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Predicting not just if, but also when, cognitively unimpaired individuals 
are likely to develop onset of Alzheimer’s disease (AD) symptoms would 
be useful to clinical trials and, eventually, clinical practice. Although clock 
models based on amyloid and tau positron emission tomography have 
shown promise in predicting the onset of AD symptoms, a model based on 
plasma biomarkers would be more accessible. Using longitudinal plasma 
%p-tau217 (the ratio of phosphorylated to non-phosphorylated tau at 
position 217) from two independent cohorts (n = 258 and n = 345), clock 
models were used to estimate the age at plasma %p-tau217 positivity. The 
estimated age at plasma %p-tau217 positivity was associated with the age at 
onset of AD symptoms (adjusted R2 of 0.337−0.612) with a median absolute 
error of 3.0−3.7 years. Notably, the time from %p-tau217 positivity to onset 
of AD symptoms was markedly shorter in older individuals. Similar models 
were constructed with data from one p-tau217/Aβ42 immunoassay and four 
plasma p-tau217 immunoassays. These findings suggest that the time until 
onset of AD symptoms can be estimated using a single blood test within a 
margin of error that is acceptable for use in clinical trials.

AD is the most common cause of dementia and is characterized by amy-
loid plaques primarily comprised of amyloid-β 42 (Aβ42) and neurofibril-
lary tangles comprising tau1. The burden of amyloid plaques as quantified 
by amyloid positron emission tomography (PET) increases for about 
10−20 years during the preclinical phase of AD when patients are cogni-
tively unimpaired and then plateaus around the time of symptom onset2,3. 
By contrast, neurofibrillary tangles as measured by tau PET develop later 
and increase with symptom severity4,5. Although treatments for early 

symptomatic AD are now clinically available in some countries6,7, treat-
ing patients earlier during the preclinical phase of disease before major 
neurodegeneration has occurred may be more efficacious8,9. Although 
biomarkers can accurately identify individuals with AD brain pathology, 
predicting which individuals are likely to develop symptoms is more 
challenging, and novel predictive modeling approaches are needed.

Interestingly, once amyloid plaques and neurofibrillary tangles 
start to accumulate, the burden of pathology follows a remarkably 
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consistent trajectory across individuals2,10–13. These consistent trajec-
tories enable the creation of clock models that relate levels of amyloid 
or tau PET signal to time and allow for estimation of when individuals 
developed amyloid or tau PET abnormality2,11–15. Unlike general biologi-
cal aging clocks or categorical staging based on multiple biomarkers, 
clock models track disease progression with a specific biomarker, 
thereby providing granular and intuitive time-based staging1,10,13,16. 
Clock models allow alignment of trajectories to a reference point (for 
example, amyloid or tau PET positivity) that reduces heterogeneity 
compared to models using chronological age alone13,16. Furthermore, 
the age at amyloid or tau abnormality or positivity estimated by clock 
models can be used to estimate the age at AD symptom onset10,12,13,15,17. 
Knowing not just if, but also when, AD symptoms are likely to manifest 
would be very useful to clinical trials that aim to prevent or slow pro-
gression to symptomatic AD18.

Amyloid and tau PET are extremely useful tools in research and 
clinical trials but are expensive and burdensome methods with limited 
availability19. Recently developed blood-based biomarkers are much 
more accessible and less expensive20. The plasma ratio of amyloid-β 
peptide 42 to 40 (Aβ42/40) decreases very early during the preclinical 
phase of AD and then plateaus at moderate levels of amyloid plaque 
burden, resulting in poor correlations with AD symptoms13,16,21–23. How-
ever, plasma levels of tau phosphorylated at position 217 (p-tau217) 
and the ratio of phosphorylated to non-phosphorylated tau at posi-
tion 217 (referred to as %p-tau217) increase throughout the preclini-
cal and early symptomatic phases of AD13,16,22. Importantly, plasma 
measures of p-tau217 and %p-tau217 have high associations not only 
with amyloid PET22,24–28 but also with tau PET24,25,29, brain volumes23 
and cognition23,28. Although the concentration of plasma p-tau217 
was previously demonstrated to predict risk for cognitive decline and 
progression to AD dementia30,31, no published studies have used plasma 
p-tau217 or %p-tau217 to estimate when individuals will develop onset 
of AD symptoms.

In the present study, we aimed to use measurements from a single 
plasma sample to estimate not only the probability of a cognitively 
unimpaired individual with positive AD biomarkers developing AD 
symptoms but also when they would be likely to develop symptoms. 
Primary analyses were performed with the C2N Diagnostics plasma 
%p-tau217 measure because large longitudinal datasets were available 
from two cohorts: the Knight Alzheimer’s Disease Research Center 
(Knight ADRC) and the Alzheimer’s Disease Neuroimaging Initiative 
(ADNI). Plasma %p-tau217 has high accuracy in classifying amyloid 
PET, tau PET and cognitive status; this assay is a component of C2N 
Diagnostics’ clinically available PrecivityAD2 test and is used by some 
clinical trials23,25–27,32. Using longitudinal plasma %p-tau217 data, we cre-
ated clock models that related %p-tau217 values to time and enabled 
estimation of the age at %p-tau217 positivity for each individual. Two 
approaches were used to create %p-tau217 clock models: Temporal Inte-
gration of Rate Accumulation (TIRA)10,13, which integrates the inverse of 
the modeled rate of change, and Sampled Iterative Local Approxima-
tion (SILA)12,17, which uses discrete rate sampling and Euler’s method 
for numerical integration. Multiple statistical models were used to 
examine the relationships between the estimated age at %p-tau217 
positivity and the onset of AD symptoms. Secondary analyses to assess 
the generalizability of this approach across plasma biomarkers were 
performed in the ADNI cohort with the Fujirebio Lumipulse p-tau217/
Aβ42 measure that was recently cleared by the US Food and Drug 
Administration and with four commercially available p-tau217 assays: 
C2N Diagnostics, Janssen LucentAD Quanterix, ALZpath Quanterix and 
Fujirebio Lumipulse23.

Results
Development and validation of plasma %p-tau217 clock models
Data from participants with longitudinal plasma %p-tau217 measure-
ments collected at least 1 year apart were considered for potential 

inclusion in developing the clock models (Supplementary Table 1). 
When the baseline plasma %p-tau217 sample was collected, 506 indi-
viduals from the Knight ADRC cohort had a median age of 67.7 years 
(interquartile range (IQR) 61.7–72.4 years); 54.2% were female, 35.8% 
were APOE ε4 carriers and 8.5% were cognitively impaired (defined by 
Clinical Dementia Rating (CDR) > 0). Knight ADRC participants had a 
median age of 7.1 years (IQR 5.0−11.0 years) from the first to last plasma 
collection. Of these participants, 310 of 506 (61.3%) provided three or 
more plasma samples. The ADNI cohort consisted of 406 individuals 
with a median age of 72.7 years (IQR 67.9–78.0 years); 49.3% were female, 
34.2% were APOE ε4 carriers and 48.3% were cognitively impaired. ADNI 
participants had a median age of 5.0 years (IQR 4.0-6.5 years) from the 
first to last plasma collection. Of these participants, 404 of 406 (99.5%) 
provided three or more plasma samples.

The rate of change in plasma %p-tau217 as a function of the esti-
mated %p-tau217 value at the midpoint of collected samples for each 
participant was modeled with generalized additive models (GAMs) 
separately in the two cohorts (Fig. 1a,b). As was described for similar 
models using amyloid and tau PET13, intervals with relatively low vari-
ance in the rate of change (that is, below the 90th percentile) were iden-
tified. These intervals were between plasma %p-tau217 values of 0.29% 
and 10.45% for the Knight ADRC cohort and between 1.06% and 10.59% 
for the ADNI cohort (Extended Data Fig. 1a). The intersection yielded an 
interval of consistent change for plasma %p-tau217 of 1.06% to 10.45%.

For the development of clock models, the cohort was restricted 
to individuals with longitudinal data within the interval of consist-
ent change (Extended Data Table 1). The Knight ADRC clock cohort 
included 258 individuals with a median interval between first and last 
plasma %p-tau217 values of 6.5 years (IQR 3.9−9.8 years). The ADNI 
clock cohort included 345 individuals with a median interval between 
first and last plasma %p-tau217 values of 4.5 years (IQR 4.0−6.3 years). 
Plasma %p-tau217 positivity was defined as more than 4.06% to align 
with an amyloid PET Centiloid value of 20 (ref. 23). Two methods that 
have previously been used to create clock models with longitudinal 
amyloid and tau PET data were used to estimate the years from plasma 
%p-tau217 positivity: TIRA10,13 and SILA12,17. The clock models relat-
ing time to plasma %p-tau217 levels are shown for the Knight ADRC 
(Fig. 1c) and ADNI (Fig. 1d) cohorts; numerical values are provided 
in Extended Data Table 2 and can also be accessed via a web-based 
application: https://amyloid.shinyapps.io/plasma_ptau217_time/#.

Similar clock models were constructed using all longitudinal data 
(Supplementary Fig. 1). At very low %p-tau217 values (<1.06%), there 
were highly unstable TIRA time estimates in the ADNI cohort. Longi-
tudinal data from individuals with high %p-tau217 values were sparse 
(Fig. 1a,b), providing less certain clock estimates for higher values. 
Furthermore, there were rapid increases in %p-tau217 at high values 
(>10.45%) that could make time estimates unstable. These features 
provided further rationale to use clocks constructed with the restricted 
range of %p-tau217 values (1.06−10.45%).

Plasma %p-tau217 trajectories as a function of age are shown for 
individuals included in the clock models (Fig. 2a,d) and demonstrate 
considerable heterogeneity, reflecting that AD pathology begins at 
widely varying ages. The plasma %p-tau217 trajectories were then 
re-plotted by years from estimated %p-tau217 positivity (age at plasma 
collection minus the individual’s estimated age at %p-tau217 positivity) 
for each cohort and clock model (Fig. 2b,c,e,f). The trajectories then 
demonstrated increased alignment, suggesting relatively consistent 
patterns of change in plasma %p-tau217 across individuals (Supple-
mentary Video 1).

To assess model performance, the estimated age at plasma 
%p-tau217 positivity based on the clock models was compared to the 
age at observed %p-tau217 conversion, which was the average of the age 
at last negative and first positive %p-tau217 values. For TIRA models, the 
adjusted R2 was 0.733 in the Knight ADRC cohort and 0.815 in the ADNI 
cohort; for SILA models, the adjusted R2 was 0.506 in the Knight ADRC 
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cohort and 0.801 in the ADNI cohort (Extended Data Fig. 2). Addition-
ally, we performed cross-cohort comparison of the models and found 
that the estimated ages at plasma %p-tau217 positivity based on TIRA 
models implemented on either the Knight ADRC or ADNI cohorts were 
highly correlated (adjusted R2 of 0.978), and ages based on SILA models 
from the two cohorts were almost perfectly aligned (adjusted R2 of 
0.999) (Supplementary Fig. 2). The estimated ages at plasma %p-tau217 
positivity based on the TIRA or SILA models were also highly correlated 
in the Knight ADRC cohort (adjusted R2 of 0.942) but were less corre-
lated in the ADNI cohort (adjusted R2 of 0.863) (Supplementary Fig. 3). 
Overall, the clock models estimated similar ages at plasma %p-tau217 
positivity regardless of the method or cohort and were consistent with 
observed conversion ages from %p-tau217 negative to positive.

Modeling the probability of developing symptomatic AD
Cox proportional hazards models were used in the longitudinally 
assessed Knight ADRC cohort to estimate the probability of initially 
cognitively unimpaired individuals developing symptomatic AD as a 
function of age (Fig. 3a). Symptomatic AD was defined to align with the 
clinical diagnosis of symptomatic AD: cognitive impairment (CDR > 0) 
with an AD syndrome (clinical features consistent with cognitive impair-
ment caused by AD, including amnestic, logopenic aphasia, posterior 

cortical dysfunction or dysexecutive presentations1,33–35) in the context 
of biomarkers, indicating the presence of AD pathology1,35. The onset of 
AD symptoms was defined as the first clinical assessment when initially 
cognitively unimpaired (CDR = 0) individuals with positive AD bio-
markers (based on estimated %p-tau217) were found to be cognitively 
impaired (CDR > 0) with an AD syndrome. Furthermore, AD symptom 
onset was applied only to individuals who were cognitively impaired 
(CDR > 0) with an AD syndrome at their last assessment—that is, if an 
individual had transient cognitive impairment but returned to cogni-
tively unimpaired or had a non-AD diagnosis at their last assessment, the 
earlier impairment was not considered to be the onset of AD symptoms. 
To account for variable time between clinical assessments, the time of 
AD symptom onset was interval-censored between the last cognitively 
unimpaired assessment and the first symptomatic AD assessment.

Notably, the age at plasma %p-tau217 positivity dramati-
cally affected the time until AD symptom onset. For example, with 
TIRA-based estimates, participants who became plasma %p-tau217 
positive at age 60 had a median time until symptom onset of 20.5 years, 
whereas participants who became positive at age 80 had a median time 
until symptom onset of only 11.4 years (Fig. 3b). Cox models for both 
the Knight ADRC and ADNI cohorts are shown in Supplementary Fig. 4. 
The probability of symptomatic AD associated with a specific plasma 
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Fig. 1 | Creation of plasma %p-tau217 clock models. For the Knight ADRC (a) 
and ADNI (b) cohorts, each gray point represents the rate of change in plasma 
%p-tau217 for an individual as a function of the estimated %p-tau217 value at the 
midpoint of follow-up. Black solid lines represent GAMs fitting the individual 
data points, showing the predicted mean rate of change. Gray shading indicates 
95% confidence intervals around the fitted GAM curves. Red dashed vertical lines 
represent the estimated %p-tau217 value at which variance in the rate of change 
was greater than the 90th percentile of variance in rates of change for the cohort, 

which identified a range of 1.06−10.45% over which %p-tau217 had relatively 
consistent change. Clock models relating time to %p-tau217 are shown for the 
Knight ADRC (c) and ADNI (d) cohorts and were created using two approaches: 
TIRA (green) and SILA (orange). The vertical black dashed line represents the 
plasma %p-tau217 threshold of 4.06%, which aligns with an amyloid PET Centiloid 
value of 20. The horizontal black dashed line represents the estimated time that 
an individual has a %p-tau217 value of 4.06%.

http://www.nature.com/naturemedicine


Nature Medicine

Article https://doi.org/10.1038/s41591-026-04206-y

%p-tau217 value and age can be accessed via a web-based application: 
https://amyloid.shinyapps.io/plasma_ptau217_time/.

The discriminative ability of Cox models to rank individuals by 
their risk of developing symptoms was assessed with a concordance 
index (C-index), where 0.5 is random prediction, >0.7 is very good 
prediction, >0.8 is excellent prediction and 1.0 is perfect prediction. 
For the Knight ADRC cohort, the TIRA-based model yielded a boot-
strapped C-index of 0.784 (95% confidence interval: 0.720−0.843), 
and the SILA-based model had a C-index of 0.790 (95% confidence 
interval: 0.728−0.847). For the ADNI cohort, the TIRA-based model 
yielded a C-index of 0.730 (95% confidence interval: 0.622−0.834), 
and the SILA-based model had a C-index of 0.750 (95% confidence 
interval: 0.636−0.853). Additional analyses incorporating left-censored 
participants for those with cognitive impairment at study enrollment 
confirmed these associations with better discrimination and addressed 
potential survivor bias (Supplementary Fig. 5). Knight ADRC models 
achieved bootstrapped C-indexes of 0.821 (95% confidence inter-
val: 0.783−0.857) for TIRA-based models and 0.828 (95% confidence 
interval: 0.791−0.862) for SILA-based models, whereas ADNI models 
yielded C-indexes of 0.672 (95% confidence interval: 0.614−0.727) for 
TIRA-based models and 0.707 (95% confidence interval: 0.651−0.759) 
for SILA-based models.

Predicting the age of AD symptom onset
Next, the estimated age of plasma %p-tau217 positivity was used to 
model the age at onset of AD symptoms.

For the Knight ADRC cohort, models included 59 individuals using 
TIRA and 61 individuals using SILA clock models; for the ADNI cohort, 
models included 20 individuals using TIRA and 22 individuals using 
SILA (see Supplementary Table 2 for cohort characteristics). The age 
at onset of AD symptoms was moderately associated with the esti-
mated age at plasma %p-tau217 positivity for both TIRA-based (Knight 
ADRC adjusted R2 of 0.599; ADNI adjusted R2 of 0.337) and SILA-based 
(Knight ADRC adjusted R2 of 0.612; ADNI adjusted R2 of 0.470) estimates 
(Fig. 4 and Supplementary Table 3). Comprehensive model diagnostics 
confirmed the appropriateness of linear modeling across all cohort−
method combinations (Supplementary Table 4). Sensitivity analyses 
removing outliers demonstrated continued significance of the linear 
models. The estimated age at AD symptom onset associated with a spe-
cific plasma %p-tau217 value and age can be accessed via a web-based 
application: https://amyloid.shinyapps.io/plasma_ptau217_time/#. 
Consistent with findings from the Cox models, these models demon-
strated that older individuals had a much shorter interval from plasma 
%p-tau217 positivity to symptom onset (Supplementary Fig. 6).

The effects of APOE ε4 carrier status, sex and years of education 
were also examined, but these variables were either not significant 
or had minimal effects and, thus, were not included in the models 
(Supplementary Table 5). Associations between estimated age at 
plasma %p-tau217 positivity and age at symptom onset were lower when 
individuals who developed cognitive impairment before %p-tau217 
positivity were included, likely because these individuals had non-AD 
causes of cognitive impairment (Supplementary Fig. 7).
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Fig. 2 | Plasma %p-tau217 trajectories as a function of age and estimated 
years from %p-tau217 positivity. Longitudinal plasma %p-tau217 data from the 
Knight ADRC (a−c) and ADNI (d−f) cohorts are shown as a function of age (a,d) 
or estimated years from %p-tau217 positivity by TIRA (b,e) or SILA (c,f) clock 
models. Thick black lines represent the clock models shown in Fig. 1c,d;  

red lines represent individuals with at least one plasma %p-tau217 > 4.06%; and 
gray lines represent individuals with no plasma %p-tau217 > 4.06%. Horizontal 
black dashed lines represent the plasma %p-tau217 threshold of 4.06%. Vertical 
black dashed lines represent the estimated time that an individual had a 
%p-tau217 value of 4.06%.

http://www.nature.com/naturemedicine
https://amyloid.shinyapps.io/plasma_ptau217_time/
https://amyloid.shinyapps.io/plasma_ptau217_time/


Nature Medicine

Article https://doi.org/10.1038/s41591-026-04206-y

The error in models predicting the age at AD symptom onset based 
on the estimated age at plasma %p-tau217 positivity was examined 
(Extended Data Table 3). Within the same cohort, models predicting 
the age at AD symptom onset had a median absolute error (MdAE) that 
ranged from 3.0 years to 3.5 years and non-parametric concordance 
correlation coefficients (CCCs) ranging from 0.771 to 0.839 (CCC > 0.6 
is considered good and CCC > 0.8 is considered excellent). For models 
created in the Knight ADRC cohort and applied to plasma %p-tau217 
values in the ADNI cohort, there were moderate associations (adjusted 
R2 of 0.467 for TIRA and 0.463 for SILA) with an MdAE of 3.0−3.2 years 
and a CCC of 0.801−0.805. Conversely, for models created in the ADNI 
cohort and applied to plasma %p-tau217 values in the Knight ADRC 
cohort, there were also moderate associations (adjusted R2 of 0.509 
for TIRA and 0.577 for SILA) with an MdAE of 3.6−3.7 years and a CCC 
of 0.808−0.820.

Examining predicted AD symptom onset across longitudinal 
cognitive assessments
The relationship between predicted AD symptom onset and longitudi-
nal clinical diagnoses was examined. For initially cognitively unimpaired 
individuals in the Knight ADRC cohort with an estimated age at plasma 
%p-tau217 positivity by the TIRA-based model (Supplementary Table 6), 
individuals who became %p-tau217 positive at age 60 were estimated 
to develop symptomatic AD after 14.0 years, whereas individuals who 
became %p-tau217 positive at age 80 were estimated to develop symp-
tomatic AD after only 6.2 years (Figs. 4 and 5 Supplementary Table 7). 
Similar analyses were performed for individuals with an estimated 
age at plasma %p-tau217 positivity by TIRA or SILA in both the Knight 
ADRC and ADNI cohorts, including only those who were initially 
cognitively unimpaired (Supplementary Fig. 8) and all individuals 
regardless of initial cognitive status (Supplementary Tables 7–9 and 
Extended Data Fig. 3). Regardless of the clock model used to estimate 
the age at plasma %p-tau217 positivity, there was a markedly shorter 
time until symptom onset for individuals who developed %p-tau217 
positivity at older ages in both the Knight ADRC and ADNI cohorts.

Progression of initially cognitively unimpaired Knight ADRC partic-
ipants with a positive plasma %p-tau217 value to cognitive impairment, 

with either an AD or a non-AD syndrome, demonstrated wide variation 
in the time until symptom onset (Fig. 6a). Progression of individuals 
to cognitive impairment as a function of years from estimated plasma 
%p-tau217 positivity (Fig. 6b) or estimated years from symptom onset 
(Fig. 6c) is shown for TIRA-based models. Consistent with the other 
models, binning individuals by estimated age at plasma %p-tau217 
positivity demonstrates that older individuals develop symptoms 
sooner after %p-tau217 positivity (Fig. 6d,e). However, models estimat-
ing symptom onset based on age at plasma %p-tau217 adjust for this age 
effect (Fig. 6f). Similar analyses are shown for SILA-based models in the 
Knight ADRC dataset (Supplementary Fig. 9) and for TIRA-based and 
SILA-based models in the ADNI dataset (Supplementary Figs. 10 and 11).

Alignment of biological AD stages and plasma 
%p-tau217-derived measures
The alignment of the 2024 Alzheimer’s Association biological stages 
with plasma %p-tau217, years since estimated plasma %p-tau217 
positivity and estimated years from symptom onset based on plasma 
%p-tau217 were examined. Individuals with amyloid PET, tau PET and 
an estimated age at plasma %p-tau217 were classified according to 
the biological staging framework: stage A (normal biomarkers), stage 
B (AD pathologic change), stage C (AD) and stage D (advanced AD). 
As expected, all three plasma %p-tau217-derived measures increased 
with advancing biological stage (stage A, stage B, stage C and stage 
D), demonstrating that %p-tau217 captures the co-evolution of amy-
loid and tau pathologies across the AD continuum. Estimated years 
since symptom onset did not as clearly separate the biological stages 
(Extended Data Fig. 4); it is possible that biological stages may have 
different relationships with symptoms across age groups.

Development of additional plasma clocks
To assess whether clock models could be generated using other meas-
ures of plasma p-tau217, the same approach was implemented in the 
ADNI cohort with the Fujirebio Lumipulse p-tau217/Aβ42 measure 
and with four commercially available p-tau217 assays. First, variance 
analysis was used to find a range of values where the measure had a 
relatively consistent rate of change: Fujirebio Lumipulse p-tau217/Aβ42, 
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Fig. 3 | Probability of remaining cognitively unimpaired from AD is related to 
age at plasma %p-tau217 positivity. For individuals in the Knight ADRC  
cohort who were cognitively unimpaired at baseline, a Cox model evaluated  
the probability of remaining cognitively unimpaired from AD as a function  

of age, stratified by the age at %p-tau217 positivity based on TIRA (a). The 
estimated time from %p-tau217 positivity until 50% of individuals would be 
expected to have symptomatic AD is shown as a function of estimated age at 
%p-tau217 positivity (b).
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0.00−0.02; Janssen LucentAD Quanterix p-tau217, 0.01−0.16 pg ml−1; 
ALZpath Quanterix p-tau217, 0.10−1.11 pg ml−1; C2N Diagnostics Precivi-
tyAD2 p-tau217, 0.72−7.99 pg ml−1; and Fujirebio Lumipulse p-tau217, 
0.02−0.51 pg ml−1 (Extended Data Fig. 1b−e). Previously published posi-
tivity thresholds that align with amyloid PET Centiloid 20 were used for 
the p-tau217 measures23; using the same methodology, the threshold for 
Fujirebio Lumipulse p-tau217/Aβ42 was 0.00631. Next, TIRA and SILA 
were implemented to create clock models that related time from plasma 
positivity. Plasma trajectories by age or estimated years from positiv-
ity are shown for each plasma measure (Extended Data Figs. 5−7 and 
Supplementary Figs. 12 and 13). Dynamic visualizations of trajectory 
alignment for each assay are provided in Supplementary Videos 2−6.

The associations between age at symptom onset and age at plasma 
positivity were examined: Fujirebio Lumipulse p-tau217/Aβ42, TIRA 
adjusted R2 of 0.276 and SILA adjusted R2 of 0.584 (Extended Data Fig. 5); 
Janssen LucentAD Quanterix p-tau217, TIRA adjusted R2 of 0.041 and 
SILA adjusted R2 of 0.211 (Extended Data Fig. 6); ALZpath Quanterix 
p-tau217, TIRA adjusted R2 of 0.082 and SILA adjusted R2 of 0.258 
(Extended Data Fig. 7); C2N Diagnostics p-tau217, TIRA adjusted R2 of 
0.084 and SILA adjusted R2 of 0.301 (Supplementary Fig. 12); and Fujire-
bio Lumipulse p-tau217, TIRA adjusted R2 of 0.239 and SILA adjusted R2 
of 0.450 (Supplementary Fig. 13).

Discussion
In this study, we demonstrated that clock modeling methods can 
be used to estimate the age at plasma %p-tau217 positivity and align 
%p-tau217 trajectories, revealing a relatively consistent change across 
individuals in %p-tau217 during the preclinical and early symptomatic 
phase of AD. Furthermore, the estimated age at plasma %p-tau217 
positivity was associated with the age at AD symptom onset, enabling 
prediction of the age at AD symptom onset with a single %p-tau217 
value. We found similar results with plasma p-tau217/Aβ42 and p-tau217 
measured by immunoassays, demonstrating the generalizability of our 
approach across different blood biomarker tests.

The estimated years until AD symptom onset based on plasma 
%p-tau217 had an MdAE of 3−4 years, which would limit its utility for 

individual decision-making, but it could still be useful for group-level 
studies. Clock models could improve selection of participants  
for clinical trials who are more likely to develop symptoms within 
the trial period, increasing statistical power and reducing the time  
needed to demonstrate treatment efficacy. The variance in age at 
AD symptom onset explained by estimated age at %p-tau217 positiv-
ity ranges from 0.337 to 0.599, which is similar to that explained by 
parental age at onset for autosomal dominant Alzheimer’s disease 
(ADAD) (R2 = 0.384 (ref. 36)). The relatively predictable age at symp-
tom onset has been a major advantage of performing clinical trials in 
ADAD cohorts3,37.

It is possible that clock models incorporating plasma %p-tau217 
or p-tau217 with other biomarkers, such as eMTBR-tau243 (ref. 38) or 
biomarkers of cerebrovascular disease39, may enable greater precision 
in estimating time until AD symptom onset. Future investigations could 
also explore continuous cognitive measures that identify subtle cog-
nitive changes that occur before the threshold for clinical diagnosis. 
More precise models may decrease the error in the estimated years 
until AD symptom onset to a level that it becomes relevant for indi-
vidual decision-making, which could have considerable clinical and 
ethical implications40. AD biomarker testing of cognitively unimpaired 
individuals is currently not recommended outside of research studies 
or clinical trials due to uncertain benefits and potential risks19,41–43, and 
we discourage individuals from using these models to determine their 
personal estimated age at AD symptom onset.

Notably, we found that older individuals have a markedly shorter 
time until AD symptom onset after developing plasma %p-tau217 
positivity. This is consistent with our previous work predicting symp-
tom onset with amyloid PET10, where we found that older individuals 
developed symptoms at a lower amyloid PET burden. Age-related 
brain changes, including age-related increases in the prevalence of 
co-pathologies that affect the relationships between clinical symp-
toms and AD pathology44, may underlie this effect. As age increases, 
co-pathologies become more common and may further complicate the 
interpretation of %p-tau217 levels in older individuals. This finding has 
major implications for clinical trials: individuals with the same plasma 

y = 0.61x + 37.41
Adjusted R2 = 0.599
Spearman's ρ = 0.752
N = 59

y = 0.39x + 54.21
Adjusted R2 = 0.337
Spearman's ρ = 0.522
N = 20

Dataset

Knight ADRC
ADNI

70

80

90

100

Ag
e 

at
 s

ym
pt

om
 o

ns
et

 (y
ea

rs
)

60 70 80 90

Estimated age at plasma %p-tau217 positivity (years)

a

y = 0.64x + 35.29
Adjusted R2 = 0.612
Spearman's ρ = 0.765
N = 61

y = 0.54x + 41.25
Adjusted R2 = 0.470
Spearman's ρ = 0.673
N = 22

Dataset

Knight ADRC
ADNI

70

80

90

100

Ag
e 

at
 s

ym
pt

om
 o

ns
et

 (y
ea

rs
)

60 70 80 90

Estimated age at plasma %p-tau217 positivity (years)

bTIRA SILA

Fig. 4 | Models for age at symptom onset based on estimated age at plasma 
%p-tau217 positivity. Individuals were included who were initially cognitively 
unimpaired but had a typical AD syndrome at their last assessment and 
developed symptoms after estimated plasma %p-tau217 positivity. Age 
at %p-tau217 positivity was estimated using TIRA (a) or SILA (b) models in 
the Knight ADRC (green points) or ADNI (black points) cohorts. Each point 

represents an individual participant. Linear regression lines represent the 
predicted mean age at symptom onset for each dataset, with shaded bands 
indicating 95% confidence intervals around the regression lines (green shading 
for Knight ADRC data and gray shading for ADNI data). Linear regression 
equations, adjusted R2 values, Spearman’s correlation coefficients (ρ) and sample 
sizes (N) are shown for each cohort.
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%p-tau217 values likely have very different risks of developing cognitive 
impairment over a 3−5-year period depending on their age. Although 
statistical models typically include age as a covariate, the relationship 
between plasma %p-tau217 levels and symptom onset is complex and 
may not be well captured by linear or nonlinear models, although 
age-stratified analyses may be helpful. Nonlinear mixed-effects mod-
els characterize population-level trajectories with individual random 
effects, but clock models explicitly convert biomarker levels into 
individualized estimates that are intuitive (for example, years since 
biomarker positivity) and may reveal important findings such as the 
marked effect of age at plasma %p-tau217 positivity on the age at AD 
symptom onset.

Although our clock models use the single biomarker %p-tau217, 
its strong associations with amyloid and tau PET effectively integrate 
the pathological processes of amyloid plaques and neurofibrillary 
tangles into the models. Notably, %p-tau217 dynamics likely capture 
the intertwined progression of both amyloid and tau pathology. Fur-
thermore, the shorter interval from %p-tau217 positivity to symptom 
onset observed in older individuals may, in part, reflect the influence of 
age-related co-pathologies, such as cerebrovascular disease and other 
neurodegenerative diseases44. Recognizing the impact of these addi-
tional pathologies is crucial, as they may modify clinical trajectories 
beyond the core AD pathology. Future work incorporating complemen-
tary biomarkers of amyloid, tau and other pathologies will be important 
for improving the accuracy and applicability of these models.

The %p-tau217 clock models were created by implementing two 
different mathematical approaches in the single-site Knight ADRC 
cohort and the multicenter ADNI cohort. Knight ADRC participants 
were younger, had a much lower rate of cognitive impairment at 
baseline and were more likely to be APOE ε4 carriers. Despite these 
differences, the TIRA and SILA models generally were aligned, and 
neither was clearly superior, indicating the robustness of the clock 
concept for modeling years until AD symptom onset. Still, there were 
some differences, such as TIRA estimating longer periods compared 
to SILA, particularly in the ADNI cohort. These findings suggest that 
it may be helpful to implement multiple approaches when develop-
ing clocks and to rigorously evaluate the model fit. We have shared 
code for the TIRA method (the code for the SILA method is already 
publicly available from the Betthauser laboratory at the University of 
Wisconsin), which will facilitate testing of these modeling approaches 
in additional cohorts and using other measures. We encourage inter-
ested investigators to further refine these and other approaches to 
improve prediction of AD symptom onset. We also recommend that 
clinical trialists use this code and data to create models tailored to 
their specific goals—for example, determining p-tau217 values for 
specific age groups that identify individuals at high risk of developing 
AD symptom onset within 3 years.

Despite these promising findings, our approach has limitations. 
The clock models can only be used for values over which there is a 
consistent change in %p-tau217 (values between 1.06% and 10.45%). 
Values outside this range, such as a %p-tau217 of 12%, cannot be used 
to estimate years until AD symptom onset, although individuals with 
very high %p-tau217 values are likely at very high risk for developing 
symptomatic AD. Similarly, very low %p-tau217 values suggest a low 
likelihood of developing symptomatic AD for many years, but pre-
cise estimates of years until AD symptom onset cannot be made. Our 
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Fig. 5 | Clinical diagnosis as a function of estimated age at plasma %p-tau217 
positivity and years from %p-tau217 positivity. For initially cognitively 
unimpaired individuals in the Knight ADRC cohort, the age at plasma %p-tau217 
positivity was estimated using the TIRA clock model. Each row represents the 
longitudinal clinical diagnoses for one individual by estimated years from 
%p-tau217 positivity (x axis). Individuals are sorted vertically by estimated age 
at %p-tau217 positivity (y axis). The point color denotes the clinical diagnosis: 
blue represents cognitively unimpaired at the assessment; red (AD syndrome/
biomarker positive) represents cognitively impaired at the assessment and a 
diagnosis of symptomatic AD at their last assessment with symptoms starting 
after %p-tau217 positivity; purple (AD syndrome/biomarker negative) represents 
cognitively impaired at the assessment and a diagnosis of symptomatic AD 
at their last assessment with symptoms starting before %p-tau217 positivity; 
and orange (non-AD syndrome) represents cognitively impaired and a non-AD 
diagnosis at their last assessment. The vertical dashed line at 0 represents the 
estimated time of %p-tau217 positivity. The brown line represents the estimated 
relationship between %p-tau217 positivity age and estimated symptom onset 
based on the Knight ADRC model in Fig. 4a.
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analysis focused on participants with plasma %p-tau217 values within 
the interval of consistent change, which increases model reliability 
but may limit generalizability to individuals with values outside this 
range. Symptomatic AD was defined as cognitive impairment with an 
AD syndrome in the context of an estimated positive %p-tau217 value. 
The threshold for %p-tau217 positivity corresponds to an amyloid PET 
Centiloid value of 20, below which very few individuals have symptoms 
due to AD23,45, making it unlikely that individuals with an estimated 
negative %p-tau217 value have cognitive impairment due to AD pathol-
ogy. However, occasional individuals may have discrepant %p-tau217 
values. Notably, results were also shown for individuals with an AD 
syndrome with an estimated negative %p-tau217 value and those with 
non-AD dementia syndromes. Interpretation of estimates for smaller 
subgroups or those with mixed clinical presentations may be affected 
by limited sample sizes and co-pathologies.

Additional limitations include that participants in the study had a 
variety of clinical diagnoses that were grouped together for analyses, 
and the models do not reflect the full complexity of clinical symptoms. 
Participants in the study largely identified as non-Hispanic White, 
which may limit the generalizability of these models to other groups, 
especially groups with different rates of non-AD co-pathologies. Fur-
thermore, like other longitudinal aging studies, our analysis did not 
explicitly model participant dropout or death, which could intro-
duce survival bias if individuals who develop more rapid cognitive 
decline are more likely to discontinue participation. This potential 
for survival bias is an important consideration when interpreting our 

results, as it may lead to underestimation of decline among the most 
vulnerable individuals.

In conclusion, our study demonstrates that a single plasma 
%p-tau217 value can be used to estimate years from onset of AD symp-
toms with an MdAE of 3−4 years. Models with this level of precision 
may assist in selecting participants for clinical trials targeting certain 
phases of preclinical AD. Further refinement of these models could 
potentially improve predictions, enabling shorter clinical trials and 
possible relevance for individual decision-making.
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Methods
Study participants
The STROBE requirements for an observational study were followed. 
Research participants were included who had been enrolled in previ-
ously described studies of memory and aging at the Knight ADRC16 or 
the ADNI13. Both cohorts consisted of community-dwelling older adults, 
including participants with and without cognitive impairment, who 
were followed longitudinally with standardized clinical and biomarker 
assessments. Sex was self-reported by participants in both cohorts. The 
Knight ADRC cohort is focused on longitudinal characterization of pre-
clinical AD and the transition to symptomatic AD. ADNI was initiated in 
2003 and represents a collaborative effort between public and private 
sectors, with Michael W. Weiner serving as the principal investigator 
(https://adni.loni.usc.edu/). The primary goal of the ADNI has been to 
test whether serial imaging scans, other biological markers and clinical 
and neuropsychological assessment can be combined to measure the 
progression of early AD.

All protocols were approved by the Washington University in  
St. Louis institutional review board (Human Research Protection Office) 
and by the local institutional review boards at each participating ADNI 
site. Written informed consent was obtained from every participant or, 
when appropriate, from a legally authorized representative.

Plasma biomarkers
Plasma was collected as previously described in the Knight ADRC16 and 
ADNI46,47 cohorts. Plasma %p-tau217 was measured by C2N Diagnostics 
with a liquid chromatography−mass spectrometry (LC−MS)-based 
assay32. The plasma %p-tau217 measure was calculated as p-tau217 
concentration divided by non-phosphorylated tau217 concentration 
times 100 and is also described as the percent phosphorylation occu-
pancy27. The Fujirebio Lumipulse G assay for p-tau217 and Aβ42 was run 
in singlicate with research-use-only commercially available kits on a 
Fujirebio Lumipulse G1200 analyzer at the Indiana University National 
Centralized Repository for Alzheimer’s Disease and Related Dementias 
Biomarker Assay Laboratory (NCRAD-BAL)23. The Janssen LucentAD 
Quanterix and ALZpath Quanterix p-tau217 assays were run in dupli-
cate on a Quanterix Simoa-HD-X analyzer at the Quanterix Accelerator 
Laboratory. Additional details are included in the study methodology 
report, available in the ADNI database (https://adni.loni.usc.edu/).

Clinical and cognitive assessments
Participants underwent clinical assessments that included a detailed 
interview with a collateral source, a neurological examination of the 
participant and the CDR48. Individuals with CDR = 0 were categorized 
as ‘cognitively unimpaired’. Individuals with CDR > 0 were categorized 
as ‘cognitively impaired’; this group includes individuals with mild 
cognitive impairment and dementia. Individuals with clinical features 
consistent with cognitive impairment caused by AD (for example, 
most commonly, insidious onset, slowly progressive decline and early 
amnestic impairment but also including logopenic aphasia, posterior 
cortical dysfunction or dysexecutive presentations) were considered 
to have an AD syndrome1,33–35. Individuals with a primary clinical diag-
nosis that did not include AD (such as Parkinson disease dementia and 
vascular dementia) were considered to have a non-AD syndrome. The 
assessment of clinical syndrome was made by experienced clinicians 
who were blinded to biomarker results, and determinations were based 
solely on clinical presentation and established diagnostic criteria and 
were recorded as the primary clinical diagnosis1,33–35.

Symptomatic AD was defined to align with the established guide-
lines for clinical diagnosis of symptomatic AD: cognitive impairment 
with an AD syndrome in the context of biomarkers, indicating the pres-
ence of AD pathology1,35. The onset of AD symptoms was defined as the 
first clinical assessment when initially cognitively unimpaired individu-
als with positive AD biomarkers (based on estimated %p-tau217) were 
found to be cognitively impaired with an AD syndrome. Furthermore, 

AD symptom onset was applied only to individuals who were cogni-
tively impaired with an AD syndrome at their last assessment—that is, 
if an individual had transient cognitive impairment but returned to 
cognitively unimpaired or had a non-AD diagnosis at their last assess-
ment, the earlier impairment was not considered to be the onset of 
AD symptoms.

For longitudinal visualization and analysis, participants were 
categorized based on their cognitive status at each assessment and 
final diagnostic outcome relative to estimated %p-tau217 positivity 
timing: (1) cognitively unimpaired at the assessment; (2) AD syndrome/
biomarker positive: cognitively impaired at the assessment with a 
diagnosis of symptomatic AD at their last assessment and symptoms 
starting after %p-tau217 positivity; (3) AD syndrome/biomarker nega-
tive: cognitively impaired at the assessment with a diagnosis of symp-
tomatic AD at their last assessment but symptoms starting before 
%p-tau217 positivity; and (4) non-AD syndrome: cognitively impaired 
with a non-AD diagnosis at their last assessment.

Amyloid and tau PET imaging
Amyloid and tau PET imaging was conducted as previously described23. 
A mesial-temporal meta-region of interest (ROI) that included the 
entorhinal, parahippocampal and amygdala regions was used to assess 
early tau pathology (Tearly) with a corresponding positivity threshold of 
1.328 standardized uptake value ratio (SUVR) derived from Gaussian 
mixture modeling using the mean plus 2 s.d. of the first component23. 
A temporo-parietal meta-ROI that included the superior temporal, 
cuneus, inferior-superior parietal, inferior-middle-superior temporal, 
isthmus cingulate, lateral occipital, lingual, posterior cingulate, pre-
cuneus and superior marginal was used to assess late tau pathology 
(Tlate) with a corresponding positivity threshold of 1.224 SUVR, using 
a similar approach for identifying the threshold.

Cohorts
For analysis of variance in the rate of change in plasma %p-tau217, 
participants were included who had two or more %p-tau217 values at 
least 1 year apart. For development of clock models, the cohort was 
restricted to individuals who had two or more plasma %p-tau217 values 
between 1.06% and 10.45% at least 1 year apart. For models of age at AD 
symptom onset, individuals were included who were (1) initially cog-
nitively unimpaired (CDR = 0), (2) subsequently developed cognitive 
impairment (CDR > 0) with an AD syndrome after estimated plasma 
%p-tau217 positivity and (3) were cognitively impaired (CDR > 0) with 
an AD syndrome at their last assessment. For visualization of predicted 
AD symptom onset as a function of estimated age at plasma %p-tau217 
positivity, all individuals or individuals who were cognitively unim-
paired at baseline were included.

Statistical analysis
Development and validation of plasma %p-tau217 clock models. 
Clock models refer to mathematical transformations that convert 
biomarker levels (for example, plasma %p-tau217) into disease time 
(estimated years since biomarker positivity), enabling temporal 
staging of AD pathology progression. This approach first identifies 
periods of consistent biomarker change and then aligns data relative 
to time since estimated biomarker positivity rather than chrono-
logical age, which complements traditional longitudinal modeling 
methods. This terminology should be distinguished from general 
biological aging clocks. Our clock models are developed using the 
single biomarker %p-tau217, which reflects pathological processes 
of both amyloid plaques and neurofibrillary tangles23. Although 
these pathologies typically evolve jointly during the progression 
of AD, our approach does not explicitly model their joint evolution. 
Instead, by leveraging the strong associations of %p-tau217 with both 
amyloid and tau PET, our models may capture an integrated measure 
of disease progression.
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The rate of change in plasma %p-tau217 as a function of the esti-
mated %p-tau217 value at the midpoint was modeled with GAMs as pre-
viously described13. To determine the range of plasma %p-tau217 values 
over which rates of change were consistent, we quantified prediction 
uncertainty using squared standard errors from GAMs, which represent 
the variance of model-estimated rates. As was previously described for 
models using amyloid and tau PET13, intervals with variance in rates of 
change below the 90th percentile were identified. Plasma %p-tau217 
values within the interval of consistent change were used for develop-
ing clock models.

The TIRA approach estimates individual plasma %p-tau217 rates 
of change using linear mixed-effects modeling with random slopes and 
intercepts10,16. The rates of change are used in GAMs with cubic splines 
to characterize nonlinear relationships between the rates of change 
and plasma %p-tau217 levels at the estimated midpoint of follow-up. 
The inverse of the modeled rate of change is integrated to derive the 
time between plasma %p-tau217 values.

The SILA algorithm models longitudinal biomarker trajecto-
ries through discrete rate sampling and numerical integration17. The 
method estimates the first-order relationship between biomarker 
accumulation rate and biomarker levels by sampling rates across evenly 
distributed values and then applies Euler’s method to numerically 
integrate this relationship into a non-parametric biomarker versus 
time curve.

Both clocks were centered so that time zero was a plasma %p-tau217 
value of 4.06%, which aligns with an amyloid PET Centiloid value of 20 
(ref. 23). To obtain an estimated age of plasma %p-tau217 positivity, 
participants with at least one %p-tau217 value between 1.06% and 10.45% 
were included. The plasma %p-tau217 clocks were used to calculate an 
individual’s estimated age of %p-tau217 positivity by subtracting the 
%p-tau217 time from the age at the plasma collection. For example, if 
an 80-year-old person had a plasma %p-tau217 value of 7.06%, which 
corresponds to 8.8 years from %p-tau217 positivity (based on the Knight 
ADRC TIRA clock), their estimated age at %p-tau217 positivity would be 
71.2 years (80 years minus 8.8 years). For individuals with more than 
one plasma %p-tau217 value, their estimated age at %p-tau217 positivity 
was an average of estimates from all plasma samples.

Scatter plots were generated with data points being color coded by 
cohort for visualization, to assess the concordance of estimated ages 
of plasma %p-tau217 positivity between different clock models (TIRA 
and SILA) and across cohorts (Knight ADRC and ADNI). Associations 
were evaluated using metrics of adjusted R2, Spearman’s r and CCC.

Modeling the probability of developing symptomatic AD. The onset 
of AD symptoms was defined as the first clinical assessment when 
initially cognitively unimpaired (CDR = 0) individuals with positive 
AD biomarkers (based on %p-tau217) were found to be cognitively 
impaired (CDR > 0) with an AD clinical syndrome. For participants who 
were cognitively normal at baseline, we used interval-censored and 
right-censored Cox proportional hazards regression models to exam-
ine the association between estimated age at plasma %p-tau217 positiv-
ity and time to cognitive impairment, accounting for the uncertainty 
in exact onset timing inherent in longitudinal studies. For participants 
who remained cognitively unimpaired throughout follow-up, survival 
times were right-censored at their last assessment age. To account for 
variable time between assessments, the time of AD symptom onset was 
interval-censored between the last cognitively unimpaired assessment 
and the first symptomatic AD assessment. In a sensitivity analysis, 
participants with cognitive impairment at baseline were included in 
the models and were left-censored. The models were fitted using the 
icenReg package in R with semi-parametric baseline hazard estima-
tion. Bootstrap resampling (n = 5,000 samples) was performed to 
obtain robust standard errors and confidence intervals. Model dis-
crimination was assessed using C-indexes calculated specifically for 
interval-censored data. Survival curves were generated to visualize 

the probability of remaining cognitively unimpaired across different 
estimated plasma %p-tau217 positivity age groups. Survival models 
treated estimated age at %p-tau217 positivity as a fixed covariate from 
the clock model estimation.

Estimating the age of AD symptom onset. For individuals with AD 
symptom onset after plasma %p-tau217 positivity, linear models 
estimated AD symptom onset as a function of the estimated age of 
%p-tau217 positivity. Sensitivity analyses included individuals with 
AD symptom onset prior to plasma %p-tau217 positivity. Sex, years of 
education and APOE ε4 carrier status were considered as covariates 
in the models but not included in the final models due to not being 
significant predictors. Model diagnostics were conducted to ensure 
the appropriateness of linear modeling. Normality of residuals was 
assessed using Shapiro−Wilk tests; homoscedasticity was evaluated 
using Breusch−Pagan tests; and linearity was confirmed through 
Akaike information criterion (AIC)-based model comparison and 
F-tests comparing linear, quadratic and cubic polynomial specifica-
tions. Sensitivity analyses were performed by refitting models after 
excluding observations with Cook’s distance > 4/n to assess model 
robustness to influential points.

Participant data were visualized as raster plots with estimated age 
at plasma %p-tau217 positivity on the y axis and estimated years from 
%p-tau217 positivity on the x axis, with participants ordered by their 
estimated positivity age and color coded by clinical diagnosis category 
to illustrate the temporal relationship between estimated %p-tau217 
positivity and symptom onset. The estimated age at symptom onset 
from the linear models was overlaid on the plots to aid visualization 
of how the timing of symptom onset varies as a function of estimated 
years since plasma %p-tau217 positivity.

Examining predicted AD symptom onset across longitudinal cog-
nitive assessments. To examine cognitive impairment risk across 
different temporal frameworks, we used Kaplan−Meier curves with dif-
ferent timelines. The primary analysis used time from baseline plasma 
%p-tau217 collection to onset of cognitive impairment. We also used 
estimated years from plasma %p-tau217 positivity and estimated years 
from predicted symptom onset, where predicted symptom onset age 
was calculated using the linear models described above. Kaplan−Meier 
curves were combined with density plots showing the distribution 
of observed events to visualize both survival probabilities and the 
timing of actual cognitive impairment for each outcome. For each 
timescale, we binned participants by age at estimated %p-tau217 posi-
tivity (<70 years, 70−80 years and ≥80 years) to assess age-dependent 
risk patterns.

Alignment of biological AD stages and plasma %p-tau217-derived 
measures. Statistical comparisons were performed to evaluate differ-
ences in plasma %p-tau217 levels and estimated years from %p-tau217 
positivity across the four 2024 Alzheimer’s Association biological 
stages: stage A (normal biomarkers; equivalent to A−Tearly−Tlate−), stage 
B (AD pathologic change; equivalent to A+Tearly−Tlate−), stage C (AD; 
equivalent to A+Tearly+Tlate−) and stage D (advanced AD; equivalent to 
A+Tearly+Tlate+). Pairwise comparisons between all groups were con-
ducted using non-parametric Conover−Iman tests with Benjamini−
Hochberg adjustment for multiple comparisons.

Development of additional plasma clocks. The same methodology 
for developing clocks was implemented using Fujirebio Lumipulse 
p-tau217/Aβ42 and p-tau217, C2N Diagnostics p-tau217, Janssen Lucen-
tAD Quanterix p-tau217 and ALZpath Quanterix p-tau217. Thresh-
olds for each were obtained from previously work23. Thresholds were 
2.34 pg ml−1 for C2N Diagnostics p-tau217, 0.158 pg ml−1 for Fujirebio 
Lumipulse p-tau217, 0.0615 pg ml−1 for Janssen LucentAD Quanterix 
p-tau217 and 0.444 pg ml−1 for ALZpath Quanterix p-tau217.
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Software used. R version 4.4.1 was used for all analyses except SILA 
models, which used MATLAB 2024b. Data manipulation and visualiza-
tion were performed using the ‘tidyverse’ package for core data han-
dling. Statistical annotations and advanced plot arrangements used the 
‘ggpubr’ package. Publication-ready plot themes were achieved using 
the ‘cowplot’ package. Multiple plots were combined and arranged 
using the ‘patchwork’ package. Specialized distribution visualization 
was implemented using the ‘ggdist’ package. Project management 
utilities included the ‘here’ package for project-relative file path man-
agement and the ‘conflicted’ package for function conflict resolution. 
Parallel computing support was enabled by the ‘doParallel’ package to 
enhance computational efficiency.

Statistical modeling employed several specialized packages. Lin-
ear mixed-effects modeling was conducted using the ‘nlme’ package. 
Generalized additive modeling was implemented using the ‘mgcv’ pack-
age. Interval-censored regression modeling was implemented using the 
‘icenReg’ package. CCC analysis was conducted using the ‘DescTools’ 
package. Survival analysis used the ‘survival’ package with advanced 
survival plotting provided by the ‘survminer’ package. Statistical tests 
and post hoc comparisons were performed with the ‘rstatix’ package.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The data that support the findings of this study are not publicly avail-
able due to privacy restrictions and participant consent agreements 
that require controlled access to protect research participant confi-
dentiality. Data from the Knight ADRC can be requested by qualified 
investigators (https://knightadrc.wustl.edu/professionals-clinicians/
request-center-resources/). Data from the ADNI can be requested via 
the LONI website (https://adni.loni.usc.edu/).

Code availability
Code developed by the authors for this study is available for download 
from GitHub: https://github.com/WashUFluidBiomarkers/plasma_
ptau217_time. Code for implementing the SILA algorithm is available 
at https://github.com/Betthauser-Neuro-Lab/SILA-AD-Biomarker.
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Extended Data Fig. 1 | Variance analysis for plasma p-tau217 biomarkers 
identifies intervals of consistent change. Variance analysis was performed to 
identify biomarker ranges with relatively consistent rates of change (below the 
90th percentile) for five plasma p-tau217 assays: C2N PrecivityAD2 %p-tau217 
(A), Fujirebio Lumipulse p-tau217/Aβ42 (B), Fujirebio Lumipulse p-tau217 (C), 
ALZpath Quanterix p-tau217 (D), and Janssen LucentAD Quanterix p-tau217 (E). 
The rate of change in each biomarker was modeled using Generalized Additive 

Models (GAMs), and variance in the rate of change was calculated across 
biomarker values. Red dashed vertical lines mark the boundaries of intervals 
where variance in rates of change was below the 90th percentile, defining the 
biomarker ranges suitable for clock model development. Blue points indicate 
intervals with variance below the 90th percentile; red points indicate intervals 
with variance above the 90th percentile.
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Extended Data Fig. 2 | Relationship between estimated age at plasma 
%p-tau217 positivity and age of observed conversion to %p-tau217 positive. 
The estimated age at plasma %p-tau217 positivity based on clock models is shown 
as a function of the observed conversion age, which is the average of the age 
at last negative and first positive %p-tau217. Clock models in the Knight ADRC 

(A, B) and ADNI cohorts (C, D) were created with the TIRA (A, C) and SILA (B, D) 
approaches. Each point represents an individual participant. Blue lines represent 
linear regression fits, and gray shaded bands represent 95% confidence intervals 
for the regression line. Adjusted R² and Spearman correlation coefficients (ρ) are 
shown for each model.
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Extended Data Fig. 3 | See next page for caption.
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Extended Data Fig. 3 | Clinical diagnosis as a function of estimated age 
at plasma %p-tau217 positivity and years from %p-tau217 positivity. For 
individuals in the Knight ADRC (A, B) and ADNI (C, D) cohorts, age at plasma 
%p-tau217 positivity was estimated using either the TIRA (A, C) or SILA  
(B, D) models. Each row represents the longitudinal clinical diagnoses for one 
individual by estimated years from %p-tau217 positivity (x-axis). Individuals 
are sorted vertically by estimated age at %p-tau217 positivity (y-axis). The point 
color denotes the clinical diagnosis: blue was cognitively unimpaired at the 
assessment; red (AD syndrome/biomarker positive) was cognitively impaired at 

the assessment and had a diagnosis of symptomatic AD at their last assessment 
with symptoms starting after %p-tau217 positivity; purple (AD syndrome/
biomarker negative) was cognitively impaired at the assessment and had a 
diagnosis of symptomatic AD at their last assessment with symptoms starting 
before %p-tau217 positivity; orange (non-AD syndrome) was cognitively impaired 
and had a non-AD diagnosis at their last assessment. Vertical dashed lines at  
0 represent the estimated time of %p-tau217 positivity. Brown lines indicate the 
relationship between %p-tau217 positivity age and estimated symptom onset 
based on the Knight ADRC models in Fig. 4.
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Extended Data Fig. 4 | Plasma %p-tau217 level, estimated years since %p-tau217 
positivity, and years since estimated symptom onset across Alzheimer’s 
Association biological stages. Using data from ADNI, raincloud plots show 
plasma %p-tau217 levels (A), estimated years since %p-tau217 positivity by TIRA 
(B) and SILA (C), and years since estimated symptom onset by TIRA (D) and SILA 
(E) stratified by the 2024 Alzheimer’s Association biological staging framework: 
Stage A (normal biomarkers), Stage B (Alzheimer’s disease pathologic change), 
Stage C (Alzheimer’s disease), and Stage D (advanced Alzheimer’s disease). 
The n values provided for each group indicate the number of individual human 
participants included in that biological stage; each participant contributes 

one data point to the analysis. Raincloud plots display individual data points, 
probability distributions (violin plots), and box plots where the box represents 
the interquartile range (25th to 75th percentile), the center line represents the 
median, and whiskers extend to the minimum and maximum values within 1.5× 
the interquartile range; points beyond whiskers represent outliers. Group means 
with 95% confidence intervals are shown. Statistical comparisons between all 
biological stages were conducted using two-sided non-parametric Conover-Iman 
tests with Benjamini-Hochberg adjustment for multiple comparisons. Significant 
group differences are indicated by asterisks (*p < 0.05, **p < 0.01, ***p < 0.001).
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Extended Data Fig. 5 | Fujirebio Diagnostics’ Lumipulse plasma p-tau217/Aβ42 
clock and symptom onset models based on estimated years from p-tau217/
Aβ42 positivity. Longitudinal plasma p-tau217/Aβ42 data from ADNI is shown 
as a function of age (A) or estimated years from p-tau217/Aβ42 positivity by TIRA 
(B) or SILA clock models (C). Thick black lines represent the clock models, red 
lines represent individuals with at least one plasma p-tau217/Aβ42 > 0.006312, 
and grey lines represent individuals with no plasma p-tau217/Aβ42 > 0.006312. 
The horizontal black dashed lines represent the plasma p-tau217/Aβ42 threshold 
of 0.006312. Models for age at symptom onset included individuals who were 

initially cognitively unimpaired but had a typical AD syndrome at their last 
assessment and developed symptoms after estimated plasma p-tau217/Aβ42 
positivity. Age at p-tau217/Aβ42 positivity was estimated using TIRA (D) or SILA 
(E) models. Each point represents an individual participant. In D and E, black lines 
represent linear regression fits showing the predicted mean age at symptom 
onset, and gray shaded bands indicate 95% confidence intervals around the 
regression lines. Linear regression equations, adjusted R² values, Spearman 
correlation coefficients (ρ), and sample sizes (N) are shown.
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Extended Data Fig. 6 | Janssen’s LucentAD Quanterix plasma p-tau217 and 
symptom onset models based on estimated years from p-tau217 positivity. 
Longitudinal plasma p-tau217 data from ADNI is shown as a function of age (A) 
or estimated years from p-tau217 positivity by TIRA (B) or SILA clock models (C). 
Thick black lines represent the clock models; red lines represent individuals with 
at least one plasma p-tau217 > 0.0615 pg ml−1 and grey lines represent individuals 
with no plasma p-tau217 > 0.0615 pg ml−1. The horizontal black dashed lines 
represent the plasma p-tau217 threshold of 0.0615 pg ml−1. Models for age at 
symptom onset included individuals who were initially cognitively unimpaired 

but had a typical AD syndrome at their last assessment and developed symptoms 
after estimated plasma p-tau217 positivity. Age at p-tau217 positivity was 
estimated using TIRA (D) or SILA (E) models. Each point represents an individual 
participant. In D and E, black lines represent linear regression fits showing the 
predicted mean age at symptom onset, and gray shaded bands indicate 95% 
confidence intervals around the regression lines. Linear regression equations, 
adjusted R² values, Spearman correlation coefficients (ρ), and sample sizes (N) 
are shown.
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Extended Data Fig. 7 | ALZpath Quanterix plasma p-tau217 and symptom 
onset models based on estimated years from p-tau217 positivity. Longitudinal 
plasma p-tau217 data from ADNI is shown as a function of age (A) or estimated 
years from p-tau217 positivity by TIRA (B) or SILA clock models (C). Thick black 
lines represent the clock models; red lines represent individuals with at least 
one plasma p-tau217 > 0.444 pg ml−1 and grey lines represent individuals with no 
plasma p-tau217 > 0.444 pg ml−1. The horizontal black dashed lines represent the 
plasma p-tau217 threshold of 0.444 pg ml−1. Models for age at symptom onset 

included individuals who were initially cognitively unimpaired but had a typical 
AD syndrome at their last assessment and developed symptoms after estimated 
plasma p-tau217 positivity. Age at p-tau217 positivity was estimated using TIRA 
(D) or SILA (E) models. Each point represents an individual participant. In D and 
E, black lines represent linear regression fits showing the predicted mean age at 
symptom onset, and gray shaded bands indicate 95% confidence intervals around 
the regression lines. Linear regression equations, adjusted R² values, Spearman 
correlation coefficients (ρ), and sample sizes (N) are shown.
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Extended Data Table 1 | Characteristics of clock model development cohorts

Individuals were included who had two or more plasma %p-tau217 measurements between 1.06% to 10.45% that were at least one year apart. Values are presented as the median (interquartile 
range) for continuous variables and n (%) for categorical variables. The significance of differences between cohorts was evaluated by Chi-square tests for categorical values and Wilcoxon 
ranked sum tests for continuous values.
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Extended Data Table 2 | Clock models estimating time between plasma %p-tau217 levels

The time in years was estimated for plasma %p-tau217 values from 1.06% to 10.40%. Data are shown for two methods (TIRA and SILA) across two cohorts (Knight ADRC and ADNI). Both the 
interval time between adjacent levels and the cumulative time from the 4.06% reference point are shown and demonstrate differences across methods and cohorts. Negative time intervals 
correspond to times before %p-tau217 positivity.
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Extended Data Table 3 | Validation of estimated age at symptom onset

Metrics are shown for linear models estimating the age at symptom onset based on the estimated age at %p-tau217 positivity using either TIRA or SILA clocks. Metrics are shown for internal 
validation (same model and test cohort) and external validation (different model and test cohort): Spearman correlation, adjusted R2, non-parametric concordance correlation coefficient 
(CCC), root mean squared error (RMSE), mean absolute error (MAE), and median absolute error (MdAE).
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