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Abstract

Background: Grip strength is a crucial indicator of muscle deterioration, recovery, sarcopenia, and neurological disorders.
However, conventional measurement requires a dedicated dynamometer, which limits accessibility and requires specific movements.

Objective: This study aimed to propose and validate a method for estimating grip strength using standard smartphone operations,
thereby eliminating the need for specialized equipment.

Methods: Data were collected from 21 young adults in the main experiment, who performed standard smartphone tasks (tapping,
flicking, and dragging) after measuring their grip strength with a dynamometer. A predictive regression model was developed
using touch and inertial sensor data. The model was first evaluated using a random split of the entire dataset (random split
evaluation). To further assess practical feasibility and generalizability, we conducted leave-one-user-out validation and a few-day
calibration validation; the latter simulated a calibration scenario by incorporating 1 to 4 days of user-specific data into the training
set.

Results: The regression analysis using a random split of the dataset demonstrated high accuracy, with a mean absolute error of
2.62 (SD 0.18) kg, a mean absolute percentage error (MAPE) of 8.91% (SD 0.57%), and a coefficient of determination of 0.802
(SD 0.036). In the validation of practical scenarios, the leave-one-user-out validation resulted in a MAPE of 15.08% (SD 5.40%).
However, the personalized few-day calibration model showed significant improvements as calibration days increased, with the
MAPE decreasing to 13.96% (SD 5.57%) after 1 day and reaching 11.64% (SD 5.80%) after 4 days. Furthermore, the National
Aeronautics and Space Administration Task Load Index assessment indicated a low overall subjective workload (mean 3.04, SD
2.23 on a scale of 10), confirming the method’s suitability for daily use without a significant burden on users.

Conclusions: The proposed method demonstrates that smartphones can serve as a viable, pervasive tool for daily grip strength
monitoring, offering a convenient alternative to traditional dynamometers.

(JMIR Hum Factors 2026;13:e90316) doi: 10.2196/90316
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Introduction

Muscle strength is known to decline with aging [1,2], and this
decline is used as a diagnostic indicator of sarcopenia and frailty
[3,4]. Among various muscle strength measures, grip strength

is widely used in medical settings for treatment and
rehabilitation [5-7]. Additionally, grip strength has been linked
to chronic diseases, with several studies reporting a decline in
grip strength among patients with diabetes [8-11]. Furthermore,
reduced grip strength has been associated with an increased risk
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of falls and fractures, highlighting its relevance in assessing
overall musculoskeletal health [12]. Therefore, regularly
measuring grip strength and monitoring daily variations are
essential for health management and disease risk assessment.

However, grip dynamometers are not widely available to the
general public, and high-precision devices used in medical
settings are expensive, making them difficult to obtain for
personal use. Furthermore, electronic grip dynamometers require
maintenance and are not easily portable, making measurements
outside clinical settings challenging. These limitations hinder
the feasibility of continuous and routine monitoring, potentially
posing a barrier to effective health management.

We propose a method for estimating grip strength that leverages
the widespread availability of commodity smartphones (Figure
1). Specifically, it uses simple and quick touch input tasks to

provide practical and accessible grip strength measurements.
For model construction, grip strength is first measured using a
Jamar-style dynamometer to obtain the ground truth, followed
by a smartphone task to collect the corresponding input data.
This task involves common smartphone input gestures, such as
tapping, flicking, and dragging, during which input coordinates,
time stamps, contact area, and sensor data—including
acceleration, angular velocity, and orientation—are recorded
as feature variables. A regression model is then constructed
using the measured grip strength as the target variable and the
extracted features as explanatory variables. In total, 21
participants took part in the experiment, and the analysis results
showed that the best-performing model had a mean absolute
error (MAE) of 2.62 (SD 0.18) kg, a mean absolute percentage
error (MAPE) of 8.91% (SD 0.57%), and a coefficient of
determination of 0.802 (SD 0.036).

Figure 1. Overview of the proposed grip strength estimation method. Grip strength measurements and smartphone tasks were conducted, and the
resulting data were used to construct a machine learning model. Grip strength values were set as the ground truth, while input coordinates, time, and
sensor data were used as the input, enabling estimation through regression analysis.

This method enables grip strength estimation using a regular
smartphone without the need for specialized equipment, making
daily measurements more accessible, enabling use in
unsupervised environments, and requiring only a short amount
of time (approximately 30 seconds per set of smartphone tasks).
A brief overview of the study, including the experimental tasks
and key results, is provided in Multimedia Appendix 1.

Methods

Recruitment
This study included 21 participants (n=16, 76.2% male and n=5,
23.8% female participants), aged 20 to 24 (mean 21.5, SD 1.00)
years, with no functional impairments in their hands. All
participants were right-handed. We provided participants with

a prior explanation of the study and obtained their informed
consent before participation.

Procedure
Figure 2 shows an overview of the data collection experiment.
Each day, participants performed a set of grip strength
measurements and smartphone tasks (tap, flick, and drag tasks)
10 times. There were no breaks between the grip strength
measurements and tasks, ensuring continuous execution; this
design was deliberately implemented based on previous findings
[13] that report a decrease in grip strength immediately after
using a handgrip dynamometer, thereby intentionally inducing
variability in grip strength over the 10 consecutive task sets.
The measurements were conducted over 5 separate days, with
at least a 2-day interval between each measurement day. The
experimental procedures were standardized across all
participants and measurement days.
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Figure 2. Overview of the data collection experiment. The experiment consisted of grip strength measurements and smartphone tasks (tap, flick, and
drag).

Grip Strength Measurement
We used a Jamar-style dynamometer with a standard procedure
to measure grip strength. Participants sat on a stable chair
without armrests in a relaxed state during the measurement.
During the measurement, they kept their upper limb on the

measurement side aligned with their body and maintained a
posture with the elbow joint flexed at 90° (Figure 3A). The
measurement was conducted only on the dominant hand. After
the first measurement, a second measurement was taken
following a 10-second interval.

Figure 3. Postures used for (A) grip strength measurement and (B) smartphone tasks.

Smartphone Task
A Google Pixel 7a (72.9 mm × 152.0 mm × 9.0 mm) was used
for the task, and a custom-developed app built with Unity
(version 2022.3.9f1; Unity Software Inc) was used. During the
task, data from the device’s accelerometer, gyroscope, and
orientation sensor were recorded at 60 Hz. Participants sat on

a stable chair without a backrest, held the smartphone in their
dominant hand, and operated it using their thumb. They were
instructed to keep their hand elevated, ensuring that they did
not touch the table or their lap (Figure 3B). Additionally, they
were asked to perform the following three tasks with careful
and deliberate movements: tap task, flick task, and drag task
(Figure 4).
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Figure 4. Screenshots of the experimental app used for data collection, illustrating (A) the tap task, (B) the flick task, and (C) the drag task.

Tap Task
Participants tapped on a green target (14.6 mm diameter)
displayed on the screen. When the target was tapped, a new
target appeared at a different location. The task ended after 10
targets were tapped (Figure 4A).

Flick Task
Participants flicked a black circle (7.3 mm diameter) in a
specified direction to make it collide with a blue target (14.6
mm diameter). When a successful collision occurred, a new
target was generated. The task ended after 10 correct flicks in
the designated direction (Figure 4B).

Drag Task
Participants traced a spiral (4.4 mm width) displayed on the
screen from the center outward. When using the right hand, a
clockwise spiral was used, whereas a counterclockwise spiral
was used for the left hand. The task ended after tracing the spiral
once (Figure 4C).

Features
We extracted specific behavioral features from each task—tap,
flick, and drag—to capture the kinematic characteristics
associated with grip strength. For the tap task, the extracted
features included the spatial accuracy, defined as the distance
between the input coordinates and the center of the target, as
well as temporal metrics, such as the time taken to eliminate
the target and the duration of the touch interaction. The finger
contact area during the tap was also recorded. In the flick task,

we calculated the direction of the flick input (represented by x-
and y-components), the time taken to eliminate the target, the
finger contact area, and the duration of the touch interaction
from the start to the end of the flick. For the drag task, features
included tracing accuracy, measured as the average distance
between the input coordinates and the nearest point on the
reference spiral centerline. Additionally, we derived input
velocity and acceleration based on the coordinate movement,
along with the finger contact area and the total duration of the
drag interaction.

Common to all tasks, we used inertial sensor data, including
acceleration, angular velocity, and orientation. Linear
interpolation was applied to handle any missing values. To
capture the hand movement dynamics surrounding the
interaction, sensor data were extracted from 3 specific temporal
windows: “preinput” (the 10 frames immediately preceding the
input event), “during-input” (the average value recorded at the
time of input), and “postinput” (the 10 frames immediately
following the event) windows. Subsequently, we performed
statistical calculations on these extracted data streams to derive
the final feature set. These calculations included the differences
between consecutive frames to capture the rate of change, as
well as the maximum, minimum, range, and mean values to
summarize the signal characteristics over the period of interest.

Data Processing
The target variable for our predictive models was the grip
strength value, derived by averaging the 2 measurements taken
within each set. We then constructed 4 distinct regression
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models by pairing this grip strength data with the extracted
behavioral features. First, we developed task-specific models,
which were trained exclusively on data from each interaction
type—namely, the tap, flick, and drag tasks. These models
allowed us to evaluate the predictive power of each gesture
independently. Second, we constructed a unified model trained
on a combined dataset incorporating features from all 3 tasks.
By integrating multimodal features across different interaction
styles, this unified approach aimed to enhance overall prediction
accuracy and establish a comprehensive model capable of
estimating grip strength from a variety of daily smartphone
gestures.

In this study, we used all the extracted features (touch interaction
features, device motion features, and temporal metrics) for
model training without applying dimensionality reduction or
exclusion techniques. We relied on the inherent feature
importance evaluation capabilities of nonlinear models (eg,
random forest) to handle potential multicollinearity.

To remove high-frequency noise from the raw sensor data, we
applied a low-pass filter with a cutoff frequency of 20 Hz.
Before being used as input for the machine learning models, all
extracted features were normalized using StandardScaler
(scikit-learn; version 1.2.2) to ensure that each feature
contributed equally to the model training. For each machine
learning model, we performed a grid search to identify the
optimal hyperparameters. This systematic search allowed us to
select the best-performing configuration for each algorithm,
ensuring the robustness of our grip strength estimation.

Model Training and Validation Scenarios
To estimate grip strength, we implemented 4 regression models
using the scikit-learn library in Python. The random forest model
was configured with 200 estimators, a maximum depth of 20,
and the square root of features used for splitting, with the
random state fixed at 42 for reproducibility. For support vector
regression, we used the radial basis function kernel with a
regularization parameter C of 100 and a “scale” kernel
coefficient. The gradient boosting (GB) model used 100
estimators, a learning rate of 0.1, and a maximum depth of 5.
Finally, the k-nearest neighbors (k-NN) model was set with 9
neighbors, using distance-based weighting and the Manhattan
distance metric. Model evaluation was performed using 5-fold
cross-validation, comparing performance based on the MAPE
and the coefficient of determination.

To evaluate the feasibility of a practical deployment scenario,
we assessed the model’s performance when trained on a
combination of data from other participants supplemented with
varying amounts of the target user’s specific data. Specifically,
we conducted evaluations using 2 approaches:
leave-one-user-out validation, in which 0 days of the target

user’s data were included in the training set, and a personalized
calibration approach using 1 to 4 days of the target user’s data
(few-day calibration). This experimental design simulates a
real-world scenario in which a generic model is calibrated with
user-specific data collected during the initial period of use to
improve estimation accuracy.

Ethical Considerations
The study protocol was approved by the Research Ethics
Committee of Keio University (2025-041). Prior to the
experiment, the detailed purpose and procedures of the study
were explained to all participants, and written informed consent
was obtained. Participants were informed that they could
withdraw from the study at any time without penalty. Regarding
the exclusion criteria, individuals with preexisting hand
impairments or pain were excluded from participation due to
safety considerations. As the data collection involved repeated
muscle exertion for maximum grip strength measurement, this
exclusion was strictly enforced to prevent any risk of injury or
symptom exacerbation. All participant data were anonymized
and stored on a secure server. Each participant received a cash
compensation of ¥2000 (approximately US $13) for their time
and participation in the study.

Results

Collected Data
In total, 1050 data points (10 repetitions × 5 days × 21
participants) were collected during the measurements for each
tap, flick, and drag task. We used grip strength measured before
each task as the ground truth, and we mapped this value onto
the data collected in each of the 10 executions of the task.
Therefore, each data point consisted of a ground-truth grip
strength value and data collected through 1 execution of the
task. The average time taken for each task was 6.11 (SD 1.37)
seconds for the tap task, 7.45 (SD 1.26) seconds for the flick
task, and 3.84 (SD 1.88) seconds for the drag task.

Random Split Cross-Validation Result
Table 1 shows the MAE, Table 2 shows the MAPE, and Table
3 shows the coefficient of determination. In all tasks, the support
vector machine (SVM) achieved the best results in terms of
both MAPE and coefficient of determination. Additionally, the
unified model, which combined features from different tasks,
showed a lower MAPE than single-task models. It also achieved
the highest coefficient of determination. Figure 5 illustrates a
scatter plot of the true values (x-axis) and the estimated values
(y-axis) for the test data of the unified model. SVMs, GB, and
k-NNs had an average error of approximately 3 kg. For random
forest, there were many data points with prediction errors of ≥5
kg for both low and high true values.
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Table 1. Mean absolute error of grip strength estimation models across different smartphone tasks.

k-nearest neighbors (kg), mean
absolute error (SD)

Gradient boosting (kg), mean
absolute error (SD)

Support vector machine (kg), mean
absolute error (SD)

Random forest (kg), mean
absolute error (SD)

Task

3.48 (0.29)3.27 (0.29)3.17 (0.20)3.62 (0.24)Tap

3.60 (0.34)3.57 (0.20)3.52 (0.17)3.99 (0.23)Flick

3.48 (0.24)3.54 (0.31)3.46 (0.26)3.84 (0.31)Drag

2.90 (0.12)3.07 (0.28)2.62 (0.18)3.48 (0.21)All

Table 2. Mean absolute percentage error for the proposed estimation method by task type.

k-nearest neighbors (%), mean ab-
solute percentage error (SD)

Gradient boosting (%), mean ab-
solute percentage error (SD)

Support vector machine (%), mean
absolute percentage error (SD)

Random forest (%), mean ab-
solute percentage error (SD)

Task

11.64 (1.19))10.91 (0.63)10.74 (0.65)12.03 (0.51)Tap

12.01 (1.25)11.94 (0.61)11.75 (0.77)13.24 (0.55)Flick

11.69 (0.77)11.88 (0.86))11.55 (0.71)13.02 (0.87)Drag

10.15 (1.25)10.47 (0.84)8.91 (0.57)11.87 (0.36)All

Table 3. Coefficient of determination (R2) for the performance evaluation of regression models.

k-nearest neighbors, R2 (SD)Gradient boosting, R2 (SD)Support vector machine, R2 (SD)Random forest, R2 (SD)Task

0.650 (0.099)0.675 (0.031))0.693 (0.039)0.610 (0.024)Tap

0.625 (0.106)0.634 (0.030)0.644 (0.042)0.567 (0.028)Flick

0.634 (0.012)0.648 (0.046)0.659 (0.025)0.570 (0.033)Drag

0.706 (0.095)0.731 (0.042)0.802 (0.036)0.638 (0.026)All
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Figure 5. Comparison of true and predicted values of grip strength (kg) in the unified model. GB: gradient boosting; k-NN: k-nearest neighbors; RF:
random forest; SVM: support vector machine.

Leave-One-User-Out and Few-Day Calibration
Validation Results
For the leave-one-user-out and few-day calibration validations,
the SVM model was used and evaluated based on the MAE and
MAPE for each participant. As shown in Table 4 and Figure 6,

the estimation accuracy consistently improved as more days of
the target user’s data were incorporated into the training set. In
this evaluation, the case with 0 training days corresponds to
leave-one-user-out validation, while the cases with 1 to 4
training days represent the few-day calibration validation.

Table 4. Comparison of mean absolute error and mean absolute percentage error by number of training days.

Day 4Day 3Day 2Day 1Day 0Variable

3.56 (2.23)3.80 (2.04)3.96 (2.11)4.39 (2.28)5.03 (2.65)Mean absolute error (kg; SD)

11.64 (5.80)12.23 (5.68)12.60 (5.54)13.96 (5.57)15.08 (5.40)Mean absolute percentage error (%; SD)
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Figure 6. Distribution of estimation errors from the initial state to 4 days of calibration. The box plots illustrate the mean absolute percentage error
(MAPE) of the support vector model as the number of user-specific training days increases from 0 to 4. The case with 0 days represents leave-one-user-out
validation, while cases with 1 to 4 days represent few-day calibration validation. The horizontal line within each box represents the median error, and
the box edges represent the IQR.

Subjective Workload Assessment
To evaluate the subjective workload of the measurement tasks
using our proposed method, we administered the National
Aeronautics and Space Administration Task Load Index
(NASA-TLX) questionnaire to 9 participants. Prior to the
assessment, participants were instructed on how to use the app
and performed the tap, flick, and drag tasks once. Subsequently,
they completed the questionnaire. Following the raw Task Load

Index method, participants rated 6 subscales on an 11-point
scale ranging from 0 (low) to 10 (high). The results are
summarized in Table 5. The overall workload score (mean of
all subscales) was 3.04 (SD 2.23), indicating a low level of
workload overall. Among the subscales, mental demand (mean
1.89, SD 2.02), effort (mean 1.78, SD 2.10), and frustration
(mean 1.78, SD 2.10) were rated particularly low. In contrast,
temporal demand showed the highest mean value at 5.11 (SD
3.14).

Table 5. National Aeronautics and Space Administration Task Load Index scores.

Mean (SD)DescriptionsSubscales

1.89 (2.02)How much mental and perceptual effort did the task require?Mental demand

4.22 (2.86)How much physical activity was required?Physical demand

5.11 (3.14)How much time pressure did you experience while performing the task?Temporal demand

3.44 (2.50)How successful were you in accomplishing the task?Performance

1.78 (2.10)How hard did you have to work?Effort

1.78 (2.10)How irritated, stressed, and annoyed did you feel?Frustration

3.04 (2.23)Average of the 6 subscalesOverall workload

Discussion

Model Performance and Estimation Characteristics
In the model comparison, SVMs achieved the highest accuracy,
followed by GB, k-NNs, and random forest. SVMs and GB
effectively captured nonlinear relationships in the data, enabling

them to achieve high estimation performance despite the limited
dataset. In contrast, k-NNs tend to suffer from decreased
accuracy in distance calculations when applied to
high-dimensional data, leading to lower overall precision.
Additionally, random forest does not focus on reducing errors
in the same way as boosting methods, which may result in
suboptimal feature selection.
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Furthermore, there was a tendency for grip strength to be
overestimated when the true value was low and underestimated
when the true value was high. This may be attributed to
distributional bias in the original data. Most of the data were
concentrated between 25 kg and 35 kg, while values >40 kg or
<20 kg were relatively scarce. Consequently, the model was
likely influenced toward the mean, reducing the estimation
accuracy for extreme values.

The observed reduction in estimation errors as the number of
calibration days increased suggests that user-specific data
significantly enhance the model’s ability to account for
individual variability. Compared to the leave-one-user-out
validation, which yielded the highest error rate, the introduction
of even a single day of user data led to a notable improvement.
The most substantial improvement occurred between the initial
state and the first 2 days of calibration, after which the error
rate continued to decrease more gradually. This indicates that
while initial personalization is critical to overcoming the
limitations of a purely generic model, the system reaches a state
of relative stability with approximately 3 to 4 days of data.

The primary dataset involved university students aged 20 to 24
years. To assess the applicability of our framework to broader
demographics, we conducted a preliminary case study with a
53-year-old participant (middle-aged adult). We trained a model
using the participants’data from 1 day, combined with the entire
dataset from the younger group, and tested it on the participants’
data from other days. The model achieved an estimation error
with an MAE of 1.87 kg (MAPE 11.19%), which is comparable
to the accuracy levels obtained from the younger participants.
Regarding participants with hand disabilities, we were unable
to include them in this study due to ethical considerations. As
the data collection tasks involve repeated muscle exertion and
impose a certain physical load on the hand, recruiting individuals
with existing hand impairments posed a potential risk of
exacerbating their conditions.

Practical Applications and Future Directions
In the future, we will implement the proposed model on a
smartphone and evaluate its practicality for daily grip strength
monitoring. Specifically, we plan to develop a system that inputs
data obtained after certain operations into the model and
provides feedback on the estimated results. The goal is to track
changes in grip strength and use the data for health management
and exercise. To achieve this, maintaining accuracy on actual
devices and assessing usability will be crucial challenges.

For daily grip strength monitoring, we believe that ease of
measurement is one of the most crucial factors. When using the
unified model (ie, conducting all tasks), the required time is
approximately the same as that for completing one set of
smartphone tasks in the data collection experiment. The average
completion time for these tasks in our experiment was
approximately 30 seconds, which we consider short enough to
avoid burdening users in everyday use.

Furthermore, numerous studies have reported on the relationship
between smartphone use and grip strength variations, revealing
that individuals who spend more time using smartphones daily
tend to have lower grip strength [14-16]. Excessive smartphone

use can affect hand function and may lead to conditions such
as tenosynovitis [17,18]. By using this system, it may be possible
to detect grip strength decline during smartphone use, estimate
hand fatigue, encourage appropriate use, and reduce the risk of
orthopedic disorders.

Subjective Workload and Usability
To evaluate user fatigue and task burden during daily
monitoring, we conducted a subjective workload evaluation
using the NASA-TLX with 9 participants. The overall workload
score was low at 3.04 (SD 2.23) (on a scale of 0 to 10).
Specifically, the physical demand score averaged 4.22 (SD
2.86). Given that the task inherently involves physical muscle
exertion to estimate grip strength, a moderate level of physical
load is expected. However, this value indicates that the task
does not impose excessive fatigue compared with maximum
voluntary contraction tasks typically performed with a
conventional dynamometer.

Notably, the mean temporal demand score was relatively high
at 5.11 (SD 3.14), even though participants were explicitly
instructed to perform the tasks at their own self-selected pace.
This perception may be attributed to the app’s feedback design,
specifically the display of elapsed time upon task completion.
Although participants were instructed to prioritize their own
pace, the visualization of a time metric likely created an
awareness of being timed, inducing a psychological pressure to
perform quickly. Consequently, to mitigate this unintended
pressure, we plan to redesign the user interface by removing
the explicit display of elapsed time in future versions of the app.

Crucially, however, the frustration score remained extremely
low at 1.78 (SD 2.10). The clear dissociation between high
temporal demand and low frustration implies that this time
pressure was not perceived as negative stress or panic but
potentially as a gamified element or a source of positive
engagement to complete the task efficiently. These results
confirm that our proposed method is suitable for continuous
daily use without causing significant user burden or stress.

Limitations
To evaluate the generalization of the proposed model across
different participants, leave-one-user-out validation was
performed. As reported in the Results section, this approach
yielded a relatively large estimation error, with an MAE of 5.03
(SD 2.65) kg and an MAPE of 15.08% (SD 5.40%) for the SVM.
These results, particularly when contrasted with the improved
accuracy observed after just 1 to 4 days of calibration, highlight
the significant impact of individual variability in grip strength
and smartphone interaction patterns. The high error rate in
leave-one-user-out validation suggests that a purely generic
model struggles to adequately capture the unique features of
each individual’s operations. Consequently, our findings indicate
that while the model provides a strong foundation, an individual
calibration process is currently essential to bridge the gap
between a general estimation and the high precision required
for practical, personalized health care monitoring.

The accuracy of the proposed model may depend on the
smartphone model used. The extracted features, such as device
acceleration and angular velocity, could vary due to differences
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in device size, weight, and screen dimensions. Consequently,
the model may not achieve the same level of accuracy when
applied to a different smartphone model. Additionally, the
participants in this study used different smartphone models in
their daily lives. Some participants struggled with input due to
differences in size and shape compared with their usual devices.
Their unfamiliarity with the device may have affected task
performance. Therefore, it is necessary to explore methods to
mitigate the impact of device-related constraints on model
performance.

In our experiment, participants were required to hold the
smartphone with 1 hand and use their thumb for input. This
setup was chosen considering the ease of one-handed operation
and the need for consistency in analysis. Meanwhile, factors
such as finger length and hand size were not examined in this
study. However, because these elements are known to influence
touch input accuracy [19], factoring in such variations may
improve the accuracy of grip strength estimation across diverse
users.

Additionally, using 1 hand with the thumb was the primary
interaction style in our experiment. Consequently, the current
model is optimized exclusively for this specific posture. We
recognize that users often use alternative styles, such as holding
the device with 1 hand and operating it with the index finger of
the other, which can significantly alter sensor data profiles. To
ensure data consistency in a practical deployment, we propose
implementing on-screen instructions or a brief tutorial to
explicitly guide users to adopt the required one-handed thumb
posture during the measurement tasks. Expanding the model to
accommodate diverse interaction styles remains an important
direction for future work.

In this study, data collection was conducted exclusively with
right-handed participants operating the smartphone with their
dominant (right) hand. To extend the applicability of our model
to left-handed users operating with their dominant hand, we
propose a geometric transformation approach. As the anatomical
structure of the hands is symmetrical, left-hand interaction data
can be mapped to the right-hand feature space by mirroring the
horizontal coordinates (x-axis) of touch points and reversing
the rotation direction of the spiral drag task (ie, treating
counterclockwise input as clockwise). This preprocessing allows
the model trained on right-dominant data to be directly applied
to left-dominant users.

However, the validity of estimating grip strength using the
nondominant hand (regardless of whether it is the left or right
hand) remains unverified, as differences in dexterity and motor
control may significantly alter sensor patterns compared with
the dominant hand.

Consequently, to ensure valid estimation in a real-world
deployment, the app requires an input interface where the user
explicitly specifies two parameters before use: (1) which hand
is currently being used (left or right) and (2) whether it is their
dominant or nondominant hand. On the basis of these inputs,
the system can determine whether to apply geometric
transformations (for left-dominant input) or to notify the user
that the current condition (nondominant input) is outside the
verified scope of the model.

We acknowledge that this study used a single smartphone model
(Pixel 7a). As inertial sensor data (acceleration and angular
velocity) are physically influenced by the device’s weight and
dimensions, verifying reproducibility on different devices is
crucial. However, the Pixel 7a (weight 193.5 g; display 15.5
cm) represents a standard form factor in the current smartphone
market. Therefore, we anticipate that the fundamental physical
interactions between grip strength and device motion would
remain consistent, and the influence on estimation accuracy
would be limited for devices with similar specifications.

To strictly address the issue of varying sensor characteristics
(eg, bias or sensitivity) across different hardware in the future,
we propose 3 potential approaches. First, sensor calibration
could be introduced as a preprocessing step to identify and
correct for device-specific sensor characteristics, thereby
standardizing the input data across different models. Second,
we suggest focusing on robust feature extraction, which
prioritizes features that are independent of raw sensor hardware
variations, such as relative motion patterns, rather than relying
on absolute sensor values. Finally, if a large-scale dataset across
multiple devices becomes available, device-specific
features—such as model ID, weight, or screen size—could be
explicitly incorporated as input variables to train a more
generalized and hardware-agnostic model.

Comparison With Prior Work
Several studies have explored methods for estimating grip
strength without using a grip dynamometer. Matsumoto et al
[20] proposed a method for estimating grip strength by capturing
an image of a hand gripping a soft tennis ball using a monocular
camera on a smartphone and analyzing changes in the angle of
finger joints. Yamamoto et al [21] proposed a grip strength
measurement method using capacitive touch sensors on
smartphones, which does not require any electronic components
on the measuring device itself. Although these methods offer
alternative approaches to measuring grip strength, they still
require external equipment beyond a smartphone, and the
measurement results may be influenced by the user’s posture.
In this study, our objective is to estimate the grip strength using
only the smartphone, with the aim of establishing an easy and
convenient measurement method without specialized equipment.

This study examines the estimation errors of the proposed grip
strength model. The Jamar dynamometer manufacturer
recommends a measurement error within 5% [22], whereas the
error rate in this study slightly exceeds this threshold. We also
evaluated the clinical relevance of our estimation accuracy. The
minimal clinically important difference for grip strength is
reported to be between 5.0 kg and 6.5 kg [23]. Our model
achieved an MAE of 2.62 (SD 0.18) kg in the random split and
4.39 (SD 2.28) kg in the single-day case of the few-day
calibration, both falling within this minimal clinically important
difference range. This indicates that our method is effective for
detecting meaningful changes in muscle strength over time,
such as recovery or decline. However, a critical limitation arises
when applying this method to disease screening based on
specific thresholds. For instance, the Asian Working Group for
Sarcopenia 2019 defines diagnostic cutoffs of <28 kg for male
and <18 kg for female individuals [24]. Given our estimation
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error of approximately 2.6 kg to 4.4 kg, there is a risk of
misclassification (false positives or false negatives) for
individuals whose grip strength lies near these borderline values.
Consequently, we position our method not as a replacement for
clinical-grade dynamometers for definitive diagnosis but rather
as a pervasive tool for daily longitudinal monitoring and initial
screening to identify at-risk individuals who should seek
professional assessment.

The accuracy of the proposed model is compared with previous
grip strength estimation studies. Park et al [25] used national
survey data from >20,000 participants, where grip strength was
measured using a digital grip strength dynamometer. Their
analysis used age, sex, hand preference, height, weight, waist
circumference, and 5 physical activity levels (vigorous or
moderate work, vigorous or moderate recreation, and travel) as
input features, achieving a coefficient of determination of 0.717
with Extreme Gradient Boosting. Hwang et al [26] developed
a deep learning model trained on data from 164 participants,
incorporating various postures, demographic information, and
anthropometric data as input, achieving a coefficient of
determination of 0.88. This study, in contrast, focuses on

estimating grip strength using everyday smartphone interactions,
making the input data fundamentally different from those used
in previous studies. However, the limited number of participants
and the small training dataset present challenges in terms of
reliability and accuracy. Additionally, further investigation into
user-independent models is necessary. Future work should aim
to expand the dataset and improve the model to enhance
estimation accuracy.

Conclusions
In this study, we proposed a model for estimating grip strength
using smartphone input data. First, grip strength was measured,
followed by the execution of smartphone tasks, during which
sensor data from the device were collected. On the basis of the
obtained data, multiple machine learning models were
constructed and evaluated. The results showed that the model
using SVMs achieved the highest accuracy. Furthermore,
integrating features obtained from different tasks improved
estimation accuracy. In the future, we aim to implement the
model on a smartphone to enable real-time grip strength
estimation. To achieve this, further accuracy improvements and
evaluations under various conditions will be necessary.

Data Availability
The source code for the smartphone app developed in this study and the data analysis scripts are available in the GitHub repository
[27].

Funding
This work was partially supported by Japan Science and Technology Agency Advanced Integrated Intelligence Platform Project
Acceleration Research (grant JPMJCR25U4) and Japan Society for the Promotion of Science KAKENHI (grant JP25K03168).

Conflicts of Interest
None declared.

Multimedia Appendix 1
Video demonstrating the smartphone tasks (tap, flick, and drag) and providing an overview of the grip strength estimation method.
[MP4 File (MP4 Video), 117611 KB-Multimedia Appendix 1]

References

1. Kallman DA, Plato CC, Tobin JD. The role of muscle loss in the age-related decline of grip strength: cross-sectional and
longitudinal perspectives. J Gerontol. May 1990;45(3):M82-M88. [doi: 10.1093/geronj/45.3.m82] [Medline: 2335723]

2. Keller K, Engelhardt M. Strength and muscle mass loss with aging process. Age and strength loss. Muscles Ligaments
Tendons J. Oct 2013;3(4):346-350. [FREE Full text] [Medline: 24596700]

3. Cesari M, Leeuwenburgh C, Lauretani F, Onder G, Bandinelli S, Maraldi C, et al. Frailty syndrome and skeletal muscle:
results from the Invecchiare in Chianti study. Am J Clin Nutr. May 2006;83(5):1142-1148. [FREE Full text] [doi:
10.1093/ajcn/83.5.1142] [Medline: 16685058]

4. Larsson L, Degens H, Li M, Salviati L, Lee YI, Thompson W, et al. Sarcopenia: aging-related loss of muscle mass and
function. Physiol Rev. Jan 01, 2019;99(1):427-511. [FREE Full text] [doi: 10.1152/physrev.00061.2017] [Medline: 30427277]

5. Hershkovitz A, Yichayaou B, Ronen A, Maydan G, Kornyukov N, Burstin A, et al. The association between hand grip
strength and rehabilitation outcome in post-acute hip fractured patients. Aging Clin Exp Res. Oct 2019;31(10):1509-1516.
[doi: 10.1007/s40520-019-01200-y] [Medline: 30993662]

6. Klatt ME, Krakovsky A, O’Callaghan L. Assessment of grip strength across the continuum of care. HAND. Sep 26,
2016;11(1_suppl):151S-152S. [doi: 10.1177/1558944716660555KR]

7. Lee SH, Gong HS. Grip strength measurement for outcome assessment in common hand surgeries. Clin Orthop Surg. Mar
2022;14(1):1-12. [FREE Full text] [doi: 10.4055/cios21090] [Medline: 35251535]

8. Boonpor J, Parra-Soto S, Petermann-Rocha F, Ferrari G, Welsh P, Pell JP, et al. Associations between grip strength and
incident type 2 diabetes: findings from the UK Biobank prospective cohort study. BMJ Open Diabetes Res Care. Aug
2021;9(1):e001865. [FREE Full text] [doi: 10.1136/bmjdrc-2020-001865] [Medline: 34353878]

JMIR Hum Factors 2026 | vol. 13 | e90316 | p. 11https://humanfactors.jmir.org/2026/1/e90316
(page number not for citation purposes)

Tajima et alJMIR HUMAN FACTORS

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=humanfactors_v13i1e90316_app1.mp4&filename=9f47a028fd362a74432727373bdf2694.mp4
https://jmir.org/api/download?alt_name=humanfactors_v13i1e90316_app1.mp4&filename=9f47a028fd362a74432727373bdf2694.mp4
http://dx.doi.org/10.1093/geronj/45.3.m82
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2335723&dopt=Abstract
https://europepmc.org/abstract/MED/24596700
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24596700&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0002-9165(23)29424-1
http://dx.doi.org/10.1093/ajcn/83.5.1142
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16685058&dopt=Abstract
https://journals.physiology.org/doi/10.1152/physrev.00061.2017?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1152/physrev.00061.2017
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30427277&dopt=Abstract
http://dx.doi.org/10.1007/s40520-019-01200-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30993662&dopt=Abstract
http://dx.doi.org/10.1177/1558944716660555KR
https://europepmc.org/abstract/MED/35251535
http://dx.doi.org/10.4055/cios21090
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35251535&dopt=Abstract
https://drc.bmj.com/lookup/pmidlookup?view=long&pmid=34353878
http://dx.doi.org/10.1136/bmjdrc-2020-001865
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34353878&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


9. Cetinus E, Buyukbese MA, Uzel M, Ekerbicer H, Karaoguz A. Hand grip strength in patients with type 2 diabetes mellitus.
Diabetes Res Clin Pract. Dec 2005;70(3):278-286. [doi: 10.1016/j.diabres.2005.03.028] [Medline: 15878215]

10. Li JJ, Wittert GA, Vincent A, Atlantis E, Shi Z, Appleton SL, et al. Muscle grip strength predicts incident type 2 diabetes:
population-based cohort study. Metabolism. Jun 2016;65(6):883-892. [doi: 10.1016/j.metabol.2016.03.011] [Medline:
27173467]

11. Mainous AG, Tanner RJ, Anton SD, Jo A. Grip strength as a marker of hypertension and diabetes in healthy weight adults.
Am J Prev Med. Dec 2015;49(6):850-858. [FREE Full text] [doi: 10.1016/j.amepre.2015.05.025] [Medline: 26232901]

12. Fujita K, Kaburagi H, Nimura A, Miyamoto T, Wakabayashi Y, Seki Y, et al. Lower grip strength and dynamic body
balance in women with distal radial fractures. Osteoporos Int. May 2019;30(5):949-956. [FREE Full text] [doi:
10.1007/s00198-018-04816-4] [Medline: 30607458]

13. Severijns D, Zijdewind I, Dalgas U, Lamers I, Lismont C, Feys P. The assessment of motor fatigability in persons with
multiple sclerosis: a systematic review. Neurorehabil Neural Repair. May 2017;31(5):413-431. [doi:
10.1177/1545968317690831] [Medline: 28413944]

14. Alshahrani A, Samy Abdrabo M, Aly SM, Alshahrani MS, Alqhtani RS, Asiri F, et al. Effect of smartphone usage on neck
muscle endurance, hand grip and pinch strength among healthy college students: a cross-sectional study. Int J Environ Res
Public Health. Jun 10, 2021;18(12):6290. [FREE Full text] [doi: 10.3390/ijerph18126290] [Medline: 34200762]

15. Bhamra JK, Naqvi WM, Arora SP. Effect of smartphone on hand performance and strength in the healthy population.
Cureus. Jun 2021;13(6):e15798. [FREE Full text] [doi: 10.7759/cureus.15798] [Medline: 34306866]

16. Osailan A. The relationship between smartphone usage duration (using smartphone's ability to monitor screen time) with
hand-grip and pinch-grip strength among young people: an observational study. BMC Musculoskelet Disord. Feb 15,
2021;22(1):186. [FREE Full text] [doi: 10.1186/s12891-021-04054-6] [Medline: 33588812]

17. Dhale T, Verma P, Dhande S, Bandre P, Kumar P. A review on the risk of musculoskeletal disorder in humans originating
from excessive use of smartphone. In: Proceedings of the 2024 Second International Conference on Intelligent Cyber
Physical Systems and Internet of Things. 2024. Presented at: ICoICI 2024; August 28-30, 2024; Coimbatore, India. [doi:
10.1109/ICoICI62503.2024.10696192]

18. Zirek E, Mustafaoglu R, Yasaci Z, Griffiths MD. A systematic review of musculoskeletal complaints, symptoms, and
pathologies related to mobile phone usage. Musculoskelet Sci Pract. Oct 2020;49:102196. [doi: 10.1016/j.msksp.2020.102196]
[Medline: 32861360]

19. Larsen JN, Jacobsen TH, Boring S, Bergström J, Pohl H. The influence of hand size on touch accuracy. In: Proceedings of
the 21st International Conference on Human-Computer Interaction with Mobile Devices and Service. 2019. Presented at:
MobileHCI '19; October 1-4, 2019; Taipei, Taiwan. [doi: 10.1145/3338286.3340115]

20. Matsumoto N, Fujita K, Sugiura Y. Estimation of grip strength using monocular camera for home-based hand rehabilitation.
SICE J Control Meas Syst Integr. Feb 18, 2021;14(1):1-11. [doi: 10.1080/18824889.2020.1863612]

21. Yamamoto S, Gu F, Ikematsu K, Kato K, Sugiura Y. Maintenance-free smart hand dynamometer. In: Proceedings of the
45th Annual International Conference of the IEEE Engineering in Medicine & Biology Society. 2023. Presented at: EMBC
2023; July 24-27, 2023; Sydney, Australia. [doi: 10.1109/embc40787.2023.10340847]

22. Wozny R, Pratt AL, Pereira C. A study of grip strength among 20–49-year-old British adults and comparison to existing
norms. Hand Ther. Aug 24, 2015;20(4):115-123. [doi: 10.1177/1758998315599792]

23. Bohannon RW. Minimal clinically important difference for grip strength: a systematic review. J Phys Ther Sci. Jan
2019;31(1):75-78. [FREE Full text] [doi: 10.1589/jpts.31.75] [Medline: 30774209]

24. Chen LK, Woo J, Assantachai P, Auyeung TW, Chou MY, Iijima K, et al. Asian Working Group for Sarcopenia: 2019
consensus update on sarcopenia diagnosis and treatment. J Am Med Dir Assoc. Mar 2020;21(3):300-7.e2. [doi:
10.1016/j.jamda.2019.12.012] [Medline: 32033882]

25. Park M, Kim YH, Lee JS. Machine learning-based model for grip strength prediction in healthy adults: a nationwide
dataset-based study. J Clin Med. Feb 25, 2025;14(5):1542. [FREE Full text] [doi: 10.3390/jcm14051542] [Medline:
40095470]

26. Hwang J, Lee J, Lee KS. A deep learning-based method for grip strength prediction: comparison of multilayer perceptron
and polynomial regression approaches. PLoS One. 2021;16(2):e0246870. [FREE Full text] [doi:
10.1371/journal.pone.0246870] [Medline: 33571318]

27. KEIO-LCLAB/GripApp. GitHub. URL: https://github.com/KEIO-LCLAB/GripApp/tree/master [accessed 2026-04-18]

Abbreviations
GB: gradient boosting
k-NN: k-nearest neighbors
MAE: mean absolute error
MAPE: mean absolute percentage error
NASA-TLX: National Aeronautics and Space Administration Task Load Index
SVM: support vector machine

JMIR Hum Factors 2026 | vol. 13 | e90316 | p. 12https://humanfactors.jmir.org/2026/1/e90316
(page number not for citation purposes)

Tajima et alJMIR HUMAN FACTORS

XSL•FO
RenderX

http://dx.doi.org/10.1016/j.diabres.2005.03.028
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15878215&dopt=Abstract
http://dx.doi.org/10.1016/j.metabol.2016.03.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27173467&dopt=Abstract
https://europepmc.org/abstract/MED/26232901
http://dx.doi.org/10.1016/j.amepre.2015.05.025
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26232901&dopt=Abstract
https://europepmc.org/abstract/MED/30607458
http://dx.doi.org/10.1007/s00198-018-04816-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30607458&dopt=Abstract
http://dx.doi.org/10.1177/1545968317690831
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28413944&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph18126290
http://dx.doi.org/10.3390/ijerph18126290
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34200762&dopt=Abstract
https://europepmc.org/abstract/MED/34306866
http://dx.doi.org/10.7759/cureus.15798
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34306866&dopt=Abstract
https://bmcmusculoskeletdisord.biomedcentral.com/articles/10.1186/s12891-021-04054-6
http://dx.doi.org/10.1186/s12891-021-04054-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33588812&dopt=Abstract
http://dx.doi.org/10.1109/ICoICI62503.2024.10696192
http://dx.doi.org/10.1016/j.msksp.2020.102196
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32861360&dopt=Abstract
http://dx.doi.org/10.1145/3338286.3340115
http://dx.doi.org/10.1080/18824889.2020.1863612
http://dx.doi.org/10.1109/embc40787.2023.10340847
http://dx.doi.org/10.1177/1758998315599792
https://doi.org/10.1589/jpts.31.75
http://dx.doi.org/10.1589/jpts.31.75
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30774209&dopt=Abstract
http://dx.doi.org/10.1016/j.jamda.2019.12.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32033882&dopt=Abstract
https://www.mdpi.com/resolver?pii=jcm14051542
http://dx.doi.org/10.3390/jcm14051542
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40095470&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0246870
http://dx.doi.org/10.1371/journal.pone.0246870
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33571318&dopt=Abstract
https://github.com/KEIO-LCLAB/GripApp/tree/master
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by J Sarvestan; submitted 25.Dec.2025; peer-reviewed by L Herdiman; comments to author 27.Jan.2026; accepted 26.Feb.2026;
published 23.Apr.2026

Please cite as:
Tajima K, Ikematsu K, Isomoto T, Kato K, Sugiura Y
Grip Strength Estimation Using Input Data From a Commodity Smartphone: Model Development and Validation Study
JMIR Hum Factors 2026;13:e90316
URL: https://humanfactors.jmir.org/2026/1/e90316
doi: 10.2196/90316
PMID: 38814682

©Komei Tajima, Kaori Ikematsu, Toshiya Isomoto, Kunihiro Kato, Yuta Sugiura. Originally published in JMIR Human Factors
(https://humanfactors.jmir.org), 23.Apr.2026. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in JMIR Human Factors, is properly cited. The complete bibliographic
information, a link to the original publication on https://humanfactors.jmir.org, as well as this copyright and license information
must be included.

JMIR Hum Factors 2026 | vol. 13 | e90316 | p. 13https://humanfactors.jmir.org/2026/1/e90316
(page number not for citation purposes)

Tajima et alJMIR HUMAN FACTORS

XSL•FO
RenderX

https://humanfactors.jmir.org/2026/1/e90316
http://dx.doi.org/10.2196/90316
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38814682&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

