports that have consistently demonstrated
more severe thalamus damage in CI patients. 7-9, 11, 13, 49, 50 Of note, attention to variations
in image characteristics, in particular the CNR between target structure (thalamus) and
surrounding tissue, between different scanners and protocols is essential, especially
when attempting to minimize the number of patients and observations needed to
adequately power clinical trials relying on MRI-derived measurements. Based on our
results, which for Siemens showed an unexpected co-occurrence of lowest CNR and
significant correlations with cognitive scores across all segmentation software methods,
further studies are required to more systematically study the interplay between image
contrast, image noise and thalamus segmentation quality.
Similarly to previous studies,7-9, 49, 51 impaired performance on the domains of attention
/ IPS and visuospatial memory were associated with thalamus degeneration bilaterally,
which was also confirmed through manual outlining. In contrast, we did not find a
correlation with executive function, except using CAT12 right thalamus measurements.
Impaired IPS is a common and highly invalidating deficit in MS, which can occur at the
earliest stages of the disease.1-3 With its extensive afferent and efferent interconnections
with the midbrain and the cerebral cortex, the thalamus serves as relay station and, thus,
thalamus degeneration is likely to contribute to IPS dysfunction.11
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Although the present work confirms that the thalamus is of great clinical relevance to
cognitive processes in MS, considerable variations were observed between software
packages and scanners, which coincides with the variability reported by previous
investigators.6, 13, 48 In line with an earlier report by Glaister et al, visual inspection of
our data showed that the areas with most disagreement occurred in the inferior and
superior parts of the thalami, including the geniculate bodies.48 This is probably due to
their low contrast compared to surrounding tissue in T1-weighted MRI, which makes it
more complicated to trace the edges of the thalamus in these subregions, also manually.
The Bland Altman plots revealed that thalamus volumes were on average overestimated
by FSL-FIRST and FreeSurfer (excepted left thalamus measurements), while they were
systematically underestimated by CAT12, GIF and VolBrain, which is in line with an earlier
publication on this topic.18 It appeared that the absolute agreement for CAT12 (ICC: 0.200.21), GIF and VolBrain (ICCs between 0.39 and 0.47) in our study were much worse than
previously reported by de Sitter et al. (2020).18 However, different study populations and
combined manual segmentations created by majority voting were used in previous work.
Further investigations are needed to unravel in more detail the mechanisms leading to
the observed differences between different segmentation pipelines.
Furthermore, the analysis of agreement between the software packages and manual
outlines revealed important insights into how MS pathological changes may affect the
association between thalamus atrophy and cognitive outcome. First, Bland-Altman
revealed a proportional bias with a negative trend of differences between virtually all
automated segmentation techniques included in this study (excepted CAT12) and
manually derived thalamus measurements, proportional to the magnitude of thalamus
size. It seems therefore that the algorithms tend to reduce the gap between smaller and
larger thalami, which could negatively impact the study conclusions in several ways.
For example, type 1 errors could potentially emerge from invalid comparisons between
different structures or tissue types. Also, type 2 errors could occur because sensitivity to
true group differences might be obscured by inconsistently localized effects. Nevertheless,
automated thalamus segmentations yielded larger effect sizes for the separation of CI
vs CP MS patients than manually derived volumes. These discrepancies are most likely
explained by the higher level of variability present in the manual data (as indicated by the
higher SD, especially for the left thalamus) and a worse level of agreement (ICC) between
repeated measures. Future algorithmic developments should be directed towards
minimizing proportional bias, since this is likely to significantly influence the statistical
power of experiments measuring thalamus volumes.
A discernible amount of variability was found in the manual tracing of the thalamus as
evidenced by the intra-rater ICC’s.9, 12, 52 Owing to the complexity of the cerebral anatomy
combined with imaging artefacts (partial volume, intensity inhomogeneity, noise, etc.)
present in MRI data, manual outlining is difficult, labor-intensive and time consuming.
This particularly applies to the thalamus, which is an agglomeration of smaller nuclei, which leads
to an ill-defined boundary of the overall thalamus on conventional MRI, especially in the presence of
neurodegeneration. In order to minimize error and reduce variability, we decided to solicit
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a single expert reader trained in manual tracing on MRI to obtain the highest quality
thalamus outlines possible. We did not limit the number of patients or slices and decided
to generate thalamus segmentations on each slice, which increases the relevance of this
study. Importantly, by using this dataset we were able to objectively compare some of
the most widely applied automated segmentation techniques in a multi-center setting,
considering the sampling from a large cohort of patients, representative of the full range
of a typical RR MS population. Moreover, we have created a valuable set of full manual
thalamus outlines of all subjects to provide reference correlations with the cognitive scores.

Limitations
Our study has several limitations, including the absence of a neuropsychological evaluation
of the HCs, as well as the assessment of thalamus damage only, which did not allow us
to investigate other patterns of microstructural tissue and (deep) GM damage that likely
contribute to CI.7, 8, 19, 20 The choice of the thalamus as a region of interest was motivated
by the abundance of literature showing a relationship between damage to the thalamus
and cognitive dysfunction in MS patients. As a result, we cannot rule out the possibility
that other patterns of more diffuse pathological processes contributed to CI in our MS
patients, and a multi-structure imaging and measurement approach is likely needed.17,
19
Concerning image acquisition, (near)isotropic 3D T1-weighted images with similar
acquisition parameters were used to obtain thalamus atrophy. In this work we addressed
the potential effect of between-center heterogeneity in MRI acquisition in the regression
analyses, however, remaining differences between scanners can systematically affect the
robustness of the association between deep GM atrophy measurements and cognition
across methods.6 A more detailed evaluation of the interaction between MRI acquisition
parameters and different thalamus segmentation methods (i.e., the robustness of the
various segmentation methods with regards to MRI acquisition parameters) transcended
the scope of this study, but should be addressed in future work.

Conclusion
This multi-center study helps to shed light on some previously reported differences
between various automated segmentation techniques and how these might influence
the relationship between thalamus volume measurements and cognition in MS. It
supports the notion that thalamus atrophy is associated with a worse cognitive profile
in MS patients. However, one should be cautious when interpreting these findings
given the proportional biases that might be present in automated volumetry, especially
in smaller and larger thalami, as well as the impact of differences in scanners and
acquisition protocols. The approaches work in a multi-center setting, but statistical
power is increased by appropriate matching of algorithms with optimal scanners and
MRI acquisition parameters. Further research is needed to account for these potential
sources of error and ensure the accuracy of these methods in the real-world clinical
evaluation of MS patients.
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Summary of findings
Identifying neurological disability and characterizing its magnitude and impact, is of
importance for MS management. Although the diagnosis and treatment of MS patients
has evolved considerably in the past few decades, identifying neurological deficits
through accurate methods that reliably capture the progression of disability is still an
area that needs improvement. In part, this is because only imprecise estimates of the
clinical and subclinical status of the MS patients’ functioning can be obtained based on
existing clinical and para-clinical measures.
The aim of this thesis was to optimize existing function and imaging measures in MS
patients, and to explore new methods to assess upper extremity function (UEF) and
cognition in an advanced way. First, we investigated the assessment of UEF, independently
from ambulation, and we explored new psychometric techniques to capture combined
clinical judgments of such motor performance in a quantative manner. The ultimate
goal here is to establish new innovative techniques for automated quantification of
disability through machine learning algorithms (MLAs). Second, we evaluated long-term
psychometric properties of two widely applied brief cognitive screening tools in MS, while
introducing regression-based norms for the Symbol Digit Modalities Test (SDMT) in a
Dutch population. This may eventually facilitate the appropriate assessment of cognitive
symptoms in the routine clinical evaluation of MS patients and improve monitoring over
time. Finally, we aimed to define how MS pathological changes affect the performance of
state-of-the-art algorithms for segmenting the deep grey matter (dGM) on MRI, and how
these might influence the relationship between thalamus volume measurements and
cognition in MS. We developed a protocol for creating representative manual reference
delineations of dGM structures in MS patients, and explored a new semi-automated
technique to accelerate such expert outlining. This will provide the opportunity to create
larger datasets with expert reference segmentations specifically of MS cases; these
can be used in the future, to train MS-specific methods, which we expect to be more
accurate when applied to new MS cases than generic methods. Taken together, these
three components can lead to early and accurate identification of UEF and cognitive
impairment (CI) in patients with MS and subsequently allow for adequate counselling.
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Part I: Optimizing motor function measures: towards video-based
clinical assessment
Research questions and outline part I
As future trials of therapies for MS will focus more explicitly on slowing or reversal of
disability progression, a more comprehensive and fine-grained measure of motor ability
to enable reliable tracking of disease progression is needed. Innovative techniques such
as automated quantification of disability through MLAs may aid in the evaluation of motor
dysfunction in MS patients.1-3 But how do we develop these new techniques? Should we
predominantly focus on ambulation or do we need to advocate a wider assessment of
disability, equally concentrating on other physical constraints, such as UEF? Can we rely
on existing disability scales or do we need new and advanced assessments of disability
in the development and training of such systems? The first part of this thesis focusses
on these questions. Specifically, we carried out research to substantiate the importance
of including various UEF measures, to obtain a more comprehensive assessment of MSrelated disability. Furthermore, we will provide suggestions to capture the status of motor
dysfunction in MS patients in a more comprehensive way, by introducing new techniques
that can be used for the development of the prospected automated rating scale, including
a discussion on the limitations of such techniques. Finally, and perhaps most importantly,
we will discuss the future perspectives regarding the automated monitoring of disability
and elaborate on our ideas for the implementation of such systems.

Summary of results of chapter 2
Historically, the focus of clinical assessment of disability in MS patients has been on walking
impairment, which is routinely assessed as an indicator of disability progression and as an
outcome to monitor the efficacy of an intervention in MS therapeutic trials.4, 5 Although
UEF is often compromised as well, it has drawn much less attention in the past.6 Moreover,
UEF hardly affects the overall score of the most widely used clinical scale in MS, the
Expanded Disability Status Scale (EDSS).7, 8 To develop a deeper understanding of the ways
in which UEF and ambulation are affected and interact in MS, chapter 2 examined various
aspects of UEF across different levels of ambulation. Two hundred forty seven patients
were stratified into nine clinically different UEF and ambulation subgroups according to
their Nine-Hole-Peg test (9HPT) result and EDSS level. In this large representative crosssectional cohort of MS patients with overall mild disability, patients with severely affected
ambulation also performed worse on all UEF measures, including activities of daily living
(ADL) tests and patient-reported outcome measures (PROMs). More than 90% of patients
exhibited only mild UEF deficits, even when ambulation was severely impaired (EDSS
6.0-7.0). On the other hand, UEF deficits were already a prominent sign in some patients
without obvious ambulatory restrictions. This assumed trend was supported by results
from a longitudinal study that described an early, and more gradual deterioration of UEF
relative to ambulatory impairment, which deteriorated more rapidly.9 All together, these
observations suggest that limitations in UEF may develop independently from ambulation,
supporting the importance of the consideration of UEF impairment with multiple measures
to obtain a more comprehensive assessment of MS-related disability.
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Summary of results of chapter 3
In chapter 3, we focused on developing an alternative technique for capturing clinical
judgments about motor performance in MS patients in a more consistent and responsive
manner than existing ordinal scales, using a pairwise comparison technique. This
technique builds on the cognitive ability of raters to provide better relative judgements
than absolute ones.10, 11 Specifically, pairs of videos from 70 MS patients performing a
classical neurological test (the finger to nose test; FNT), 50 of whom also performed a
second test that involved ADL (drinking from cup; CUP), were viewed by 19 neurologists
and comparatively judged on motor performance. From the sets of relative judgments
a complete ranking can be inferred using Bayesian techniques, specifically the TrueSkill
algorithm, which aggregates the comparative assessments into a ranked order of
all videos.12 Our results indicated that this technique provides a reliable and clinically
meaningful evaluation of UEF in patients with MS, both for standard clinical tests, as well
as the broader assessment of ADL functioning. Most importantly, it led to more refined
clinical judgment about neurological performance than established ordinal scales, which
may provide an important impetus towards the training and validation of new machinelearning models to automatically quantify disability.

Methodological considerations part I
Several methodological aspects have to be considered when interpreting the results
presented in part I of this chapter. First, the choice of classification schemes to define
ambulatory and UEF impairment have impacted the findings presented in chapter 2. The
primary rationale for choosing the proposed cut-off values for the EDSS and 9HPT, was
their supposed link to anchors reflecting clinically relevant and functional impairment.
For the 9HT, the lower benchmark of 18 seconds segregated MS patients with or without
risk of activity limitations and participation restrictions in a previous publication by
Kierkegaard et al.13 The proposed upper benchmark of 33.3 seconds derived from the
study of Lamers et al, resulted in significant differences on almost all UEF outcome
measures in their reported MS cohort, including lifting and manipulating objects using
different hand grips, as well as gross movements.14 We used this as a rationale for
identifying patients with severely impaired UEF. Other researchers described a relative
increase of 20% as significant to detect disability on the 9HPT, or suggested to define
abnormal test performance by comparing patients’ test results to published normative
data.15-17 Based on this definition, impairment is defined by the +1 or +2 standard
deviation compared to a matched reference control group.18 Several earlier publications
used somewhat similar EDSS benchmark values to define the level of ambulatory
impairment, or disability in more general. This resulted in largely matching observations,
demonstrating a high prevalence of UEF impairment in patients with low EDSS scores,18
or within the first year of disease onset.19 Of note, since EDSS scores in the lower scale
range (0-5.0) are also defined by impairment on other functional systems, we cannot
rule out the possibility that other patterns of disability contributed to the classification
of ambulation in current MS cohort. One might also consider to use the Timed 25-foot
walk test (T25FW) as a benchmark instead of the EDSS, such as the proposed clinically
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meaningful benchmarks of <6.0, 6.0–7.99 and >8.0 seconds introduced by Goldman
et al.20 One of the main advantages and rationale for our choice for the EDSS is that
it is immediately understood by clinicians, which is problematic for raw scores derived
from functional tests. Longitudinal and larger studies are needed to confirm the clinical
utility and relevance of the proposed benchmarks and to parse out whether there are
additional benchmarks in the lower and higher ranges of performance.
Although the presented technique in chapter 3 solved the problem of higher consistency
and finer-grained assessment, it failed in terms of efficiency. For training and validation
purposes of these type of applications using MLAs, large reference datasets are needed
requiring hundreds to thousands of videos. The number of pairwise comparisons
required grows quadratically with the number of videos, which introduces a major
limitation. A feasible approach to address this problem might be the use of setwise
comparison, that was shown to be not only more efficient, but also more consistent.21,
22
More specifically, in setwise comparison sets of eight videos have to be ordered with
regard to movement performance leading to substantially fewer videos to rate compared
to pairwise comparison as it scales linearly. The interaction modes employed draw
upon the same interactive algorithmic support (TrueSkill) that was used for our study,12
extending it for continuum ratings. Another promising alternative to create larger
reference datasets is posed by the online learning capabilities of this type of algorithms
to identify those comparisons that are most informative, which in turn would obviate the
need for comparing every video against every other. This would enable the update of the
comparative assessment scores each time new data (recordings) become available in a
sequential order, which is required to implement and realize automated rating of a range
of tests. There are some practical limitations to consider as well, such as data privacy
and security legislation, which makes it complicated to take the data out of the hospital
in which it is generated. In the future, it would be interesting to explore how data ranked
in different settings might be combined into a complete ranking using an appropriate
overlap strategy.21 The cost and complexity of patient video recordings should also be
taken into account. Consequently, the techniques described here provide the opportunity
to deliver reference benchmark labels that are especially suited for research purposes,
such as building MLAs to automatically quantify patient performance.1, 2, 21

Future perspectives part I
To define the level of impairment on UEF we recommend the 9HPT, which is the most
widely accepted tool to assess UEF in MS studies so far.15, 23 Previous studies indicated that
the 9HPT appeared to be a good outcome measure for differentiating the levels of severity
of upper extremity dysfunction.13-15, 23 Moreover, implementation in clinical practice and
trials of MS has been recommended given its good psychometric properties and ease of
application.15 Also, the 9HPT is known to correlate well with the ability to perform ADL
tasks.15 In the study presented in chapter 2 we found that impaired performance on the
9HPT was largely overlapping with abnormalities that were picked up by other clinical
tests for pyramidal dysfunction (pronator drift test), upper extremity ataxia (FNT) and the
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ability to perform ADL (CUP). Interestingly, another report on largely the same cohort of
patients, indicated that a large percentage of the variance of the 9HPT was explained by
a combination of clinical tests, of which CUP contributed most to the regression models.24
In the future, we suggest to include ADL tests into daily clinical practice. Since these
tests capture the real impact of disability on patients day-to-day living activities, they
are probably more clinically relevant than classical neurological tests. Of note, the rating
scales for ADL used in these publications have not been officially validated yet. Further
research should investigate the psychometric properties of the scales in terms of validity
and reliability, also in more disabled patient groups, before actual implementation into
clinical practice can be realized. Nevertheless, these newly-developed ADL scales were
experienced as easy to apply by the clinicians involved.24
The papers described in this thesis represent some of the first investigations to take a
closer look at the comparative assessment of neurological patients motor functioning,
with the purpose of establishing new innovative techniques for automated quantification
of disability through MLAs. While the technique is already well established in the social
sciences for the study of preferences, it hadn’t been applied to patient assessments in
neurology yet.25 As we only focused on UEF behavior, it would be interesting to investigate
other aspects of disability as well. So far, we assume, based on our theory and findings,
that more aspects of movement can be assessed through relative judgements with high
accuracy. Albeit, we do not have empirical support for this assumption yet. In the future,
one could replicate our study in other neurological diseases, such as Parkinson’s disease
or other movement disorders,26 which are also hard to classify and monitor based on
existing clinical scales.27
Several studies investigated whether video-assisted measurements of movement
performance in MS patients can produce clinical judgments of motor dysfunction with
less variability than existing ordinal scales. One study for example, evidenced that
benchmark reference videos covering different degrees of upper limb ataxia severity
improved reliability among neurologists’ judgment of the FNT.28 Similarly, the detection
of change in UEF and mobility was improved when video-assisted composite measures
were used in conjunction with conventional measures. The approach by Lam et al,
identified additional MS patients who exhibited clinically relevant change that were
otherwise not detected by the 9HPT and T25WT. Taken together, these studies exemplify
that assessment of motor dysfunction can be done fairly accurately by neurological
judgment of video recorded patient performance, making this a useful tool to improve
consistency in the routine clinical evaluation of MS patients. Another important advantage
of video-based assessments is that it allows for visual checks on compliance relative
to the standardization of the movement, which is especially relevant when it comes
to generating high quality data suitable for training new MLAs. Probably in the future
many more studies will appear examining the above discussed techniques in the future,
especially since health care applications applying machine learning are increasingly being
explored in the medical field.29
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Part II: Optimizing cognitive function measuress: towards a reliable
clinical screening tool
Research questions and outline part II
While part I of this chapter focused on optimizing motor function measures in MS, the
following two sections are concerned with the optimization of clinical and para-clinical
measures of cognitive deficits. Appropriate management of cognitive dysfunction in
MS patients includes early screening and ongoing monitoring throughout the disease
course, but effective assessment has been problematic due to a lack of suitable scales.
Several brief screening tools have been developed to assess CI in MS patients over the
last few decades.30, 31 The key question remains: what is the most appropriate monitoring
instrument for routine clinical use, that is both effective and efficient? And how do we
identify CI? Can we rely on existing published normative data or do we need alternative
approaches to normalization, such as linear regression modelling? In the second part
of this chapter we will briefly discuss the main findings of several studies on some
methodological aspects of the SDMT. Specifically, we carried out research to substantiate
the psychometric benefits of the SDMT as the preferred indicator of the cognitive status
of MS patients, with scientific evidence of its validity and stability over time. We also
discuss regression-based norms that we have developed for the SDMT in a Dutch
population. Finally, we will discuss the key challenges that need to be addressed before
actual implementation can be achieved, and elaborate on our ideas for easier automated
tools for application in clinical settings.

Summary of results of chapter 4
To detect MS patients who are in need of more comprehensive neuropsychological (NP)
testing and care, both the Paced Auditory Serial Addition Test (PASAT) and SDMT have
been advocated as a preferred screening tool.32, 33 Although research so far has revealed
better psychometric properties and advantages in the clinical application of the SDMT,
longitudinal studies over longer periods of time were lacking.33-36 Therefore, in chapter 4
we investigated the long-term test results of both PASAT and SDMT in relation to scores
of an extensive NP test battery, the Brief Repeatable Battery of Neuropsychological tests
(BRBN),37 to determine which of these tests is most valid and reliable over time as a single
assessment tool for cognition. By using a rather unique multilevel analysis method it was
possible to use all available data of a large cohort of MS patients (n= 485) visiting the
outpatient clinic of the Amsterdam UMC location VUmc for different research projects,
with repeated cognitive testing at different time points (between 1 and 8) over a follow up
period of 13 years (1998-2011). We used a multivariate linear mixed model fitted for the
three response variables, PASAT, SDMT and BRBN-Z, as a function of time. The validity
measurements revealed that the correlations between SDMT and BRBN were stronger
than the same correlations between PASAT and BRBN, which was most clearly displayed in
the model-based correlations at baseline. The test-retest reliability of the measurements
was good for all instruments, but the highest coefficients were observed for the SDMT.
More distinct ceiling and learning effects were clear for the PASAT. Altogether, the study's
results confirm that the SDMT is a more valid and reliable measure than PASAT. This work
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contributes to the ongoing debate of replacing the PASAT by the SDMT in the Multiple
Sclerosis Functional Composite (MSFC).33, 34, 38 Besides its methodological advantages, the
SDMT is favorable for its practicality and its superiority in terms of acceptability to both
patients and assessors.

Summary of results of chapter 5
After acknowledging that the SDMT is an appropriate tool to detect cognitive deficits
in MS patients for baseline clinical ratings and regular follow-up assessments, the next
important step is to define what is ‘abnormal’. One of the weaknesses in implementing
the SDMT in clinical settings is the reliance on published normative data, varying in
size and quality and with poor generalizability.39 Regression-based norms have been
proposed to substitute the conventional published normative data.39, 40 Elaborating on
this, in chapter 5 of this thesis, we evaluated newly-derived regression-based norms for
the oral SDMT in a Dutch speaking healthy control (HC) sample (n=96), as an indicator
of the cognitive status of MS patients. Specifically, SDMT results of the HC sample were
used to convert 157 MS patients’ raw scores to demographically adjusted Z-scores,
correcting for the effects of age, gender, and education. Our results confirmed previous
observations that demographically adjusted norms for the SDMT more readily detected
abnormal performance in MS patients than conventional norms, identifying those
patients at highest risk for CI. Crucially, this approach was supported by the performance
on other NP measures. For easier application in clinical settings, we provided suggestions
on the implementation of a computer-aided design that automatically generates a
patient’s demographically adjusted Z-score. We showed that an acceptable alternative is
to include only age as predictor variable in the final regression model resulting in similar
impairment classification rates (20% versus 22%; exact p=0.63), which facilitates ease and
efficiency in routine clinical use.

Methodological considerations part II
One of the main shortcomings of the study presented in chapter 4 was that only a small
proportion of patients suffered from CI. In such a patient group it is complicated to
establish the true value of a screening tool for cognitive dysfunction. In addition, scores
on the BRBN showed little variation over time, so it was not possible to draw conclusions
about change in cognition or cognitive deterioration over time in relation to changes in
PASAT and SDMT scores. Only 19% of the 485 MS patients could be classified as cognitively
impaired, defined as having at least two scores on (sub)tests of 1.5 SD below the mean
of HCs on at least one visit. Indeed, the mean values of all test scores (except Word
List Generation, assessing semantic verbal fluency) were above the previously published
normative mean values for Dutch HCs by Boringa et al.41 Another important aspect that
needs to be considered was the very heterogeneous conditions in which testing had
been performed. As this study relied on data collected for other purposes, from patients
volunteering for different research protocols, information about important confounding
factors that could conceivably impact cognitive functioning (e.g. psychological distress,
use of medication) was lacking and could thus not be accounted for. Another important,
206

Summary, general discussion and future perspectives

yet complicated methodological aspect is that both tests (SDMT and PASAT) used
standalone were also part of the cognition test battery used as a reference, which
may have biased the results. Previous studies on this topic have dealt with this issue
in a different manner.34, 38, 42 In two of these papers the authors decided to exclude the
SDMT from the validity standard for CI.34, 38 However, this solution is not optimal for NP
classification, as this eliminates the probably most valuable test. In our view the BRBN
should be left intact when used as a ‘gold standard’. Therefore, we decided to leave
the SDMT, but also the PASAT in the BRBN sumscore and accept this methodologically
suboptimal intertwining. Since the same complication holds for the analysis of the PASAT,
we believe that a relative judgment is still possible.
Before actual implementation of the SDMT in clinical settings can be realized, appropriate
normalization in different language groups is needed. To be sure that the norms are valid
and that the comparison with classical norms is pertinent, it is important that the HC sample
is representative of the population. One could argue that the number of HCs in the study
presented in chapter 5 was quite low and usually larger numbers are required to ensure the
representativeness of the sample. Furthermore, the controls in our cohort were younger
than the MS patients, which should be taken into account when one considers to use these
regression-based norms. Importantly, they did not differ in terms of sex and education.
In contrast to more recently published regression-based norms for a digital version of the
SDMT in a Dutch population, performance in our sample was only influenced by age, and
not by educational level.43 Overall, the educational level of our HC sample was fairly high,
which might have influenced our results.41 Unfortunately, we could not find relevant data
on the educational level of the general Dutch population from national statistics that was
suitable for comparison with our HC sample. The Dutch educational system has changed
through the years, making a direct comparison impractical. Patients of differing ages were
included, who were all educated according to different systems. Which cohort matches the
Netherlands census data remains uncertain. We calculated the influence of education in
years instead of educational level, since prior research cited in the paper also used years
of education. This resulted in a rough classification that would approximate results from
earlier publications on this topic.39, 40

Future perspectives part II
The papers presented in part II of this thesis significantly added to the ongoing debate
about the optimal screening tool to be included in everyday assessment of cognitive
function in MS patients, and contributed to the value of the regression-based approach
for the SDMT as an indicator of the cognitive status of MS patients. As we only used
retrospective data that was collected for other research purposes, it would be interesting
to replicate our study in a more homogenous cohort using longitudinal data, collected for
studies specifically designed for the evaluation of cognition in MS patients.30 Furthermore,
studies including more representative normative datasets should be carried out when
considering the actual implementation of the regression-based norms for the SDMT.44
I believe that the concepts presented here have the potential to improve the ease and
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efficiency of how cognition is being evaluated in MS patients in routine clinical practice. In line
with the studies presented in the first part of this thesis, it would be interesting to explore
new innovative techniques that allow automated processing and interpretation of CI.
Fortunately, the field has seen a lot of progress in recent years. In 2010, the SDMT was
selected together with two other cognition scales, as part of the Brief International
Cognitive Assessment for Multiple Sclerosis (BICAMS), that was developed as part of
an international endeavour to facilitate the assessment of cognition in MS patients.30,
44
This effort included an international validation protocol and the number of those
estimated within the population. As a result, it is possible to generalise findings of all
the available literature published as part of the BICAMS international validation protocol
to other MS populations. Since then, BICAMS has been widely validated across many
languages, cultures and locations, also in the Netherlands.43, 44 A recent interim metaanalysis revealed that the selected scales were able to identify cognitive difficulties in
adults with MS compared to HCs, in a battery that takes only 15 minutes.44 In line with
previous literature, CI was most marked in the domain of information processing speed
measured by the SDMT. While wider international validation of BICAMS will certainly
improve cognitive symptom management in MS patients, we should simultaneously start
exploring innovative electronic devices to automatically assess CI. The ‘Multiple Screener
tool’ and the ‘Processing Speed Test’ are two examples in which cognitive tests (including
the SDMT) were implemented digitally to measure cognitive deficits in MS in a timeefficient, unsupervised manner.43, 45 The authors provided evidence that digital cognitive
testing in patients is feasible, practical and efficient in both administration and scoring.
In the future, implementation of this type of tools could lead to early identification of
cognitive decline in patients with MS and subsequently allow for adequate counselling.
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Part III: Optimizing imaging measures: towards accurate deep grey
matter segmentation
Research questions and outline part III
In parallel to our endeavor to improve clinical outcome measures of UEF and cognitive
impairment in MS patients, we aimed to improve outcome measures on a third front:
surrogate imaging biomarkers of CI. The increasing amount of data linking dGM
atrophy to CI suggests that irreversible dGM tissue loss, especially of the thalamus,46-49
is an important determinant of cognitive deterioration, to a greater extent than can
be explained by conventional white matter (WM) lesion assessment.50, 51 While atrophy
measures of the dGM may serve as potential imaging biomarkers for cognition in MS, the
applicability for everyday clinical use is limited. In part because, so far, there is an unmet
need for reliable automated segmentation methods.52-54 Previous studies have shown
that WM lesions and (local) atrophy affect measures such as whole-brain grey matter
(GM) volume,52, 55, 56 but is such influence also present with segmentation of the dGM?
And if the quality of dGM segmentation is indeed reduced in MS, the question remains
whether this is relevant if the objective is to investigate in more detail the relation between
dGM atrophy and cognitive deterioration, or to use dGM atrophy measures as potential
surrogate markers of cognitive decline. We believe that objective MS-specific reference
sets are needed; these can serve both as a benchmark for objective evaluation and as
MS-specific training sets for creating novel methods tailored to the particular imaging
features of MS brains. We assume that this will result in more accurate automated dGM
segmentation, that are less affected by MS pathology than existing methods. But how do
we produce these ‘ground truth’ labels for the dGM? Should we rely on expert manual
delineations or can we use semi-automated segmentation techniques to reduce the
workload and scale up to the number of labels needed for a reasonable data set for
training novel algorithms? In the third part of this thesis, we aimed to provide accurate
‘ground truth’ reference segmentations of the dGM in representative multi-center images
of MS patients, presented in a more efficient and timely manner. We will discuss how
MS pathological changes affect the performance of some state-of-the-art algorithms for
segmenting the dGM on MRI, and how these might influence the relationship between
thalamus volume measurements and cognition, while addressing some of the barriers
for clinical use.

Summary of results of chapter 6
Chapter 6 contributed important advances towards this goal: a novel protocol with
stringent guidelines for manually tracing the caudate nucleus, putamen and thalamus
on 3D T1-weighted MR images was developed, and evaluated in terms of reliability in
multi-center images of 23 MS patients and 12 controls. In view of the large amount of
work involved in creating full manual labels, we additionally presented an evaluation
of a partial outlining leading to a semi-automated method of creating reference labels,
using the recently proposed fast semi-automated segmentation approach (FASTSURF)
for hippocampus.57 First, to address its viability, we evaluated this approach using
sparse contours derived from the full manual segmentations. Second, after optimization
209

9

CHAPTER 9

of the parameters of the method, we validated this approach in a small subset of six
images, using 10 predefined contours which were manually traced for each structure
de novo. The high levels of agreement between the three experts’ manual outlines of
the dGM structures indicated that our newly-developed outline protocol can be used
to create dGM reference datasets with sufficient levels of accuracy, even in multi-center
settings. Importantly, this study also demonstrated that high-quality segmentations can
be obtained through FASTSURF, while only needing 10 de novo contours as input. This
approach can therefore reduce the workload and time investment to create sufficient
reference datasets for training and validation purposes of novel algorithms for measuring
dGM atrophy in MS.

Summary of results of chapter 7
Because our consistent approach allowed raters to (re)produce outlines with great
accuracy, we were now able to evaluate the performance of existing automated dGM
segmentation methods compared to manual references in multi-center images, based
on the described protocol. Specifically, in chapter 7 the accuracy of four often-used dGM
segmentation techniques, FreeSurfer, FSL-FIRST, VolBrain, and GIF,58-62 was compared
between 21 MS patients and 11 HCs, while zooming in on the relation of performance
with lesion load and whole brain and regional atrophy. Based on our newly-developed
manual outline protocol, full tracings of the thalamus, caudate nucleus and putamen
of three expert raters were combined by majority voting to create a reference for the
automated methods. Our results demonstrated that the accuracy of automated methods
segmenting the three dGM structures tended to be lower in MS patients than controls,
and negatively related to higher lesion volume and lower global-local brain volumes. This
suggests that pathological changes in MS do indeed contribute to the limited functioning
of the algorithms in patients, although the exact mechanisms are not fully understood.
Remarkably, for instance, the impaired performance was not improved by lesion-filling,
which argues against a direct influence of the lesions alone.

Summary of results of chapter 8
In chapter 8 we elaborated on this exciting work and our specific interest in understanding
the relation between thalamus atrophy and cognitive decline in MS patients. As indicated
by the study presented above, automated methods may yield measurement errors that
increase with increasing MS pathology. This may present a biased picture or reflect
spurious correlations in terms of cognition. 47, 52, 63-65(47, 52, 63-65) Therefore, in this
study we explored whether the relationship between thalamus volume measurements
and cognition in MS patients differs between five often-used automated segmentation
approaches (FreeSurfer, FSL-FIRST, VolBrain, GIF and CAT12).58-62, 66 We found that both
automated and manual tissue segmentation consistently demonstrated a relationship
between the degree of thalamus atrophy and cognitive dysfunction, which suggests that
the observed association is truly a manifestation of the disease. While the consistency
of findings between methods was reassuring, our results also highlighted that the
associations between thalamus volume and cognitive outcome might be impacted
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by the influence of differential bias. Particularly, we found an increasing over- and
underestimation of the automated methods in smaller and larger thalami, respectively.
As virtually all automated techniques included in this study, excepted CAT12, exhibited
a proportional bias with respect to thalamus size measured manually. Furthermore, we
repeated the analysis done on the whole study population separately for each of the
three scanner vendors used in this multicenter study. This analysis revealed significant
differences and dramatically highlighted the known impact of different acquisition
protocols on the results of a particular analysis pipeline, warranting further and more
systematic studies of these issues.

Methodological considerations part III
To ensure that our manual outline protocol is widely applicable amongst readers with
varying backgrounds and different levels of experience, we provided strict guidelines
and well-defined anatomical landmarks to readily identify the outermost limits of the
dGM structures on orthogonal planes. While the protocol was considered consistent,
we do not claim that the resulting manual labels are the absolute ‘ground truth’. If so,
we should interpret the associations with cognition found by automated but not by
manual segmentation as false. Instead, we would be more inclined to interpret them
as correct, but missed by expert raters due to the inherent variability.47, 59, 63 To further
ensure its applicability in clinical settings, the protocol was developed for outlining on
standard 3D T1-weighted MRI scans only, as these are readily available in most clinics.
However, standard T1 imaging has been shown to be suboptimal for dGM structures.
This particularly applies to the thalamus, which is an agglomeration of smaller nuclei that
comprises mixed WM-GM voxel intensities. This leads to an ill-defined boundary of the
overall thalamus on conventional MRI, especially in the presence of neurodegeneration.47,
59, 63
Incorporating features from advanced imaging techniques such as diffusion tensor
imaging (DTI),67 or quantitative susceptibility mapping (QSM),68, 69 would probably lead to
more refined estimations of the boundaries. Recently, there have also been developments
on other MR imaging techniques, such as MPRAGE with additional suppression of WM or
GM, or susceptibility-based contrasts.70, 71 Such techniques could inform expert raters on
the boundaries of the dGM structures, which could help training of improved automated
methods, regardless of whether they are applied with or without direct input from these
methods. Given the reported limitations, we propose that a promising approach to create
accurate dGM reference labels, on a larger scale, is to combine the standardized manual
delineation protocol with a semi-automated technique, such as FASTSURF.57 Although
this has the potential to substantially reduce the workload, the number of de novo cases
in our study was still low (n=6) due to the fact that raters trained with the current protocol
were and remain only marginally available. In the future, more manual delineations of
trained expert assessors should be included to further validate this approach.
The software packages surveyed in our studies were FreeSurfer, FSL-FIRST, VolBrain,
GIF and CAT12. While other pipelines exist, these methods have been widely deployed
throughout the neuroimaging MS research community and hence pertain most astutely

211

9

CHAPTER 9

to the question of whether the data in the literature on dGM volumes in MS can be
trusted as much as the same data in HCs. To assess whether there were different tissue
contrasts in the T1-weighted images obtained at different sites, as well as to assess if this
was related to the observed relation with cognitive measures, we quantified the contrastto-noise ratio (CNR) for each thalamus in each subject. Surprisingly, our results showed
that images with lower CNRs resulted in more significant correlations with cognitive
measures. This finding warrants follow-up analysis to pinpoint the origin of this variance.
A more detailed evaluation of the interaction between MRI acquisition parameters and
different dGM segmentation methods (i.e., the robustness of the various segmentation
methods with regards to MRI acquisition parameters) transcended the scope of this
thesis, but should be addressed in future work.

Future perspectives part III
Building on the work presented in chapter 6, we were able to objectively evaluate the
performance of existing methods for dGM segmentation in a large representative set of
multi-center images of MS patients. As our results in chapter 7 and 8 well demonstrate,
there is a very real possibility that some of the data in the literature have been affected by
systematically less accurate segmentations in MS cases than controls. Previous studies
have reported similar disease specific effects,52, 55, 72 but a more complete analysis, in a larger
multi-center set of image volumes was lacking. This has important clinical implications. If
suboptimal and less accurate segmentation results occur with dGM structures that show
deviations from the dGM of the HC training datasets, an analysis bias may consequently
follow in clinical studies, which commonly compare MS patients with matched controls.
This bias may not always be obvious and may even remain unidentified, especially in
large cohort studies.53, 54 To make the implementation of dGM volume measurement
in clinical practice feasible, these potential sources of error need to be accounted for
and appropriately managed. New and potentially valuable segmentation methods using
deep learning techniques are rapidly being explored.73-76 Although first publications on
dGM segmentation in elderly and patients with other diseases look promising, yielding
segmentations that are highly consistent with a standard atlas-based approach, the
methods were neither trained nor tested on MS data.75, 76 In the future, we hope to create
a publically available reference dataset for anyone in the field, to serve as a benchmark
for testing and training such novel segmentation techniques specifically in MS cases.
To create large scale datasets necessary to meet the standards for MLA, the manual
delineation protocol may best be combined with a semi-automated technique, such as
the proposed FASTSURF.
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GENERAL DISCUSSION AND FUTURE PERSPECTIVES
Until we identify the etiology and cure, the management and treatment of MS requires
an individualized patient focused approach that is centered on improvements in general
health, prevention of disease activity / progression, and quality of life enhancement;
by providing recommendations based on the combination of disease subtype, clinical
status, radiological status, and other biological markers.77 To deliver patient focused care,
we have to incorporate all of these elements, while considering what is practical, feasible
and clinically meaningful for that particular patient. One goal of personalized treatment
should be to establish ‘no evidence of disease activity’ (NEDA), instead of focusing on
strategies that promote disease prevention. Using the novel high efficacy disease
modifying therapies (DMTs), NEDA is achieved in 23 – 48% of patients.78 Furthermore,
we should not only focus on preventing clinical relapses or new or enlarging T2 and
gadolinium enhancing lesions on MRI,79 but also aim at monitoring and treating disability
progression and brain atrophy, particularly in patients with progressive MS disease
phenotypes.80 Finally, personalized care should optimize long-term patient management
through enhanced patient education, disease surveillance, and methods aimed at
improving quality of life.77
More accurate and immediate recognition of neurological disability is important for MS
patient management; patients can be treated sooner, increasing the opportunities for
preventative interventions early on. Hence, appropriate outcome measures and disease
biomarkers are central to both diagnosis and treatment decisions, as well as assessing the
efficacy of novel therapies in clinical trials. The papers described in this thesis contribute
to the challenges raised by these concepts.

What have we learned from this thesis
Part I:
I.

The importance of the consideration of patients’ UEF impairment with multiple
measures, independent of ambulation;

II. The recognition that ADL tests and PROMs add valuable clinical information;
IIII. The ability to combine video-based comparative assessments into a consistent
and fine-grained consensus scale of motor dysfunction, using algorithmic support;

Part II:
I.

The confirmation that SDMT is an appropriate tool to detect cognitive deficits in
MS patients for baseline clinical rating and regular follow-up assessments;

II. The regression-based norms were shown to be valid for the SDMT as a potential
screening method for cognition in MS;
III. This work contributes to the ongoing debate of replacing the PASAT for the SDMT
in everyday assessment of cognitive function in MS patients;
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Part III:
I.

The ability to create accurate ‘ground truth’ reference segmentations of the dGM
to serve as a benchmark for testing and training existing and novel segmentation
techniques specifically in MS cases;

II. The recognition that state-of-the-art algorithms for dGM segmentation yield
measurement errors that increase with increasing MS pathology;
III. This work highlights that the observed associations between thalamus volume
measurements and cognitive outcome in MS patients may be biased by disease
specific factors, MRI acquisition parameters and segmentation techniques.
The unpredictability of the disease course and the heterogeneous symptomatology
makes the ability to track MS disability particularly difficult. In line with the wide
heterogeneity of MS, the progression of disability is a multidimensional process requiring
a multidimensional approach. Function limitation in MS can affect every neurological
domain from vision to gait. Therefore, composite measures that cover all relevant clinical
aspects of MS are necessary to evaluate the deterioration of single neurological domains,
which should be considered for the detection of disability progression.5 However,
this is still not the standard of care in neurological practice. Certainly, the well-known
EDSS incorporates important MS functional domains, but clearly has its limitations.
Most notably, the limited responsiveness of the scale and a disproportional impact of
ambulation on the total score, especially in the higher scale range (i.e. 4.0 – 7.0), represent
an obstacle for its application.5 The MSFC, designed to overcome the EDSS' limitations, by
utilizing a continuous scale and linear composite rather than an ordinal clinician rating
scale, is able to characterize progression of UEF, ambulation and cognition through
three functional tests: the 9HPT, T25FWT and PASAT.32 As proposed earlier in this thesis
(chapter 4), the SDMT should replace the PASAT in future disability composites. However,
the lack of a gold standard as an anchor to detect disability makes the interpretation of
these tests difficult. Furthermore, while the 9HPT and T25FWT both correlate well with
the ability to perform ADL,15, 20 the instruments do not fully capture the broader aspects
of functioning necessary to define the level of severity on more complex tasks. Despite
their limitations, the EDSS and MSFC are accepted as primary and secondary endpoints
to measure disease outcome in clinical trials.5, 81 We suggest to incorporate ADL tasks to
the clinical evaluation of MS patients, which may add important information to assess
disability (chapter 2).24, 82 Optimally, these tests should be complemented by PROMS to
gain insight into the patient’s perspective of impairment (chapter 2), which is increasingly
being recommended as integral component in clinical trials.81 In recent years, many
promising alternative PROMS have been developed and validated specifically for use in
MS patients, such as the Arm function in MS Questionnaire (AMSQ) for patient-perceived
UEF,83 and the 12-item MS walking scale (MSWS-12) to assess functional impact on
various ambulation tasks in daily living.84 Further studies are required to determine what
other measures NEDA should incorporate to better predict more significant long-term
outcome and to determine which treatments optimally help with long-term management
goals such as prevention of clinical progression, brain atrophy, and cognitive dysfunction.
214

Summary, general discussion and future perspectives

Early and accurate diagnosis and monitoring of disability is now also required for the
progressive MS phenotypes, since DMTs that slow disease progression in PPMS and SPMS
have recently become available.85, 86 To date, it is still not clear which cut-off values for the
outcome measures should be applied. To quantify disability progression on the EDSS,
strategies vary considerably between trials, typically ranging from the basis of the change
in EDSS score or metrics that quantify progression as a binary phenomenon, such as the
proportion of patients with or without (confirmed) disability progression, patients with
or without improvement in disability, or the time to confirmed disability progression.81
For the MSFC, several trials described a relative increase of 20% as significant to detect
disability progression on the 9HPT and T25FWT, or simply reported a between group
differences.81 By applying these definitions, several of the studies published so far have
shown that MSFC-derived outcomes were more sensitive to disability progression than
the EDSS-derived outcomes. In two large phase 3 trials (ASCEND and ORTARIO) on the
effect of Nataluzimab and Ocreluzimab in progressive MS patients, treatment did not
have an effect on EDSS, however, it reduced upper extremity disability progression as
measured with the 9HPT.86, 87 As indicated, the reported trial results are highly dependent
on the strategies chosen. The significance of specific raw scores derived from cognitive
performance outcome measures is even more ambiguous.
One of the challenges that we faced in several of the studies presented in this thesis
was: what defines significant clinical change? A statistical approach to defining minimal
change of a continuous measure is simply quantified as a degree of difference in sample
means divided by the variance. In chapter 4 we calculated the smallest detectable change
to indicate the minimal amount of change in the patient’s SDMT and PASAT score that is
not the result of measurement error. However, whether a change exists in the statistical
sense has little to do with the clinical significance of that change, nor with a possible
treatment effect. Another approach to define abnormal performance is to compare a
patients’ test result to the average performance of the most suitable normative (sub)
group as a reference. However, there are a number of potential demographic factors
that might impact a patients’ final test result, which should be accounted for, potentially
through regression-based norms (chapter 5). For novel methods, such as the comparative
assessment technique described in chapter 3, new intelligent ways to define significant
change have to be explored. For this particular study, change on the comparative
assessment scale was defined by the number of severity levels on FNT and CUP that
could be distinguished by 80% of the neurologists. Interestingly, this resulted in at least
2 more levels of disability severity than the original ordinal scale. In the future, interval
scales calibrated by item response theory might be useful to objectively and accurately
define the magnitude of change on these new type of disability scales.88
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A key problem to all of these approaches is the clinical interpretability of the scale value
that may not reflect very well the daily activities of patients.89 Instead of using abstract
Z scores, we might also consider more concrete indicators of clinical meaningfulness
change, such as the suggested anchor benchmark values for the EDSS and 9HPT in
chapter 2. There is growing recognition that employment status is an important aspect in
the quality of life of MS patients and society as a whole. Therefore, a considerable number
of researchers endeavoured to link MS-associated motor function and cognitive deficits
with functional impairment based on varying degrees of workplace failure.20, 89, 90 Another
solution might be offered by defining the minimal clinically important difference, which
is determined by the smallest amount of change on an anchor-scale that is important
or clinically meaningful to a patient. This approach is frequently used to interpret the
significance of change on PROMs, such as the AMSQ.91, 92 Future studies are needed to
parse out the clinical utility and relevance of the proposed benchmarks.
Combining clinical predictors with abnormal MRI findings, may further facilitate the
early identification of patients with poor long-term disability and risk of employment
limitations.93, 94 Previous research found strong associations between disability
progression and early lesion burden,95, 96 spinal cord lesions,97, 98 whole brain atrophy,99, 100
central atrophy,99, 101 thalamus atrophy,49, 102, 103 and increased disease activity over a shortterm follow-up.96 These MRI markers and their changes within the first year following
DMT initiation seem promising neuroimaging markers to predict the accrual of sustained
disability over a long-term follow-up. Looking at cognition, a promising alternative for
identifying CI in MS patients is measuring thalamus volume change, which was confirmed
by the results presented in chapter 8. However, before actual implementation into
clinical practice can be realized, there are a number of critical issues that need to be
accounted for, such as sources of error related to image acquisition plus processing
and variability due to MS specific changes that seem to affect automated dGM atrophy
quantification (chapter 7 and 8). Instead of what was expected from earlier publications
on GM segmentation,56, 104-106 the performance of existing algorithms for segmenting the
dGM was not improved by lesion filling (chapter 7). The research presented in chapter
4 of this thesis has the potential to improve the accuracy and efficiency of how dGM
imaging data is being processed and interpreted. Exciting results come from a preliminary
study that build upon our consistent outline protocol to develop and validate a new MSspecific automated segmentation method for the dGM. First unpublished data revealed
improved segmentation of the caudate, putamen and thalamus compared to generic
methods (FSL-FIRST and FreeSurfer). To stimulate new developments and improvements
in the field, the authors plan to release both the reference set (including brain MRI scans
of 100 MS patients and 20 HCs) and the software used in this report as open-source in
the near future.
The video-assisted measurement techniques discussed in this thesis have the potential
to replace conventional measures, which is especially relevant when we consider that
video consultation for chronic neurological diseases is expected to increase exponentially
after the emerging COVID-19 pandemic.107 To resolve access barriers and ascertain a
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continuation of care for the most vulnerable patients, health care professionals worldwide
used telemedicine and home use monitoring.108-110 While telemedicine is a feasible and
accepted strategy for patients to improve their MS control without the need for an office
visit, it is less suitable for routine neurological examinations. Especially motor dysfunction
is hard to distinguish based on medical history alone, while it is a major contributor for
reduced mobility and quality of life. New and valued opportunities of remote monitoring
options that offer reliable assessment of disability are rapidly being explored. Video
consultation in particular has emerged as a useful alternative to outpatient visits, with
reported benefits such as improved access to healthcare for patients with impaired
mobility, greater efficiency in terms of traveling and costs, and without the risk of physical
interaction.108, 111, 112 Video-based assessment has the potential to improve the evaluation
of disability,28 which more easily allows for the evaluation of tasks that involve ADL,24
providing a more realistic perspective of the patient’s actual functioning.
Where lies the future? Several of the papers presented in this thesis elaborated on exciting
publications on emerging technologies such as machine learning, which have the potential
to revolutionize the field of clinical outcome and imaging processing and lead to substantial
improvements for patients and health care professionals.29 Promising alternatives to the
assessment of disability in patients with MS are offered by innovative electronic devices that
are currently being developed, such as the Assess MS system.1-3 In recent years there has
been a rapid increase in the development, testing, and use of wearable technologies aimed
at providing more immediate recognition of disease change, such as accelerometers
and gyroscopes to track specific motor functions.113 Additionally, the implementation of
digital tools for cognitive testing might lead to more efficient and timely identification of
cognitive decline in MS patients.43, 45 Similarly, many promising data has been published on
conventional and machine learning techniques to automatically quantify brain atrophy on
MRI.73-76 In fact, several software packages have recently been approved as medical devices
for use in Europe, and three of these have also received clearance by the Food and Drug
Administration (FDA) in the USA.64 This may further facilitate the prediction of physical and
cognitive disability progression in MS patients.
Taken together, these innovative techniques may aid in the evaluation of disability, which
can guide care by providing objective, frequent, real-world assessments of MS patients. To
train such new techniques requires reliable labels of patient performance or MRI (volume)
measurements, if it is to provide a consistent measure of the neurological function or the
underlying pathological process to be predicted. One of the key challenges for labelling
is scale, which particularly applies to the labels that require expert knowledge, such as
neurologists’ judgments of patient movement performance or radiologists’ definitions of
brain structures on MRI.21 In the future the described techniques in chapter 2 and 4 can
be used to create larger, and potentially more accurate reference datasets for building
novel MLAs, to automatically predict disability and (dGM) brain atrophy on MRI.
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The innovative techniques presented here pose numerous potential benefits, such as
the possibility of continuous measurement and home use. This is especially relevant
in a patient-focused care system where the patient is put at the center. By delivering
personalized, on-demand data to the team, patients can be more actively involved in the
management process and treatment decisions can be tailored to specific patient needs.
Furthermore, automated measures are less affected by intra- and interrater variability,
especially when used under strict conditions, and are easy to deploy in trials. Although
the technologies advanced rapidly in the past few years, the levels of accuracy required
for diagnostic purposes in clinical practice and MS therapeutic trials have not been
reached yet. Other complicating factors, such as the limits in current machine learning
technology, constraints on hardware and data privacy, should be accounted for. Lastly,
we need to find sophisticated ways to translate MLA results into values that are clinically
interpretable and credible to both patients and clinicians. Future research should
focus on further refinement of these innovative health care techniques, so they can be
implemented in current practice with benefits for patients and society.
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“Optimaliseren van functiemetingen en beeldvorming bij patiënten met multiple
sclerose: de weg naar klinisch gebruik”

Achtergrond
Multiple Sclerose (MS) is een chronische ontstekingsziekte van het centrale zenuwstelsel
(CZS), dat wil zeggen de hersenen en het ruggenmerg. Pathologisch wordt de ziekte
gekenmerkt door progressieve demyelinisatie (het verlies van myeline rondom de
zenuwen), neurodegeneratie (verlies van axonen) en volumeverlies van het CZS. Klassiek
wordt MS beschouwd als de meest voorkomende niet-traumatische neurologische
aandoening bij jong volwassenen, met naar schatting 2.3 miljoen getroffen mensen
wereldwijd. De ziekte openbaart zich meer bij vrouwen dan bij mannen (ongeveer 2:1). De
oorzaak van de ziekte is tot op heden nog niet volledig ontrafeld, en er is geen genezing
mogelijk. Wel zijn er sinds de jaren 90 meerdere ziekte modulerende behandelingen
(ZMB) op de markt die het ziekteproces bij MS gedeeltelijk kunnen remmen.
De ontstekingen die voorkomen bij MS worden veroorzaakt door een auto-immuun
reactie, waarbij de eigen afweer het gezonde weefsel aanvalt waardoor er schade
optreedt. De immuunrespons tegen myeline resulteert in een cyclus van periodieke
aanvallen. Deze kunnen zichtbaar worden gemaakt als laesies (beschadigingen) van
(voornamelijk) de witte stof in het CZS door middel van structurele Magnetic Resonance
Imaging (MRI). Klinisch kunnen deze aanvallen tegen de myeline leiden tot een plotseling
optreden van neurologische symptomen, welke ontstaan in dagen tot weken, om
vervolgens na enige tijd weer af te nemen, al dan niet met permanente restverschijnselen.
Deze periode staat bekend als een schub (of 'exacerbatie'). De overgrote meerderheid
van patiënten die MS ontwikkelen, begint met een enkele episode, een clinically isolated
syndrome (CIS) genoemd. Hierbij zijn meestal de oogzenuw, de hersenstam of het
ruggenmerg betrokken, afhankelijk van de locatie van de laesie. Een verscheidenheid
aan symptomen kan optreden, in combinatie of individueel. Zoals problemen met zien,
gevoelloosheid, verminderde motorische kracht of problemen met de aansturing. Het
klassieke ziektebeloop wordt gekenmerkt door deze episodes van klachten gevolgd door
herstel (relapsing-remitting MS). Behalve schubs kunnen patiënten ook een langzaam
progressieve achteruitgang ervaren, soms al vanaf het begin van de ziekte (primair
progressieve MS), of pas in een latere fase van het ziektebeeld (secundair progressieve
MS). Er is een grote variatie in wanneer en hoe vaak een schub optreedt, evenals de mate
van progressie van invaliditeit (ook wel ziekteprogressie).
Hoewel de diagnose en behandeling van MS de afgelopen decennia aanzienlijk is
geëvolueerd, is het herkennen van neurologische beperkingen door middel van
nauwkeurige metingen die de ziekteprogressie op betrouwbare wijze vastleggen nog altijd
uitdagend. De zeer variabele en onvoorspelbare aard van de ziekte en de heterogene
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symptomatologie maken het vervolgen van het klinisch beeld bijzonder gecompliceerd.
Bovendien bemoeilijken deze het definiëren van (uniforme) uitkomstmaten van
invaliditeit in klinische onderzoeken. Hoewel loopfunctiebeperking al tientallen jaren
wordt gebruikt als indicator voor MS ziekteprogressie, worden andere aspecten van
invaliditeit, zoals arm-handfunctie (AHF) en cognitieve beperking (CB) niet routinematig
beoordeeld. Terwijl deze functies vaak ook worden aangetast door de ziekte, al in de
vroegste stadia, en een grote mate van invloed hebben op het dagelijks functioneren en
de kwaliteit van leven van MS patiënten. Daarom is het identificeren van beperkingen op
het gebied van AHF en cognitie, en het karakteriseren van hun omvang en impact van
belang voor het voorspellen van ziekteprogressie en het verbeteren van lange termijn
behandeldoelen. Hierin ligt een voorname uitdaging in de dagelijks klinische praktijk en
wetenschappelijk onderzoek.

Doel van dit proefschrift en overzicht van resultaten
Nauwkeuriger klinische uitkomstmaten en ziekte biomarkers worden steeds belangrijker
voor zowel diagnose- als behandelbeslissingen bij patiënten met MS, evenals voor het
beoordelen van de werkzaamheid van nieuwe therapieën in klinische studies. Ondanks
het belang van stoornissen op het gebied van AHF en cognitie, blijft de herkenning
ervan in de klinische praktijk een uitdaging. Dit vormt de reden voor de doelstellingen
van dit proefschrift: het optimaliseren van bestaande functiemetingen en beeldvorming
bij patiënten met MS, evenals het onderzoeken van nieuw, potentieel meer verfijnde,
methoden om AHF en CB op geavanceerder wijze te beoordelen.

Deel 1
Innovatieve technieken, zoals automatische kwantificering van het motorisch
functioneren door middel van machine learning-algoritmen, kunnen potentieel bijdragen
aan de evaluatie van invaliditeit bij MS patiënten. Voor de ontwikkeling en training van
dergelijke systemen zijn nieuwere en geavanceerdere beoordelingen van invaliditeit
nodig dan bestaande klinische schalen. Het eerste deel van dit proefschrift richt zich op
deze uitdagingen.
Om een beter begrip te krijgen van de manier waarop arm-hand- en loopfunctie worden
beïnvloed door MS, en hoe deze onderling verbonden zijn, worden in hoofdstuk 2
verschillende aspecten van AHF onderzocht bij 247 patiënten met verschillende mate van
loopfunctiebeperking. In dit representatieve cohort MS patiënten, met over het algeheel
een lichte mate van invaliditeit, presteerden patiënten met een ernstiger loopstoornis
ook slechter op de AHF metingen, inclusief de testen van ‘activiteiten van het dagelijks
leven’ (ADL) en de patiënt gerapporteerde uitkomstmaten (patient reported outcome
measures; PROMs). Meer dan 90% van de patiënten had slechts een mild beperkte AHF,
zelfs wanneer het lopen al ernstig gestoord was (EDSS 6.0-7.0). Omgekeerd, was bij een
deel van de patiënten de AHF al prominent gestoord terwijl zij nog geen evident beperkte
loopfunctie hadden. Deze veronderstelde trend ondersteunt de resultaten van een
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andere longitudinale studie die een vroege en meer geleidelijke verslechtering van AHF
beschreef ten opzichte van loopfunctie, welke sneller achteruit ging in het ziekteproces.
Samengevat impliceren deze bevindingen dat beperkingen op het gebied van AHF zich
bij MS patiënten anders ontwikkelen dan loopfunctiebeperkingen. Dit ondersteunt het
belang van het meten van verschillende aspecten van AHF, naast loopfunctie, om een
meer compleet beeld te krijgen van MS invaliditeit.
In hoofdstuk 3 richten we ons op het ontwikkelen van een alternatieve techniek voor het
vastleggen van klinische beoordelingen van AHF beperkingen bij MS patiënten, met behulp
van paarsgewijze vergelijkingen. Deze techniek bouwt voort op het cognitief vermogen
van raters (beoordelaars) om meer consistent en meer verfijnd relatieve beoordelingen
te kunnen geven dan een absolute waardering, met behulp van bestaande ordinale
schalen. Specifiek, paren video's van 70 MS patiënten die een klassiek neurologische
test uitvoerden (de vinger-top-neus-proef), werden bekeken door 19 neurologen en
vergelijkend beoordeeld op mate van AHF beperking. Vijftig patiënten hiervan werden
aanvullend beoordeeld op een tweede test, ‘drinken uit een beker’, als maat voor het
ADL functioneren. Met behulp van Bayesiaanse technieken werden de vergelijkende
beoordelingen samengevoegd tot een gerangschikte volgorde van alle video's (van
‘slechtst’ tot ‘best’ presterende). Onze resultaten toonden aan dat deze techniek een
betrouwbaar en klinisch betekenisvolle evaluatie geeft van AHF beperking, zowel voor
standaard klinische tests als voor de beoordeling van ADL functioneren. Het belangrijkste
resultaat van deze studie was dat paarsgewijze vergelijkingen leidden tot meer verfijnd
klinische beoordelingen van AHF dan bestaande ordinale schalen (de EDSS). Dit kan
een belangrijke impuls geven aan de training en validatie van nieuwe machine learningalgoritmen, die de potentie hebben om invaliditeit automatisch te kwantificeren.

Deel 2
Terwijl deel I zich richt op het optimaliseren van metingen van AHF, nemen de laatste
twee delen van dit proefschrift het optimaliseren van klinisch en paraklinische metingen
van CB bij MS patiënten in beschouwing.
Er zijn in de afgelopen decennia verschillende beknopte meetinstrumenten ontwikkeld
om CB bij MS patiënten vast te stellen. De hamvraag blijft: wat is het meest geschikte
instrument voor routinematige screening en monitoring in de klinische setting, welke
zowel effectief als efficiënt is? En hoe identificeren we CB? In het tweede deel van dit
hoofdstuk bespreken we kort de belangrijkste bevindingen van twee studies naar enkele
methodologische aspecten van de Symbol Digit Modalities Test (SDMT), een van de meest
gebruikte cognitieve screeningsinstrumenten bij MS patiënten.
Om patiënten op te sporen die uitgebreider neuropsychologisch (NP) onderzoek en
zorg behoeven, zijn zowel de Paced Auditory Serial Addition Test (PASAT) als de SDMT
aanbevolen als beknopte cognitieve screeningsinstrumenten in de klinische setting.
Hoewel onderzoeken tot op heden betere psychometrisch en praktische eigenschappen
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aantoonden van de SDMT, ontbraken tot nog toe longitudinale studies met een lange
follow-up. Daarom hebben we in hoofdstuk 4 de lange termijn testresultaten van zowel
de PASAT als de SDMT onderzocht, in relatie tot resultaten van een uitgebreider NP
onderzoek [the Brief Repeatable Battery of Neuropsychological tests (BRBN)], om te bepalen
welke van deze instrumenten in de loop van de tijd het meest valide en betrouwbaar is
als enkel screeningsinstrument voor CB. Door gebruik te maken van een vrij unieke multilevel analyse methode was het mogelijk om alle beschikbare data te gebruiken van een
groot MS cohort met 485 patiënten, over een follow-up periode van 13 jaar (1998-2011).
De validiteitsmetingen toonden aan dat de correlaties tussen SDMT en BRBN sterker
waren dan dezelfde correlaties tussen PASAT en BRBN. De test-hertest betrouwbaarheid
van de metingen waren goed voor alle instrumenten, maar het beste voor de SDMT.
Duidelijker plafond- en leereffecten waren zichtbaar voor de PASAT. Al met al bevestigen
deze resultaten dat de SDMT een meer valide en betrouwbaarder maatstaf is voor CB bij
MS patiënten dan de PASAT, zowel bij aanvang als over de lange termijn. Dit werk draagt
bij aan het voortdurende debat over het vervangen van de PASAT door de SDMT in de
dagelijkse klinische beoordeling van het cognitief functioneren van MS patiënten.
Na bevestigd te hebben dat de SDMT een geschikt instrument is om CB bij MS patiënten op
te sporen en te monitoren over tijd, is de volgende belangrijke stap om te definiëren wat
'afwijkend' is. Eén van de problemen bij het implementeren van de SDMT in de klinische
praktijk is dat CB wordt afgeleid aan de hand van gepubliceerde normatieve data van
gezonde controles (GCs), variërend in omvang en kwaliteit, welke slecht te generaliseren
zijn naar de MS populatie. Hierop voortbouwend, evalueren we in hoofdstuk 5 van dit
proefschrift nieuw afgeleide, demografisch aangepaste regressienormen voor de SDMT
in een steekproef van 96 Nederlandstalige GCs, als indicator voor de cognitieve status
van MS patiënten. Meer specifiek werden de SDMT resultaten van de GCs gebruikt om de
onbewerkte scores van 157 MS patiënten om te zetten naar demografisch aangepaste
Z-scores, waarbij werd gecorrigeerd voor de effecten van leeftijd, geslacht en opleiding.
Onze resultaten bevestigden eerdere observaties, dat demografisch aangepaste
regressienormen voor de SDMT gemakkelijker afwijkend cognitief functioneren bij MS
patiënten detecteerden dan conventionele normen, en ook dié patiënten identificeerden
met het hoogste risico op CB. Cruciaal was dat deze aanpak werd ondersteund door
afwijkende prestaties op andere NP testen. Voor een eenvoudiger toepassing in de
klinische praktijk, doen we een suggestie om een computerondersteund ontwerp te
implementeren die automatisch de demografisch aangepaste Z-score van een patiënt
genereert. Hiermee kan op gemakkelijkere en efficiëntere wijze CB bij MS patiënten
worden vastgesteld, tijdens routinematig klinisch gebruik.
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Deel 3
Parallel aan het streven om functiemetingen bij MS patiënten te verbeteren, willen we het
vaststellen en vervolgen van cognitieve stoornissen op een derde front optimaliseren:
radiologische surrogaat ziekte biomarkers van CB. MRI kan gebruikt worden om laesies
en atrofie (hersenkrimp) in vivo zichtbaar te maken en speelt daarom een belangrijke
rol in het diagnosticeren van en onderzoek naar MS. Ook kan MRI worden gebruikt om
een beter begrip te krijgen van cognitieve klachten bij MS patiënten. We hebben hierbij
ingezoomd op een drietal subcorticaal gelegen diepe grijze (dGS) structuren, die om
klinisch anatomische redenen een belangrijke rol spelen bij cognitie: het putamen, de
nucleus caudatus en de thalamus.
De toenemende hoeveelheid studies die dGS atrofie aan CB koppelen, suggereren dat
onomkeerbaar weefselverlies, vooral van de thalamus, een belangrijke determinant
is voor cognitieve achteruitgang bij MS patiënten. Hoewel atrofie metingen van de
dGS op MRI potentieel kunnen dienen als radiologische ziekte biomarker van CB, is de
toepasbaarheid in de klinische praktijk nog gelimiteerd vanwege de beperkt betrouwbare
automatische segmentatie (uitlijning) methoden. Objectieve MS specifieke referentiesets
zijn nodig; deze kunnen zowel dienen als ijkpunt voor objectieve evaluatie, evenals
trainingsset voor het creëren van nieuwe methoden die zijn afgestemd op de specifieke
MRI kenmerken van MS in de hersenen. We gaan ervan uit dat dit zal resulteren in
nauwkeuriger automatische dGS segmentatie, die minder worden beïnvloed door MSpathologie dan bestaande methoden.
Hoofdstuk 6 draagt in belangrijke mate bij aan de verwezenlijking van dit doel: samen
met gespecialiseerd neurologen en neuroradiologen werd een nieuw protocol ontwikkeld
met strikte richtlijnen voor het handmatig uitlijnen van de nucleus caudatus, putamen en
thalamus op MRI-beelden. De betrouwbaarheid werd beoordeeld in een set MRI-beelden
van 23 MS patiënten en 12 GCs. De structuren werden ingetekend door 3 raters, ook
wel tekenaars. De hoge intra- en interrater overeenkomst, gemeten met zowel volume
(ICC) als ruimtelijke overeenkomst (JI en CIgen), toont aan dat het protocol zorgt voor
een goede reproduceerbaarheid zowel tussen als dóór raters, zelfs bij het gebruik van
multicenter-beelden. Gezien de grote hoeveelheid werk dat nodig is voor het maken van
volledig handmatige structuur labels, evalueerden we bovendien een semi-automatische
segmentatie methode voor het maken van referentie labels (FASTSURF), welke recent werd
ontwikkeld voor segmentatie van de hippocampus bij Alzheimer patiënten. Eerst wed deze
semi-automatische benadering beoordeeld met behulp van dunne contouren, afgeleid van
de volledig handmatige segmentaties. Na optimalisatie van de parameters, valideerden
we deze aanpak in een kleine subset van zes MRI scans, waarbij 10 vooraf gedefinieerde
contouren handmatig werden getraceerd voor elke structuur ‘de novo’. Belangrijk is dat
deze studie aantoonde dat segmentaties van hoge kwaliteit kunnen worden verkregen
middels FASTSURF, terwijl er slechts 10 de novo handmatige contouren als invoer nodig zijn.
Deze benadering kan daarom de werklast en tijdsinvestering verminderen om voldoende
referentie datasets te creëren voor training- en validatiedoeleinden van nieuwe algoritmen
voor het meten van dGS atrofie bij MS patiënten.
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Doordat een consistente aanpak raters in staat stelt om dGS contouren met grote
nauwkeurigheid te (re)produceren, konden we aansluitend de prestaties van bestaande
automatische segmentatie methoden voor de dGS evalueren in vergelijking tot
handmatige referentie labels op basis van het beschreven protocol. Specifiek worden
in hoofdstuk 7 de nauwkeurigheid van vier veelgebruikte dGS segmentatie technieken
(FreeSurfer, FSL-FIRST, VolBrain en GIF) vergeleken in 21 MS patiënten en 11 GCs.
Daarnaast wordt onderzocht of er een mogelijke relatie is tussen de prestatie van deze
technieken en de mate van MS pathologie, zowel volledig en regionale witte stof laesie
volume, als atrofie van de gehele hersenen en op lokaal niveau. De volledig handmatige
traceringen van de thalamus, nucleus caudatus en putamen van drie deskundige raters
werden gecombineerd door middel van meerderheidsstemmingen om voor elke structuur
één referentiekader te creëren. De resultaten toonden aan dat de nauwkeurigheid van
automatische segmentatie methoden bij MS patiënten doorgaans minder was dan bij
GCs, en negatief gerelateerd was aan een hoger laesievolume, en lager globaal-regionale
hersenvolumes. Deze uitkomsten impliceren dat pathologische veranderingen door MS
bijdragen aan een beperkt functioneren van algoritmen bij patiënten, hoewel de exacte
mechanismen nog niet volledig worden begrepen. Opmerkelijk is bijvoorbeeld dat de
verminderde prestaties niet werden beïnvloedt door het kunstmatig opvullen van de
laesies, wat pleit tegen een directe invloed van de laesies alleen.
In hoofdstuk 8 wordt dieper ingegaan op dit werk en onze specifieke interesse in
het begrijpen van de relatie tussen thalamus atrofie en cognitieve achteruitgang bij
MS patiënten. Zoals aangegeven in de hierboven gepresenteerde studie, kunnen
automatische methoden meetfouten opleveren die verergeren bij toenemende MS
pathologie. Dit kan een vertekend beeld geven of valse correlaties opleveren met
betrekking tot cognitieve metingen. Daarom onderzocht deze studie of de relatie tussen
thalamus volumemetingen en cognitie bij MS patiënten verschilt tussen vijf veel gebruikte
algoritmen (FreeSurfer, FSL-FIRST, VolBrain, GIF en CAT12) en handmatige referenties.
We ontdekten dat zowel automatische als handmatige segmentaties consequent een
verband aantoonden tussen de mate van thalamus atrofie en cognitieve disfunctie,
wat suggereert dat de waargenomen associatie echt een manifestatie is van de ziekte
zelf. Hoewel deze consistentie van bevindingen tussen de methoden geruststellend is,
benadrukten de resultaten ook dat de associaties tussen thalamus volumemetingen
en cognitieve uitkomst mogelijk worden beïnvloed door bias. In het bijzonder vonden
we een toenemende over- en onderschatting van de automatische volumemetingen in
respectievelijk kleiner en grotere thalami. Aangezien vrijwel alle automatische technieken
in deze studie, behalve CAT12, een proportionele bias vertoonden ten opzichte van de
handmatig gemeten thalamus volumen. Bovendien toonde een afzonderlijke analyse
voor elk van de drie type scanners die gebruikt worden in deze studie, significante
verschillen aan tussen de scanners m.b.t. de associatie tussen thalamus volumemetingen
en cognitieve uitkomst. Dit werk benadrukt dat de waargenomen associaties bij MS
patiënten vertekend kunnen zijn door ziekte specifieke factoren, MRI acquisitieparameters
en segmentatietechnieken.
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Toekomstperspectief
Met de komst van ZMB, met de nadruk op vroegtijdige interventie en voorkomen /
remmen van ziekte activiteit, is een nauwkeuriger en onmiddellijke herkenning van
risicopatiënten van vitaal belang voor de klinische planning en ziektemanagement
bij patiënten met MS. Een belangrijk doel is om de meest geschikte behandeling te
matchen met de juiste patiënt op basis van specifiek gepersonaliseerde factoren; door
aanbevelingen te doen op basis van een combinatie van o.a. MS ziektetype, klinische
status, radiologische status en andere biologische markers van de ziekte. Dit omvat
vroege screening en voortdurende monitoring van invaliditeit door middel van passende
uitkomstmaten en ziekte biomarkers gedurende het ziektebeloop. Dit proefschrift draagt
bij aan een beter begrip van de ziekteprogressie van MS, en aan de ontwikkeling van
innovatieve technieken om deze op geavanceerde wijze vast te leggen. De voorgestelde
technieken bieden tal van potentiële voordelen, zoals de mogelijkheid tot continue
functiemetingen en thuisgebruik. Dit is vooral relevant in een patiëntgericht zorgsysteem
waar de patiënt centraal staat. Door gepersonaliseerde, on-demand gegevens te leveren
aan het team, kunnen patiënten actiever worden betrokken bij het ziektemanagement
proces en kunnen behandelbeslissingen worden afgestemd op specifieke behoeften van
de patiënt. Toekomstig onderzoek zou zich moeten richten op verdere verfijning van deze
innovatieve technieken, zodat ze in de huidige praktijk kunnen worden geïmplementeerd,
met voordelen voor zowel patiënt als samenleving.
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DANKWOORD
En dan is het moment daar.. Het slotakkoord waar ik zo naar heb uitgekeken. Na een
promotietraject van bijna 10 jaar (!) is het dan eindelijk zover: het boek is af! Dat was
nooit gelukt zonder de hulp van een heleboel mensen, die veel voor mij betekenen. Ik
wil iedereen bedanken die heeft bijgedragen aan de totstandkoming van dit proefschrift,
zowel direct als indirect.
Op de eerste plaats natuurlijk de patiënten en gezonde vrijwilligers, die belangeloos
hebben deelgenomen aan de onderzoeken in dit proefschrift. Altruïstisch, beseffende dat
de resultaten wellicht niet specifiek voor hen, maar juist voor toekomstige generaties het
verschil kunnen maken. Echt grootse bewondering voor hun moed en onbaatzuchtigheid!
Dank!
Mijn promotor en co-promotor.
Prof. Dr. B.M.J. Uitdehaag. ‘Bernard is mijn alles’ riep ik wel eens gekscherend, maar niet
zonder reden natuurlijk. Want naast mijn promotor, ben je ook mijn afdelingshoofd, was
je gedurende een aantal jaar mijn poli supervisor, tevens mentor en beschouw ik je als een
vertrouwenspersoon. Een rustbaken in de gekte van het ziekenhuisbedrijf, waar de deur altijd
open staat. Knap hoe jij met één kritische blik en een enkele scherpe opmerking helderheid
kan scheppen in een materie die daarvoor nog zo onduidelijk en ingewikkeld leek. Dank dat
ik zoveel van je heb morgen leren. En dat je mij mijn gang liet gaan in al mijn wilde plannen en
uitspattingen, waarbij je me liet zwemmen, maar nooit de koers uit het oog verloor.
Dr.ir. H. Vrenken, Hugo, met jou heb ik echt een ‘journey’ doorgemaakt (letterlijk en
figuurlijk), waarbij we elkaar in de afgelopen jaren steeds beter hebben leren kennen
en ik je steeds meer ben gaan waarderen. Bedankt voor jouw enorme bijdrage aan
de wetenschappelijke ontwikkeling die ik, en daarmee ook dit proefschrift, hebben
doorgemaakt. Bewondering spreek ik uit over de bezielende wijze waarop jij jouw
onderzoeksgroep leidt; behulpzaam, intuïtief, analytisch, maar ook persoonlijk, waarbij
er altijd tijd en ruimte is voor een ‘social talk’ met een goeie kop koffie. Dank dat ik deel
mocht uitmaken van jouw team in de kelder; het voelde als een warm bad!
De leden van de leescommissie, Prof. Dr. V. De Groot, Prof. Dr. J.J.G. Geurts, Prof. Dr.
L.H. Visser, Prof. Dr. L. Reneman, en Dr. B.A. de Jong, dank voor het plaatsnemen in de
leescommissie en de tijd en moeite die u heeft genomen voor het lezen en beoordelen van
mijn proefschrift. Beste Jeroen, specifiek dank ik jou voor het ‘translationele’ onderwijs op
de vrijdagen bij de ANW, die de basis heeft gevormd voor mijn verdere wetenschappelijke
carrière. De bevlogen en enthousiaste manier waarop jij dat deed werkte aanstekelijk, en
was daardoor niet alleen heel erg leerzaam, maar ook altijd gezellig!
Dan zijn er nog een aantal mensen die professioneel veel voor mij hebben betekend en
die ik in het bijzonder hier wil noemen en bedanken.
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Prof. Dr. C.H. Polman, beste Chris, nog altijd ben ik trots dat ik destijds door jou werd
aangenomen als onderzoeker bij het MS centrum van het VUmc. Het was een eer om
met je te mogen samenwerken, ook al was het maar van korte duur. Ik genoot van jouw
kenschetsende beschrijvingen van de patiënt anamnese, en je antwoorden op mijn, vaak
zeer uitgebreide, e-mails. Aan 1 woord genoeg.. Dank voor je vertrouwen en geloof in mij!
Prof. Dr. F. Barkhof, beste Frederik, een hele eer om met zulke kundige, intelligente en
ervaren mensen zoals jij te mogen samenwerken. Jouw radiologische expertise op het
gebied van MS en andere neurologische ziektebeelden is een inspiratiebron voor velen
en heeft enorm bijgedragen aan de totstandkoming van dit proefschrift. Dank dat je,
ondanks je verhuizing naar UCL Londen, zo nauw betrokken blijft bij ‘ons’ in de VU, en altijd
laagdrempelig bereikbaar blijft voor vragen omtrent patiënten, kliniek en onderzoek!
Dr. C.R.G. Guttmann, dear Charles, thank you very much for the opportunity to work
at the CNI lab in Boston, and work together on SPINE. It has truly been an adventure,
both socially and academically. Even though we disagreed sometimes, you always
strived to push the work to the limits, which has been essential for our studies and led to
several successful publications. I also want to thank you for your warm personality and
hospitality, and your interest in me and my loved ones. I really hope that I can come over
to your lab in the future once again. I will bring ‘stroopwafels’!
To all the collaborators working at the CNI lab in Boston, especially: Juan, Adrien, Miklos,
Nicolas and Michele. Thank you for all the help, the laughs, and the good time we’ve
shared. I will always look back at this chapter with warm and special memories.
Thanks to all collaborators included as coauthors of the studies in this thesis. My special
thanks to all members of the MAGNIMS and Assess MS study groups. It’s been a pleasure
and honor getting to know and working with you during my research as a PhD candidate.
Dank aan alle medeauteurs van de artikelen in dit proefschrift. In het bijzonder Caspar
van Munster en Alexandra de Sitter, zonder jullie bijdrage was dit boekje er niet geweest.
Bedankt voor de fijne samenwerking, jullie luisterend oor, geduld, en relativerende humor.
Caspar, de weg leek soms oneindig, maar we hebben het geflikt! Nu die ene laatste horde
nog… Hierna een feestje in Ut Kielegat?! Alexandra, heel veel dank voor het trekken van een
succesvolle eindsprint. Vanaf nu nooit meer hersenen intekenen: HOERA!
Alle collega’s van de afdelingen neurologie en radiologie & nucleaire geneeskunde:
laboranten, verpleegkundigen, medewerkers van de poli, secretariaat, ANIOS, AIOS en
neurologen. Dankzij jullie ga ik dagelijks (en nachtelijks) met veel plezier naar mijn werk!
Alle collega’s van het MS centrum: data unit, CTU, dagbehandeling, MS neurologen,
collega onderzoekers. We deelden lief en leed, eerst in kamer 0Z-126 en later natuurlijk
in de ‘kamer boven’. Bedankt voor de ontzettend leerzame, maar vooral ook gezellige tijd
met veel borrels, reisjes, etentjes, feestjes, wandelingen, uitjes, lunches en ijsjes!
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De neurologen uit het Flevo ziekenhuis, OLVG en Spaarne Gasthuis: de bakermat van
mijn carrière als onderzoeker en nu (bijna) neuroloog. Dank voor de leerzame tijd,
ondersteuning en het vertrouwen. In het bijzonder Nynke Kalkers en Marijke Eurelings,
mijn twee heldinnen binnen de neurologie van wie ik zo ontzettend veel geleerd en
genoten heb, nog steeds eigenlijk. Jullie enthousiasme voor het vak, enorme empathie
voor de patiënten en gedrevenheid om te veranderen en verbeteren zijn voor mij en vele
anderen een groot voorbeeld!
De patiënten, vrijwilligers en iedereen die heeft meegeholpen en bijgedragen aan ‘MS in
Stroomversnelling’. Let’s accelerate!
Vrienden van het eerste, tweede, derde en vierde uur: Musks v.o.f., Globetrotters, Maten,
Eetdate, Happy campers, Clothing time, Vive le coin derrière, Hoorn chickies, Dining &
dancing. Met jullie is het leven één groot feest! Van de hockeyclub, middelbare school
tijd, collega’s bij de Waag en een geweldige studententijd, tot nu samen ‘volwassen’ en
inmiddels een hele bubs met aanhang en kids. Ik ben super blij en gelukkig met jullie
in mijn leven en ik hoop dat we er nog vele weekenden, etentjes, borrels, feestjes,
boottochtjes, vakanties, speeldates en dansjes aan vast zullen plakken!
Mijn paranimfen, Oliver en Kristel, met deze twee knappe lieve mensen naast mij gaat
het de 29ste zeker lukken! Ollie, wat hebben we veel gelachen tijdens onze onderzoek
tijd hier in het MS centrum. Jouw ontwapenende blik, bescheidenheid, en warme sociale
karakter maken je een ontzettend grappige en fijne persoonlijkheid, collega en vriend.
Het cirkeltje is rond, bedankt dat je nu ook míj wilt bijstaan in het ‘zweetkamertje’ van de
VU. Lieve Kris, ‘zus’, a.k.a. de vos, of elke andere bijnaam die ik je ooit heb gegeven. Het
schrijft als een sappige roman, maar vanaf onze eerste ontmoeting op tafel 25 wist ik: jij
wordt een vriendin. En je werd een vriendin+. Bedankt dat je er bent, de positieve kracht
en energie die je me altijd geeft, en het openen van mijn ogen voor die ‘andere wereld’
vol mooie lichtjes en sterretjes!
Lieve familie, schoonfamilie, neven & nichten. Allemaal een heel bijzonder plekje in mijn
hart. Bedankt voor alle mooie herinneringen, ook iedereen die niet meer is. Lieve tante
Joke, ik heb zo vaak aan je gedacht tijdens het schrijven van dit boekje. Je hebt me de kracht
gegeven om door te gaan, ook als ik het echt even niet meer zag zitten. Lieve tante Anna,
bedankt voor je warmte en gezelligheid, zo fijn dat er altijd een 2de thuis voor ons is! Elsbeth,
mijn ‘wingman’ vanaf de wieg, wat ben je toch een ontzettend stoere, knappe, lieve, slimme
vrouw en moeder. Trots op jou! Lieve knappe Kayleigh, jouw stralende persoonlijkheid en
grote glimlach geeft ons allemaal positieve kracht en energie. Kom je snel weer logeren?
Lieve Kris, wat ben ik ontzettend trots en blij met jou als mijn zus. Er is niemand om wie
ik harder moet lachen als om jou, en met wie ik zoveel deel als met jou. Mooi hoe onze
levens altijd in elkaar hebben gevlochten, en hoe we in veel dingen zo enorm op elkaar
lijken (behoudens het kapsel). Bedankt ook voor de lieve gekke tante die je bent voor de
jongens, en hoe je altijd voor ons klaar staat.
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Pap en mam, wat een geluk heb ik met zulke lieve ouders, en nu ook ‘opa’ en ‘oma’! Jullie
hebben me de kracht gegeven om hier te staan. Bedankt voor jullie onvoorwaardelijke
liefde, vertrouwen, steun en gezelligheid, maar vooral dat jullie er altijd voor ons zijn, ook
voor de jongens.
Lieve Sten en Kaj, stelletje boeven, wat ben ik apetrots op jullie! Elke dag met jullie is een
feestje. Laten we nog veel meer spelen, dansen, lachen, genieten en het leven vieren,
elke dag!
Lieve Thorson, ‘BABE’, het is eindelijk af! Maar ons boek is gelukkig nog lang niet uit: op naar
het volgende avontuur. Zonder jou was het allemaal niet mogelijk. Je rust, je luisterend oor,
je gezelligheid, je warmte, je tomeloze geduld, je flauwe grappen, je relativerend vermogen:
‘Het komt allemaal goed schatje’. Bedankt voor alles wie je bent, en wat je voor mij en de
jongens betekent. Rise up this morning, smiled with the rising sun….
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