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Abstract

Blood-based biomarkers have demonstrated strong performance for identifying cerebral amyloid pathology within individual cohorts.
However, their clinical utility depends on portability across populations and assay platforms. The impact of cross-cohort deployment on
clinically actionable metrics such as negative predictive value remains insufficiently characterized. We analyzed data from two independent
cohorts: the Alzheimer’s Disease Neuroimaging Initiative (n = 885) and the Anti-Amyloid Treatment in Asymptomatic Alzheimer’s Disease
study (n = 822). Machine learning models were developed within each cohort to predict amyloid positron emission tomography status and
continuous amyloid burden. Performance was evaluated using area under the receiver operating characteristic curve, accuracy, coefficient
of determination, and root mean square error. Cross-cohort portability under pairwise external validation was assessed using bidirectional
transfer without retraining. Calibration, predictive values, and decision curve analysis were used to evaluate clinical utility. Within-cohort
discrimination was high, with area under the curve up to 0.917-0.918 in the Alzheimer’s Disease Neuroimaging Initiative and 0.870 in the
Anti-Amyloid Treatment in Asymptomatic Alzheimer’s Disease cohort. Prediction of continuous amyloid burden was moderate (coefficient
of determination up to 0.628 and 0.535, respectively). Cross-cohort deployment resulted in modest attenuation of discrimination but
substantially greater degradation in clinically actionable performance. Negative predictive value declined from 0.831 to 0.644 when models
trained in the Alzheimer’s Disease Neuroimaging Initiative were applied to the Anti-Amyloid Treatment in Asymptomatic Alzheimer’s Disease
cohort, despite preserved discrimination. Calibration analyses demonstrated systematic probability misestimation, and decision curve analysis
showed reduced net clinical benefit. Biomarker distributions differed across cohorts, consistent with dataset shift. Blood-based biomarker
models retain discrimination across cohorts but exhibit clinically meaningful degradation in predictive value under real-world deployment
conditions. Calibration instability and population differences critically affect rule-out performance. These findings highlight the need for
cross-cohort validation, calibration assessment, and assay-consistent biomarker generation prior to clinical implementation.

Keywords: Alzheimer’s disease, Plasma biomarkers, Amyloid PET, Machine learning, Pairwise external validation, Calibration, Negative
predictive value

Introduction clinical symptoms and diagnosis [1-3]. Despite tremendous

advances in therapeutic development, the treatments

Alzheimer’s disease (AD) is a major and growing public health  available today have limited effectiveness in individuals with

concern. It is now well established that pathological changes established symptomatic disease and substantial amyloid
in the brain begin 10-20 years before memory loss leading to  deposits and tau pathology [4-8].
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Some anti-amyloid therapeutics have demonstrated the
ability to reduce amyloid plaque burden and slow clinical
decline in early symptomatic AD [9,10]. In parallel, ongoing
prevention trials such as AHEAD 3-45 (NCT04468659) [11]
are testing whether similar approaches can slow biomarker
progression in asymptomatic or preclinical individuals.
These developments highlight the importance of identifying
individuals at the earliest stages of disease, prior to the onset
of cognitive symptoms, when therapeutic interventions may
be most effective.

In addition to pharmacological approaches, a growing
body of evidence indicates that modifiable lifestyle and
vascular risk factors contribute significantly to dementia
risk. Multidomain interventions targeting diet, physical
activity, cognitive engagement, and cardiovascular health
have demonstrated benefits on cognitive outcomes in at-
risk populations, and large-scale analyses suggest that a
significant proportion of dementia cases may be attributable
to modifiable factors [6,12,13]. These findings support the
concept that early identification of underlying AD pathology
may provide a critical window for intervention, during which
both pharmacologic and nonpharmacologic strategies can be
implemented to delay or mitigate disease progression.

Accordingly, early detection of amyloid and tau pathology
using blood-based biomarkers in asymptomatic individuals
represents a key step toward effective prevention and disease
modification. Amyloid positron emission tomography (PET)
and cerebrospinal fluid (CSF) biomarkers as reference markers
for identification of cerebral amyloid deposition are still
accepted and widely used for reference [14-17]. However,
their high cost, invasive nature, and limited accessibility
restrict their broader application in screening, recruitment for
clinical trials, and long-term surveillance at scale [15,17,18].
Due to these constraints, there has been a growing interest in
the role of plasma-based biomarkers (PBBMs) as non-invasive
and scalable tools for diagnosing AD pathology [16,17,19].

Over the past decade, PBBMs such as AP42/40 ratio,
phosphorylated tau species (mainly p-tau217), glial fibrillary
acidic protein (GFAP), and neurofilament light chain (NfL) have
demonstrated robust associations with amyloid PET positivity
and neurodegeneration [19-23]. Among these, AB42/40 and
p-tau217 have achieved the best discriminative performance
for the prediction of amyloid PET. Plasma AP42/40 assays
provided values of area under receiver operating characteristic
curve (AUC) of about 0.88 for amyloid PET status and 0.94
when demographic and genetic characteristics such as age
and APOE &4 status were included [17,24,25]. Most recently,
p-tau217 was reported to be the best PBBM that can identify
asymptomatic individuals and diagnose those that have
pathological underlying lesions of amyloid and tau [26,27].
Longitudinal studies have shown that plasma p-tau217
trajectories encode temporal data regarding disease course.
A recently established plasma p-tau217 “clock” model

derived from repetitive biomarker measurements provides a
clinically meaningful estimate of the timing of symptomatic
AD emergence in harmonized cohorts [28]. These results
emphasize the biological potency of plasma biomarkers,
notably p-tau217, as diagnostic and diagnostic staging
instruments.

However, there is an important gap in translation. Most
biomarker studies, and the predictive models resulting
from them, are developed and tested in a single cohort
under internally reproducible assay conditions [17,29-31].
Instead, real-world deployment depends on models being
implemented across populations that vary in sample
composition, disease prevalence, and importantly biomarker
measurement platforms. A systematic shift in the distributions
of biomarkers in cohorts can arise from differences in assay
calibration, analytical methods, and handling prior to analysis
[32-35]. Such changes may alter the relationship between
biomarkers and disease outcomes if the basic biology remains
invariable. This leads to a basic question: do predictive models
trained on plasma biomarker, genomic, and demographic
data in one cohort extrapolate to another cohort in which the
assay platforms and population characteristics are different?
Although machine learning (ML) methods have been adopted
to combine multimodal data and attain good within-cohort
performance [36-39] the cross-cohort generalization of ML
is less clear. Specifically, it remains not clear how valid and
robust an individual cohort's models (e.g., ADNI [40]) may
be with respect to an independent cohort (e.g., A4 [41])
which has different biomarker assays and subgroups. This
problem is particularly problematic for screening purposes
in clinical practice. For preclinical populations with low
disease prevalence and decisions being based on rule out, the
negative predictive value (NPV), for instance, is an important
performance factor [16,17,42]. Unlike discrimination markers
such as AUC, NPV is strongly sensitive to disease prevalence
and probability calibration. Even slight changes in calibration
or biomarker distribution can generate significant variations
in clinically actionable performance [42-45].

In the current study, we examine performance and portability
of machine learning models developed based on PBBMs under
defined cross-cohort target deployment settings. We utilized
PBBMs, PET, and demographics data from two complementary
cohorts, ADNI [40], which covers the full spectrum of AD clinical
presentation, and A4 [41], which represents a relatively well
asymptomatic population. We first establish within-cohort
performance, and subsequently pairwise external validation
through bidirectional transfer (ADNI-A4 and A4—ADNI). We
focus on discrimination, calibration, predictive values, and
clinical utility. The findings indicate how variations in the
PBBMs assays in different cohorts with various prevalences
and clinical stages of disease affect predictive performance
and highlights major hurdles of translating our PBBMs into
clinical practice.
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Materials and Methods
Study cohorts

This study was designed as a retrospective cross-cohort
validation study evaluating model portability under dataset
shift conditions.We analyzed data from two independent, well-
characterized cohorts: the Alzheimer’s Disease Neuroimaging
Initiative (ADNI [40]) and the Anti-Amyloid Treatment in
Asymptomatic Alzheimer’s Disease (A4 [41]) study. ADNI is a
longitudinal observational study designed to characterize
the full clinical spectrum of Alzheimer’s disease, including
cognitively normal individuals, participants with mild
cognitive impairment (MCI), and patients with Alzheimer’s
dementia [40]. The A4 study is a large secondary prevention
trial focused on clinically normal, amyloid-screened older
adults, representing a preclinical population with low disease
prevalence [41]. Amyloid positivity prevalence was 46.5% in
ADNI and 61.8% in A4.

All analyses were restricted to participants with complete
data on plasma biomarkers, relevant covariates, and amyloid
PET outcomes. This yielded 885 ADNI participants and 822 A4
participants with complete amyloid PET centiloid values and
binary amyloid PET status. An additional 864 ADNI participants
had complete clinical diagnosis data (cognitively normal, MCl,
or dementia), which were not available in A4. Only baseline
measurements were used for the present analyses to reflect
realistic screening deployment conditions.

Outcomes

The primary outcome was amyloid PET status, defined
as amyloid positive versus negative based on established
centiloid thresholds within each cohort [14]. Secondary

outcomes included continuous amyloid PET burden expressed
in centiloids and, in ADNI only, multiclass clinical diagnosis.
These outcomes were selected to evaluate both clinically
actionable classification tasks and continuous disease burden
prediction.

Plasma biomarkers and covariates

Plasma biomarkers and covariates datasets were acquired
from ADNI and A4. The plasma biomarker assay platforms
are described in ADNI [40] and A4 [41]. Biomarkers included
phosphorylated tau (p-tau217), amyloid-B 40 (AP40),
amyloid-f 42 (AB42), the AB42/40 ratio, GFAP, and NfL. In
ADNI, two p-tau217 assays were available and analyzed
separately toisolate assay-specific effects. All biomarker values
were log-transformed where appropriate and standardized
(z-scored) within cohort priorto modeling, consistentwith prior
plasma biomarker ML studies [38]. For transparency, cohort
means and variances for primary biomarkers are provided in
Supplementary Table S1 and distributional comparisons are
shown in Figure 8 and Supplementary Figures S2-54. When
reporting within-cohort standardization we mean centering
and scaling by each cohort’s empirical mean and standard
deviation (i.e, z = (x — p_cohort)/c_cohort). We preserved
raw-scale summary statistics (means and SDs) so that the
effect of standardization versus raw-scale differences can be
explicitly examined.

Machine learning models

We evaluated a range of supervised machine learning models
commonly used in biomarker-based prediction [38,39] (Table
1). Model inputs included plasma biomarkers, demographic
variables, and APOEe4 status. For classification tasks (amyloid
PET status and ADNI clinical diagnosis), models included

Table 1. Machine learning models evaluated for amyloid PET classification and continuous amyloid burden prediction. Overview of
the machine learning algorithms evaluated in this study for classification and regression tasks. Classification models were used to predict
binary amyloid PET status and, within ADNI, multiclass clinical diagnosis. Regression models were used to predict continuous amyloid PET
burden expressed as centiloids. Models were selected to represent complementary methodological approaches, including linear models,
ensemble tree-based methods, gradient boosting frameworks, and kernel-based algorithms. Logistic regression and ridge regression served
as interpretable linear baselines, whereas random forest, XGBoost, LightGBM, support vector machine (SVM), and support vector regression
(SVR) were included to capture potentially non-linear relationships between plasma biomarkers, demographic factors, and amyloid burden.

Task Type Model Class Specific Models

Classification Linear model

Logistic regression

Notes

Baseline interpretable model

Classification Ensemble (tree-based) Random forest

Non-linear, bagging-based

Classification Ensemble (boosting)

XGBoost; LightGBM

Gradient boosting frameworks

Classification Kernel-based

Support vector machine (RBF kernel)

Non-linear decision boundary

Regression Linear model Ridge regression L2-regularized linear model
Regression Ensemble (tree-based) Random forest regression Non-linear, variance reduction
Regression Ensemble (boosting) XGBoost; LightGBM regression Gradient boosting regression
Regression Kernel-based Support vector regression (SVR) RBF kernel
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logistic regression, random forest, gradient boosting (XGBoost
and LightGBM), and support vector machines with radial basis
function kernels. For regression tasks predicting continuous
centiloid values, models included ridge regression, random
forest regression, gradient boosting models (XGBoost and
LightGBM), and support vector regression.

Linear and kernel-based models were implemented using
pipelines with feature standardization, while tree-based and
boosting models were trained on standardized input features
without additional scaling. All models were implemented in
Python using established machine learning libraries (e.g.,
scikit-learn, XGBoost, and LightGBM), with fixed random seeds
to ensure reproducibility. Unless otherwise specified, default
hyperparameters were used, consistent with prior comparative
ML evaluations in neuroimaging and biomarker research [39].
Model processing, feature scaling and evaluation procedures
were constant across cohorts to ensure compatibility.

Within-cohort model development and selection

Within each cohort, models were trained and evaluated
using complete-case datasets. For binary classification,
discrimination was assessed using ROC AUC as the primary
metric with accuracy reported as secondary metric [46]. For
centiloid regression, R* was used as the primary metric with
RMSE as secondary. The best-performing model for each
cohortand outcome was selected based on the primary metric
and carried forward as the reference model for cross-cohort
validation.

Cross-cohort validation strategy

To assess model portability under pairwise external
validation, we performed bidirectional cross-cohort validation
(A4—ADNI and ADNI—A4) consistent with recent work on
dataset shift and model robustness [47]. Models were trained
on all eligible participants in the source cohort and applied
without retraining to the target cohort. Separate cross-cohort
models were trained for each p-tau217 assay available in ADNI
to isolate assay-specific transfer effects. No hyperparameter
tuning or recalibration was performed during initial
cross-cohort testing unless explicitly noted.

Calibration, predictive values, and sensitivity analyses

Given the clinical importance of rule-out performance in
preclinical populations, NPV was evaluated as a key secondary
metric [17,47]. PPV and NPV were estimated at fixed sensitivity
thresholds defined in the training cohort using Youden'’s
index and applied unchanged to the test cohort to simulate
deployment; confidence intervals were obtained by bootstrap
resampling (1,000 iterations) [48]. Calibration was assessed
using Brier scores, calibration slope, and intercept statistics
[43,45,49], and we considered modern ML calibration behavior

and practical recalibration approaches in our supplementary
analyses. Sensitivity analyses included reciprocal training—
testing directions, algorithm comparisons, p-tau217 assay
variants, and subgroup analyses by APOE €4 carrier status and
Ssex.

Statistical analysis and reproducibility

All analyses were conducted using version-controlled Python
and R scripts with pre-specified analysis plans to minimize
analytic bias and data leakage. The study adhered to STROBE
and TRIPOD reporting recommendations where applicable
[50,51]. Summary statistics are reported with appropriate
confidence intervals.

Results
Study design and population

The overall study design and analytic framework are shown in
Figure 1. The analysis included two complementary cohorts,
ADNI and A4, with within-cohort model development and
internal validation followed by bidirectional pairwise external
validation (ADNI—=A4 and A4—ADNI). This design enabled
evaluation of both internal performance and portability across
distinct clinical and prevalence contexts. The analytic strategy,
including cohort composition, outcome definitions, and
performance metrics, is summarized in Figure 1. Consistent
with prior work highlighting the importance of dataset shift
in clinical machine learning, the pairwise external validation
design was intended to stress-test portability under realistic
deployment conditions [49].

A total of 1,707 participants were included after restricting
analyses to individuals with complete plasma biomarker,
covariate, and amyloid PET data (ADNI, n = 885; A4, n =
822). ADNI spanned the full clinical spectrum, including
cognitively normal individuals, participants with mild
cognitive impairment, and patients with Alzheimer dementia
[40]. In contrast, A4 comprised cognitively normal individuals
enriched for amyloid negativity [41]. Amyloid positivity
prevalence was 46.5% in ADNI and 61.8% in A4, establishing
distinct clinical and prevalence settings for evaluating model
portability [26].

Within-cohort prediction of amyloid PET status and
clinical outcomes

Within-cohort  supervised machine learning models
demonstrated strong performance for amyloid PET
classification in both cohorts (Table 2; Figure 2). In ADNI,
random forest achieved the highest discrimination for
amyloid status (ROC AUC = 0.918; accuracy = 0.850), with
comparable performance observed across gradient boosting
models and support vector machines (AUC range: 0.900-
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ADNI cohort:

N=885 (PET Amyloid) ) A4 cohort:

N=864 (Diagnosis) an ADNI — TestAd N=822 (PET Amyloid)
Test ADNI <+— Train A4

Outcomes: Outcomes:

* Amyloid PET Status * Amyloid PET Status

» Centiloids » Centiloids

» Diagnosis (ADNI only)

Evaluation metrics:

+ ROC AUC

« Accuracy

< NPV, PPV

+ Calibration (Brier score)
« RZ2 RMSE (centiloids)

Figure 1. Study design and bidirectional pairwise external validation framework. Schematic overview of cohort composition, mod-
eling strategy, and evaluation metrics. The ADNI cohort included N=885 participants with amyloid PET data and N=864 with clinical diag-
nosis; outcomes included amyloid PET status, continuous centiloid values, and diagnosis (ADNI only). The A4 cohort included N=822 par-
ticipants with amyloid PET data; outcomes included amyloid PET status and centiloids. Within-cohort training and testing were performed
separately in ADNI and A4. Cross-cohort portability under pairwise external validation was evaluated using bidirectional transfer (ADNI-A4
and A4—ADNI) without retraining. Model performance was assessed using discrimination metrics (ROC AUC, accuracy), predictive values
(NPV, PPV), calibration (Brier score), and regression performance metrics (R*> and RMSE for centiloids).

A. ADNI (within-cohort) B. A4 (within-cohort)
104 101
081 0.8
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& &
© 06 1 ~ 061
2 2
£ E
<} o P
o o
8 0.4+ 8 0.4 1
2 E
021 0.2
00 —— RF AUC = 0.917 [0.903-0.931] 00 —— LogReg AUC = 0.872 [0.851-0.892]
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False Positive Rate False Positive Rate

Figure 2. Receiver operating characteristic (ROC) curves for within-cohort prediction models. (A) ROC curve for the random forest (RF)
model evaluated within the ADNI cohort. (B) ROC curve for the logistic regression (LogReg) model evaluated within the A4 cohort. In both
panels, the solid line represents the mean model performance, and the shaded region indicates the 95% confidence interval. The diagonal
dashed line denotes chance-level performance. Model discrimination was higher for the RF model in ADNI (AUC = 0.917, 95% Cl: 0.903-
0.931) compared to the logistic regression model in A4 (AUC = 0.872, 95% Cl: 0.851-0.892).
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Table 2. Within-cohort machine learning performance for amyloid PET classification, clinical diagnosis classification, and continuous
amyloid burden prediction. Performance of supervised machine learning models within ADNI, A4, and cognitively normal ADNI participants
(ADNI-CN). Classification performance is reported using receiver operating characteristic area under the curve (ROC AUC) and accuracy. For
ADNI clinical diagnosis classification, multiclass one-versus-rest ROC AUC (ROC AUC OVR) is reported. Regression performance for continuous
amyloid PET burden (centiloids) is reported using coefficient of determination (R?). ADNI-CN analyses were performed as a sensitivity analysis
to evaluate the impact of clinical heterogeneity on model performance. N subjects indicate the number of participants available for model
training within each cohort.

(train)

ADNI Classification diagnosis Logistic Regression  ROC AUC OVR 0.706 0.569

ADNI Classification diagnosis Random Forest ROCAUCOVR 0.766 0.619 864
ADNI Classification diagnosis XGBoost ROCAUCOVR 0.734 0.589 864
ADNI Classification diagnosis LightGBM ROCAUCOVR  0.738 0.586 864
ADNI Classification diagnosis SVM ROCAUCOVR  0.721 0.609 864
ADNI Classification amyloid_status Logistic Regression  ROC AUC 0.9 0.843 885
ADNI Classification amyloid_status Random Forest ROC AUC 0.918 0.85 885
ADNI Classification amyloid_status XGBoost ROC AUC 0.91 0.841 885
ADNI Classification amyloid_status LightGBM ROC AUC 0.91 0.835 885
ADNI Classification amyloid_status SVM ROC AUC 0.905 0.845 885
ADNI Regression centiloids Ridge Regression R? 0.519 — 885
ADNI Regression centiloids Random Forest R? 0.628 — 885
ADNI Regression centiloids XGBoost R? 0.599 — 885
ADNI Regression centiloids LightGBM R’ 0.624 — 885
ADNI Regression centiloids SVM R? 0.355 — 885
A4 Classification amyloid_status Logistic Regression ROC AUC 0.87 0.793 841
A4 Classification amyloid_status Random Forest ROC AUC 0.867 0.781 841

A4 Classification amyloid_status XGBoost ROC AUC 0.86 0.766 841

A4 Classification amyloid_status LightGBM ROC AUC 0.866 0.784 841

A4 Classification amyloid_status SVM ROC AUC 0.86 0.786 841

A4 Regression centiloids Ridge Regression R’ 0.498 — 841

A4 Regression centiloids Random Forest R? 0.535 — 841
A4 Regression centiloids XGBoost R? 0.473 — 841

A4 Regression centiloids LightGBM R? 0.506 — 841

A4 Regression centiloids SVM R? 0.341 — 841

ADNI-CN  Classification amyloid_status Logistic Regression  ROC AUC 0.833 0.807 436
ADNI-CN  Classification amyloid_status Random Forest ROC AUC 0.862 0.821 436
ADNI-CN Classification amyloid_status XGBoost ROC AUC 0.87 0.821 436
ADNI-CN  Classification amyloid_status LightGBM ROC AUC 0.859 0.817 436
ADNI-CN  Classification amyloid_status SVM ROC AUC 0.839 0.826 436
ADNI-CN  Regression centiloids Ridge Regression R? 0.433 — 436
ADNI-CN  Regression centiloids Random Forest R? 0.476 — 436
ADNI-CN  Regression centiloids XGBoost R’ 0.427 — 436
ADNI-CN Regression centiloids LightGBM R? 0.486 — 436
ADNI-CN  Regression centiloids SVM R? 0.087 — 436
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0.918). Logistic regression also performed well (ROC AUC =
0.900), indicating that linear models captured a substantial
portion of the underlying biological signal. These findings are
consistent with prior reports showing strong plasma p-tau217
and plasma amyloid biomarker discrimination for amyloid PET
[21,26,52,53].

In A4, logistic regression achieved the highest performance
for amyloid classification (ROC AUC = 0.870; accuracy = 0.793),
with tree-based and kernel-based models showing similar
performance (ROC AUC range: 0.860-0.867). Discrimination
was modestly lower in A4 than in ADNI, consistent with
the narrower biologic dynamic range and lower clinical
heterogeneity of the preclinical cohort [21,54-58].

To further evaluate the contribution of clinical heterogeneity,
we performed additional within-cohort analyses restricted
to cognitively normal ADNI participants only (ADNI-CN).
Within this subgroup, classification performance remained
strong, with XGBoost achieving the highest discrimination
(ROC AUC = 0.870) and support vector machines achieving
the highest accuracy (0.826). Overall performance in ADNI-
CN was generally intermediate between full-spectrum ADNI
and A4, reflecting the reduced clinical heterogeneity of the
cognitively normal subset (Table 2). These findings suggest
that plasma biomarker signal remains robust even after
restricting analyses to preclinical individuals.

Within ADNI, multiclass classification of clinical diagnosis
yielded lower discrimination than amyloid classification, with
the best performance observed for random forest (ROC AUC
OVR =0.766).This likely reflects the more complex relationship
between plasma biomarkers and clinically defined stages of
cognitive impairment.

Within-cohort prediction of continuous amyloid burden

Models predicting continuous amyloid PET burden, expressed
as centiloids, also performed well within cohort (Table 2). In
ADNI, random forest provided the best performance (R* =
0.628), followed closely by LightGBM (R*=0.624) and XGBoost
(R* = 0.599). In A4, performance was more modest but still
meaningful, with the best result achieved by random forest
(R* = 0.535). These findings suggest that plasma biomarkers
capture not only binary amyloid status but also a substantial
portion of quantitative amyloid burden [19,31,58].

Within the cognitively normal ADNI subgroup (ADNI-CN),
regression performance was reduced relative to the full ADNI
cohort, with the best result achieved by LightGBM (R?=0.486).
Nevertheless, substantial predictive signal remained despite
restriction to cognitively normal participants. This pattern is
consistent with the reduced biologic dynamic range expected
in preclinical populations and parallels the more modest
performance observed in A4.

Across all cohorts, non-linear ensemble methods consistently
outperformed linear regression models, indicating that the
relationship between plasma biomarkers and amyloid burden
is at least partly non-linear.

Model structure and feature contributions

To further characterize model structure and biological
coherence, we examined standardized logistic regression
coefficients (Supplementary Figure S1), feature importance
rankings (Supplementary Figure S2), and SHAP-based
interpretability analyses (Supplementary Figure S3).
Standardized logistic regression coefficients showed
that p-tau217 made the largest contribution to amyloid
classification in both cohorts, with APOE €4 allele count and
the AP42/40 ratio also demonstrating significant effects.
Feature importance rankings across random forest, XGBoost,
and LightGBM models consistently identified p-tau217 as the
most influential predictor, followed by APOE €4 and AP42/40.

SHAP analyses further showed that higher p-tau217 values
increased the predicted probability of amyloid positivity,
whereas higher AB42/40 values decreased risk. These effects
were monotonic and directionally consistent across cohorts.
Together, these analyses indicate that biological signal
structure was stable across modeling approaches within each
cohort and that predictive performance was driven primarily
by the biomarker signal rather than model architecture.

Pairwise external validation of amyloid PET classification

Building on the strong within-cohort performance observed
in Table 2 and Figure 2, we next evaluated model portability
under pairwise external validation (Table 3). Table 3
highlights a dissociation between preserved discrimination
and attenuation of clinically actionable metrics.

When models trained in A4 were applied to ADNI,
discrimination remained high, with ROC AUC values ranging
from approximately 0.87 to 0.89 across models. The best
performance in this direction was observed for logistic
regression (AUC = 0.894; accuracy = 0.794). Corresponding
NPV values remained relatively high (approximately 0.84-
0.87), consistent with the clinical characteristics of ADNI.

In contrast, when models trained in ADNI were applied to
A4, discrimination declined only modestly, with AUC values
of approximately 0.83-0.87 across models, but clinically
actionable performance was substantially attenuated. In
this direction, NPV declined to approximately 0.60-0.66
across models despite relatively preserved discrimination.
Accuracy and F1 score also decreased modestly, with accuracy
ranging from approximately 0.74 to 0.77 and F1 score from
approximately 0.75 to 0.79. This pattern demonstrates that
models with similar discrimination can produce markedly
different classification performance depending on the target
deployment setting.
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Table 3. Pairwise external validation of amyloid PET classification performance across transfer directions. Classification performance
of machine learning models trained in one cohort and evaluated in an independent cohort. Three transfer settings were examined: ADNI—=A4,
A4—ADNI, and ADNI-CN—A4, where ADNI-CN represents the subset of cognitively normal participants within ADNI. Performance metrics
include positive predictive value (PPV), negative predictive value (NPV), accuracy, receiver operating characteristic area under the curve (ROC
AUCQ), and F1 score. The column n_test indicates the number of participants in the external test cohort. Models identified as is_best = TRUE
correspond to the highest-performing model within each transfer direction based on overall discrimination (ROC AUC). Comparison of ADNI-
full and ADNI-CN transfer performance was included as a sensitivity analysis to evaluate the contribution of clinical heterogeneity to pairwise
external validation performance.

ADNI->A4 LogReg 822 0.930851064 0.643497758 0.774939173 0.870823578 0.790960452 TRUE
ADNI->A4 RF 822 0.945558739 0.621564482 0.759124088 0.868162217 0.769230769 FALSE
ADNI->A4 XGB 822 0.91966759 0.616052061 0.749391727 0.842935782 0.763218391 FALSE
ADNI->A4 LGBM 822 0.912568306 0.61622807 0.748175182 0.845302133 0.763428571 FALSE
ADNI->A4 SVM 822 0.941520468 0.610416667 0.748175182 0.864258052 0.756756757 FALSE
A4->ADNI LogReg 885 0.736082474 0.865 0.794350282 0.894217048 0.796875 TRUE
A4->ADNI RF 885 0.736951983 0.857142857 0.792090395 0.886781751 0.793258427 FALSE
A4->ADNI XGB 885 0.718940937 0.852791878 0.778531073 0.881723079 0.7827051 FALSE
A4->ADNI LGBM 885 0.718940937 0.852791878 0.778531073 0.884048374 0.7827051 FALSE
A4->ADNI SVM 885 0.695049505 0.842105263 0.75819209 0.873356124 0.766375546 FALSE
ADNI_CN->A4 LogReg 822 0.959501558 0.598802395 0.739659367 0.852564384 0.742168675 FALSE
ADNI_CN->A4 RF 822 0.971698113 0.603174603 0.745742092 0.863859475 0.747279323 TRUE
ADNI_CN->A4 XGB 822 0.920110193 0.618736383 0.751824818 0.834280083 0.766055046 FALSE
ADNI_CN->A4 LGBM 822 0.927051672 0.586206897 0.722627737 0.826660055 0.727923628 FALSE
ADNI_CN->A4 SVM 822 0.970909091 0.557586837 0.695863747 0.840265006 0.681122449 FALSE

Relative to internal ADNI validation (AUC = 0.917-0.918),
transfer to A4 produced an absolute AUC reduction of
approximately 4-7%. Although modest in magnitude, this
reduction was consistent across algorithms and biomarker
configurations, indicating systematic attenuation under
dataset shift [49]. Importantly, predictor rankings remained
stable under transfer (Supplementary Figures S2 and
$3), suggesting that the decline reflects distributional and
calibration differences rather than loss of the underlying
biological signal.

These findings highlight a gap between internal validation
and real-world deployment conditions. In particular, the
direction-dependent decline in NPV underscores the
sensitivity of screening-relevant metrics to cohort differences
and demonstrates that discrimination alone is insufficient to
evaluate clinical utility [17,47].

Prediction of continuous amyloid burden under
pairwise external validation

We next evaluated plasma biomarker-based prediction
of continuous amyloid PET burden under pairwise
external validation (Figure 3). Overall, centiloid prediction
performance was substantially attenuated relative to within-

cohortanalyses. Across transfer directions, externally validated
models achieved R? values ranging from 0.281 to 0.427, with
RMSE values ranging from 31.0 to 36.6 centiloids depending
on the transfer direction, model, and biomarker configuration.

When models trained in ADNI were applied to A4 (Figure
3A and 3D), the best-performing models achieved R? = 0.423
and RMSE = 31.0 using p-tau217 alone with ridge regression,
and R* = 0.376 with RMSE = 32.2 using combined p-tau217
and AB42 with random forest. Predicted values showed
substantial dispersion around the identity line, particularly at
higher centiloid values, and systematically underestimated
higher levels of amyloid burden.

When models trained in A4 were applied to ADNI (Figure
3B and 3E), performance was similarly attenuated. The best
results were achieved using random forest for p-tau217
alone (R? = 0.427, RMSE = 34.4) and LightGBM for combined
p-tau217 and AB42 (R*> = 0.351, RMSE = 36.6). Predictions
exhibited greater variance across the full centiloid range,
with both underestimation and overestimation observed at
intermediate and higher amyloid levels.

To evaluate whether transfer-related attenuation was
primarily driven by the broader clinical spectrum represented

J Exp Neurol. 2026
Volume 7, Issue 2

77



Korni A, Zandi E. Pairwise External Validation of Plasma Biomarker-Based Machine Learning Models for Amyloid
PET Prediction: Implications for Calibration and Clinical Utility. ] Exp Neurol. 2026;7(1):70-89.

C. ADNI-CN A4 (p-tau217)

A. ADNI A4 (p-tau21?) B. A4 -ADNI (p-tau217)

Best model: Rioge
RMSE = 31.0 ,,
00 |F=042 15

a
k-3

100

Predicted Centiloids
Predicted Centiloids
Predicted Centiloids

0 50 100 150 200 -50 0 50 100 150 0 50 100 150
Actual Gentiloids Actual Gentiloids Actual Centiloids

D. ADNI—A4 (p-tau217/AB42) E. A4—ADNI (p-tau217/AB42) F. ADNI-CN—A4 (p-tau217/AB42)

[Be: ) Best model: LGBM
RMSE =366
R 0.351

odel: RF
=322

150 150

Predicted Centiloids.
Predicted Centiloids
Predicted Centiloids.

150 0 50 100 150

o 50 100 150 -50 0 50 100
Actual Centiloids

Actual Centiloids Actual Centiloids

Figure 3. Prediction of continuous amyloid PET burden under pairwise external validation. Scatter plots showing predicted versus
observed amyloid PET burden (centiloids) under pairwise external validation across transfer directions and biomarker configurations. Panels
A-C show models trained using plasma p-tau217 alone, whereas Panels D-F show models trained using combined plasma p-tau217 and
AR42 features. Panels A and D represent ADNI—A4 transfer, Panels B and E represent A4—ADNI transfer, and Panels C and F represent
ADNI-CN—A4 transfer after restricting ADNI to cognitively normal participants only. Solid lines indicate fitted regression relationships, and
dashed diagonal lines indicate the line of identity. Each panel reports the best-performing model, root mean squared error (RMSE), and
coefficient of determination (R?). Across all transfer directions, prediction performance was attenuated relative to within-cohort analyses,

with persistent compression of predicted values and reduced dynamic range at higher centiloid levels.

in ADNI, we repeated the analyses after restricting ADNI
to cognitively normal participants only (ADNI-CN). Under
this restriction (Figure 3C and 3F), prediction performance
remained attenuated, with the best results achieved using
random forest for p-tau217 alone (R*>=0.399, RMSE = 31.6) and
ridge regression for combined p-tau217 and Ap42 (R>= 0.281,
RMSE = 34.6). Although performance changed modestly
relative to the full ADNI-trained models, restricting ADNI to
cognitively normal participants did not eliminate transfer-
related attenuation.

Across all transfer directions, inclusion of additional
biomarkers did not consistently improve prediction
performance and in several settings resulted in lower R values.
These findings suggest that increasing model complexity does
not fully mitigate transfer-related attenuation and may increase
sensitivity to cohort-specific distributional differences.

Collectively, these results indicate that prediction of

continuous amyloid burden is more sensitive to dataset shift
than binary amyloid classification [49]. The persistence of
attenuated performance following restriction to cognitively
normal ADNI participants suggests that clinical heterogeneity
contributes to, but does not fully explain, the observed
differences across cohorts.

Clinical impact: negative predictive value under
pairwise external validation and prevalence
dependence

To evaluate the mechanisms underlying the NPV differences
observed under pairwise external validation, we examined
the prevalence-dependent behavior of negative predictive
value across transfer directions (Figure 4). Simulated NPV
curves were generated using sensitivity and specificity
values estimated in the training cohort at Youden-optimal
thresholds and evaluated across a range of hypothetical
disease prevalence values.
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Figure 4. Prevalence-dependent behavior of negative predictive value under pairwise external validation. Simulated negative
predictive value (NPV) as a function of disease prevalence for pairwise external validation settings using logistic regression models and
Youden-optimal thresholds derived in the training cohort and applied unchanged to the target cohort. Curves are shown for models
trained in ADNI and applied to A4 (blue), trained in A4 and applied to ADNI (red), and trained using cognitively normal ADNI participants
only (ADNI-CN) and applied to A4 (green). Vertical dotted lines indicate the observed amyloid positivity prevalence in ADNI (46.4%) and
A4 (61.8%). Sensitivity, specificity, and threshold values used for each transfer direction are shown in the legend. NPV declined nonlinearly
with increasing prevalence across all transfer directions. Restricting ADNI to cognitively normal participants modestly altered the curves
but did not eliminate attenuation under transfer, indicating that prevalence differences alone do not fully explain cross-cohort degradation
in clinically actionable performance.

Across all transfer directions, NPV declined nonlinearly with
increasing disease prevalence, demonstrating the strong
prevalence dependence of rule-out performance. Models
trained in A4 and applied to ADNI consistently produced the
highest simulated NPV values across the prevalence range,
whereas models trained in ADNI and applied to A4 produced
lower NPV values despite relatively preserved discrimination
[17,42,43,47,59].

At the observed prevalence levels for ADNI (46.4%) and A4
(61.8%), the simulated curves closely matched the empirically
observed NPV values obtained from the pairwise external
validation analyses (Figure 5). These findings indicate that
a substantial component of the observed NPV attenuation
under ADNI-A4 transfer is mathematically expected due to
differences in prevalence and threshold selection rather than
loss of discriminatory signal alone.

To evaluate whether this attenuation was primarily driven
by the broader clinical spectrum represented in ADNI, we
repeated the analysis after restricting ADNI to cognitively
normal participants only (ADNI-CN). Under this restriction,
the prevalence-adjusted NPV curve shifted only modestly
relative to the full ADNI-trained model and remained
substantially lower than the A4—ADNI transfer curve across
clinically relevant prevalence values. Thus, although clinical
heterogeneity contributes to transfer-related attenuation, it
does not fully explain the attenuation in clinically actionable
performance.

Supplementary Figure S4 further demonstrates the
threshold dependence of classification performance
under pairwise external validation. Under Youden-optimal
thresholding, models generally maintained balanced
sensitivity and specificity across transfer directions, although
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Figure 5. Negative predictive value under pairwise external validation across transfer directions. Negative predictive value (NPV) for
amyloid PET classification across pairwise external validation settings using Youden-optimal thresholds derived in the training cohort and
applied unchanged to the target cohort. Panel A shows models trained in the full ADNI cohort and tested in A4. Panel B shows models
trained in A4 and tested in ADNI. Panel C shows models trained using cognitively normal ADNI participants only (ADNI-CN) and tested in
A4. Error bars represent 95% bootstrap confidence intervals estimated from 1,000 bootstrap iterations. Models transferred from ADNI to A4
exhibited lower NPV than models transferred in the reverse direction. Restricting ADNI to cognitively normal participants modestly altered
NPV but did not eliminate attenuation under transfer, indicating that clinical heterogeneity alone does not fully explain deployment-related

degradation.

clinically actionable metrics such as NPV varied substantially.In
contrast, under fixed 90% sensitivity thresholding, specificity
frequently collapsed toward zero across several transfer
directions and models, resulting in unstable predictive values
despite relatively preserved discrimination. Similar patterns
were observed for both p-tau217-only and combined
p-tau217/AB42 biomarker configurations. These findings
indicate that threshold selection strongly influences clinically
actionable performance under deployment conditions and
further support the conclusion that discrimination metrics
alone are insufficient to characterize deployment readiness.

Supplementary Figure S5 directly compares classification
performance between ADNI-full and ADNI-CN-trained models
evaluated in A4. Restricting ADNI to cognitively normal
participants resulted in only modest reductions in ROC
AUC (AAUC approximately 0.004-0.024 across models) and
similarly modest shifts in NPV (ANPV approximately —0.035
to +0.050). These findings indicate that clinical heterogeneity
contributes to transfer-related attenuation but does not
fully explain the observed reduction in clinically actionable
performance.

Supplementary Figure S6 further demonstrates substantial
variability in probability thresholds across transfer directions,
machine learning models, and thresholding strategies. Under
Youden-optimal thresholding, threshold values differed
systematically between transfer directions, particularly for
gradient boosting and support vector machine models. Under
fixed 90% sensitivity thresholding, threshold values frequently
collapsed toward zero across several transfer directions and
models, reflecting substantial reduction in specificity under

high-sensitivity operating conditions. Restricting ADNI to
cognitively normal participants modestly altered threshold
values but did not eliminate threshold instability under
transfer. Similar patterns were observed for both p-tau217-
only and combined p-tau217/AB42 biomarker configurations,
indicating that threshold instability is a general property of
pairwise external validation rather than a feature of a specific
biomarker representation. These threshold instabilities likely
contribute to the calibration shifts observed under pairwise
external validation (Figure 6).

Together, these findings demonstrate that NPV is highly
sensitive to the target deployment setting and depends jointly
on prevalence, threshold selection, and calibration stability.
Although discrimination remained relatively preserved across
cohorts, clinically relevant rule-out performance varied
substantially under pairwise external validation, indicating
that discrimination metrics alone are insufficient to assess
deployment readiness.

Calibration under pairwise external validation

Calibration analyses demonstrated that pairwise external
validation primarily affected probability calibration rather
than ranking performance (Figure 6). When ADNI-trained
models were applied to A4, calibration slope remained close
totheideal value of 1.0 (slope =0.992), indicating preservation
of ranking performance. However, the calibration intercept
showed a substantial positive shift (intercept = 0.957),
consistent with systematic upward shift in predicted amyloid
positivity probabilities. The corresponding Brier score was
modestly elevated (0.161).
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In contrast, models trained in A4 and applied to ADNI

demonstrated lower calibration slope (0.836) and a negative
calibration intercept (-0.911), indicating systematic
underestimation of probabilities in the reverse transfer
direction.

To evaluate whether calibration instability was primarily
driven by the broader clinical spectrum represented in ADNI,
additional analyses were performed after restricting ADNI to
cognitively normal participants only (ADNI-CN). Although
this restriction altered calibration characteristics modestly,
systematic calibration deviations persisted (slope = 1.167;
intercept = 1.180; Brier score = 0.181), indicating that clinical
heterogeneity alone does not fully explain transfer-related
calibration instability.

Together, these findings demonstrate that pairwise external
validation preserves substantial discriminatory signal while
introducing systematic shifts in predicted probabilities,
particularly at clinically relevant operating ranges [43,45,49].

Biomarker distribution shift as a mechanistic

contributor

To investigate the origin of transfer-related attenuation,
we examined raw and standardized biomarker distributions
across ADNI and A4 (Figure 7). For p-tau217, ADNI showed a
substantially higher mean than A4 (0.363 vs 0.173; A = 0.189),
along with a broader right-skewed tail, indicating greater

variance and dynamic range. For the AP42/40 ratio, the
difference was smaller but still consistent (0.0576 in ADNI vs
0.0929 in A4; A = —0.0353), and the two cohort distributions
remained clearly separated.

Within-cohort z-scoring aligned cohort means to zero, but

differences in distribution shape, variance, and skewness
persisted. In particular, the ADNI p-tau217 distribution
retained a heavier right tail than A4, indicating that
standardization does not fully harmonize higher-order
distributional properties. Figure 7D summarizes these raw
differences, highlighting a large shift for p-tau217 and a
smaller but consistent shift for AB42/40.

These findings demonstrate that plasma biomarker
distributions differ systematically across cohorts in ways
that are not fully corrected by standard preprocessing. Such
distributional mismatches are consistent with dataset shift
and provide a mechanistic explanation for the calibration
shifts observed in Figure 6. Because machine learning
models learn decision boundaries based on cohort-specific
feature distributions, shifts in mean, variance, and shape can
distort how those boundaries apply to new data. This effect
is particularly relevant for p-tau217, which was the dominant
predictive feature across models. Together, these results
indicate that assay-related and cohort-specific biomarker
differences are an important contributor to calibration
instability and of reduced NPV under pairwise external
validation [17,31,45,47,49,60].
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Figure 7. Biomarker distribution shift between ADNI and A4 cohorts. (A) Raw p-tau217 distributions (histogram + kernel density
estimate) in ADNI (blue) and A4 (green). Vertical lines indicate cohort means; inset reports means and their difference (A). (B) Raw Ap42/40
distributions (histogram + KDE) with cohort means and A annotated. (C) p-tau217 distributions after within-cohort z-scoring (means aligned
to zero), illustrating that standardization masks cohort mean shifts while leaving distributional shape and variance differences intact. (D)
Bar plot quantifying the raw mean differences (ADNI mean — A4 mean) for both biomarkers. These panels together illustrate how cohort-

specific biomarker distributions can induce dataset shift that is not fully addressed by simple within-cohort standardization.

Decision curve analysis: net clinical benefit under
pairwise external validation

Clinical utility was further evaluated using decision curve
analysis under pairwise external validation settings (Figure
8) [17,42,471. Across clinically relevant threshold probabilities,
externally validated models generally maintained positive
net benefit relative to the “treat none” strategy, although the
magnitude of benefit varied across transfer directions.

When models trained in ADNI were applied to A4 (Figure
8A), net benefit remained positive across a broad threshold
range and exceeded the “treat all” strategy throughout most
clinically relevant decision thresholds. However, net benefit
progressively declined at higher threshold probabilities.
Restricting ADNI to cognitively normal participants only (ADNI-
CN) produced a qualitatively similar decision curve, although
net benefit was modestly lower across much of the threshold

range. These findings indicate that clinical heterogeneity
contributes to, but does not fully explain, transfer-related
attenuation in clinical utility.

Models trained in A4 and applied to ADNI (Figure 8B)
demonstrated relatively preserved net benefit across clinically
relevant threshold ranges, remaining consistently above the
“treat none” strategy and outperforming the “treat all” strategy
across much of the highlighted decision interval. Although net
benefit declined gradually at higher threshold probabilities,
clinically meaningful utility was retained throughout most of
the evaluated range.

Together, these findings demonstrate that clinically
actionable utility is sensitive to the target deployment setting
even when discrimination remains relatively preserved. The
reduced net benefit observed under ADNI—=A4 transfer was
consistent with the prevalence-dependent NPV attenuation
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Figure 8. Decision curve analysis under pairwise external validation. Decision curve analysis comparing net clinical benefit across
probability thresholds for pairwise external validation settings. Panel A shows logistic regression models trained in the full ADNI cohort
and applied to A4 (blue), together with models trained using cognitively normal ADNI participants only (ADNI-CN) and applied to A4
(green dashed line). Panel B shows logistic regression models trained in A4 and applied to ADNI (red). Gray dash-dotted lines represent
the “treat all” strategy, and black horizontal lines represent the “treat none” strategy. Shaded regions indicate clinically relevant threshold
ranges. Cross-cohort transfer preserved positive net benefit across broad threshold ranges; however, net benefit was attenuated relative to
internally validated performance. Restricting ADNI to cognitively normal participants did not eliminate the reduction in net clinical benefit

under transfer, indicating that clinical heterogeneity alone does not fully explain deployment-related degradation.

and calibration shifts demonstrated in Figures 4 and 6. In
contrast, the comparatively preserved utility of A4—ADNI
transfer suggests that prevalence, threshold selection, and
calibration collectively influence downstream clinical decision
performance. These results further support the conclusion that
decision-analytic measures of clinical utility are more sensitive
to deployment-related dataset shift than discrimination
metrics alone.

Summary of key findings

Collectively, these results demonstrate that plasma
biomarker-based models achieve strong within-cohort
discrimination and robust centiloid prediction. Pairwise
external validation produced only modest AUC attenuation
but greater attenuation in regression performance. Clinically
actionable metrics, particularly NPV, were substantially more
sensitive to dataset transfer than discrimination. Calibration
shifts and biomarker distributional differences provided
mechanistic explanations for attenuation, and prevalence
amplified modest sensitivity changesinto clinically meaningful
reductionsin rule-out performance.These findings underscore
the importance of pairwise external validation, explicit
calibration assessment, and assay-consistent biomarker
generation before real-world deployment of blood-based
screening tools.

Discussion

In this study, we evaluated the performance and portability
of plasma biomarker-based machine learning (ML) models for
amyloid PET prediction within and across two complementary
cohorts, ADNI and A4. The results support five interrelated
observations regarding model performance and portability
under pairwise external validation. First, plasma biomarker-
based ML models demonstrate strong within-cohort
performance for both binary amyloid classification and
continuous centiloid prediction. Discrimination approached
or exceeded AUC values of 0.90 in ADNI and 0.87 in A4,
consistent with prior reports of plasma p-tau217-based
prediction [20,21,26,52]. Model structure analyses further
demonstrated that biological signal hierarchy is stable
across cohorts and algorithms, with p-tau217 consistently
emerging as the dominant predictor, followed by AB42/40
and APOE €4 count. These findings reinforce the robustness
of core amyloid-related plasma biomarkers and support their
biological validity.

Second, pairwise external validation resulted in reproducible
but modest attenuation in discrimination (absolute AUC
reduction of ~4-7%) and greater attenuation in continuous
centiloid prediction. Importantly, feature ranking and
directionality remain stable under transfer, indicating that
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cross-cohort degradation is not driven by reversal of biological
associations. These findings are consistent with broader
observations that predictive performance can degrade under
dataset shift even when underlying signal remains valid
[45,49,61].

Third, and most clinically consequential, pairwise external
validation attenuated clinically actionable metrics. Negative
predictive value (NPV) declined by approximately 20
percentage points when ADNI-trained models were applied
to the preclinical A4 population. This reduction is substantially
larger than the observed AUC decline and underscores that
discrimination alone does not capture deployment risk. Given
current appropriate-use recommendations emphasizing high
NPV for screening applications [17,47], this degradation has
direct implications for clinical implementation. Additional
analyses restricted to cognitively normal ADNI participants
(ADNI-CN) demonstrated that transfer-related attenuation
persisted even after removing individuals with mild cognitive
impairment and dementia. Although modest changes
in discrimination, NPV, calibration, and decision-curve
performance were observed, the overall pattern remained
largely unchanged. These findings suggest that clinical
heterogeneity contributes to transfer-related attenuation
but does not fully explain the observed differences between
cohorts. Instead, multiple factors, including prevalence
variation, calibration shifts, and biomarker distributional
differences, appear to contribute jointly to deployment-
sensitive performance.

Fourth, calibration analyses reveal systematic probability
misestimation under cross-cohort transfer. Even when AUC
remains acceptable, predicted probabilities deviate from
observed event rates, directly affecting NPV. Threshold-
dependent analyses demonstrate that this instability affects
the entire operating characteristic surface rather than a single
decision point, and decision curve analysis confirms reduced
net clinical benefit under deployment. These findings are
consistent with established literature demonstrating that
models optimized for discrimination may exhibit unstable
probability estimates under distributional shift [45,49].

Fifth, biomarker distributional differences and disease
prevalence provide mechanistic explanations for these
observations. Plasma p-tau217 and AP42/40 distributions
differ between ADNI and A4 despite within-cohort
standardization. Empirical head-to-head comparisons of
plasma p-tau217 assays demonstrate that platform and
calibration differences can produce measurable shifts in
biomarker distributions [31,47], consistent with earlier
evidence of assay variability in Alzheimer’s disease biomarker
research [32]. Such distributional mismatches likely drive
calibration shifts under cross-cohort transfer. In addition,
prevalence-adjusted analyses demonstrate mathematically

that even modest sensitivity differences, when combined
with prevalence variation, can produce large NPV changes.
Thus, NPV degradation under deployment is both structurally
predictable and empirically observed.

Threshold-dependent analyses further demonstrated that
clinically actionable performance is sensitive to operating-
point selection. Under fixed high-sensitivity thresholds,
specificity frequently collapsed toward zero across transfer
directions, whereas Youden-optimal thresholds produced
more balanced operating characteristics. Threshold probability
values also varied substantially across transfer directions and
biomarker configurations. Together, these findings indicate
that threshold instability is an additional mechanism through
which deployment-related attenuation can emerge, even
when discrimination remains relatively preserved.

The stability of feature contributions across these cohorts
suggests that the underlying biological signal is largely
preserved under pairwise external validation. SHAP analyses
(Supplementary figure 3) demonstrate monotonic and
coherent predictor effects, and feature importance rankings
confirm consistent predictor hierarchy across algorithms.
These findings suggest that the models capture genuine
pathophysiological relationships rather than cohort-specific
artifacts.

However, biological robustness does not guarantee
deployment robustness. Cross-cohort attenuation in AUC,
althoughmodest,becomesclinicallyamplified whentranslated
into predictive values. This divergence between discrimination
and predictive value highlights a key translational insight:
models may maintain ranking performance while losing
decision reliability. This phenomenon is well described in
the broader ML literature, where dataset shift can degrade
probability calibration even when discrimination remains
stable [49].

Our findings suggest that calibration may represent a major
source of translational fragility, even when discrimination
remains relatively preserved. Models exhibited systematic
probability shift / calibration shift, shifting predicted
probabilities relative to observed risk. Because NPV depends
directly on predicted probabilities and prevalence, even small
calibration deviations propagate into substantial changes in
rule-out performance.

This finding aligns with prior evidence that modern ML
models frequently exhibit miscalibration under domain shift
[45], and that standard recalibration approaches such as Platt
scaling or isotonic regression may only partially mitigate these
effects [49]. In our analyses, simple intercept recalibration
improved performance modestly but did not eliminate
direction-dependent degradation, suggesting that deeper
distributional differences contribute to instability.
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Distributional analyses reveal that plasma biomarkers,
particularly p-tau217, exhibit cohort-level differences in
mean, variance, and distributional shape. Although z-scoring
aligns cohort means, higher-order differences persist, altering
the effective operating region of learned decision boundaries.

These findings support the hypothesis that assay
heterogeneity, including platform differences and calibration
strategies, is a primary contributor to cross-cohort instability.
Prior studies have documented inter-platform variability in
AD biomarker measurement [32,34,62,63], and dataset shift
theory predicts that such differences can degrade predictive
performance under transfer [49]. The preservation of predictor
directionality across cohorts suggests that biological
relationships remain intact, whereas instability arises from
measurement context rather than biological reversal.

The prevalence-adjusted analyses provide a formal
explanation for observed degradation. Because NPV is
inversely related to disease prevalence and directly related
to sensitivity, modest reductions in sensitivity under cross-
cohort transfer are amplified in moderate-to-high prevalence
populations. The close agreement between simulated and
empirical NPV values supports this interpretation.

These findings emphasize a key translational principle:
predictive value is not an intrinsic property of a model but a
function of sensitivity, specificity, and population prevalence.
Consequently, deployment into populations with different
base rates can materially alter rule-out performance even
when discrimination remains similar.

Recent plasma p-tau217 “clock” models have demonstrated
promise for staging disease progression within harmonized
cohorts [28]. Our findings suggest that longitudinal models
may face similar portability challenges if assay consistency
and calibration stability are not maintained across target
deployment settings. Thus, cross-cohort validation and
harmonized measurement frameworks are likely prerequisites
not only for screening classifiers but also for reliable
implementation of longitudinal staging models.

Taken together, our results demonstrate that plasma
biomarker-based ML models are biologically robust yet
deployment-sensitive. Clinically actionable metrics such as
NPV are substantially more vulnerable to dataset shift than
AUC. For screening applications in asymptomatic populations,
high NPV and stable calibration are essential. Accordingly,
cross-cohort validation should be considered a prerequisite
for deployment, as external validation is a critical but
often underperformed step in clinical prediction modeling
[64,65]. In addition, calibration assessment must accompany
discrimination reporting, as both are required to evaluate
clinical usefulness of prediction models [43,66]. Finally, assay-

consistent biomarker generation may represent the most
effective translational lever, as variability in data generation
and model validation remains a key barrier to safe clinical
implementation of Al-based prediction tools [67].

Limitations

Several limitations should be considered when interpreting
these findings. First, although we evaluated pairwise external
validation using two large and well-characterized datasets,
both cohorts are research-based populations with specific
inclusion criteria. ADNI includes participants across the
clinical spectrum, whereas A4 focuses on cognitively normal
individuals enriched for amyloid status. As a result, the
study populations may not fully represent real-world clinical
settings, and the observed performance may differ in more
heterogeneous healthcare populations.

Second, differences in biomarker assay platforms and pre-
analytical procedures between cohorts likely contributed to
the observed distributional shifts. While these differences are
central to the study’s objective, they also limit the ability to
disentangle biological variability from technical variability.
Although within-cohort standardization was applied, this
approach does not fully harmonize higher-order distributional
differences, and alternative harmonization strategies were not
explored.

Third, the analysis was restricted to baseline measurements
to reflect realistic screening conditions. While this design
enhances clinical relevance, it does not capture longitudinal
changes in biomarker trajectories or disease progression. As
a result, the findings should be interpreted as reflecting cross-
sectional prediction performance rather than longitudinal risk
modeling.

Fourth, although the sample sizes were substantial (n = 885
and n = 822), the effective sample size for certain subgroup
and cross-cohort analyses is smaller, which may affect the
precision of performance estimates. Confidence intervals
were provided for key metrics such as negative predictive
value; however, uncertainty in these estimates should be
considered, particularly when interpreting differences across
cohorts.

Fifth, we focused on a predefined set of machine learning
models without extensive hyperparameter optimization or
model recalibration. This choice was intentional to simulate
real-world deployment conditions, but it may underestimate
the maximum achievable performance within each cohort.
Conversely, the observed degradation under cross-cohort
transfer may differ with alternative modeling or recalibration
strategies.
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Although the ADNI-CN analyses help isolate one source of
cohort heterogeneity, the study remains limited to a single
pair of research cohorts with specific inclusion criteria and
biomarker measurement workflows. Accordingly, the extent to
which these findings extend beyond the ADNI-A4 comparison
cannot be determined from the present data alone. Additional
validation in independent cohorts with harmonized biomarker
measurements will be needed to determine therobustnessand
portability of these results. Taken together, these limitations
indicate that plasma biomarker-based models show strong
within-cohort performance, but their deployment should
be accompanied by explicit external validation, calibration
assessment, and assay harmonization.

Conclusions

Plasma biomarker-based ML models demonstrate strong
within-cohort performance but exhibit reproducible,
direction-dependent attenuation under pairwise external
validation. While discrimination declines modestly, clinically
actionable rule-out performance can decline substantially due
to calibration shifts, distributional mismatch, and prevalence
sensitivity. These findings underscore the importance of
deployment-aware validation, calibration monitoring, and
assay harmonization in translating plasma biomarkers into
scalable clinical screening tools.
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