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context. The dataset comprises 99 participants (one session each) with
fatigue labels derived from the Karolinska sleepiness scale (KSS), where
the primary label (K1) defines non-fit as KSS > 7. A subject-independent
logistic-regression model was trained under a leave-one-subject-out (LOSO)
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Leave-one-subject-out using the Brier score. The model achieved ROC-AUC =0.687 (95% confidence
Pre-driving fatigue screening interval: 0.591-0.776), PR-AUC =0.621, and a Brier score of 0.200. At
Probability calibration the operating threshold ¢ = 0.255, the model achieved sensitivity of 1.000
Short-term heart rate variability with no false negatives, while specificity remained 0.091 (95% confidence
Subject-independent validation interval: 0.030-0.140). Reliability analysis indicated reasonable calibration

in the operational probability range. These findings support short-term HRV
derived from ECG as a screening tool that prioritizes avoiding missed non-fit
cases, paired with a triage scheme (fit/review/non-fit) to manage uncertainty near
the decision threshold. Future work should incorporate ECG morphology and
signal quality cues and aim to improve specificity without sacrificing sensitivity.
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1. INTRODUCTION

Road traffic crashes remain a major global public health burden, accounting for approximately
1.19 million fatalities annually according to the 2023 World Health Organization (WHO) report [1]. Fatigue
and drowsiness substantially increase crash risk, with meta-analyses reporting odds ratios around 1.3 and
up to 18% of fatal crashes in the United States attributed to drowsiness [2]-[6]. Recent studies indicate that
wearable-derived physiological signals, particularly heart rate variability (HRV) from electrocardiogram (ECG)
and photoplethysmography (PPG) sensors, are feasible for real-world fatigue screening [7]-[9]. Short sleep
duration (<6-7 h) is consistently linked to increased crash risk [10], underscoring the need for rapid, low-cost,
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and non-invasive pre-driving screening tools.

Physiologically, HRV reflects autonomic nervous system modulation and has been widely studied
in relation to fatigue and reduced alertness [11]. In practical settings, ECG recordings are often limited to
10-30 second. Evidence from ultra-short-term HRV studies suggests that selected time-domain features, such
as root mean square of successive differences (RMSSD), can approximate longer recordings under resting
conditions [12]-[18]. Consequently, HRV-based screening requires rigorous RR-interval quality control,
transparent reporting of signal limitations, and conservative evaluation strategies. Methodologically, prior work
often overlooks strict subject-independent validation (e.g., leave-one-subject-out (LOSO)) [19] and systematic
probability calibration using reliability diagrams, Brier scores, and confidence intervals [6], [20]-[23]. Recent
studies further emphasize adaptive calibration strategies to enhance probabilistic reliability under dataset shift
and limited-sample conditions [24]-[26].

Recent multimodal driving datasets highlight the value of integrating wearable-derived biomarkers
within fatigue research [27]. Motivated by accessibility and low cost, 30-second single-lead ECG reports from
smartwatches in PDF format was utilized. The pipeline converts ECG PDFs into fixed-resolution images,
extracts the signal region of interest, removes textual artifacts, and calibrates time and amplitude using the
printed grid, enabling ultra-short-term HRV extraction from field data. To support operational screening,
explicit RR-interval quality control, probability calibration, and uncertainty reporting are incorporated.
Cross-subject generalization is ensured using LOSO evaluation. This study proposes a pre-driving fatigue
screening framework based on smartwatch-derived HRV, emphasizing high recall and a three-class triage
scheme (fit/review/non-fit) for risk-aware decision making in safety-critical contexts.

2.  RELATED WORK

Recent reviews have examined the relationship between HRV and multidimensional fatigue or
driver alertness, reporting consistent trends for indices such as RMSSD alongside substantial inter-individual
variability [11], [22]. Driver-centered studies have further linked HRV features from wearable ECG and PPG
sensors to drowsiness and fatigue detection in controlled and real-world settings, supporting HRV as a practical
marker for pre-driving screening [7]-[9]. Evidence from ultra-short-term HRV studies indicates that RMSSD
and selected time-domain indices derived from 10-30 second segments can reasonably approximate standard
5-min HRV under resting conditions [12]-[18]. Comparisons between ECG and PPG highlight the scalability
of wearable PPG and its susceptibility to motion artifacts and physiological biases, emphasizing the need for
conservative feature selection and quality control [28]-[30]. Recent investigations further confirm the validity
and reliability of ultra-short-term HRV metrics across diverse populations and recording conditions, while
underscoring their sensitivity to signal quality [31].

In biosignal-based machine learning (e.g., electroencephalography (EEG), ECG, and brain-computer
interfaces (BCI)), LOSO validation is widely recommended to prevent identity leakage and to obtain
conservative estimates of cross-subject generalization, with prior studies reporting substantial discrepancies
between within-subject and LOSO-based evaluation [18], [19], [28]. In safety-critical applications, predictive
accuracy alone is insufficient, and well-calibrated probabilities are essential. Accordingly, recent studies
recommend routine reporting of reliability diagrams, Brier scores, and confidence intervals, particularly for
clinical screening tasks [6], [17], [20]-[23], [29], [32], [33]. Advances in adaptive and temperature-based
calibration further emphasize robustness under distributional shift and limited sample sizes [24]-[26], [33].
Best practice for physiological screening models therefore includes probability calibration, reliability analysis,
and uncertainty estimation via bootstrap-based confidence intervals. Reliable ultra-short-term HRV analysis
additionally depends on rigorous R-peak detection and RR-interval quality control using physiological range
constraints and valid RR-ratio thresholds [14]-[18].

In the sensor domain, prior studies contrast ECG and PPG for short-term HRV estimation, noting that
although large-scale PPG data support population-level monitoring, they are susceptible to motion artifacts and
state-dependent biases [10], [28]. For 10-30 second segments, the literature recommends emphasizing stable
time-domain features and frequency ratios (e.g., RMSSD, standard deviation of normal-to-normal intervals
(SDNN), and low frequency / high frequency ratio (LF/HF)) and favoring simple, well-calibrated models
(e.g., logistic regression) before adopting more complex approaches [12]-[17], [22]. In screening applications,
high-recall thresholding is commonly prioritized; accordingly, best practices include probability calibration,
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reliability analysis, Brier score reporting, and bootstrap-based confidence intervals to ensure transparent risk
assessment [6], [20]-[22]. This framework aligns with recommendations for subject-independent LOSO
evaluation to prevent identity leakage and obtain conservative cross-subject performance estimates [19].

3. METHOD

This section describes the data acquisition, signal processing, feature extraction, model training, and
evaluation procedures used in this study. The overall pipeline is designed to enable subject-independent fatigue
screening from short-duration smartwatch ECG recordings.

3.1. Study design and cohort

This observational cross-sectional study evaluated whether HRV features derived from ECG signals
can classify subjective fatigue into fit/review/non-fit, consistent with prior findings linking autonomic HRV
patterns to fatigue-related states [11], [28]. The dataset comprises anonymized subjects, each contributing
a single ECG recording session with a concurrent Karolinska sleepiness scale (KSS) score. All data were
anonymized prior to analysis and handled in accordance with institutional ethics and privacy requirements.

3.2. Data acquisition and preprocessing

Thirty-second ECG signals from a consumer-grade smartwatch were exported as PDFs and
converted into numeric waveforms (resampled to 250 Hz). R-peak detection was performed using the
Pan-Tompkins algorithm with band-pass filtering (5-15 Hz), moving-window integration (150 ms), and
adaptive thresholdings [13]. RR-intervals were filtered to retain physiological values (300-2,000 ms) and
denoised using a five-neighbor median filter. Signal quality was assessed using RR_VALID_RATIO, with
recordings meeting > 75% retained [12], [23], [28]. All preprocessing steps were implemented in Python
using conservative default parameters suitable for 30 s recordings. Quality control further included inspection
for detection jitter and verification of the absence of double-counted peaks. An example of R-peak detection
and corresponding RR and beats per minute (BPM) distributions is shown in Figure 1. Figure 1(a) shows the
raw ECG, Figure 1(b) shows the band-pass filtered signal (3-25 Hz), and Figure 1(c) shows the integrated
signal with thresholding, applied to 30-second recordings.
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Figure 1. R-peak detection example for subject 1: (a) raw ECG, (b) band-pass filtered signal (3-25 Hz), and
(c) integrated signal with thresholding, applied to 30-second recordings
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3.3. Signal extraction and HRYV feature set

HRYV features were computed from the RR-interval series (time intervals between successive R-peaks
in the ECG signal) per session.

i)  Time-domain features included mean RR interval (MEAN_RR_MS), median RR interval
(MED_RR_MS), standard deviation of NN intervals (SDNN_MS), root mean square of successive
differences (RMSSD_MS), standard deviation of successive differences (SDSD_MS), SDI1
(SDI.MS = RMSSD/\@), SD2 (SD2_.MS ~ +/2-SDNN? —0.5- RMSSD?), triangular
index (TRI_LIDX), pNN20, and pNN50.

ii) Frequency-domain features: the tachogram was resampled to 4 Hz, and power spectral density was
estimated using Welch’s method (npersee < 128). Low-frequency power (LF_PWR, 0.04-0.15 Hz),

high-frequency power (HF_PWR, 0.15-0.40 Hz), total power (TOTAL_PWR, 0.04-0.40 Hz; VLF
excluded), the LF/HF ratio (LF_HF), and normalized units (LF_NU and HF_NU, using a denominator
of TOTAL_PWR — VLF clipped at > 1 x 10~°) were computed. log(LF_HF) (LOG_LFHF) also
computed.

iii) Non-linear and simple dynamics included sample entropy (SampEn), approximate entropy (ApEn), and
linear slopes (RR_SLOPE and BPM_SLOPE) over time.

When multiple segments existed for a given (SUBJECT_ID, SESSION_ID), numeric features were aggregated
using the per-session median, while labels were assigned using the maximum value (OR logic).

3.4. Ground-truth label definitions and threshold policy

The primary label (K1) defined non-fit as KSS > 7. An additional label (K2) defined non-fit as
KSS > 8, or KSS = 7 when signal quality indicators were poor (e.g., low RR valid ratio or abnormal
BPM). Decision thresholds were defined under two scenarios. First, a best-F1 threshold was selected from
the precision—recall curve by maximizing the F1-score. Second, a target-recall threshold (e.g., >80-90%) was
selected by choosing the lowest threshold that achieves the desired recall with the highest possible precision.
To manage uncertainty around the operating point, a three-class triage scheme was applied: samples were
classified as non-fitif p > ¢ 4 ¢, fitif p < ¢t — ¢, and review (borderline) if t — ¢ < p < t + ¢, with ¢ typically
in the range of 0.002-0.005.

3.5. Modeling, validation, calibration, and evaluation

Two classifier families were employed: logistic regression and extreme gradient boosting (XGBoost).
Logistic regression used Ibfgs optimization, class balancing (class_weight=balanced), and 2,000-3,000
maximum iterations to ensure convergence on imbalanced data. XGBoost was configured as a shallow-tree
ensemble (depth 3—4, 350-600 trees, learning rate 0.04-0.07, subsample 0.9-1.0, and colsample_bytree
0.8-1.0), with scale_pos_weight set near the class ratio. All features were standardized using StandardScaler or
RobustScaler. Model evaluation followed a LOSO scheme, in which all sessions from one subject were held
out for testing in each fold, ensuring strictly subject-independent assessment. Out-of-fould (OOF) predictions
were aggregated across folds to enable unbiased performance estimation. Probability calibration was performed
using platt scaling (CalibratedClassifierCV with cv="prefit”), as recommended for small physiological datasets
and high-recall screening tasks [24], [26], [33]. Calibration quality was evaluated using reliability curves
(10 bins) and the Brier score. Performance was assessed using threshold-free metrics (receiver operating
characteristic (ROC)-area under the curve (AUC), precision-recall (PR)-AUC), and decision-level metrics
(recall, precision, Fl-score, specificity, negative predictive value (NPV), and confusion matrix) at the final
operating point. Uncertainty was quantified using subject-level bootstrap resampling (B = 2,000) to compute
95% confidence intervals [30], [31]. Per-subject diagnostics were further analyzed to assess cross-subject
performance stability.

3.6. Uncertainty management and operational procedures

Beyond reporting confidence intervals and calibration curves, operational uncertainty was addressed
using a review zone (¢t — € to ¢ + ¢). Cases within this range were routed to rapid verification (e.g., signal
and artifact checks, KSS reconfirmation, and feature inspection), enabling false positives to be filtered without
compromising safety. The threshold ¢ and margin € can be retuned based on operational requirements and field
trial feedback.
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3.7. Implementation and reproducibility

All analyses were conducted in Python using Google Colab, primarily relying on scikit-learn and
XGBoost. The implementation comprised modular scripts for ECG PDF rendering and signal extraction,
RR-interval detection and quality control, HRV feature computation, subject-independent LOSO training
and evaluation, probability calibration, and post-hoc analyses including bootstrap confidence intervals and
per-subject diagnostics. These practices align with recent recommendations for reproducible and calibrated
biomedical machine learning in small-sample settings [18], [19], [24]. All intermediate artifacts were stored in
a structured directory, with fixed package versions and a global random seed (e.g., 42) to ensure reproducibility.
Figure 2 illustrates the end-to-end pipeline of the proposed system. Starting from 30-second single-lead
smartwatch ECG reports in PDF format, the pipeline performs signal rendering, R-peak detection, RR-interval
cleaning, ultra-short-term HRV feature extraction, and session-level aggregation. A subject-independent
LOSO split is then applied for model training and evaluation, followed by probability calibration. Finally,
a triage-oriented decision layer assigns each session to fit, review, or non-fit categories and outputs structured
prediction summaries.
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Figure 2. Flowchart of the proposed pre-driving fatigue screening method based on HRV analysis

4. RESULTS AND DISCUSSION

This section reports subject-independent experimental results and their implications for
safety-oriented pre-driving fatigue screening. The evaluation is conducted under a LOSO scheme to
ensure cross-subject generalization and avoid identity leakage. We present both threshold-free performance
and operating-point analysis to support risk-aware decision-making.

4.1. Data characteristics

A total of 99 participants with one 30-second ECG recording per participant were analyzed. Subjective
sleepiness was assessed concurrently using the KSS. Only recordings meeting predefined quality criteria were
retained, including RR-intervals within the physiological range of 300-2,000 ms and a valid RR proportion
of at least 75%, to ensure reliable HRV estimation. HRV features summarized substantial inter-individual
variability while remaining within physiological ranges shown in Table 1.

Table 1 summarizes the cohort characteristics and HRV feature distributions. The proportion of
Non-fit labels was 33.3% under the primary definition K1 (KSS > 7) and 25.3% under the stricter definition
K2 (KSS > 8 or KSS = 7 with reduced signal quality), indicating that the positive class constitutes a
minority. HRV features are reported as median [IQR], including time-domain metrics (SDNN, RMSSD,
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SDSD, SD1/SD2, and triangular index), frequency-domain components (LF, HF, total power, LF/HF ratio,
and LFnu/HFnu), and signal quality indicators (number of RR-intervals and valid RR ratio). Overall, the
HRYV features fall within physiological ranges and exhibit substantial inter-individual variability, providing a
representative baseline for subsequent model development and evaluation.

Table 1. Cohort characteristics and HRV feature summary
Overall cohort

Characteristic Value Characteristic Value
Participants, n 99 SDNN, ms [IQR] 91.7 [68.9-149.6]
Sessions, n 1 RMSSD, ms [IQR] 122.0 [88.2-226.3]
Sessions/participant [IQR] 1[1-1] SDSD, ms [IQR] 123.3 [89.0-228.8]
Non-fit (K1), % 33.3% SD1, ms [IQR] 86.3 [62.4-160.1]
Non-fit (K2), % 25.3% SD2, ms [IQR] 89.2 [74.7-135.3]
Heart rate, bpm [IQR] 110.7 [110.3-111.1]  Triangular index [IQR] 4.5 [3.5-8.0]
Mean RR, ms [IQR] 533.0 [518.0-545.7]  LF power, ms2 [IQR] 179.0 [32.6-2095.3]
HF power, ms? [IQR] 1056.6 [282.0-6321.3]
Total power, ms2 [IQR] 1305.8 [335.9-1083.7]
LF/HF ratio [IQR] 0.2 [0.1-0.4]
log(1 + LF/HF) [IQR] 0.2 [0.1-0.3]
LF,u [IQR] 0.1 [0.1-0.2]
HFny [IQR] 0.8 [0.6-0.9]
RR count, n [IQR] 48.0 [45.5-50.0]

4.2. Threshold-free model performance under OOF-LOSO evaluation

We evaluated threshold-free performance using OOF predictions under the LOSO scheme, with
logistic regression (v2) as the primary model for the K1 label Non-fit = KSS > 7). The evaluation focuses on
discrimination (ROC-AUC), minority-class precision (PR-AUC), and probability calibration (Brier score and
reliability curves). The OOF-LOSO evaluation results of the primary K1 model are summarized in Figure 3.
Figure 3(a) presents the ROC curve, indicating moderate discrimination performance with an AUC of 0.687.
Figure 3(b) shows the precision—recall curve with an average precision of 0.621, reflecting the trade-off between
recall and precision under class imbalance. Figure 3(c) illustrates the reliability diagram with a Brier score of
approximately 0.200, demonstrating adequate probability calibration in the operational range.
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Figure 3. OOF-LOSO performance evaluation of the primary K1 model: (a) ROC curve,
(b) precision—recall curve, and (c) reliability diagram with Brier score
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Subject-level bootstrap analysis yielded a 95% confidence interval of 0.591-0.776 for ROC-AUC,
indicating moderate cross-subject variability. The model shows stable discrimination and reasonable precision,
with calibration close to the ideal diagonal and mild over-confidence at high probabilities. The stricter K2
labeling exhibits similar trends but lower stability; therefore, subsequent analyses focus on the K1 scheme for
safety-oriented screening.

4.3. Operating point performance and robustness analysis

A final threshold of ¢ = 0.255 was selected from the precision-recall curve to minimize false
negatives and prioritize non-fit detection. At this operating point, the confusion matrix is reported in Figure 4.
Decision-level metrics are reported in Table 2.
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Figure 4. Confusion matrix of the primary K1 model at the selected operating threshold (¢ = 0.255)

Table 2. Final operating point for the K1 label (t = 0.255)
Threshold AUC PR_AUC Brier TP FP FN TN Recall Precision F1
0.255 0.6873 0.6210 0.2001 33 60 0 6 1.000 0.3548 0.5238

Practically, this decision prioritizes high sensitivity for detecting non-fit cases, consistent with
safety-oriented screening, while acknowledging that some fit cases may be flagged as false positives and require
follow-up review. Good probability calibration, reflected by the Brier score in Table 2, supports stable threshold
selection by aligning predicted probabilities with observed event frequencies. In addition, a three-class triage
scheme around the operating threshold (¢ + ) designates borderline cases as review, routing them to manual
verification without reducing vigilance for clearly non-fit cases.

4.4. Subject-level robustness and error analysis

Model robustness to sampling variability and threshold perturbations was evaluated using
subject-level bootstrap analysis under the LOSO scheme. At the final operating point (! = 0.255),
bootstrap resampling (B = 2,000) yielded a ROC-AUC of 0.687 (95% confidence interval: 0.591-0.776),
sensitivity of 0.970, specificity of 0.091, positive predictive value (PPV) of 0.348, and NPV of 0.857,
indicating consistent decision-level behavior. Probability calibration was acceptable, with a Brier score of
approximately 0.200, confirming preserved high recall for non-fit cases. A narrow threshold sweep (¢ £ ¢)
showed that slight decreases in the threshold maintained FN = 0 without disproportionate FP increases,
whereas slight increases introduced FN with limited FP reduction, indicating a stable operating region for
safety-oriented screening. Subject-level error analysis revealed that misclassifications were dominated by
sparse false positives associated with probabilities near the decision boundary, reflecting local uncertainty
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rather than systematic model failure. Figure 5 illustrates the distribution of calibrated predicted probabilities
(pear) for fit and non-fit classes.

Score Distribution of Calibrated Predicted Probabilities (K1)

I Fit
Non-fit
---- t=0.255

Number of sessions

0.2 0.3 0.4 0.5 0.6
Calibrated predicted probability, pcas (Non-fit)

Figure 5. Score distribution of calibrated probabilities (p¢,1) for fit and non-fit classes (K1)

To manage predictive uncertainty, we implemented a three-class triage scheme (fit/review/non-fit)
using a narrow threshold band (¢ & ¢, € =~ 0.003). Borderline cases were assigned to the review category for
secondary checks, while clearly non-fit cases remained prioritized. Feature-level analysis indicated substantial
overlap between fit and non-fit groups, suggesting that some false positives arise from intrinsic physiological
variability rather than systematic misclassification. Notably, the absence of false negatives at the final operating
point confirms that the primary safety objective was achieved. The remaining false-positive burden reflects an
operational trade-off that can be managed through lightweight follow-up workflows. Performance at the final
threshold is summarized in Figure 4 and Table 2.

4.5. Discussion

This study demonstrates that HRV features derived from short-duration, single-lead smartwatch ECG
recordings can support subject-independent fatigue screening under a safety-oriented objective. The emphasis
on high recall for non-fit cases under LOSO evaluation is consistent with early screening scenarios in which
minimizing missed fatigue cases is prioritized. The concentration of false positives near the decision threshold
suggests local predictive uncertainty rather than systematic model failure, supporting the use of calibrated
probabilities for operational decision making. The proposed three-class triage scheme (fit/review/non-fit)
further manages this uncertainty by routing borderline cases to secondary verification, balancing safety and
workload. The observed moderate discrimination likely reflects the limitations of ultra-short ECG segments
and self-reported fatigue labels. Compared with studies relying on longer or laboratory-grade and multimodal
recordings, these results highlight the potential of HRV features extracted from smartwatch ECG PDFs for early
screening under realistic deployment constraints. Accordingly, the proposed system is intended as a screening
aid and should not be used as a standalone diagnostic tool.

5. CONCLUSION

This study investigated the feasibility of subject-independent pre-driving fatigue screening using
HRV features extracted from short-duration, single-lead smartwatch ECG recordings stored as PDF files.
The results demonstrate that meaningful fatigue screening can be achieved using ultra-short ECG segments
from consumer-grade devices when combined with conservative validation, probability calibration, and a
safety-oriented operating strategy. By prioritizing high recall for Non-fit cases and introducing a three-class
triage scheme (fit/review/non-fit), the proposed approach supports practical decision making while explicitly
managing uncertainty around the decision threshold. Despite limitations related to cohort size, self-reported
fatigue labels, PDF-derived ECG signals, and the absence of external validation, this work indicates that
short-term HRV from wearable devices can serve as a useful decision-support tool for early fatigue screening
rather than a replacement for clinical judgment. Future work will focus on expanding the cohort, incorporating
additional physiological or contextual features, and validating the approach across devices, populations, and
operational settings.
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