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Abstract

This study evaluated smartwatch-derived digital biomarkers for chronic low back pain
phenotyping. Temporal features extracted from six months of smartwatch data (resting
heart rate, heart rate variability, step counts) in 261 patients discriminated episodic from
non-episodic pain phenotypes with 82% accuracy. Frequency-domain and local variability
measures outperformed summary statistics, with combined heart and activity features
providing superior classification. These findings demonstrate feasibility of passive
wearable monitoring for objective pain phenotyping.

INTRODUCTION

Chronic low back pain (cLBP) is the most prevalent and costly cause of disability
worldwide!. However, clinical phenotyping of cLBP patients remains challenging due to its
multifactorial etiology and heterogeneous presentation?. While cLBP is often defined as
“the persistence of pain beyond 3 months of symptoms”3, the temporal dynamics of pain
vary substantially between patients*®. Some experience relatively stable pain levels over
time, while others exhibit fluctuating, episodic patterns with distinct flare-ups®’. Patients
often follow a specific pain trajectory over the time course of their low back pain, with

little change in the nature of their trajectory®. Due to this stability and association with
patient-specific measures, pain trajectories may represent more clinically meaningful

phenotypes that could guide personalized treatment approaches?.

Current methods for tracking pain trajectories rely heavily on patient recall and self-
report, introducing subjectivity and recall bias®. The emergence of wearable devices such
as smartwatches presents an opportunity to develop objective, continuously monitored
digital biomarkers for pain trajectory phenotyping.

Digital health technologies are increasingly recognized for their potential to transform
chronic pain management!%!!. Wearables enable passive collection of physiological and
behavioral data in real-world settings, offering insights unattainable through traditional
episodic clinical assessments. Measures of resting heart rate (RHR) and heart rate
variability (HRV) are associated with pain and have been shown to predict pain
intensity!?-14. Physical activity has been shown to exhibit complex, non-linear relationships
with pain, particularly in cLBP'°. However, these studies have focused on daily summary
measures (e.g., daily averages of step count, sedentary time, or resting HRV) that do not
capture temporal trends. Importantly, a recent study has found that day-to-day variability
in activity is associated with self-reported flare-ups in cLBP!6, suggesting that objective
longitudinal measures may be valuable biomarkers of patient pain trajectories.
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We hypothesized that objective temporal measures extracted from smartwatch-derived
activity and heart rate trajectories are associated with pain trajectories characterized by
episodic fluctuations. We tested our hypothesis by evaluating whether we could
discriminate between episodic and non-episodic pain phenotypes in cLBP patients using
six months of smartwatch data from the BACKHOME UCSF cLBP cohort!’ (Fig. 1), and we
show associations and predictive utility of physiological and activity-based dynamic
features with episodic pain phenotypes. We further investigate dynamic properties of the
wearable data to gain insights on their use as dynamic digital biomarkers in cLBP.

RESULTS
Cohort characteristics

261 cLBP patients (108M, 153F) from the BACKHOME'!” study cohort participated in the
smartwatch study. Of those, 195 (74.7%) reported ‘episodic’ pain trajectories and 66
(25.3%) reported ‘non-episodic’ pain trajectories, with no significant group differences in
age, sex distribution, or BMI. Across all subjects, the average resting heart rate was 64 +
8.3 bpm and the average heart rate variability was 29.1 + 10.4 ms. Of the 261 subjects,
only 199 had daily step data, with an average daily step count of 5472 + 2653 steps.

Discrimination of episodic vs. non-episodic pain phenotypes

We evaluated four elastic-net logistic regression models using nested 3-fold cross
validation (25 repeats) to predict episodic vs non-episodic pain classification. The RHR
model (using only resting heart rate trajectory features) resulted in 18 selected features
and achieved a nested AUC of 0.718 + 0.012 and final AUC 0of 0.718 + 0.012 (Nagelkerke
R? = 0.045). The HRV model (using only heart rate variability trajectory features) resulted
in 14 selected features and performed more modestly, achieving a nested AUC of 0.668 +
0.024 and final AUC of 0.671 + 0.020 (Nagelkerke R?=-0.070). Combining RHR and HRV
features (Heart model) resulted in 30 features and substantially improved performance,
with a nested AUC of 0.781 + 0.019 and final AUC of 0.780 + 0.019 (Nagelkerke R? = 0.28).
The Heart + Steps model, incorporating features from all three variables, resulted in 31
features and achieved the best discrimination: nested AUC 0.816 + 0.029, final AUC 0.820
+ 0.024 (Nagelkerke R? = 0.48), demonstrating that activity trajectory features provide
complementary information to heart rate metrics.

Model feature importance
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SHAP value analysis revealed that frequency-domain features (FFT coefficients) had the
highest relative importance across all models. In the RHR model, the mean day-to-day
change in RHR was also important, with lower day-to-day change associated with non-
episodic pain (Fig. 3B). In the HRV model, the weekly autocorrelation and the weekly
partial autocorrelation were important, with higher values in both associated with non-
episodic pain (Fig. 3D). For both the RHR model and the HRV model, BMI was a relatively
important feature with higher BMI values associated with non-episodic pain. In the Heart
model, features with high relative importance included both RHR and HRV FFT features
(Fig. 3F). The Heart + Steps model had RHR, HRV, and Steps features amongst the
features with the highest relative importance (Fig. 3H).

DISCUSSION

We demonstrate that temporal features extracted from consumer smartwatch data can
discriminate between episodic and non-episodic pain phenotypes in cLBP patients.
Notably, the combination of RHR, HRYV, and activity trajectory features improves
classification. While overall model performance for the RHR- and HRV-only models was
modest, combining these with step count trajectory features improved model performance
to an AUC of 0.820. Given the sparse nature of the trajectory data, this suggests that
variations in wearable-derived step count and heart rate data may be associated with
fluctuations in pain experience. This is corroborated by the SHAP values showing that
measures of frequency and daily or weekly trends may have more relative importance than
summary measures. Further, this matches previous findings showing associations between
changes in activity and heart rate to fluctuations in pain!6-18.

Our results align with emerging evidence that wearable-derived digital biomarkers can
capture pain-relevant physiological and behavioral changes. Summary measures of
physical activity, heart rate, and HRV over long periods of time have been found to
correlate with chronic pain intensity!2. We extend these findings by demonstrating that
temporal trajectory features - particularly those capturing short-term dynamics - offer
additional discriminative power for phenotyping. The prominence of frequency-domain and
‘local’ variability features (e.g., day-to-day changes, weekly autocorrelations) over global
summary measures suggests that fluctuations at shorter timescales may better reflect the
episodic nature of pain experience. This corroborates findings that day-to-day variability in

step count associates with flare-up incidence in cLBP patients!®.

The superior performance of the combined Heart + Steps model (AUC = 0.820) suggests
that heart rate and activity trajectory features appear to explain different variances in pain
classification. Heart rate metrics may reflect autonomic responses and stress-related

13,14

processes , while activity patterns may reflect functional capacity and pain-related
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movement avoidance!®. While studies have shown that heart rate and activity may be
changed in chronic pain patients'?-21, these signals are also sensitive to other stressors.
Studies have shown that self-reported flare-ups in cLBP do not always coincide with
increased pain intensity?%23, suggesting that other factors may influence this reporting.
The multimodal approach may therefore provide robustness against such confounding

factors, offering a more comprehensive picture of a patient’s chronic pain trajectory.

These findings have implications for digital health approaches to chronic pain
management. Real-time monitoring of objective, passively collected trajectory features
could enable earlier detection of pain flare-ups, facilitating timely intervention. However,
this study is not without limitations. First, self-reported pain trajectories using the VTQ-
Pain, while validated 4, remain susceptible to recall bias and do not allow for
identification of specific flare-up incidences, instead relying on the assumption that
patients reporting an episodic trajectory type are more likely to experience a higher
frequency of flare-ups. Second, while subjects with large portions of missing data were
excluded, missing data persisted in the final dataset, as is inherent to passive wearable
data collection, and this may have attenuated our ability to identify associations between
features. In addition, decreases in model performance may be related to the subjectivity
and potential for bias in the VT'Q-Pain rather than a lack of prediction power in the activity
features. This further emphasizes the importance of objective measures for patient pain
tracking and classification. Future work will incorporate daily pain surveying, which may
better reflect patient pain experience at than the VT'Q-Pain at the cost of exhaustive daily
surveying.

In conclusion, we demonstrate that temporal features extracted from RHR, HRYV, and step
count trajectories are associated with episodic vs non-episodic pain classification. This
suggests that heart rate and activity tracking, especially in tandem, may provide an
opportunity for objective monitoring of patient pain, fluctuations, and response to
interventions. Further, this study shows the importance of ‘local’ measures of variability in
heart rate and activity trajectories, rather than summary measures alone, as a possible
objective surrogate for subjective self-reported measures of pain experience. Lastly, we
find that the combination of features from resting heart rate, HRV, and step count
trajectories resulted in the best association with pain classification, suggesting that, in
combination, these trajectory features provide more information about the patient pain
experience. Future study will seek to utilize more comprehensive wearable data like sleep
quality, walking speed and stride length, and other metrics to further explore associations
between health trajectories and contemporary pain. This work establishes the feasibility of
digital biomarkers for pain trajectory classification and suggests a path toward the
development of reliable, continuous monitoring of patient pain experience using objective
measures rather than subjective and discrete self-reported metrics.
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METHODS
Ethics approval and informed consent

This study was approved by the University of California, San Francisco Institutional
Review Board (institutional IRB #21-34420) and WCG IRB (IRB #20212455) as part of the
multicenter BACPAC BACKHOME study. All participants provided written informed
consent prior to enrollment. All study procedures were conducted in accordance with the
Declaration of Helsinki and Good Clinical Practice guidelines. Participants consented to
the retrospective collection and analysis of their Apple Watch health data from iPhone
Healthkit.

Study population

The study population was a subset of the BACKHOME!” study cohort (, in which the key
eligibility requirement was current chronic low back pain defined as pain between the
lower posterior margin of the rib cage and the horizontal gluteal fold, which has persisted
for at least the past 3 months and has resulted in pain on at least 50% of days in the past 6

months (per the NIH Task Force on Research Standards for cLBP2°26), and that their low
back pain was worse than any other bodily pain they were experiencing. BACKHOME
participants who allowed access to their Apple Healthkit data and had enough data for
analysis (data available for at least 120 days of the 180-day period) were included in this
study.

Data collection

With IRB approval and informed consent, cLBP patients in the BACPAC BACKHOME
cohort completed the Visual Trajectories Questionnaire-Pain (VTQ-Pain)?4, a single
question prompting patients to select the visual pain trajectory which best describes the

course of their pain over the past 6 months (the only exclusion criterion was the inability
to read or write English!”). Patients were binned into ‘episodic’ or ‘non-episodic’ pain
groups based on their response to the VTQ-Pain (Fig. 2). Then, for 261 participants who
consented to iPhone Healthkit data access, we retrospectively collected resting heart rate,
heart rate variability, and step count data, from iPhone HealthKit, for the six-month period
described in the VTQ-Pain survey. We cleaned and aggregated the raw HealthKit data into
daily average resting heart rate, daily median heart rate variability, and daily average step
counts. From these daily values, we created six-month trajectories of RHR, HRV, and step
count for each patient. Patients were excluded if they had more than 60 days of missing
data in the 180-day time frame, resulting in a final cohort of 258 patients.
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Feature engineering

We applied the tsfresh package?’ to extract 600 time-series features per modality.
Features included: summary statistics (mean, standard deviation, min/max, percentiles),
distribution properties (skewness, kurtosis), linear trends, autocorrelation functions,
spectral properties (FFT coefficients, entropy), complexity measures, and change
quantifications. Features with missing values or zero variance across participants were
removed. To address multicollinearity, we identified highly correlated feature pairs (>
90%) and randomly removed one feature from each pair. This yielded a total of 300
features for model development.

We employed stability selection?® to identify robust features for each model. Using 100
bootstrap resamples (50% sample size, stratified by outcome to maintain class imbalance),
we ranked features by univariate ANOVA F-statistic and selected the statistically
significant features (p < 0.05) in each resample. Features selected in = 70% of resamples
were retained for final modeling. This yielded 18 RHR features, 14 HRV features, 30 Heart
(RHR + HRYV) features, and 31 Heart + Steps features.

Statistical modeling

We trained elastic-net logistic regression models (scikit-learn) to predict episodic vs non-
episodic classification using four feature sets: (1) RHR only, (2) HRV only, (3) Heart (RHR
+ HRV), and (4) Heart + Steps.

Models were trained on a 70 — 30 training-testing split with a nested cross-validation. Both
inner and outer cross-validations were 3-fold with 25 repeats. Hyperparameters were
tuned in the inner fold using grid search with the final model hyperparameters taken from
the best model across folds and repeats. For each model, we calculated the mean area
under the receiver-operating curve (AUC) of the nested cross-validation (nested AUC), as
well as the AUC of the final model refit following nested cross-validation. The final model
coefficients and AUC were calculated from a single pass through the inner cross-validation
using the full dataset. We report mean AUC across all outer folds (nested AUC) and final
model AUC from refitting the full dataset with optimal hyperparameters.

Model performance was further assessed using Nagelkerke pseudo-R?, a scaled version of
Cox-Snell R? normalized to a maximum of 1, calculated from the final refitted model.

Model interpretation
We computed SHAP (SHapley Additive exPlanations) values?? using the shap package to
quantify feature importance and direction of effect. SHAP values represent each feature’s

contribution to individual predictions. We report mean absolute SHAP values (global
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feature importance) and SHAP value distributions stratified by feature values to visualize
feature-outcome relationships.

Statistical analysis

Group comparisons used independent t-tests for continuous variables and chi-square tests
for categorical variables. All analyses were conducted in Python using numpy, pandas,
scipy, scikit-learn, shap, and tsfresh libraries.
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Study design and analytical pipeline.
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Episodic and non-episodic pain group classification from the Visual Trajectory
Questionnaire for Pain. Patients were binned into two groups, episodic or non-episodic,
based on their response to the VTQ-Pain questionnaire asking them to select the visual
trajectory representing their pain in the past six months.

A Relative feature importance for top features B SHAP values for top features
in RHR model in RHR model
FeT coefficient | - FFT Coefficient High
FFT Coefficient _ +0.25 FFT Coefficient * =
Mean Daily Change _ T Mean Daily Change
feT coefficient [ NN -~ - FFT Coefficient .
o I - s
FFT Coefficient _ <1 FFT Coefficient 5
FFT Coefficient _ ol FFT Coefficient &
FFT Coefficient _ ’ FFT Coefficient
e 2= FFT Coefficient
Augmented Dickey Fuller _ ol Augmented Dickey Fuller Low
0.00 0.05 0.10 0.15 0.20 0.25 0.30
Mean Absolute SHAP value 71£HAP va;ﬁés(impactn:n rnodeloﬁfjtput) v
Cc Relative feature importance for top features D SHAP values for top features
in HRV model in HRV model
1 coefficient [ N - FFT Coefficient . - - . High
#eT coefricient [ NG FFT Coefficient o en cam —
#¢1 coetficient | - - FFT Coefficient seme
ov | - BMI - s
spectral Weich Density Coefficient | MM Spectral Welch Density Coefficient = i
FrT coetficient | FFT Coefficient g
Partial Autocorrelation: 7 Day | RN - - Partial Autocorrelation: 7 Day k
wurtosis | RN ' Kurtosis - .o
eT Coefficient | NNNGN © FFT Coefficient
Autocorrelation: 7 Day _ N Autocorrelation: 7 Day Low
0.00 0.05 0.10 015 0.20 0.25 ) a 0 1 2
Mean Absolute SHAP value SHAP value (impact on model output)
E Relative feature importance for top features F SHAP \_ralues for top features
in Heart model in Heart model
Hev: FrT coefficient [ T HRV: FFT Coefficient  « - High
RHR: FFT coefficient | NG RHR: FFT Coefficient
aHR: FFT coefficient [ I - © RHR: FFT Coefficient
rHR: FFT coefficient [ NNGNTNGNNEE © ° RHR: FFT Coefficient . o
Hrv: £rT coefficient [ NN - HRV: FFT Coefficient Ta— E
rHR: FFT coefficient [ NG © ¢ RHR: FFT Coefficient 2
rHR: FFT Coefficient [ T 27 RHR: FFT Coefficient 8
HR: FFT Coefficient | GTGTTNTNTNNG © :© RHR: FFT Coefficient
Hrv: T coefficient [ N © - HRV: FFT Coefficient
Hrv: FFT Coefficient [ NGTNTNGG - 1° HRV: FFT Coefficient Low
000 005 010 015 020 025 030 035 - - p T B
Mean Absolute SHAP value SHAP value (impact on model output)
G Relative feature importance for top features H SHAP values for top features
in Heart + Steps model in Heart + Steps model
RrHR: FFT Coefficient | NG - RHR: FFT Coefficient & #s @ ¢+ otems High
steps: FFT Coefficient [ N - Steps: FFT Coefficient
RHR: FFT Coefficient _ +0.28 RHR: FFT Coefficient
HRV: FFT Coefficient _ +0.27 HRV: FFT Coefficient g
Steps: Number of Peaks _ 4 Steps: Number of Peaks ee snsennd] I I e - s
Steps: %Reoccuring Values _ + Steps: %Reoccuring Values L N 1--'- ' ‘ I g
HRv: Mean Daily change [ NN © - HRV: Mean Daily Change  + + & = @e e ee E
rHr: FFT coefficient [  © -+ RHR: FFT Coefficient
RHR: Mean Daily Change |G RHR: Mean Daily Change - .
steps: FFT Coefficient | Steps: FFT Coefficient = e . . Low

000 005 010 015 020 025 030
Mean Absolute SHAP value

-15 -10 0.5 0.0 05 1.0 15

SHAP value (impact on model output)

Figure 3

Page 12/13



Relative feature importances and directions for the top ten features in the RHR (A, B),
HRV (C, D), Heart (E, F), and Heart+Steps (G, H) models. A, C, E, G: Mean absolute SHAP
values for the top 10 features in the RHR, HRV, Heart, and Heart+Steps models,
respectively. B, D, F, H: SHAP values of the top ten features for each patient, color coded
by feature value. Positive SHAP values represent relative importance for non-episodic pain
group classification and negative SHAP values represent relative importance for episodic
pain group classification.
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