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Plasma pTau-217 shows promise for detecting Alzheimer’s disease, but needs population-specific cutoffs for ef-
fective use. Conventional cutoff determination relies on invasive or costly gold-standards, limiting scalability.
This study evaluated Finite Mixture Modelling (FMM) for establishing cutoffs without gold-standards. FMM was
applied to derive cutoffs for Lumipulse plasma p-Tau217 and p-Tau217/Ap42 ratio among 1039 ADNI par-
ticipants, with validation conducted in a subset with amyloid PET data (n = 711). Additionally, simulations
were conducted to determine the minimum sample size for reliable FMM estimation. The results showed that
FMM-derived cutoffs effectively classified participants into brain amyloid-negative, -positive, and -indeterminate
groups, with an indeterminate proportion <20 %, negative and positive predictive values near or above 90 %, and
with p-Tau217/Af42 outperforming p-Tau217. These FMM-derived cutoffs demonstrated test performance that
surpassed several previously-established cutoffs, including the recent FDA-approved cutoff. At least 900 samples
were needed for reliable cutoff estimation. In conclusion, this study demonstrated the effectiveness of a modelling
approach for estimating plasma p-Tau217 cutoffs without reliance on gold-standards. This approach simplifies the
determinating of population-specific cutoffs and facilitates adoption of plasma p-Tau217 in communities lacking

access to gold-standards, including some LMICs.

Background

Alzheimer’s disease (AD) is an age-related neurodegenerative dis-
order and the leading cause of dementia globally. It is characterized
by brain accumulation of amyloid-beta plaques and neurofibrillary tan-
gles containing hyperphosphorylated tau, which results in progressive
cognitive decline [1]. Early and accurate diagnosis of AD is crucial for
effective intervention, especially with emerging disease-modifying ther-
apies that target these pathological hallmarks [1-3]. Traditionally, cere-
brospinal fluid (CSF) and positron emission tomography (PET) have
been the gold standards for detecting AD pathology [1,4]. However,
these methods are either invasive or costly, limiting their scalability in
community settings [4-6]. Recent advancements have highlighted the
potential of plasma biomarkers as more accessible and cost-effective al-
ternatives for AD diagnosis. Plasma phosphorylated tau (p-Tau), espe-
cially p-Tau217 and p-Tau217/Ap42 ratio, have shown promising accu-

racy in detecting brain amyloid [6-15]. Compared to CSF and PET, these
plasma biomarkers are non-invasive and less costly, making them ap-
pealing for widespread research and clinical use [4,5]. These cumulative
evidence has also led to the most recent FDA (Food and Drug Adminis-
tration) approval of plasma p-Tau217/Af42 ratio on the Lumipulse plat-
form [16] - a fully automated chemiluminescence enzyme immunoassay
platform that enables standardized, high-throughput biomarker quan-
tification [17,18].

However, before plasma p-Tau217 can be broadly implemented, its
optimal cutoff must be determined to ensure accurate interpretation [4].
Particularly, the cutoffs may need to be customized to each distinct pop-
ulation, considering that the biomarker levels can be affected by demo-
graphic factors (e.g. ethnicity, body mass index, chronic kidney disease)
[4,5,19], and cutoffs from one population may not generalize to another
[10]. Conventionally, cutoffs of plasma biomarkers are determined us-
ing Receiver Operating Characteristic (ROC) curve analysis, which iden-
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tifies points that maximize sensitivity and specificity, typically using CSF
or PET as a gold standard [6]. While effective, this method is more fea-
sible in tertiary specialist centres with advanced facilities and less prac-
tical in community settings due to logistical and financial constraints
[5,6]. Furthermore, access to gold standards is often limited to specific
subpopulations that differ distinctly from the general population [4,5].
As an example, in the current study, participants with amyloid PET data
differed significantly from those without (e.g. more likely to be younger,
female and cognitively unimpaired; as seen in Supplementary Material
3), potentially introducing bias and reducing generalizability when de-
riving optimal cutoffs from these selective subpopulations with available
gold standard data.

To overcome reliance on gold standards, recent literature proposes
Finite Mixture Modelling (FMM) as an alternative approach, leverag-
ing biomarker data alone to estimate cutoffs (i.e. without relying on
gold standards e.g. amyloid PET) [20,21]. FMM has proven effective in
determining cutoffs for other blood biomarkers, such as C-reactive pro-
tein [20], and in the field of AD, FMM-derived cutoffs for CSF Ap42
have shown improved predictive accuracy for disease progression [21].
FMM operates by assuming data arises from a mix of underlying dis-
tributions representing different subpopulations [20,21]. By estimating
these distributions’ parameters, FMM can classify individuals into sub-
populations without the need to reference to any gold standards.

Although promising, FMM is relatively nascent in the field of AD
biomarkers. Its validity is not yet proven definitively. Using a large sam-
ple from the Alzheimer’s Disease Neuroimaging Initiative (ADNI), this
study evaluated the utility of FMM in establishing optimal cutoffs for
Lumipulse plasma p-Tau217 and p-Tau217/Ap42 ratio. Specifically, the
study aimed to:

1) Derive optimal cutoffs using FMM (i.e. without relying on any gold
standards);

2) Validate the performance of FMM-derived cutoffs in determining
amyloid PET positivity, within a smaller subset of participants with
available amyloid PET data.

Essentially, this study sought to demonstrate that cutoffs for plasma
p-Tau217 can be accurately estimated without gold standards, using
FMM alone. By doing so, it aimed to provide a simplified methodology
for determining population-specific reference intervals [4,5], thus facili-
tating accurate results interpretation and encouraging widespread adop-
tion of plasma p-Tau217 in community settings and lower- and middle-
income countries (LMICs) where gold standards may not be available
for cutoff determination.

Methods
Study population

The study included 1039 participants with available data on
plasma p-Tau217 and p-Tau2l17/Ap42 ratio from ADNI database
(adni.loni.usc.edu; downloaded on 25th February 2025). ADNI is a
public-private initiative launched in 2003 to evaluate biomarkers, neu-
roimaging and neuropsychological status in participants aged 55-90
years, both with and without cognitive concerns. Participants in ADNI
received detailed clinical and cognitive assessments. ADNI database was
approved by institutional review boards of all participating centers, with
informed consent obtained from all participants or their authorized rep-
resentatives.

Measures

Blood samples were collected in EDTA tubes, processed to produce
plasma, and stored at —80 °C until analysis. Analyses were conducted by
University of Pennsylvania (Pathology & Laboratory Medicine), ran in
batches approximately every four months to ensure consistency and reli-
ability. Plasma p-Tau217 and Ap42 were quantified using immunoassay
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reagents from Fujirebio on the Lumipulse G1200 platform. Quality con-
trol samples were included in each analytical run, with precision across
runs ranging from 6.2 to 9.9 % for pTau217 and 5.1-5.4 % for Ap42.

Amyloid PET imaging was conducted using [18F] florbetapir (FBP)
and [18F] florbetaben (FBB) tracers. PET data were processed by Univer-
sity of California, Berkeley (Helen Wills Neuroscience Institute), using a
standardized pipeline that included co-registration to MRI scans, inten-
sity normalization, and calculation of overall amyloid burden based on
SUVR (standardized uptake value ratio) of the cortical summary region
(i.e. frontal, anterior/posterior cingulate, lateral parietal, and lateral
temporal regions). Of note, two normalization approaches were used to
calculate SUVR (i.e. using whole cerebellum as the reference region; or
using a composite reference region made up of whole cerebellum, brain-
stem, and eroded subcortical white matter), with ADNI recommending
whole cerebellum-normalized SUVR for cross-sectional analyses, and
composite-reference-normalized SUVR for longitudinal analyses.

Amyloid PET positivity was determined using established SUVR
thresholds specific to each radiotracer (i.e. FBP or FBB) and reference re-
gion (i.e. whole cerebellum or composite reference) [22,23]. For the ra-
diotracer of FBP, the positivity threshold was 1.11 for whole cerebellum-
normalized SUVR or 0.78 for composite-reference-normalized SUVR.
For FBB, the threshold was 1.08 for whole cerebellum-normalized SUVR
or 0.74 for composite-reference-normalized SUVR. The thresholds for
whole cerebellum-normalized SUVR were previously derived from the
upper limit in young controls; while the thresholds for composite-
reference-normalized SUVR were derived through linear transformation
from whole cerebellum-normalized thresholds. Quality control of PET
data was performed through visual inspection by technicians.

Statistical analyses

Prior to analysis, the raw data on p-Tau217 and p-Tau217/Ap42 ra-
tio were pre-processed using Box-Cox transformation (to normalize the
distribution of skewed data) and standardization (to produce z-scores
and improve stability during modelling). Of note, Box-Cox transforma-
tion is a well-established method for addressing skewed distributions. It
identifies the optimal parameter (1) for a power transformation that sta-
bilizes variance and approximates normality, making the method more
robust than other simpler transformations. The transformation is based
on the formula:

(Raw values)* — 1
A

with 4 = —0.2 for p-Tau217 and p-Tau217/Ap42 ratio in this study.

Primary analyses were conducted on the full sample (n = 1039), us-
ing FMM to derive optimal cutoffs for p-Tau217 and p-Tau217/Ap42
ratio. Analyses were conducted separately for p-Tau2l7 and p-
Tau217/Ap42 ratio. Models with 1 to 6 latent classes were explored
in FMM, allowing for varying variance and covariance structures. The
best-fitting model was selected based on the lowest Bayesian Informa-
tion Criterion (BIC), which balances model complexity and goodness of
fit [24]. In the event of similar BIC (i.e. difference <10 points), the more
parsimonious model was preferred. Fit indices of evaluated models are
presented in Supplementary Materials 1 and 2, with two-class model
(equal variance; zero covariance structure) showing the best fit and was
thus selected. This two-class model aligns with the hypothesis of two
identifiable subpopulations: brain amyloid negative and positive.

FMM generated probability scores reflecting participants’ likelihood
of belonging to each of the two classes. Participants with class probabil-
ity >80 % were deemed to have reasonably high certainty of belonging
to one of the two classes (i.e. test negative or test positive), while those
falling in the grey zone between the two classes (i.e. with probability
<80 % for both classes) were deemed as ‘Indeterminate’. Optimal cut-
offs were identified based on the boundaries of the Indeterminate zone.
Effectively, this approach classifies participants into test negative, in-
determinate, or test positive categories; consistent with the two-cutoff
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approach advocated in recent AD literature [6] to enhance test perfor-
mance and prioritize resources for those requiring further testing.

Secondary analyses were conducted on the subset with available
amyloid PET data (n = 711), to validate the performance of FMM-
derived cutoffs against amyloid PET positivity. A priori, optimal test
statistics were defined as negative predictive value (NPV)>90 %, pos-
itive predictive value (PPV)>90 %, and proportion of individuals in
indeterminate group<20 % [6]. While sensitivity and specificity were
also reported, they were not considered within the optimal criteria for
test statistics, given this study’s primary focus on deriving population-
specific cutoffs rather than generalizing cutoffs across different popu-
lations. Test statistics were also compared with those from previously-
published cutoffs for plasma p-Tau217 and p-Tau217/Af42 ratio on the
Lumipulse platform [7-15]. The 95 % confidence intervals (CIs) of test
statistics were computed using:

Proportion X (1 — Proportion)

Proportion = 1.96 X \/ - -
Denominator for the Proportion

An exploratory analysis examined the minimum sample size required
to estimate optimal cutoffs using FMM. Values of p-Tau217 (and sepa-
rately, p-Tau217/Ap42 ratio) were simulated from a bimodal distribu-
tion, using mean and standard deviation estimates from the output of
FMM in the primary analyses. Based on 1000 bootstrap resampling, the
95 % ClIs for optimal cutoffs were computed for sample sizes ranging
from 200 to 3000 (in steps of 100). The minimum sample size was in-
dicated by the smallest sample where the 95 % CI was narrower than
cutoff +10 %. This +10 % margin is a practical rule-of-thumb that has
been adopted in prior biomarker studies [21], and reflects a variability
that is sufficiently small and less likely to be clinically meaningful [25].

Statistical analyses were conducted in R (version 4.4.1), using ‘caret’
package for pre-processing [26], ‘tidySEM’ for FMM [27], and ‘boot’ for
bootstrap resampling [28].

Results

Demographic information of the study participants (n = 1039) is pre-
sented in Supplementary Material 3, showing a mean age of 74.2 years
and mean education of 16.3 years. Majority were of white ethnicity
(82.0 %), with normal cognition (48.4 %) or mild cognitive impairment
(32.3 %). Two-third of the participants had amyloid PET data (n = 711;
as shown in Supplementary Material 3); these participants were more
likely to be younger, female, APOE e4 non-carriers, cognitively unim-
paired, and had lower values in plasma p-Tau217 and p-Tau217/AB42
ratio.

Plasma p-Tau217 showed a right-skewed distribution (Fig. 1a),
which approximated normality following Box-Cox transformation
(Fig. 1b). FMM identified two subpopulations based on the plasma val-
ues (Fig. 1¢): brain amyloid negative (green density plot) and brain amy-
loid positive (red density plot). FMM generated probabilities of class
membership as depicted in Fig. 1d, with the green line indicating the
probability of being brain amyloid negative and the red line indicating
brain amyloid positive. The greyed area in Fig. 1d marks the Indeter-
minate zone, where class membership was less certain (<80 % prob-
ability for either class). The boundaries of the greyed area define the
FMM-derived cutoffs: values below the lower boundary (corresponding
to <0.1637 pg/mL) identify test negative, and values above the upper
boundary (corresponding to >0.2924 pg/mL) identify test positive. Sim-
ilar results were observed for plasma p-Tau217/Ap42 ratio (Supplemen-
tary Material 4), with corresponding cutoffs of <0.0063 for test negative,
values between 0.0063-0.0114 for indeterminate, and >0.0114 for test
positive.

Secondary analyses validated FMM-derived cutoffs against amy-
loid PET positivity in the subset with available amyloid PET data
(n = 711), with the results presented in Table 1. Even without relying
on gold standards, FMM-derived cutoffs showed respectable test statis-
tics (indeterminate proportion below 20 %, and NPV and PPV near or
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above 90 %), albeit with plasma p-Tau217/Af42 ratio outperforming
plasma p-Tau217. When compared to previously-published cutoffs [7-
15], FMM-derived cutoff largely achieved better balance across indeter-
minate proportion, NPV and PPV, especially for plasma p-Tau217. The
cutoff values from FMM were also not dissimilar to ADNI-recommended
cutoffs. In contrast, the FDA-approved cutoffs [18] for Lumipulse plasma
p-Tau217/Ap42 ratio performed much poorer, with indeterminate pro-
portion 28.3 % and PPV<90 %.

It is relevant to note that while the FMM-derived cutoffs in the main
analyses above were based on probability threshold of >80 % (reflect-
ing reasonable certainty for class membership), alternative probability
thresholds could also be chosen to balance different trade-offs between
indeterminate proportion and NPV/PPV. Supplementary Material 5 fur-
ther illustrates results with other thresholds — probability threshold of
>50 % could minimize indeterminate proportion but lower NPV/PPV;
while probability thresholds of >90 % could maximize NPV/PPV but
increase indeterminate proportion.

Exploratory analysis examined the effects of sample size on FMM-
derived cutoffs, with the simulation results detailed in Supplementary
Materials 6 and 7. As sample size increases, the 95 % CIs of the cutoffs
became narrower. A minimum sample size of 900 is required to achieve
acceptable 95 % CIs, where maximum variability of the cutoffs is <10 %
(i.e. reflecting a variability that is sufficiently small and less likely to be
clinically meaningful).

DISCUSSION

This study demonstrated the utility of FMM in deriving population-
specific cutoffs for plasma p-Tau217 and p-Tau217/Ap42 ratio, offer-
ing a novel approach that circumvents reliance on traditional gold stan-
dards. FMM-derived cutoffs effectively classified participants into brain
amyloid negative and positive groups, with an indeterminate zone for
cases of less certain classification. These cutoffs demonstrated test per-
formance that matched or surpassed previously-established thresholds,
achieving an indeterminate proportion below 20 %, and NPV and PPV
near or above 90 %, with plasma p-Tau217/Ap42 ratio being superior
to plasma p-Tau217. Based on simulation, a minimum sample size of
900 is required for reliable estimation of FMM-derived cutoffs.

Recent advancements in anti-amyloid therapies [2,3] have high-
lighted the relevance of plasma biomarkers, particularly plasma pTau-
217 and p-Tau217/Ap42 ratio [6-16], as accessible and cost-effective
tests to identify AD for early intervention [4,5]. However, widespread
adoption of plasma pTau-217, particularly outside of tertiary specialist
centers and in LMICs, has been constrained by the limited availability
of population-specific reference intervals necessary for accurate results
interpretation. Current findings highlight the viable solution offered by
FMM, which can provide accurate cutoff estimates even in the absence
of gold standards, overcoming challenges in obtaining gold standards
related to invasive procedures (CSF) or high cost (PET). FMM requires
only blood samples from 900 community-representative individuals to
derive reliable and valid cutoffs. This approach can produce less biased
cutoffs, considering that samples with gold standard data are often dif-
ficult to acquire and may not represent the general population. This
approach is also more cost-effective than PET, which can be about 10-
20 times more expensive than plasma analysis. For the cost of analysing
900 plasma samples, this would only allow for 45-90 PET, which has
insufficient statistical power for conventional ROC analysis.

Conventional ROC analysis often maximizes sensitivity and speci-
ficity, assuming these metrics are less affected by disease prevalence and
are thus more generalizable. However, when specific cutoffs are applied
to a population, interpretation within each population often still relies
on NPV and PPV [6], which can vary widely with disease prevalence
[6] and demographic factors [4,5,19]. As demonstrated by the current
findings (Table 1), many of the previously-published ROC-based cut-
offs — including the FDA-approved cutoffs [18] — may not necessarily be
optimal for the ADNI sample. In contrast, the FMM approach proposes



Table 1

Comparison of FMM-derived cutoffs with previously known cutoffs, in the subset of participants with amyloid PET data (n = 711). The FMM-derived cutoffs are highlighted in bold.

Source of biomarker cutoff

Lower
cutoff

Upper
cutoff ©

Indeterminate
group, %
(95 % CID) ¢

Amyloid PET positive (Based on whole cerebellum-normalized SUVR) *

Amyloid PET positive (Based on composite-reference-normalized SUVR) #

NPV, %
(95 % CI) ¢

PPV, %
(95 % CI) ¢

Sensitivity, %
(95 % CI) ©

Specificity, %
(95 % CD) ©

NPV, %
(95 % CI) ¢

PPV, %
(95 % CI) ¢

Sensitivity, %
(95 % CI) ©

Specificity, %
(95 % CI) ©

Plasma p-Tau217 (in pg/mL unit)

FMM-derived cutoff

(current study)
Sarto 2025 £
Dyer 2024 ¢
Pozzi 2025
Feizpour 2024 f

Wang 2024 (cohort 1)
Wang 2024 (cohort 2)
Martinez-Dubarbie 2025 f

Arranz 2024 f
Figdore 2024 ©
Palmqvist 2025

ADNI-recommended cutoff &

<0.164

<0.184
<0.252
<0.124
<0.140
<0.230
<0.086
<0.133
<0.187
<0.185
<0.220
<0.128

Plasma p-Tau217 / Ap42 ratio

FMM-derived cutoff

(current study)

Wang 2024 (cohort 1)
Wang 2024 (cohort 2) !
Martinez-Dubarbie 2025 f
ADNI-recommended cutoff &
FDA-approved cutoff "

<0.0063

<0.010
<0.005
<0.006

<0.0055
<0.00370

>0.292

>0.354
>0.443
>0.328
>0.230
>0.514
>0.197
>0.252
>0.386
>0.324
>0.340
>0.300

>0.0114

>0.018
>0.009
>0.008
>0.0086
>0.00738

15.6 (12.9-18.3)

15.0 (12.4-17.7)
14.5 (11.9-17.1)
30.9 (27.5-34.3)
16.9 (14.1-19.6)
20.3 (17.3-23.2)
37.1 (33.6-40.7)
21.8 (18.8-24.8)
17.7 (14.9-20.5)
13.1 (10.6-15.6)
9.7 (7.5-11.9)

27.7 (24.4-31.0)

15.8 (13.1-18.4)

13.4 (10.9-15.9)
19.5 (16.6-22.5)
9.4 (7.3-11.6)

14.9 (12.3-17.5)
28.3 (25.0-31.6)

87.5 (84.2-90.8)

85.4 (82.0-88.8)
80.0 (76.4-83.7)
91.8 (88.7-94.9)
90.2 (87.0-93.4)
81.6 (78.0-85.1)
95.3 (92.1-98.5)
90.8 (87.6-94.0)
84.6 (81.1-88.0)
85.0 (81.5-88.4)
82.4 (78.9-85.9)
91.4 (88.2-94.6)

90.0 (87.0-93.0)

81.0 (77.4-84.5)
94.0 (91.4-96.6)
91.1 (88.2-94.0)
93.1 (90.4-95.7)
95.0 (92.1-97.9)

93.0 (89.6-96.4)

94.7 (91.4-97.9)
94.2 (90.2-98.1)
93.9 (90.6-97.3)
89.8 (86.1-93.5)
93.7 (89.2-98.2)
87.0 (83.0-91)

90.9 (87.2-94.5)
95.1 (91.8-98.4)
94.0 (90.7-97.3)
94.3 (91.0-97.6)
93.4 (90.1-96.7)

94.0 (90.9-97.2)

92.3 (87.9-96.7)
92.2 (88.9-95.5)
91.2 (87.8-94.6)
91.9 (88.6-95.2)
89.0 (85.4-92.6)

80.6 (75.7-85.6)

74.4 (68.8-79.9)
57.8 (51.4-64.3)
88.6 (84.3-92.9)
87.4 (83.4-91.4)
55.3 (48.2-62.4)
96.8 (94.6-99.0)
88.3 (84.3-92.3)
70.6 (64.6-76.6)
74.8 (69.4-80.2)
69.7 (64.2-75.3)
88.4 (84.2-92.6)

84.4 (79.8-88.9)

59.5 (53.0-65.9)
92.5 (89.3-95.8)
88.3 (84.5-92.0)
90.8 (87.3-94.3)
95.9 (93.6-98.3)

95.7 (93.6-97.8)

97.3 (95.6-98.9)
97.9 (96.5-99.3)
95.7 (93.4-98.1)
92.1 (89.2-95.0)
98.2 (96.8-99.5)
81.8 (76.4-87.2)
92.9 (90.0-95.7)
97.8 (96.3-99.3)
96.7 (94.9-98.6)
97.1 (95.4-98.8)
95.2 (92.7-97.6)

96.3 (94.4-98.3)

97.2 (95.6-98.8)
93.7 (91.0-96.4)
93.4 (90.8-95.9)
93.9 (91.3-96.4)
86.7 (82.4-91.0)

91.7 (88.9-94.4)

89.2 (86.2-92.2)
84.3 (81.0-87.6)
95.9 (93.6-98.2)
93.8 (91.2-96.3)
86.0 (82.8-89.2)
98.2 (96.3-100)
94.9 (92.5-97.3)
88.6 (85.6-91.6)
88.8 (85.8-91.8)
86.4 (83.2-89.6)
95.4 (93.0-97.7)

93.7 (91.3-96.1)

85.2 (82.0-88.4)
96.8 (94.9-98.8)
94.1 (91.7-96.5)
96.0 (93.9-98)

97.7 (95.7-99.7)

92.6 (89.0-96.1)

93.6 (90.1-97.1)
92.7 (88.3-97.1)
93.4 (90.0-96.9)
89.0 (85.2-92.9)
91.9 (86.8-97.0)
85.6 (81.4-89.7)
90.0 (86.3-93.8)
93.9 (90.2-97.6)
93.5 (90.0-96.9)
93.3 (89.7-96.8)
92.9 (89.5-96.4)

93.1 (89.8-96.5)

92.3 (87.9-96.7)
91.4 (88.0-94.8)
90.5 (87.0-94.0)
91.1 (87.7-94.6)
86.9 (83.1-90.8)

86.1 (81.7-90.6)

79.5 (74.2-84.9)
63.2 (56.5-69.9)
93.9 (90.6-97.2)
91.5 (88.1-95)
61.4 (54.0-68.9)
98.8 (97.3-100.2)
93.1 (89.9-96.4)
76.2 (70.4-82.1)
79.8 (74.7-85)
74.7 (69.2-80.2)
93.4 (90.0-96.7)

89.4 (85.4-93.4)

65.3 (58.8-71.9)
95.9 (93.4-98.4)
91.8 (88.5-95.1)
94.4 (91.5-97.3)
98.1 (96.4-99.7)

95.7 (93.6-97.7)

96.9 (95.1-98.6)
97.5 (96.0-99.0)
95.6 (93.2-97.9)
91.8 (88.9-94.7)
97.8 (96.3-99.2)
80.7 (75.3-86.1)
92.6 (89.7-95.4)
97.4 (95.8-99)
96.6 (94.8-98.4)
96.8 (95.0-98.5)
95 0.0 (92.6-97.5)

96.0 (94.0-98.0)

97.3 (95.8-98.9)
93.3 (90.6-96)

93.1 (90.5-95.6)
93.5 (91.0-96.1)
84.9 (80.5-89.3)

FMM, Finite Mixture Modelling; PET, positron emission tomography; SUVR, standardized uptake value ratio; NPV, negative predictive value; PPV, positive predictive value; ADNI, Alzheimer’s Disease Neuroimaging

Initiative; FDA, Food and Drug Administration.

FMM, Finite Mixture Modelling; PET, positron emission tomography; SUVR, standardized uptake value ratio; NPV, negative predictive value; PPV, positive predictive value; ADNI, Alzheimer’s Disease Neuroimaging

Initiative.

2 The ADNI database provides two distinct criteria to define amyloid PET positivity, depending on the choice of reference region when computing SUVR (i.e. using whole cerebellum as the reference region; or
using a composite reference region made up of whole cerebellum, brainstem, and eroded subcortical white matter); with the whole cerebellum-normalized SUVR recommended for cross-sectional analyses, and the

composite-reference-normalized SUVR for longitudinal analyses.
b Lower cutoff identifies those who not likely to be brain amyloid positive.
¢ Upper cutoff identifies those who are likely to be brain amyloid positive.
d Optimal test statistics were defined as: indeterminate group<20 %, NPV>90 %, and PPV >90 %.

¢ While sensitivity and specificity were also reported, they were not considered within the optimal criteria for test statistics, given this study’s primary focus on deriving population-specific cutoffs rather than

generalizing cutoffs across different populations.

f Previously-published cutoffs for plasma p-Tau217 and p-Tau217/Af42 ratio on the Lumipulse platform.”'> When multiple cutoffs were reported in a study, the cutoff with indeterminate group<20 % was selected

for use in the current comparison.

8 The provisional cutoffs were recommended by the Biomarker Core of ADNI, based on initial validation in the University of Pennsylvania’s Alzheimer’s Disease Research Center cohort involving 210 white and 80
black participants.

h The official cutoffs approved by FDA for Lumipulse plasma p-Tau217/Af42 ratio, based on validation in 499 individuals from USA and Europe.'®

MAT ‘W'L

¥92001 (S20T) TI D8I S 4oudyz])y fo uonUaAd.d o [pumor ayJ,



T.M. Liew

(a) Distribution of plasma p-Tau217
(in original raw value)

Density

0 1 2
Plasma p-Tau217 (pg/mL)

(b) Distribution of plasma p-Tau217
(in transformed values)

=4 N i
Z-score (Box-Cox transformed value)

Class Probability
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(c) Density plots for the two classes from FMM
(in transformed values)

Class

1
2
Total

-1 0 1 2
Z-score (Box-Cox transformed value;

(d) Probability for the two classes from FMM
(across transformed values)

1.0

0.6

0.4

0.2

0.0

Z-score (Box-Cox transformed value)

Fig. 1. Distribution of plasma p-Tau217 in the full sample (n = 1039), and finite mixture modelling to derive the optimal cutoffs.

FMM, finite mixture modelling.

Note: In figure (c), the green plot represents the distribution of plasma p-Tau217 (in Box-Cox transformed values) for those who were likely to be brain amyloid
negative; while the red plot represents the distribution for those who were likely to be brain amyloid positive. In figure (d), the green line reflects the probability of
being brain amyloid negative and the red line reflects the probability of being brain amyloid positive, across the values of plasma p-Tau217 (in Box-Cox transformed
values). The greyed area indicates the biomarker range where class membership was less certain (i.e. individuals within this range had <80 % probability of belonging

to any class).

independent analysis in each population, using a probabilistic method to
directly account for unique population characteristics, thus maximizing
NPV/PPV and minimizing the indeterminate group. This approach pro-
duces reference intervals that are more tailored and population-specific
than those derived from conventional ROC analysis, enhancing accu-
rate identification of brain amyloid positivity for early intervention. A
summary of the key findings from this study is presented in Table 2.
Several limitations are notable. First, the subset of participants with
amyloid PET differed distinctly from those without (Supplementary Ma-
terial 3). This reinforces the relevance of current study, highlighting
that samples with gold standards may not represent the general pop-
ulation and that FMM can be a less biased approach to derive cutoffs
in population-representative samples. However, this also serves as a re-
minder that findings from the secondary analyses (i.e. validation of cut-
offs in subset with amyloid PET) should be interpreted as a general in-
dication of test performance, rather than a true reflection of real-world
performance in the general population. Second, the FMM-derived cut-
offs were based on plasma p-Tau217 from the Lumipulse platform. They
may not be applicable to the other platforms, which would require sep-

arate FMM analyses. Third, the ADNI cohort predominantly comprised
highly educated White individuals recruited in research settings. Hence,
the cutoffs derived in this study may not be applicable to other popula-
tions, and would require separate FMM analyses and local recalibration
to ensure accuracy.

In conclusion, this study demonstrated the effectiveness of a mod-
elling approach for estimating plasma p-Tau2l7 cutoffs without re-
liance on gold standards. This approach simplifies the determination
of population-specific reference intervals, facilitating accurate result in-
terpretation and supporting wider adoption of plasma p-Tau217 in com-
munity settings and LMICs where gold standards may be unavailable.

FUNDING

TML is supported by the Singapore Ministry of Health’s Na-
tional Medical Research Council (grant numbers: HCSAINV23jul-0001,
NMRC/CG2/005e/2022-SGH, MOH-SEEDFD22apr-0001). The funding
sources had no involvement in any part of the project.



T.M. Liew

Table 2
A summary of the key findings from the current study.
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Challenges in conventional ROC analysis for cutoff determination

Potential solution offered by FMM

ROC analysis requires gold standards, which may not be available in community
settings due to invasive procedures (CSF) or high cost (PET).

FMM can accurately estimate optimal cutoffs with relying on gold standards.

ROC analysis uses samples with gold standards which may not represent the
general population, potentially introducing bias and reducing generalizability.

FMM only requires blood samples from 900 representative individuals to derive
reliable and valid cutoffs, which is more feasible in community settings

ROC analysis maximizes sensitivity and specificity, assuming these metrics are
less affected by disease prevalence and thus more generalizable. Yet,
interpretation within each population often still relies on NPV and PPV, which
vary widely with disease prevalence and demographic factors.

FMM uses a probabilistic approach to directly account for unique characteristics
within each population, maximizing NPV/PPV and minimizing indeterminate group.

ROGC, receiver operating characteristic curve; CSF, cerebrospinal fluid; PET, positron emission tomography; NPV, negative predictive value; PPV, positive predictive

value; FMM, Finite Mixture Modelling.
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