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Abstract. Predicting an athlete's subjective training readiness from wearable-device data
iIs a fast-growing field. Heart rate recovery (HRR) is the rate of heart-rate decline after exercise
and a recovery indicator recognized in sports physiology that is not displayed to the user in the
Fitbit app. The open PMData dataset holds 1,757 daily records from 16 recreational participants
collected between November 2019 and March 2020. From the heart-rate data in this dataset,
HRR60 was computed — to the best of our knowledge, for the first time for this dataset — after each
of 772 training sessions (495 with a valid result), and it was tested whether it adds value to
readiness prediction beyond metrics already visible to the user, using Ridge, Random Forest, and
Gradient Boosting regression with Leave-One-Participant-Out validation. Neither the ablation test,
nor permutation feature importance, nor direct correlation with same-day or next-day readiness
showed a meaningful gain in accuracy. This result tempers overstated expectations of "hidden"
wearable-device metrics and points to the need for ablation testing of such hypotheses.

Key words: heart rate recovery; training readiness; wearable devices; machine learning;
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Introduction. Wearable devices such as Fitbit and others have made continuous
physiological data collection accessible to recreational athletes. These devices provide the user
with metrics such as sleep score and resting heart rate, but many physiological indicators are
neither computed nor displayed to the user by the app. The accuracy of consumer heart-rate
measurements requires separate methodological scrutiny [1]. Reviews of HR-based methods for
monitoring athletes' training status note that inconsistency in results stems from methodological
differences between studies rather than from limitations of the measurements themselves [2].
Recent validation studies further show that the accuracy of consumer photoplethysmography-
based heart-rate sensors varies by device and by exercise intensity, remaining imperfect during
dynamic movement even as it improves at higher effort levels [3, 4].

One such indicator is heart rate recovery (HRR), which reflects the rate of heart-rate decline
after the cessation of physical exertion. A literature review confirms HRR's status as a recognized
indicator of recovery and training status [5]. However, in elite runners the development of
overreaching was accompanied by a faster, rather than slower, HRR [6], which points to the
complexity of this indicator and to the need for empirical testing of its predictive value. Machine-
learning models built on broader, multi-feature physiological and training-load profiles have
recently been shown to predict daily recovery status in endurance athletes with reasonable
accuracy [7], which motivates the narrower question addressed here: whether HRR specifically,
rather than a wearable-derived feature set in general, adds value beyond metrics already available
to the user.

A study of recreational athletes' motivation during competition preparation on a Kazakhstani
sample [8] shows that recreational athletes are motivated in training more by health improvement
and self-development than by results themselves. It is therefore important for this group to
understand whether the “hidden” metrics of their wearable devices genuinely carry additional
useful information, or whether this is merely a marketing expectation.

The aim of this work is an empirical test of whether heart rate recovery, computed from the
PMData dataset [9], adds predictive value to a model of daily training readiness beyond metrics
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already visible to the user in Fitbit. Standard regression models are used, and the scientific novelty
lies in the data: to the best of our knowledge, HRR60 is computed from heart-rate data for the first
time for this dataset, and its value is assessed quantitatively, rather than declaratively, through an
ablation test, permutation feature importance, and direct correlation with readiness.

Materials and Methods. This study is a secondary analysis of the open PMData dataset [9]
(Simula Research Laboratory, Norway, CC BY 4.0 license): 16 physically active recreational adult
participants, from November 2019 to March 2020, daily completed a wellness questionnaire,
including readiness on a 0-10 scale, and a training report including type, duration, and rating of
perceived exertion (RPE) for each of 772 sessions, while continuously wearing a Fitbit tracker [9].

Heart rate recovery calculation. For each training session, the start and end times were
determined. Points with confidence > 2 (medium and high signal quality) were selected, and the
session peak heart rate (hr_peak) was determined as the maximum among points within the interval
from the start to the end of the session. Recovery heart rate at 60 seconds after the end of the
session was determined using the nearest-in-time point with a tolerance of 30 seconds; if no
suitable point was found, the value was treated as missing. The indicator HRR60 = hr peak —
hr(end of session + 60 s). A valid HRR60 value could be computed for 495 of the 772 training
sessions, or 64.1%, across 15 of the 16 participants; the mean HRR60 value was 45.8 bpm, with a
standard deviation of 27.9 and a range from —25 to 119 bpm. This 60-second window follows the
general logic of standard heart-rate-recovery protocols, which define HRR as the heart-rate drop
over a fixed interval after peak effort [5]; unlike those protocols, which typically use a controlled,
supervised recovery period, HRR60 here is derived from real-world training sessions with a self-
reported end time and uncontrolled post-session behaviour, and the underlying
photoplethysmography signal is known to be less accurate during and immediately after vigorous,
dynamic exercise [3].

Feature engineering. The unit of analysis is a day-observation within a participant; the target
variable is the readiness value on a 0-10 scale on day t (regression). All features for date t are
constructed exclusively from data up to and including day t minus one (lag t-1 and earlier). The
base set of features includes: training load on t-1 and its rolling sums, including the acute:chronic
workload ratio, ACWR [10]; wellness on t-1 (readiness, fatigue, soreness, stress, mood) and their
3-and 7-day rolling averages; Fitbit physiology on t-1 (sleep score, resting heart rate); day of week
and the sequential day-observation number. The heart rate recovery feature is the mean HRR60
across training sessions on day t-1 and a binary indicator of whether at least one session with a
valid HRR value occurred that day (has_hrr_t1). The final dataset, after excluding observations
without readiness(t-1), comprised 1,423 day-observations across 16 participants.

Data quality and measurement limitations. A valid HRR60 could not be computed for 277
of the 772 sessions (35.9%): most commonly because no heart-rate sample met the confidence >
2 threshold within the 60+30-second recovery window, which typically occurs when the device is
removed immediately after exercise or when motion artefacts degrade the photoplethysmography
signal during the final, most intense phase of a session [3]. These sessions were treated as missing
at the session level and were not imputed; days with zero valid HRR sessions likewise received a
missing value for the daily feature hrr_60_mean_t1. For model fitting only, this missing value was
imputed with the sample median, and the accompanying binary indicator has_hrr_t1 (0 for imputed
days) was retained as a separate feature so that the models could distinguish a genuinely low
recovery value from an absent measurement. A small fraction of valid sessions (13 of 495, 2.6%)
showed a negative HRR60, and the observed range extended up to 119 bpm; both patterns are
plausible under an uncontrolled field protocol — a negative value can arise when the true peak
was underestimated due to a brief signal dropout at the point of maximal exertion, or when heart
rate continued to rise briefly after the recorded session-end time, while an unusually large value
can arise when the 30-second tolerance window captures a reading close to 90 seconds after session
end, allowing more actual recovery time than the nominal 60 seconds. None of these values were
excluded as outliers, since no external reference measurement was available to distinguish genuine
physiological variability from measurement noise.
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Models, validation, and testing the value of HRR. Three regression models were used:
1. Ridge regression (alpha =5, with feature standardization);
2. Random Forest Regressor (300 trees, maximum depth 6, minimum 5 samples per leaf);
3. Gradient Boosting Regressor (200 trees, maximum depth 2, learning rate 0.05).

Model quality was assessed via Leave-One-Participant-Out cross-validation, in which no
participant appears in the training and test sets simultaneously. The value of HRR was tested via
an ablation test: each model was trained in two feature variants — with HRR (HRR60 on t-1 and
has_hrr_t1) and without it — with all other features held equal. The quality metrics were mean
absolute error (MAE) and root mean squared error (RMSE) on the readiness scale (0-10); the
coefficient of determination R? is reported as a secondary metric. Permutation feature importance
(30 repeats, based on MAE) was additionally computed for the Gradient Boosting model trained
on the full dataset, along with the direct Pearson correlation between HRR60 and readiness. The
analysis was performed in Python using the pandas, scikit-learn, and scipy libraries.

Results. The final modeling dataset comprises 1,423 day-observations across 16
participants. The target variable, readiness on day t, had a mean of 4.91 (standard deviation 1.92)
on the 0-10 scale; the lagged readiness feature used as a predictor, readiness(t-1), was nearly
identical (mean 4.93, SD 1.90), reflecting the strong day-to-day autocorrelation of this self-
reported measure. The ablation test (Table 1) shows that adding HRR features to the base feature
set produces only minimal changes in the metrics: MAE decreases by no more than 0.015
(Gradient Boosting), and R? increases by no more than 0.011 — differences that do not exceed the
noise level given the pilot sample size; for Random Forest the difference is practically absent (R2
= 0.422 in both variants).

Table 1 — Ablation test: model with and without HRR features (Leave-One-Participant-
Out)

Model (Flﬁ;tg/e_)" ariant MAE RMSE  |Re

Ridge - 1,075 1,419 0,455
Ridge HRR 1,074 1,417 0,457
Random Forest - 1,114 1,462 0,422
Random Forest HRR 1,111 1,461 0,422
Gradient Boosting - 1,116 1,463 0,421
Gradient Boosting HRR 1,101 1,449 0,432

Compiled by the author based on an analysis of PMData [9].

The overall distribution of HRR60 across the 495 sessions is shown in Figure 1: values range
from —25 to 119 bpm, with a mean of 45.8 and a median of 45.0.
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Distribution of heart rate recovery (HRR60), n = 495 valid sessions out of 772
|
1
60 : mean = 45.8 bpm
2 :
e
w 50
[
wn
2 40
c
©
hat 30
o
3 20
£
=
10
0 | .-
-20 0 20 40 60 80 100 120
HRR60 (heart-rate drop over 60 s post-exercise), bpm

Figure 1 — Distribution of heart rate recovery (HRR60) across 495 training sessions

Compiled by the author based on an analysis of PMData [9].

A separate test of the relationship between HRR60 and readiness revealed no correlations:
between mean daily HRR60 and same-day readiness, r = —0.01 (p = 0.86); between day-t HRR60
and day-(t+1) readiness, r =—0.07 (p = 0.15, n = 406). Figure 2 visually confirms the absence of a
relationship.
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Figure 2 — Relationship between mean day-t HRR60 and day-(t+1) readiness

Compiled by the author based on an analysis of PMData [9].

Permutation feature importance shows that, of 24 features, HRR60 (hrr_60_mean_t1) ranks
only 18th by contribution to error reduction, while the binary indicator of a valid HRR
measurement on the previous day (has_hrr_t1) ranks 4th, noticeably ahead of the HRR value itself.
Thus, the ablation test, permutation importance, and direct correlation all point to the absence of
any meaningful predictive value of HRR60 in this task.
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Discussion. The main result of this work is an honest null result. HRR does not add
predictive value beyond data already visible to the user in Fitbit, whether by the ablation test, by
permutation feature importance, or by correlation with readiness: r =-0.01 and r = -0.07, both non-
significant. This conclusion is necessarily bounded by the conditions of the present study — a
single, pilot-scale cohort, the specific HRR60 computation protocol used here, and the particular
feature set and models tested — and should not be read as a general claim that heart-rate recovery
has no value for training-readiness monitoring under other measurement protocols or study
designs.

Possible reasons fall into several categories. The relationship between HRR and the body's
functional state is nonlinear — in elite athletes, the development of overreaching is accompanied
by a faster, rather than slower, HRR [6], and protocols for measuring and interpreting HRR differ
noticeably between studies [2, 5]. Wearable devices are susceptible to motion artifacts
immediately after exertion [1], and recent validation studies confirm that consumer
photoplethysmography accuracy remains imperfect during and shortly after vigorous exercise even
for the best-performing devices [3, 4]. The end time of a training session here was taken from self-
report rather than from the Fitbit exercise log, and a valid HRR60 value was obtained for only
64.1% of sessions for the reasons described above. A day-averaged value is also used, whereas
individual sessions within a day can differ in intensity.

It is worth noting that the broader machine-learning literature on recovery prediction from
wearable and training-load data has reported more encouraging results using richer, multi-feature
profiles [7]; the null result obtained here therefore appears specific to HRR60 as a single feature
under the present measurement protocol, rather than evidence that wearable-derived recovery
indicators cannot contribute to readiness prediction in general.

Notably, the presence of a valid measurement on the previous day (has_hrr_t1) proved more
informative, ranking 4th in importance versus 18th for hrr_60_mean_t1. It likely reflects,
indirectly, the fact and nature of the training load rather than the quality of physiological recovery
itself.

The result is practically relevant for recreational athletes [8]: the test tempers overstated
expectations of “hidden” wearable-device metrics and is consistent with broader calls in the
wearable-biosensing and sports-technology literature for rigorous, feature-level validation before
such metrics are built into athlete-facing training and coaching tools [11]. Limitations of this study
include: a sample of 16 participants (LOPO validation), a self-reported target variable, permutation
importance used instead of SHAP, a dataset collected in Norway in 2019-2020, and associative
rather than causal relationships.

Conclusion. This work computed the heart rate recovery indicator (HRR60) from heart-rate
data after each training session for the PMData dataset — to the best of our knowledge, for the first
time for this dataset — and conducted an ablation test of the hypothesis that it adds value for
predicting a recreational athlete's training readiness. Within the boundaries of this sample, this
HRR60 computation protocol, and the models and features tested, adding HRR did not improve
prediction accuracy, either by MAE/RMSE in the ablation test, by permutation feature importance,
or by direct correlation with same-day or next-day readiness. This null result, specific to the present
conditions, underscores the need for ablation testing rather than declarative claims of value.

Directions for future work include: modeling HRR at the level of individual sessions rather
than a daily aggregate; using a more precise source for training end time to reduce missing values;
increasing and diversifying the sample; external validation on an independent sample; and
comparing HRR with other activity markers (for example, heart rate variability) as potentially
more informative candidates for the role of a "hidden" readiness metric.
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IMPOI'HO3UPOBAHHUE 'OTOBHOCTHU K TPEHUPOBKE 110 JAHHBIM
HOCHUMBIX YCTPOMCTB C YYETOM BOCCTAHOBJIEHUSI HACTOTbI
CEPAEYHbIX COKPAIIEHUU
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AnHoTtauus. [IporuozupoBanue cyObeKTUBHOM TOTOBHOCTH CIOPTCMEHA K TPEHUPOBKE I10
JAHHBIM HOCHMBIX YCTPOMCTB sBJIsIETCS OBICTPO pacTyiiei obmacteio. Heart rate recovery (HRR)
3TO CKOPOCThb CHIDKEHHS MyJIbCa TOCJE HAarpy3Kd, NMPU3HAHHBIA B CIIOPTHUBHOM (pu3HOIOTHN
WHIMKATOP BOCCTAHOBJICHUS, KOTOPBIN HE 0TOOpakaeTcs MOJIb30BaTeNto B puiiokenuu Fitbit. B
OTKpHITOM Oa3e nanubix PMData xpansites 1757 nHeBHBIX 3amuceil 16 yuacTHUKOB-II00UTENEH B
nepuo ¢ HosiOpst 2019 roga mo mapt 2020. M3 moka3zaTeseit mynbca STUX JaHHBIX, HACKOJIBKO HaM
M3BECTHO, BIIEpBBIE [ 3TOr0 AaraceTa BbiuncieH HRR60 mocie kaxoit u3 772 TpeHUPOBOUHBIX
ceccuil (495 — ¢ BamMOHBIM PE3yJbTATOM), a TAK)Ke MPOBEPEHO, MOOABISET JIU OH IICHHOCTh
IPOTHO3y TOTOBHOCTH CBEPX BHAMMBIX IOJIb30BATEI0 METpUK B perpeccuu Ridge, Random
Forest, Gradient Boosting u Leave-One-Participant-Out Banumaruu. Hu abissiroHHBIN TeCT, HU
[IePECTaHOBOYHAS BaXXHOCTh NPU3HAKOB, HU IpsiMasi KOPPEJALNsS C TOTOBHOCTbIO TOTO K€ WMIIU
CIIEyIOIET0 JHS HE TMOKa3alud 3aMETHOr0 MPHPOCTa TOYHOCTH. DTO PE3yNbTaT, KOTOPBIN
OTPAaHUYUBAET 3aBBIIEHHBIC OXKUIAAHUS OT «CKPBITHIX» METPUK HOCUMBIX YCTPOHUCTB U YKa3bIBAET
Ha HEOOXOAMMOCTh abISIIMOHHON MPOBEPKHU TAKUX TUIIOTES.

KawueBble ciioBa: heart rate recovery; roToBHOCTb K TPEHHPOBKE; HOCUMBIE YCTPOMCTBA;
MaIIMHHOE 00yUYeHHNe; TPEHUPOBOUHAS HArpy3Ka.

’KYPEK COFY )KMIJITTHIH KAJIIBIHA KEJYIH ECKEPY APKbLIbI
KULJETIH KYPBUIFBUIAP JEPEKTEPI BOMBIHIIA JKATTBIFYFA
TAWBIHIBIKTBI BOJIKAY
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Anaatna. CrnopTIIBIHBIH KATThIFyFa CyOBEKTHUBTI JAWBIHIBIFBIH KUUIETIH KYPBUIFBLIAP
niepexTepi OoMbIHIIA OOJIKay HKeJlesl JaMbll Kelle skaTKaH cajia. XKypek cory >KUITITIHIH KallblHa
kenyi (HRR) sxykTeMenieH KeiiHT1 MyJIbCTiH TOMEH/ICY KbULIAM/IBIFbI, CIIOPT (HU3HOIOTUSICHIH/IA
TAHBUIFAH KaJIbIHA KeJy KepceTkimii, o Fithit koceimMIaceina naiijananybiFa KOpCeTiIMeH/Ii.
PMData amsix nepexkopsinga 2019 sxputrel Kapamanas 2020 xbUTFbl HAypbI3Fa JEHIHTT Ke3eH e
16 oyeckoil KaTblcymiblHBIH 1757 KyHOIK »ka3z0ackl cakTaimFaH. OCbl JepeKTeperi Iyibe
KOPCETKIIITEepiHEH OyJ1 IepeKTep KUBIHTBIFBI YIIiH, 013/11H OlLTyiMi3Ile, anFall peT 772 KaTTbIiFy
CEaHCHIHBIH (495-1 xapaM/Ibl HOTHKEMEH ) opKaiickichiHaH KeiliH HRR60 ecenrreni, connaii-ak o
Ridge, Random Forest, Gradient Boosting perpeccuscei men Leave-One-Participant-Out
BAIMJAIMACHIHA TalJalaHylIblFa OYphIHHAH KOPIHETIH KOPCETKIIITEpACH ThIC IailbIHABIK
0oypKaMbIHA KYHJBUIBIK KOCATBIHBI TEKCEepiaal. AOSIUSIIBIK TECT Te, OeNriuiepAiH aybICThIpY
MaHbI3JIUIBIFBl J1a, COJI KYHT1 HeMmece Kejeci KYHI1 JNaibIHABIKIEH TiKeJded Koppensuus aa
CEe3UIEepiK JNIIK ©CIMIH KOPCETKeH XKOK. Dbyl KHUIIeTIH KYpBUIFBUIAPABIH «KACBIPBIH»
KOPCETKIIITEpiHE JETeH achblpa YMITTEHYAl TEKEHTIH HOTIKE >KOHE MYHJal TuIoTe3ajgapibl
a0JALMSIIBIK TEKCEPYI€H OTKI3Yy KaXKETTITH KOpCeTe/l.

Tyiiin ce3mep: heart rate recovery; sxaTTbliFyFa JallbIHABIK, KUUICTIH KYPBUIFBLIAP;
MAIIMHAIIBIK OKBITY; JKaTTBIFy KYKTEMECI.
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