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Abstract  DNA methylation age (MA), brain age 
(BA), and frailty index (FI) are putative aging bio-
markers linked to dementia risk. We investigated their 
relationship and combined potential for prediction of 
cognitive impairment and future dementia risk using 
the ADNI database. Of several MA algorithms, Dun-
edinPACE and GrimAge2, associated with memory, 
were combined in a composite MA alongside BA and 
a data-driven FI in predictive analyses. Pairwise cor-
relations between age- and sex-adjusted measures for 
MA (aMA), aBA, and aFI were low. FI outperformed 

BA and MA in all diagnostic tasks. A model includ-
ing age, sex, and aFI achieved an area under the 
curve (AUC) of 0.94 for differentiating cognitively 
normal controls (CN) from dementia patients in a 
held-out test set. When combined with clinical bio-
markers (apolipoprotein E ε4 allele count, memory, 
executive function), a model including aBA and aFI 
predicted 5-year dementia risk among MCI patients 
with an out-of-sample AUC of 0.88. In the prognostic 
model, BA and FI offered complementary value (both 
βs 0.50). The tested MAs did not improve predic-
tions. Results were consistent across FI algorithms, 
with data-driven health deficit  selection yielding the 
best performance. FI had a stronger adverse effect on 
prognosis in males, while BA’s impact was greater 
in females. Our findings highlight the complemen-
tary value of BA and FI in dementia prediction. The 
results support a multidimensional view of demen-
tia, including an intertwined relationship between 
the biomarkers, sex, and prognosis. The tested MA’s 
limited contribution suggests caution in their use for 
individual risk assessment of dementia.

Data used in preparation of this article were obtained 
from the Alzheimer’s Disease Neuroimaging Initiative 
(ADNI) database (adni.loni.usc.edu). As such, the 
investigators within the ADNI contributed to the design 
and implementation of ADNI and/or provided data but did 
not participate in the analysis or writing of this report. A 
complete listing of ADNI investigators can be found at the 
end of the article and online: http://​adni.​loni.​usc.​edu/​wp-​
conte​nt/​uploa​ds/​how_​to_​apply/​ADNI_​Ackno​wledg​ement_​
List.​pdf.
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Introduction

Dementia prevalence increases exponentially after age 
65 [1], but the underlying biological mechanisms link-
ing aging to dementia remain elusive [2]. One hypoth-
esis holds that neurodegenerative diseases leading to 
dementia may be manifestations of accelerated aging 
[3]. By quantifying deviations in biological age from 
expected chronological age with aging biomarkers, we 
might identify individuals at higher dementia risk and 
assess the effects of interventions targeting aging and 
aging-related neurodegenerative processes [2, 3].

Various biomarkers of biological age or aging have 
shown promise in predicting a diagnosis of dementia 
or future risk of the disease [4–13]. Still, geroscience 
lacks a standard definition of biological aging and its 
ideal biomarker [14, 15]. The search for biomarkers 
is complex due to aging manifesting at multiple lev-
els: molecular, phenotypic, and functional [16]. Here, 
we investigated the interrelated role of three leading 
aging biomarkers in dementia risk prediction, with 
each biomarker representing one of the three levels 
proposed by Ferruci et al. [16].

At the molecular level, alterations in methylation 
patterns of DNA are a hallmark of aging [17]. The 
methylation states in CpG dinucleotides across the 
genome can be measured in peripheral blood [18]. 
Algorithms called epigenetic clocks leverage this data 
to calculate an individual’s epigenetic or methyla-
tion age (MA). Often, MA is statistically adjusted for 
chronological age to generate an “age acceleration” 
metric [2], which quantifies the deviation of an individ-
ual’s methylation pattern from what is expected given 
their chronological age. Here, positive values indicate 
that an individual’s biological age as reflected by MA 
is higher than their chronological age. Several studies 
have used epigenetic age acceleration to study demen-
tia risk [9, 10, 19–23]. For instance, Mcmurran et al. 
found that epigenetic age acceleration, as measured 
by the Horvath and GrimAge MAs increases future 
dementia risk [21]. Another study found that an epi-
genetic clock reflecting aging pace (DunedinPACE) 
was associated with current cognitive impairment and 
future dementia risk [9, 10]. Other studies, including a 

systematic review, have yielded mixed results [19, 22, 
23] and highlight the need for further research. While 
single-gene methylation states were shown to predict a 
diagnosis of dementia due to Alzheimer’s disease (AD) 
with high in-sample accuracy in one study [24], we are 
unaware of studies examining the predictive power of 
MA algorithms for individual dementia risk assess-
ment based on out-of-sample verification. In contrast, 
the predictive potential of phenotypic biomarkers, in 
particular those captured by brain age models, has been 
more frequently examined in the context of individual 
risk assessment [7, 25, 26].

A notable example of a phenotypic aging bio-
marker is the difference between magnetic resonance 
brain imaging (MRI)-predicted and chronological age, 
denoted the brain age gap (BAG) [25, 27, 28]. The 
individual’s brain age (BA) is calculated by algorithms 
trained with machine learning, with recent BA models 
repeatedly producing reliable estimates across wide age 
ranges [27]. Studies have found positive associations 
between elevated BAG, AD biomarkers, and cognitive 
status [6, 13]. Importantly, BAG has also been tested 
for individual dementia prediction. For example, using 
BAG, Persson et al. achieved an area under the receiver 
operating characteristic curve (AUC) of 0.68 in classi-
fying individuals with dementia from non-dementia [7].

Aging eventually manifests as functional deteriora-
tion [15, 16]. Functional aging is frequently quanti-
fied using a frailty index (FI) [29, 30]. FI is a com-
posite score that reflects the accumulation of health 
deficits [29]. Multiple studies have demonstrated that 
a greater degree of frailty, as measured by higher FI 
scores, correlates positively with poorer cognitive sta-
tus and future dementia risk [31], even independent 
of cognitive test results [8]. The latter study by Song 
et  al. [8] obtained an AUC of 0.64 and 0.66 for the 
prediction of 5-year and 10-year future dementia risk.

A cross-sectional study by Phyo and colleagues [32] 
was the first to compare the three reviewed biomark-
ers representing different hierarchical levels of aging 
(MA, BAG, and FI). The authors found a mostly low 
correlation between MA measures and FI, while BAG 
was not correlated with either. The findings suggested 
a possible complementary value of the three in predict-
ing age-related disease risk. While this has yet to be 
examined in the context of dementia, studies investi-
gating another aging-related endpoint—mortality—
offer support for this notion. Li and colleagues [33], 
as well as Li et  al. [34], found that the combination 
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of different epigenetic clocks and FI scores enhanced 
mortality risk prediction compared to using any of 
these biomarkers in isolation. Moreover, Cole et  al. 
found that combining BAG and MA improved mor-
tality risk prediction [35]. These findings highlight 
the potential power of combining biomarkers from 
different levels of aging to improve the prediction of 
age-related outcomes. To date, a direct comparison of 
molecular, phenotypic, and functional aging biomark-
ers in the context of dementia prediction is lacking.

Our primary objective was to assess the individual 
and combined predictive value of the reviewed aging 
biomarkers (measures of MA, BA, and FI) for current 
cognitive impairment and future dementia risk utiliz-
ing the Alzheimer’s Disease Neuroimaging Initiative 
(ADNI) database. We hypothesized that combining 
biomarkers from each of the hierarchical levels of 
aging would improve model performance compared to 
using them individually. Our secondary objective was 
to examine the predictive potential of the aging bio-
markers when incorporated into models alongside well-
established, accessible clinical biomarkers: number of 
apolipoprotein E ε4 (APOE4) alleles and cognitive tests 
(memory, executive function). We anticipated that the 
aging biomarkers would provide added predictive value 
beyond these clinical markers.

For both objectives, we employed machine learning 
classifiers with out-of-sample verification, using AUC 
as our main performance metric. Theoretically, func-
tionally apparent aging emerges when resilience mech-
anisms at upstream levels become exhausted. Conse-
quently, we hypothesized that “age acceleration” at the 
functional level (measured by FI) would be a stronger 
predictor of dementia-related outcomes compared to 
an upstream phenotypic measure (BA). In turn, we 
expected phenotypic age acceleration to be a stronger 
predictor than upstream molecular metrics. Finally, we 
expected sex disparities in the aging biomarkers [32] 
and conducted sensitivity analyses to evaluate sex dif-
ferences in their predictive power.

Methods

Data source

Data used in the preparation of this article were 
obtained from the ADNI database (adni.loni.usc.
edu). ADNI was launched in 2003 as a public–private 

partnership, led by Principal Investigator Michael W. 
Weiner, MD. The primary goal of ADNI has been to 
test whether serial MRI, positron emission tomog-
raphy, other biological markers, and clinical and 
neuropsychological assessment can be combined to 
measure the progression of mild cognitive impair-
ment (MCI) and early AD. For up-to-date informa-
tion, see www.​adni-​info.​org. For the purposes of the 
present study, we drew subjects from three observa-
tional prospective case–control ADNI cohorts called 
ADNI1, ADNI2, and ADNIGO. Eligible subjects had 
available brain MRI, DNA methylation, and FI data 
obtained within 90 days of the baseline visit; cogni-
tive test results and demographics were drawn from 
the baseline visit. Data are publicly available (https://​
ida.​loni.​usc.​edu/).

Sample

Inclusion criteria included age 55 to 90 years; study 
partner to provide evaluation of function; speaks Eng-
lish; ability to undergo all testing, blood samples for 
genotyping and biomarkers, and neuroimaging proce-
dures; completed six grades of education or work his-
tory; for women postmenopausal or surgically sterile, 
not depressed, and a modified Hachinski score less 
than five to rule out vascular dementia. Individuals 
with dementia (hereafter abbreviated “DEM”) satis-
fied the criteria for NINCDS/ADRDA for probable 
AD DEM. Importantly, we used the clinical diagno-
sis reported in the ADNI database and did not require 
Alzheimer’s disease pathology biomarkers. Subjects 
enrolled as MCI had memory complaints verified 
by a study partner, Mini Mental Status Examination 
(MMSE) score of 24 to 30, Clinical Dementia Rat-
ing (CDR) global score (CDR-GS) = 0.5 with sum 
of boxes (CDR-SB) score of at least 0.5, and general 
cognition and functional performance sufficiently 
preserved such that a diagnosis of DEM could not be 
made. AD biomarkers were not required for a diagno-
sis of MCI in the present study. Cognitively normal 
(CN) controls had MMSE scores of 24 to 30, CDR-
GS = 0 (with CDR-SB score = 0), and were deemed 
normal based on an absence of significant impair-
ment in cognitive functions or activities of daily liv-
ing. In addition to the functional tests used to deter-
mine diagnosis, the participants underwent standard 
neuropsychological assessment at baseline, includ-
ing Rey’s Auditory Verbal Learning Test (RAVLT) 

http://www.adni-info.org
https://ida.loni.usc.edu/
https://ida.loni.usc.edu/
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and the Trail Making Test (TMT) which probes 
hallmark cognitive subdomains (memory and execu-
tive function, respectively) associated with AD DEM 
[36–39]. For the present study, we selected the imme-
diate recall part of RAVLT (simply denoted RAVLT 
throughout for brevity) for memory and part B of 
TMT (TMT-B) for executive function.

Molecular age

We quantified biological age at the molecular level by 
evaluation of DNA methylation (DNAm) patterns in 
white blood cells obtained from peripheral blood sam-
ples. DNAm data profiling was previously performed 
by the ADNI investigators for 653 unique ADNI par-
ticipants using the Illumina Infinium HumanMethyla-
tionEPIC BeadChip Array (www.​illum​ina.​com). We 
used a subset of these (n = 385) that also had avail-
able MRI and FI data within 90  days of the base-
line visit. If more than one DNAm sample existed 
for each unique participant, we selected the sample 
from the baseline visit. If a baseline sample was not 
available, we drew the sample at the temporally clos-
est time point to the baseline, excluding cases where 
the baseline-to-sample interval was 90 days or more 
apart. Median (absolute) time between baseline visit 
and blood sampling was 0.5 days (interquartile range 
(IQR) = 0 to 7) and was similar between diagnos-
tic groups and stable vs progression MCI (Wilcoxon 
tests, p-values > 0.05).

Several state-of-the-art MA algorithms may be 
used to obtain measures of aging from blood cell 
DNAm data. Here, we selected seven candidate MA 
algorithms that have been associated with either neu-
ropsychological test results, diagnosis, and/or future 
conversion to dementia risk in one or more obser-
vational studies [10, 18, 21–23, 40–43]: Horvath’s 
first-generation epigenetic clock (DNAmAge [44]), 
Horvath’s epigenetic “Skin-Blood” clock (Skin-
BloodClock [45]), second generation PhenoAge [46], 
two iterations of GrimAge (i.e., GrimAge [41], Grim-
Age2 [40]), and PCBrainAge [43] epigenetic clocks, 
and a third generation pace of aging MA measure, 
DunedinPACE [47]. Given the lack of a single or gold 
standard MA algorithm for DEM prediction and the 
inconsistent association between present MA meas-
ures and neurocognitive outcomes, the best MA met-
rics were decided via exploratory data analysis in the 
training set prior to the predictive modelling (details 

provided below) and reduced to a MA composite 
measure (denoted MA) using principal component 
analysis (PCA). The composite MA was rank-trans-
formed to obtain a similar distribution as FI and BA.

Phenotypic age

We used BA to operationalize aging at the phenotypic 
level. We estimated BA using a previously published 
deep neural network that has been shown to general-
ize to unseen scanners and cohorts [48], and which 
is freely available online (https://​github.​com/​esten​hl/​
pyment-​public). Briefly, this is a convolutional neural 
network with an architecture consisting of six blocks 
of convolutional and max-pooling layers. Prior to 
modelling, T1-weighted MRI scans were minimally 
processed to remove non-brain tissue with the recon-
all pipeline from FreeSurfer 5.3. Further, they were 
rigidly registered to the same stereotactic space, using 
flirt from FSL with six degrees of freedom. Further 
details of the pipeline are described in the original 
publication [48]. In cases where participants had mul-
tiple MRI scans, we chose the imaging session closest 
to baseline and excluded cases where the baseline-to-
scan interval was 90 days or more apart. The median 
(absolute) baseline to scan interval was 16  days 
(IQR = 10 to 27).

Functional age

We operationalized aging at a functional level using 
an FI based on the accumulation of deficits model 
of frailty developed by Rockwood and Mitnitski 
[29]. We first manually selected 93 health deficits, 
including common clinical variables, available at 
the screening or baseline visit in the ADNI data-
base, adhering to the standard procedure by Searle 
et  al. [30]. Then, we refined the manual selection 
of deficits using a data-driven procedure that com-
bines factor analysis of mixed data, cluster analysis, 
and regression analysis [5]. This refinement aimed 
to reduce the number of deficits while maximizing 
explained variance. The resulting data-driven FI 
consisted of 26 items and has previously been vali-
dated against mortality and DEM risk in ADNI and 
has been shown to be superior for DEM prediction 
compared to FIs generated using the standard pro-
cedure only [5]. In previous work, the data-driven 
FI employed here was denoted FIr (r for refined), 

http://www.illumina.com
https://github.com/estenhl/pyment-public
https://github.com/estenhl/pyment-public
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and a detailed description of its calculation, includ-
ing items and cut-offs, has been published [5]. The 
code for calculating the present, data-driven FI 
using ADNI data is also freely available (https://​
github.​com/​LAMag​lan/​ADNI-​FI-​clust​ering). This 
FI variable contains health deficits covering a range 
of systems, including non-cognitive clinical tests, 
such as blood test results (red and white blood cell 
counts), blood pressure, history of disease, symp-
toms such as low energy, alterations in gait, and 
functional measures. We use the term FI below 
when addressing the abovementioned data-driven 
FI unless otherwise specified. While superior to 
DEM prediction in ADNI, the data-driven FI used 
herein might not be readily applicable to FIs in gen-
eral, as the standard procedure does not involve an 
unsupervised machine-learning step for selecting 
health deficits [49]. To address this, we also ran our 
analysis-scheme using an FI constructed only using 
the standard procedure in supplementary analyses. 
For details regarding the included items and cut-
offs used for generating the standard FI, refer to 
[50]. For both FIs, higher scores indicate a greater 
degree of frailty (i.e., lower level of physical or sys-
tems-level function).

Age and sex‑adjusted biomarkers

To derive comparable measures of aging at the three 
different levels, we first adjusted each measure by 
regressing out sex and chronological age using linear 
models. These were fit using the training data (see 
below) and then applied to both the training and test 
data to produce residuals instead of raw measures, 
representing sex- and age-adjusted values. Next, we 
standardized the residuals by subtracting the mean 
and dividing by the standard deviation to obtain 
z-scores for subsequent modelling. The deviations 
from expected values based on sex and chronologi-
cal age at different levels (i.e., biological, phenotypic, 
and functional) were denoted by adding the prefix “a” 
to the adjusted measures: aFI, aBA, and aMA. The 
same age-adjustment and standardization procedure 
was done for RAVLT (aRAVLT) and TMT-B (aTMT-
B) to render variants of these uncorrelated with sex 
and age. To explicitly assess the impact of chronolog-
ical age and sex in the predictive models, we included 
these as predictors when appropriate.

Statistical analyses

Before any analyses were performed, we split the data 
into subsets to facilitate hyperparameter-tuning and 
unbiased out-of-sample estimates of model perfor-
mance (Fig. 1). We aimed to use as much data as pos-
sible to fit the models, despite the participants having 
various combinations of the relevant measures. Start-
ing from the full dataset (n = 1876), we first extracted 
all participants lacking methylation data into a stage 
1 modelling dataset (n = 1491), to be used for iden-
tifying the optimal selection of BA and FI (e.g., only 
aBA, only aFI, or aBA + aFI) as predictors, across 
all predictive tasks. The remaining 385 participants 
(with DNAm data) were stratified using diagnosis, 
age, and sex before 260 were drawn to form the data-
set for a second modelling stage (stage 2 dataset). The 
remaining 125 participants were reserved in a held-
out test set.

We performed data-driven feature selection in the 
stage 2 training dataset to identify a subset of candi-
date MA measures prior to any modelling. Here, we 
tested for associations between each of seven adjusted 
MA measures (aDNAmAge, aGrimAge, aPhenoAge, 
aSkin-BloodClock, aDunedinPACE, aPCBrainAge, 
aGrimAge2) and age- and sex-adjusted tests of mem-
ory (aRAVLT) and executive function (aTMT-B), 
which are well-known risk factors for DEM [36, 39]. 
We employed linear regression models for each uni-
variate analysis (Fig. 2). Next, we retrieved the coef-
ficient and p-value for each of these bivariate rela-
tionships from the models and corrected the p-values 
for multiple tests to reduce the false discovery rate 
(FDR) using the Benjamini–Hochberg procedure. 
Finally, MA measures with at least one p-value < 0.05 
post-correction for any of the predictive targets were 
retained for the subsequent analyses. The adjusted 
MA measures that survived were combined into a 
single measure by fitting a PCA to them and retriev-
ing the first principal component. As these measures 
were already adjusted for age and sex, this composite 
measure was left unadjusted (although we refer to it 
as aMA given the preceding adjustment steps).

Next, we performed multiple descriptive analy-
ses in the training set to assess the interrelationship 
between the aging biomarkers, and how they relate 
to the diagnostic and prognostic groups. Here, for 
prognostic comparison, we divided MCI subjects 
into those who converted to DEM within 5  years 

https://github.com/LAMaglan/ADNI-FI-clustering
https://github.com/LAMaglan/ADNI-FI-clustering
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from baseline (progressive MCI, pMCI) and those 
who remained stable (stable MCI, sMCI). First, we 
investigated the distribution of values for each meas-
ure in the two groups comprising each of four binary 
partitions of the training set (Fig.  3a): CN vs DEM 
patients, CN vs MCI patients, DEM vs MCI patients, 
and sMCI vs pMCI, respectively. For each compari-
son, a Kruskal–Wallis H-test was employed to deter-
mine whether the medians of the two groups differed 

significantly, with p-values corrected to control the 
FDR. Lastly, we investigated the covariance between 
the measures, also in the stage 2 dataset, by comput-
ing all pairwise Pearson correlations (Fig. 3b). Here, 
we also included their correlation with aTMT-B, 
aRAVLT, and the number of APOE4 alleles (0, 1, or 
2), coded as an ordinal variable.

We then fit logistic regression models to assess 
the predictive value of the aging biomarkers. These 

Full dataset
n=1873

Stage 1
n=1491

Stage 2
n=257

Test
n=125

Has DNAm data
No

Yes

Training
n=1748

Descriptive
analyses

DNAm
variable
selection

Stage 1
modelling

Stage 2
modelling

Out-of-sample
model comparison

and testing

Best
predictors

Best
model

Best
model

a
b

Fig. 1   a The dataset was split into subsets to facilitate hyper-
parameter-tuning and obtain unbiased out-of-sample esti-
mates of model performance. Due to various combinations 
of missing biomarker data, we first extracted all participants 
with complete frailty index (FI) and brain age (BA) data, but 
lacking methylation data into a stage 1 modelling training set 
(n = 1491). This was used to identify the optimal selection of 
age- and sex-adjusted BA and FI (i.e., aBA, aFI, or aBA + aFI) 
as predictors across all predictive tasks. The remaining 385 
participants (with complete FI, BA, and DNA methylation 
data) were stratified using diagnosis, age, and sex and divided 

into another training set for a second modelling stage (stage 
2) and a hold-out test set. b All training data was utilized for 
descriptive statistics, and we employed a data-driven variable 
selection procedure to determine which methylation age mark-
ers to use. After selecting the best combination of BA and FI 
as predictors, stage 2 modelling was done to find the optimal 
selection of all three aging biomarkers. The best models from 
stages 1 and 2 were compared in a cross-validation loop before 
evaluating the best model in the test set to obtain an unbiased 
estimate of model performance
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models were trained to optimize the standard log loss 
in combination with an l

1
 regularization term. The 

latter was included for its variable selection proper-
ties to help substantiate our claims about the utility 
of our chosen predictors beyond the comparison of 
overall model performances. We first tested diagnos-
tic predictions: For each of three predictive tasks (CN 
vs DEM, CN vs MCI, MCI vs DEM), this was per-
formed in two stages, based on stages 1 and 2 data-
sets. First, we used stage 1 data to perform a ten-fold 

cross-validation (CV) to determine the best combi-
nation of aBA and aFI and the optimal value for the 
regularization parameter � , fitting multiple models for 
each permutation of these two. The models were split 
while stratifying on diagnosis, progression, sex, and 
age. Each of the models included age and sex as addi-
tional predictors, and we also fit a fourth model con-
taining only age and sex as a baseline. The best stage 
1 model was determined as the one yielding the high-
est mean AUC across the ten validations. We used 

Fig. 2   Scatterplots show-
ing individual data and 
model fit lines from linear 
regressions from the stage 
2 training dataset of age- 
and sex-adjusted candidate 
methylation ages (MA) 
and memory (Rey Audi-
tory Verbal Learning Test, 
immediate recall (RAVLT), 
left column) and executive 
function (Trail Making 
Test, part B (TMT-B), right 
column). β represents the 
linear regression coefficient 
of each MA and the corre-
sponding nominal p-value. 
Significant associations are 
colored
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AUCs rounded to two decimals, and in the case of 
ties, we selected the simplest model (i.e., the one with 
the fewest predictors). Next, we performed a similar 
ten-fold cross-validation (CV) using the stage 2 data 
to determine whether to include aMA and the ideal 
value of � . Here, we fit two models: one containing 

only age and sex as predictors alongside aMA, and 
one also including the best stage 1 predictors. As 
above, we selected the model yielding the mean CV 
AUC. Finally, we calculated the AUC of the best-per-
forming model in the held-out test set.
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In the final analysis, we investigated whether any 
of the three aging biomarkers at baseline provided 
prognostic value for detecting which MCI patients 
would progress into DEM within 5  years by differ-
entiating the sMCI and pMCI cohorts. We deemed 
a 5-year timeframe to be clinically relevant while 
ensuring enough converting subjects for modelling. 
First, we performed the same variable selection pro-
cess as above to identify the best set of predictors 
among the aging biomarkers. Next, we fit a model 
with clinical biomarkers, i..e., aTMT-B, aRAVLT, 
and APOE4, using the same training data as the can-
didate model chosen for the aging biomarkers (i.e., 
stages 1 or 2 data depending on the chosen predic-
tors). Finally, we fit a model containing the best set of 
aging biomarker measures alongside the clinical, still 
using the same data. To investigate whether the two 
sets of covariates (aging, clinical) were complemen-
tary, we triangulated the AUCs achieved in the test set 
between these three models. For interpretability, and 
to allow for comparisons with other studies, we cal-
culated the balanced accuracy, sensitivity, specificity, 
and positive predictive value of the best-performing 
model alongside the AUC. Given the l

1
-loss employed 

attempting to nullify the coefficients of predictors 
not contributing to the predictions, we also report 
the non-zero coefficients used in the best-performing 

model to emphasize which variables contributed to 
the prediction.

To tease apart potential sex differences in the inter-
relatedness and predictive power of the proposed bio-
markers, we supplemented the main prediction analy-
ses with a similar analysis while splitting the dataset 
based on sex. Here, we fit models independently for 
males and females, keeping the standardized aging 
biomarkers and chronological age as predictors. Due 
to the smaller sample size resulting from analyzing 
male and female sub-groups separately, we compared 
the sex-specific results using 100 bootstrapped train-
ing and test subsets to yield distributions of both per-
formance metrics and coefficient estimates.

Results

Descriptive statistics

The training dataset consisted of 1748 subjects 
(Fig.  1). A subset of 257 subjects had DNAm data 
obtained within 3  months of baseline and was used 
for stage 2 modelling. Within this subset, 157 had a 
baseline diagnosis of MCI with complete aging bio-
marker data where 26% converted to DEM within 
5 years (Table 1).

Figure 2 shows correlations between adjusted MA 
measures and tests of memory and executive function. 
None of the 14 correlations remained significant after 
p-value correction (all adjusted p-values exceeded the 
alpha threshold of 0.05). Thus, we resolved to nomi-
nal p-values for variable selection, which yielded 
two significant correlations: Both increased aDun-
edinPACE and aGrimAge2 associated with poorer 
memory, i.e., lower scores on aRAVLT ( �= − 0.15, 
nominal p-value = 0.01 and � =  − 0.13, nominal 
p-value = 0.02, respectively). We retained aDunedin-
PACE and aGrimAge2 as our MA measures and com-
bined them into a single measure, aMA, through PCA 
(Supplementary Fig. 1).

Figure  3a shows distributions of the adjusted 
aging biomarkers, aMA, aBA, and aFI in four binary 
partitions of the training set, each consisting of two 
disjunct groups (CN vs MCI, CN vs DEM, MCI vs 
DEM, sMCI vs pMCI). Here, all three measures 
showed a significant difference between the DEM 
patients and CN after FDR-correction: aFI was the 
largest (1.98 difference between group medians, 

Fig. 3   a Training set density plots illustrate the distributions 
of age- and sex-adjusted aging biomarkers (standardized resid-
uals) in the subgroups used for diagnostic and prognostic clas-
sification. The 1st row shows the distributions for subjects with 
normal cognition (CN) and dementia (DEM), respectively, 
2nd row for CN and subjects with mild cognitive impairment 
(MCI), 3rd row for MCI and DEM, and 4th row for subjects 
with MCI progressing to DEM within 5  years (pMCI) and 
subjects with MCI remaining stable (sMCI). Note: The results 
reported here are derived from all available training data for 
each of the biomarkers separately. As a result, medians  and 
p-values shown in row 4 (sMCI, pMCI) differ slightly from 
those in Table 1 which are based on a smaller selection of sub-
jects with complete data for all biomarkers. The blue and red 
values are subgroup aging biomarker medians. p-values are 
false discovery rate-adjusted from Kruskal–Wallis H-tests of 
subgroup differences in the biomarkers. b Pearson correlations 
between the adjusted aging biomarkers and common clinical 
markers in the training set. Additional abbreviations: prefix 
a = standardized age- and sex-adjusted residual; APOE, apoli-
poprotein E ε4 allele count; BA, brain age; FI, frailty index; 
MA, Composite methylation age; RAVLT, Rey Auditory Ver-
bal Learning Test, immediate recall; TMT-B, Trail Making 
Test, part B

◂
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adjusted p < 0.001), followed by aBA (0.9 differ-
ence, adjusted p < 0.001) and aMA (0.42 difference, 
adjusted p = 0.041). For the remaining three parti-
tions, both aFI and aBA showed significant group 
differences in the expected direction, although with 
somewhat smaller differences between the groups 
than in the first partition, whereas aMA did not.

Figure  3b shows bivariate correlations for the 
adjusted aging biomarkers, executive and memory func-
tion, and APOE4 status in the training sample. Besides 
aRAVLT which is coded in the opposite direction 

(i.e., lower values mean more severe impairment), all 
measures except APOE4 and aMA were positively 
correlated, indicating general agreement. The highest 
absolute correlation was observed between aTMT-B 
and aRAVLT (− 0.44). The highest correlation contain-
ing at least one aging biomarker was between aFI and 
aRAVLT (− 0.42), indicating worse memory perfor-
mance with an increasing degree of frailty. Among the 
aging biomarkers, the highest correlation was observed 
between aMA and aFI (0.22). Although there was con-
cordance in the directionality among the three aging 

Table 1   Baseline characteristics of mild cognitive impairment (MCI) subgroups based on 5-year dementia conversion status in 
training sample with complete biomarker data (N = 157)

The table shows distributions of the proposed baseline predictors in progressive (pMCI) and stable (sMCI) MCI subgroups with 
complete biomarker data in the training set. pMCI subjects progressed to dementia within 5  years, while sMCI remained stable. 
p-values were calculated using the chi-squared test for APOE4 and sex and the Wilcoxon rank sum test for the remaining. Additional 
abbreviations: APOE4 apolipoprotein E ε4. MMSE Mini Mental State Exam. Prefix “a” means that the biomarker is reported as 
the standardized age- and sex-adjusted residual (i.e., z-score) from linear regressions. RAVLT Rey’s Auditory Verbal Learning Test, 
Immediate recall score, TMT-B Trail Making Test, part B, MA methylation age (represented here as the 1st principal component from 
principal component analysis of GrimAge2 and DunedinPACE epigenetic clock variables), BA brain age, FI frailty index

Conversion status

Variables Stable, N = 116 Progression, N = 41 p-value

Age, years 0.41
  Median (IQR) 70.5 (66.2, 76.4) 72.7 (68.4, 76.1)

Sex 0.70
  Female 54 (47%) 17 (41%)
  Male 62 (53%) 22 (59%)

MMSE, score 0.001
  Median (IQR) 29.0 (28.0, 29.0) 27.0 (26.0, 29.0)

APOE4, number of alleles  < 0.001
  0 78 (67%) 14 (34%)
  1 30 (26%) 19 (46%)
  2 8 (6.9%) 8 (20%)

aRAVLT (z-score)  < 0.001
  Median (IQR) 0.2 (− 0.4, 0.7)  − 0.5 (− 1.0, − 0.2)

aTMT-B (z-score) 0.02
  Median (IQR)  − 0.4 (− 0.7, 0.0)  − 0.1 (− 0.5, 0.3)

aDunedinPACE (z-score) 0.55
  Median (IQR)  − 0.1 (− 0.5, 0.5) 0.3 (− 0.9, 0.7)

aGrimAge2 (z-score) 0.09
  Median (IQR)  − 0.1 (− 0.7, 0.4) 0.1 (− 0.4, 0.6)

aMA (z-score) 0.23
  Median (IQR) 0.0 (− 0.7, 0.5) 0.3 (− 0.7, 0.8)

aBA (z-score) 0.15
  Median (IQR)  − 0.1 (− 0.8, 0.6) 0.2 (− 0.2, 0.5)

aFI (z-score)  < 0.001
  Median (IQR)  − 0.2 (− 0.7, 0.2) 0.3 (− 0.2, 1.0)
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biomarkers (all positive values), their correlation was 
low (0.01 and 0.1 in addition to the 0.22 above), under-
scoring the possibility that they are sensitive to com-
plementary information. Supplemental Figure 2 shows 
correlations among age-adjusted biomarkers for males 
and females separately.

Predictive analyses: FI outperforms and renders BA 
and MA redundant in diagnostic group predictions

In predictive analyses, we first utilized the adjusted 
aging biomarkers as predictors in three binary diag-
nostic classification problems: CN vs DEM, CN 
vs MCI, and DEM vs MCI. Figure  4 shows model 
performance and receiver operating characteristic 
(ROC) curves for all problems in the stage 1 data-
set. For CN vs DEM (Fig.  4a), the model contain-
ing only aBA, age, and sex outperformed a model 

Fig. 4   Predictive performance––reported as the area under the 
receiver operating characteristic curve (AUC)––for the vari-
ous models for each of the three predictive (diagnostic) tasks. 
For each task, a baseline model was first fit in the stage 1 data-
set using age and sex as predictors. Next, models including 
standardized age- and sex-adjusted brain age (aBA) and frailty 
index (FI) residuals, both independently and in combination, 
were trained using the same data. The x-axis denotes these dif-

ferent models, and the y-axis denotes their AUC. Individual 
points (blue) represent performance in independent folds in the 
cross-validation, whereas the black line denotes their mean. 
The red line represents the performance of the best model in 
the hold-out test set. For each row, the ROC curves underly-
ing the AUC computation are shown on the right. Additional 
abbreviations: CN, cognitively normal; MCI, mild cognitive 
impairment; DEM, dementia
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containing age and sex only (mean CV AUC = 0.73 
vs 0.66, respectively). However, this performance was 
greatly surpassed by the model containing aFI (CV 
AUC = 0.94), which was not improved upon by the 
one combining aBA and aFI (also CV AUC = 0.94). 
In the stage 2 dataset (Supplementary Fig.  3a), the 
model with aMA also outperformed the baseline 
model with age and sex (CV AUC = 0.64 vs 0.58, 
respectively); however, combining aMA with aFI did 
not outperform the model containing only aFI (both 
CV AUC = 0.98). The results indicate that neither 
aBA nor aMA complemented aFI in distinguishing 
CN and DEM patients. In a final test of model effi-
cacy, the best model (i.e., the one with only aFI, age, 
and sex as predictors) achieved an out-of-sample 
AUC of 0.94 in the held-out test set.

For the classification of CN vs MCI (Fig.  4c), 
the best stage 1 model also contained only aFI (CV 
AUC = 0.79). As in the previous task, the best model 
from stage 1 (stage 2 CV AUC = 0.82, Supplementary 
Fig. 3c) was equivalent to the model including aMA 
(stage 2 CV AUC = 0.82), depicting that neither here 
did aBA or aMA add predictive value on top of aFI. 
For this task, the best model (once again containing 
only aFI) achieved an out-of-sample AUC of 0.74 in 
the held-out test set.

Also for MCI vs DEM (Fig. 4e), the best stage 1 
model included only aFI (CV AUC = 0.79), although 
here, the model with aBA substantially outperformed 
the baseline model (CV AUC = 0.62 vs 0.58). Once 
again, the model including aMA did not improve 
upon the model with aFI in the stage 2 data (CV 
AUC = 0.81 for only aFI, 0.79 for aFI + aMA, Supple-
mentary Fig. 3e). Retaining the model with only aFI 
as a predictor yielded an out-of-sample AUC of 0.86.

To summarize, the best models for differentiating 
all diagnostic groups included aFI as the sole aging 
biomarker, leaving aMA and aBA redundant for these 
tasks. For CN vs DEM, the results suggested an out-
standing ability of aFI, age, and sex to differentiate 
between individuals living with DEM and healthy 
controls (out-of-sample AUC = 0.94), whereas 
acceptable and good performance was seen for CN vs 
MCI (out-of-sample AUC = 0.74) and MCI vs DEM 
(out-of-sample AUC = 0.86), respectively. Supple-
mentary Figure  4a–c shows confusion matrices for 
these three predictive tasks.

BA and FI complement each other and common 
clinical markers in the prediction of prognosis

Next, we investigated the efficacy of the aging bio-
markers to differentiate sMCI and pMCI patients, 
effectively attempting to answer the clinical question 
“Will this patient with MCI convert to DEM over the 
next 5 years?” Here, the best stage 1 model included 
both aFI and aBA (CV AUC = 0.68, Fig.  5a), with 
both variables bringing substantial and similar pre-
dictive gains (CV AUC = 0.64 for only aBA, 0.6 
for only aFI, vs 0.55 for the model including age 
and sex only). Supplementary Figure  3 shows that 
a model containing aMA on top of aBA and aFI 
failed to yield further predictive gains in the stage 2 
CV (AUC = 0.72 for aBA + aFI, compared to 0.7 for 
aMA + aBA + aFI). We thus retained the model with 
aFI and aBA.

To establish a baseline for determining whether 
the aging biomarkers aBA and aFI provide additional 
prognostic value beyond predictors commonly used 
in dementia work-up, we trained a model using age, 
sex, and clinical test results (aRAVLT, aTMT-B, 
and APOE4 allele count), yielding a mean CV AUC 
of 0.76 (Fig.  5c). As shown in Fig.  5c, we trained 
another model that included age, sex, the clinical 
tests, and aFI and aBA as aging biomarkers, yield-
ing a mean CV AUC of 0.78, indicating acceptable 
classification performance. Importantly, this result 
indicates that the enhanced model incorporating the 
aging biomarkers outperformed the one with clinical 
markers by themselves. This final model reached an 
AUC of 0.88 in the held-out test set, corresponding 
to good discrimination between individuals with MCI 
progression to dementia within 5 years and those who 
remain stable. In the test set, the enhanced model had 
a balanced accuracy of 77.25%, sensitivity of 0.85, 
specificity of 0.69, and positive predictive value of 
0.49. Supplementary Figure  4d shows the model’s 
confusion matrix. Despite the l

1
-loss attempting to 

eliminate superfluous covariates, all coefficients 
remained non-zero (Fig.  5d), with aRAVLT having 
the largest absolute value (− 1.01), followed by age 
(0.56), aBA and aFI (0.5), APOE4 (0.27), aTMT-B 
(0.23), and sex (0.12). The result indicates that BA 
and FI are complementary in the prediction of future 
dementia risk with comparable effect sizes.
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The predictive power of aging biomarkers differs 
between males and females

Finally, we compared the best-performing aging 
biomarker model, containing aBA and aFI, for the 
prediction of 5-year dementia risk for females and 
males living with MCI separately. Table  2 displays 
the standardized regression coefficients, model per-
formance, and p-values for statistical tests of sex dif-
ferences in coefficients and performance. Here, the 
best model of aging biomarkers predicting 5-year 
DEM risk (sMCI vs pMCI) performed slightly better 
for females than males (Table  2). The standardized 
β-value for aFI was significantly higher in males (95% 
CI β 0.50 to 0.56) compared with females (β 0.42 to 
0.50), suggesting a greater risk of DEM progression 
in men with increasing levels of frailty. Conversely, in 
the same model, increased aBA (i.e., higher apparent 

brain age) was a stronger predictor of future DEM 
risk in females (95% CI β 0.53 to 0.60) compared 
with males (0.32 to 0.37).

Supplementary analyses

Supplementary Figure  5 shows predictive analyses 
excluding aFI. Here, we found that aBA outperformed 
aMA as a predictor for all diagnostic classification 
tasks, but only slightly. For 5-year DEM risk, CV 
AUCs were low and comparable (0.56) for both bio-
markers. Combining them did not yield further pre-
dictive gains for any task.

Supplementary Figure  6 depicts the predictive 
performance of models where the data-driven FI 
has been replaced with a standard FI (see “Meth-
ods - Functional age” section). While the predictive 
performance of all models dropped compared with 

Fig. 5   a Comparison of the prognostic models containing 
different subsets of the aging biomarkers for predicting pro-
gression from mild cognitive impairment (MCI) at baseline 
to dementia (DEM) within 5  years. b ROC curves underly-
ing the AUCs computed in a. c Comparison of the best prog-
nostic aging model with a prognostic model containing tests 
commonly used in the clinical workup of suspected DEM: 
apolipoprotein E ε4 allele count (APOE), the Rey Auditory 
Verbal Learning Test, immediate recall (RAVLT), and the 

Trail Making Test, part B (TMT-B). The final model denoted 
aging + clinical combines predictors from these two. All mod-
els included age and sex. For  a  and c, the individual points 
(blue)  denote the area under the receiver operating character-
istic curve (AUC) in independent folds in the cross-validation 
(CV), the black line is the CV mean, and the red line is the 
model performance of the best model in the hold-out test set. 
d The regression coefficients of the best-performing model for 
predicting 5-year DEM progression
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the ones containing the data-driven FI (as shown in 
Figs.  4 and 5), aBA and aMA still offered marginal 
value to the diagnostic predictions on top of the 
standard FI. For the prediction of 5-year DEM risk, 
the model including age, sex, and the standard FI per-
formed poorly (CV AUC = 0.55). As shown in Sup-
plementary Fig. 6, the overall prediction of prognosis 
improved when adding BA to the model (BA + FI CV 
AUC = 0.63), but not MA (stage 2 CV AUC = 0.56). 
The results indicate that both tested FIs excel in diag-
nostic prediction and that BA may offer complemen-
tary value in prognostic models independently of the 
type of FI used. Finally, employing the original MA 
measures instead of the composite aMA did not yield 
different results for aDunedinPACE (Supplementary 
Fig. 7) nor aGrimAge2 (Supplementary Fig. 8).

Discussion

We investigated the predictive value of three aging 
biomarkers—DNA methylation age (MA), brain age 
(BA), and frailty index (FI)—for assessing base-
line cognitive impairment and future DEM risk in 
ADNI. Our main findings were as follows: (1) FI 
outperformed MA and BA and left them redundant 

in the prediction of the diagnostic group at baseline 
(e.g., CN vs DEM), (2) BA and FI add complemen-
tary and comparable prognostic value beyond routine 
clinical tests, (3) increases in frailty were particularly 
strongly associated with adverse 5-year prognosis in 
males, whereas increases in BA were more strongly 
associated with adverse prognosis in females, and (4) 
DunedinPACE and GrimAge2 were associated with 
poorer memory test results but failed to provide ben-
efit to clinical predictions.

To our best knowledge, this is the first study to test 
the combined predictive value of MA, BA, and FI in 
the prediction of dementia-related outcomes. For all 
diagnostic classification problems, the best model 
included age, sex, and aFI only. Our best model for 
distinguishing those with normal cognition from 
DEM included age, sex, and FI, achieving an AUC 
of 0.94 in the held-out test set, indicating excellent 
discrimination. The results confirm the significant 
relationship between indices of frailty and cognitive 
impairment previously found in meta-analysis [31]. 
While both frailty and DEM diagnosis are based on 
evaluation of function––and thus may overlap––pre-
vious research shows that level of frailty is still con-
sistently associated with DEM risk independently of 
global cognition (e.g., CDR-SB) and neuropsycho-
logical test performance (e.g., MMSE) [5, 8, 12]. 
As such, our results strengthen the notion that frailty 
should be integral in the assessment of older individ-
uals seeking evaluation for cognitive problems [51].

Studies examining both phenotypic and functional-
level aging biomarkers for predicting individuals’ 
level of cognitive impairment are scarce. Our data 
suggest that a functional aging biomarker (FI) is 
superior to upstream aging biomarkers in the predic-
tion of diagnostic status and imply that sophisticated 
tests of molecular and phenotypic aging might not be 
necessary at the level of dementia diagnostics, where 
the level of aging is likely more advanced.

Still, we do acknowledge that our data-driven FI 
might not be applicable to FIs used in general, which 
are mostly generated using a manual procedure [49]. 
As such, we performed supplementary diagnostic 
predictions using a standard FI generated by others 
[50] (Supplementary Fig. 5). These results are more 
in line with the landmark investigation of postmor-
tem neuropathology and frailty by Wallace et al. [52], 
suggesting some complementary diagnostic merit 
of neuropathology and frailty combined. Here, the 

Table 2   Regression coefficients and model performance for 
prediction of 5-year dementia risk in female and male sub-
groups with mild cognitive impairment

The table shows standardized coefficients, β, for chronological 
age, and the adjusted frailty index (aFI), and brain age (aBA) 
from logistic regression of 5-year dementia risk in female 
and male subgroups with mild cognitive impairment (MCI) 
at baseline as well as model performance for each subgroup. 
The p-values were calculated with a Mann–Whitney U-test 
with 100 bootstrapped train/test splits. Model performance was 
assessed by the area under the receiver operating characteris-
tic curve (AUC) metric calculated from the full model (includ-
ing age, aFI, and aBA as predictors) for female and male MCI 
subgroups, respectively. Coefficient and AUC estimates are 
reported as mean (95% confidence interval)

MCI subgroup

Coefficient/
model perfor-
mance

Female Male p-value

bAge 0.21 (0.18–0.24) 0.20 (0.17–0.23) 0.78
baFI 0.46 (0.42–0.50) 0.53 (0.50–0.56) 4.60 × 10−3

baBA 0.57 (0.53–0.60) 0.35 (0.32–0.37) 6.46 × 10−18

AUC​ 0.70 (0.69–0.71) 0.65 (0.65–0.66) 4.98 × 10−15
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authors investigated the predictive value of a 41-item 
FI and neuropathological index (NI) counting the 
number of diverse pathologies on postmortem brain 
examination on the prediction of normal cognition, 
MCI, and DEM. Both indices significantly classified 
CN vs MCI (in-sample AUCs of 0.64 and 0.58 for NI 
and FI, respectively) and MCI vs DEM (in-sample 
AUCs of 0.70 and 0.68, respectively). For the same 
classifications, we obtained similar or superior out-
of-sample AUCs using BA and an FI created using 
the standard procedure by Searle et al. [30]. But as for 
the main analyses presented above, the added value of 
BA as a putative non-invasive brain marker for clini-
cal diagnosis was minimal (e.g., CV AUC for MCI vs 
DEM 0.71 for the standard aFI only and 0.72 for the 
standard aFI + aBA). Our data would rather suggest 
that BA is a more promising biomarker in terms of 
prediction of future dementia risk. The unique contri-
bution of aBA in the prediction of 5-year DEM risk 
reported here, on top of frailty and conventional bio-
markers, is novel and strengthens a multidimensional 
view of DEM [52].

Our findings of sex differences in the prognostic 
impact of BA and FI on 5-year DEM risk corrobo-
rate recent work by Phyo et  al. [32]. We found that 
increased BA had a more adverse impact on 5-year 
prognosis in females with MCI than males. Con-
versely, increased frailty had a more negative effect 
on prognosis in males, aligning with the well-doc-
umented “sex-frailty paradox” where frailty has a 
greater adverse impact on mortality risk in males [53, 
54]. The stronger adverse impact of frailty on DEM 
risk in males is, however, novel (c.fr. [54]) and merits 
further study.

The results further suggest that higher-level aging 
biomarkers, theoretically representing more advanced 
stages of biological age, are more strongly associated 
with future DEM risk compared to molecular-level 
metrics. FI and BA outperformed MA in predictive 
performance on 5-year dementia conversion, while 
MA provided negligible predictive value. While novel 
in the context of future DEM risk, the results align 
with one study of mortality risk. Kim et al. compared 
a 34-item FI with MA in predicting 4.4-year mor-
tality risk using Cox regressions [55]. Individually, 
MA strongly predicted mortality, but the relationship 
became non-significant when accounting for baseline 
frailty. Conversely, Li et al. found that GrimAge, Phe-
noAge, and a mortality risk score DNAm algorithm 

predicted 17-year mortality risk independently of a 
34-item FI [34]. Also, while Cole et  al. [35] found 
that combining measures of MA and BA improved 
mortality risk prediction, we found minimal predic-
tive value in combining the two for the prediction of 
dementia-related outcomes (Supplemental Fig.  5). 
The discrepancy in the predictive power of the aging 
biomarkers in classifying mortality and dementia-
related outcomes needs further investigation.

To our knowledge, no prior studies have evalu-
ated FI, GrimAge2, and DunedinPACE for DEM risk. 
DunedinPACE was associated with future dementia 
risk in two other MA studies (not including frailty) 
[9, 10]. Discrepancies in our findings compared 
with the two previous reports might be partially 
explained by in-sample testing only and differences 
in follow-up duration. For example, Thomas et  al. 
reported a 34% increased DEM risk over 14 years for 
each 1-SD increase in baseline DunedinPACE with 
Kaplan–Meier curves showing divergence in risk for 
all DunedinPACE tertiles from 6 to 7 years onwards 
[10]. These results, along with those of Li et al. [34], 
suggest the intriguing possibility that different aging 
biomarkers might play temporally distinct roles in 
risk prediction across the lifespan, supporting a life 
course model of DEM risk.

We found an association between DunedinPACE 
and neuropsychological test results, aligning with 
Sugden et al. [9], as well as for GrimAge2 in line with 
[40]. The results suggest age acceleration (as reflected 
by the chronological age-adjusted DunedinPACE or 
GrimAge2 scores) may relate to the biological under-
pinnings of variation in cognitive function. As shown 
in Fig.  3, our composite aMA-measure based on 
GrimAge2 and DunedinPACE was also significantly 
higher in DEM compared with CN, suggesting higher 
age acceleration on the group level. Conversely, 
unlike Sugden et al. [9], we did not find group-level 
differences in DunedinPACE across cognitive status 
levels (CN, MCI, DEM) in our study which uses the 
same ADNI data. We believe the discrepancy is due 
to our study’s smaller, split sample and exclusion cri-
teria, resulting in reduced statistical power.

Limitations

Our study has limitations. Firstly, our sample size was 
relatively small, and the nature of sampling in ADNI 
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may limit generalizability to the broader population. 
Replication in larger, population-level samples such 
as UK Biobank would be valuable. Furthermore, the 
sample size was particularly small with respect to 
participants with MA data, which could explain the 
lack of predictability deduced from the MA meas-
ures and potentially obscuring small effects. Due to 
the smaller MA dataset, we also prioritized doing a 
variable selection with FI and BA in a larger stage 1 
dataset and then added MA (Fig. 1). This modelling 
approach, prioritizing predictive efficacy, also limited 
our ability to directly compare BA and MA, except 
in the smaller stage 2 data (Supplementary Fig.  5). 
Secondly and relatedly, we examined molecular aging 
using a limited set of published MA algorithms. As 
the field progresses, incorporating novel and more 
reliable MA measures may offer better predictive 
value than what we report here. Thirdly, we focused 
on dementia-related functional outcome measures 
(i.e., clinical diagnosis), not disease-pathology meas-
ures such as amyloid or tau. Future studies may evalu-
ate the interplay between aging biomarkers, disease-
specific markers, and cognition for a more complete 
understanding of DEM development and risk (see, 
e.g., [26]). Finally, we used single-timepoint meas-
urement of the aging biomarkers, which limits the 
interpretation of temporal dynamics of aging reflected 
by the markers. For instance, intriguing research by 
Vidal-Pineiro et al. has shown that BA variation may 
reflect static, early life factors above current rates 
of brain aging [56]. While this caveat pertaining to 
all cross-sectional data is central to the interpreta-
tion of the biological underpinnings of the biomark-
ers, it does not halt their practical use in predictive 
medicine.

Conclusion

Our results underscore the potential of combining 
higher-level biological aging biomarkers in the con-
text of predicting dementia-related outcomes. Future 
research could explore the biomarkers longitudinally 
and across longer time frames, tracking changes 
within individuals to pinpoint inflection points in 
the aging process and uncover stages of the life span 
where they provide the most value in risk assessment. 
The results suggest caution in using or marketing MA 
algorithms such as DunedinPACE as individual risk 

markers for shorter-term prognosis or prediction of 
current cognitive impairment. Additionally, studies 
integrating disease-specific markers (amyloid, tau) 
with the present aging-related biomarkers could fur-
ther our understanding of the interplay between aging 
and disease.
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