Proceedings of Machine Learning Research 340:1-29, 2026 Machine Learning for Healthcare

MotionAge: A Deep Learning Framework for Biological Age
Prediction from Wearable Activity

Yilin Song* Ys4057@QCUMC.COLUMBIA.EDU
Department of Biostatistics, Mailman School of Public Health, Columbia University, New York, USA

Jiaqi Yin" JACKIEYINQOPENAI.COM
OpenAl, San Francisco, CA, USA

Yirou Hu YH3964@QCUMC.COLUMBIA.EDU
Department of Biostatistics, Mailman School of Public Health, Columbia University, New York, USA

Tian Gu TG2880@QCUMC.COLUMBIA.EDU
Department of Biostatistics, Mailman School of Public Health, Columbia University, New York, USA

“These authors contributed equally.

Abstract

Population aging is a major public health challenge, driving increasing burden from chronic
disease and mortality. To better characterize individual health beyond chronological age,
there is growing interest in biological age as a quantitative measure for risk stratification
and longitudinal monitoring. Existing biological age models largely rely on laboratory or
structured clinical data, limiting scalability and their ability to capture dynamic aspects of
health. We propose MotionAge, a deep learning framework that learns a mortality-calibrated
biological age directly from high-frequency wearable activity data. The framework combines
deep sequence models with a wear-aware modeling strategy that explicitly represents
observation reliability, allowing the model to distinguish device non-wear from observed
inactivity in noisy and irregularly observed time series. Unlike prior wearable-based methods
that predict chronological age or construct unsupervised biomarkers, MotionAge is trained to
predict 5-year mortality risk and subsequently maps that risk onto an interpretable age scale.
In NHANES accelerometry data, MotionAge achieved stronger mortality discrimination over
chronological age and established benchmarks. Within fixed chronological-age bands, higher
MotionAge acceleration was associated with lower activity and worse survival, with the
largest separation observed among older adults. These results demonstrate that reliability-
aware deep learning of wearable time series can yield scalable and interpretable aging
phenotypes aligned with clinically relevant health outcomes.

Keywords: Biological age, deep sequence models, wearable data, wear-aware modeling

1. Introduction

Population aging is rapidly reshaping the demographic structure of societies worldwide.
According to the World Health Organization, the global population aged 60 years and older
is expected to nearly double from about one billion in 2020 to over two billion by 2050, with
older adults comprising an increasing proportion of the total population in many countries
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(World Health Organization, 2021). As life expectancy rises, however, longevity is often
accompanied by a growing burden of chronic diseases. Conditions such as cardiovascular
disease, diabetes, and neurodegenerative disorders account for a substantial proportion of
morbidity and mortality in aging populations, placing increasing strain on healthcare systems
(Lopez et al., 2006; GBD 2019 Risk Factors Collaborators, 2020). While chronological age is
commonly used as a proxy for aging, it does not adequately capture heterogeneity in health
status across individuals (Lichtenstein et al., 2000; Mitnitski et al., 2002). People of the
same chronological age can differ substantially in physiological function, disease risk, and
resilience to stressors. As a result, there is growing interest in biological age, a quantitative
measure intended to reflect an individual’s underlying physiological state relative to their
chronological age.

A reliable estimate of biological age has important clinical implications. It can enable
earlier identification of individuals at elevated risk for adverse outcomes, support personalized
prevention and intervention strategies, and provide a meaningful endpoint for monitoring
disease progression or treatment response. A substantial body of work has focused on
estimating biological age using clinical and molecular data. Early approaches, including
epigenetic clocks, were designed to predict chronological age with deviations interpreted
as indicators of accelerated or decelerated aging (Horvath, 2013; Hannum et al., 2013).
Subsequent work has shifted toward improving clinical relevance by incorporating mortality
and morbidity risk into the target, leading to second-generation aging measures such as
BioAge, PhenoAge and GrimAge (Levine, 2013; Levine et al., 2018; Lu et al., 2019). While
these methods provide biologically meaningful and clinically predictive measures, they
typically rely on laboratory assays, genetic profiling, or curated clinical variables that are
costly, invasive, and collected infrequently. As a result, they are limited in their ability to
capture dynamic changes in health status over time or to support continuous monitoring in
real-world settings.

In contrast, the widespread adoption of wearable devices offers a scalable and non-
invasive source of continuously collected behavioral and physiological data. Devices such as
Fitbit, Apple Watch and Oura Ring capture detailed information on daily activity patterns,
including step counts, activity intensity, heart rate, and sleep characteristics. These signals
reflect the integrated output of multiple physiological systems, including cardiovascular
fitness, metabolic efficiency, and circadian regulation, and therefore provide a proxy for
overall health status that is difficult to obtain from sparse clinical measurements. Recent
studies have shown that wearable-derived activity features are strongly associated with
health status, functional decline, and risk of chronic disease (Phillips et al., 2018; Zhou
et al., 2022; Golbus et al., 2023; Chen et al., 2023; Nagata et al., 2024). However, leveraging
wearable data for biological age estimation presents substantial methodological challenges.
Wearable data are inherently high-dimensional and exhibit complex temporal structure, with
observations collected at fine time scales over extended periods. At the same time, these
data are noisy and subject to irregular observation patterns due to device non-wear, varying
user adherence, and measurement error. Simple aggregation of these signals into summary
statistics can obscure important temporal dynamics and introduce bias, particularly when
missingness is informative. Capturing meaningful aging-related patterns therefore requires
models that can learn from high-frequency time series while accounting for data quality and
temporal dependencies.



MOTIONAGE

Advances in machine learning, particularly deep learning methods for sequential data,
provide a natural framework for addressing these challenges. Models such as long short-term
memory (LSTM) networks (Hochreiter and Schmidhuber, 1997), gated recurrent units
(GRU) (Cho et al., 2014), and transformer-based architectures (Vaswani et al., 2017) are
well-suited for modeling complex temporal processes due to their ability to capture nonlinear
relationships and long-range dependencies. These approaches enable the extraction of
informative representations from raw wearable data, potentially uncovering latent patterns
associated with physiological aging that are not accessible through handcrafted features or
static summaries.

Despite these advances, existing work has not fully explored the use of high-frequency
wearable time series to directly estimate biological age using clinically meaningful outcomes
such as mortality rather than chronological age as the learning target. In this work, we
propose a deep learning framework that leverages ActiGraph-derived wearable data to
estimate biological age from high-resolution activity time series (Figure 1). By explicitly
modeling data reliability alongside temporal dynamics, the proposed method extracts robust
representations of behavioral and physiological patterns associated with aging. The primary
contribution of this work is a framework for constructing and validating a mortality-calibrated
biological age measure from wearable activity data, combining wear-aware preprocessing
with deep sequence modeling. Our contributions are threefold:

1. We develop a wearable-based biological age model that directly targets mortality risk
which is clinically meaningful, enabling improved alignment between predicted age
and health risk.

2. We introduce a hierarchical, wear-aware aggregation strategy to address non-wear and
irregular observation, improving robustness and interpretability of learned representa-
tions.

3. We demonstrate that the proposed approach achieves strong predictive performance for
mortality over established benchmarks and that deviations between predicted biological
age and chronological age are associated with clinically meaningful indicators of health
status.

Generalizable Insights about Machine Learning in the Context of Healthcare.
This work highlights several general principles for applying machine learning to real-world
healthcare data. First, in high-frequency observational data such as wearable signals,
missingness and data reliability are not nuisances but informative aspects of the data-
generating process; explicitly modeling non-wear and observation quality can materially
improve both interpretability and predictive performance. Second, aligning model training
with clinically meaningful outcomes, rather than surrogate targets such as chronological age,
leads to representations that better reflect actionable health risk. Third, temporally rich
behavioral data can provide complementary information beyond static clinical or laboratory
features when appropriate sequence models are used to capture structure over time. Finally,
translating model outputs into clinically interpretable quantities facilitates integration into
downstream decision-making and evaluation frameworks. Together, these observations
suggest a general design pattern for healthcare machine learning: jointly model temporal
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dynamics and data reliability, optimize for clinically relevant endpoints, and calibrate learned
representations into interpretable phenotypes.

2. Related Work
2.1. Biological Age Estimation

Biological age modeling has evolved from early approaches based on predicting chronological
age (Horvath, 2013; Hannum et al., 2013) to more recent methods that directly target clinically
meaningful outcomes, such as mortality, including BioAge (Levine, 2013), PhenoAge (Levine
et al., 2018), and GrimAge (Lu et al., 2019). By incorporating clinical outcome-based
targets, these models demonstrate stronger associations with survival and disease risk and
offer improved clinical interpretability. More recent works have expanded biological age
modeling to organ-specific aging clocks, aiming to capture heterogeneous aging processes
across physiological systems (Qiu et al., 2023; Wang et al., 2026). Additionally, advances
in machine learning have enabled the use of large-scale clinical data, including multimodal
electronic health records and large language model (LLM)-based representations, to construct
aging-related measures (Li et al., 2025). Despite these advances, most existing biological
age estimators rely on laboratory assays or structured clinical summaries, which are costly,
sparsely observed, and provide a largely static view of health.

Our work is closest in spirit to second-generation clocks in that it uses mortality risk
as an intermediate target, but differs fundamentally in its reliance on passively collected,
high-frequency wearable behavior rather than clinical or laboratory features.

2.2. Deep Learning for Wearable and Health Time Series

Deep learning methods have been widely applied to sequential health data, including wearable
device signals and electronic health record time series. Architectures such as long short-term
memory (LSTM) networks (Hochreiter and Schmidhuber, 1997), gated recurrent units (GRU)
(Cho et al., 2014), and transformer-based models (Vaswani et al., 2017) are well-suited for
capturing nonlinear relationships and long-range temporal dependencies in high-dimensional
time series. These approaches have achieved strong performance in tasks such as activity
recognition, disease prediction, and risk modeling (Zhang et al., 2022).

In the context of wearable data, prior studies have shown that continuously collected
behavioral and physiological signals are associated with health status, aging processes, and
disease risk. Recent work has further demonstrated that wearable signals can be used
to construct aging-related measures, for example by predicting chronological age from
photoplethysmography (PPG) or activity data (McIntyre et al., 2021; Miller et al., 2025; Nie
et al., 2025). Other approaches have proposed wearable-derived digital biomarkers of aging
and longevity based on activity patterns or circadian rhythms, linking these measures to
inflammation, biological age, and mortality risk (Shim et al., 2023). While these approaches
leverage high-frequency physiological data, they are typically trained to predict chronological
age or construct biomarkers whose biological relevance is inferred through associations
with health outcomes. Consequently, they optimize fundamentally different objectives from
our mortality-calibrated biological age model. In particular, Shim et al. (2023) develop
wearable-derived biomarkers based on activity patterns rather than estimating biological



MOTIONAGE

age, whereas Miller et al. (2025) predict chronological age from raw wearable PPG signals
rather than processed activity intensity data with a mortality-calibrated target. For this
reason, we do not include these methods as numerical baselines, as direct comparisons would
not constitute a like-for-like evaluation.

Positioning of this work. In contrast to prior work, we propose a framework that
directly estimates biological age from high-frequency wearable time series incorporating
mortality risk. Our approach builds on advances in deep sequence modeling while explicitly
addressing challenges unique to wearable data, including irregular observation and non-wear.
In particular, wearable activity data are only partially observed, and periods of non-wear may
resemble true inactivity. We incorporate wear-time information directly into the modeling
pipeline as a reliability signal through a hierarchical masking and aggregation strategy.
By treating observation quality as part of the representation, our method jointly models
temporal dynamics and data reliability, enabling the construction of a robust and clinically
interpretable biological age measure.

3. Methods
3.1. Overview of the Proposed MotionAge

As shown in Figure 1, we first used a deep sequence model to predict each participant’s
5-year mortality risk from preprocessed wear-aware activity sequences and optional static
covariates. The predicted risk is then mapped onto an age scale using a sex-specific inverse
calibration, yielding a mortality-calibrated estimate of biological age. We refer to this
estimate as MotionAge, and define age acceleration as the difference between MotionAge
and chronological age.

3.2. Wear-Aware Preprocessing and Sequence Construction

Our preprocessing pipeline preserves temporal structure while explicitly representing obser-
vation reliability. This is important because low activity may reflect either true inactivity
or device non-wear. Conflating the two can bias activity summaries and cause the model
to learn adherence patterns rather than behavior. We therefore use wear status to identify
observed periods and quantify epoch-level reliability.

To achieve this, we first identified non-wear at the minute level using the Choi al-
gorithm (Choi et al., 2011). Specifically, candidate non-wear intervals were defined as
contiguous segments lasting at least 90 minutes, allowing at most two non-consecutive spike
minutes with intensity in (0, 100], and requiring at least 30 consecutive zero-count minutes
on both sides of each spike. Minutes within such intervals were labeled as non-wear (w; = 0),
and all remaining minutes were labeled as wear (w; = 1), yielding a binary wearing masking
for each minute.

We then aggregated the minute-level series into 5-minute epochs. For each epoch e, we
computed a wear-aware activity summary
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Figure 1: Overview of the proposed MotionAge. Wear-aware activity sequences and optional
static baseline covariates are encoded separately, fused to predict 5-year mortality
risk, and then mapped onto an age scale to yield a mortality-calibrated biological
age estimate.

i.e., the average activity intensity over wear minutes within epoch e, computed when at
least one wear minute is present, with w; restricting the calculation to observed wearing
periods and d; denoting the minute-level intensity. We also retained the hour-of-day and
day-of-week indices for each epoch. Let r. denote the fraction of wear minutes in epoch e
and me the corresponding binary epoch-validity indicator,

1
Te:?zwta me:H{TeZT}7

with threshold 7 = 0.2.

Participant-level sequences were constructed by sliding a fixed-length window over the
ordered epoch sequence; the primary analysis used T' = 1008 consecutive 5-minute epochs.
Windows were excluded when the mean of the binary indicators m, fell below 0.3. Within
retained windows, all temporal positions, including those with m, = 0, remained in the
encoder input; at masked pooling, hidden states at positions with m. = 0 received zero direct
weight. This preserves the regular temporal grid while distinguishing sparsely observed
epochs from observed inactivity. Figure 2 shows the preprocessing steps described, and
additional construction details and sensitivity analyses are provided in Appendix A2.

3.3. Sequence Model and Training Objective

For each retained window, the wearable input at epoch e consisted of activity intensity
together with temporal context features, including hour-of-day and day-of-week indicators.



MOTIONAGE

d¢: minute-level intensity

wy: wearing masking

Processing window: exclude if E[m.] < 0.3

“ _
NV
Z/?r wedy . Arara an S § :
Te = el epoch-average intensity
Te = ‘3—‘ > ice Wi, Me = I{re > 7}: epoch validity

Figure 2: Minute-level activity intensity d; and wear indicator w; are aggregated into fixed-
length epochs during preprocessing. For each epoch e, we compute a wear-aware
average intensity z., wear fraction r., and binary validity indicator m.. A whole
window is excluded if its mean m, is below 0.3; within retained windows, all epoch
positions remain in the encoder input and m. determines their direct weight in
the masked mean.

These features represented both instantaneous activity and structured temporal variation
(e.g., daily and weekly patterns). Given a sequence of length T, a sequence encoder, either
GRU or Transformer, produced epoch-level hidden representations hy,...,hyr. To obtain
a single representation for each window, we aggregated these hidden states using masked
temporal pooling. Unlike ordinary mean pooling, which weights every epoch equally, masked
pooling averages only over epochs with sufficient wear:

h=— Zgzl mehe
ZeTzl me+ e

where m, is the binary epoch-validity indicator and € > 0 is a small constant added
for numerical stability. This yielded a reliability-weighted sequence summary: epochs
with insufficient wear (m. = 0) therefore received zero direct weight in the window-level
representation, whereas valid epochs (m. = 1) contributed equally. Because all temporal
positions remained in the encoder input, invalid epochs could still indirectly influence the
contextualized hidden states at valid positions.

When static covariates were available, we modeled them separately from the wearable
sequence because the two data types encode different forms of information: the wearable
branch captures time-varying behavioral patterns, whereas baseline covariates summarize
relatively stable participant characteristics. The static covariates were encoded using
a multilayer perceptron gg4(s), where s denotes the vector of participant-level baseline
features, producing a complementary representation of participant-level characteristics. In
the late-fusion model, this static representation was concatenated with the pooled wearable
representation and passed to a prediction network gy:

z = qy([h; gg(s)]).
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This feature-level fusion allows the prediction network to learn joint interactions between
temporal activity patterns and baseline characteristics (Stahlschmidt et al., 2022; Wang
et al., 2023).

As an alternative, we considered a residual fusion formulation inspired by residual
learning and additive side-network adaptation (He et al., 2016; Zhang et al., 2020). The
intuition is to preserve a wearable-based prediction as the primary signal and use static
covariates only to refine that prediction. Specifically, we first obtained a wearable-derived
Zwear = (yy (), and then modeled an additive correction term based on static features,
Zstatic = Qo ([h; 9¢(s)]). The final prediction was z = Zwear + Zstatic- This formulation allowed
static covariates to capture incremental information that is not already represented by the
wearable-derived prediction.

The final model outputs a scalar logit z, corresponding to the log-odds of 5-year mortality,
which was transformed into a probability via the sigmoid transformation o(z) = +i*2'
Because 5-year mortality was relatively rare, the training data were class-imbalanced. We
therefore used a positive-class-weighted binary cross-entropy loss with logits, which assigns
greater weight to mortality cases and reduces the dominance of the majority survival class
during training:

N
7 22 Dilogota) + (1 —yoog (1 =)

where A = N_ /N, denotes the positive-class weight computed from the training split, with
N, and N_ denoting the numbers of positive and negative training samples, respectively. The
weighting increases the contribution of mortality cases during training, while computing the
loss directly from logits improves numerical stability. Because each participant contributed
multiple windows, the model produced multiple mortality estimates for the same individual.
We aggregated the window-level predicted probabilities p;,, to obtain a single participant-level
mortality risk, p; = n% > ow | Piws where n; is the number of retained windows for participant
i.

We next converted the participant-level mortality risk into an interpretable age scale.
The underlying intuition is that two individuals with the same predicted mortality risk
should be assigned the same mortality-equivalent age within the same sex-specific reference
population. Within outer fold k, calibration was estimated using only the fold-specific
training partition Dgrgm and separately for each sex group s. Chronological age was rounded
to integer age bins a, and the representative risk within each sex—age bin was defined as

Agks) = median{ S Dt(rgm, round(4;) = a, S; = 3} , (2)
where the median provides a robust estimate of the typical model-predicted risk at each
age. After clipping these risks to [e, 1 — €], with e = 10™%, we fitted the sex-specific weighted
linear calibration

logit {clip(f)yfg, 61— e)} = a4+ Mg 4 8[(1 ),

using the number of training participants in each sex—age bin as the regression weight and
requiring ng) > 0. MotionAge for a held-out participant was obtained by applying the fitted
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inverse relationship,

~  logitlclip(p;,e,1 —€)] — (k ~
Ai _ g1 [ lp(p € . 6)] 0457; ’ AAZ _ Az - Az (3)
8¢

Thus, EZ is the MotionAge estimate, representing the age at which the fitted sex-specific
reference curve yields the same predicted 5-year mortality risk as participant i, and AA;
measures whether that mortality-equivalent age is higher or lower than the participant’s
chronological age. Held-out participants were never used to estimate calibration parameters,
and the primary analysis did not clamp EZ to the training age range. Fold-specific parameters
are reported in Appendix A3.1.

3.4. Training Procedure

The deep learning model always included a wearable branch consisting of temporal features
derived from minute-level accelerometry after wear-aware preprocessing. Static baseline
covariates were optionally incorporated through a separate auxiliary branch. We evaluated
three input configurations: F', using wearable data alone; FA, using wearable data and
chronological age; and FRC, using wearable data and routine covariates, including age,
sex, household income, BMI, waist circumference, and systolic and diastolic blood pressure.
These configurations allowed us to assess the predictive contribution of wearable signals
alone and their incremental value when combined with standard baseline characteristics.

Before the main cross-validation analysis, we performed a one-time model-development
step to select hyperparameters for each encoder family (GRU or Transformer), input
configuration, and, where applicable, fusion strategy. Candidate models were tuned on a
fixed development split using Optuna and ranked by validation AUPRC. The search covered
sequence length and encoder capacity for the wearable branch, and, when static covariates
were included, the dimensions and dropout of the covariate and fusion modules together with
key optimization hyperparameters such as learning rate and weight decay. Training in this
preliminary step used AdamW, class-weighted binary cross-entropy, a ReduceLROnPlateau
scheduler, gradient clipping, and early stopping. The resulting hyperparameters were then
fixed and reused throughout the subsequent evaluation study.

4. Evaluation Setup

4.1. Dataset

We used data from the 2003-2004 and 20052006 cycles of the National Health and Nutrition
Examination Survey (NHANES), a nationally representative U.S. survey that combines
interview, examination, and follow-up data. Minute-level accelerometer data were obtained
from the physical activity monitor files (PAXRAW), which was linked to participant-level
demographic and clinical variables using the unique participant identifier (SEQN) for training
and evaluation. Mortality follow-up was used to define the primary prediction target: death
within 5 years of baseline assessment. The analytic cohort (N = 8,979) included participants
with available accelerometry data and mortality follow-up information sufficient to define a
b-year mortality outcome. A descriptive summary of the cohort is provided in Appendix Al.
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We included all age groups rather than restricting to older adults. This design choice is
motivated by (i) evidence that chronic disease onset is shifting toward younger populations,
and (ii) the goal of learning a biological age model that generalizes across the full lifespan.
Because short-term mortality is rare in younger adults, our primary discrimination analyses
focus on the subgroup aged 40 years or older; results for the full population are provided in
Appendix A3.

4.2. Evaluation Procedure

We evaluated model performance using 5-fold cross-validation. In each fold, the deep learning
model was trained on the training split and used to derive MotionAge A via fold-specific
calibration, from which age acceleration was computed as AA = A — A. To evaluate 5-year
mortality discrimination, we fitted separate logistic regression models in each outer-fold
training partition using chronological age and sex (A + S), estimated biological age and
sex (A + S), or age acceleration together with chronological age and sex (A4 + A + S),
and applied them to the corresponding held-out test partition. AUROC was calculated
from the held-out predicted probabilities, while mortality C-indices were calculated directly
from the corresponding age measures. Fold-specific AUROC and C-index estimates were
summarized as the mean and sample standard deviation (SD) across the five outer folds in
Table 1. Paired benchmark comparisons used a fold-structured, outcome-stratified bootstrap
restricted to participants with predictions from both methods; complete procedures and
results are reported in Appendix A3.3.

Several sequence-model variants were implemented including GRU- and Transformer-
based encoders with late-fusion and residual-fusion strategies for different model inputs.
Primary analyses focused on the GRU model with late fusion (GRU-LF), which gave the
most consistent results. Full comparisons are reported in Appendix A3.

Benchmark Comparisons: We compared our method against three baseline approaches:
(1) chronological age (Age); (2) PhenoAge (Levine et al., 2018); and (3) LLMAge (Li et al.,
2025). Chronological age served as a simple reference predictor. PhenoAge was computed
following the original formulation, with missing laboratory values imputed using medians
estimated from the corresponding outer-fold training partition and applied unchanged to
held-out participants. For LLMAge, we followed the prompting procedure described in the
original paper to obtain the overall biological age estimate from participant-level clinical
features. Missing values were explicitly indicated as “not available” within the prompt, and
responses were generated using the gpt-4o-mini model. These benchmarks allowed us to
situate the proposed method relative to both traditional biological age measures and recent
large language model-based approaches.

5. Results

5.1. How Does MotionAge Compare with Chronological Age and Benchmark
Aging Clocks?

Table 1 reports the main five-fold cross-validation result for 5-year mortality prediction
in participants aged 40 years or older. MotionAge-FRC achieved the strongest mortality

10
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Table 1: Five-fold cross-validation summary for 5-year mortality prediction in participants
aged 40 years or older. MotionAge was obtained using GRU-based models with
late fusion. Values are mean + sample SD across the five outer folds. Boldface
denotes the largest fold-mean point estimate in a column and does not by itself

imply statistical separation. Abbreviations: A = chronological age; S = sex; A=

estimated biological age (MotionAge, PhenoAge, or LLMAge as applicable);

AA=A—A; F = wearable/activity only; FA = wearable data plus chronological
age; FRC = wearable data plus routine covariates; C-index = concordance index;
AUROC = area under the receiver operating characteristic curve.

Model Mortality C-index Mortality AUROC

C(M, A) C(M, A) C(M, AA) A4S A4S AA+A+S
Age 0.795 + 0.019 — — 0.803 + 0.021 - —
LLMAge - 0.797 £ 0.017 0.516 £+ 0.015 - 0.806 £ 0.021  0.806 £ 0.020
PhenoAge — 0.832 + 0.020 0.683 4 0.019 — 0.836 + 0.021 0.836 4 0.021
MotionAge-F - 0.797 £ 0.031 0.752 + 0.037 - 0.809 £ 0.034 0.836 £ 0.025
MotionAge-FA — 0.823 + 0.008 0.673 4 0.089 — 0.829 + 0.011  0.832 4 0.012

MotionAge-FRC - 0.848 + 0.013 0.740 + 0.023 - 0.852 + 0.015 0.850 + 0.015

discrimination among the evaluated approaches. In the age 40+ subgroup, MotionAge-
FRC achieved the highest mortality C-index when using estimated biological age as the
predictor (0.848) and the best AUROC under both evaluation settings that used the learned
age representation (0.852 for A+ S and 0.850 for AA + A + S). These values exceeded
the chronological-age baseline (AUROC 0.803), LLMAge (AUROC 0.806), and PhenoAge
(AUROC 0.836). On shared held-out participants, fold-structured paired analyses also
favored MotionAge-FRC over Age, LLMAge, and PhenoAge (Appendix A3.3). In the
stricter shared complete-case comparison with PhenoAge, however, the margin attenuated
and the paired 95% confidence interval included zero (Appendix A3.4). The wearable-only
MotionAge-F model yielded a fold-mean A+ S AUROC of 0.809; its small paired differences
from Age and LLMAge had 95% confidence intervals that included zero (Appendix A3.3).
In Appendix A3, GRU-based models consistently matched or exceeded Transformer-based
alternatives, and the strongest overall-population performance was also obtained by a GRU
late-fusion model.

These results suggest that high-frequency behavioral signals contain prognostic infor-
mation that is not captured fully by age alone or by static clinical summaries. The gains
are especially notable because MotionAge-FRC uses a comparatively modest set of routine
covariates rather than the richer laboratory feature sets used by PhenoAge or the broader
structured-clinical inputs used by LLMAge. The comparison therefore supports the value of
wear-aware temporal modeling as an additive source of clinically relevant information.

5.2. Does Wearing Coverage Recover Biologically Plausible Activity Patterns?

To assess whether explicit treatment of non-wear changes the learned input signal, we
examined one-week activity trajectories aggregated from 5-minute epochs into hourly bins

11
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(a) Weekly hourly mean activity intensity by age group before applying the wearing
coverage.
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(b) Weekly hourly mean activity intensity by age group after restricting to epochs
retained by the wearing coverage.
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(¢) Weekly hourly wearing coverage by age group.

Figure 3: Wear-aware hourly activity diagnostics by age group. Panel (a) shows unmasked

profiles; Panel (b) shows corrected separation; Panel (c) shows wearing coverage.
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and stratified by age group. We compared the hourly mean intensity profile before and after
applying the wearing coverage and also visualized hourly wearing coverage itself (Figure 3).

Before masking, the trajectories exhibited counterintuitive age ordering: the 18-29 group
had lower overall mean intensity than the 45-64 group (143 vs. 156 intensity units) and fell
below it in 87 of 168 weekly hour bins. The wearing coverage profiles suggested that this
distortion might be driven by systematic non-wear rather than true behavioral differences.
Wearing coverage varied strongly over time, dropping to 28.9%-35.1% overnight and rising
to 72.2%-91.7% during the day, and also varied across age groups, from 56.1% in ages 18-29
to 65.3% in ages 65+4. After applying the wearing coverage, the activity profiles became
more interpretable: the age-order reversal disappeared (255 vs. 245 mean intensity in ages
18-29 and 45-64), the contrast between youngest and oldest groups widened (175 to 299
intensity units), and the temporal profiles became sharper, with younger groups peaking
later in the day and older groups peaking earlier.

These findings show that wearing coverage is not just a cosmetic preprocessing step.
In this dataset, it was necessary to recover biologically plausible differences in both the
magnitude and timing of activity across age groups. This supports the broader claim
that missingness mechanisms in wearable data must be modeled explicitly if downstream
predictions are to be interpretable.

Preprocessing diagnostics across nearby non-wear durations, epoch thresholds, coverage
cutoffs, and sequence lengths, together with an end-to-end sensitivity analysis for the window-
coverage cutoff, are reported in Appendix A2.1. Under the stricter 0.4 cutoff, fold-mean
AUROCS were 0.846 for A + S and 0.844 for AA+ A+ S, compared with 0.852 and 0.850
under the primary 0.3 cutoff. Because the cutoff changed both model fitting and participant
eligibility, this comparison is treated as a descriptive pipeline-level sensitivity analysis rather
than evidence of equivalence.

5.3. Does MotionAge Capture Clinically Meaningful Heterogeneity?

To examine whether MotionAge reflected more than a re-expression of chronological age,
we stratified participants within fixed chronological-age bands according to MotionAge
acceleration and examined two downstream summaries: weekly activity profiles (Figure 4)
and 5-year survival (Figure 5).

Within strata of chronological age, MotionAge-based groupings exhibited consistent and
monotonic differences in both behavioral and survival outcomes. Specifically, individuals
classified as biologically “older” relative to their age-matched peers demonstrated systemati-
cally lower activity intensity profiles across the weekly cycle compared to those classified as
“younger,” with the magnitude of separation increasing in older age bands. This divergence
was modest in younger adults but became substantial in participants aged 45 and above,
where biologically older individuals exhibited both reduced peak activity and attenuated
daily and weekly variation. Among participants aged 45—64, the high-acceleration group
had 38.2% lower mean activity and 22.9% lower weekly amplitude than the low-acceleration
group; the corresponding differences among participants aged 65 years or older were 67.2%
and 41.0% (Appendix A4.1). Because these same activity sequences contribute to Motion-
Age itself, the contrasts characterize the expression of the learned phenotype rather than
providing independent validation or causal feature effects.
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Figure 4: Weekly mean activity intensity within fixed chronological-age bands, stratified by
relative MotionAge group. Participants were first divided into four chronological-
age bands (18-29, 30-44, 45-64, and 65+ years). Within each band, MotionAge
acceleration (MotionAgeAccel = MotionAge — chronological age) was used to
define “Younger” (bottom 20%), “Age-matched” (40th—60th percentile), and
“Older” (top 20%) groups relative to same-age peers. Each curve shows the weekly
hourly mean intensity aggregated from 5-minute epochs retained by the wearing
coverage. In every age band, the “Older” group exhibits lower activity than the
“Younger” group, with the separation increasing markedly from ages 45 onward.

A similar ordering was observed in survival analyses. Within each chronological-age
stratum, higher MotionAge acceleration was associated with progressively lower 5-year
survival probabilities. While survival curves were nearly indistinguishable in the youngest
group (18-29), clear separation emerged in middle age and became pronounced in older
adults, particularly in the 654 group, where biologically older individuals showed markedly
steeper declines in survival over follow-up.

These qualitative results strengthen the interpretation of MotionAge as a clinically
meaningful phenotype rather than merely a transformed risk score. Here, interpretability
refers to understanding the learned MotionAge phenotype rather than attributing individ-
ual predictions to specific input features. Specifically, MotionAge is interpretable in two
complementary ways. First, it is calibrated onto a biological age scale, allowing predictions
to be expressed in units that are familiar to clinicians. Second, Figure 4 characterizes
the behavioral phenotype associated with MotionAge: within each chronological-age band,
individuals with higher MotionAge acceleration consistently exhibit lower activity levels and
weaker weekly rhythmicity than their age-matched peers. These analyses characterize the
phenotype represented by MotionAge rather than providing feature-attribution explanations.
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Figure 5: Five-year survival within fixed chronological-age bands, stratified by relative
MotionAge group. Kaplan—Meier curves were administratively censored at 60
months and used the same within-band MotionAge acceleration strata as Figure 4:
“Younger” (bottom 20%), “Age-matched” (40th—60th percentile), and “Older” (top
20%). Because strata were defined separately within each age band, each panel
compares participants of similar chronological age. Survival separation is minimal
in ages 18-44, but becomes pronounced in ages 45-64 and largest in ages 65+,
where the “Older” group shows substantially lower 60-month survival than same-
age peers in the “Younger” group.

Within-age-group separation in both behavior and survival suggests that MotionAge captures
heterogeneity not explained by chronological age alone, and that the learned representation
tracks differences in real-world functioning that align with downstream health outcomes.

6. Discussion

MotionAge addressed a practical question in machine learning for healthcare: can high-
frequency wearable behavior be translated into a clinically interpretable aging phenotype
without relying on invasive laboratory testing? Our findings suggest that this is feasible
when the observational challenges of wearable data are modeled explicitly. In particular,
device non-wear cannot be treated as equivalent to inactivity. Ignoring wear status distorted
even basic age-stratified activity profiles, whereas wear-aware preprocessing recovered more
biologically plausible differences in both activity magnitude and timing across age groups.

From a clinical perspective, MotionAge offers a scalable complement to existing biologi-
cal age measures. Unlike clocks built from laboratory assays or static clinical summaries,
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wearable-derived measures can capture free-living behavioral patterns at much finer tempo-
ral resolution and may support repeated assessment over time. MotionAge-FRC showed
stronger mortality discrimination than chronological age and LLMAge and modestly stronger
discrimination than PhenoAge in the primary analysis. Overall, the results suggest that
free-living activity contains mortality-relevant information that is not fully represented by
chronological age or static clinical measures.

Although prospective validation is required before MotionAge could inform clinical
decisions, it may eventually serve as a risk-stratification measure that identifies individuals
who warrant further assessment of frailty, functional decline, or other aging-related health
risks. It may also be useful for population-level health monitoring, longitudinal tracking of
aging trajectories, and integration into wearable or digital health platforms for continuous
assessment. At present, however, MotionAge should be viewed primarily as a research
phenotype rather than a validated clinical decision instrument. Its clinical utility, appropriate
decision thresholds, and implications for downstream intervention remain to be established.
MotionAge should also not be interpreted as a direct mechanistic measure of biological
aging. Rather, it is a mortality-calibrated phenotype whose value lies in summarizing
wearable-derived variation associated with clinically important outcomes. Its interpretation
necessarily depends on the reference population, sensing device, observation protocol, and
mortality horizon used for model development. Therefore, the strongest claim supported by
this study is not that MotionAge measures “true” biological aging, but that it provides an
interpretable age-scale representation of wearable-derived risk.

Because MotionAge acceleration is defined as the difference between estimated biological
age and chronological age, it may be affected by regression-to-the-mean. In particular,
estimated ages may shrink toward the center of the training-age distribution, producing
systematically positive acceleration at younger ages and negative acceleration at older ages.
Consequently, extreme positive or negative age-acceleration values should be interpreted
with caution. Importantly, our primary conclusions are based on population-level mortality
discrimination and within-age-group comparisons, rather than the interpretation of individual
extreme residuals. Future work should investigate age-specific calibration and normalization
strategies to further improve the interpretation of age acceleration.

Several limitations should be noted. First, the study used NHANES accelerometry from
a specific survey period and device configuration, so external validity to modern consumer
wearables and other populations remains to be established. Second, while the wear-aware
pipeline reduces bias from device non-wear, it cannot eliminate all measurement error or
misclassification of observation quality. Third, the mapping from mortality risk to an age
scale is population-calibrated and may require recalibration in cohorts with different baseline
risk structures.

Future work will focus on validating MotionAge across diverse datasets and wearable
platforms, including devices with different sensing modalities and sampling frequencies.
Extending the framework to integrate multi-modal wearable data (e.g., activity, heart rate,
sleep, and physiological signals) may further improve robustness and predictive performance.
In addition, incorporating longitudinal data and repeated measurements could enable the
study of within-individual aging trajectories and dynamic changes in biological age over
time. Together, these directions may help establish wearable-derived biological age as a
practical tool for population health monitoring and individualized risk assessment.
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Data and Code Availability

The NHANES data are publicly available at https://wwwn.cdc.gov/nchs/nhanes/default.
aspx. All analyses in this study were conducted using publicly available NHANES data; no
restricted-access NHANES data were used. To facilitate reproducibility, the complete Mo-
tionAge implementation is publicly available at https://github.com/jackie-jiaqi-yin/
MotionAge.
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Appendix A1l. Cohort Summary

Table Al: Sample demographics and routine covariates among NHANES 2003-2006 partici-
pants with available 5-year mortality information.

Characteristic Overall (N = 8,979)
Mortality, n (%) 555 (6.2%)
Age, years (mean + SD) 46.1 + 20.3
Sex

Male, n (%) 4,279 (47.7%)

Female, n (%)
Annual household income
$0 to $4,999, n (%)

4,700 (52.3%)

206 (2.3%

$5,000 to $9,999, n (%)

(2.3%)
444 (4.9%)
756 (8.4%)
E )

$10,000 to $14,999, n (%)

$15,000 to $19,999, n (%) 681 (7.6%
$20,000 to $24,999, n (%) 709 (7.9%)
$25,000 to $34,999, n (%) 1,167 (13.0%)
$35,000 to $44,999, n (%) 889 (9.9%)
$45,000 to $54,999, n (%) 803 (8.9%)
$55,000 to $64,999, n (%) 536 (6.0%)
$65,000 to $74,999, n (%) 459 (5.1%)

$75,000 and over, n (%)
Over $20,000, n (%)

1,765 (19.7%)
113 (1.3%)

Under $20,000, n (%) 36 (0.4%)
Refused, n (%) 31 (0.3%)
Don’t know, n (%) 84 (0.9%)
Missing, n (%) 300 (3.3%)
BMI (mean + SD) 28.4 + 6.6
Waist circumference, cm (mean + SD) 97.3 +£ 15.7
Diastolic blood pressure, mmHg (mean £ SD) 68.5 £ 13.7
Systolic blood pressure, mmHg (mean + SD) 123.7 + 20.1

Appendix A2. Wear-Aware Sequence Construction and Sensitivity

Minute-level data were partitioned into fixed-length 5-minute epochs. For each epoch e, we
stored three pieces of information: a wear-aware activity summary x., temporal indices for
hour of day and day of week, and a binary epoch-validity indicator m.. For participant ¢,
the resulting sequence window can be written as

{(l'ie» hiea diea mie)}gzl- (Al)

Quality control was applied hierarchically. At the window level, sequences with insufficient
mean epoch validity were excluded. Within retained windows, positions with m, = 0
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remained in the encoder input, but their hidden states received zero direct weight in the
final masked mean. This design preserved alignment of the regular temporal grid while
preventing unreliable observations from being interpreted as ordinary inactivity.

A2.1. Preprocessing sensitivity

We examined the four preprocessing choices that define the wear-aware analysis: the Choi
minimum non-wear duration, the epoch-level wear threshold 7, the window-level coverage
cutoff, and sequence length. Unless varied, settings were fixed at the primary values (90
minutes, 7 = 0.2, coverage cutoff 0.3, and 7" = 1008 epochs). The first two choices had
little effect on retention or the age-ordering diagnostic used in the main text (Table A2).
In particular, 7 = 0.1 and 7 = 0.2 were equivalent after aggregation to 5-minute epochs
because one observed wear minute corresponds to a wear proportion of 0.2.

Table A2: Sensitivity of the wear mask at the primary window settings. Retained partic-
ipants and deaths are evaluated after window construction. The age-ordering
diagnostic indicates whether mean wear-retained activity remained higher in ages
18-29 than in ages 45-64.

Variant Choi, min 7 Retained n Deaths Age ordering preserved
Choi 60 min 60 0.2 8,676 543 Yes
Epoch threshold 0.1 90 0.1 8,682 543 Yes
Primary 90 0.2 8,682 543 Yes
Epoch threshold 0.3 90 0.3 8,680 543 Yes
Choi 120 min 120 0.2 8,691 543 Yes

The coverage cutoff and sequence length primarily controlled the number of usable
windows and participants (Table A3). Retention declined under the stricter coverage cutoff
and the longest sequence, as expected, but all settings retained more than 8,400 participants
and at least 524 deaths.

Table A3: Window-retention sensitivity. Each group varies one parameter while holding the
other at its primary value.

Varied parameter Setting Retained windows Retained participants Deaths

Coverage cutoff 0.2 17,063 8,806 550
Coverage cutoff 0.3 16,539 8,682 543
Coverage cutoff 0.4 15,561 8,452 526
Sequence length 576 24,449 8,776 546
Sequence length 1,008 16,539 8,682 543
Sequence length 2,016 8,437 8,437 524

To connect these diagnostics to mortality discrimination, we refit MotionAge-FRC
from scratch at the stricter 0.4 coverage cutoff while holding the architecture, training
hyperparameters, and outer-fold labels fixed. In participants aged 40 years or older, the
stricter cutoff retained 4,959 held-out participants and 510 deaths, compared with 5,041
participants and 527 deaths under the primary cutoff. The A+ S AUROC was 0.846 rather
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than 0.852, and the AA+ A+ .S AUROC was 0.844 rather than 0.850. Across the five fold
labels, the differences (0.4 minus 0.3) were —0.0058 & 0.0049 and —0.0061 + 0.0063 (mean +
fold SD), respectively. Because the training partitions overlap and the cutoff changes both
model inputs and participant eligibility, these estimates describe pipeline-level sensitivity
rather than a participant-paired treatment effect or an equivalence test.

Appendix A3. MotionAge Calibration and Extended Evaluation
A3.1. Fold-specific MotionAge calibration

The calibration in Equations 2-3 used the same settings in all outer folds: the fit partition
was the fold-specific training set, the representative sex—age-bin probability was the median,
e = 1074, and regression weights were the sex-age-bin participant counts. The inverse-
calibrated age was not clamped to the training age range. Table A4 reports the fitted
intercepts and slopes for the primary MotionAge-FRC model. Both sex-specific slopes were
positive in every fold; all fits spanned ages 18-85 and used 68 integer-age bins.

Table A4: Fold- and sex-specific calibration parameters for the primary MotionAge-FRC
model. Sex codes follow NHANES coding (1, male; 2, female). Ng; is the number
of training participants contributing participant-level risks to the calibration.

Fold k Sex s agk) §’“) Ngy,
0 1 —5.912275 0.092758 3,278
0 2 —7.227223 0.096201 3,669
1 1 —6.122209 0.098533 3,330
1 2 —7.571703 0.107435 3,616
2 1 —5.729312 0.091179 3,327
2 2 —7.730077 0.110681 3,617
3 1 —6.467591 0.101797 3,293
3 2 —7.722024 0.109869 3,646
4 1 —6.116713 0.093212 3,340
4 2 —7.333964 0.099928 3,612
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A3.2. Full model comparison

Table A5: Five-fold cross-validation evaluation summary for 5-year mortality prediction in
the overall population and in participants aged 40 years or older. Values are
fold mean 4+ sample SD across the five outer test folds. Abbreviations: A =
chronological age; S = sex; A = estimated biological age; AA = A — A; M =
mortality within 5 years; P1 = stage-1 mortality probability; F = wearable/activity
only; FA = wearable data plus chronological age; FRC = wearable data plus routine
covariates; LE = late fusion; RF = residual fusion; Tr = Transformer; C-index
= concordance index.

Model Age C-index Mortality C-index Mortality AUROC

C(4, A) C(M, A) c(M, A) C(M, AA) A+S A48 AA+A+S P+
Overall population
Age - 0.870 + 0.013 - - 0.875 + 0.015 - - -
PhenoAge 0.916 + 0.002 - 0.890 + 0.014 0.692 £+ 0.017 - 0.893 £+ 0.015 0.894 £ 0.015 -
LLMAge 0.943 + 0.001 - 0.871 + 0.013  0.588 £+ 0.011 - 0.877 £ 0.015 0.878 £ 0.015 -
GRU-F 0.618 £ 0.011 - 0.819 £+ 0.025 0.709 £ 0.036 - 0.832 £ 0.029 0.889 £+ 0.019 0.890 +
GRU-FA-LF 0.933 £+ 0.033 - 0.882 4+ 0.006 0.664 £+ 0.065 - 0.887 £ 0.009 0.887 £ 0.009 0.885 +
GRU-FA-RF 0.901 + 0.020 - 0.887 +£ 0.015 0.713 £ 0.039 — 0.892 + 0.018 0.891 £+ 0.019 0.890 +
GRU-FRC-LF 0.849 4+ 0.009 - 0.899 + 0.011 0.721 + 0.022 — 0.902 + 0.011 0.901 + 0.011 0.902 +
GRU-FRC-RF 0.833 + 0.019 - 0.883 4+ 0.007 0.627 4+ 0.034 - 0.885 + 0.005 0.880 + 0.006 0.875 +
Tr-F 0.655 4+ 0.013 - 0.823 4+ 0.018 0.688 4 0.020 - 0.833 £ 0.023 0.884 + 0.021 0.886 +
Tr-FA-LF 0.938 £+ 0.015 - 0.886 + 0.015 0.710 £ 0.036 - 0.891 £+ 0.017 0.890 £+ 0.019 0.889 +
Tr-FA-RF 0.922 + 0.008 - 0.890 + 0.013  0.661 £+ 0.019 - 0.894 + 0.016 0.892 £+ 0.016 0.892 +
Tr-FRC-LF 0.858 + 0.007 - 0.889 4+ 0.008 0.726 + 0.024 - 0.893 £+ 0.009 0.886 + 0.008 0.883 +
Tr-FRC-RF 0.857 £+ 0.016 - 0.889 £+ 0.008 0.702 £+ 0.026 - 0.894 £+ 0.007 0.888 £+ 0.006 0.884 +
Age > 40
Age — 0.795 + 0.019 — - 0.803 + 0.021 - — -
PhenoAge 0.865 + 0.006 — 0.832 4+ 0.020 0.683 4+ 0.019 - 0.836 + 0.021 0.836 + 0.021 -
LLMAge 0.918 + 0.002 - 0.797 + 0.017  0.516 4+ 0.015 - 0.806 + 0.021 0.806 £ 0.020 -
GRU-F 0.685 £+ 0.011 - 0.797 +£ 0.031 0.752 £+ 0.037 - 0.809 £+ 0.034 0.836 £+ 0.025 0.836 =+
GRU-FA-LF 0.889 + 0.046 - 0.823 £+ 0.008 0.673 £+ 0.089 - 0.829 £ 0.011 0.832 £ 0.012 0.826 &+
GRU-FA-RF  0.860 £ 0.018 - 0.833 £+ 0.020 0.737 £ 0.047 - 0.839 £ 0.024 0.839 £ 0.025 0.836 &+
GRU-FRC-LF 0.816 + 0.002 - 0.848 4+ 0.013 0.740 £ 0.023 - 0.852 4+ 0.015 0.850 + 0.015 0.851 +
GRU-FRC-RF 0.794 4+ 0.005 - 0.826 + 0.007 0.637 £ 0.042 — 0.828 + 0.007 0.824 + 0.011 0.827 +
Tr-F 0.682 + 0.007 - 0.790 4+ 0.020  0.730 £ 0.025 - 0.801 £+ 0.025 0.831 £ 0.023 0.832 +
Tr-FA-LF 0.881 + 0.037 - 0.829 4+ 0.023 0.721 4 0.029 - 0.837 £ 0.025 0.836 £+ 0.029 0.835 +
Tr-FA-RF 0.856 + 0.015 - 0.835 + 0.019  0.669 + 0.025 - 0.842 + 0.023 0.840 + 0.024 0.842 +
Tr-FRC-LF 0.822 £+ 0.002 - 0.835 + 0.015  0.749 £+ 0.024 - 0.840 £+ 0.014 0.834 £+ 0.016 0.839 +
Tr-FRC-RF 0.817 4+ 0.012 - 0.833 + 0.010 0.718 4+ 0.015 - 0.840 £+ 0.010 0.835 £+ 0.010 0.838 +
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The full comparison reinforces the pattern from the main text. Across both the overall
cohort and the age-40-plus subgroup, the strongest mortality discrimination was obtained
by GRU late-fusion models that combined wearable sequences with routine covariates.
Transformer-based alternatives were competitive but did not outperform the best GRU
configuration in any primary evaluation setting.

A3.3. Paired benchmark uncertainty

Paired uncertainty was estimated on shared held-out participants so that both scores in each
comparison were evaluated on the same individuals. Within each outer test fold, deaths and
survivors were resampled separately with replacement, and identical resampled participant
indices were used for the two methods. For each of 10,000 bootstrap replicates, we computed
the AUROC difference within each fold and averaged the five fold-level differences. Percentile
intervals from this bootstrap distribution provide the 95% confidence intervals. Thus, the
estimand is the paired difference in fold-mean AUROC, matching the aggregation used in
Table 1. These intervals condition on the fitted models and observed fold assignment; they
do not include variation from retraining the sequence models or redefining the outer folds.

The primary comparisons used 5,041 shared participants aged 40 years or older, including
527 deaths within 5 years (Table A6). Because Table 1 uses all participants available to
each individual method, its separately computed point estimates need not differ by exactly
the paired estimates reported here.

Table A6: Primary fold-structured paired AUROC comparisons for MotionAge-FRC. Differ-
ences are MotionAge-FRC minus the comparator on the shared held-out cohort.

Comparator N Deaths AAUROC 95% CI
PhenoAge 5,041 527 0.0181 [0.0047,0.0320]
LLMAge 5,041 527 0.0482 [0.0344,0.0622]
Age 5,041 527 0.0522 [0.0384,0.0664]

Table A7 extends the same paired analysis to all six rows of Table 1. Each contrast is
the first method minus the second; Age uses the A + S prediction and all biological-age
rows use A +.S. The three MotionAge-FRC benchmark contrasts use the same canonical
bootstrap results as Table AG.

A3.4. PhenoAge missing-data sensitivity

We assessed whether the PhenoAge comparison depended on its laboratory missing-data
handling. The primary benchmark estimated a separate median for each PhenoAge input
from the outer-fold training partition and applied those medians unchanged to held-out
participants. We additionally used training-fold medians stratified by sex and 10-year
age band, with training-fold sex-specific and global medians as fallbacks, and evaluated a
stricter complete-case cohort. The complete-case analysis changes the target population by
conditioning on laboratory availability and is therefore a sensitivity analysis rather than a
replacement for the primary benchmark.
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Table A7: Pairwise fold-mean AUROC differences with 95% fold-structured paired-bootstrap
confidence intervals.

Contrast N Deaths AAUROC [95% CI]
LLMAge — Age 5,135 539 0.0034 [—0.0026,0.0093]
PhenoAge — Age 5,135 539 0.0330 [0.0202, 0.0460]
PhenoAge — LLMAge 5,135 539 0.0295 [0.0179, 0.0418]
MotionAge-F — Age 5,041 527 0.0095 [—0.0111,0.0300]
MotionAge-F — LLMAge 5,041 527 0.0056 [—0.0146, 0.0258]
MotionAge-F — PhenoAge 5,041 527  —0.0245 [—0.0433, —0.0058]
MotionAge-FA — Age 5,041 527 0.0299 [0.0204, 0.0395]
MotionAge-FA — LLMAge 5,041 527 0.0260 [0.0158, 0.0366]
MotionAge-FA — PhenoAge 5,041 527 —0.0041 [—0.0172,0.0085]
MotionAge-FA — MotionAge-F 5,041 527 0.0204 [0.0067,0.0345]
MotionAge-FRC — Age 5,041 527 0.0522 [0.0384, 0.0664]
MotionAge-FRC — LLMAge 5,041 527 0.0482 [0.0344,0.0622]
MotionAge-FRC — PhenoAge 5,041 527 0.0181 [0.0047,0.0320]
MotionAge-FRC — MotionAge-F 5,041 527 0.0427 [0.0289, 0.0564]
MotionAge-FRC — MotionAge-FA 5,041 527 0.0222 [0.0123,0.0324]

Table A8: Pre-imputation missingness among the nine PhenoAge biomarker inputs in the
main age > 40 held-out evaluation cohort. The denominator (N = 5,135) is the
aggregate of the five outer held-out cross-validation test folds. For the primary
benchmark, each biomarker’s median was estimated from the corresponding
outer-fold training partition only and applied unchanged to held-out participants.

PhenoAge biomarker Missing, n~ Missing, %
Albumin (LBDSALST) 236 4.60
Creatinine (LBDSCRSI) 236 4.60
Glucose (LBDSGLSI) 236 4.60
Alkaline phosphatase (LBXSAPSI) 236 4.60
log CRP (log-crp) 202 3.93
Lymphocyte percentage (LBXLYPCT) 183 3.56
MCV 161 3.14
RDW (LBXRDW) 161 3.14
WBC (LBXWBCSI) 161 3.14

The complete-case PhenoAge benchmark retained 4,872 held-out participants and 483
deaths before intersection with available MotionAge-FRC predictions; the paired analysis
used 4,786 participants and 472 deaths. On this shared subset, the point estimate remained
slightly higher for MotionAge-FRC, but the confidence interval included zero. The primary
leakage-safe comparison and the age/sex-stratified imputation sensitivity support a positive
MotionAge-FRC difference in their evaluation cohorts, whereas the complete-case restriction
narrows the margin and increases its uncertainty.
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Table A9: Paired MotionAge-FRC versus PhenoAge sensitivity analyses among participants
aged 40 years or older. AUROCSs and differences are evaluated on the shared
held-out participants in each row.

PhenoAge handling N Deaths PhenoAge MotionAge-FRC AAUROC 95% CI
Training-fold median 5,041 527 0.8335 0.8516 0.0181 [0.0047,0.0320]
Training-fold age/sex median 5,041 527 0.8356 0.8516 0.0161 [0.0028, 0.0296]
Shared complete cases 4,786 472 0.8479 0.8526 0.0047 [—0.0087,0.0180]

Appendix A4. Activity-Pattern Interpretation and Representative
Examples

A4.1. Activity-pattern interpretation

Table A10 quantifies the activity-pattern contrasts visualized in Figure 4. Within each
chronological-age band, “Younger” and “Older” denote the bottom and top 20% of MotionAge
acceleration, respectively. Mean intensity and weekly peak-to-trough amplitude were first
computed per participant from wear-retained hourly profiles and then averaged within each
group. The reported contrasts are high minus low acceleration, so negative values indicate
lower activity in the high-acceleration group.

Table A10: Descriptive high- versus low-MotionAge-acceleration contrasts in wear-retained
activity profiles within chronological-age bands. Percentage differences are
relative to the low-acceleration group.

Age band N per stratum Mean intensity, % Weekly amplitude, %
18-29 469 —15.9 -1.7
30-44 399 —13.8 -9.5
45-64 463 —38.2 —229
65+ 407 —67.2 —41.0

Relative to the low-acceleration group, the high-acceleration group had lower mean
intensity in every age band, with the largest contrasts after age 45. Weekly amplitude
showed the same age-graded pattern. Because the activity sequences contribute to MotionAge
itself, these same-sample summaries characterize a MotionAge-associated activity phenotype;
they do not provide independent validation or identify which temporal inputs causally
determine an individual prediction.

A4.2. Representative subject-level examples

To complement the population averages in Figure 4, Figure Al shows one matched low-
versus high-MotionAgeAccel pair per chronological-age band from the same GRU-FRC-LF
fold. Within each age band, participants were first assigned to the low- and high-acceleration
strata using the same bottom-20% and top-20% thresholds as in the main text. Candidate
exemplars were then ranked by how closely their wear-aware weekly trajectory, mean
intensity, weekly amplitude, and active-hour count matched the corresponding stratum
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median. From the 25 most representative candidates in each stratum, we selected the
best age- and sex-matched low/high pair. These trajectories are therefore intended as
representative illustrations rather than extreme cases.

Matched exemplars, age 18-29
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Figure Al: Representative matched exemplar pairs with contrasting MotionAge acceleration
within the same chronological-age band. Each panel shows two participants
selected to be similar in chronological age and sex but different in MotionAgeAc-
cel, using only candidates whose wear-aware weekly trajectories were among the
most representative of their respective strata. The low-acceleration exemplar
corresponds to a younger estimated MotionAge relative to peers of the same
chronological age, whereas the high-acceleration exemplar corresponds to an
older estimated MotionAge.

The matched examples mirror the population-level trends while preserving realistic
subject-level variability. In the younger matched pairs (ages 24 and 35 years), the high-
acceleration exemplar had 55.6 and 52.8 fewer mean-intensity units than the low-acceleration
exemplar, respectively. In the older matched pairs (ages 61 and 70 years), the corresponding
gaps widened to 123.5 and 141.5 units. The weekly peak-to-trough amplitude showed
the same direction of separation: for the age-61 pair, amplitude was 1938.0 in the high-
acceleration exemplar versus 3097.0 in the low-acceleration exemplar, and for the age-70
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pair it was 2084.0 versus 2819.2. These examples should not be interpreted as standalone
evidence, but they make the learned pattern concrete: within the same chronological-age
band, individuals with higher MotionAgeAccel tend to express a weaker and less sustained
weekly activity rhythm.
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