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The therapeutic benefits of fingolimod, siponimod, 
and ozanimod are thought to be largely mediated by 
their modulation of sphingosine 1-phosphate receptor 
subtype 1, inhibiting lymphocyte trafficking and possibly 
directly targeting neurons. Impacts on oligodendrocytes 
(via sphingosine 1-phosphate receptor subtype 5) have 
also been proposed, but although all three therapies 
do have activity on this subtype, its importance is not 
known.1 Ongoing trials of ponesimod, a sphingosine 
1-phosphate receptor modulator that acts exclusively on 
receptor subtype 1,1 might help to answer this question. 
Regardless, the results of the SUNBEAM9 and RADIANCE10 
ozanimod trials provide reassurance about the clinical 
efficacy and safety outcomes of sphingosine 1-phosphate 
modulators.
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The dawn of robust individualised risk models for dementia
Mild cognitive impairment (MCI) typically represents 
a holding pattern for individuals who live for many 
years without knowing their long-term prognosis. 
Such uncertainty between improvement or remaining 
stable versus progressing to a diagnosis of dementia is 
unsatisfying. Scarcity of specific information or advice 
compounds this issue. People with MCI do not have 
access to treatments such as cholinesterase inhibitors or 
memantine, they usually cannot partake in therapeutic 
trials, and the absence of a path forward can add to their 
anxiety and that of family members.1

In The Lancet Neurology, Ingrid van Maurik and 
colleagues2 attempt to clarify this situation. They provide 
a method for individualised prognosis by indicating which 
of the participants with MCI in their study were most likely 
to progress to dementia over 1, 3, and 5 year timeframes. 
They assessed four separate prognostic models: first, a 

model incorporating age, sex, and the Mini-Mental State 
Examination (MMSE); second, a model of age, MMSE, 
and hippocampal volume; third, a model of MMSE, CSF 
amyloid β (1–42), and CSF total tau;3 and fourth, the ATN 
model4 of CSF amyloid β (1–42), CSF phosphorylated tau, 
and hippocampal volume. These models were applied 
to 2611 MCI participants across the European Medical 
Information Framework for Alzheimer’s disease (EMIF), 
the Alzheimer’s Disease Neuroimaging Initiative (ADNI), 
the Amsterdam Dementia Cohort (ADC), and the Swedish 
BioFINDER studies. Of these 2611 MCI participants, 
1007 (39%) progressed to dementia within a mean 
follow-up period of 3 years (SD 2). 808 (80%) participants 
progressed to dementia due to Alzheimer’s disease.

Van Maurik and colleagues had to overcome many 
difficulties in harmonising the data from so many partici
pants and to ensure that robust and appropriate analyses 
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were conducted. To validate the harmonisation of these 
data, they first considered the alignment of the study 
based on the demographics age and sex; however, APOE 
ε4 allele status was not included in the models, despite 
the known impact on conversion rates.5 The success
ful data harmonisation was validated with no difference 
between models with or without controlling for centre 
via Harrell’s C statistic, a rigorous statistical analysis step 
to ensure alignment across studies. Nevertheless, the use 
of large sample sizes allows for increased confidence in 
the results presented.

Results from van Maurik and colleagues indicate that, 
of the four models tested, the ATN model provided the 
highest efficacy for predicting likelihood of progression 
to dementia. As most participants that progressed to 
dementia specifically progressed to Alzheimer’s disease, 
it might be fairer to say that the ATN model had the 
highest efficacy for predicting progression to Alzheimer’s 
disease. These findings align with the National Institute 
on Aging and Alzheimer’s Association (NIA-AA) research 
framework,4 based upon a biological definition using 
ATN criteria for the diagnosis of Alzheimer’s disease. The 
partial regression coefficients of the amyloid deposi
tion, tauopathy, and neurodegeneration categories in 
the ATN model presented by van Maurik and colleagues 
were of similar magnitude, indicating that the three 
measures were of equal importance. However, it would 
have been interesting to evaluate the efficacy of different 
combinations of the markers, such as whether amyloid 
deposition and neurodegeneration was enough to con
fer the likelihood of progression as indicated in previous 
contributions across MCI and cognitively normal partici
pants,6,7 as well as to understand the contribution of 
APOE ε4 allele status and other genetic constructs such 
as polygenic risk scores. Or, furthermore, to understand 
the contribution of the biomarkers to a demographics 
model by combining the demographic and biomarker 
variables.

An increasing number of different models of progress
ion to Alzheimer’s disease have been reported in the 
literature.8–10 However, rather than clarifying information 
for people with MCI as well as their clinicians, the avail
ability of many different models might confound the 
issue. The findings of van Maurik and colleagues provide 
plausible estimates for time to progression and a good 
benchmark for future studies. It is likely that the choice 
of which algorithm, tool, or framework to adopt will not 

only be at the discretion of the individual clinician but will 
also be limited by the information available to them. The 
biomarkers required (genetics, CSF, or imaging) for the 
precision algorithms are not readily available to every 
clinician. With the advent of accurate and sensitive blood-
based biomarkers for amyloid β (1–42), phosphoryl
ated tau, and neurofilament light chain (a measure of 
neurodegeneration) on the horizon, the clinical utility 
of these algorithms will increase substantially, especially 
if the blood-testing can be performed and analysed on 
the day of the clinical visit.

Although the process of informing people that they 
meet MCI criteria is difficult for the clinician, these 
individuals, and their families,11 research suggests that 
most people would like to know their diagnosis, especially 
if they are in the early stages of Alzheimer’s disease.12 A 
tool capable of receiving data—such as an individual’s 
CSF biomarker levels and hippocampal volume—and 
translating them into meaningful risk percentages or time 
to event information would have a substantial impact. 
As most people agree it is better to know than not know, 
studies like this will move this field closer to a time when 
it is possible to remove the uncertainty surrounding the 
prognosis of people with MCI.
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