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Abstract

Background: After a lower-extremity fracture, the patient’s priority is to regain function.

To date, our ability to measure function has been limited. However, high-fidelity sensors in
smartphones continuously measure mobility, providing an expansive pre- and post-injury gait
history. We assessed whether pre-injury mobility data, combined with demographic and injury
data, reliably predicted post-fracture mobility.

Methods: We enrolled 107 adult patients (mean age, 45 years; 43% female, 62% White,

36% Black, 1% Asian, 1% more than one race) =6 months after the surgical treatment of

a lower-extremity fracture. Consenting patients exported their Apple iPhone mobility metrics,
including step count, walking speed, step length, walking asymmetry, and double-support time.
We integrated these mobility measures with demographic and injury data. Using nonlinear
modeling, we assessed whether pre-injury mobility metrics combined with baseline data predicted
post-fracture mobility.

Results: All models were well calibrated and had model fits ranging from an adjusted R? of
0.18 (walking asymmetry) to 0.61 (double-support time). Pre-injury function strongly predicted
post-injury mobility in all models. After the injury, the average daily step count increased by 65
steps each week (95% confidence interval [Cl], 56 to 75). Weekly gains were significantly greater
within 6 weeks after the injury (92 daily steps per week; 95% Cl, 58 to 127) than 20 to 26

weeks post-injury (19 daily steps per week; 95% Cl, 11 to 27; p < 0.001). Greater pre-injury steps
were associated with increased post-injury mobility (301 daily steps post-injury per 1,000 steps
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pre-injury; 95% CI, 235 to 367). Mean walking speed declined by 0.200 m/s (95% ClI, —0.257 to
-0.143) from injury to 8 weeks post-injury. From 12 to 26 weeks post-injury, the average walking
speed increased by 0.071 m/s (95% Cl, 0.044 to 0.097).

Conclusions: These proof-of-concept findings highlight the value of high-fidelity pre-injury
mobility data in predicting recovery. Individualized recovery projections can provide patient-
friendly counseling tools and useful clinical insight for surgeons.

Level of Evidence: Prognostic Level Il1. See Instructions for Authors for a complete description
of levels of evidence.

After a lower-extremity fracture, the patient’s priority is to regain functionl:2. However,
options for measuring patient recovery are limited and include in-office examinations,
evaluating pain levels, and collecting patient-reported outcomes measures (PROMS).
Each has inherent flaws related to subjectivity, measurement error, and recency bias3->.
Furthermore, these evaluations only capture single time-points and lack comparison with
pre-injury function. Ideally, an objective and longitudinal method would be available to
understand patient recovery. Creating recovery curves tailored to patient-specific factors
could enable more effective patient-centered counseling and clinical decision support.

Over half of adults in the United States use an Apple iPhone equipped with sensors that
collect mobility data, including step count, walking speed, and walking asymmetry®7. The
accuracy and reliability of these mobility metrics have been validated with instrumented
carpet and inertial sensor assessments’:8. Research has demonstrated that iPhone-collected
mobility metrics are sensitive to mobility changes after a lower-extremity fracture and
during recovery. Without requiring user setup, the devices provide continuous, non-intrusive
collection and cataloging of years of data, yielding previously unavailable insight into
patients’ pre-injury function and post-injury mobility.

We utilized these digital mobility metrics, combining patients’ pre-injury function with
patient and injury characteristics, to better understand and model functional recovery up to 6
months post-injury. We assessed whether baseline mobility and patient characteristics could
be used to develop stratum-specific algorithms that reliably predicted post-injury mobility.

Materials and Methods

Study Design

We performed a retrospective cohort study at a single academic trauma center, enrolling
patients from January 2024 through May 2024. The local institutional review board
approved the protocol, and all patients provided written informed consent.

Patient Population

The study included patients =18 years who underwent operative fixation of =1 fracture of
the pelvis or lower extremity (i.e., a pelvic, hip, femoral shaft, distal femoral, tibial plateau,
pilon, ankle, and/or hindfoot fracture) at a United States trauma center and were seen for
clinical follow-up =6 months after injury. Patients were required to have had an iPhone
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with the Apple Health app for =1 year before recruitment. Apple Health was introduced to
iPhones in 2014 and automatically logs mobility metrics without requiring activation.

The research staff screened follow-up clinical appointments to identify eligible patients.
Consenting patients exported their Apple Health data from their iPhones to a secure
database. The export transfers all Apple Health data recorded since 2019 or on their first
iPhone, whichever occurred later. Demographic, injury, and surgical data were collected
from the medical record and were linked to the mobility data. Race and ethnicity were
self-reported at the time of index hospitalization and obtained from the medical record.

The outcome measures included 5 mobility metrics recorded multiple times daily on
patients’ smartphones, including step count, walking speed, step length, walking asymmetry,
and walking double-support percentage, up to 6 months post-fracture. With the exception of
step count, these data are screened by the device’s quality system in real time, removing
poor-quality data related to the phone’s proximity to the person’s center of mass or
insufficient episodes of motion.

The primary outcome was the step count, measured using the patient’s smartphone
pedometer, capturing the steps taken while the device was on their person8. In the United
States, the median daily step count for adults is 4,354 (interquartile range [IQR], 2,868 to
6,178)°. Research has demonstrated mortality benefits in association with step counts of
6,000 to 8,000 for patients =60 years of age and of 8,000 to 10,000 for patients <60 years
of age, providing support for the 10,000 daily steps target!®-11, We selected step count as
the primary outcome as it best aligns with patients’ primary recovery aspiration as shown in
preference research!12.13,

Walking speed measures how quickly the patient walks on flat ground, modeled according

to the patient’s center of mass8. Walking speed has been suggested to be “the sixth vital
sign” due to its sensitivity and specificity for detecting future health status and declinel4-15,
Comfortable gait speeds in the population range from 1.3 to 1.5 m/s, varying considerably
by age and genderl6. Research suggests that a 0.1-m/s decline in walking speed is associated
with an 8% increase in fall risk and a 12% increase in mortality among individuals =65 years
of agel7 18,

Walking asymmetry estimates the time during which asymmetric steps are detected

while walking, presented as a percentage of walking time. Zero percent indicates perfect
symmetry, and 100% indicates perfect asymmetry8. Walking asymmetry increases when

a patient favors 1 limb, making this measure pertinent to understanding recovery after
unilateral injuries!®. Studies have suggested that walking asymmetry of >10% has negative
clinical implications?0-21, including a modest increase in fall risk among older adults and
reduced function after lower-limb amputationl7-22,

Step length measures the distance between alternating steps during the gait cycle and
is derived from the patient’s height, step cadence, and speed estimation8. Step length
population norms range from 0.55 to 0.88 m, are correlated with height (r = 0.45), and
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decline with age23. Decreasing step length is associated with a twofold increase in the fear
of falling?4. While the relationship between step length and fall risk is unclear, research has
suggested that reduced step length is associated with increased dependency, mortality, and
institutionalization24-27,

Finally, double-support time is the percentage of the patient’s gait cycle on both feet,
ranging from 0% when running to 100% when shuffling. A typical double-support time falls
between 20% and 40%, with lower percentages indicating better balance®.

Statistical Analysis

Results

We parameterized the outcomes on a weekly basis for the analysis to mitigate the impact

of extreme mobility outliers. For step count, the weekly sum was divided by 7 for a

daily average. We extracted the 90th percentile of walking speed and step length for the
model. Double-support time and walking asymmetry were modeled as a weekly average. We
calculated pre-injury means and standard deviations for each mobility parameter, using data
from the 6 months before injury to account for seasonal variation in mobility patterns.

We estimated post-fracture step count with use of a generalized additive model with a
monotonic growth constraint on the main effects and interactive effects of time from injury
and pre-injury mean step count. The other outcomes were estimated with use of generalized
linear models interacting a polynomial spline-fit post-injury time covariate with the pre-
injury mean for the specific outcome and bilateral injury. All models were adjusted for

age, sex, open fracture, body mass index, fracture location, and outcome-specific pre-injury
mobility variance, with continuous covariates fitted using polynomial splines. The time of
injury was set as time zero for all models. The reported marginal effects were adjusted

on the basis of the weighted distribution of sample covariates, with standard errors being
estimated with use of the delta method.

Within the observation period, weeks with missing step-count data were rare (<2%).
However, because of data-quality bounding of the other outcomes, which required minimum
amounts of motion for accurate calculation, missingness was more frequent for some
measures (22% for walking speed and step length, 25% for double-support time, and 38%
for walking asymmetry). We did not impute missing data in these analyses and assumed the
missing data to be related to poor data quality.

All analyses were performed with use of R (version 4.2.2; R Foundation for Statistical
Computing) with the packages scam, splines, marginal effects, and ggplot2. All comparisons
used an alpha of 0.05 to indicate significance. We did not adjust the alpha for multiple
comparisons.

Study Population

Of the 139 patients who met the eligibility criteria and were approached for consent,
11 declined to participate, 2 of whom expressed data-privacy concerns. We excluded 21
consenting patients because of insufficient pre- and post-injury mobility data. In the group of
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107 patients who were included in the analysis, the mean age (and standard deviation) was
45 + 17 years and 46 patients (43%) were female (Table 1) (see Appendix Table S1). Thirty-
nine patients (36%) had an open fracture, and 20 (19%) had a bilateral lower-extremity
fracture. Patients most commonly had a periarticular fracture (69%), followed by diaphyseal
fracture (32%) and then by pelvic or acetabular fracture (16%). In the 6 months before
injury, the average daily step count was 4,366 + 1,373, and the 90th percentile walking speed
was 1.300 = 0.069 m/s.

After injury, the average daily step count increased by 65 steps (95% confidence interval
[CI], 56 to 75) week over week. Weekly gains were significantly greater within 6 weeks
post-injury (92 daily steps per week; 95% CI, 58 to 127) as compared with 20 to 26 weeks
post-injury (19 daily steps per week; 95% ClI, 11 to 27) (p < 0.001) (Fig. 1). Greater
pre-injury steps were associated with increased post-injury steps (301 daily steps post-injury
per 1,000 steps pre-injury; 95% CI, 235 to 367) (Fig. 2). Post-injury daily step count
decreased by 10 steps per 1-year increase in age (95% ClI, —19 to —-2). Bilateral injuries were
associated with 879 fewer steps per day (95% CI, 21,191 to —568) in the 26 weeks after

the injury. Figure 3 demonstrates predicted post-injury daily step counts for 3 hypothetical
patients.

Walking Speed

We estimated an average decline in walking speed of 0.200 m/s (95% ClI, —0.257 to -0.143)
from injury to 8 weeks post-injury. From 12 to 26 weeks post-injury, we estimated a 0.071
m/s increase (95% CI, 0.044 to 0.097) in walking speed (Fig. 1). Post-injury walking speed
was predicted by pre-injury walking speed, with a 0.1-m/s-faster pre-injury speed associated
with a 0.057-m/s increase (95% CI, 0.005 to 0.109) in post-injury speed (see Appendix).
Post-injury walking speed was 0.022 m/s slower (95% CI, —0.030 to —0.013) for every
10-year increase in age. Post-injury walking speed did not significantly differ in patients
with bilateral compared with unilateral injuries (difference, —0.026 m/s [95% CI, —0.076 to
0.023]; p = 0.30).

Walking Asymmetry

Step Length

Average walking asymmetry worsened by 25.0% (95% Cl, 17.3% to 32.6%) from injury

to 8 weeks post-injury and improved by 5.9% (95% CI, 2.4% to 9.4%) from 12 to 26

weeks post-injury (Fig. 1). Post-injury walking asymmetry varied significantly by pre-injury
asymmetry, with a 5% increase in pre-injury asymmetry associated with a 3.7% increase
(95% ClI, 2.5% to 5.0%) in post-injury asymmetry (see Appendix). Every 10-year increase in
age was associated with a 2.7% increase (95% Cl, 1.6% to 3.8%) in post-injury asymmetry.
We did not find a significant association between bilateral fractures and walking asymmetry
(difference, 2.3% [95% CI, —3.0% to 7.6%]; p = 0.40).

Step length declined an average of 0.040 m (95% CI, —0.064 to —0.016) in the first 8
weeks after injury and then increased by 0.025 m (95% CI, 0.013 to 0.036) from 12 to 26
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weeks post-injury (Fig. 1). Pre-injury step length did not significantly predict post-injury
step length (0.034 m increase [95% CI, —0.061 to 0.128] post-injury per 0.05 m pre-injury;
p = 0.48) (see Appendix). Bilateral injuries were associated with a 0.041-m reduction (95%
Cl, -0.062 to —0.020) in step length; (p < 0.001).

Double-Support Time

Average double-support time increased by 1.51% (95% ClI, 1.13% to 1.90%) within the first
8 weeks post-injury and then declined by 0.36% (95% ClI, —0.54% to —0.18%) from 12 to
26 weeks post-injury (Fig. 1). A 1% higher pre-injury double-support time was associated
with an increased post-injury double-support time (0.24%; 95% CI, 0.14% to 0.35%) (see
Appendix). Every 10-year increase in age predicted a 0.19% increase (95% CI, 0.13%

to 0.25%) in double-support time. Double-support time was similar between bilateral and
unilateral injuries within 8 weeks after the injury (difference, 0.05% [95% CI, —0.79% to
0.88%]; p = 0.91) but was higher in association with bilateral injuries 12 to 26 weeks
post-injury (difference, 0.53% [95% CI, 0.17% to 0.89%]; p < 0.01).

Model Diagnostics

A visual comparison of observed versus predicted values suggested that the models were
well calibrated from 1 to 26 weeks post-injury. The fit of the models, as measured with the
adjusted R?, ranged from 0.18 for walking asymmetry to 0.61 for double-support time. In
Table I1, we report the root-mean-squared error as a measure of accuracy for each model. All
model parameter estimates are available in Appendix Tables SlI to SVI.

Discussion

The present study demonstrated that smartphone data for patients with lower-extremity
fractures can be used to develop personalized functional recovery curves. Pre-injury
mobility, a marker absent from previous risk models, was an important factor in predicting
post-injury recovery. This finding was consistent across all of our mobility models. The
observed magnitude of relative post-recovery change was greatest in terms of step count,
walking speed, and walking asymmetry, underscoring the clinical importance of these data
as recovery metrics.

The post-fracture trends for each mobility parameter create a multidimensional recovery
narrative. Step-count gains were linear until 20 weeks and then reached an asymptote.
Walking speed, asymmetry, and double-support time gradually worsened for approximately
8 weeks after injury. The use of walking aids presumably masked the true initial decline

of these metrics, which were progressively uncovered as patients relinquished their reliance
on such devices. These gait parameters improved after the 8-week mark, reaching a similar
plateau at about 20 weeks after injury. Step length followed a similar pattern with less
change in magnitude.

The observed relationship between pre- and post-injury mobility offers unique clinical
insight. For example, we estimated that patients with higher pre-injury mobility (e.g.,
6,000 daily steps) achieved better mobility 26 weeks after injury than patients with lower
pre-injury mobility (e.g., 2,000 daily steps), reaching about 3,200 steps versus 1,800 steps,
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respectively. However, on a relative scale, patients with greater pre-injury mobility were
doing worse, walking just over 50% of their pre-injury levels. In comparison, patients

with lower pre-injury mobility regained over 90% of their pre-injury mobility. Calibrating
patients’ expectations for these substantial changes in post-injury mobility might aid patients
in recovery planning.

Our findings suggest that mobility data continuously captured through high-fidelity
smartphone sensors could be processed through algorithms derived in this research to
support real-time feedback to the patient and clinical care team. The patient-centered
nature of these data supports recovery expectations and shared decision-making. Numerous
smartphone-based activity and behavior-modification applications exist today and have
successfully incentivized activity among patients8:29,

Similar mechanisms could be developed with our algorithms, encouraging patient
engagement in their recovery. We envision these as clinical “guardrails” for monitoring
recovery, with negative deviations potentially indicating complications. Patients meeting
expectations may elect for telemedicine follow-up, reducing patient burden and allowing
clinicians to allocate more attention to patients with compromised recovery. The probability
of successfully implementing these strategies into clinical workflow is profoundly increased
because it does not require new technology to be given to the patient or for the patient to
change their use behavior. These data are already being collected but have not yet been used
to their full and considerable potential.

This study had several strengths. Movement data were collected automatically whenever
the device was in motion and captured real-world mobility on uneven surfaces that cannot
be replicated in gait laboratories. This approach also incorporated previously unknown
pre-injury data, which were demonstrably crucial in our understanding of patients’ overall
recovery. In addition, enrolling only patients with iPhones created a closed hardware and
software environment, decreasing variability in sensor output. This design feature benefits
from Apple sensors’ data quality filters, improving the internal validity of our results’.

Despite these strengths, we acknowledge that our study also had limitations. At its core,
this is a proof-of-concept study assessing the feasibility of constructing recovery models
with smartphone data. The 107-patient sample yields wide uncertainty in many estimates.
Larger, more homogenous samples are required to improve the specificity and reliability of
individualized recovery projections. The study was performed at a single center; variation
across hospitals is unknown. Furthermore, enrollment required =6 months of follow-up

to ensure sufficient post-injury data. This decision introduced selection bias toward

patients with more severe injuries or those with prolonged follow-up. Therefore, we likely
underestimated the average magnitude of post-fracture recovery. Instances of motion when
patients were without their phones lead to step-count underreporting. However, comparing
pre-injury data with U.S. population norms suggests that the scale of underreporting was
minimal and likely non-differential between pre- and post-injury®. Finally, we restricted the
study to patients with iPhones only. While the benefits of an iPhone-only sample have been
described, the socioeconomic differences between Apple and Android users are unclear, but
we anticipate these patients experience similar biological healing.
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Conclusion

Mobility data from the smartphones of patients with lower-extremity fractures can produce
reliable recovery curves. All models had acceptable model fit and were well calibrated

from 0 to 26 weeks after injury. This proof-of-concept study demonstrates the feasibility

of developing patient-specific recovery models, which may provide clinical utility in patient-
centered counseling and as clinical decision-support tools.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Graphs illustrating post-injury mobility as measured by step count, walking speed, walking
asymmetry, step length, and double-support time. The graphs report predicted versus
observed recovery for each outcome. The horizontal line and shading indicate the pre-injury
median and interquartile range (IQR) for each parameter.
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Graphs illustrating post-injury mobility as measured by step count and stratified by pre-
injury mobility, age, and bilateral versus unilateral fractures. The shaded areas represent

95% confidence intervals.
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Graphs illustrating predicted post-injury daily step count for 3 hypothetical patients as
described by age, fracture type, and pre-injury mobility. The shaded areas represent 95%

confidence intervals.
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Patient and Injury Characteristics (N=107)

Bilateral injury (no. of patients) 20 (19%)
Open fracture (no. of patients) 39 (36%)
Fracture type (no. of patients)

Periarticular 74 (69%)
Diaphyseal 34 (32%)
Pelvic or acetabular 17 (16%)

Pre-injury mobility*

Age (1) 45 + 17
Female sex (no. of patients) 46 (43%)
Ethnicity (no. of patients)
Hispanic or Latino 4 (4%)
Not Hispanic or Latino 103 (96%)
Race (no. of patients)
Asian 1 (1%)
Black or African American 39 (36%)
More than 1 race 1 (1%)
White 66 (62%)
Body mass index (kg/m7?) 27(241033)

No. of steps per day 4,366 + 1,373
Walking speed (m/5) 1.300 + 0.069
Walking asymmetry (%) 8.6+5.6
Step length (m) 0.722 £ 0.031
Double-support (%) 30.6+0.3

*
The values are given as the mean and the standard deviation.

7‘The values are given as the median, with the interquartile range in parentheses.
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TABLE I
Model Diagnostics
Outcome Adjusted R2  Root-Mean-Squared Error
Step count 0.40 1,544 steps
Walking speed 0.35 0.171 m/s
Walking asymmetry 0.18 23.5%
Step length 0.40 0.072m
Double-support time 0.61 1.2%
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