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ABSTRACT
Background: Cognitive impairment is one of the most common and debilitating symptoms of relapsing–remitting multiple scle-
rosis (RRMS). Digital cognitive biomarkers require less time and resources and are rapidly gaining popularity in clinical settings. 
We examined the longitudinal trajectory of the iPad-based Processing Speed Test (PST) and predictors of PST scores.
Methods: We prospectively enrolled RRMS patients between 2017 and 2021 across six Australian MS centres. Longitudinal data 
was analysed with mixed effect modelling and latent class mixed models. We then examined whether latent class group member-
ship predicted confirmed decrease in correct PST responses.
Results: We recruited a total of 1093 participants, of which 724 had complete baseline data with a median follow up duration 
of 2 years. At a population level, PST trajectory was stable. A small practice effect was present up to the 4th visit. Age, baseline 
disability, T2 lesion volume, male sex and depression were associated with lower correct PST responses, whilst years of education 
and full/part-time employment were associated with more correct PST responses.
We identified four latent class trajectories of PST. The worst latent class was typified by low baseline PST and lack of a practice 
effect. Being in the worst latent class was associated with a greater hazard of time to sustained 5% decrease in PST (HR 2.84, 95% 
CI 1.16–6.94, p = 0.02).
Conclusion: Worse baseline cognitive performance and lack of a practice effect predicted future cognitive decline in RRMS.
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1   |   Introduction

Multiple sclerosis (MS) is the most prevalent chronic inflamma-
tory demyelinating neurological disease, affecting 2.8 million 
people worldwide [1]. Whilst the physical manifestations of MS 
have been well-studied, cognitive impairment is a common, de-
bilitating, and under-recognised aspect of the disease. It affects 
up to 75% of people with MS (pwMS) and is independently as-
sociated with underemployment, poorer quality of life, driving 
impairment and social isolation [2–6]. As a result, the National 
MS society recommends baseline and annual screening for cog-
nitive impairment in pwMS [7].

However, practical implementation of these recommendations is 
difficult. There is no standardised, easily administered screen-
ing tool appropriate for a routine clinical setting with limited ap-
pointment time and staff resources. The Symbol Digit Modalities 
Test (SDMT) is well-validated in MS and relatively quick to per-
form, thus suggested by Kalb and colleagues as the test of choice 
[7]. However, there are fees for its use and staff time for testing 
and scoring is required. As a result, it is rarely used in routine 
clinical practice.

The Processing Speed Test (PST), an iPad-based adaptation of 
the SDMT, has been introduced as an alternative. It has demon-
strated excellent test–retest reliability, ecological and discrimi-
native validity in cross-sectional studies [8–12]. However, due to 
the absence of longitudinal data we are unable to predict those 
at risk of future cognitive decline. This has significant treatment 
implications as early intervention may slow cognitive decline and 
increase cognitive reserve [13, 14]. Accordingly, we examined 
the trajectories of PST scores in a cohort of pwMS with mild-to-
moderate disability and to identify predictors of PST scores.

2   |   Methods

2.1   |   Study Design

We recruited adult MS participants between December 2017 
and March 2021 from six tertiary MS clinics in Australia. All 
participants were also enrolled in the MSBase registry, an inter-
national, observational cohort of pwMS [15]. Inclusion criteria 
were a confirmed diagnosis of relapsing–remitting MS (RRMS) 
or diagnosis of clinically isolated syndrome with evidence of 
MRI lesions that meet the Paty A or Paty B criteria, age > 18 years 
and an Expanded Disability Status Scale (EDSS) of less than 4 
[16]. There were 28 minor deviations from the inclusion criteria 
where EDSS was four or above, mostly due to delays in baseline 
EDSS assessment because of restrictions in attending clinics in 
person due to COVID-19. These participants were allowed to 
continue in this study. For MSBase, all patients with MS who 
were attending a participating site and have provided informed 
consent were eligible. All assessments (EDSS, patient-reported 
outcomes (PROs), Multiple Sclerosis Performance Test (MSPT)) 
were performed during routine clinic visits (approximately six 
monthly). Clinical data were extracted from the MSBase regis-
try. This study was approved by the Melbourne Health Human 
Research Ethics Committee and the University of Tasmania 
Human Research Ethics Committee. All participants provided 
informed consent prior to any data collection.

2.2   |   Processing Speed Test

The PST is an iPad-based cognitive test, administered as part 
of the MSPT. The iPad displays a symbol key which contains 
nine symbols with corresponding numbers. After a practice 
test, participants were presented with rows of 15 symbols and 
instructed to select corresponding numbers. Once a row was 
completed a new row of symbols was presented. The total dura-
tion of the test is 2 min. The total number of correct responses in 
each test was used as the primary outcome for this assessment.

2.3   |   Patient Reported Outcomes (PROs)

We utilised the Patient Health Questionnaire (PHQ-9) as a mea-
sure of depression. The PHQ-9 is a 9-item measure of depressive 
symptoms in the past 2 weeks with a scale of 0–3 [17].

Higher scores in the PHQ-9 indicate a worse tendency to depres-
sion and has been validated in pwMS [18]. Electronic versions of 
these PROs were administered electronically using an iPad as 
previously described [19].

2.4   |   Statistical Analysis

The baseline characteristic of the population was reported as 
the median (interquartile range) or mean (standard deviation) 
for continuous variables and number (percentile) for discrete 
variables, respectively.

We used a spaghetti plot with a fitted line to visualise the lon-
gitudinal trajectories of the PST. We examined mean change 
between visits to identify the magnitude and persistence of the 
practice effect. We then used multivariable linear mixed-effects 
models [20] with PST as the dependent variable and baseline 
covariates of age, disease duration (years), sex, EDSS, T2 le-
sion volume, T2 lesion number, 2-year relapse count, education 
(years), employment (unemployed, part-time, full-time), PHQ 
score and follow up duration. We then added interaction terms 
for all covariates and follow up duration in another model. A 
random intercept at the individual level was used to account for 
heterogeneity across patients.

We then examined the proportion of participants with 150 day 
sustained 5% sustained worsening from baseline assessment. 
This cut-off was used as in the original studies assessing change 
in SDMT for pwMS with relapses versus pwMS without relapse, 
the within group percentage change were as low as 2.2% [21]. 
We postulated that in our cohort of mild to moderate pwMS, 
primarily treated with high-efficacy disease modifying therapy 
(DMT), a lower cut-off could increase sensitivity for detection of 
clinically significant change [22]. We also conducted sensitivity 
analysis assessing a 4-point decrease in PST from baseline as-
sessment [21, 23]. This cut-off has previously been validated as 
clinically meaningful for the SDMT [24].

A latent class mixed model (LCMM) was used to identify trajec-
tories of digital cognitive biomarkers [25]. Initially, we explored 
the relationship between underlying latent processes and out-
come. We fitted the LCMM of a single class with different linking 
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functions, including linear, beta cumulative distribution function 
or varying number of quadratic I-splines (3–5 and) with either 
equidistant knots or knots at quantiles. We selected the most ap-
propriate link function by comparing the Bayesian Information 
Criterion (BIC) [26]. We next fitted models with varying numbers 
of latent classes (1–4) and the selected linking function appro-
priate for the data. To avoid selecting overfitted models based on 
BIC alone, we also considered clinically plausible trajectories and 
only included classes including at least 5% of the study cohort.

We examined the posterior probability of classification in a par-
ticular trajectory. A posterior probability of > 70% was consid-
ered acceptable, and proportions of individuals classified into 
each trajectory are reported [26].

A p < 0.05 was considered statistically significant. All statistical 
analyses were performed using R 4.1.2.

3   |   Results

3.1   |   Participant Characteristics

Participant characteristics are presented in Table  1. In total, 
1093 participants were consented. Of these, 918 had baseline 
MSPT data, and 724 participants had complete questionnaire 
and MRI data for inclusion in the mixed models. The median 
number of study visits by participants was three, with a median 
follow-up duration of 728 days (IQR 264 to 1099; full table of visit 
numbers in Table A1).

3.2   |   Longitudinal Analysis

Figure 1 shows the spaghetti plot of PST scores over time with a 
line of best fit. At a population level, PST scores stayed relatively 
stable over time. A practice effect was evident up to the 4th visit 
(Table 2 and Figure 1).

In the final linear mixed-effect model (Table  3), age, baseline 
EDSS, T2 lesion volume, male sex, and PHQ-9 score were neg-
atively associated with PST, whilst years of education and full/
part-time employment status were positively associated with PST. 
There was an increase in PST scores by 1 point every year, which 
we interpreted as the practice effect. None of the interaction terms 
between covariates and time were significant (data not shown).

3.3   |   Sustained 4-Point Drop in PST

We then analysed those who had a confirmed 4-point drop in 
PST. Of the 430 participants with sufficient follow-up (mini-
mum of three visits), 40 had a confirmed 4-point drop. Figure 2 
shows the hazard of time to confirmed 4-point drop in PST.

3.4   |   Latent Class Analysis

The linking function that provided the best fit to the longitudinal 
PST scores was a nonlinear linking function of three quadratic I-
splines with nodes spaced in quantiles. Of the 430 people with suf-
ficient follow-up, 77 (17.9%) were in class 1, 191 (44.4%) in class 2, 
119 (27.67%) in class 3 and 43 (10.0%) in class 4. Figure 3 shows the 
scatterplot of the PST scores with overlying lines of mean SDMT 
scores per latent class. Class 1 started with the highest baseline 
PST score, and a slight improvement was noted over time. Class 2 
and 3 had started with medium PST scores and were largely able 

TABLE 1    |    Participant characteristics at baseline (n = 724 unless 
otherwise specified).

Median (IQR)

Age (years) 40.3 (33.4–47.9)

Disease duration (years) 7.5 (3.7–11.2)

Female (n, %) 549 (75.8)

EDSS 1.5 (1–2)

T2 lesion number 38 (19–74)

T2 lesion volume (mm3) 3074 (1187–7086)

2-year relapse countb 0 (0–1)

Years of education completed 14 (12–16)

PST at baselinea 55 (48–61)

PHQ-9 score (range 0–27) 5 (2–9)

Abbreviations: EDSS, Expanded Disability Status Scale; IQR, interquartile 
range; PHQ, Patient Health Questionnaire; PST, Processing Speed Test.
aNumber of correct responses.
bPrior to baseline.

FIGURE 1    |    Spaghetti plot of PST trajectory over time with line of 
best fit.

TABLE 2    |    Mean change in PST up to the 6th visit.

Change 
between 
visits

Mean PST 
score (at 

preceding 
visit)

Mean PST 
change 

between 
visits

Total 
participant 

number

Visit 1 to 2 54.63 0.75 597

Visit 2 to 3 55.87 0.83 430

Visit 3 to 4 56.59 1.06 277

Visit 4 to 5 58.47 −0.35 154

Visit 5 to 6 58.69 −0.50 70
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to maintain this over time—however, after 3 years a gradual de-
crease was noted in class 3. Finally, class 4 started with the lowest 
baseline PST scores, which remained relatively stable. Notably, a 
practice effect was lacking in this group. It should be noted that 
due to the small numbers in class 4, the increase towards the end 
of the follow-up period was driven by outliers.

3.5   |   Latent Classes Predict Sustained Change 
in PST

We hypothesised that a sustained 4-point change would be more 
difficult to achieve if baseline PST score was low. For example, 
in class 4, the mean PST score was 40, whereas in class 1, mean 
PST score was 65. This represents a nearly 10% change for group 
4 but only a 6% change for class 1. Therefore, we performed the 
primary analysis with sustained 5% change in PST scores from 
baseline instead of a 4-point change.

With this cut-off, 54 out of the 430 subjects with sufficient fol-
low-up had a 5% sustained decrease in their PST. We found that 
class 4 had an increased hazard of time to 5% sustained PST 
decrease (HR 2.84, 95% CI 1.16 to 6.94, p = 0.02) (Table  4 and 
Figure 4). No other classes were associated.

3.6   |   Sensitivity Analyses

3.6.1   |   4-Point Sustained PST Decrease

We then analysed whether latent class membership predicted 
a sustained 4-point decrease in PST. There was no significant 
relationship between latent class membership and 4-point con-
firmed PST change (Table 5 and Figure 5).

FIGURE 2    |    Cumulative hazard of time to sustained 4-point PST decrease.

TABLE 3    |    Predictors of PST scores in linear mixed-effects model 
(n = 724).

Independent 
variables

Beta 
coefficient 95% CI p

Age −0.39 −0.46 to −0.33 < 0.01

Disease duration, 
years

−0.01 −0.13 to 0.10 0.84

EDSS −0.66 −1.29 to −0.03 0.0

T2 lesion volume 
(per 1000 mm3)

−0.25 −0.36 to −0.14 < 0.01

T2 lesion number 0.00 −0.01 to 0.02 0.56

2-year relapse 
countb

−0.55 −1.39 to 0.28 0.20

Male sex −3.54 −4.94 to −2.14 < 0.01

Education years 0.65 0.44 to 0.86 < 0.01

Part-time 
employmenta

1.88 0.19 to 3.58 0.03

Full-time 
employmenta

1.84 0.28 to 3.40 0.02

PHQ-9 score −0.13 −0.25 to −0.02 0.03

Follow-up 
duration, years

0.58 0.40 to 0.77 < 0.01

Note: All covariates were baseline measures. Results with p < 0.05 are in 
boldface.
Abbreviations: CI, confidence interval; EDSS, Expanded Disability Status Scale; 
PHQ, Patient Health Questionnaire.
aCompared to unemployed/retired.
bPrior to baseline.
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4   |   Discussion

In this large observational study investigating a digital cogni-
tive biomarker in pwMS with mild to moderate disability, we 
observed that processing speed remained stable over 4 years' 
follow-up at a population level. We found that age, baseline 
EDSS, T2 lesion volume, male sex and PHQ-9 score were asso-
ciated with lower PST scores, whilst years of education and full/
part-time employment were associated with higher PST scores. 
A small practice effect was noted up to the 4th visit despite the 
long intervals between tests. We identified four trajectories of 
PST over follow-up. The worst performing group was notable 
for having the worst baseline PST scores and lack of a prac-
tice effect. This group had greater hazard of time to sustained 
5% decrease in PST. No other trajectories were associated with 
risks of sustained 5% decrease in PST, and no trajectories sig-
nificantly predicted risk of sustained 4-point PST decrease. Our 
study illustrates that pwMS who have low baseline cognitive 
performance and no practice effect should be considered at 
greater risk of future cognitive decline, and early intervention 
should be considered to maximise cognitive reserve.

In this cohort of pwMS with mild to moderate disability, 
the worst latent class (class 4) predicted a sustained 5% PST 
change. This is a novel finding. Given the stability of latent 
classes over time, this signifies that baseline cognitive perfor-
mance is an important predictor of subsequent cognitive de-
cline. This class was also notable for a lack of practice effect. 
It may be that a practice effect demonstrates cognitive reserve 
that reduces the risk of subsequent cognitive decline, although 
this is difficult to delineate, as initial improvement with prac-
tice effect self-selects for a decreased likelihood of sustained 
decrease in PST. Overall, this represents a promising method 
to select pwMS at greater risk of deterioration for future pro-
gressive MS trials.

Our findings also show that for pwMS with minimal disabil-
ity, a percentage-based measure instead of a uniform 4-point 
measure is the more sensitive change measure. In a prior lon-
gitudinal trajectory study on the digital MSReactor platform, a 
percentage-based cut-off was used as well [22]. In the original 
studies assessing change in SDMT for pwMS with relapses ver-
sus controls, the within group percentage change were as low 
as 2.2% [21]. In those with relapses with cognitive impairment, 
there was a mean 6.2% within group change. Furthermore, 6% 
change in SDMT has previously been shown to predict loss of 
employment over 3 years [23]. It should also be noted that most 
patients in the aforementioned studies were on low-efficacy 
DMT and had more severe disability. Our findings suggest that 
for pwMS with milder disability with access to high efficacy 
DMT use, a lower cut-off may increase sensitivity for detection 
of significant change. This will need to be clarified in future lon-
gitudinal studies to prove definitively that a 5% change in SDMT 
is clinically meaningful.

FIGURE 3    |    PST trajectories defined by latent class analysis.

TABLE 4    |    Hazard ratio and 95% CI for latent class trajectories and 
time to sustained 5% change in PST, compared to class 1 (reference).

Latent class group Hazard ratio 95% CI p

Class 2 0.87 0.39 to 2.00 0.75

Class 3 1.25 0.54 to 2.93 0.60

Class 4 2.84 1.16 to 6.94 0.02

Note: Results with p < 0.05 are in boldface.



847

At a population level, digital cognitive performance remained 
stable over time. Even within latent classes, deterioration was 
not seen until after the 4th visit. Even then, they did not drop 
below baseline PST values. This is similar to a recent study in a 
real-world cohort which showed improvement in the PST over 
time [27]. Prior studies with the SDMT have shown conflicting 
results. Some report deterioration over time [28], whilst a recent 
meta-analysis and a study over 11 years have reported similar 
findings with relative stability over time [29, 30]. It should be 
noted that given the lower level of disability in our cohort, sig-
nificant cognitive decline would not be expected at a popula-
tion level.

Our findings of age, baseline disability (as assessed by EDSS), 
male sex, education, employment and PHQ-9 as predictive of 
PST is similar to that found in prior studies [27, 31–35]. It should 
be noted that the association with employment could be bidirec-
tional—whilst it is intuitive that declining cognition may lead to 
reduced employment, maintaining mental stimulation at work 
may protect against cognitive decline [36].

Our findings help to identify pwMS who are at greater risk of fu-
ture cognitive deterioration. Early recognition and intervention 

should be considered in these patients. Confounding factors such 
as sleep disorders, pain fatigue, anxiety, depression, polyphar-
macy should be identified and addressed [37]. Whilst evidence 
is still lacking as to the benefit of a specific DMT compared to 
another, there is emerging evidence that early high-efficacy 
DMT use may slow cognitive decline [38]. Finally, exercise and 
cognitive rehabilitation should be encouraged as a way to slow 
cognitive decline [37].

Limitations of our study include the exclusion of progressive phe-
notypes and pwMS with severe disability. This limits the generalis-
ability of our findings. Due to the COVID-19 pandemic, in-person 
clinic visits were significantly restricted, leading to longer than 
usual time between visits [39–41]. The number of follow up visits 
was relatively low, which affects the posterior probability of latent 
class trajectory membership. More frequent follow up would have 
allowed for better posterior probabilities. Furthermore, a practice 
effect was evident up to the 4th visit. Given the relative infre-
quency of the iPad testing, this meant that practice effects were 
evident up to the 2nd year of the study. Higher frequency of test-
ing, particularly in the initial stages of the study, may alleviate this 
issue [42–44]. The Neuro-QOL, a patient-reported quality of life 
measure included in some MSPT versions, was not used in this 
study. Future studies of the MSPT may consider comparing the 
cognitive domains of Neuro-QOL against the PST.

5   |   Conclusion

In this cohort of mild to moderate RRMS, PST scores remained 
stable over time at a population level. Latent class modelling 
identified a trajectory with low baseline PST and a lack of prac-
tice effect that predicted sustained 5% PST decrease. Our study 

FIGURE 4    |    Cumulative hazard of time to sustained 5% PST decrease. Kaplan–Meier curves were applied to show the cumulative hazard of time 
to sustained 5% PST decrease in latent classes 1–4.

TABLE 5    |    Hazard ratio + 95% CI for latent class groupings and time 
to 4-point change in PST, compared to class 1 (reference).

Latent class group Hazard ratio 95% CI p

Class 2 0.67 0.28 to 1.59 0.36

Class 3 0.91 0.37 to 2.22 0.83

Class 4 1.32 0.46 to 3.80 0.61
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supports digital cognitive biomarkers and latent class modelling 
as a screening tool to identify those that may benefit from early 
intervention for maximising cognitive function. Future studies 
are needed to explore whether a 5% PST decrease predicts clini-
cally meaningful cognitive decline.
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