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Developing Personalized Models for Predicting Neurodegeneration 
Using Plasma Neurofilament Light Chain in Alzheimer's Disease: 

Preliminary Findings from the ADNI Cohort 

Shutong Liu 

Abstract 

Plasma neurofilament light chain (NfL) is a sensitive blood-based biomarker of 

neuroaxonal injury with potential value for predicting Alzheimer’s disease (AD)-related 

neurodegeneration. However, plasma NfL is influenced by physiological factors, including 

age, body mass index (BMI), and renal function. Besides, it remains unclear whether 

adjusted NfL measurements can predict subsequent structural brain changes during the 

preclinical stage of AD. Using data from the Alzheimer’s Disease Neuroimaging Initiative 

(ADNI), this study developed individualized plasma NfL reference distributions and evaluated 

their ability to predict longitudinal MRI-measured neurodegeneration. Generalized Additive 

Models for Location, Scale, and Shape were fitted in CU Aβ− reference participants with 

valid eGFR data (n=378) to derive age-, BMI-, and eGFR-adjusted NfL Z-scores. Linear 

mixed-effects models were then used to test whether baseline and longitudinal NfL Z-scores 

were associated with changes in hippocampal volume, AD-signature cortical thickness, and 

lateral ventricular volume among Aβ+ participants. Expected plasma NfL increased with age 

and lower eGFR and decreased with higher BMI. Adjusted NfL Z-scores increased 

progressively across the AD continuum. However, baseline NfL Z-score did not significantly 

predict longitudinal change in any MRI outcome in the CU Aβ+, cognitively impaired Aβ+, or 

Early AD Continuum cohorts. In an exploratory subset, a greater annualized increase in NfL 

Z-score was associated with faster hippocampal volume decline (β = −0.225, P = 0.045), 

although the association did not remain significant after multiple-comparison correction. 

These findings support physiological adjustment for individualized interpretation of plasma 

NfL. Although a single baseline measurement did not predict subsequent MRI change, 

longitudinal NfL dynamics may provide a more informative signal of ongoing 
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neurodegeneration and warrant further evaluation in larger cohorts with more frequent 

repeated measurements. 
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Introduction 

Alzheimer's disease (AD) is a progressive neurodegenerative disorder affecting over 

55 million people worldwide.1 AD pathology is defined by the accumulation of beta-amyloid 

(Aβ) plaques followed by tau neurofibrillary tangles, then synaptic dysfunction and atrophy 

(e.g. hippocampal atrophy and cortical thinning) and ultimately cognitive impairment and 

decline.1 Evidence suggests that AD pathology develops long before symptom onset and 

clinical diagnosis. In a disease-progression model anchored to the time of AD diagnosis, AD 

biomarkers were estimated to emerge years before clinical symptom onset: CSF amyloid 

(Aβ42) 18 years before, phosphorylated tau, p-tau181 (11 years), neurofilament light chain, 

NfL (9.5 years), hippocampal volume changes (8 years), and cognitive decline (6 years).2,3 

While these events follow a stereotypical order, preclinical individuals who are amyloid-

positive (i.e., show evidence of AD pathology but remain cognitively unimpaired [CU]) exhibit 

substantial heterogeneity in their timing for symptom onset. Indeed, some may never 

develop cognitive impairment. A critical milestone to proactively monitor in these preclinical 

individuals is accelerated neurodegeneration, or atrophy, to assess their risk for clinical 

symptom onset. The fact that markers of neurodegeneration become abnormal several 

years before diagnosis underscores their potential value for identifying individuals at risk 

during the preclinical stages of the disease, a period that is increasingly targeted by 

emerging disease-modifying therapies. 

Structural MRI is currently used to quantify neurodegeneration using established 

measurements such as hippocampal atrophy, cortical thinning, and ventricular 

enlargement.5,6 However, MRI is costly, time-consuming, and lacks the scalability required 

for routine clinical practice. These constraints have driven recent interest in fluid biomarkers, 

particularly blood-based biomarkers, which are inexpensive, widely available, minimally 

invasive, and scalable but more importantly have shown immense promise in the AD 

domain. 
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Plasma neurofilament light chain (NfL) has emerged as a sensitive marker of axonal 

injury. NfL is a cytoskeletal protein released into blood following neuronal damage7,8 and can 

be accurately quantified at picogram-per-milliliter concentrations.9 Although it is a non-

specific marker of neuronal damage, plasma NfL is elevated throughout the AD continuum 

and is associated with MRI-measured neurodegeneration measures, accelerated brain 

atrophy, progression from mild cognitive impairment (MCI) to AD dementia, and cognitive 

decline.10,11,12 Importantly, elevated NfL levels precede detectable hippocampal volume loss 

by approximately 1.5 years,2 suggesting that plasma NfL may reflect early neuronal injury 

before structural MRI changes become visible. This supports its potential role as an early 

screening biomarker for downstream accelerated neurodegeneration. 

Before plasma NfL can be reliably utilized to forecast neurodegeneration, it is 

essential to deeply understand its expected normal biological variability. Because blood-

based biomarkers circulate systemically, their concentrations are strongly modulated by 

physiological and demographic factors independent of central nervous system pathology. 

Normal aging involves a physiological increase in NfL, reflecting cumulative subclinical 

neuronal turnover and age-related changes in cerebrospinal fluid clearance dynamics.20 

Furthermore, systemic variables such as body mass index (BMI) and renal function 

profoundly alter circulating protein levels.13,23,24, Higher BMI increases total blood plasma 

volume, artificially diluting NfL concentrations via a hemodilution effect,13,24 while Reduced 

renal clearance (reflected by a lower estimated glomerular filtration rate, or eGFR)  leads to 

the systemic accumulation of NfL.13,23,24 Consequently, applying static, one-size-fits-all cut-

offs to unadjusted NfL values inevitably leads to clinical misclassification.  

To focus on variations in NfL levels beyond normal aging and systemic variations, 

there is a distinct need for normative modeling. By establishing individualized baseline 

reference ranges that account for physiological variance, normative modeling transforms a 

raw biomarker concentration into a standardized estimate (e.g., Z-scores or percentiles) of 

abnormal, disease-related neuroaxonal injury. This approach has been successfully 

demonstrated in serum NfL settings, enabling patient-level interpretation of NfL values 
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relative to expected normative ranges.14 

With an established biological normative baseline, pathological elevations in plasma 

NfL, despite its lack of disease specificity, may serve as a useful signal for future 

neurodegeneration. Evidence indicates that elevated plasma NfL is a promising secondary 

marker of neuroaxonal injury, potentially signaling microscopic damage that precedes the 

macroscopic structural brain changes detectable by MRI, such as hippocampal atrophy, 

cortical thinning, and ventricular enlargement, by several years.12,22 A clinically practical tool 

that integrates physiologically adjusted NfL measurements with patient demographics to 

predict MRI-measured neurodegeneration at the individual level has the potential to bridge a 

major translational gap. 

Once established, these normative model estimates can be tested as predictors of 

expected neurodegeneration. The primary goal of this project is to apply this normative 

modeling framework to forecast structural brain health. We hypothesize that baseline plasma 

NfL measures, once accounted for variance due to normal age and systemic/biological 

factors, will predict the risk for accelerated MRI-measured neurodegeneration, beyond 

demographic risk factors and baseline amyloid burden, specifically within a preclinical CU 

cohort. Such a tool could facilitate proactive monitoring for neurodegeneration suggestive of 

cognitive decline and imminent symptom onset. 

Methods 

Data Source and Study Population:  
Data were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) 

database (https://ida.loni.usc.edu), a multi-site longitudinal observational study enrolling 

cognitively unimpaired (CU), mild cognitive impairment (MCI), and AD dementia participants. 

Data from the ADNI-1, ADNI-GO, ADNI-2, ADNI-3, and ADNI-4 phases were included. Data 

was extracted from the ADNI database in June 2026. For each participant, the earliest 

available visit with a plasma NfL measurement was used as the index (baseline) visit for this 

cross-sectional analysis; clinical diagnosis, amyloid-PET, APOE genotype, vital signs, 
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laboratory measures (including eGFR), and structural MRI data corresponding to this index 

visit were extracted 

Cohort Definition and Eligibility Criteria 
Plasma NfL measurements were obtained from the ADNI University of Pennsylvania 

(Upenn) plasma biomarker dataset and were quantified using the Quanterix single molecule 

array (Simoa) platform. Participants were eligible if they were 55-85 years of age at the index 

visit and had complete data on plasma NfL, BMI, clinical diagnosis, amyloid-PET status, and 

APOE genotype. BMI was calculated from height and weight obtained at the index visit; 

records with missing values, unit inconsistencies, or physiologically implausible values 

(identified through manual review of source data) were corrected or excluded. Participants 

missing any required variable were excluded from the analytic sample. 

Amyloid-PET Assessment 
Amyloid-PET data were derived from ADNI processed PET datasets. Amyloid 

positivity was defined using tracer-specific standardized uptake value ratio (SUVR) 

thresholds provided by ADNI (> 1.108 for [18F] florbetapir; > 1.079 for [18F] florbetaben), 

corresponding approximately to 19 centiloids. Participants were classified as amyloid-

positive (Aβ+) or amyloid-negative (Aβ-) accordingly. 

Structural MRI 
T1-weighted structural MRI and corresponding FreeSurfer-derived regional 

volumetric measures were obtained from ADNI. Neurodegeneration was characterized using 

hippocampal volume, AD-signature cortical thickness, and lateral ventricular volume. 

Clinical Diagnostic Groups 
Clinical diagnosis (CU, MCI, or dementia) was assigned based on ADNI diagnostic 

summary data at the index visit. The reference group comprised CU Aβ− participants. Four 

comparator groups were additionally defined: CU Aβ+, MCI Aβ+, dementia Aβ+, and 

cognitively impaired amyloid-negative participants (MCI or dementia, Aβ-) 
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Preliminary Analysis of Physiological Determinants 
Linear regression analyses were performed within the healthy reference cohort (CU 

Aβ-) to evaluate associations between plasma NfL and age, BMI, and sex, in order to inform 

covariate selection for subsequent GAMLSS modeling. 

Renal function was evaluated using creatinine-based eGFR. Participants with valid 

matched eGFR data were stratified into reduced renal function (eGFR<60 mL/min/1.73 m²) 

and preserved renal function (eGFR ≥ 60 mL/min/1.73 m²) groups. This cutoff corresponds 

to GFR category G3a or higher in the KDIGO classification system and is commonly used as 

the clinical threshold for reduced kidney.25 Extreme eGFR values below 1 mL/min/1.73 m² 

(range: 0.14-0.47) were identified during distributional quality control as forming a 

discontinuous cluster clearly separated from the remainder of the eGFR distribution and 

were excluded as implausible data-quality errors, likely attributable to creatinine unit or data-

entry inconsistencies. Baseline characteristics (age, BMI, and plasma NfL concentration) 

were compared between the reduced and preserved renal function groups using two-sided 

Wilcoxon rank-sum tests. 

GAMLSS Normative Modeling 
Given the nonlinear age-related increase and right-skewed distribution of plasma 

NfL, Generalized Additive Models for Location, Scale, and Shape (GAMLSS; Rigby & 

Stasinopoulos, 2005) were used to construct normative reference distributions of plasma NfL 

within the healthy reference cohort (CU Aβ-). Based on the preliminary regression analyses 

described above, age and BMI were retained as covariates, while sex was excluded. Rather 

than fitting separate models within each eGFR stratum, eGFR was included as a continuous 

biological covariate in a single normative model, together with age and BMI. 

Plasma NfL was modeled using a Box-Cox t (BCT) distribution to accommodate 

skewness and heavy tails. The location parameter (μ) was modeled as a smooth function of 

age, BMI, and eGFR using penalized spline terms: 

!	 = 	$₀	 + 	'₁(*+,) 	+ 	'₂(/01) 	+ 	'₃(,345) 

where β₀ denotes the intercept, and s₁, s₂, and s₃ denote penalized smoothing 
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functions. The scale and shape parameters (σ, ν, and τ) were modeled as constant across 

covariates. Models were fitted using the gamlss package in R,26 adapting code from 

Preische et al. (2019). Smoothing parameters were estimated automatically by the penalized 

spline procedure implemented in gamlss. 

From the fitted model, plasma NfL percentile curves (1st, 5th, 20th, 50th, 80th, 95th, 

and 99th percentiles) were derived across the observed age range while holding BMI at 

representative values of 20, 25, and 30 kg/m², corresponding to low, typical, and elevated 

BMI levels. To visualize the influence of renal function, percentile curves were additionally 

plotted with eGFR fixed at the stratum-specific median (52.9 mL/min/1.73 m² for reduced 

renal function; 80.3 mL/min/1.73 m² for preserved renal function). These strata were used for 

visualization only; eGFR was modeled as a continuous covariate in the primary GAMLSS 

model. 

Individual NfL Z-scores were calculated using a quantile-based transformation. Each 

participant's observed NfL concentration was mapped to the fitted conditional cumulative 

distribution function given their age, BMI, and eGFR, and transformed to the corresponding 

standard normal quantile: 

6	 = 	7⁻¹[4(;<=	|	*+,, /01, ,345)] 

where 4 denotes the fitted BCT cumulative distribution function and 7⁻¹ denotes the 

inverse cumulative distribution function of the standard normal distribution. This approach 

standardized plasma NfL relative to age-, BMI-, and eGFR-adjusted expectations. 

Longitudinal MRI Processing and Harmonization:  
Structural MRI measures were obtained from ADNI T1-weighted structural MRI 

datasets and corresponding FreeSurfer-derived processing outputs. MRI-derived 

neurodegeneration measures included bilateral hippocampal volume, an AD-signature meta-

ROI cortical thickness, and lateral ventricular volume. The AD-signature cortical thickness 

measure was defined as the average cortical thickness across regions vulnerable to AD-

related neurodegeneration, including the entorhinal, inferior temporal, middle temporal, and 
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fusiform cortices.27 

Before harmonization, hippocampal and lateral ventricular volumes were adjusted for 

intracranial volume (ICV) using a residual-based correction approach estimated within CU 

participants and applied to all eligible MRI scans. AD-signature cortical thickness was not 

adjusted for ICV. The resulting ICV-adjusted volume measures and cortical thickness 

measure were subsequently included in the harmonization procedure. 

Because ADNI MRI data were acquired across different phases, and because 

scanner field strength and acquisition protocols evolved systematically over the course of the 

study, phase and field strength are closely confounded non-biological sources of variance. 

This may introduce systematic phase effects that confound cross-phase and longitudinal 

comparisons.18 To address these effects, MRI measures were harmonized using a ComBat-

GAM framework, which models nonlinear covariate effects within a generalized additive 

model while preserving biologically meaningful variation.16 ComBat-GAM was fitted using all 

eligible MRI scans, regardless of plasma NfL availability, clinical diagnosis, or amyloid 

status, to maximize the sample available for estimating batch effects. A combined 

categorical variable representing ADNI phase and field strength was used as the batch 

variable, while age at MRI and sex were included as biological covariates to be preserved 

during harmonization. 

The harmonized MRI measures were subsequently used for W-score construction 

and longitudinal modeling. 

MRI W-score Construction 
To quantify MRI abnormality relative to age- and sex-expected values, residual-

based MRI W-scores were calculated for hippocampal volume, AD-signature cortical 

thickness, and lateral ventricular volume. Because the distribution of harmonized MRI 

measures did not exhibit the pronounced skewness and heavy tails observed in plasma NfL, 

W-scores were derived using a generalized additive model (GAM) framework with a 

Gaussian residual structure, rather than the Box-Cox t distribution used for the plasma NfL 
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normative model. 

W-score reference models were constructed using harmonized MRI measures from 

all eligible participants aged 65–85 years, without restriction by clinical diagnosis or amyloid 

status. This broader reference sample was selected to align with the full-pool harmonization 

approach described above and to provide a large, stable reference for the normative GAM 

models. For each participant in the reference sample, the earliest eligible MRI scan was 

retained to avoid over-representation of participants with multiple longitudinal scans. 

For each MRI outcome, the expected MRI value was estimated using a GAM with 

age at MRI modeled nonlinearly and sex included as a covariate. MRI W-scores were then 

calculated as: 

A = BC',DE,F	ℎHDIBJKL,F	051	EHMN, − H+, − HJF	,P − QD,FKRS,F	051	EHMN,
D,'KFNHM	'SHJFHDF	F,EKHSKBJ	B<	Sℎ,	D,<,D,JR,	IBF,M  

For hippocampal volume and AD-signature cortical thickness, lower W-scores 

indicate smaller- or thinner-than-expected brain structure. For lateral ventricular volume, 

higher W-scores indicate larger-than-expected ventricular volume. 

Descriptive MRI Comparisons Across MRI-Anchored Clinical and Amyloid 
Groups 

Prior to formal longitudinal predictive modeling, baseline and longitudinal MRI 

measures were examined descriptively to characterize structural differences across the 

disease-stage continuum. Participants were required to have an eligible baseline MRI scan 

within ±12 months of the plasma NfL measurement, at least one eligible follow-up MRI 

acquired 2–5 years after baseline, and an age of 65–85 years at MRI acquisition. Clinical 

diagnosis and amyloid status were defined relative to the baseline MRI. Clinical diagnosis 

was assigned using the diagnostic assessment nearest to the baseline MRI date. Amyloid-

PET records were evaluated relative to the baseline MRI: participants with evidence 

supporting amyloid positivity at or before baseline, or within one year after baseline, were 

classified as MRI-anchored Aβ+, whereas those with evidence supporting amyloid negativity 

within the corresponding temporal window were classified as MRI-anchored Aβ−. 
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Participants with conflicting or insufficient PET evidence were excluded from the amyloid-

defined descriptive groups. 

Baseline MRI W-scores and baseline ICV-adjusted, harmonized MRI values were 

compared between the MRI-anchored CU Aβ− and CU Aβ+ groups using two-sided 

Wilcoxon rank-sum tests. Individual longitudinal trajectories of the harmonized MRI 

measures were also plotted for these groups to characterize within-participant change over 

time. To describe structural abnormality across the broader disease-stage continuum, 

baseline MRI W-scores and longitudinal W-score trajectories were examined across four 

MRI-anchored groups: CU Aβ−, CU Aβ+, MCI Aβ+, and dementia Aβ+. For each MRI 

outcome, two-sided Wilcoxon rank-sum tests were conducted for all pairwise group 

comparisons, with Benjamini–Hochberg correction for multiple comparisons; only 

comparisons between adjacent disease stages were displayed in the figures. These 

analyses were descriptive and were conducted independently of the formal NfL predictive 

models. 

The descriptive MRI cohort did not require a valid physiologically adjusted plasma 

NfL Z-score. It therefore included 38 CU Aβ+ participants. The primary CU Aβ+ predictive 

cohort additionally required a valid age-, BMI-, and eGFR-adjusted baseline NfL Z-score; two 

participants without matched eGFR data were excluded, resulting in 36 participants in the 

formal linear mixed-effects models. 

Longitudinal MRI Cohort Definition 
For longitudinal MRI analyses, baseline MRI was defined as the eligible MRI scan 

closest to the plasma NfL measurement, within a ±12-month window. Follow-up MRI scans 

were defined as eligible scans acquired 2–5 years after baseline; when multiple follow-up 

scans were available, all eligible scans within this window were retained for linear mixed-

effects modeling. Participants were required to have both a baseline MRI and at least one 

follow-up MRI within this window. 

Because the longitudinal MRI cohort was anchored to the baseline MRI visit rather 
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than the baseline plasma NfL visit used in the cross-sectional Aβ+/Aβ− classification 

described above, clinical and amyloid-defined groups for the longitudinal MRI analyses were 

separately redefined relative to this MRI-anchored baseline. Amyloid-PET records were 

evaluated relative to the baseline MRI date: participants with PET evidence supporting 

amyloid positivity at or before baseline, or within 1 year after baseline, were classified as 

Aβ+ (MRI-anchored Aβ+); participants with PET evidence supporting amyloid negativity 

within this window were classified as Aβ− (MRI-anchored Aβ−). Participants with conflicting 

PET evidence or insufficient evidence to determine baseline amyloid status were excluded 

from the primary amyloid-defined longitudinal MRI groups. Clinical diagnosis was defined 

using the diagnostic visit nearest to the baseline MRI. The primary longitudinal MRI groups 

were therefore defined as CU Aβ+ (MRI-anchored) and cognitively impaired Aβ+ (MRI-

anchored) participants, with the latter group including MCI and dementia participants 

classified as Aβ+ at the baseline MRI-defined timepoint. 

Longitudinal MRI Prediction Models 
To test our hypothesis, linear mixed-effects models were used to evaluate whether 

baseline plasma NfL Z-score, adjusted for age, BMI, and eGFR, predicted subsequent 

longitudinal change in MRI W-scores. Separate models were fitted for hippocampal volume 

W-score, AD-signature cortical thickness W-score, and lateral ventricular volume W-score. 

The primary model was specified as:  

051	A − 'RBD,	~	UKI,	 × 	/H',MKJ,	;<=	6 − 'RBD,	 +	(UKI,	|	WNCX,RS) 

where the Time × Baseline NfL Z-score interaction was the primary term of interest, 

testing whether higher baseline NfL was associated with faster longitudinal MRI change, and 

(UKI,	|	WNCX,RS) denotes a subject-specific random intercept and random slope for time. 

Where this random-effects structure resulted in a singular fit or convergence warning, the 

model was refit using a simplified random-intercept-only structure, (1	|	WNCX,RS). 

Models were fitted separately within CU Aβ+ participants and within a CI Aβ+ group 

(MCI and dementia), included as a positive-control comparison in which NfL-associated 
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neurodegeneration was expected to be more readily detectable. Model parameters were 

estimated in R using restricted maximum likelihood (REML). To account for multiple 

comparisons across the three MRI outcomes within each cohort, p-values for the 

UKI,	 × 	/H',MKJ,	;<=	6 − 'RBD,	interaction were adjusted using the Benjamini-Hochberg 

false discovery rate (FDR) procedure. Complete-case analysis was used for each model. 

Secondary and exploratory analyses were performed to further evaluate the 

robustness and biological interpretation of the primary longitudinal findings. 

First, an early AD continuum analysis combined CU Aβ+ and MCI Aβ+ participants, 

given the modest sample size when these groups were analyzed separately. This model 

retained the same Z[\]	 × 	^_`	a − bcde] interaction as the primary term of interest, with 

clinical stage (CU versus MCI) added as a main-effect covariate to account for differences in 

average W-score level between the two groups: 

fgh	i − bcde]	~	Z[\]	 × 	^_`	a − bcde]	 + 	jk[l[cmk	nomp]	 +	(Z[\]	|	nqrs]co) 

The clinical stage was not modeled as a time interaction; the model therefore did not 

separately estimate distinct longitudinal rates of change for CU and MCI participants. 

Second, an exploratory longitudinal NfL analysis evaluated whether within-subject 

change in plasma NfL Z-score, rather than its baseline value alone, was associated with 

longitudinal MRI W-score change. This analysis was motivated by the possibility that a single 

baseline NfL measurement may not fully capture the dynamic trajectory of neuroaxonal 

injury, and that the rate of change in plasma NfL over time could serve as a more sensitive 

predictor of subsequent structural neurodegeneration than baseline level alone. For 

participants within the early AD continuum group who had at least two usable longitudinal 

plasma NfL Z-scores spanning a minimum of 180 days, a participant-specific annualized NfL 

Z-score slope was first estimated from repeated NfL measurements. This slope was then 

entered as a subject-level predictor in a separate MRI mixed-effects model: 

fgh	i − bcde]	~	Z[\]	 × 	^_`	a − bcde]	bkdt]	 + 	jk[l[cmk	nomp]	 +	(Z[\]	|	nqrs]co) 

with the Z[\]	 × 	^_`	a − bcde]	bkdt]	interaction as the primary term of interest, 
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and clinical stage again included as a main-effect covariate. This analysis was considered 

exploratory given the limited number of participants with repeated NfL measurements 

available for slope estimation. 

Results 

Cohort Characteristics 
The final analytic sample comprised 971 participants aged 55-85 years who met all 

eligibility criteria, including valid plasma NfL, BMI, clinical diagnosis, amyloid-PET status, 

and APOE genotype. The healthy reference group consisted of 388 CU Aβ− participants. 

Four additional clinical and amyloid-defined comparison groups were included: 176 CU Aβ+, 

163 MCI Aβ+, 78 dementia Aβ+, and 166 cognitively impaired Aβ- participants. Cohort 

characteristics stratified by these groups are shown in Table 1. 

Table 1: Cohort Characteristics by Clinical Diagnosis and Amyloid Status 
This table summarizes demographic, clinical, genetic, renal-function, and plasma NfL 

characteristics across the full analytic cohort and the clinical/amyloid-defined subgroups. The 
healthy control group consisted of cognitively unimpaired (CU), amyloid-negative (Aβ-) 
participants and served as the reference population for constructing the normative GAMLSS 
plasma NfL model. The CU Aβ+, MCI Aβ+, and dementia Aβ+ groups represent 
progressively more advanced stages along the Alzheimer’s disease continuum, ranging from 
preclinical amyloid positivity to symptomatic cognitive impairment and dementia. The CI Aβ− 
group was included as a comparison group to evaluate cognitive impairment not defined by 
Aβ+ AD pathology. Across groups, plasma NfL levels were lowest in the healthy control 
group and higher in Aβ+ and CI groups, supporting the relevance of plasma NfL as a marker 
of neuroaxonal injury. 

Characteristic 
Full 

Analytic 
Cohort 

Healthy 
Control 

CU Aβ+ MCI Aβ+ 
Dementia 

Aβ+ 
CI Aβ- 

N 971 388 176 163 78 166 

Sex, Female (%) 
528 

(54.4%) 
229 

(59.0%) 
111 

(63.1%) 
83 

(50.9%) 
35 

(44.9%) 
70 

(42.2%) 

Age (years), 
mean (SD) 

71.6 (7.1) 69.9 (6.8) 73.4 (6.3) 73.2 (6.4) 73.9 (7.4) 
71.2 
(7.8) 

BMI (kg/m^2), 
mean (SD) 

27.8 (5.6) 28.1 (6.0) 28.4 (6.6) 26.5 (4.5) 26.8 (4.3) 
27.9 
(5.0) 
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Characteristic 
Full 

Analytic 
Cohort 

Healthy 
Control 

CU Aβ+ MCI Aβ+ 
Dementia 

Aβ+ 
CI Aβ- 

CU 
564 

(58.1%) 
388 

(100.0%) 
176 

(100.0%) 
0 (0%) 0 (0%) 0 (0%) 

MCI 
310 

(31.9%) 
0 (0%) 0 (0%) 

163 
(100.0%) 

0 (0%) 
147 

(88.6%) 

Dementia 
97 

(10.0%) 
0 (0%) 0 (0%) 0 (0%) 

78 
(100.0%) 

19 
(11.4%) 

APOE ε4 carrier, 
n (%) 

400 
(42.4%) 

90 
(24.1%) 

104 
(60.1%) 

111 
(68.9%) 

58 
(76.3%) 

37 
(23.3%) 

Amyloid-PET 
positive, n (%) 

417 
(42.9%) 

0 (0%) 
176 

(100.0%) 
163 

(100.0%) 
78 

(100.0%) 
0 (0%) 

eGFR, mean 
(SD) 

70.0 
(19.3) 

72.2 
(19.2) 

67.2 
(18.4) 

69.5 
(20.0) 

64.9 
(20.1) 

68.2 
(19.3) 

Plasma NfL, 
median (pg/mL) 

17.3 14.00 17.40 20.70 24.60 17.20 

Plasma NfL, 
mean +/- SD, 

pg/mL 

19.77 +/- 
12.95 

15.97 +/- 
8.84 

19.74 +/- 
10.81 

23.08 +/- 
11.75 

26.46 +/- 
9.93 

22.27 +/- 
20.62 

 

Preliminary Analysis of Physiological Determinants 
Within the healthy reference cohort (CU Aβ−; n = 388), multivariable linear 

regression analysis (NfL ~ age + BMI + sex) demonstrated that age was significantly 

associated with higher plasma NfL levels (β = 0.48 pg/mL per year, P < 0.001), whereas BMI 

was significantly associated with lower plasma NfL levels (β = −0.26 pg/mL per kg/m², P < 

0.001). Sex was not significantly associated with plasma NfL after adjustment for age and 

BMI (male vs. female: β = 0.23 pg/mL, 95% CI: −1.44 to 1.89, P = 0.789). The corresponding 

unadjusted associations between plasma NfL and age and BMI are shown in Figure 1. 

Based on these findings, age and BMI were retained as covariates in the subsequent 

GAMLSS normative model, whereas sex was excluded because it was not significantly 
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associated with plasma NfL. 

Prior to GAMLSS modeling, descriptive comparisons confirmed that participants with 

reduced renal function differed systematically from those with preserved renal function 

across several characteristics relevant to plasma NfL interpretation. Compared with 

participants with eGFR ≥60 mL/min/1.73m² (n = 313), participants with eGFR <60 

mL/min/1.73m² (n = 65) were older (P <0.001), had modestly higher BMI (P = 0.032), and 

had higher plasma NfL concentrations (P <0.001; Figure 2). These differences support the 

inclusion of eGFR as an independent covariate in the GAMLSS normative model, given its 

association with plasma NfL independent of age and BMI. 

 

Figure 1: Associations of age and BMI with plasma NfL in the healthy reference cohort 
Scatterplots show the associations of plasma NfL concentration with age (A) and BMI (B) 
among CU Aβ- healthy reference participants (n = 388). Each point represents an individual 
participant and is colored according to sex. Black lines represent fitted linear regression 
lines, with shaded areas indicating 95% confidence intervals. The inset boxes report the 
sample size, coefficient of determination (R²), and P value for each unadjusted association. 
Age was positively associated with plasma NfL, whereas BMI was inversely associated with 
plasma NfL. Adjusted associations from the multivariable linear regression model including 
age, BMI, and sex are reported in the main text. 
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Figure 2: Healthy reference cohort characteristics by renal function group. 
Age, BMI, plasma NfL concentration, and eGFR are compared between participants with 
reduced (eGFR <60 mL/min/1.73m²; n = 65) and preserved (eGFR ≥60 mL/min/1.73m²; n = 
313) renal function within the CU, Aβ− healthy reference cohort. Participants with reduced 
renal function were significantly older (P <0.001), had modestly higher BMI (P = 0.032), and 
had significantly higher plasma NfL concentrations (P <0.001) than participants with 
preserved renal function, in addition to the expected eGFR difference defining the two 
groups (P <0.001). Extreme eGFR values (<1 mL/min/1.73m²) were excluded prior to 
grouping. 

GAMLSS Normative Reference Curves for Plasma NfL 
A single GAMLSS normative model was fitted within healthy reference participants 

with valid matched eGFR data (n = 378; CU, amyloid-negative), including 65 participants 

with reduced renal function (eGFR <60 mL/min/1.73m²) and 313 participants with preserved 

renal function (eGFR ≥60 mL/min/1.73m²). The Box–Cox t distribution with P-spline 

smoothers accommodated the right-skewed distribution and heavy tails of plasma NfL while 

modeling its associations with age, BMI, and eGFR. 

As shown in Figure 3, expected plasma NfL concentrations increased progressively 

with age across all percentile and Z-score levels. The upper percentile curves showed a 

steeper absolute increase with age than the median and lower percentile curves, resulting in 

a characteristic "fanning-out" pattern. This pattern indicates that the expected variability of 

plasma NfL in absolute concentration units increased with advancing age. 

BMI showed a consistent inverse association with expected plasma NfL 

concentrations across the observed age range. At the same age, participants with lower BMI 

had higher expected plasma NfL values across percentile and Z-score levels, whereas 

participants with higher BMI had lower expected values. Renal function also influenced the 
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estimated reference distributions, with lower eGFR associated with higher expected plasma 

NfL concentrations at the same age and BMI. 

Consequently, the absolute plasma NfL concentration corresponding to a given 

percentile or Z-score varied according to age, BMI, and eGFR. These findings demonstrate 

that the same observed plasma NfL concentration may represent different degrees of 

deviation from the healthy reference distribution depending on an individual's demographic 

and physiological characteristics. 

Physiologically adjusted plasma NfL Z-scores, derived from this GAMLSS model, 

increased progressively across the clinical and amyloid-defined groups (Figure 4, panel A). 

Compared with the CU Aβ− reference group, median Z-scores were higher in CU Aβ+ (r = 

0.14), MCI Aβ+ (r = 0.20, relative to CU Aβ+), dementia Aβ+ (r = 0.20, relative to MCI Aβ+), 

and CI Aβ− (r = 0.29, relative to dementia Aβ+) participants, with all pairwise comparisons 

statistically significant (Wilcoxon rank-sum test, P <0.01 for all comparisons; overall Kruskal-

Wallis P <0.001). 

To evaluate the specific contribution of physiological adjustment, unadjusted Z-

scores were also calculated using the same reference group's raw mean and standard 

deviation, without accounting for age, BMI, or eGFR (Figure 4, panel B). The unadjusted Z-

scores pairwise effect sizes that were numerically similar to, and in most comparisons 

modestly larger than, those observed for the adjusted Z-scores (r = 0.20–0.32 unadjusted 

versus r = 0.14–0.29 adjusted). Adjustment therefore reduced the magnitude of some 

pairwise group differences but did not eliminate the clinical/amyloid group pattern, supporting 

the use of adjusted NfL Z-scores to quantify disease-related NfL elevation beyond expected 

physiological variation. 
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Figure 3: Age-, BMI-, and eGFR-adjusted plasma NfL reference curves derived from 
GAMLSS 
Reference curves were generated from a single Box–Cox t GAMLSS model fitted within 
healthy reference participants with valid eGFR data (CU, amyloid-negative; n = 378), with 
age, BMI, and eGFR included as continuous covariates using penalized B-splines. For 
visualization, eGFR was fixed at the median value within the preserved renal-function group 
(80.4 mL/min/1.73 m²; panels A and B) and the reduced renal-function group (53.1 
mL/min/1.73 m²; panels C and D). 2 Panels A  show the estimated 1st, 5th, 20th, 50th, 80th, 
95th, and 99th plasma NfL percentiles. 2 Panels B show the absolute plasma NfL 
concentrations corresponding to Z-scores ranging from −2.0 to 2.0. Curves are presented at 
BMI values of 20, 25, and 30 kg/m², represented by dotted, solid, and dashed lines, 
respectively. The eGFR strata were used for visualization only; eGFR was modeled 
continuously in the primary GAMLSS model. 
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Figure 4: Adjusted and unadjusted plasma NfL Z-scores across clinical and amyloid-
defined groups. 
(A) Age/BMI/eGFR-adjusted plasma NfL Z-scores, derived from the GAMLSS normative 
model, and (B) unadjusted plasma NfL Z-scores, calculated as (observed NfL − reference 
mean) / reference SD, compared across the CU Aβ− reference group (n = 378) and four 
clinical/amyloid-defined comparison groups: CU Aβ+ (n = 169), MCI Aβ+ (n = 158), dementia 
Aβ+ (n = 75), and CI Aβ− (n = 162). Between-group comparisons used two-sided Wilcoxon 
rank-sum tests; effect sizes (r) are shown above each comparison. CI Aβ−, cognitively 
impaired, amyloid-negative; CU, cognitively unimpaired; MCI, mild cognitive impairment. 

MRI Harmonization 

Prior to harmonization, all three MRI outcomes showed pronounced, age-

independent effects of ADNI phase within the CU Aβ− reference group (Figure 5): 

hippocampal volume (age-adjusted phase effect, P = 5.8×10⁻²²), lateral ventricular volume 

(P = 0.008), and AD-signature cortical thickness (P = 1.5×10⁻⁶⁸). These effects are 

consistent with systematic non-biological variation associated with differences in field 

strength, acquisition protocol, and other phase-associated scanner-related factors across the 

study period. 

Following ComBat-GAM harmonization, no significant phase effect remained for any 

of the three outcomes within this diagnostically homogeneous reference population (Figure 

6): hippocampal volume (P = 0.990), lateral ventricular volume (P = 0.986), and AD-

signature cortical thickness (P = 0.975). These results indicate that harmonization effectively 

removed phase-related batch variation across all three neurodegeneration measures while 

preserving the expected age-related trajectories—declining hippocampal volume and cortical 
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thickness and increasing ventricular volume—within the healthy reference group. 

 

Figure 5: Pre-harmonization phase effects across MRI outcomes in the CU Aβ− 
reference group. 
ICV-adjusted hippocampal volume, lateral ventricular volume, and AD-signature cortical 
thickness are plotted against age at MRI scan, stratified by ADNI phase, prior to ComBat-
GAM harmonization. Pronounced, age-independent phase effects were observed for all 
three outcomes (age-adjusted phase effect: hippocampal volume, P = 5.8×10⁻²²; lateral 
ventricular volume, P = 0.008; AD-signature cortical thickness, P = 1.5×10⁻⁶⁸), consistent 
with systematic non-biological variation associated with differences in field strength, 
acquisition protocol, and other phase-associated scanner-related factors. 

 

Figure 6: Post-harmonization phase effects across MRI outcomes in the CU Aβ− 
reference group. 
CV-adjusted, ComBat-GAM-harmonized hippocampal volume, lateral ventricular volume, 
and AD-signature cortical thickness are plotted against age at MRI scan, stratified by ADNI 
phase, within the same reference group as Figure 5. No significant age-adjusted phase 
effect remained for any of the three outcomes following harmonization (hippocampal volume, 
P = 0.990; lateral ventricular volume, P = 0.986; AD-signature cortical thickness, P = 0.975), 
indicating effective removal of phase-related batch variation while preserving the expected 
age-related trajectories for each measure. 

Longitudinal MRI Cohort Characteristics 
The longitudinal CU Aβ+ cohort included 36 participants contributing 77 MRI scans, 
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and the CI Aβ+ positive-control cohort included 38 participants contributing 87 MRI scans, 

including 34 participants with MCI and 4 with dementia at baseline. All participants had a 

baseline MRI and at least one eligible follow-up scan acquired 2–5 years after baseline. 

Mean follow-up duration was comparable between the two cohorts (CU Aβ+: 3.12 ± 0.84 

years; CI Aβ+: 2.93 ± 0.78 years). Most participants contributed two MRI scans, while a 

smaller proportion contributed three or four scans. 

The Early AD Continuum cohort combined the 36 CU Aβ+ participants with the 34 

MCI Aβ+ participants, resulting in 70 participants and 155 MRI scans; participants with 

dementia were not included. The mean follow-up duration was 3.03 ± 0.83 years. The 

longitudinal NfL analysis was conducted in a subset of 31 Early AD Continuum participants, 

including 17 CU Aβ+ and 14 MCI Aβ+ participants, who contributed 69 MRI scans. The 

mean follow-up duration in this subset was 3.07 ± 0.74 years. Individual annualized NfL Z-

score slopes were estimated using two or three longitudinal plasma NfL measurements per 

participant, spanning a mean interval of 4.03 ± 1.74 years. Across all longitudinal analyses, 

all available eligible MRI observations were retained in the mixed-effects models to account 

for repeated measurements within participants. Cohort characteristics are summarized in 

Table 2. 

Table 2: Longitudinal MRI Cohort Characteristics 
This table summarizes the sample size, clinical composition, number of MRI scans, 

scan availability per participant, and MRI follow-up duration for the CU Aβ+, cognitively 
impaired (CI) Aβ+, and longitudinal NfL analysis cohorts. The longitudinal NfL subset 
included CU Aβ+ and MCI Aβ+ participants with at least two usable plasma NfL 
measurements. Follow-up duration was calculated from the baseline MRI to the latest 
eligible follow-up MRI for each participant. 

Characteristic CU Aβ+ CI Aβ+ Early AD 
Continuum 

Longitudinal NfL 
Subset 

Participants, n 36 38 70 31 

Diagnosis at baseline CU Aβ+ MCI: 34; 
Dementia: 4 

CU Aβ+: 36 
MCI: 34 

CU Aβ+: 17 
MCI: 14 

Total MRI scans, n 77 87 155 69 

Scans per participant, n (%) 

— 2 scans 31 (86.1%) 28 (73.7%) 56 (80.0%) 24 (77.4%) 
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Characteristic CU Aβ+ CI Aβ+ Early AD 
Continuum 

Longitudinal NfL 
Subset 

Scans per participant, n (%) 

— 3 scans 5 (13.9%) 9 (23.7%) 13 (18.6%) 7 (22.6%) 

— 4 scans 0 (0%) 1 (2.6%) 1 (1.4%) 0 (0%) 

Follow-up duration (years), mean 
± SD 3.12 ± 0.84 2.93 ± 0.78 3.03 ± 0.83  3.07 ± 0.74 

Follow-up duration (years), 
median (range) 

2.98 (2.04–
4.89) 2.99 (2.00–4.99) 2.99 (2.00–

4.99)  2.99 (2.01–4.29) 

Descriptive MRI Findings Across MRI-Anchored Clinical and Amyloid Groups 
Baseline MRI W-scores showed numerical differences between the MRI-anchored 

CU Aβ− and CU Aβ+ groups but did not indicate a consistent pattern of greater structural 

abnormality among CU Aβ+ participants (Figure 7). Specifically, hippocampal volume and 

AD-signature cortical thickness W-scores were numerically higher, while lateral ventricular 

volume W-scores were numerically lower, in the CU Aβ+ group. Given that lower 

hippocampal and cortical thickness W-scores and higher ventricular W-scores indicate 

greater abnormality, these findings did not suggest more advanced neurodegeneration in CU 

Aβ+ participants. Direct comparisons of baseline ICV-adjusted, harmonized MRI values 

similarly showed no significant group differences in hippocampal volume (P = 0.718), AD-

signature cortical thickness (P = 0.237), or lateral ventricular volume (P = 0.472; Figure 8). 

Individual longitudinal trajectories showed substantial between-participant variability 

in both groups (Figure 9). Hippocampal volume generally declined and ventricular volume 

generally increased over time, whereas changes in cortical thickness were more variable. 

Overall, visual inspection did not reveal clear separation between the CU Aβ− and CU Aβ+ 

trajectories. 

Across the four MRI-anchored disease-stage groups—CU Aβ− (n = 126), CU Aβ+ (n 

= 38), MCI Aβ+ (n = 35), and dementia Aβ+ (n = 4)—baseline hippocampal volume W-

scores were significantly lower in MCI Aβ+ than in CU Aβ+ participants (BH-adjusted P < 

0.001) and lower in dementia Aβ+ than in MCI Aβ+ participants (BH-adjusted P = 0.030; 

Figure 10). The difference between CU Aβ− and CU Aβ+ participants was not significant 
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(BH-adjusted P = 0.209). No significant adjacent-group differences were observed for AD-

signature cortical thickness or lateral ventricular volume W-scores (all BH-adjusted P > 

0.25). 

The longitudinal W-score trajectories were broadly consistent with these baseline 

findings (Figure 11). Hippocampal W-scores appeared lower and showed clearer decline in 

the symptomatic MCI Aβ+ and dementia Aβ+ groups, whereas separation across disease 

stages was less evident for cortical thickness and ventricular volume. Because the dementia 

Aβ+ group included only four participants, its apparent baseline and longitudinal patterns 

should be interpreted cautiously. 
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Figure 7: Baseline MRI W-score distributions: CU Aβ− versus CU Aβ+. 
Distributions of baseline MRI W-scores for hippocampal volume, AD-signature cortical 
thickness, and lateral ventricular volume are shown for the CU, amyloid-negative reference 
group and the CU Aβ+ descriptive cohort (n = 38). Clinical diagnosis and amyloid-PET 
status were defined relative to the baseline plasma NfL visit (plasma-anchored 
classification). Dashed lines indicate group means. 
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Figure 8: Baseline ICV-adjusted, harmonized MRI values: CU Aβ− versus CU Aβ+. 
ICV-adjusted, ComBat-GAM-harmonized baseline MRI values are compared between the 
CU, amyloid-negative reference group and the CU Aβ+ descriptive cohort (n = 38) for 
hippocampal volume, AD-signature cortical thickness, and lateral ventricular volume. White 
diamonds indicate group means. Between-group comparisons used two-sided Wilcoxon 
rank-sum tests; none of the three comparisons reached statistical significance.
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Figure 9: Individual longitudinal harmonized MRI trajectories: CU Aβ− versus CU Aβ+. 
Individual participant trajectories of ICV-adjusted, ComBat-GAM-harmonized MRI values are 
shown over time from baseline MRI for the CU, amyloid-negative reference group and the 
CU Aβ+ descriptive cohort. Thin lines represent individual participants; thick lines represent 
the fitted group-level trend. These trajectories are descriptive and were not accompanied by 
formal statistical testing. 
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Figure 10: Baseline MRI W-scores across the disease-stage continuum. 
Individual participant trajectories of MRI W-scores are shown over time from baseline MRI 
for hippocampal volume, AD-signature cortical thickness, and lateral ventricular volume, 
stratified by clinical/amyloid group as defined relative to the baseline plasma NfL visit (CU 
Aβ−, CU Aβ+, MCI Aβ+, dementia Aβ+). Thin blue lines represent individual participants; the 
orange line represents the descriptive group-level trend with 95% confidence band. These 
trajectories are descriptive and were not accompanied by formal statistical testing. 
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Figure 11: Observed longitudinal MRI W-score trajectories across the disease-stage 
continuum. 
Individual participant trajectories of MRI W-scores are shown over time from baseline MRI 
for hippocampal volume, AD-signature cortical thickness, and lateral ventricular volume, 
stratified by MRI-anchored clinical and amyloid-defined group (CU Aβ−, CU Aβ+, MCI Aβ+, 
dementia Aβ+). Thin blue lines represent individual participants; the orange line represents 
the descriptive group-level trend with 95% confidence band. These trajectories are 
descriptive and were not accompanied by formal statistical testing. 

Longitudinal Predictive Modeling: Baseline nfL Z-score and MRI W-score Trajectories 
In the primary CU Aβ+ cohort, baseline plasma NfL Z-score was not significantly 

associated with longitudinal change in any of the three MRI W-scores (Figure 12). The Time 

× Baseline NfL Z-score interaction was not significant for hippocampal volume (β = −0.001, 
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P = 0.975), AD-signature cortical thickness (β = −0.010, P = 0.729), or lateral ventricular 

volume (β = 0.017, P = 0.234). Although the interaction estimates were generally in the 

expected directions, their magnitudes were small, and the model-estimated trajectories did 

not provide evidence that higher baseline plasma NfL Z-scores predicted faster subsequent 

MRI change in CU Aβ+ participants. 

Within the CI Aβ+ positive-control cohort, baseline plasma NfL Z-score was also not 

significantly associated with longitudinal change in any MRI W-score (Figure 13). The Time 

× Baseline NfL Z-score interaction was not significant for hippocampal volume (β = 0.038, P 

= 0.295), AD-signature cortical thickness (β = −0.022, P = 0.628), or lateral ventricular 

volume (β = −0.031, P = 0.247). Thus, the positive-control analysis did not demonstrate 

evidence that higher baseline plasma NfL Z-scores predicted faster subsequent MRI change 

among CU Aβ+ participants. 

Similarly, in the Early AD Continuum cohort, which combined CU Aβ+ and MCI Aβ+ 

participants, baseline plasma NfL Z-score was not significantly associated with longitudinal 

change in hippocampal volume (β = 0.010, P = 0.664), AD-signature cortical thickness (β = 

−0.018, P = 0.456), or lateral ventricular volume W-score (β = 0.011, P = 0.446; Figure 14). 

Although the interaction estimates for cortical thickness and lateral ventricular volume were 

in the expected directions, none reached statistical significance. 

In the exploratory longitudinal NfL analysis, a greater annualized increase in plasma 

NfL Z-score was associated with a faster decline in hippocampal volume W-score (Time × 

NfL Z-score slope: β = −0.225, P = 0.045; Figure 15). The corresponding interaction 

estimates for AD-signature cortical thickness (β = −0.162, P = 0.201) and lateral ventricular 

volume (β = 0.115, P = 0.178) were also in the expected directions but were not statistically 

significant. After adjustment for multiple comparisons across the three MRI outcomes, the 

association with hippocampal volume did not remain significant (FDR-adjusted P = 0.135). 

Overall, a single baseline plasma NfL Z-score was not significantly associated with 

subsequent MRI W-score trajectories in the CU Aβ+, CI Aβ+, or Early AD Continuum 

cohorts. The exploratory longitudinal NfL analysis suggested that increases in plasma NfL 
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over time may be more closely related to concurrent hippocampal volume decline than a 

single baseline measurement; however, this finding did not remain significant after correction 

for multiple comparisons. 

 

Figure 12. Baseline Plasma NfL Z-score and Longitudinal MRI W-score Trajectories in 
CU Aβ+ Participants 
Model-estimated changes in hippocampal volume, AD-signature cortical thickness, and 
lateral ventricular volume W-scores are shown across selected baseline plasma NfL Z-
scores. Hippocampal trajectories largely overlapped, while modest separation was observed 
for cortical thickness and ventricular volume. However, the Time × Baseline NfL Z-score 
interaction was not significant for hippocampal volume (β = −0.001, P = 0.975), cortical 
thickness (β = −0.010, P = 0.729), or ventricular volume (β = 0.017, P = 0.234), indicating 
that baseline NfL did not significantly predict MRI W-score change in CU Aβ+ participants. 

 

Figure 13. Baseline Plasma NfL Z-score and Longitudinal MRI W-score Trajectories in 
CI Aβ+ Participants 
Model-estimated MRI W-score trajectories are shown across selected baseline plasma NfL 
Z-scores in the CI Aβ+ positive-control cohort. The directions of the estimated associations 
varied across the three MRI outcomes, and no consistent pattern of greater 
neurodegeneration at higher baseline NfL Z-scores was observed. The Time × Baseline NfL 
Z-score interaction was not significant for hippocampal volume (β = 0.038, P = 0.295), 
cortical thickness (β = −0.022, P = 0.628), or ventricular volume (β = −0.031, P = 0.247). 
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Figure 14. Baseline Plasma NfL Z-score and Longitudinal MRI W-score Trajectories in 
the Early AD Continuum 
Model-estimated MRI W-score trajectories are shown across selected baseline plasma NfL 
Z-scores in the Early AD Continuum cohort, which included CU Aβ+ and MCI Aβ+ 
participants. Higher baseline NfL Z-scores corresponded to estimated trajectories toward 
greater cortical thinning and ventricular enlargement, whereas this pattern was not observed 
for hippocampal volume. Nevertheless, the Time × Baseline NfL Z-score interaction was not 
significant for hippocampal volume (β = 0.010, P = 0.664), cortical thickness (β = −0.018, P = 
0.456), or ventricular volume (β = 0.011, P = 0.446). Clinical stage was included as a 
covariate. 

 

Figure 15. Longitudinal Plasma NfL Change and MRI W-score Trajectories in the Early AD 
Continuum 
Model-estimated MRI W-score trajectories are shown according to selected participant-
specific annualized plasma NfL Z-score slopes in the longitudinal NfL subset. Greater 
annualized increases in NfL Z-score corresponded to faster hippocampal volume decline 
and directionally greater cortical thinning and ventricular enlargement. The Time × NfL Z-
score Slope interaction was significant for hippocampal volume before multiple-comparison 
correction (β = −0.225, P = 0.045), but not for cortical thickness (β = −0.162, P = 0.201) or 
ventricular volume (β = 0.115, P = 0.178). The hippocampal association did not remain 
significant after FDR correction (PFDR = 0.135). Clinical stage was included as a covariate. 

Discussion 
This study developed individualized plasma NfL reference distributions adjusted for 
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age, BMI, and renal function and evaluated whether the resulting NfL Z-scores predicted 

longitudinal MRI-measured neurodegeneration across amyloid-positive stages of AD. 

Plasma NfL increased with age, decreased with higher BMI, and was higher among 

participants with lower eGFR. After accounting for these physiological factors, plasma NfL Z-

scores showed a graded increase from the CU Aβ− reference group to CU Aβ+, MCI Aβ+, 

and dementia Aβ+ participants, supporting the biological relevance of the normative model. 

Cross-sectional comparisons of MRI-derived measures across the same clinical and 

amyloid-defined continuum provided partial corroborating evidence. Baseline hippocampal 

volume W-scores declined significantly with advancing disease stage, whereas AD-signature 

cortical thickness and lateral ventricular volume did not differ significantly across adjacent 

stages, suggesting that hippocampal volume may have been more responsive to cross-

sectional differences in disease stage than the other two structural measures in this cohort. 

However, a single baseline plasma NfL Z-score was not significantly associated with 

subsequent change in hippocampal volume, AD-signature cortical thickness, or lateral 

ventricular volume W-score in the CU Aβ+, CI Aβ+, or Early AD Continuum cohorts. In the 

exploratory longitudinal NfL analysis, a greater annualized increase in NfL Z-score was 

associated with faster hippocampal volume decline before multiple-comparison correction, 

although this association did not remain significant after FDR adjustment. Together, these 

findings suggest that physiologically adjusted NfL Z-scores can characterize group-level 

differences in neuroaxonal injury across the AD continuum, while longitudinal NfL change 

warrants further investigation as a potentially more informative marker of ongoing structural 

neurodegeneration than a single baseline measurement. 

The observed associations of age, BMI, and eGFR with plasma NfL support the need 

to account for normal biological and systemic variation when interpreting this biomarker. 

Plasma NfL increased with age, consistent with previous evidence that NfL levels rise during 

normal aging and are associated with age-related brain changes.20 The GAMLSS reference 

curves also showed progressively greater absolute variability at older ages, particularly at 

the upper percentiles. This widening of the reference distribution indicates that a fixed 
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increase in plasma NfL does not have the same meaning across the adult age range. An NfL 

concentration considered elevated in a younger individual may fall within the expected 

distribution for an older individual, emphasizing the limitations of applying a universal 

concentration threshold. 

BMI showed an inverse association with plasma NfL, consistent with the proposed 

hemodilution effect.13,24 Individuals with higher BMI generally have a larger blood volume, 

which may reduce the measured concentration of circulating NfL without reflecting less 

neuroaxonal injury. Failure to account for BMI could therefore lead to underestimation of NfL 

abnormality in individuals with higher BMI. Renal function also influenced the estimated 

reference distributions, with lower eGFR associated with higher expected plasma NfL 

concentrations.13,23,24 Reduced renal clearance has been proposed as one possible 

contributor to the systemic accumulation of NfL or related protein fragments, producing 

higher measured concentrations independent of central nervous system pathology. Modeling 

eGFR as a continuous covariate allowed the expected NfL distribution to vary across the 

observed range of renal function without excluding participants solely on the basis of a 

clinical eGFR threshold. Collectively, these findings indicate that the same observed NfL 

concentration may represent different degrees of neuroaxonal injury depending on an 

individual’s age, BMI, and renal function. 

After physiological adjustment, plasma NfL Z-scores retained a graded increase 

across clinical and amyloid-defined stages of AD. This group-level pattern is consistent with 

increasing neuroaxonal injury across advancing disease stages and provides initial evidence 

that the normative model retained clinically meaningful biological variation. Importantly, the 

adjustment did not remove the expected differences between clinical and amyloid-defined 

groups. Nevertheless, substantial overlap remained between the distributions. Therefore, 

although the NfL Z-score provides a standardized measure of neuroaxonal injury relative to 

physiologically expected values, it should not be interpreted as an AD diagnostic measure or 

used alone to classify an individual’s clinical stage. 

In the primary longitudinal analysis, baseline plasma NfL Z-score did not significantly 
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predict MRI W-score change in CU Aβ+ participants. The interaction estimates for 

hippocampal volume, AD-signature cortical thickness, and lateral ventricular volume were 

generally in the expected directions, but their magnitudes were small and none reached 

statistical significance. These results do not provide sufficient evidence that a single 

physiologically adjusted NfL measurement can identify which cognitively unimpaired 

amyloid-positive individuals will experience faster structural neurodegeneration over the 

subsequent two to five years. Although visual separation was observed among some of the 

model-estimated trajectories, these patterns should be interpreted cautiously in the absence 

of statistically supported interactions. 

The CI Aβ+ cohort was included as a positive-control analysis because the 

relationship between neuroaxonal injury and structural neurodegeneration was expected to 

be more detectable during symptomatic disease. However, baseline NfL Z-score was also 

not significantly associated with any MRI W-score trajectory in this cohort, and the directions 

of the interaction estimates were not consistent across outcomes. This analysis was subject 

to the same methodological constraints as the CU Aβ+ cohort, including a modest sample 

size, limited repeated MRI observations, and a comparatively short follow-up window. It may 

therefore not have provided sufficient power to detect an association during symptomatic 

disease. The null positive-control result is consistent with two distinct interpretations: 

baseline NfL may not predict short-term structural change even in symptomatic AD, or the 

analysis may have lacked adequate power to detect such an association regardless of 

disease stage. The present data cannot fully distinguish between these possibilities. 

Similarly, combining CU Aβ+ and MCI Aβ+ participants into the Early AD Continuum 

increased the available sample but did not produce significant associations between 

baseline NfL Z-score and longitudinal MRI change. The absence of significant associations 

despite the larger sample suggests that the additional observations were insufficient to 

overcome other sources of variability. Combining participants across the preclinical-to-

prodromal transition may have introduced disease-stage heterogeneity in the rate and 

pattern of neurodegeneration, offsetting the statistical benefit of the larger cohort. Higher 
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baseline NfL Z-scores were accompanied by model-estimated trends toward greater cortical 

thinning and ventricular enlargement, although these interactions remained statistically 

uncertain. Collectively, the positive-control and Early AD Continuum analyses indicate that 

the CU Aβ+ null result cannot be attributed solely to a weaker neurodegenerative signal 

during the preclinical stage. 

In contrast to the baseline analyses, the exploratory longitudinal NfL analysis raised 

the possibility that within-person NfL change may be more closely related to ongoing 

structural neurodegeneration. A greater annualized increase in plasma NfL Z-score was 

associated with faster hippocampal volume W-score decline. The interaction reached 

nominal statistical significance but did not remain significant after correction for the three 

MRI outcomes. The estimated associations for AD-signature cortical thickness and lateral 

ventricular volume were also in the expected directions but were not significant. This pattern 

is consistent with previous evidence that longitudinal NfL dynamics are associated with 

neurodegeneration and clinical progression.12,22 A single NfL measurement reflects both 

stable between-person differences and neuroaxonal injury at one point in time, whereas 

repeated measurements may better identify an active increase beyond an individual’s 

previous level. Longitudinal NfL change may therefore warrant further investigation as a 

potentially more sensitive marker of ongoing disease activity than a single baseline value. 

The hippocampal finding is biologically plausible because hippocampal atrophy is an 

established structural feature of AD and may be detectable during the transition from 

preclinical to symptomatic disease. However, this result should be considered hypothesis-

generating rather than confirmatory. The longitudinal NfL subset included only 31 

participants, each contributing two or three usable NfL measurements, and the association 

did not remain significant after FDR correction. Participant-specific NfL slopes estimated 

from a small number of measurements may also be sensitive to assay variability, short-term 

physiological fluctuations, and the timing of blood collection. The result therefore suggests a 

potential relationship that warrants further investigation rather than confirming that 

longitudinal NfL change independently predicts hippocampal atrophy. 
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Several biological factors may explain why baseline NfL Z-score did not reliably 

predict subsequent MRI change. First, NfL is a sensitive but nonspecific marker of 

neuroaxonal injury.7,8 Elevated NfL may reflect AD-related neurodegeneration, but it can 

also be influenced by cerebrovascular disease, other neurological disorders, systemic 

illness, or acute neuronal injury. Consequently, an elevated NfL Z-score does not 

necessarily indicate that AD-related structural atrophy will occur during the subsequent 

observation period. Second, NfL elevation may precede MRI-detectable structural changes.2 

This may create a temporal mismatch between a single baseline NfL measurement and the 

relatively short subsequent MRI follow-up period. Some participants may have experienced 

NfL elevation before the selected baseline, whereas corresponding structural changes may 

have occurred before baseline or may emerge after the available follow-up window. Third, 

Aβ+ participants are heterogeneous in tau burden, vascular comorbidity, cognitive reserve, 

disease duration, and proximity to symptom onset. Amyloid positivity alone may therefore be 

insufficient to identify individuals undergoing active and measurable neurodegeneration 

during a particular follow-up period. 

The pattern observed in the cross-sectional MRI comparisons further contextualizes 

the exploratory longitudinal NfL result. Hippocampal volume was the only outcome to show a 

statistically significant cross-sectional gradient across disease stages, and it was also the 

only outcome for which longitudinal NfL change showed a nominally significant association. 

This convergence raises the possibility that hippocampal volume may be a particularly 

responsive structural correlate of neuroaxonal injury within this cohort and follow-up period, 

consistent with the relatively early and pronounced involvement of the hippocampus in AD-

related neurodegeneration. However, this pattern remains hypothesis-generating given the 

descriptive nature of the cross-sectional comparisons, the small dementia Aβ+ group, and 

the limited longitudinal NfL sample. 

One counterintuitive observation in the cross-sectional comparison was that CU Aβ+ 

participants showed numerically higher, or less abnormal, hippocampal volume W-scores 

than the CU Aβ− reference group, although this difference was not statistically significant (P 
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= 0.209). This pattern likely reflects the descriptive, cross-sectional nature of the comparison 

rather than a protective effect of amyloid positivity. Possible contributing factors include the 

modest and potentially selected sample of amyloid-positive individuals who remained 

cognitively unimpaired, selection effects among individuals who had not yet progressed, and 

sampling variability given the group sizes. Individuals who remain cognitively unimpaired 

despite amyloid positivity may also have greater cognitive or structural reserve. This 

observation underscores that a single cross-sectional snapshot cannot capture the trajectory 

of neurodegeneration and reinforces the importance of evaluating structural change 

longitudinally. 

The present study also has several methodological limitations. The longitudinal 

cohorts were modest in size, including 36 CU Aβ+ participants, 38 CI Aβ+ participants, and 

70 participants in the Early AD Continuum analysis. The cross-sectional disease-stage 

comparisons were also limited by small subgroup sizes, with only four participants in the 

dementia Aβ+ group. The statistically significant hippocampal volume difference between the 

MCI Aβ+ and dementia Aβ+ groups should therefore be interpreted with particular caution 

because estimates based on so few participants are highly sensitive to individual data 

points. The longitudinal NfL subset was further reduced to 31 participants. 

Most participants contributed only two MRI scans, with relatively few contributing 

three or four scans. When only two observations are available, estimated individual change 

is highly sensitive to measurement variability, and nonlinear trajectories cannot be 

evaluated. The limited number of repeated observations also reduced support for subject-

specific random slopes, resulting in simplified random-intercept models when the full 

random-effects structure produced singular fits or convergence warnings. Although mixed-

effects models retained all available observations and accounted for repeated 

measurements within participants, larger cohorts with more densely sampled MRI data 

would provide more reliable estimates of individual change and greater power to detect NfL-

associated differences in trajectories. 

The construction of the MRI W-scores should also be considered when interpreting 
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the longitudinal findings. The MRI reference models were fitted using all eligible participants 

aged 65–85 years, without restriction by clinical diagnosis or amyloid status. The resulting 

W-scores therefore represent age- and sex-adjusted deviations relative to a broad ADNI MRI 

population rather than abnormalities relative to a strictly healthy reference group. This 

approach provided a large and stable reference sample but may have reduced the contrast 

between normal and disease-related structural variation. It also introduced a scale mismatch 

between the two biomarkers under study: plasma NfL Z-scores were referenced strictly 

against a CU Aβ− population, whereas MRI W-scores were referenced against a broader, 

diagnostically heterogeneous population. This difference in reference frameworks may have 

affected the magnitude and interpretation of their estimated association independently of the 

underlying biological relationship. Future analyses should compare the current W-scores 

with those derived from a comparably defined CU Aβ− reference sample. 

In addition, ComBat-GAM was used to reduce major phase- and field-strength-

related differences while preserving age- and sex-associated variation.16 However, methods 

specifically designed for longitudinal harmonization may better account for dependence 

between repeated scans and preserve within-subject change. The exploratory longitudinal 

NfL analysis also used a two-stage procedure in which an annualized NfL Z-score slope was 

first estimated for each participant and then entered as a subject-level predictor in the MRI 

mixed-effects model. This approach does not fully account for uncertainty in the estimated 

NfL slopes, which is particularly important when slopes are based on only two or three 

measurements. Joint longitudinal models or time-varying NfL predictors may provide more 

appropriate alternatives when denser repeated measurements are available. 

Additional limitations relate to the normative model and generalizability. Although the 

healthy reference sample with complete eGFR data was sufficient for primary GAMLSS 

estimation, the 95th and 99th percentiles may be less stable because they are estimated 

from relatively few observations, particularly at the youngest and oldest ages and among 

participants with reduced renal function. The observational design also prevents causal 

interpretation of the associations. In addition, ADNI participants are not fully representative 
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of the general older population and have limited racial, ethnic, socioeconomic, and clinical 

diversity. Physiological factors affecting NfL and patterns of MRI change may differ in 

populations with a greater burden of renal, cardiovascular, or neurological comorbidities. 

External validation in larger and more diverse cohorts is therefore required before these 

reference distributions or predictive models can be considered for clinical application. 

Future studies should prioritize larger Aβ+ cohorts with more frequent and closely 

synchronized plasma NfL and MRI measurements over longer follow-up periods. Repeated 

measurements would permit more reliable estimation of biomarker and imaging trajectories 

and allow investigation of nonlinear change. With sufficient data, latent class mixed modeling 

could be used to identify subgroups with distinct patterns of structural decline and to test 

whether baseline or longitudinal NfL predicts membership in a rapid-atrophy trajectory. 

Multivariate mixed-effects models could also jointly analyze hippocampal volume, cortical 

thickness, and ventricular volume, potentially improving sensitivity by incorporating the 

correlations among these neurodegeneration measures. 

Because NfL is not specific to AD pathology, future predictive models should also 

integrate complementary biomarkers. Plasma p-tau217 could provide greater specificity for 

AD-related tau pathology,28 while plasma Aβ42/40 could characterize amyloid pathology 

and glial fibrillary acidic protein (GFAP) could reflect astrocytic activation.29 Combining 

these markers with NfL may help distinguish the presence of AD pathology from the intensity 

of ongoing neuroaxonal injury. Continuous amyloid and tau measures may also provide 

more information than binary Aβ classification. Additional factors such as APOE ε4 status, 

vascular disease burden, white-matter injury, baseline cognition, and baseline structural MRI 

abnormality could be evaluated where sample size permits. These approaches may 

ultimately provide more accurate individualized prediction than NfL alone. 

In conclusion, this study established age-, BMI-, and eGFR-adjusted plasma NfL 

reference distributions and demonstrated that the resulting Z-scores captured group-level 

increases in neuroaxonal injury across the AD continuum. However, a single baseline NfL Z-

score did not reliably predict subsequent hippocampal atrophy, AD-signature cortical 
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thinning, or ventricular enlargement in the available Aβ+ longitudinal cohorts. The 

preliminary association between longitudinal NfL increase and hippocampal volume decline 

raises the possibility that biomarker dynamics may provide information beyond a single 

measurement, although this finding requires confirmation in larger cohorts with more 

frequent repeated measurements. These results support the value of physiological 

adjustment for interpreting plasma NfL while indicating that individualized prediction of 

neurodegeneration will likely require longitudinal biomarker assessment, AD-specific 

biomarkers, and more comprehensive multimodal models. 
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