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Abstract

This study investigates wearable estimation of heart rate
recovery (HRR) to free-living physical activity in 529 pa-
tients with recurrent Major Depressive Disorder (MDD)
using data from wrist-worn wearable devices (Fitbit) over
a 2-year period. Depression is associated with autonomic
nervous system dysregulation and increased cardiovascu-
lar risk. Our hypothesis was that HRR would be lower in
patients with more severe depressive symptoms, and that
surrogate physiological markers derived from wearables
could complement clinical evaluations. Heart rate (HR)
and step count data were continuously collected from the
wearables. Depression severity was assessed biweekly us-
ing the Patient Health Questionnaire-8 (PHQ-8). Peri-
ods of physical activity were automatically detected from
step count data using predefined criteria. To analyze
HRR, we applied bivariate phase rectified signal averag-
ing (BPRSA), estimating parameters characterizing HR re-
sponse to physical exertion for each patient and PHQ-8
score. Univariate analyses did not show statistically sig-
nificant differences in HRR across depression severity lev-
els consistently, and a multivariate TabPFN model was
able to classify patients with and without depressive symp-
toms with 53.82% accuracy (AUC = 0.5876). Our results
suggest that the relationship between HRR to free-living
physical activity and depression is not straightforward.
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1. Introduction

Major Depressive Disorder (MDD) is a serious condi-
tion that affects 6% of the global adult population, associ-
ated with consequences such as disability, decreased qual-
ity of life, premature mortality, and suicide, with a higher
prevalence in women than in men [1]. Its etiology is multi-
factorial and presents with complex symptomatology, such
as mood and sleep disturbances, many of them related to
the autonomic nervous system (ANS). In fact, depression
has been linked to alterations in the ANS [2], which might
be also related to the higher cardiovascular risk observed
in MDD patients [3]. Wearable devices which allow the
recording of physiological parameters, such as heart rate
(HR) and physical activity , can provide objective mea-
sures related to these symptoms and can help identify early
changes in health status often missed in sporadic clinical
evaluations [4]. In fact, previous studies have shown that
resting mean HR at night was higher in patients with more
severe depression (also linked to sleep disturbances) while
resting mean HR during the day was lower [5, 6].

This study combines HR and physical activity to analyze
wearable estimation of heart rate recovery to free-living
physical activity (HRR) in MDD patients during daily life.
Our hypothesis is that HRR after exercise will be slower in
more severe MDD patients, maybe reflecting cardiovascu-
lar impairment, and that a surrogate of this measurement
can be obtained analyzing HRR to automatically detected

Page 1 ISSN: 2325-887X DOI: 10.22489/CinC.2025.267



activity periods during daily life. We will investigate i
these surrogate HRR are different according to the severit'
of depression and could be used to complement classica
clinical evaluations.

2. Materials and Methods
2.1. Database

A subset of 529 MDD patients from the RADAR-CN;{
project [7] was analyzed. These patients utilized Fitbi
wristbands for continuous daily-life data collection of HI
and step count over a period of 2 years. Number of steps
are provided every minute while estimates of HR are pro-
vided with uneven sampling (one estimate every 5-15 s in
favourable scenarios). Depression severity was assessed
every 2 weeks with the Patient Health Questionnarie 8
items (PHQ-8), [8], delivered through an app installed in
patients’ smartphones.

Table 1. Characteristics of the Analyzed Population. Con-
tinuous variables are presented as median [interquartile
range, IQR].

Characteristic Value
Gender (N, %Female) 564 (70.95%)
Age 55 [26.5]
Baseline PHQ-8 10 [9]
PHQ-8 per patient 18 [26]

2.2. Average HR Response to Exercise

In order to identify periods of similar activity during
daily life, this study employs the unintentional 6-minute
walk test (6MWT) methodology, proposed by Sokas et al.
[9]. Using 6-minute sliding windows with a 1-minute over-
lap (see Figure 1), activity onset and offset points are de-
termined based on some thresholds imposed on cadence.

The analysis defines three cadence levels for detecting
continuous activity windows (at least 6 minutes): (1) > 0
steps/min (continuous movement); (2) > 60 steps/min
(standardized moderate activity) [9]; and (3) a personal-
ized threshold based on each patient’s median step count.

In order to characterize the HRR for each patient and
PHQ-8 score, the bivariate phase-rectified signal averaging
(BPRSA) method is used[10]. First, both step count and
HR series are resampled with a sampling period of 5 s.
Then, taking the offset of each detected activity window as
the reference point, the HR series from 1 minute before to
3 minutes after the reference point were averaged across
all activity windows detected in the interval of two weeks
prior to the PHQ-8 completion for each patient.

Then, the following variables are defined to characterize
HRR: maximum HR in the average curve (H Ryax), min-
imum HR in the average curve (H R;,), cardiac capacity
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Figure 1. Onset and offset defined on the step series with
custom threshold, and carried over to the synchronized HR
series. Onsets are shown in red, and offsets in blue.

(C) calculated as H Ry.x minus H R, and the time to
reach 95% of H R, in the average curve (Zys), HR at
each minute after the offset, and capacity at each minute
(e.g., HRR, calculated as HRp,x-HR, (see Figure 2).
Other variables have also been investigated, such as the
curve slope.
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Figure 2. Variables characterizing BPRSA curve

2.3.  Statistical Analysis and Classification
Method

To evaluate significant differences in each variable
across depression levels, the Mann-Whitney U test was
employed. To leverage the multiple PHQ-8 measurements
available for each patient and enhance result robustness,
a Bootstrap technique was applied. In each replicate, one
measurement per patient was randomly selected. The 5%
and 95% confidence intervals for p-value were provided
based on 5000 replicates. Spearman correlation analysis,
suitable for non-linear associations, explored relationships
between variables and PHQ-8 levels using Bootstrap re-
sampling for improved precision.
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To further investigate the link between physiological
variables and depression status, a multivariate classifica-
tion model using the efficient TabPFN model was devel-
oped. Trained on extracted physiological biomarkers, it
classified patients into no significant depression (PHQ-8 <
10) referred to as level 0, and depression (PHQ-8 > 10) re-
ferred to as level 1. Model generalization was evaluated via
a train-test split (80% train 20% test), ensuring patient data
weren’t mixed between the training and test sets. For ro-
bust performance estimation, mean accuracy, AUC, aver-
age precision, and the confusion matrix, are reported with
k-fold cross-validation (k=5).

3. Results and Discussion

Statistical analysis was performed on a total of 5936
level 0 (PHQ-8 < 10) cases (PHQ-8 score with corre-
sponding HRR parameters) and 5529 level 1 (PHQ-8 > 10)
cases. In both groups HRR biomarkers varied according
to the defined physical activity threshold. For instance, the
capacity and T95 values consistently increased with higher
activity threshold, supporting higher increases in HR and
longer recovery periods with more intense activities.

Variable Level No restriction >60 steps Custom
Capacity 0 15(1,25) 35(13,66) 452,75)
(bpm) 1 1(09,2.5) 3(1.3,64) 45(2.5,7.6)
H Rupax 0 79 (69, 88) 83 (64, 94) 83 (68, 93)
(bpm) 1 81 (70, 90) 83 (68, 95) 84 (70, 94)
HRyin 0 77 (67, 85) 77 (57, 86) 76 (61, 86)
(bpm) 1 79 (67, 87) 77 (64, 87) 77 (63, 87)
Curve slope 0 3(47,-19)  74(138,27) -9.7(-16.7,-5)
(beats/min) 1 3.0(-49,-19)  -71(-13.9,-2) 9.6 (-17.2,-2.6)
Tos 0 005(025020) 15075208  1.83(1,258)
(min) 1 -025(-075,0.17)  142(0.67,2)  1.75(0.92,2.42)
Table 2. Distribution of the proposed variables studied

to characterize cardiac recovery. Data are presented as
median (25th, 75th percentiles) for the depression levels
according to PHQ-8 (Levels 0, 1), separated by the three
thresholds used to define physical activity for the 6MWT.

Custom
(0.017, 0.968)
(0.043, 0.973)
(0.115, 0.985)
(0.097,0.981)
(0.085, 0.978)

Variable  No restiction >60

Capacity  (0.112,0.959)  (0.009, 0.952)
HRmax (0.148, 0.985)  (0.070, 0.982)
HR pnin (0.153,0.988)  (0.126, 0.982)
Slope (0.053,0.980) (0.067,0.976)
T95 (0.087,0.979)  (0.025, 0.969)

Table 3. 5th and 95th percentiles of the p-values for the
Mann-Whitney U test, comparing each of the variables ac-
cording to the two groups of depression levels.

The conditions of over 60 steps per minute and the cus-
tom percentile, used to define activity in the 6BMWT, tended
to yield lower p-values when discriminating between level
0 and 1 compared to the no-restriction condition. This sug-
gests that a minimal level of physical activity might be nec-
essary to induce a heart rate response in the studied pop-

ulation. However, these differences were not statistically
significant across all bootstrap iterations (see Table 3). .
Furthermore, the variability observed in the bootstrap-
derived p-values underscores the complex and potentially
fluctuating relationship between the HRR variables and de-
pression scores, possibly stemming from individual physi-
ological response variations and shifts in emotional states
during the study. In line with the findings in Tables 2 and
3, correlation analyses between depression levels and indi-
vidual HRR variables also failed to reveal consistent sig-
nificant associations. Therefore, these univariate findings
warrant cautious interpretation, and further investigation
with larger datasets may uncover more consistent patterns.
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Figure 3. Confusion matrix illustrating the number of
true negatives (TN), false positives (FP), false negatives
(FN), and true positives (TP) for the depression classifica-
tion model on the test set. The positive class (depression,
level 1), and the negative class (no significant depression,
level 0)

A TabPFN classifier was developed to explore the com-
bined discriminative power of the derived HRR parame-
ters. The model was trained using a 5-fold cross-validation
approach, achieving an average accuracy of 72.87% and
an average AUC of 0.8118. The averaged confusion ma-
trix across the 5 folds further illustrates its performance.
It correctly identified 717 out of 855 cases with no signif-
icant depression, but incorrectly classified 300 out of 759
individuals with the condition as not depressed. This high
number of false negatives directly contributed to a limited
average F1-score of 0.6769 and highlights a key challenge
in detecting the positive class. The model’s ability to iden-
tify cases without the condition was strong, with an aver-
age specificity of 83.89%.

Despite these robust cross-validation results, the model
showed a substantial drop in performance when evaluated
on an independent test set. With an accuracy of 53.82%
and an AUC of 0.5874, the model’s ability to general-
ize to completely new data was limited. This discrepancy
is largely driven by a high number of false negatives, as
demonstrated by the confusion matrix which shows that
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720 out of 1,215 patients with the condition were incor-
rectly classified as not depressed. This suggests that the
dataset’s inherent variability is a key limitation, rather than
an issue with the model’s design itself.

While the classification model’s results showed a lim-
ited ability to distinguish between individuals with and
without depression based on heart rate recovery, it’s im-
portant to consider the growing body of evidence linking
depression to increased cardiovascular risk[3]. From this
perspective, the physiological parameters analyzed could
serve a dual purpose: not only as potential predictors of
depression but also as possible early indicators or monitor-
ing tools for cardiovascular risk in this vulnerable popula-
tion. This dual justification validates the importance of the
research and the need for further studies.

The primary limitation of this study is the absence of
a control group without depression, which hinders direct
comparisons of the results. Additionally, the PHQ-8, be-
ing a subjective test based on patient self-assessment, may
not capture the full spectrum of depressive symptoms, po-
tentially complicating its correlation with objective phys-
iological data. Another limitation is that patients on the
borderline of the classification threshold (around PHQ-8 =
10) may introduce noise, as their inclusion in either group
is based on a single cutoff point. Furthermore, the data
were not stratified by age or gender, both of which are
known to influence individuals’ physiological responses
[11]. These limitations call for a cautious interpretation
of the findings. For future research, it would be valuable
to conduct a longitudinal analysis and explore the possi-
bility of using personalized models for each patient, al-
though these approaches were not feasible with the current
dataset. The rigorous analysis itself revealed a key limita-
tion: while the cross-validated model demonstrated good
generalization performance, the significant drop in accu-
racy observed in a single-split test highlights the dataset’s
inherent variability, which can affect the model’s stability
when presented with a single, unique test set.

4. Conclusion

In a sample of 529 MDD patients, wearable estimates
of heart rate recovery to physical activity automatically de-
tected during daily life did not show significant differences
across depression severity levels when examined sepa-
rately. However, a multivariate machine learning approach
achieved moderate accuracy to classify patients with and
without MDD symptoms. This suggests that a combina-
tion of wearable-derived biomarkers may complement tra-
ditional assessments, offering a more comprehensive un-
derstanding of the disease. Future research should explore
links to cardiovascular risk and use clustering to identify
subgroups.
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