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

Abstract
Population aging has created a growing need for
scalable measures of health beyond chronologi-
cal age. Existing approaches to biological age
often rely on clinical or laboratory data, limit-
ing their ability to capture real-world, continu-
ously evolving health status. We propose Mo-
tionAge, a deep learning framework that learns a
mortality-calibrated biological age directly from
high-frequency wearable activity data. The ap-
proach combines deep sequence models with a
wear-aware modeling strategy that explicitly en-
codes observation reliability, enabling robust rep-
resentation learning from noisy and irregularly
observed time series. In NHANES accelerome-
ter data, MotionAge improves mortality discrim-
ination over chronological age and established
benchmarks. These results highlight the poten-
tial of wearable data to enable scalable, real-time
assessment of aging in population settings.

1. Introduction
Population aging is rapidly reshaping the demographic struc-
ture of societies worldwide. According to the World Health
Organization, the global population aged 60 years and older
is expected to nearly double from about 1 billion in 2020
to over 2 billion by 2050, with older adults comprising an
increasing proportion of the total population in many coun-
tries. As life expectancy rises, however, longevity is often
accompanied by a growing burden of chronic diseases such
as cardiovascular disease, diabetes, and neurodegenerative
disorders, raising concerns not only about survival but also
about quality of life. In this context, there is a growing
need for a unified, quantitative measure that captures an
individual’s overall health status beyond chronological age,
commonly referred to as biological age.

A reliable estimate of biological age has important clinical
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implications. It can enable earlier identification of individ-
uals at elevated risk for adverse outcomes, support person-
alized 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 in-
terpreted as indicators of accelerated or decelerated aging
(Horvath, 2013; Hannum et al., 2013). Subsequent work
has shifted toward improving clinical relevance by incorpo-
rating mortality and morbidity risk into the target, leading
to second-generation aging measures such as BioAge, Phe-
noAge and GrimAge (Levine, 2013; Levine et al., 2018; Lu
et al., 2019). More recent works have expanded biologi-
cal age modeling to organ-specific aging clocks, aiming to
capture heterogeneous aging processes across physiological
systems (Qiu et al., 2023; Wang et al., 2026). Addition-
ally, advances in machine learning have enabled the use of
large-scale clinical data, including multimodal electronic
health records and large language model (LLM)-based rep-
resentations, 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.

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 in-
formation on daily activity patterns, including step counts,
activity intensity, heart rate, and sleep characteristics. These
signals reflect the integrated output of multiple physiolog-
ical 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).
Recent work has further demonstrated that wearable sig-
nals can be used to construct aging-related measures, for
example by predicting chronological age from photoplethys-
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mography (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 typi-
cally trained to predict chronological age or construct un-
supervised biomarkers, with biological relevance inferred
through associations with health outcomes. Moreover, such
measures are often proposed as biomarkers of biological
aging without systematic comparison to established clinical
or epidemiological benchmarks.

Wearable data are inherently high-dimensional and possess
complex temporal structure, which requires careful process-
ing to avoid systematic bias and to preserve meaningful
behavioral patterns. Advances in machine learning provide
a natural framework for addressing these challenges. In par-
ticular, deep learning architectures designed for sequential
data, such as long short-term memory (LSTM) networks
(Hochreiter & Schmidhuber, 1997), gated recurrent units
(GRU) (Cho et al., 2014), and transformers (Vaswani et al.,
2017), are well-suited for modeling such data due to their
ability to capture temporal dependencies and nonlinear rela-
tionships. These models enable the extraction of informative
representations from high-frequency wearable data while
preserving temporal structure.

In this study, we propose a framework that directly esti-
mates 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. We incorporate wear-
time information directly into the modeling pipeline as a
reliability signal through a hierarchical masking and aggre-
gation strategy. By treating observation quality as part of
the representation, our method jointly models temporal dy-
namics and data reliability, enabling the construction of a
robust and clinically interpretable biological age measure.

Figure 1. Overview of the proposed MotionAge. Wear-aware activ-
ity 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.

2. Methods
2.1. 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 pre-
processed 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. Below, we give a general description of the prepro-
cessing and model training procedure; additional details are
provided in Appendix S2.

2.2. Wear-Aware Preprocessing and Sequence
Construction

Our preprocessing pipeline preserves temporal structure
while explicitly representing observation reliability (Figure
S1). We first identified non-wear at the minute level using
the Choi algorithm (Choi et al., 2011), yielding a binary
wear indicator wt ∈ {0, 1}. We then aggregated the minute-
level series into 5-minute epochs. For each epoch e, we
computed a wear-aware activity summary

xe =

∑
t∈e wt dt∑
t∈e wt

, (1)

i.e., the average activity intensity over wear minutes within
epoch e. We also retained temporal context features (hour-
of-day and day-of-week) and defined an epoch-level wear-
ing coverage

me = I

{
1

|e|
∑
t∈e

wt ≥ τ

}
,

with threshold τ = 0.2.

Participant-level sequences were constructed by sliding a
fixed-length window over the ordered epoch sequence, with
window length treated as a tunable hyperparameter. Win-
dows with insufficient overall wearing coverage were ex-
cluded. For retained windows, low-coverage epochs were
not removed; their wearing coverage was carried forward
as a reliability signal in the pooling stage. This preserves
the regular temporal grid while allowing the model to dis-
tinguish between sparse observation and low activity.

2.3. 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,
capturing both instantaneous activity and structured tem-
poral variation. Given a sequence of length T , a sequence
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encoder (GRU or Transformer) produced hidden representa-
tions h1, . . . ,hT .

To account for irregular observation and non-wear, we ap-
plied masked temporal pooling:

h =

∑T
e=1 mehe∑T
e=1 me + ε

,

where ε > 0 ensures numerical stability. This yields a
reliability-weighted summary in which epochs with insuffi-
cient wear contribute minimally.

When static covariates were available, they were en-
coded via a multilayer perceptron gϕ(s), where s denotes
participant-level baseline features. In the late-fusion model,
the pooled wearable representation and static representation
were concatenated and passed to a prediction network:

z = qψ
(
[h; gϕ(s)]

)
.

We also considered a residual fusion formulation, in which
a wearable-derived prediction is augmented by an additive
correction from static covariates:

z = zwear + zstatic.

The model outputs a scalar logit corresponding to the log-
odds of 5-year mortality risk. A probability estimate is
obtained via the sigmoid transformation, and the model is
trained using a class-weighted binary cross-entropy loss.
Because each participant contributes multiple windows, pre-
dictions are first obtained at the window level and then
aggregated to the participant level by averaging predicted
probabilities.

2.4. Interpretation via MotionAge

A central design goal is to obtain an interpretable phenotype
rather than only a mortality score. To achieve this, we esti-
mated a sex-specific relationship between chronological age
A and predicted mortality risk in the training data. Motion-
Age was then defined via the inverse mapping, representing
the age whose expected mortality risk matches the partici-
pant’s predicted risk. Age acceleration was defined as the
difference between MotionAge and chronological age.

2.5. Training Procedure

We defined model inputs using a wearable (Fitbit) branch
and optional static covariates. The wearable branch con-
sisted of temporal features derived from wear-aware prepro-
cessing and was always included. Static baseline covariates
were optionally incorporated as auxiliary inputs.

We evaluated three configurations: F (wearable only), FA
(wearable + age), and FRC (wearable + routine covariates

including age, sex, BMI, waist circumference, and blood
pressure). This design allows assessment of both the stan-
dalone contribution of wearable signals and their incremen-
tal value when combined with standard covariates.

Hyperparameters were selected on a development split and
fixed for evaluation. Candidate models were ranked using
validation AUPRC. Additional optimization and implemen-
tation details are provided in the Appendix.

3. Evaluation Setup
3.1. Dataset

We used data from the 2003–2004 and 2005–2006 cy-
cles of the National Health and Nutrition Examination
Survey (NHANES), a nationally representative U.S. sur-
vey 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 vari-
ables 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 5-year
mortality outcome. A descriptive summary of the cohort is
provided in Appendix S1. We included all age groups rather
than restricting to older adults. This design choice is moti-
vated 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 S3.

3.2. 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 Â via
fold-specific calibration, from which age acceleration was
computed as AA = Â−A. We then fitted a logistic regres-
sion evaluation model on the training split using Â or AA as
the primary predictor, with sex included as a covariate when
appropriate, and applied this model to the held-out test split
to obtain predicted 5-year mortality probabilities. Perfor-
mance was evaluated separately on each held-out test fold
using the C-index and area under the receiver operating char-
acteristic curve (AUROC); the final reported C-index and
AUROC are the means of the fold-specific test-set estimates
across the five folds.

Several sequence-model variants were implemented includ-
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ing GRU- and Transformer-based encoders with late-fusion
and residual-fusion strategies for different model inputs. Pri-
mary analyses focused on the GRU model with late fusion
(GRU-LF), which gave the most consistent results. Full
comparisons are reported in Appendix S3.

Benchmark Comparisons: We compared our method
against three baseline approaches: (1) chronological age
(Age); (2) PhenoAge (Levine et al., 2018); and (3) LL-
MAge (Li et al., 2025). Chronological age served as a
simple reference predictor. PhenoAge was computed fol-
lowing the original formulation, with missing laboratory
values imputed using the median. For LLMAge, we fol-
lowed the prompting procedure described in the original pa-
per to obtain the overall 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 bench-
marks allowed us to situate the proposed method relative
to both traditional biological age measures and recent large
language model-based approaches.

4. Result and Evaluation
Table 1 reports the main five-fold cross-validation result for
5-year mortality prediction in participants aged 40 years
or older. MotionAge models achieved the strongest mor-
tality discrimination among the evaluated approaches. In
the age 40+ subgroup, MotionAge-FRC achieved the high-
est 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 Â+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).
Even MotionAge-F, which used wearable activity alone
without chronological age or additional covariates in the
deep learning model, outperformed the chronological-age
baseline and LLMAge in both C-index and AUROC. In
Appendix S3, 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 information that is not captured fully by
age alone or by static clinical summaries. The gains are
especially notable because MotionAge-FRC uses a compar-
atively 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 compar-
ison therefore supports the value of wear-aware temporal
modeling as an additive source of clinically relevant infor-
mation.

Table 1. Five-fold cross-validation evaluation summary for 5-year
mortality prediction in the overall population and in participants
aged 40 years or older. MotionAge was obtained using GRU-
based models with late fusion. Values are means across complete
outer folds. Abbrev.: A = chronological age; S = sex; Â = esti-
mated biological age (MotionAge for learned sequence models,
and PhenoAge/LLMAge for the PhenoAge/LLMAge benchmark);
AA = age acceleration (Â−A); M = mortality outcome defined
as death within 5 years of baseline assessment; F = Fitbit-only
backbone; FA = Fitbit and chronological age; FRC = Fitbit and
routine baseline covariates, including age, sex, household income,
body mass index, waist circumference, systolic blood pressure, and
diastolic blood pressure; C-index = concordance index; AUROC =
area under the receiver operating characteristic curve. Mortality
AUROC subcolumns indicate predictor sets used in the evaluation
logistic model.

Model Mort C-index Mort AUROC

C(M, A) C(M, Â) C(M, AA) A+S Â+S AA+A+S

Age ≥ 40

Age 0.795 - - 0.803 - -
LLMAge 0.797 0.516 - 0.806 0.806
PhenoAge - 0.832 0.683 - 0.836 0.836
MotionAge-F - 0.797 0.752 - 0.809 0.836
MotionAge-FA - 0.823 0.673 - 0.829 0.832
MotionAge-FRC - 0.848 0.740 - 0.852 0.850

5. Discussion
In this study, we propose MotionAge, a wearable-derived
biological age constructed by modeling mortality risk from
high-frequency activity data. Our results demonstrate that
wearable-based representations can provide meaningful and
scalable measures of aging, achieving improved mortality
prediction compared with both a chronological age baseline
and an established biomarker-based benchmark. Notably,
these gains are obtained using a relatively limited set of
routine covariates, highlighting the potential of wearable
data to complement or partially substitute traditional clinical
measurements. Beyond predictive performance, MotionAge
captures interpretable behavioral patterns, with higher bio-
logical age associated with lower intensity and less dynamic
activity profiles, as well as increased mortality risk within
fixed chronological-age groups.

Future work will focus on validating MotionAge across di-
verse datasets and wearable platforms, including devices
with different sensing modalities and sampling frequencies.
Extending the framework to integrate multi-modal wear-
able data (e.g., activity, heart rate, sleep, and physiological
signals) may further improve robustness and predictive per-
formance. In addition, incorporating longitudinal data and
repeated measurements could enable the study of within-
individual aging trajectories and dynamic changes in biolog-
ical age over time. Together, these directions help establish
wearable-derived biological age as a practical tool for popu-
lation health monitoring and individualized risk assessment.
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Data and Code
The NHANES data are publicly available at https:
//wwwn.cdc.gov/nchs/nhanes/default.aspx.
Our code will be made available on Github upon acceptance.

Impact Statement
This work aims to advance the use of wearable data and ma-
chine learning for scalable health monitoring and biological
age estimation. By enabling non-invasive and continuously
updated assessment of aging and mortality risk, such ap-
proaches may support earlier detection of health decline and
improved population health management. However, the use
of wearable data also raises considerations related to data
privacy, access, and potential disparities in device availabil-
ity across populations. Future work should carefully address
these issues to ensure equitable and responsible deployment
of wearable-based health models.

References
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S1. Demographics Summary Table

Table S1. Sample demographics and routine covariates among NHANES 2003–2006 participants with available 5yr-mortality information

Characteristic Overall (N=8979)
Mortality, n (%) 555 (6.2%)
Age, years (mean ± SD) 46.1 ± 20.3
Sex

Male, n (%) 4,279 (47.7%)
Female, n (%) 4,700 (52.3%)

Annual Household Income
$0 to $4,999, n (%) 206 (2.3%)
$5,000 to $9,999, n (%) 444 (4.9%)
$10,000 to $14,999, n (%) 756 (8.4%)
$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 (%) 1,765 (19.7%)
Over $20,000, n (%) 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

S2. Epoch aggregation and sequence construction
S2.1. Wear-Aware Preprocessing and Sequence Construction

Non-wear detection. Non-wear intervals were identified using the Choi algorithm (Choi et al., 2011), defined as periods
of at least 90 consecutive minutes of zero counts, allowing up to two non-consecutive spike minutes (0–100 counts) if
flanked by at least 30 consecutive zero-count minutes. This yields a minute-level wear indicator wt ∈ {0, 1}.

Epoch aggregation and wear-aware features. Minute-level data are partitioned into fixed-length epochs (e.g., 5-minute
intervals). For each epoch e, we construct:

• a wear-aware activity summary

xe =

∑
t∈e wt · countt∑

t∈e wt
,

defined as the average activity intensity over wear minutes only;

• temporal indices he and de encoding hour-of-day and day-of-week;

• a wear-coverage mask

me = I

{[
1

|e|
∑
t∈e

wt

]
≥ τ

}
,

where τ is a threshold (e.g., 0.2).
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dt: minute-level intensity
wt: wearing masking

· · · · · ·

Processing window: exclude if E[me] < 0.3

xe =
∑

t∈e wtdt∑
t∈e wt

: epoch-average intensity

me = I
{

1
|e|

∑
t∈e wt ≥ τ

}
: wearing coverage

Figure S1. Minute-level activity intensity dt and wear indicator wt are aggregated into fixed-length epochs. For each epoch e, we compute
a wear-aware average intensity xe and a wearing coverage me. Epochs with insufficient wearing coverage are excluded, and the remaining
epochs form the input sequence within each processing window.

This representation ensures that true inactivity (low activity during wear) is not conflated with missingness (non-wear).

Sequence construction with quality control. For each participant, we construct fixed-length sequences by extracting
sliding windows of length seq len with stride stride from the ordered epoch-level data. Each sequence consists of

{(xe, he, de,me)}Te=1.

To ensure data quality, we apply hierarchical filtering:

• Window-level coverage filtering: windows with insufficient overall wear coverage (e.g., 1
T

∑
eme < γ, with γ ≈ 0.3)

are excluded;

• Masked sequence modeling: within retained windows, low-coverage epochs are preserved with their masks, allowing
the model to down-weight unreliable observations while retaining temporal structure.

This strategy preserves the regular temporal grid while propagating a reliability signal through the model.

S2.2. Modeling and Training Details

Residual fusion formulation. In addition to late fusion, we considered a residual fusion approach in which static covariates
provide an additive correction to wearable-derived predictions:

z = zwear + zstatic.

Training objective. The model was trained using a class-weighted binary cross-entropy loss:

L = − 1

N

N∑
i=1

[
λ yi log σ(zi) + (1− yi) log

(
1− σ(zi)

)]
,

where λ = N−/N+ accounts for class imbalance.

Optimization details. Hyperparameters were optimized using Optuna on a development split. Training employed AdamW
optimization, learning rate scheduling, gradient clipping, and early stopping.

S3. Result for all models
Table 1 summarizes model performance for 5-year mortality prediction across the overall population and the subgroup aged
40 years or older. In both populations, models that integrate wearable-derived features with routine covariates achieve the

8
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Table S2. 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 means across complete outer folds. Abbrev.: A = chronological age; S = sex; Â = estimated biological age
(MotionAge for learned sequence models, PhenoAge for the PhenoAge benchmark, and LLM-Overall-Age for the LLM-Age benchmark);
AA = age acceleration (Â−A); M = mortality outcome defined as death within 5 years of baseline assessment; P1 = stage-1 mortality
probability; F = Fitbit-only backbone; FA = Fitbit and chronological age; FRC = routine baseline covariates, including age, sex,
household income, body mass index, waist circumference, systolic blood pressure, and diastolic blood pressure; LF = late fusion; RF =
residual fusion; Tr = Transformer; C-index = concordance index; AUROC = area under the receiver operating characteristic curve.
Mortality AUROC subcolumns indicate predictor sets used in the evaluation logistic model.

Model Age C-index Mort C-index Mort AUROC

C(Â, A) C(M, A) C(M, Â) C(M, AA) A+S Â+S AA+A+S P1+A+S

Overall population

Base - 0.870 - - 0.875 - - -
PhenoAge 0.916 - 0.890 0.692 - 0.893 0.894 -
LLM-Age 0.943 - 0.871 0.588 - 0.877 0.878 -
GRU-F 0.618 - 0.819 0.709 - 0.832 0.889 0.890
GRU-FA-LF 0.933 - 0.882 0.664 - 0.887 0.887 0.885
GRU-FA-RF 0.901 - 0.887 0.713 - 0.892 0.891 0.890
GRU-FRC-LF 0.849 - 0.899 0.721 - 0.902 0.901 0.902
GRU-FRC-RF 0.833 - 0.883 0.627 - 0.885 0.880 0.875
Tr-F 0.655 - 0.823 0.688 - 0.833 0.884 0.886
Tr-FA-LF 0.938 - 0.886 0.710 - 0.891 0.890 0.889
Tr-FA-RF 0.922 - 0.890 0.661 - 0.894 0.892 0.892
Tr-FRC-LF 0.858 - 0.889 0.726 - 0.893 0.886 0.883
Tr-FRC-RF 0.857 - 0.889 0.702 - 0.894 0.888 0.884

Age ≥ 40

Base - 0.795 - - 0.803 - - -
PhenoAge 0.865 - 0.832 0.683 - 0.836 0.836 -
LLM-Age 0.918 - 0.797 0.516 - 0.806 0.806 -
GRU-F 0.685 - 0.797 0.752 - 0.809 0.836 0.836
GRU-FA-LF 0.889 - 0.823 0.673 - 0.829 0.832 0.826
GRU-FA-RF 0.860 - 0.833 0.737 - 0.839 0.839 0.836
GRU-FRC-LF 0.816 - 0.848 0.740 - 0.852 0.850 0.851
GRU-FRC-RF 0.794 - 0.826 0.637 - 0.828 0.824 0.827
Tr-F 0.682 - 0.790 0.730 - 0.801 0.831 0.832
Tr-FA-LF 0.881 - 0.829 0.721 - 0.837 0.836 0.835
Tr-FA-RF 0.856 - 0.835 0.669 - 0.842 0.840 0.842
Tr-FRC-LF 0.822 - 0.835 0.749 - 0.840 0.834 0.839
Tr-FRC-RF 0.817 - 0.833 0.718 - 0.840 0.835 0.838
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strongest mortality discrimination, with the GRU-RC-LF model consistently attaining the highest C-index and AUROC
across evaluation settings. Relative to the baseline model using chronological age and sex, as well as established benchmarks
such as PhenoAge and LLM-based biological age, the wearable-enhanced models provide systematic improvements,
particularly when combining estimated biological age with covariates. While age-focused models (e.g., GRU-A-LF and
Tr-A-LF) achieve the highest concordance with chronological age, their mortality performance is generally lower than
models incorporating broader covariate information, highlighting that accurate age reconstruction and mortality prediction
are related but distinct objectives. Overall, these results demonstrate that wearable-derived temporal features, when combined
with routine covariates, yield robust and competitive predictors of mortality risk.

S4. Additional results
S4.1. 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 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 S2).

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+. 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.

S4.2. 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 S3) and 5-year survival (Figure S4)

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 systematically 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.

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 65+ 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. 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.
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S5. Representative Subject-Level Examples
To complement the population averages in Figure S3, Figure S5 shows one matched low- versus high-MotionAgeAccel
pair per chronological-age band from the same GRU-RC-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-masked weekly trajectory, mean intensity, weekly amplitude,
and active-hour count matched the corresponding stratum 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.

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 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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(a) Weekly hourly mean activity intensity by age group before applying the wear-coverage mask.

Mon
 00

:00

Mon
 12

:00

Tu
e 0

0:0
0

Tu
e 1

2:0
0

Wed
 00

:00

Wed
 12

:00

Thu
 00

:00

Thu
 12

:00

Fri 0
0:0

0

Fri 1
2:0

0

Sat 
00

:00

Sat 
12

:00

Sun
 00

:00

Sun
 12

:00

Time of Week

0

200

400

600

800

M
ea

n 
In

te
ns

ity

AgeGroup 6-11
12-17

18-29
30-44

45-64
65+

(b) Weekly hourly mean activity intensity by age group after restricting to epochs retained by the wear-coverage mask.
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(c) Weekly hourly wear-coverage mask by age group, shown as the percentage of 5-minute epochs retained in each hourly bin.

Figure S2. Wear-aware hourly activity diagnostics by age group. Panel a shows the unmasked hourly intensity profile, which exhibits
attenuated and partially reversed age ordering in some time windows. Panel b shows the same summary after restricting to epochs retained
by the wear-coverage mask, yielding clearer separation across age groups. Panel c shows hourly wear coverage itself, indicating strong
time-of-day and age-dependent differences in retained observations.12
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Figure S3. 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.

13



715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769

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

0.99

1.001.00

Su
rv

iv
al

 P
ro

ba
bi

lit
y

18-29
0.96

0.97

0.98

0.99

1.00

30-44

0 12 24 36 48 60
Follow-up (months)

0.8

0.9

1.0

Su
rv

iv
al

 P
ro

ba
bi

lit
y

45-64

0 12 24 36 48 60
Follow-up (months)

0.55

0.65

0.75

0.85

0.95

65+

MotionAge relative to chronological age
Younger Age-matched Older

Figure S4. 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 S3: “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.
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low accel: age 61, MotionAge 46.5, Accel -14.5
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Figure S5. 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 MotionAgeAccel, using only candidates
whose wear-masked 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 examples illustrate the same qualitative pattern as Figure S3: higher MotionAgeAccel
is generally associated with lower sustained activity and flatter weekly dynamics, with the contrast becoming more pronounced in the
older age bands.
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