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Abstract
INTRODUCTION: We assessed the association of plasma neurofilament light chain (pNfL) with cognitive
decline and neuroimaging markers, and investigated its potential relationship with the clinical
progression to dementia due to Alzheimer’s disease (AD).
METHODS: Individuals had evidence of amyloid beta accumulation. Linear and beta-regression models
were developed to consider: i) the association between pNfL and cognition, ii) the association between
the rate of change (ROC) of pNfL and that of imaging markers, iii) the temporal dynamics of pNfL before
and after cognitive impairment as assessed by the Clinical Dementia Rating.
RESULTS: Higher levels of pNfL were associated with declining cognition. The ROC of pNfL was
associated with the ROC of ventricular, hippocampal and whole brain volumes, but not with PET amyloid.
pNfL levels did not reflect the clinical progression of AD.
DISCUSSION: pNfL is associated with cognitive decline and brain imaging markers. However, it is not
specific to AD clinical diagnosis.

1 Introduction
Alzheimer’s disease (AD) is diagnosed post mortem 1 based on the presence of two cardinal pathologies neurofibrillary tangles (Tau) and senile amyloid-beta (Ab) plaques, or in-vivo by abnormal biomarkers of
Ab and pathological Tau 2. These pathological changes are believed to lead to cognitive and functional
impairment. Various biomarkers based on cerebrospinal fluid (CSF), and imaging using
structural magnetic resonance imaging (MRI) or positron emission tomography (PET) of amyloid
deposition and cerebral glucose metabolism, are used as proxies for observing the underlying
neuropathological process in-vivo 3. However, CSF, MRI and PET biomarkers can be highly invasive,
expensive and limited in their availability in many care settings. Therefore, identifying and validating
blood-based biomarkers which can help characterise AD progression are a focus of much research at
present. There have been recent advances in identifying the validity of blood-based markers, including Aβ,
Tau and Neurofilament light chain (NfL) (4,5,6,7).
NfL has been shown to be a promising biomarker for neurodegeneration in various diseases, such as
Parkinson’s Disease, Frontotemporal Dementia, Amyotrophic Lateral Sclerosis, Huntington’s Disease,
Multiple Sclerosis and Alzheimer’s Disease 8,9,10. NfL is a structural protein which leaks into the
cerebrospinal fluid and subsequently into peripheral blood, when there is axonal neuronal damage in the
brain. Elevated CSF NfL levels but not total-tau, phosphorylated-tau, or neurogranin levels are shown to be
associated with a higher risk of mild cognitive impairment (MCI) 11. Higher plasma NfL (pNfL) levels have
been shown to be associated with a higher risk of developing AD dementia 12. Studies have also shown
that pNfL levels are elevated for AD patients and increase over time. The increase in levels of pNfL over
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time is associated with changes in markers of AD progression, including CSF biomarkers, imaging
measures and cognition 6,7.
In this paper, we build on previous research by developing robust statistical models to consider changes
over time in levels of pNfL and established AD markers in individuals at risk of developing non-familial
(sporadic) AD. Our aim is to improve understanding of the role of pNfL as a biomarker for AD. We
investigate the effect of baseline and longitudinal pNfL levels on the rate of decline in cognition in
individuals that have elevated levels of amyloid in the brain (PET florbetapir SUVR > 1.11 and/or CSF Aβ142

<880 pg/mL) at baseline. We also study the associations between the rate of change (ROC) in pNfL

over time and ROC of other known markers associated with AD clinical progression (cognition, brain
structure imaging) in this population. In addition, using the ROC in pNfL levels, we describe the temporal
dynamics of pNfL before and after the onset of symptomatic cognitive impairment (CDR-Sum of Boxes >
0) and consider the potential relationship with the clinical progression from the cognitively unimpaired
state, to MCI, and finally to AD dementia.

2 Methods

2.1 Dataset used
Data used in the analyses reported in this article were obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). The ADNI was launched in 2003 as a publicprivate partnership, led by Principal Investigator Michael W. Weiner, MD. The primary goal of ADNI has
been to test whether serial MRI, PET, other biological markers, and clinical and neuropsychological
assessment can be combined to measure the progression of MCI and early AD.
The ADNI, a longitudinal study which started as a five-year initiative (ADNI-1), has been followed by ADNI
Grand Opportunities (ADNI-GO), ADNI-2 and ADNI-3 protocols. The participants, aged 55-90 years, have
been recruited at 57 sites in the United States and Canada. The study procedures were approved by the
institutional review boards of all participating centers and informed written consent has been provided by
all participants.

2.1.1 Sample selection
ADNI data were downloaded on 2018/09/28. 797 of 2046 individuals in the database (39%) had elevated
baseline levels of amyloid in the brain (PET florbetapir SUVR > 1.11 13 and/or CSF Aβ1-42 <880 pg/mL 14).
Data from these individuals has been used in the present study (subsequently referred to as ‘amyloid
positive’ individuals). The longitudinal assessment of cognition was divided into two sub-analyses: i)
using baseline pNfl levels, and ii) using baseline ROC calculated utilising longitudinal measures of pNfL
within individuals. The first sub-analysis included 735 amyloid positive participants (sample A as shown
in Figure 1) with baseline measurement of pNfL and the following longitudinal cognitive assessments:
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Mini-Mental State Examination, MMSE 15; Alzheimer’s Disease Assessment Scale-Cognitive 13, ADAS-Cog
13 16 ; Clinical Dementia Rating-Sum of Boxes, CDR-SB 17,18; Alzheimer’s Disease Composite Score,
ADCOMS 19; Preclinical Alzheimer’s Cognitive Composite including Trail-Making Test B, PACC 20,21. In
addition, all individuals had complete data on time (in years) since baseline (e.g. joining the study
cohort), age at baseline (years), sex, years of education, and apolipoprotein E (APOE) ɛ4 allele binary
status (APOE+ defined as having at least one allele). The second sub-analysis included 336 amyloid
positive participants (sample B in Figure 1) with two or more measurements of pNfL within 48 months
from baseline, repeated measures on the cognitive scores after 48 months since baseline and covariates
mentioned above. The dataset used to compare the ROC of pNfL and the ROC of various imaging
markers of AD included 236 amyloid-positive participants (sample C in Figure 1) with two or more
measurements of pNfL (pg/mL), ventricular volume (mm3), hippocampus volume (mm3), whole brain
volume (mm3) 22, and amyloid accumulation (Standard Uptake Value Ratio SUVr) using Florbetapir in
PET scans (AV-45-PET) 23 within 48 months since baseline to make the analysis comparable and within a
relatively short time period so that assumptions of constant rate of change between time points are more
robust. All volumetric measures were adjusted for total intracranial volume 24. For the development of the
pNfL trajectory, we utilised data from 501 individuals (sample D in Figure 1) who had two or more
measurements of pNfL, ADAS-Cog13 and MMSE (see Figure 1).

2.2 Statistical Analysis
2.2.1 Association between pNFL and longitudinal cognitive
decline (Sample A and B)
We analysed the association between cognitive scores over time (outcome) and continuous baseline
pNfL (log10 transformed) using linear mixed effect (LME) models and beta-regression, with random
intercepts and slopes to account for repeated outcome measures. Cognitive scores are generally bounded
between two numbers, therefore assuming that the errors follow a normal distribution is not appropriate.
Beta regression overcomes this by assuming that the errors follow a beta distribution, which can take
various shapes depending on the values of its two parameters 25. Both the LME and beta-regression
models were adjusted for time (years) since baseline and the following potential confounders: baseline
age (years), sex (binary classification), education level (years), and APOE ɛ4 allele status (binary). A
quadratic term for time which improved the model fits (as measured by significance of additional term)
was included in the linear mixed effects model. Baseline pNfL values were also grouped into quartiles for
visualisation. These were then used to plot the cognitive trajectories corresponding to the baseline
quartiles.
Using data collected between baseline and month 48, we also calculated the average ROC in the pNfL
measurement using only the first three visits at which pNfL was measured; we define this ROC as the
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‘baseline ROC’. The method used for calculating an individual’s ROC is explained in the following
paragraph. The last visit used to calculate the baseline ROC was then considered as the new baseline for
the subsequent visits at which cognitive scores were measured. In other words, cognitive data from the
period used to calculate the baseline ROC was discarded and subsequent analysis were based purely on
longitudinal cognitive data recorded after the baseline ROC period. We then tested the hypothesis - is this
baseline ROC of pNfL associated with longitudinal cognitive decline - using linear and beta mixed effects
models in the same way as explained above, adjusting for the same covariates. Corresponding plots
using quartiles of baseline ROC were created.

2.2.2 Rate of change over time in pNfL and AD-related
biomarkers (Sample C)
In order to estimate the ROC of pNfL for each individual in the cohort, we employed log10 transformed
pNfL values (scaled to have zero mean and unit standard deviation) as the outcome and years since
baseline as the predictor. Random intercepts and random slopes were included to allow each individual’s
trajectory over time to deviate from the overall trend. The individual-specific posterior estimates of the
random slopes were used as the measure of the ROC in pNfL over time. The same method was used to
calculate the ROC in the imaging markers - ventricular volume, hippocampus volume, whole brain volume,
Florbetapir PET SUVr. We then performed linear regression between the estimated ROC in pNfL and ROC
in these volumetric brain structure markers and Florbetapir PET SUVr, accounting for the following timeinvariant covariates: baseline age, sex, years of education, and APOE ɛ4 allele binary status.

2.2.3 Temporal dynamics of pNfL and other markers
(Sample D)
For the development of biomarker trajectories, we used a method based on differential-equations
described in previous studies 26. We made two main assumptions: 1) all individuals will follow the same
general pattern of biomarker trajectory during the progression of AD, and 2) the biomarker levels either
increase or decrease monotonically with time. For each individual rate of change in the level of a
biomarker, as estimated in Section ‘Rate of change over time in pNfL and AD-related biomarkers (Sample
C)’, we first calculated the corresponding mean biomarker level (mean of the biomarker values used for
the calculation of the rate of change). A quadratic function was fitted to the data to describe the ROC as a
function of the mean. The function that described best the relationship between ROC and mean values
was then integrated to produce the average long-term temporal dynamics of the biomarker. For the
integration, we assumed that at time zero the mean value of the biomarker is equal to the average value
at the point where the CDR-SB score becomes bigger than zero in the data, i.e. first symptomatic cognitive
impairment as assessed by CDR-SB is observed 27. Hence, without loss of generality, we enabled a
function transformation so that the biomarker change is described as a function of time from the first
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non-zero CDR-SB score. Using the non-linear least squares method, the individual biomarker values were
then synchronised to match the population level trajectory.
Data formatting and plotting was performed in R version 4.0.3 and R studio version 1.3.1093. The
posterior distributions of the parameters and 95% credible intervals (CrI) were estimated using
Hamiltonian Monte Carlo (HMC) through the rstan interface 2.21.0 28 which uses the “No-U-TurnSampler”. The Gelman-Rubin statistic Rhat <1.1 was used as an indicator for convergence of parameter
chains. To infer the model parameters, we report the posterior parameter mean estimates and their
respective 95% CrIs. The temporal dynamics of biomarkers as a function of time from first CDR-SB>0
have been estimated in MATLAB R2019a.

3 Results

3.1 Sample Characteristics
Demographics and biomarker characteristics of our study population at baseline for the four samples
used in the analyses (Sample A-D) are given in Table 1. Details of the number of individuals in each
analysis are presented in Figure 1.
Table 1
Participant characteristics in different samples.
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Sample A

Sample B

Sample C

Sample D

(n =735)

(n = 336)

(n = 263)

(n = 501)

Age (years)

73.78 (7.13)

74.61 (7.14)

72.56 (6.96)

73.31 (6.95)

Sex (female)

334 (45.44%)

149 (44.35%)

120 (45.63%)

226 (45.11%)

Education (years)

15.97 (2.78)

16.24 (2.69)

16.38 (2.61)

16.07 (2.77)

APOE ɛ4 carriers

471 (64.08%)

199 (59.23%)

165 (62.74%)

316 (63.07%)

CDR-SB

2.07 (1.90)

1.86 (1.91)

1.40 (1.43)

1.77 (1.75)

ADAS-Cog11

12.54 (7.22)

10.55 (7.06)

9.53 (5.40)

11.31 (6.86)

MMSE

26.61 (2.83)

26.75 (3.13)

27.78 (2.28)

27.17 (2.64)

ADCOMS

0.28 (0.23)

0.25 (0.23)

0.19 (0.16)

0.24 (0.21)

PACC

-7.46 (6.00)

-6.00 (6.45)

-4.52 (4.97)

-6.15 (5.68)

Plasma NfL (pg/mL)

41.91 (21.18)

44.95 (23.99)

39.18 (16.80)

40.51 (18.31)

Data is formatted as n (%) for nominal variables and mean (standard deviation) for continuous
variables and scores. Samples correspond to the definition in Methods. Sample A - Longitudinal
analysis of cognition and baseline pNfL levels; Sample B - Longitudinal analysis of cognition and
ROC of pNfL; Sample C - Analysis of ROC of pNfL and imaging markers of AD; Sample D – Temporal
dynamics of pNfL and other markers.

3.2 Association between pNfL levels and cognitive decline
The coefficients of the interaction terms showed that increase in pNfL concentration (and baseline ROC
of pNfL) was significantly associated with a faster cognitive decline, as shown in Table 2. For
visualisation, refer to Figure 2; we observe the same trend, implying that higher levels of baseline pNfL, as
well higher baseline ROC of pNfL, is associated with worse cognition and a faster rate of cognitive
decline.
Table 2
Posterior estimates of interaction between baseline pNfL and time, and between baseline ROC pNfL and
time.
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Outcome

Baseline pNfL

Baseline ROC pNfL

Linear

Linear

CDR-SB

1.67* (1.21, 2.13)

14.04* (0.97, 26.12)

ADAS-Cog11

3.46* (2.18, 4.77)

50.84* (16.42, 84.82)

MMSE

-1.98* (-2.65, -1.28)

-1.44 (-4.15, 1.13)

ADCOMS

0.19* (0.18, 0.24)

2.49 (-0.01, 4.94)

PACC

-2.85* (-3.86, -1.87)

-2.00* (-3.86, -0.03)

* 95% Credible intervals do not include the null value (zero). Similar results have been obtained using
adjusted hierarchical beta regression model (see Supplementary Table S1).
The parameter estimates and 95% CrI for the interaction term between continuous baseline pNfL, or
baseline ROC pNfL, and time from baseline, from the linear regression models. All models were
adjusted for age at baseline (years), binary APOE status, sex, education (years), and a quadratic time
term.
Note: Estimates of baseline ROC of pNfL look higher in magnitude because of the small scale of ROC.
An increase of one unit in ROC is different to a one unit increase in the absolute value.

3.3 Rate of change in pNfL levels and neuroimaging
markers of AD
The ROC in pNfL was significantly associated with ROC in ventricular volume (1.23; 95% CrI (0.73, 1.75)),
hippocampus volume (-1.12; 95% CrI (-1.62, -0.63)) and whole brain volume (-0.59; 95% CrI (-0.84, -0.35)).
The ROC in pNfL was not significantly associated with ROC in AV45 (0.01; 95% CrI (-0.01, 0.04)). For
visualisations, refer to Figure 3.

3.4 pNfL trajectory and association with clinical progression
of AD
Figure 4 shows the trajectories of different markers as a function of the time from the first diagnosis of
cognitive impairment as defined by a non-zero CDR-SB score, and the clinical state of individuals at each
measurement after their alignment to match the population level trajectory. It is observed that, in contrast
to markers that are associated with the clinical progression of AD, such as ADAS-Cog, MMSE and CDR-SB
scores, higher pNfL levels do not necessarily correspond to more severe clinical states of AD (for
example, many CN individuals (blue points) may have high levels of pNfL). This implies that, although
pNfL can be associated with cognitive decline, pNfL levels do not reflect clearly the clinical state of
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individuals in AD development and high pNfL concentration may be observed independently of the
clinical diagnosis (CN, MCI, AD dementia) of individuals on the AD continuum.

4 Discussion
This study has focused on the association between longitudinal changes in cognitive performance and
continuous measures of neurofilament light measured in the plasma (pNfL) in a population at risk of
developing AD. The rate of change of pNfL and associations with the rate of change of other biological
markers potentially associated with the progression of AD has also been investigated. We have
developed novel beta regression models with random intercepts and slopes, taking into account the fact
that cognitive scores are bounded, thus extending traditional linear regression models. We have also
introduced the concept of ‘baseline rate of change’ and considered its associations with longitudinal
cognitive decline. Based on the rate of change, we described the temporal dynamics of pNfL and
associations with the clinical progression of AD, from cognitively unimpaired stages to AD dementia.
We have analysed a subset of the ADNI population which is at a higher risk of developing AD in the
future, on the basis of the amyloid levels at baseline. For this we have used strict dichotomous cut-offs
and acknowledge that this itself comes with limitations of not being able to clearly distinguish between
individuals near the cut-off level set in the analyses 29. This assumption simplifies the complex realities
of the dynamical behaviour of the biomarkers. Measurement of biomarker levels are inherently variable
both between individuals, within individuals over time and due to measurement error, and this variability
can result in classification errors.
The results of the study have demonstrated that increase in pNfL concentration (and baseline ROC of
pNfL) is significantly associated with cognitive performance. Higher levels of baseline pNfL, as well as
higher baseline ROC of pNfL, are associated with faster cognitive decline. The estimates from the
statistical models corresponding to these two different ways of defining of baseline pNfL are not directly
comparable. First, because one is a sub-sample of the other and second because the scales are different.
Hence, we cannot ascertain that a few longitudinal measurements of pNfL may (or may not) be a better
predictor of cognitive decline than a single measurement at baseline. It should be noted that it is more
difficult to see a one-unit change in ROC compared to a one-unit change in the absolute value of pNfL.
Because of the high heterogeneity in pNfL measurements over time, ROC may not be the best measure.
Taking the average over a short interval of time may provide more meaningful results.
The ROC in pNfL was significantly associated with the ROC in ventricular volume, hippocampus volume
and whole brain volume, showing its value as brain damage marker. However, it was not associated with
the ROC in amyloid accumulation in the brain (measured by AV-45-PET), which may be attributed to the
selection criteria of the sample that has been used (amyloid positive individuals only).
Considering the trajectory of pNfL as a function of the time from the first non-zero CDR-SB score in
relation to the clinical state of individuals (CN, MCI, AD dementia), we observed that although higher
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values of pNfL can predict cognitive decline, they do not necessarily correspond to more severe clinical
states of AD. This may support previous studies 6 which reported that NfL is not specific to AD. To some
extent, it may also be due to the high degree of heterogeneity within the clinical states and the fact that
the categorisation of individuals in these states was mainly based on clinical criteria 30.
The study was based on one cohort deriving from the ADNI dataset. Ideally, confirmation of these trends
should be derived for a number of cohort studies in different country settings to ensure that the results
are not confounded by the study design 31. Some of the conclusions of this study have also been
recorded in previous studies 6, but the present analysis employs novel methods in looking at temporal
trends.
NfL is not a biomarker specific to AD and high levels of this marker have been associated with several
other neurodegenerative disorders. However, this marker, along with other markers, could still facilitate
both participant screening for clinical trials of possible AD therapies and the diagnosis process 32. In
particular, the ability of NfL to predict future cognitive decline, as shown in this study, could facilitate the
improvement of the criteria for participant recruitment in clinical trials. It could also be used for
monitoring disease progression and response to treatment.
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Figure 1
Sample selection
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Figure 2
Association between baseline pNfL and longitudinal cognitive scores. The solid line and shaded area
represent the estimated mean and 95% credible intervals of cognitive scores, respectively, for the quartiles
of baseline pNfL. The blue, purple, yellow and orange curves correspond to 1st, 2nd, 3rd and 4th quartile
respectively. Plots were produced using adjusted hierarchical linear regression for the following values for
the confounders: age at baseline (years) = 73.78, APOE positive status, female, education (years) = 15.97.
A quadratic time term for the linear regression model was used. CDR-SB = Clinical Dementia Rating-Sum
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of Boxes, ADAS-Cog11 = Alzheimer’s Disease Assessment Scale-Cognitive 11, MMSE = Mini-Mental State
Examination, ADCOMS = Alzheimer’s Disease Composite Score, PACC = Preclinical Alzheimer’s Cognitive
Composite including Trail-Making Test B. Similar results have been obtained using adjusted hierarchical
beta regression model (see Supplementary Fig. S1).

Figure 3
Association between ROC of pNfL and ROC of other neuroimaging markers. Linear regression between
estimated rate of change in pNfL and estimated rate of change in ventricular volume, hippocampal
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volume, whole brain volume and amyloid accumulation (Standard Uptake Value Ratio SUVR) using
Florbetapir in PET scans.

Figure 4
Temporal dynamics of biomarkers before and after CDR-SB > 0 onset. Top row: the rate of change as a
function of the mean for ADAS-Cog 13, MMSE, and log10(pNfL). Bottom row: The average trajectory of
the above scores as a function of time from the first non-zero CDR-SB value (time = 0). The individual
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data have been aligned to match the population-level trajectory – Blue: CN, Orange: MCI, Red: AD. The
dashed lines represent the 95% confidence interval for the mean.
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