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Abstract—Measuring health-related physical fitness (HRPF) is important due to its association with overall health, enabling
disease prevention, personalized exercise prescription, among other applications. HRPF measurement is often performed
on a laboratory setting, using clinical equipment under professional supervision, but has become more accessible
due to wearable technology. For instance, current generation smartwatches are capable of predicting two of the five
HRPF components acknowledged by the American College of Sports Medicine (ACSM), namely cardiorespiratory fitness
( ¤𝑉𝑂2max) and body composition (body fat %). In this paper, we present approaches for prediction of the remaining three
HRPF components: muscular endurance, muscular strength, and flexibility, allowing a complete characterization of health-
related physical fitness solely from smartwatch data. We adopted a component-specific approach, as opposed to more
general approaches used in previous work, and show that our approach is more effective on data from wearable devices.
Furthermore, we show that free-living activity data, exclusively accessible through wearables, is highly discriminative for
HRPF prediction. This demonstrates that current consumer-grade wearables enable more than merely approximating
clinical data — they also complement it with real-world activity information.

Index Terms—Biomarkers, fitness, health, health-related physical fitness, smartwatch, wearables.

I. INTRODUCTION

The ability to perform activities of daily living with vigor
characterizes health-related physical fitness (HRPF), which is
important due to its association with overall health [1]. The American
College of Sports Medicine (ACSM) acknowledges five HRPF
components (cardiorespiratory fitness, body composition, muscular
endurance, muscular strength, and flexibility), which are measured by
standardized fitness tests that are performed using clinical equipment
and under the professional supervision. Due to its relevance as health
indicator, HRPF prediction has been extensively investigated [2]–
[4], but restricted to anthropometric data or measurements from
clinical equipment. While most work is limited to individual HRPF
domains, recent studies have leveraged large-scale clinical data to
learn predictors for all five HRPF components acknowledged by the
ACSM [5], [6], using general approaches such as multiple linear
regression (MLR) and multilayer perceptrons (MLP).

Wearable sensing devices are capable of non-invasive estimation
of biomarkers under free-living conditions, which enable several
mobile health applications, including HRPF tracking. For instance,
current smartwatches are capable of predicting cardiorespiratory
fitness (maximum oxygen uptake, ¤𝑉𝑂2max) and measuring body
composition (body fat %) [7], two of the five HRPF components
acknowledged by the ACSM [1]. However, only all five components
together can provide a complete characterization of health-related
physical fitness. In this paper, we present prediction models for
the remaining three components — muscular strength, muscular
endurance, and flexibility — using only smartwatch data, enabling the
characterization of all five HRPF components under free-living solely
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from the smartwatch. We present domain-specific prediction models
(Fig. 1) and demonstrate that, in our setting, this outperforms more
general approaches employed in previous work. We show that while for
muscular strength prediction a simple linear regression on profile and
bioelectrical impedance analysis (BIA) features is already effective,
muscular endurance and flexibility prediction can be substantially
improved by leveraging free-living activity data, as long as appropriate
preprocessing is employed. This highlights the advantage of wearable
devices to go beyond just approximating clinical data and actually
complementing them with free-living information.

Our main contributions are: i) predicting, from consumer-grade
smartwatch data, HRPF components that have been previously
predicted only from clinical equipment; ii) demonstrating that free-
living activity data from smartwatches can improve HRPF prediction;
iii) introducing HRPF prediction models designed to leverage activity
features, which outperform previous approaches on smartwatch data
and are appropriate for wearables since they are just linear regressions,
thus interpretable, computationally efficient, and compact.

II. PROPOSED APPROACH

A. Background

Previous work used the same kind of model for all HRPF
components, without considering component-specific design [5],
[6]. However, they leveraged measurements from clinical equipment
and a large-scale dataset (190k+ participants). In contrast, we use
measurements from smartwatches, which are noisier and lead to a
relatively small-scale dataset (less than 500 participants per HRPF
component) due to the high cost of data collection with smartwatch
data monitoring. This motivates the design of component-specific
models, which introduce constraints explicitly since learning them
from small-scale data is challenging and often unreliable.
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TABLE 1. Feature groups adopted in the experiments. These features
include variables available from the Samsung Galaxy Watch 4 and
some of their interactions. Unlike previous work [6] we did not have
access to actual waist circumference measurements since we use
only smartwatch data, so we used prediction equations based on user
profile data [8]. BMI: body mass index.

Group Features
Profile age, sex, height, weight, BMI, (BMI · age)−1 , waist circumference

BIA body fat %, basal metabolic rate/weight, skeletal muscle

Activity

exercise calorie (max)
daily active calorie (min, max, mean, std)
daily active time (min, max, mean, std)
daily step count (min, max, mean, std)
daily step speed (min, max, mean, std)

B. Problem statement

We are interested in learning prediction models for three HRPF
components (muscular endurance, muscular strength, and flexibility)
solely from features extracted from smartwatch data, which include
user profile, bioelectrical impedance analysis (BIA), and activity
data (Table 1). Each participant is represented by a single feature
vector, where activity variables are aggregations (min, max, mean,
std) over the free-living period. BIA variables are computed from
the measurement made on the last day that the ground-truth HRPF
tests were performed. Our models are linear regressions of the form:

𝑦̂ = 𝒙>𝜷, (1)

where 𝑦̂ is a real-valued prediction of an HRPF component, 𝒙 is an N-
dimensional vector representing an instance of features preprocessed
from smartwatch inputs (and a constant bias term), and 𝜷 is an
N-dimensional vector of regression coefficients. Since each HRPF
component has different data characteristics and assumptions, their
preprocessing might also differ, thus the dimensionality of 𝒙 and 𝜷

might also differ between component predictors.

C. Model definition

Our models are linear regressions with component-specific prepro-
cessing and optimization criteria. A diagram with an overview of the
proposed HRPF prediction models are presented in Figure 1, and a
detailed description of the preprocessing and optimization functions
used to learn the regression coefficients of each HRPF component
is presented next.

For each HRPF component, let 𝑿 ∈ R𝑀×𝑁 be the matrix of
preprocessed feature vectors of 𝑀 instances with 𝑁 features, including
a bias constant, and 𝒚 ∈ R𝑀×1 be the vector of ground-truth values.
The coefficients 𝜷 of the muscular strength regression are learned
by solving:

min
𝜷

1
2𝑀

‖𝑿𝜷 − 𝒚‖2
2 + 𝛼‖𝜷‖1, (2)

where 𝑀 is the number of instances, the second term is the sparsity-
inducing L1 (Lasso) penalty [9], and 𝛼 is the regularization weight.
We adopted this penalty because there was no improvement for a
wide range of model design choices, suggesting that it is reasonable
to simply adopt a more parsimonious model. For this predictor,
preprocessing consisted of simply z-scoring the features.

Muscular endurance prediction improved with activity features
but was more effective with specific preprocessing. Thus, besides z-
scoring all features, we found that transforming activity features using
cubic spline smoothing [10] enabled leveraging them more effectively.
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Fig. 1. Overview of our proposed Health-related Physical Fitness
(HRPF) prediction models.

This transformation is often recommended to incorporate non-linear
relationships between continuous features and the target variable [11].
Moreover, since the ground truth for this HRPF component is the
number of push-ups, which is a count variable, we use Poisson
regression since it assumes skewed, non-negative, distributions that
arise from this type of data [11]. Thus, the coefficients 𝜷 of the
muscular endurance regression are learned by solving:

min
𝜷

1
𝑀

𝑀∑︁
𝑖

(
𝑦𝑖 log

𝑦𝑖

exp(𝒙>
𝑖
𝜷) − 𝑦𝑖 + exp(𝒙>

𝑖 𝜷)
)
+ 𝛼

2
‖𝜷‖2

2, (3)

where 𝑀 is the number of instances, the second term is the 𝐿2 (Ridge)
penalty [12], and 𝛼 is the regularization weight. We avoid 𝐿1 penalty
on this model since feature selection on spline basis functions can
compromise interpretability and introduce discontinuities.

For flexibility prediction, we noticed that activity features im-
prove results but, similarly to muscular endurance, need specific
preprocessing to be leveraged effectively. Thus, besides z-scoring
all features, we preprocess activity features by projecting them onto
latent features via Principal Component Analysis (PCA) [13] before
fitting the regression. We set the number of components as the
smallest number that explains at least 80% of the variance in the
data. The coefficients 𝜷 of the flexibility regression are then learned
by solving:

min
𝜷

‖𝑿𝜷 − 𝒚‖2
2 + 𝛼‖𝜷‖2

2, (4)

where the second term is the L2 (Ridge) penalty [12], and 𝛼 is the
regularization weight. This choice of penalty was motivated by the
fact that we project activity features via PCA, thus already performing
dimensionality reduction. Reducing it further through sparseness via
L1 penalty would not only reduce interpretability, since higher order
principal components could be eliminated without the same happening
to lower order components, but could also degrade performance.

III. EXPERIMENTS AND RESULTS

A. Dataset

Our dataset is composed of data from three distinct data collections,
in which the participants wore a Samsung Galaxy Watch 4 [7]
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TABLE 2. Characteristics of the dataset for each HRPF domain. Note
that since the dataset was compiled from three data collections, not
all physical tests were performed on all of them, leading to different
sample sizes for each component.

HRPF component
Muscular
strength

Muscular
endurance Flexibility

Test Handgrip Push-up Sit-and-reach
Unit kg # of push-ups cm

Mean (std) 37.23 ± 11.19 18.06 ± 14.16 22.07 ± 9.78
Age (yrs) 37.97 ± 10.31 37.92 ± 10.28 38.05 ± 10.96

Height (cm) 168.76 ± 9.55 168.79 ± 9.57 168.80 ± 9.71
Weight (Kg) 75.34 ± 15.99 75.37 ± 15.97 74.95 ± 15.68

Sex and sample size M (234), F (247) M (237), F (248) M (183), F (207)

smartwatch during free-living for a period between 7 and 30 days and
performed the guided physical tests following ACSM protocols [1]
under controlled environment [14]. Free-living data was used as
input to train our HRPF prediction models, while the physical tests
were used as ground truth. The first and second data collections
(CAEs: 53305121.5.0000.0068 and 61304822.7.0000.0068) were
conducted at the Instituto do Coração (InCor), Hospital das Clínicas
da Faculdade de Medicina da Universidade de São Paulo, Brazil,
between January 2022 to March 2022 and between September 2022
and March 2023, respectively. The third data collection (CAE:
58367822.5.0000.5599) was conducted at the Samsung R&D Institute
Brazil, between October 2022 and May 2023. All experiments in these
studies were performed in a clinical setting under the supervision of
health professionals, followed the Declaration of Helsinki, Brazilian
General Data Protection Law, and were approved by the pertinent
institutional ethics committees. All participants provided informed
consent. Note that not all data collections contained physical tests for
all HRPF components that we predicted, so the sample size available
for training each component was different. Moreover, participants
were excluded if their data had values out of physiologically plausible
range, missing input variables (Table 1), or did not use the smartwatch
consistently (i.e., less than two days of activity, less than two exercise
sessions, or less than 1,000 steps). A summary of the physical tests
and their distributions, as well as the characteristics of the sample,
is presented in Table 2.

B. Evaluation protocol

We evaluated all methods using the mean and standard deviation
of 10 random train-test splits (80% for training and 20% for testing).
The metrics of interest were the Pearson correlation (R) and mean
absolute error (MAE) between the predictions and their ground truth.
We tuned the hyperparameters of each approach using 5-fold cross-
validation on each training set, and evaluated the compared methods
under three different settings: i) using the feature sets from the original
papers, ii) using profile and BIA features, and iii) using profile, BIA,
and activity features. These feature groups are described in Table 1.

C. Comparative evaluation

We compare our approach to two recent works that proposed
predictors for multiple HRPF components and to XGBoost [15],
which is arguably the current state-of-the-art method for tabular
data [16]. Kim et al. [5] used a multiple linear regression (MLR)
with height, weight, body fat %, and body mass index (BMI)
as input variables, which were selected using stepwise selection.
Lee et al. [6] used a multilayer perceptron (MLP) with age, gender,

TABLE 3. Comparison of the proposed approach to state-of-the-art
approaches used for HRPF prediction. The best results for each feature
group are underlined, while the best results for each HRPF component,
considering all feature groups, are indicated in gray .

Original Profile/BIA Profile/BIA/Activity

R ↑ MAE ↓ R ↑ MAE ↓ R ↑ MAE ↓

S
tr

en
gt

h MLR[5] 0.80 ± 0.02 5.15 ± 0.39 0.82 ± 0.02 4.94 ± 0.31 0.81 ± 0.02 4.97 ± 0.24

MLP[6] 0.81 ± 0.02 5.13 ± 0.21 0.80 ± 0.03 5.15 ± 0.35 0.79 ± 0.03 5.29 ± 0.43

XGBoost [15] — — 0.80 ± 0.02 5.86 ± 0.43 0.80 ± 0.02 5.89 ± 0.46

Ours — — 0.82 ± 0.02 4.91 ± 0.32 0.81 ± 0.02 5.03 ± 0.29

E
nd

ur
an

ce MLR[5] 0.54 ± 0.05 9.26 ± 0.47 0.60 ± 0.05 8.53 ± 0.56 0.64 ± 0.05 8.18 ± 0.81

MLP[6] 0.60 ± 0.07 8.87 ± 0.63 0.62 ± 0.05 8.70 ± 0.53 0.64 ± 0.05 8.38 ± 0.75

XGBoost [15] — — 0.57 ± 0.06 9.68 ± 0.44 0.63 ± 0.05 8.94 ± 0.42

Ours — — 0.62 ± 0.06 8.41 ± 0.55 0.67 ± 0.05 7.97 ± 0.66

Fl
ex

ib
ili

ty

MLR [5] 0.46 ± 0.04 6.95 ± 0.41 0.51 ± 0.04 6.80 ± 0.37 0.50 ± 0.06 7.03 ± 0.35

MLP [6] 0.46 ± 0.04 7.14 ± 0.43 0.46 ± 0.06 7.13 ± 0.30 0.44 ± 0.07 7.19 ± 0.42

XGBoost [15] — — 0.43 ± 0.06 7.27 ± 0.53 0.49 ± 0.04 7.07 ± 0.48

Ours — — 0.51 ± 0.04 6.77 ± 0.36 0.56 ± 0.05 6.59 ± 0.31

height, weight, body fat %, waist circumference, and BMI as
input variables, which were selected using a random forest-based
approach. Since Lee et al. [6] evaluated several neural network
configurations, for fairness, we considered all the configurations
in their analysis (number of layers between 1–7, nodes per layer
between 4–28) and report the best model selected via grid search.
Moreover, since our dataset is different from theirs, we adapted
the training hyperparameters to ensure model convergence. The
networks were trained with the Adam optimizer (𝐿𝑅 = 10−4, 𝛽1 = 0.9,
𝛽2 = 0.999) and batch size = 8 for 1,000 epochs. For XGBoost, we
report the best model using grid search (max_depth ∈ [2, 4, 6],
n_estimators ∈ [50, 100, 200], min_child_weight ∈ [1, 3, 5],
subsample ∈ [0.6, 0.8, 1.0], colsample_bytree ∈ [0.6, 0.8, 1.0], and
𝐿𝑅 = 5 × 10−3). The results are presented in Table 3.

For muscular strength, all methods performed similarly. While
our model achieved the best results, it was only marginally better
than a multiple linear regression (MLR). MLP was more susceptible
to overfitting, increasing its prediction error the more features were
available, while XGBoost performed the worst among all methods.
Including activity features did not improve, and actually degraded,
the performance of all muscular strength models. For muscular
endurance, on the other hand, all methods improved with the addition
of activity features, with the proposed approach achieving the largest
improvement. Similarly, flexibility prediction improved substantially
with the addition of activity features, but only for XGBoost and
our proposed model. For MLR and MLP, performance degraded,
highlighting the need for adequate preprocessing to avoid overfitting
when using activity features.

D. Ablation analysis

To understand the effect of each component in our models, we
present an ablation analysis of our muscular endurance and flexibility
prediction models on Table 4. We show the performance of the base
regression model and its combination with preprocessing for two
cases: 1) on all features, 2) just on activity features. For the two
predictors, preprocessing improves results over their base regressors,
but it is more effective when limited to activity data. Moreover, for the
flexibility model, preprocessing on all features increases error, despite
improving correlation. These results suggest that activity data enables
substantial improvement over using just profile and BIA data, but
that it also needs specific preprocessing to be leveraged effectively.
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TABLE 4. Ablation analysis of muscular endurance and flexibility
predictors. The best results are indicated in gray .

E
nd

ur
an

ce R↑ MAE↓
Poisson regression 0.64 ± 0.04 7.75 ± 0.57

+ Spline
all features 0.65 ± 0.03 7.62 ± 0.54

activity only 0.67 ± 0.03 7.53 ± 0.58

Fl
ex

ib
ili

ty

R↑ MAE↓
Ridge regression 0.47 ± 0.06 6.97 ± 0.34

+ PCA
all features 0.49 ± 0.06 7.11 ± 0.33

activity only 0.56 ± 0.05 6.59 ± 0.31

IV. DISCUSSION

Predicting HRPF domains from wearable devices is challenging,
especially those addressed in this work, since they are not directly
measured by sensors available in consumer-grade smartwatches.
Body composition can be measured directly by current smartwatches
through BIA sensors [7], while cardiorespiratory fitness ( ¤𝑉O2max)
prediction is mature enough to be available and widely used in several
wearable devices [17]–[19]. In contrast, predicting the remaining
HRPF components acknowledged by the ACSM (muscular strength,
muscular endurance, and flexibility) has not been tackled outside the
clinical setting. In this work, for the first time, we have addressed the
prediction of these components from wearable data obtained from
consumer-grade smartwatches during free-living, thus providing a
valuable tool for health promotion and engagement by enabling
continuous and non-intrusive fitness tracking without the need to
test on a clinical setting. Our results show that our proposed linear
models with component-specific preprocessing provide predictions
that achieve moderate to high correlation with the ground truth [20]
and outperform general approaches previously used to predict these
components from large-scale clinical data.

We have demonstrated that wearable devices are not limited to
providing approximations to clinical data — they enable leveraging
free-living activity data, which are unavailable on clinical settings and
provide complementary information that is highly discriminative of
HRPF, as demonstrated by the substantial increase in performance on
muscular endurance and flexibility prediction. We have also showed
how to preprocess these features to leverage them effectively with
linear models, which is not only helpful but necessary to avoid
degrading performance in the case of flexibility prediction.

It is worth noting that the relation between activity features and
HRPF status is more meaningful when these features reflect habits
instead of occasional short-term activity. Only chronic exposition to
activity patterns affects HRPF status, such that on the very short
term they might be misleading and require careful consideration.
A limitation of our experiments was that the participants in our
data wore the smartwatch from 7 to 30 days, which does not allow
validating if the activity features actually reflect habits. However,
their discriminative power for HRPF prediction suggests that it was
predominantly the case.

V. CONCLUSION

In this paper, we proposed predictors for all health-related physical
fitness components acknowledged by the ACSM that are not provided
by current consumer-grade smartwatches. Our predictors enable a
complete characterization of health-related fitness components from

free-living data based on component-specific models designed for
this setting. This enables leveraging smartwatch sensors to estimate
higher-level fitness components that are used in well-established
guidelines for exercise prescription [1], increasing the effectiveness
and applicability of wearable devices for health improvement.
Moreover, we show that activity data, which is available only
through wearable devices, can improve the discriminability of HRPF
prediction, which highlights the importance of such devices as
more than just tools for approximating clinical data, but to actually
complement them.
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