]
A 7
i
15|

Universiteit

*dlied) Leiden
'%‘Q,:y‘;\& The Netherlands

)
3
H oo
B
=
=)
@)
3

o

Identifying and understanding cognitive profiles in multiple sclerosis:

a role for visuospatial memory functioning
Dam, M. van; Krijnen, E.A.; Nauta, [.M.; Fuchs, T.A.; Jong, B.A. de; Klein, M.; ... ; Hulst,
H.E.

Citation

Dam, M. van, Krijnen, E. A., Nauta, I. M., Fuchs, T. A., Jong, B. A. de, Klein, M., ... Hulst, H.
E. (2024). Identifying and understanding cognitive profiles in multiple sclerosis: a role for
visuospatial memory functioning. Journal Of Neurology. doi:10.1007/s00415-024-12227-1

Version: Publisher's Version
License: Creative Commons CC BY 4.0 license

Downloaded from: https://hdl.handle.net/1887/3730998

Note: To cite this publication please use the final published version (if applicable).


https://creativecommons.org/licenses/by/4.0/
https://hdl.handle.net/1887/3730998

Journal of Neurology
https://doi.org/10.1007/500415-024-12227-1

ORIGINAL COMMUNICATION q

Check for
updates

Identifying and understanding cognitive profiles in multiple sclerosis:
a role for visuospatial memory functioning

Maureen van Dam'?® . Eva A. Krijnen' . llse M. Nauta* - Tom A. Fuchs’ - Brigit A. de Jong* - Martin Klein’ -
Karin van der Hiele? - Menno M. Schoonheim' - Hanneke E. Hulst*®

Received: 6 November 2023 / Revised: 26 January 2024 / Accepted: 27 January 2024
© The Author(s) 2024

Abstract

Background The heterogeneous nature of cognitive impairment in people with multiple sclerosis (PwMS) hampers under-
standing of the underlying mechanisms and developing patient-tailored interventions. We aim to identify and classify cogni-
tive profiles in PwMS, comparing these to cognitive status (preserved versus impaired).

Methods We included 1213 PwMS (72% female, age 45.4+ 10.7 years, 83% relapsing—remitting MS). Cognitive test scores
were converted to Z-scores compared to healthy controls for the functions: attention, inhibition, information processing speed
(IPS), verbal fluency and verbal/visuospatial memory. Concerning cognitive status, impaired cognition (CI) was defined as
performing at Z< — 1.5 SD on > 2 functions. Cognitive profiles were constructed using latent profile analysis on all cognitive
functions. Cognitive profiles or status was classified using gradient boosting decision trees, providing the importance of each
feature (demographics, clinical, cognitive and psychological functioning) for the overall classification.

Results Six profiles were identified, showing variations in overall performance and specific deficits (attention, inhibition,
IPS, verbal fluency, verbal memory and visuospatial memory). Across the profiles, IPS was the most impaired function (%CI
most preserved profile, Profile 1 =22.4%; %CI most impaired profile, Profile 6 =76.6%). Cognitive impairment varied from
11.8% in Profile 1 to 95.3% in Profile 6. Of all cognitive functions, visuospatial memory was most important in classifying
profiles and IPS the least (area under the curve (AUC)=0.910). For cognitive status, IPS was the most important classifier
(AUC=0.997).

Conclusions This study demonstrated that cognitive heterogeneity in MS reflects a continuum of cognitive severity, distin-
guishable by distinct cognitive profiles, primarily explained by variations in visuospatial memory functioning.
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Introduction

The heterogeneous distribution of multiple sclerosis (MS)-
related pathology gives rise to a variety of symptoms,
including cognitive impairment [1, 2]. Cognitive impair-
ment, characterized by impaired information processing
speed (IPS), and verbal and visuospatial memory [2], sub-
stantially impacts daily functioning, work participation and
ultimately quality of life [3]. Cognitive function in people
with MS (PwMS) is assessed by neuropsychological exami-
nation using predefined test batteries [4], offering relevant
information on whether an individual suffers from cognitive
impairment, i.e., being “cognitively impaired” (CI) or “cog-
nitively preserved” (CP). This dichotomization is often used
in research. However, as individually affected domains can
vary, a more detailed cognitive classification of PWMS could
additionally allow health care providers to better tailor their
treatment and offer more specific advise during a consulta-
tion, directing personalized medicine and tailored cognitive
interventions [5].

Another way to enhance understanding of individuals’
cognitive performance is to identify “cognitive profiles”,
e.g., by using latent profile analysis (LPA) [6]. LPA groups
individuals into profiles based on specific characteristics in
a data-driven manner [7]. Initial classification attempts in
PwMS yielded multiple cognitive profiles [6, 8] and intro-
duced the potential of staging and stratifying cognition in
MS [9]. Depending on whether cognitive tests were used
solely to characterize profiles or together with patient-
reported outcome measures (e.g., mood), a different set of
cognitive profiles emerged, i.e., five [6] versus four profiles
[8], respectively. Interestingly, profiles could be ordered
from preserved to impaired, possibly hinting toward a cog-
nitive severity continuum. However, it remains unclear to
what extent these profiles follow a single continuum or rep-
resent unique trajectories of cognitive impairment in PwMS.
As well, the degree to which individual characteristics, e.g.,
mood or fatigue, are illustrative for the identified cogni-
tive profiles and the contribution of these characteristics to
distinguish between relevant profiles has not been studied
before. Also, whether these profiles offer additional valuable
insights beyond cognitive status (i.e., CP versus CI) is yet
to be explored.

Therefore, the current study has four primary objectives:
(1) to identify cognitive profiles in PwMS based on their
cognitive performance, (2) to investigate the variability of
demographic, clinical, and psychological factors (anxiety,
mood, and fatigue) among the found profiles, (3) to assess
which characteristics contribute the most to distinguishing
the cognitive profiles, and (4) to evaluate whether determin-
ing cognitive profiles offers additional information on cogni-
tion beyond cognitive status (i.e., CP versus CI).
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Methods
Study population and design

The study retrospectively evaluated cross-sectional data
from ten observational studies conducted between 2008
and 2023 at the Amsterdam UMC location VUmc and 16
outpatient MS clinics across the Netherlands [10-16]. Data
of PWMS were included if they had a clinically definite
diagnosis of MS or clinically isolated syndrome, along with
available neuropsychological and neurological assessment,
and questionnaire data. Supplementary Table 1 summarizes
cohort details and inclusion/exclusion criteria. If PwMS
participated in multiple studies or visits (n=43), only their
initial visit was included, resulting in a total of 1213 PwMS
eligible for subsequent analysis.

Ethical standards statement

Ethical approval for the studies was granted by the Medi-
cal Ethics Review Committee of Amsterdam UMC and the
Medical Ethical Committee Brabant University. All included
PwMS provided written informed consent.

Demographics and clinical and psychological
functioning

Demographic characteristics included age, sex, and level
of education (according to the Verhage classification) [17].
MS type was based on relapsing—remitting MS (RRMS),
primary and secondary progressive MS (PPMS, SPMS),
clinically isolated syndrome (CIS), and unknown. Disease
duration was based on date of diagnosis. Physical disability
was based on the Expanded Disability Status Scale (EDSS)
score, which was collected by a certified examiner either
physically during consultation or via a validated telephone
version [18, 19]. Anxiety and depression symptoms were
measured using the Hospital Anxiety and Depression Scale
(HADS) [20], and levels of fatigue using the Checklist Indi-
vidual Strength-20 revised (CIS20-R) [21].

Neuropsychological examination

Cognitive functioning was assessed using Dutch adaptations
of the Minimal Assessment of Cognitive Function in MS
(MACFIMS) [22] and/or the Brief Repeatable Battery of
Neuropsychological tests (BRB-N) [23]. As different tests
were used in different cohorts, cognitive test scores were
averaged and analyzed using the following cognitive func-
tions: attention, inhibition (subdomain of executive function-
ing (EF)), IPS, verbal fluency (subdomain of EF), verbal
memory, and visuospatial memory. Cognitive test scores
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corresponding to cognitive functions are detailed in Sup-
plementary Table 2. All scores were corrected for healthy
control effects in age, sex and educational level, and trans-
formed into function-specific Z-scores relative to controls,
based on normative data (n =407). If a PwMS scored below
— 1.5 standard deviations (SD) on a cognitive function, that
function was considered impaired. If this criterion was met
for at least two cognitive functions, the PwMS was catego-
rized as having cognitive impairment (CI) [24]. Otherwise,
PwMS were classified as cognitively preserved (CP).

Statistical analyses
Cognitive profile identification

Analyses were conducted in SPSS 28.0 (IBM, Armonk, NY,
USA) and R-Studio (v4.2.1) [25]. Cognitive profiles were
identified using latent profile analysis (LPA) based on the
continuous cognitive Z-scores [26]. LPA is based on prob-
ability theory and clusters in a person-centered way (using
characteristics of individuals). Unlike K-means clustering,
LPA uses model fit statistics to determine the optimal num-
ber of profiles, eliminating a priori cluster number speci-
fication [27]. The ‘Mclust’ algorithm (‘tidyLPA’ package)
was used for LPA [28]. The model was specified under
the assumption of varying variances and covariances of
included variables, estimating a range of two to six profiles
(based on prior research on cognitive profiles in MS) [6].
The missing data rate for each variable was < 9%, except
for fatigue (40.4%; Supplementary Table 3). Missing val-
ues were imputed using the ‘MissForest” package, utilizing
demographics, clinical, psychological and cognitive vari-
ables, which is a random forest algorithm providing non-
parametric missing value imputation [29]. This algorithm
has been shown to outperform other imputation strategies,
particularly in case of mixed-type data [30]. Supplemen-
tary Table 3 describes the sample using imputed and non-
imputed data. We assessed the model fit using the Akaike
information criterion and Bayesian information criterion,
with lower values indicating a better fit [31]. We assessed
classification accuracy, targeting an average posterior class
probability of >0.70 for each profile (reflecting mean prob-
ability of belonging to a profile) and a classification reliabil-
ity coefficient (entropy values) of >0.60 [31]. PWMS were
assigned to the profile with the highest probability of profile
membership, thereby reflecting patterns of cognitive perfor-
mance rather than significant differences between profiles on
each individual cognitive function.

Profile characterization

Differences between cognitive profiles on demographic,
clinical, psychological, and cognitive functioning were

tested using multivariate linear models for continuous vari-
ables and Chi-square tests for categorical variables. Post hoc
tests, adjusted for multiple comparisons using Bonferroni,
assessed profile differences. An a-level of 0.05 was consid-
ered statistically significant.

Classifying cognitive profiles and status

Classifications trees were built to classify cognitive profiles
based on available characteristics and to assess whether
these profiles offer additional information beyond cogni-
tive status. We constructed three classification models per
outcome measure (outcome measures: cognitive profiles or
status): (1) using only cognitive functions as features, (2)
demographics and clinical functioning as features, and (3)
demographics and clinical and psychological functioning as
features. Using gradient boosting decision trees (‘xgboost’
package) [32], we were able to evaluate the contribution of
each feature, henceforth referred to as ‘importance’ [33]. For
gradient boosting, data was divided into a train (60%) and a
test (40%) set. Due to small sample sizes in some profiles,
splitting the training data into a validation set was not pos-
sible, which would be the preferred strategy. To balance the
profiles in both datasets, we used profile classification as
stratification factor (leading to an equal number of PwWMS
per profile in each dataset). Tuning of hyper-parameters
of the model was done by applying a grid search to avoid
overfitting (Supplementary Table 8 details the parameters).
Model performance was evaluated using the area under the
curve (AUC): an AUC of 0.6-0.7 was considered ‘poor’,
but ‘acceptable’ from 0.7 onward [34]. Following the deci-
sion trees, we analyzed feature importance scores, which
indicate each feature’s utility in constructing the decision
tree. Higher importance reflects greater involvement in key
decisions, providing a feature ranking within the model.

Results
Patients’ descriptives

The sample included 1213 PwMS (Table 1; 71.89% female,
mean age 45.39 +10.67 years, median educational level 6
(“finished high level secondary education”), median EDSS
3.00 (interquartile range 2.00—4.00), mean disease duration
9.84 +7.68 years). The distribution of MS types included:
82.90% RRMS, 10.06% SPMS, 5.19% PPMS, 1.48% PwMS
with an unknown type, and 0.41% CIS.

Identification of cognitive profiles

LPA identified six cognitive profiles (Fig. 1), showing the
best model fit and an appropriate classification accuracy

@ Springer
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Table 1 An overview of the demographics, clinical functioning, cognitive functioning. and PROMS per cognitive profile

The sample Profile 1 Profile 2 Profile 3 Profile 4 Profile 5 Profile 6 P
(n=1213) (n=385) (n=277) (n=41) (n=332) (n=371) (n=107)
Demographics
Sexlfemale (%) 872 (71.9%) 66 (77.6%) 214 (77.3%) 32 (78.0%) 217 (65.4%) 267 (72.0%) 76 (71.0%) 0.066
Age 45.4+10.7 439+104 43.3+9.8 455+10.3 459+10.8 45.9+10.9 48.8+11.1 <0.001*
Education® 6.0 (5.0-6.0)0 6.0(5.0-6.0) 6.0(5.0-6.0) 5.0(5.0-6.0) 6.0(5.0-6.00 6.0(5.0-6.00 6.0(5.0-6.0) 1.000
Clinical functioning
MS typeln (%) <0.001*
RRMS 1005 (82.9%) 76 (89.4%) 259 (93.5%) 37 (90.2%) 267 (80.4%) 290 (78.2%) 76 (71.0%)
SPMS 122 (10.1%) 8(9.4%) 10 (3.6%) 4 (9.8%) 33 (9.9%) 48 (12.9%) 19 (17.8%)
PPMS 63 (5.2%) 1(1.2%) 5(1.8%) 0 (0%) 22 (6.6%) 28 (7.5%) 7 (6.5%)
CIS 5(0.4%) 0 (0%) 1 (0.4%) 0 (0%) 3(0.9%) 0 (0%) 1(0.9%)
Unknown 18 (1.5%) 0 (0%) 2(0.7%) 0 (0%) 7(2.1%) 5(1.3%) 4 (3.7%)
Disease dura- 9.8+7.7 89+74 83+6.7 102+7.8 7.5+6.2 10.2+7.8 13.1£9.0 <0.001*
tion
EDSS 33+1.6 32+1.7 27+1.5 35+1.6 33+13 35+1.6 42+15 <0.001*
Cognitive functioning
Cognitive sta- 402 (33.1%) 10 (11.8%) 40 (14.4%) 8 (19.5%) 111 (33.4%) 131 (35.3%) 102 (95.3%) <0.001*
tus | CI (%)
Attention |CI  —0.8+1.2 -0.4+0.7 -0.1+0.7 -0.5+03 —-0.4+09 -1.1x1.1 -26=+1.6 <0.001*
(%) (22.8%) (5.9%) (4.0%) (0.0%) (13.6%) (35.6%) (78.5%)
Inhibition |CI —-0.5+1.3 02+1.1 0.1+0.8 -0.6+0.6 -03+1.2 -09+1.1 —-1.84+2.0 <0.001*
(%) (19.0%) (8.2%) (1.8%) (9.8%) (16.0%) (27.8%) (55.1%)
IPS | CI (%) -1.1+1.2 -05+1.4 -1.0+0.8 -1.1+0.6 -09+1.1 -12+13 -24+1.1 <0.001*
(34.2%) (22.4%) 27.1%) (19.5%) (28.6%) (36.7%) (76.6%)
Verbal fluency —0.7+0.8 -0.3+0.8 -03x1.0 -0.7+0.4 -05=+0.6 -1.1+04 -12+0.8 <0.001*
I CI (%) (12.2%) (7.1%) (11.2%) (0.0%) (6.6%) (14.3%) (33.6%)
Verbal -07+1.2 -03+0.7 -0.8+1.1 -0.7+0.4 -06+1.2 —-0.3+0.8 -23+13 <0.001*
memory | CI  (22.8%) (3.5%) 27.1%) (7.3%) (22.9%) (10.0%) (76.6%)
(%)
Visuospatial -04+1.0 -04+04 0.1+£0.3 -0.6+09 -09=+13 -0.1+£0.8 -14=+1.1 <0.001*
memory |CI  (14.6%) (1.2%) (0.0%) (17.1%) (33.1%) (3.5%) (43.0%)
(%)
Psychological functioning
HADS-A 6.3+3.7 55+34 6.5+3.3 6.6+3.8 6.0+3.5 6.3+3.9 7.0+44 0.180
HADS-D 46+3.6 37+34 4.1+3.1 57+39 44+34 51+4.0 5.6+34 <0.001*
CIS20-R 79.7+21.1 72.2+21.6 76.2+17.4 84.6+19.0 78.1+21.7 82.6+22.1 88.1+20.7 <0.001*

Displayed are the mean =+ standard deviation

Abbreviations: RRMS relapsing—remitting MS, SPMS secondary progressive MS, PPMS primary progressive MS, CIS clinically isolated syn-
drome, EDSS Expanded Disability Status Scale, CI cognitively impaired, /PS information processing speed, PROMS patient-reported outcome
measures, HADS-A Hospital Anxiety and Depression Scale (HADS)-Anxiety subscale, HADS-D HADS-Depression subscale, CIS20-R Checklist

Individual Strength 20-Revised

#For ordinal or not normally distributed variables, median and (interquartile range) are displayed

bCorrected p values

*Significant between all profiles, at an a-level of 0.05, after correcting for multiple comparisons using Bonferroni

(classification reliability coefficient=0.61; average pos-
terior class probabilities ranged between 0.66 and 0.83,
with Profile 1 being the lowest and Profile 3 the highest;
Supplementary Fig. 1). Visual inspection revealed an even
distribution of PWMS from each cohort across the six pro-
files (Supplementary Fig. 2). All profiles are described in
Table 1 (non-imputed data in Supplementary Table 4). The
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distribution of impaired cognitive functions and cogni-
tive status is illustrated in Fig. 2 (post hoc differences are
included in Supplementary Table 5). Supplementary Fig. 3
highlights significant post hoc differences in cognitive func-
tions between profiles, while Fig. 3 illustrates differences in
demographics and clinical and psychological functioning. A
brief summary of each profile is provided below.
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Fig.2 The percentage of PWMS with cognitive impairment per cog-
nitive functions or classified as cognitively impaired (cognitive sta-
tus). Abbreviations: /PS information processing speed, PwMS people
with MS

Profile 1. In Profile 1 (n=285), most PwWMS showed pre-
served performance across all functions, with the only
notable lower performance in IPS (Z-score =—0.54 +1.35,
impaired in 22.35%). This profile had fewer PwMS
with CI (11.76%), compared to Profiles 4-6 (p val-
ues <0.001) and showed limited symptoms of depression
(mean=3.66 +3.39) and fatigue (mean=72.20+21.62;
range p values <0.001-0.042).

Profile 2. In Profile 2 (n=277), most PwWMS demonstrated
preserved performance in attention, inhibition, verbal flu-
ency, and visuospatial memory (range Z-scores =0.14 to
—0.26). Notably, 27.08% of PwMS displayed impairment in
IPS and verbal memory, while 11.19% showed an impaired
verbal fluency. This profile had fewer PwMS with CI

(14.44%) than Profiles 4-6 (p values <0.001), marked by a
relatively young age, short disease duration, low EDSS, and
a high proportion of RRMS (93.50%, highest of all profiles).

Profile 3. In Profile 3 (n=41), most PwMS displayed
preserved performance across all functions (range
Z-scores=—0.47 to —0.74), with the lowest Z-score in
IPS (Z-score =—1.05+0.63). This profile included 19.51%
PwMS with an IPS impairment, while 17.07% showed
impairment in visuospatial memory. This profile consisted
of fewer PwWMS with CI (19.51%), compared to Profile 5
(p=0.042) and 6 (p <0.001). The relatively high propor-
tion of RRMS (90.24%) and the high scores on depression
(mean=5.67 +3.91) and fatigue (mean=_84.61+19.01)
were most characteristic (range p values <0.001-0.049).

Profile 4. In Profile 4 (n=332), most PwMS showed pre-
served performance in inhibition, attention, and verbal
fluency (range Z-scores=—0.27 to —0.47). Visuospatial
memory was impaired in 33.13% of PwMS, while IPS
and verbal memory were impaired in 28.61% and 22.89%,
respectively. This profile ranked fourth, due to its higher
percentage of PwWMS with CI (33.43%), compared to the
better-performing profiles (p values <0.001). Considering
cognitive performance, age, disease duration and EDSS,
this profile could be classified as an “in-between” profile
(range p values <0.001-0.034). Profile 4 performed worse
compared to Profile 5 on verbal (p <0.001) and visuospatial
memory (p=0.016).

Profile 5. In Profile 5 (n=371), 36.66% of PwMS dis-
played an IPS impairment, 35.58% an attention impair-
ment, 27.76% an inhibition impairment, and 14.29% a
verbal fluency impairment (range Z-scores=—0.91 to
—1.19). Visuospatial memory in Profile 5 was higher
(Z-score=—0.10+£0.79, %CI1=3.50%) compared to all
profiles (range p values <0.001-0.027), except compared
to Profile 2 (Z-score=0.14+0.25, p=0.019). Although not
as high as visuospatial memory, verbal memory was also
relatively preserved in this profile (Z-score=—0.33 +0.83,
%CI1=9.97%). This profile consisted of more PWMS with
CI (35.31%) compared to Profiles 1-3, but fewer com-
pared to Profile 6 (range p values <0.001-0.042). This
profile differed from Profile 6 in terms of a shorter disease
duration (p=0.002) and a lower EDSS (p=0.003). Pro-
file 5 had fewer RRMS PwMS (78.17%), a higher age and
EDSS, a longer disease duration, and more symptoms of
depression and fatigue compared to other profiles (range p
values <0.001-0.021).

Profile 6. In Profile 6 (n=107), most PwWMS were clas-

sified as being CI (95.33%), and performance was lower
on all functions compared to other profiles, except for

@ Springer
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Fig.3 Significant post hoc differences (indicated with a black stripe)
between cognitive profiles (number on the x-axis) for age (A), dis-
ease duration (B), MS type (C), physical disability (EDSS; D), symp-
toms of depression (HADS-D; E), and level of fatigue (CIS20-R; F).
Abbreviations: RRMS relapsing—remitting MS, SPMS secondary pro-

verbal fluency (Z-score=1.16+0.81, which was simi-
lar to Profile 5 (p =1.000)). Percentages of impairment
on function level ranged between 33.64% (for verbal flu-
ency) to 78.50% (for attention). This profile had the low-
est proportion of RRMS (71.03%). This profile was marked

@ Springer

gressive MS, PPMS primary progressive MS, EDSS Expanded Dis-
ability Status Scale, HADS-D Hospital Anxiety and Depression Scale
(HADS)-Depression subscale, CIS20-R Checklist Individual Strength
20-Revised

by an older age and worse performance on all clinical
variables (range p values <0.001-0.022). Depression
(mean=5.58 +0.3.38) and fatigue (mean=_88.10 +20.65)
were higher for Profile 6, compared to Profile 1, 2, and 3
(range p values <0.001-0.034).
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Classification of cognitive profiles

Cognitive profiles were classified based on cognitive
functions, demographics, and clinical and psychologi-
cal features. No differences were observed between train
and test data for these variables (Supplementary Table 6).
Table 2 summarizes model performance (AUC) for both
datasets, along with feature importance.

Model 1: cognitive functions. Visuospatial memory was
the most important feature in classifying cognitive profiles,
while IPS was the least important (Fig. 4A, AUC=0.910).

Model 2: demographics and clinical functioning. Model
2 had substantially lower classification performance
(AUC=0.629) compared to model 1. Age was the most
and MS type was the least important feature in the model
(Fig. 4C).

Model 3: demographics and clinical and psychological
Junctioning. Classification performance improved slightly
(AUC=0.661) when adding psychological features to
model 2. Fatigue and age were most important in classify-
ing profiles, while MS type was the least important feature
(Fig. 4E).

Classification of cognitive status

We applied similar models to classify PwMS as CP or
CI (Table 2 for model performance), with between-group
differences regarding the features summarized in Sup-
plementary Table 7.

Model 1: cognitive functions. IPS was the most important
feature in classifying cognitive status, with verbal fluency
being the least important feature (Fig. 4B, AUC=0.997).

Model 2: demographics and clinical functioning. As to
classifying profiles, using demographics and clinical features
led to a similar drop in performance (AUC =0.633) com-
pared to model 1, when classifying cognitive status. Disease
duration was the most important feature, while MS type was
least important (Fig. 4D).

Model 3: demographics and clinical and psychologi-
cal functioning. A slight performance improvement was
found when adding psychological features to model 2
(AUC=0.646). Disease duration remained the most impor-
tant feature, with MS type ranking the lowest (Fig. 4F).

Discussion

In this retrospective cross-sectional study (n=1213), we
investigated the potential of phenotyping and classifying
cognitive performance in MS. With LPA, we distinguished
six cognitive profiles. PwMS within these six profiles dif-
fered in cognitive performance on specific domains, but
also in clinical functioning (MS type, disease duration,
and EDSS), mood, and fatigue. Interestingly, visuospatial
memory was relatively most important in classifying these
profiles and IPS the least. For cognitive status (cognitively
impaired versus cognitively preserved), a concept widely
used especially in research, IPS was the most important
classifier. These findings emphasize the existence of differ-
ent cognitive profiles in MS and their potential to provide
additional information compared to the current standard,
i.e., cognitive status.

Our study supports the notion of cognitive profiles in
MS. Like other symptoms observed in PWMS, cognitive
impairment is largely heterogeneous in prevalence and
severity [1] and can manifest in various forms, primar-
ily affecting domains such as IPS, and verbal and visu-
ospatial memory [2]. Some PwMS experience cognitive
impairment at disease onset, while others worsen over
time [35]. This study aimed to enhance understanding of
the prevalence and severity of cognitive dysfunctioning,
by identifying and characterizing cognitive profiles using
LPA. LPA offers the possibility to capture subtle changes
in cognitive performance, as it is a fine-grained, “person-
centered” method that can probabilistically group indi-
viduals with similar ‘cognitive’ configurations, and hence
profiles, using a certain set of variables [36].

We identified six profiles, which differed on overall
performance and specific deficits (attention, inhibition,
IPS, verbal fluency, verbal memory and visuospatial
memory). Across the profiles, IPS was the most impaired
function (occurring in 22.4% of PwMS in the most pre-
served profile, up to 76.6% in the most impaired profile).
In the literature, the number and description of these pro-
files vary from previously identified cognitive profiles
in MS depending on the chosen strategy (theory-driven
versus data-driven clustering methods) and input vari-
ables (cognitive tests alone versus together with question-
naires). In two prior studies, four profiles were identified
theoretically, i.e., based on Z-scores interpretation from
predefined domains [37, 38]. In a study similar to ours
(n=1212), data-driven LPA yielded five cognitive profiles
instead of six [6]. In comparison to the previous study, we
identified similar profiles, including one with (relatively)
preserved cognitive function, another displaying mild ver-
bal memory and verbal fluency deficits, a profile marked
by severe attention and executive functioning, and a profile
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Table 2 Results on the decision
tree analyses, including the
importance per feature in the
model of the test data (ranking
variable order from highest
relative importance to lowest)
and the area under the curve
(AUC) per feature in the models
of both the train and test dataset

@ Springer

Importance AUC
Relative impor- Rank of importance within Train data Test data
tance the model
Cognitive profiles
Model 1 0.969 0.910
Attention 0.181 2
Inhibition 0.112 5
1PS 0.053 6
Verbal fluency 0.173 3
Verbal memory 0.168 4
Visuospatial memory 0.313 1
Model 2 0.754 0.629
Sex 0.035 5
Age 0.382 1
Education 0.050 4
MS type 0.026 6
Disease duration 0.286 2
EDSS 0.221 3
Model 3 0.785 0.661
Sex 0.019 8
Age 0.250 2
Education 0.042 7
MS type 0.011 9
Disease duration 0.228 3
EDSS 0.097 4
HADS-A 0.049 6
HADS-D 0.048 5
CIS20-R 0.256 1
Cognitive status
Model 1 0.999 0.997
Attention 0.244 2
Inhibition 0.112 4
IPS 0.301 1
Verbal fluency 0.064 6
Verbal memory 0.173 3
Visuospatial memory 0.107 5
Model 2
Sex 0.055 5 0.741 0.633
Age 0.172 3
Education 0.056 4
MS type 0.027 6
Disease duration 0.373 1
EDSS 0.317 2
Model 3 0.789 0.646
Sex 0.031 8
Age 0.174 3
Education 0.048 7
MS type 0.008 9
Disease duration 0.301 1
EDSS 0.177 2
HADS-A 0.051 6
HADS-D 0.087 5
CIS20-R 0.122 4

Abbreviations: /PS information processing speed, EDSS Expanded Disability Status Scale, HADS-A Hospi-
tal Anxiety and Depression Scale (HADS)-Anxiety subscale, HADS-D HADS-Depression subscale, C1S20-
R Checklist Individual Strength 20-Revised
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Outcome: cognitive profiles
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Fig.4 Depiction of the (relative) importance of each feature in the
model, with either cognitive profiles or cognitive status as outcome
measure. Panel A and B depict the use of cognitive functions as fea-
tures (model 1). Panel C and D depict the use of demographics and
clinical functioning as features (model 2). Panel E and F depict the
use of demographics, clinical and psychological functioning as fea-

characterized by severe impairments in multiple cogni-
tive domains. Contrarily, the previous study identified a
profile described as mild-multidomain, which included
mild impairments in verbal memory, attention/inhibi-
tion, and IPS. In our cohort, this mild-multidomain pro-
file would be described as displaying mild impairment in
IPS and visuospatial memory. Furthermore, we were also
able to identify a profile with severe visuospatial memory

tures (model 3). Abbreviations: IPS information processing speed,
EDSS Expanded Disability Status Scale, HADS-A Hospital Anxi-
ety and Depression Scale (HADS)-Anxiety subscale, HADS-D
HADS-Depression subscale, CIS20-R Checklist Individual Strength
20-Revised

performance, alongside mild IPS and verbal memory per-
formance. Several factors may account for these study dif-
ferences, including variations in: (1) the construction of
cognitive functions as input variables (e.g., using single
tests versus multiple tests, or averaging subscales versus
using subscales separately), (2) the range of cognitive
performance in the sample (our sample had less variabil-
ity, potentially due to test averaging), (3) the actual test

@ Springer



Journal of Neurology

performance (our sample had fewer difficulties in verbal
fluency, but more in memory, particularly visuospatial
memory), and (4) the sample selection. Cross-cultural
differences may have influenced cognitive performance,
which has been increasingly recognized as challenging
in neuropsychological testing [39]. This underscores the
importance of careful consideration in future research and
the improvement of normative data. We considered the
impact of the patient sample selection minimal, given the
overlapping selection procedures (retrospectively combin-
ing multi-center data), similar inclusion/exclusion criteria,
and comparable demographics and clinical functioning. As
such, cognitive profiles can be identified when combining
multiple cohorts with varying cognitive tests, which is par-
ticularly promising in a clinical context that often involves
various test evaluations. Ensuring international replicabil-
ity of these profiles is a crucial focus for future research.
When classifying PwMS into cognitive profiles, memory
functioning was particularly relevant in classifying PwMS
into cognitive profiles compared to IPS in cognitive status.
Surprisingly, in profile classification, visuospatial memory
was ranked most important and IPS the least. Conversely, for
cognitive status, IPS appeared the most important feature.
This aligns with prior research, highlighting IPS as the most
sensitive function for detecting and monitoring cognitive
impairment in MS, as it underlies, or at least supports, mul-
tiple cognitive processes [2, 40]. Additionally, the finding
that IPS was fairly impaired even within the least affected
cognitive profile fits with the concept of IPS being the initial
impairment in the early stages of the disease [41], preced-
ing impairments in other domains [42]. Despite their high
sensitivity, tests used to assess IPS functioning have been
criticized for their lack of specificity, i.e., IPS being impaired
in all PwWMS [43]. Previously, it has been mentioned that in
distinguishing cognitive impairment in PwMS from healthy
controls, memory tests are nearly as effective as IPS tests
[40]. Memory tests show only slightly lower effect sizes
(with a mean Cohen’s d for the Symbol Digit Modalities Test
measuring IPS at 1.11, while memory tests range between
1.03, 0.89, and 0.86), despite a greater variety in the tests
used to measure memory function [40]. Both IPS and mem-
ory impairments are highly prevalent, with IPS difficulties
reported in 40-70% of the PwMS [44], and memory difficul-
ties reported in 40-65% of PwMS [45]. Building on recent
research suggesting that memory impairments may develop
following deficits in IPS and learning [42], we propose a
significant role for memory functioning, especially visuos-
patial memory, in capturing part of the cognitive heterogene-
ity in MS. In particular, visuospatial memory displayed the
most pronounced differences between the cognitive profiles,
suggesting its specificity for assessing cognitive function-
ing in MS over IPS. Notably, we observed that even in a
more impaired profile, memory function was, on average,
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preserved. These findings align with the approach of screen-
ing tools, such as the Brief International Cognitive Assess-
ment for MS [46], which assess memory function, rather
than relying solely on IPS.

In this study, the profiles differed not only in cognitive
functioning, but also in age, MS type, disease duration,
EDSS, and mood and fatigue (although mean differences
between the profiles appeared subtle). Previous studies
offered limited insights into variations in demographical,
clinical, and psychological characteristics. One study pro-
posed a continuum where the severity increases as the pro-
files worsen [8]. Indeed, when examining cognitive profiles,
they often appear to result from a linear severity continuum,
a significant observation also raised in other diseases such
as schizophrenia [47]. Hence, it was pivotal to ascertain that
current profiles displayed unique configurations. Fatigue
specifically played a potentially important role in classifying
cognitive profiles. Fatigue and cognitive functioning have
been found to show a complex interrelationship in MS [48],
although it remains currently unknown how both factors
affect each other [35]. It is noteworthy to mention that here,
reports on fatigue were available for only 60% of PwMS
versus less than 9% for other variables, highlighting the need
for careful interpretation. Considering the relatively low
AUC of these classifications, suggesting an equal room for
improvement when classifying cognitive profiles and status,
it raises the question of whether radiological variables would
add explained variance. In light of our classification results,
additional efforts could explore generating profiles based on
demographics and questionnaires, including fatigue, to gain
further valuable insights [8]. Together, this suggests that the
identified profiles represent a continuum rooted in the sever-
ity of cognitive impairment and can be distinguished through
data-driven approaches to identify cognitive subtypes. These
configurations, or profiles, hold promise to inform treatment
and to tailor interventions. For instance, targeting memory
functioning may not be recommended for PwMS with a
high likelihood of belonging to Profile 5, while addressing
depression might be suitable for those in Profile 3.

This study is not without limitations. Data-driven profiles
prompt the question of their dependency on the cognitive
functions used as input [36] as well as the choice of fit statis-
tics [28]. The discrepancy in the literature stresses the need
to replicate these profiles using alternative input strategies
and evaluating established profiles on independent datasets.
Furthermore, the current large sample comprised retro-
spective data from ten different cohorts, which is one of the
strengths of the study. It also presented challenges in calcu-
lating cognitive functions. For instance, not all cohorts had
information on working memory and/or cognitive flexibility
(functions known to be affected in MS [1]). While our data-
set did not allow for an investigation into the sub-aspects of
overall cognitive function, such as precision or recall versus
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recognition, exploring these aspects is crucial for a more
comprehensive understanding of cognitive profiles. Addi-
tionally, the limited absolute differences between profiles,
attributed to sample characteristics such as a high number of
RRMS and level of fatigue, limit our ability to draw conclu-
sions about the clinical significance of profile differences
and should therefore be carefully interpreted, possibly due to
lower sample sizes in some profiles. The lower sample size
in some of the profiles (with the lowest sample size being 41
for Profile 3, compared to the highest sample size of 371 for
Profile 5) also requires careful interpretation. Constructing a
validation sample was not feasible, which would be the pre-
ferred strategy to avoid overfitting. However, this limitation
was somewhat mitigated by splitting the dataset into a large
test dataset (40% of the data) and a training dataset (60% of
the data). Additionally, a stratification factor was employed
to ensure equal proportions of people in both the training
and test datasets. Finally, cognitive profiles have not been
studied longitudinally, limiting our understanding of their
stability and their predictive value. Latent mixture modeling
techniques can be extended to include changes over time or
within-profile variations, guiding future research directions.

In conclusion, this study showed that cognitive hetero-
geneity in MS appears as a severity continuum of cognitive
decline, distinguishable by cognitive profiles, primarily dif-
ferentiated by visuospatial memory function. By identifying
these profiles, our goal was to move toward tailoring treat-
ments to the individual in the future and more precise moni-
toring of cognitive function in MS. Exploring the stability,
replicability, and the profiles’ etiology are crucial for future
research to facilitate their clinical application.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00415-024-12227-1.

Acknowledgements We would like to offer special thanks to all the
PwMS from the ten included cohorts, who volunteered their time and
effort to participate.

Funding M.v.D. was supported by a research grant from BMS. LM.N.
was supported by the Dutch MS Research Foundation, grant nr.
15-911, and the National MS Foundation. T.A.F. serves on the edito-
rial board of Frontiers in Neurology and receives support from Euro-
pean Committee for Treatment and Research in Multiple Sclerosis and
consulting fees from Click Therapeutics. B.A.d.J. reported receiving
grants from Dutch MS Research Foundation (project number 15-911)
and National MS Foundation. B.A. de Jong is member of the medical
advisory board of the Dutch MS Society, chair of the committee for
the revision of the guideline on disease modifying therapy and MS
for the Netherlands Society of Neurology, and chair of the committee
of the Dutch National MS registration of the Netherlands Society of
Neurology. M.M.S. serves on the editorial boards of Neurology, Mul-
tiple Sclerosis Journal and Frontiers in Neurology, receives research
support from the Dutch MS Research Foundation, Eurostars-EUREKA,
ARSEP, Amsterdam Neuroscience, MAGNIMS and ZonMW (Vidi
grant, project number 09150172010056) and has served as a consult-
ant for or received research support from Atara Biotherapeutics, Bio-
gen, Celgene/Bristol Meyers Squibb, EIP, Sanofi, MedDay and Merck.

H.E.H. serves on the editorial board of Multiple Sclerosis Journal,
receives research support from the Dutch MS Research Foundation
and the Dutch Research Council. She has served as a consultant for
or received research support from Atara Biotherapeutics, Biogen,
Novartis, Celgene/Bristol Meyers Squibb, Sanofi Genzyme, MedDay
and Merck BV.

Data availability Anonymized data can be shared upon reasonable
request from a qualified investigator.

Declarations

Conflicts of interest E.A K., M.K., and K.v.d.H. report no conflict of
interest.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Benedict RHB, Amato MP, DeLuca J, Geurts JJG (2020) Cogni-
tive impairment in multiple sclerosis: clinical management, MRI,
and therapeutic avenues. Lancet Neurol 19(10):860-871. https://
doi.org/10.1016/S1474-4422(20)30277-5. (2020/10/01/)

2. Sumowski JF et al (2018) Cognition in multiple sclerosis: State of
the field and priorities for the future. Neurology 90(6):278-288

3. Campbell J, Rashid W, Cercignani M and Langdon D (2017)
Cognitive impairment among patients with multiple sclerosis:
associations with employment and quality of life. Postgraduate
Med J 93(1097): 143-147. Available: https://pmj.bmj.com/conte
nt/postgradmed;j/93/1097/143 full.pdf

4. Kalb R et al (2018) Recommendations for cognitive screening
and management in multiple sclerosis care, (in eng). Mult Scler
24(13):1665-1680. https://doi.org/10.1177/1352458518803785

5. De Meo E and Portaccio E (2023) It is time to define cognitive
phenotypes in multiple sclerosis, vol. 29, ed: SAGE Publications
Sage UK: London, England, pp 489-491

6. De Meo E et al (2021) Identifying the distinct cognitive pheno-
types in multiple sclerosis. JAMA Neurol 78(4):414—425

7. Saunders R, Cape J, Fearon P, Pilling S (2016) Predicting treat-
ment outcome in psychological treatment services by identifying
latent profiles of patients. J Affect Disord 197:107-115

8. Podda ] et al (2021) Predominant cognitive phenotypes in multi-
ple sclerosis: insights from patient-centered outcomes. Multiple
Sclerosis Relat Disord 51:102919

9. Wojcik C et al (2022) Staging and stratifying cognitive dysfunc-
tion in multiple sclerosis, (in eng). Mult Scler 28(3):463—-471.
https://doi.org/10.1177/13524585211011390

10. Huiskamp M et al (2023) Cognitive performance in multiple scle-
rosis: what is the role of the gamma-aminobutyric acid system?
Brain Commun 5(3):fcad140

@ Springer


https://doi.org/10.1007/s00415-024-12227-1
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/S1474-4422(20)30277-5
https://doi.org/10.1016/S1474-4422(20)30277-5
https://pmj.bmj.com/content/postgradmedj/93/1097/143.full.pdf
https://pmj.bmj.com/content/postgradmedj/93/1097/143.full.pdf
https://doi.org/10.1177/1352458518803785
https://doi.org/10.1177/13524585211011390

Journal of Neurology

11.

12.

13.

14.

15.

16.

17.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Prouskas SE et al (2022) A randomized trial predicting response
to cognitive rehabilitation in multiple sclerosis: Is there a window
of opportunity? Mult Scler J 28(13):2124-2136

van Dam M et al (2023) A multimodal marker for cognitive func-
tioning in multiple sclerosis: the role of NfL, GFAP and conven-
tional MRI in predicting cognitive functioning in a prospective
clinical cohort. J Neurol 1-11

Nauta IM et al (2023) Cognitive rehabilitation and mindfulness
reduce cognitive complaints in multiple sclerosis (REMIND-
MS): a randomized controlled trial. Multiple Scler Relat Disord
71:104529

Van Egmond E et al (2022) Work difficulties in people with multi-
ple sclerosis: the role of anxiety, depression and coping. Multiple
Scler J-Exp Transl Clin 8(3):20552173221116280

Broeders TA et al (2022) A more unstable resting-state functional
network in cognitively declining multiple sclerosis. Brain Com-
mun 4(2):fcac095

van Geest Q et al (2019) Fronto-limbic disconnection in
patients with multiple sclerosis and depression. Mult Scler J
25(5):715-726

Verhage F (1964) Intelligentie en leeftijd: Onderzoek bij Neder-
landers van twaalf tot zevenenzeventig jaar. Van Gorcum, Assen

. Lechner-Scott J et al (2003) Can the Expanded Disability Status

Scale be assessed by telephone? Mult Scler J 9(2):154-159
Kurtzke JF (1983) Rating neurologic impairment in multiple
sclerosis: an expanded disability status scale (EDSS). Neurology
33(11):1444-1444

Zigmond AS, Snaith RP (1983) The hospital anxiety and depres-
sion scale. Acta Psychiatr Scand 67(6):361-370. https://doi.org/
10.1111/5.1600-0447.1983.tb09716.x ?sid=nlm%3 Apubmed
Vercoulen JH, Swanink CM, Fennis JF, Galama JM, van der Meer
JW, Bleijenberg G (1994) Dimensional assessment of chronic
fatigue syndrome. J Psychosom Res 38(5):383-392

Benedict RH, Cookfair D, Gavett R, Gunther M, Munschauer
F, Garg N, Weinstock-Guttman B (2006) Validity of the mini-
mal assessment of cognitive function in multiple sclerosis
(MACFIMS). J Int Neuropsychol Soc 12(4):549

Rao S (1990) A manual for the brief repeatable battery of neu-
ropsychological tests in multiple sclerosis, vol 1696. Medical Col-
lege of Wisconsin, Milwaukee

Fischer M et al (2014) How reliable is the classification of cogni-
tive impairment across different criteria in early and late stages of
multiple sclerosis? J Neurol Sci 343(1-2):91-99

R.1.D. E. f. R. RStudio Team, RStudio, PBC, Boston, MA, 2020.
,ed.

Hagenaars JA, McCutcheon AL (2002) Applied latent class analy-
sis. Cambridge University Press

Schreiber JB, Pekarik AJ (2014) Using latent class analysis versus
K-means or hierarchical clustering to understand museum visitors.
Curator 57(1):45-59

Rosenberg JM, Beymer PN, Anderson DJ, Van Lissa C, Schmidt
JA (2019) tidyLPA: An R package to easily carry out latent profile
analysis (LPA) using open-source or commercial software. J Open
Source Softw 3(30):978

Stekhoven DJ and Stekhoven MDJ (2013) "Package ‘missForest’,"
R package version, vol. 1

Shin T, Long JD, Davison ML (2022) An evaluation of methods
to handle missing data in the context of latent variable interaction
analysis: multiple imputation, maximum likelihood, and random
forest algorithm. Jpn J Stat Data Sci 5(2):629-659

@ Springer

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

Weller BE, Bowen NK, Faubert SJ (2020) Latent class analysis:
a guide to best practice. J Black Psychol 46(4):287-311

Chen T and Guestrin C (2016) Xgboost: a scalable tree boost-
ing system. In: Proceedings of the 22nd acm sigkdd international
conference on knowledge discovery and data mining, pp 785-794
Adler AI, Painsky A (2022) Feature importance in gradient
boosting trees with cross-validation feature selection. Entropy
24(5):687

Hosmer DW Jr, Lemeshow S, Sturdivant RX (2013) Applied
logistic regression. John Wiley & Sons

Kalb R et al (2018) Recommendations for cognitive screen-
ing and management in multiple sclerosis care. Mult Scler J
24(13):1665-1680

Woo SE, Jebb AT, Tay L, Parrigon S (2018) Putting the “person”
in the center: review and synthesis of person-centered approaches
and methods in organizational science. Organ Res Methods
21(4):814-845

Leavitt VM, Tosto G, Riley CS (2018) Cognitive phenotypes in
multiple sclerosis. J Neurol 265:562-566

Hancock LM, Galioto R, Samsonov A, Busch RM, Hermann B,
Matias-Guiu JA (2023) A proposed new taxonomy of cognitive
phenotypes in multiple sclerosis: The International Classifica-
tion of Cognitive Disorders in MS (IC-CoDiMS). Mult Scler J
29(4-5):615-627

Franzen S et al (2022) Cross-cultural neuropsychological assess-
ment in Europe: position statement of the European consortium
on Cross-Cultural Neuropsychology (eccron). Clin Neuropsychol
36(3):546-557

Benedict RH, DeLuca J, Phillips G, LaRocca N, Hudson LD,
Rudick R, M. S. O. A. Consortium (2017) Validity of the Symbol
Digit Modalities Test as a cognition performance outcome meas-
ure for multiple sclerosis. Multiple Sclerosis J 23(5):721-733
Brochet B, Ruet A (2019) Cognitive impairment in multiple scle-
rosis with regards to disease duration and clinical phenotypes.
Front Neurol 10:261

Wojcik C et al (2022) Staging and stratifying cognitive dysfunc-
tion in multiple sclerosis. Mult Scler J 28(3):463-471

Sandry J et al (2021) The Symbol Digit Modalities Test (SDMT)
is sensitive but non-specific in MS: lexical access speed, memory,
and information processing speed independently contribute to
SDMT performance. Multi Scler Relat Disord 51:102950
Migliore S et al (2018) Executive functioning in relapsing-remit-
ting multiple sclerosis patients without cognitive impairment: a
task-switching protocol. Multi Scler J 24(10):1328-1336
Gonzalez-Torre JA, Cruz-Gémez AJ , Belenguer A, Sanchis-Seg-
ura C, Avila C, Forn C (2017) Hippocampal dysfunction is associ-
ated with memory impairment in multiple sclerosis: a volumetric
and functional connectivity study. Multi Scler J 23(14):1854-1863
Marstrand L, @sterberg O, Walsted T, Skov AC, Schreiber KI,
Sellebjerg F (2020) Brief international cognitive assessment for
multiple sclerosis (BICAMS): a Danish validation study of sensi-
tivity in early stages of MS. Multi Scler Relat Disord 37:101458
Lim K, Smucny J, Barch DM, Lam M, Keefe RS, Lee J (2021)
Cognitive subtyping in schizophrenia: a latent profile analysis.
Schizophr Bull 47(3):712-721

Manjaly Z-M et al (2019) Pathophysiological and cognitive
mechanisms of fatigue in multiple sclerosis. J Neurol Neurosurg
Psychiatry 90(6):642—651


https://doi.org/10.1111/j.1600-0447.1983.tb09716.x?sid=nlm%3Apubmed
https://doi.org/10.1111/j.1600-0447.1983.tb09716.x?sid=nlm%3Apubmed

	Identifying and understanding cognitive profiles in multiple sclerosis: a role for visuospatial memory functioning
	Abstract
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Methods
	Study population and design
	Ethical standards statement
	Demographics and clinical and psychological functioning
	Neuropsychological examination
	Statistical analyses
	Cognitive profile identification
	Profile characterization
	Classifying cognitive profiles and status


	Results
	Patients’ descriptives
	Identification of cognitive profiles
	Classification of cognitive profiles
	Classification of cognitive status

	Discussion
	Acknowledgements 
	References


