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AI-based prediction of VO2 max from 24-h
Holter ECG recording
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Cardiovascular (CV) deconditioning is a consequence of spaceflight, characterized by functional and
structural changes in the heart and blood vessels due to prolonged exposure to microgravity. These
adaptations lead to a noticeable reduction in exercise capacity, particularly evident in alterations of
maximumaerobic power (VO2max [mL/kg/min]). This work explored the hypothesis thatmicrogravity-
induced CV deconditioning could be anticipated through information derived from a non-exercise
longitudinal 24-h Holter ECG recording, thereby offering a means for its regular monitoring in space.
Pooled data acquired at baseline and at the last day of six Head-Down Tilt bed rest campaigns of
different durationwereutilized to test this hypothesis.Machine Learningmodelsweredevelopedusing
multiple features to predict VO2 max after deconditioning. Obtained results showed good prediction
accuracy (RMSE < 5mL/kg/min) demonstrating the potential of this approach to identify VO2 max
deterioration during bed rest, with possible applications in real world space environments and clinical
settings.

Cardiovascular (CV) deconditioning is a well-recognized consequence of
microgravity exposure during spaceflight. It is characterized by altered CV
dynamics, remodeling, and autonomic nervous system adaptations1,2,
increasing the risk of adverse CV outcomes during and after spaceflight and
planetary operations. It manifests as reduced exercise capacity and ortho-
static tolerance3,4, potentially impairing performance in demanding tasks
such as extravehicular activities or emergency situations5. This also poses
additional risks duringpartial gravity restoration after a long-duration space
travel, such as planetary landing, where great gravitational forces could be
reached3. Predicting the onset and severity of CV deconditioning is crucial
for evaluatingmission feasibility6 and defining risk thresholds for physically
demanding tasks to ensure astronaut safety andmission success3. However,
the large inter-individual variability in CV andmusculoskeletal response to
spaceflight7 highlights the need for personalized and predictive risk
assessment methods.

A key indicator of aerobic capacity and CV health is maximal oxygen
consumption (VO2 max), representing the highest rate of oxygen uptake
during maximal exertion8. VO2 max is typically measured through an
incremental exercise on a treadmill or a cycle ergometer, with the intensity
gradually increasing until the participant reaches the maximum effort or
exhaustion9. Themaintenance of aerobic fitness during spaceflight depends
on both pre-flight and in-flight factors, including nutrition and exercise

countermeasures10,11. Observations from 9- to 17-day Shuttle and Spacelab
showed VO2 max reductions from 10.4% to 22%12,13. Interestingly, during
longer missions (168.6 ± 19.2 days), the decline appeared non-linear with
mission duration14, reaching a plateau within several week15.

Conducting a VO2 max assessment during spaceflight is costly and
time consuming. The current in-flight Periodic Fitness Evaluation (PFE) on
the International Space Station uses a submaximal four-stage (5min each)
cycling test at 25%, 50%, 75%, and25%ofpre-flightVO2max, performedon
NASA’s Cycle Ergometer with Vibration Isolation System, typically on
flight day 15 and every 30 days thereafter16,17. VO2 max changes are then
estimated, rather than directly measured, as linear extrapolation of heart
rate-oxygen consumption relationships, with limitations in its individual
accuracy18.

Recently, variousmachine learning (ML)models have been developed
to predict VO2 max from exercise, non-exercise, or hybrid tests19,20.
Exercise-based models, whether maximal or submaximal, are accurate but
time- and resource-demanding21, while non-exercise models rely on ques-
tionnaires assessing perceived fitness. ML algorithms such as Multiple
Linear Regression (MLR), Support Vector Machines (SVM), Multi-Layer
Perceptron (MLP), and Artificial Neural Networks (ANN) have been
applied20, and wearable-sensor approaches have also been explored using
ECG, seismocardiogram, or blood pressure data22.
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However, few studies have estimated VO2 max from resting ECG-
derived heart rate variability (HRV) features23, which could offer a simpler,
exercise-free, and cost-effective alternative, and in this perspective Holter
24-h ECG recordings could represent a valuable tool.

Building on our previous evidence linking microgravity-induced
deconditioning to cardiac electrical activity changes24–26, this study hypo-
thesized that features derived from 24-h ECG recordings could predict
microgravity-induced VO2 max changes compared to baseline. Our aim
was therefore to develop and compare ML models to predict the VO2 max
from non-exercise 24-h ECG recordings obtained in the context of head-
down (-6°) tilt (HDT) bed rest studies, a validated ground-based analog of
microgravity inducing cardiac deconditioning. Specifically, the VO2 max
prediction after HDT was based on BMI, age, and ECG-derived features
measured at baseline (i.e., before HDT started) and at the last day of HDT,
together with the VO2 max measured at baseline.

Results
Predictive models comparison
Results are reported as median (25th percentile; 75th percentile). Among
the different tested pipelines, theAdaBoost Regressor (ABR) andRandom
Forest Regressor (RFR) showed lower VO2 max prediction errors, with
ABR providing the lowest Mean Absolute Percentage Error (MAPE),
Symmetric MAPE (SMAPE), Mean Absolute Error (MAE) and Root
Mean Squared Error (RMSE) (Table 1). Accordingly, ABR was therefore
selected for further analyses. In particular, it resulted in a SEE of 5.24 [4.40;
6.11] mL/kg/min (SEE adjusted23 = 8.24 [6.85; 9.82] mL/kg/ min), and an
r2 of 0.57 [0.51; 0.65]. Interestingly, as reported in Table 2, prediction
performance progressively worsened with increasing HDT duration
(from 5 to 60 days) across all metrics, regardless of the campaign facility.

Feature importance and classification performance
Feature importance analysis on the ABR results (Fig. 1) indicated that
baseline VO2 max value was the most influential predictor along with the
delta features relevant to the QT interval and T wave morphology, repre-
senting changes in parameters between post- and pre-HDT recordings. The
proposed a-posteriori classification (Table 3) of the subjects based on VO2

max classes, as defined in ref. 27, also achieved good performance: binary
classification achieved 78% accuracy, >96% recall, and >77% precision,
while three-class classification reached 71% accuracy, >75% recall, and
>60% precision.

Discussion
This study demonstrates the possibility to successfully predict VO2 max,
after cardiovascular deconditioning induced by HDT bed rest, using ML
models trained with features derived from non-exercise longitudinal (at
baseline and at the last day of HDT) 24-hour Holter ECG recordings, BMI,
age and baselineVO2max, holding potential application of this approach in
both real world and space environments. Specifically, the model is fed with
multiple ECG-based features including trends, nonlinear and geometrical
indices, frequency- and time-domain HR and QT variability, and circadian
parameters, and achieves VO2 max prediction accuracy comparable to

exercise-based methods. To our knowledge, this is the first application of a
non-exercise approach potentially suitable formonitoring aerobic fitness in
space. A standardized dataset we collected over 15 years from six ESAHDT
campaigns of varying duration and countermeasures was used for its
development, thus capturing different degrees of deconditioning.

Among the tested ML techniques, ABR achieved the best overall
performance, with a median RMSE of 4.87mL/kg/min, further reduced
when considering the 5-day HDT campaigns, representing approximately
40% of the total study population. These results confirm that an ensemble
approach such as ABR, based on combining multiple “weak” learners,
could effectively result in an improved prediction accuracy28. These results
are comparable to ML models that include exercise data. For example,
combining maximal and submaximal treadmill data (HR, grade, speed)
from 100 healthy subjects with two questionnaires (Q-PFA and Physical
Activity Readiness), it yielded an RMSE of 2.92mL/kg/min using SVM29.
Similarly, in a study30 conducted on 98 subjects, adding treadmill para-
meters to demographic and physiological variables improved RMSE from
8.3 to 4.51mL/kg/min using Generalized Regression Neural Networks.
Materko et al.23. predicted VO2 max using HRV features from 10-minute
supine resting ECG in 70 young, physically active male students
(age 19–29), achieving a SEEadj of 4.40mL/kg/min (i.e., approximately half
compared to ourmodel) with 76% explained variance, hence within a very
narrowVO2max range (39.5–43.7ml/kg/min, 95% confidence interval, all
subjects in Class 3 as defined in ref. 27), thus limiting its generalizability. In
contrast, our study considered a larger (148 male subjects) and more
heterogeneous cohort (age range 20–45 years old) covering the full VO2

max spectrum (all Classes from 1 to 7 as proposed in ref. 27, see Fig. 2 and
Supplementary Table 1). This population exhibited high inter- and intra-
subject variability, altered circadian rhythms, and progressive CV adap-
tations, inherently increasing prediction uncertainty. Furthermore, the
SEEadj has been defined as a less suitable metric than SEE31, and the SEE
valueswe obtained (5.24mL/kg/min) remain comparable to both exercise-
based (2.8–7.10mL/kg/min)31–33 and non-exercise (3.36mL/kg/min)
models34. As additional comparison, consumer wearables relying on rest-
ing HRV features show higher errors (up to ±30.5 mL/kg/min35) in esti-
mating VO2 max, confirming the robustness of our approach.

Binary classification confirmed the expected shift in the number of
subjects fromnormal to sub-normalVO2maxafter bed rest, also reflected in

Table 1 | Performance metrics obtaine×d in the tested different regression models

Regressor SVR KNR DTR RFR ABR

MAE (mL/kg/min) 5.34 [4.63; 5.90] 5.63 [3.90; 5.94] 5.97 [5.41; 6.65] 4.58 [3.97; 4.79]a,b 4.15 [3.43; 4.51]a,b,c

MAPE (%) 14.62 [12.71; 15.73] 16.11 [10.79; 17.10] 16.19 [15.37; 17.33] 12.47 [10.86; 14.52]a,b 11.33 [9.68; 13.39]a,b

SMAPE(%) 7.08 [5.97; 7.89] 7.58 [5.20; 7.82] 8.11 [7.59; 8.91] 6.08 [5.31; 6.90]a,b 5.44 [4.66; 6.37]a,b

RMSE(mL/kg/min) 6.71 [6.08; 7.98] 6.88 [5.42; 7.42] 8.05 [6.77; 8.62] 5.72 [4.70; 5.99]a,b,c 4.88 [3.97; 5.58]a,b,c

MAEmean absolute error, MAPEmean absolute percentage error, SMAPE symmetric mean absolute percentage error, RMSE root mean squared error, SVR support vector regressor, KNR K-nearest
Neighbor Regressor, DTR decision trees regressor, RFR random forest regressor, ABR adaboost regressor.
avs KNR.
bvs DTR.
cvs SVR (Friedman, p < 0.05, post-hoc Wilcoxon signed-rank test with Hochberg correction).

Table 2 | Evaluationmetrics of theAdaBoostRegressor onVO2
max predictions grouped by HDT campaign

Metrics DLR
5-day

MEDES
5-day

DLR
21-day

MEDES
21-day

DLR
60-day

MEDES
60-day

MAE (mL/kg/min) 3.45 2.90 3.97 4.16 5.62 4.62

MAPE (%) 7.38 7.38 9.02 13.28 19.06 16.80

SMAPE (%) 7.79 7.51 9.09 12.57 16.32 15.02

RMSE (mL/kg/min) 4.23 3.34 5.26 4.98 7.57 5.37

MAEmean absolute error,MAPEmean absolute percentage error, SMAPE symmetric mean
absolute percentage error, RMSE root mean squared error.
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the three-class analysis with fewer “good/excellent” subjects. Applying these
a-posteriori classifications to ABR predictions showed high precision (0.96)
and recall (0.96) in classifying subjects in class B1 (i.e., “fair” to “excellent”).
These results confirm a potential application of such predictive model in
astronauts during spaceflight: a B1 classification could be interpreted as a
reliable estimate for a normal VO2 max level, thus suggesting skipping the
routine in-flight PFE protocol. Conversely, A1 subjects would still require
assessment to confirm sub-normal VO2 max.

Interestingly, the observed reduced prediction accuracy in longer
(60-day) HDT campaigns may be partly due to the larger temporal gap
(4–5days) between theHolter ECGacquisition at the endof bed rest and the
VO2 max assessment after bed rest, compared to shorter campaigns
(1–2days). This delay could have created amismatchbetweenECG-derived
features feeding the model and the measured VO2 max.

Feature importance analysis evidenced thatΔ features compared to the
baseline value, together with basal VO2 max, had a predominant role in
predicting post-HDT VO2 max. Among these, repolarization-related fea-
tures such as T-wave amplitude and QT-corrected correlation dimension,
and the zero-amplitude test p-value for the Cosinor analysis performed on
QT-relatedparameters reflecting circadian rhythmstrength, emerged as key
predictors.

The T-wave amplitude has been shown to correlate with various
variablesmeasured on a standard stress test in healthy individuals, and thus
it has been proposed as a marker of physical fitness36. Altered T-wave
morphology and complexity (e.g., QRS-T angle and gradient) have been
linked to increased risk of life-threatening arrhythmia37. In control groups of
bed rest studies, we previously observed how 5-day HDT caused reduced
T-wave amplitude/area, likely due to hypovolemia and autonomic
changes38, while 60-day HDT induced night-time T-wave alternans, sug-
gesting repolarization instability24.

T wave changes are sensitive to potassium levels, with hyperkale-
mia producing peaked T-waves and hypokalemia causing T-wave
depression or inversion39,40. Circadian rhythms, strongly regulating
potassium homeostasis including urinary excretion41, can be disrupted
by bed rest or microgravity42,43, thus altering electrolytes, hydration, and
calcium/potassium balance, making potassium a key element in space
nutrition44. As we previously shown26, in subjects undergoing HDT as
control group the amplitude of day-night RR and QTend oscillations
decreased from 5-days to 60-days HDT, with no recovery and antici-
pated acrophase. Conversely, when gravity was restored, differences
between the last day of the HDT and R+ 0 in RR, QT, and their cir-
cadianity were significant for all HDT durations, and even more
markedly in the 60-days HDT campaigns, with QTc even exceeding the
450 ms normality threshold45.

The QT-corrected correlation dimension features, measuring the
complexity of autonomic modulation of ventricular repolarization through
nonlinear assessment ofQTdispersion, also seemed toplay a significant role
in fitness level prediction. This aligns with evidence of an inverse relation-
ship between HRV and QT dispersion, suggesting that reduced variability
may reflect autonomic imbalance46,47.

Fig. 1 | Features importance. Histogram displaying the frequency of the most
common features extracted from the ECG signals for VO2 max prediction in the
AdaBoost Regressor. The features are ranked by their occurrence in the feature

selection process, with the value of baseline VO2 max, and the T amplitude at night
and in the 24-h, in leading positions.

Table 3 | Average out-of-sample performances across the 10
test folds of a-posteriori subjects’ classifications using ABR

Metric Classification Method Classes (mL/kg/min) Result

Accuracy Binary Classes A1, B1 0.78 [0.74; 0.92]

Three-class Classes A2,B2, C2 0.71 [0.66; 0.79]

Recall Binary Class A1 0.96 [0.80; 1.00]

Class B1 0.97 [0.87; 1.00]

Three-class Class A2 0.96 [0.57; 1.00]

Class B2 0.89 [0.64; 0.97]

Class C2 0.75 [0.00; 1.00]

Precision Binary Class A1 0.77 [0.45; 0.98]

Class B1 0.96 [0.80; 1.00]

Three-class Class A2 0.77 [0.45; 0.98]

Class B2 0.73 [0.60; 0.78]

Class C2 0.60 [0.00; 0.66]

Classification labels correspond to VO2 max classes in mL/kg/min, as defined in ref. 27. Binary
classification: A1, “very poor” and “poor” classes; B1, “fair” to “excellent” classes. Three-class
classification: A2, “very poor” and “poor”; B2, “fair” and “average”; C2, “good” to “excellent”.
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Although the relationship between T wave morphology and VO2

max is not fully established, this work supports its possible correlation
with the previously observed HDT-induced changes in ventricular
repolarization and underlines the potential role of circadian rhythm
entrainment in maintaining physiological and fitness homeostasis.
Nevertheless, predicting VO2 max values appeared more challenging
after longer HDT. Previous studies on the control group of the same
population showed that, after initial abrupt changes in cardiac electrical
features, a new homeostasis is reached with HDT prolongation26. This
suggests that the progressive, although non-linear, decline in exercise
capacity cannot be fully explained by cardiac electrical variability alone.
The interplay of the alterations, or adaptations, of cardiac electrical and
structural adaptations48–50, vascular remodeling51, fluid redistribution
and plasma volume loss52,53, in turn connected with hypovolemia52 and
hypokalaemia53, could play a significant role in improving the prediction
of in-flight astronauts fitness.

An important limitation of this study is the inclusion of only male
participants in the training and test of our model, dictated by data avail-
ability, which limits the generalizability of our findings. Gender differences
in cardiac function and exercise capacity suggest that the mechanisms
underlyingVO2maxmayvary betweenmales and females54, and in turnCV
responses to deconditioning and VO2 max dynamics could differ between
genders due to physiological and hormonal factors. Future research aiming
to include bothmale and female participants would be beneficial to explore
potential sex-specific differences in ECGpredictors of aerobic capacity, thus
improving a broader applicability of this approach.

In conclusion, this studydemonstrates thatVO2maxdeteriorationdue
to cardiovascular deconditioning induced by HDT bed rest can be reliably
predicted fromexercise-free longitudinal 24-hHolter ECG recordings using
ML approaches. The proposed test-agnostic approach achieved accuracy
comparable to exercise-based prediction models, while avoiding the logis-
tical and physiological constraints of in-flight testing. Such results could
make it suitable for bothastronautmonitoringduring long-termmissions as
well as for terrestrial medicine, in contexts in which exercise protocols
cannot be performed (bedridden patients, under physical rehabilitation, in
intensive care). In future spaceflight applications, VO2max prediction from
longitudinal 24-h ECG recordings could help anticipating fitness decline,
personalizing exercise countermeasures, and reducing the need for routine
PFE testing. Further validation in real space conditions, integration with
wearable ECGs, and inclusion of additional physiological markers will help
optimize this approach.

Methods
Study population and design
The data used in this study were collected during six HDT bed rest
campaigns conducted between 2010 and 2018, as part of the European
Space Agency (ESA) bed rest strategy. These included two short-
duration (5 days), two mid-duration (21 days), and two long-duration
(60 days) studies, conducted at the Institut de Médecine et de Physio-
logie Spatiales (MEDES) in Toulouse (France), or at the German
Aerospace Center (Deutsches Zentrum für Luft- und Raumfahrt e.V,
DLR) in Cologne (Germany). Each campaign, and relevant experiments
conducted within, received approval by the respective Ethical Com-
mittee for Human Research at each of the hosting institutions. In all the
six HDT bed rest campaigns, an only-male healthy population was
recruited. Inclusion criteria comprised physically and mentally healthy
subjects aged 20–45 years, able and willing to participate in the entire
study, and to be randomly assigned to either the treatment or control
group. All participants required to successfully pass psychological and
medical screening, providewritten informed consent, and be covered by
social insurance. The complete list of inclusion and exclusion criteria as
defined in ESA guidelines55 is reported in Supplementary Table 2. Short-
and mid-duration HDT campaigns were randomized cross-over stu-
dies, with each subject completing HDT two (DLR 21-day) or three
times (DLR 5-day; MEDES 5- and 21-day), once as control and the
others with applied countermeasures. Long-duration campaigns were
multi-group, with each subject undergoing HDT once, assigned ran-
domly to control or countermeasure.

For this analysis, each participant in an HDT session, regardless of
control or countermeasure allocation, was treated as a unique subject (i.e., a
subject repeating three times the HDT will be considered as three distinct
subjects). Each study includedabaselinedatacollection (BCD)phaseduring
acclimatization, a HDT bed rest period, and a recovery phase. Wake and
sleep times were fixed for all campaigns. For a detailed description of the
design relevant to each campaign, please refer to the Supplementary
Material provided in ref. 26. Participant’s age and body mass index (BMI)
are summarized in Table 4, along with the number of subjects that were
excluded due tomissing or low-quality data. In addition, the distribution of
the VO2 max values in the population at both baseline and after HDT bed
rest is presented in Fig. 2.

For each campaign and repetition, subjects completed a VO2 max test
during BDC and one during recovery. VO2 max was assessed using an
incremental cycle ergometer test, startingwith a 5-minute baseline, followed

Fig. 2 | Distribution of VO2 max. Distribution of
VO2 max values measured at BDC and at the end of
HDT bed rest in the whole study population.
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by workload increases of 25% every 5min, and then 25W/min until
exhaustion55. Additionally, 12-lead 24-h Holter ECG recordings (fs =
1000Hz, H12+ Mortara Instrument Inc.) were recorded for each subject
during BDC as well as short before the conclusion of the HDT. The VO2

max test was never part of the 24-h Holter ECG monitoring period. In
particular, during the BDC phase, the VO2 max test was performed from 1
to 3 days after the Holter recordings, except in the DLR 5-day campaign
where theVO2max testwas performed2 days before theHolter. During the
recoveryphase, theVO2max testwas performed indifferentdays, according
to the bed rest campaign: on the same day of bed rest discontinuation
(R+ 0) for MEDES 5-day campaign, or one day after (R+ 1) otherwise.
The correspondingHolter ECG recordings were collected on the last day of
HDT for the 5- and 21-day campaigns, or on HDT57-58 for the 60-day
campaigns.

A total of 148Holter 24-hECGrecordings at BCDandat the end of the
HDTwere available formodel development, togetherwith age,BMI, and the
respective results of the VO2 max test in terms of mL/kg/min, provided by
ESA as part of the Core bed rest data. The distribution of the subjects in
respect to their cardiovascular fitness classes based on their age and VO2

maxmeasured at bothBDCandPOST, following the classificationnorms as
presented in ref. 27, is reported in Supplementary Table 1.

Signal pre-processing and features dataset creation
The workflow of themethod developed in this study, presented hereafter, is
schematized in Fig. 3(a: signal pre-processing and features extraction; b:
regression framework).

Beat-to-beat series from the 24-h ECG signal were extracted using the
proprietary Mortara Instrument research software SuperECG56, including
RR, QT and QT corrected (using Bazett57, Fridericia58, Framingham59 and
Hodges60 formulae) intervals, T wave maximum downstroke velocity
(Tslope), mean T wave amplitude along the first principal component axis
(Tamp) and T wave symmetry (Tsymm), computed as:

Tsymm ¼ Tp � Tu

� �
= Td � Tp

� �
ð1Þ

where Tu is the point of maximum upward velocity on the T wave, Tp is the
Twave peak, Td is the point ofmaximumdownward velocity on theTwave.

Fig. 3 | Features extraction workflow. aWorkflow diagram of the regression fra-
mework for estimating VO2 max using machine learning algorithms. The process
begins with the collection of 24-h Holter ECG and VO2 max reference data. Signals
undergo processing and features extraction. These data are then split into training

(Xtrain, Ytrain) and test (Xtest, Ytest) sets; (b) The pre-processing phase includes
outlier identification, imputation of missing values and outliers, feature scaling, and
feature selection. Finally, a regressor is applied to predict VO2 max, with perfor-
mance evaluation conducted using the test set.

Table 4 | Summary of details relevant to the retrospectively studied population pooled from different ESA HDT bed rest
campaigns

Campaign
(Acronym)

Year Total population Excluded
Subjects

Age (years) BMI
(kg/m2)

MEDES
5-day (BRAG)

2010 36 (12 ×3) 4 32.8 [32;38]
range: 21–41

23.7 [23.1; 25.1]
range: 19.5–27

DLR
5-day (SAG)

2010-2011 30 (10 ×3) 1 29.6 [25.3;31.3]
range: 23-44

24.4 [23.4;25.1]
range: 22.5-26.8

MEDES
21-day (MNX)

2012-2013 36 (12 ×3) 7 35.8 [29.2;41.9]
range: 20-45

22.5 [20.8;23.8]
range: 19–27.9

DLR
21-day (MEP)

2011-2012 20 (10 ×2) 1 31.5 [28.3;36.2]
range: 23–43

23.7 [22.2;25.0]
range: 21.1–25.9

MEDES
60-day (Cocktail)

2017-2018 20 2 34.2 [27.8;41]
range: 20–45

23.8 [22.6;25.3]
range: 21.1–27.7

DLR
60-day (RSL)

2015-2016 23 2 29.1 [25;33.8]
range: 21–42

23.5 [22.1;25.1]
range: 19.6–26.3

Age and BMI are reported as median [25th percentile; 75th percentile], as well as with ranges.
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In addition, trend series of PR interval, P wave duration, QRS duration
andTwave complexity (computed as the ratio of the second eigenvalue to the
first) were computed over 5-min periods with 4min overlap. Beat-by-beat
and trend series were processed to remove outliers as described in ref. 26.

Frequency-domain, time-domain, geometrical, and non-linear HR
andQT variability parameters, were additionally computed61 (see ref. 62 for
further details).

Subsequently, circadian rhythm’s features were derived from beat-by-
beat, trend, and hourly variability parameters using the Cosinor Analysis63,
resulting in the Midline Estimating Statistic Of Rhythm (MESOR), oscil-
lation amplitude (OA) and the acrophase (ϕ). A zero-amplitude test
(p < 0.05) was also applied to confirm rhythmicity.

Finally, repolarization heterogeneity parameters and their rela-
tionship with the RR interval were computed over the night period, as
described in ref. 38. Specifically, the RTend and RTp intervals, the
amplitude and area of the T wave, and QRS gradient and angle,
reflecting the difference in depolarization/repolarization propagation
directions64, were calculated.

The computed parameters were used to build the features dataset for
VO2 max prediction. Specifically, for beat-by-beat, trend and hourly-
computed parameters, the median value, inter-quartile range, and the 5th
and 95th percentiles were computed over day, night, 24-h, and for the first
15min after awakening. Features were extracted from each subject both at
BDC and at HDTlast, and their percent difference (Δ%) was computed as:

Δ% ¼ HDTlast � BDC
� �

=BDC
� �

× 100 ð2Þ

and considered as a feature. Age, BMI, and baseline VO2 max were also
added, yielding a final dataset of 148 samples with 1086 features each.

VO2 max prediction approach
Starting from the extracted features, several pre-processing steps were
performed, including outliers identification, missing values imputation,
feature scaling and feature selection, coupled with a VO2 max regression
model. Given the possibility of residual missing data after outlier removal,
the K-Nearest Neighbor (KNN) imputation method was applied. Both
centering and scaling were conducted individually for each feature. To
manage the high dimensionality relative to sample size, cross-validated
Lasso regression (LARS algorithm with L1 regularization) was employed,
ensuring robustness against overfitting65.

On the resultingdataset, the following regressionmodelswere evaluated
and compared: Support Vector (SVR), K-nearestNeighbor (KNR),Decision
Trees (DTR), and Random Forest (RFR) and AdaBoost (ABR) ensemble
methods, considered for their ability to combine predictions of several base
estimators28, thus improving generalization and robustness over a single
estimator. The regressor achieving the highest performance (i.e., ABR, see
Table 1) during comparative evaluationwas selected for subsequent analyses,
including feature importance assessment. Finally, two a-posteriori classifi-
cation schemes basedonVO2max for each subjectwere applied basedon the
classes described in ref. 27: (i) binary classification (Class A1: “very poor/
poor” vs. Class B1: “fair–excellent”) and (ii) three-class classification (Class
A2: “very poor/poor”, Class B2: “fair/average”, Class C2: “good–excellent”).

Experimental procedure
To train and evaluate the regressionmodels, nested Cross-validation (CrV)
was applied. The dataset was divided into 10 folds for the purpose of outer
loopCrV. In eachouter loop, the training datawere further split for an inner
loop, where a grid search (3-fold) optimized the hyperparameters. The
selected model was then tested on the corresponding outer fold. Model
performance during the grid search was evaluated using theMeanAbsolute
Percentage Error (MAPE):

MAPE y; ŷ
� � ¼ 1=n

� �Xn
i¼1

ðyi � ŷiÞ=ðyiÞ
�� ��× 100 ð3Þ

where n is the number of samples, ŷi is the predicted value of the i-th sample
and yi is the corresponding true value.

To enhance the representation of the minority class, offline data aug-
mentation was carried out by introducing Gaussian noise to the original
samples, ensuring amore balanced dataset. The list of the optimized hyper-
parameters during the validation strategy, KNN imputation and feature
selection is summarized in the Supplementary Table 3.

Evaluation metrics and statistical analysis
The performances of the different proposed pipelines on unseen data were
evaluated in terms of Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), Mean Absolute Percentage Error (MAPE), and Symmetric
Mean Absolute Percentage Error (SMAPE). MAE, SMAPE, and RMSE are
defined as follows:

MAE y; ŷ
� � ¼ 1=n

� �Xn
i¼1

ðyi � ŷiÞ
�� �� ð4Þ

SMAPE y; ŷ
� � ¼ 1

n

� �Xn
i¼1

yi � ŷi
� ��� ��=ðjyij þ jŷijÞ× 100 ð5Þ

RMSE y; ŷ
� � ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1=n
� �Xn

i¼1
ðyi � ŷiÞ
�� ��2q

ð6Þ

Statistical analysis was performed to compare the results from the
different pipelines (Friedman, p < 0.05, post-hocWilcoxon signed-rank test
with Hochberg correction). Additionally, for the best pipeline, the MAE,
MAPE, SMAPE, and RMSE were computed for each HDT campaign
separately, to assess the potential impact of the HDT duration and of the
HDT facility on the prediction performance.

For the model that yielded the best prediction results, the global
Standard Error of the Estimate (SEE) was calculated as follows, to allow
comparison with previous work:

SEE y; ŷ
� � ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1
ðyi � ŷiÞ
�� ��2� �

= n� 2ð Þ
r

ð7Þ

SEEadj y; ŷ
� � ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1
ðyi � ŷiÞ
�� ��2� �

= n� 2ð Þ
r

× 1=r2
� � ð8Þ

where r2 is the coefficient of determination. For the a-posteriori
classification, accuracy, recall, and precision were computed for each class
across the 10 cross-validation test folds.

Data availability
The datasets generated and analysed during the current study are not
publicly available due to agreements with the European Space Agency
(ESA), as they were collected during ESA campaigns. However, they are
available from the corresponding author upon reasonable request, subject to
ESA's data access policies.

Code availability
The underlying code used to analyse the data is not publicly available but
may be made available to qualified researchers on reasonable request from
the corresponding author.
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