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Highlights

This research contributes to the growing field of digital health analytics, demonstrating the potential
of Continuous Glucose Monitoring (CGM) and Heart Rate Variability (HRV) tracking for
personalized training and health management. By combining Al-driven predictive modeling, athletes
and healthcare professionals can gain valuable insights into performance optimization, overtraining
prevention, and overall cardiovascular health.

Abstract

Background: HRV is a key biomarker of autonomic nervous system function and cardiovascular
health. Emerging evidence suggests that metabolic regulation, particularly glucose variability, may
influence autonomic balance even in non-diabetic populations. With the increasing availability of
CGM and wearable sensors, the integration of metabolic and cardiovascular signals enables novel
data-driven approaches for personalized health monitoring. Objectives: This pilot study aimed to
investigate the associations between glucose dynamics, fitness indicators, and HRV in middle-aged
amateur endurance athletes, and to evaluate the feasibility of predicting HRV using machine-learning
models based on CGM and wearable-derived features. Methods: Ten male endurance athletes (age
39-50 years) were monitored over a two-month period using CGM devices and advanced
smartwatches. Daily metrics included average glucose, glucose standard deviation and coefficient of
variation, resting heart rate (RHR), nocturnal HRV (RMSSD), blood oxygen saturation (SpO.), and
estimated VO,max. Anthropometric and biochemical markers (BMI, fat mass, skinfolds, HbAlc,
ApoB, vitamin D) were also collected. Random Forest, XGBoost, and LightGBM regression models
were trained to predict HRV. Model performance was evaluated using cross-validated R? (R? ranged
from 0.12 to 0.28) and normalized mean absolute error (NMAE). Results: Correlation analysis
revealed that elevated ApoB, increased fat mass, and higher RHR were strongly associated with
lower HRV. Glucose variability showed weaker associations in this cohort. Machine-learning models
demonstrated limited predictive accuracy for HRV (R? < 0.30 across models), suggesting that while
physiological links exist, the selected features alone are insufficient to fully explain HRV variability
in a pilot cohort. Conclusions: In middle-aged endurance athletes, glucose regulation and
cardiovascular fitness markers show meaningful associations with autonomic function, but the
feasibility of accurately predicting HRV from CGM-derived metrics remains limited in this pilot
dataset. These findings support the physiological link between metabolic stability and autonomic
balance, while highlighting the need for larger longitudinal datasets and time-series modeling to
capture the complex dynamics between glucose fluctuations and cardiac autonomic regulation.
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1. Introduction

Heart Rate Variability (HRV) refers to the variation in time intervals between heartbeats and it
is recognized as a crucial physiological marker reflecting autonomic nervous system function,
cardiovascular health, and endurance performance. It is used to analyze the Autonomic Nervous
System (ANS), a control system used to modulate the body's unconscious action such as cardiac
function, respiration, digestion, blood pressure, urination, and dilation/constriction of the pupil.
High heart rate variability (HRV) indicates good health, while reduced HRV is associated with
increased morbidity and stress. Low HRYV is linked to anxiety, depression, burnout, and even
cardiovascular issues [2—4].

Furthermore, Glycated hemoglobin (HbA1C) is a marker of long-term blood glucose levels. The
relationship between HbA1C and HRV in healthy populations can provide insights into early
metabolic disturbances and cardiovascular health [1]. It has been thoroughly studied that higher
HbAIC levels are associated with autonomic imbalance [26]. Monitoring HbA1C levels in
conjunction with HRV could provide valuable insights into the early stages of metabolic and
cardiovascular health deterioration.

Despite the fact that athletes try to keep up with their carbohydrates intake in order to feel more
energized during the day, elevated average glucose levels are associated with reduced HRYV,
indicating impaired cardiac autonomic function. This relationship is observed across various
conditions, including diabetes and glucose intolerance. HRV is inversely related to plasma glucose
levels. Higher glucose levels, whether in diabetes or impaired fasting glucose, are linked to reduced
HRYV parameters such as SDNN, LF, and HF power [6]. Rapid changes in glucose levels, such as those
observed during glucose tolerance tests, can significantly reduce HRV, particularly during rapid
glucose rises [7]. This suggests that not only average glucose levels but also fluctuations can impact
cardiac autonomic function. In healthy individuals, experimentally induced glucose intolerance
through glucose infusion decreases HRV, highlighting the potential early impact of glucose
dysregulation on cardiac autonomic activity [8]. Even in individuals without diabetes, higher fasting
glucose and insulin resistance are associated with lower HRV, particularly in men and those with
abdominal adiposity [10].

A technology field that allows for real-time or near-real-time tracking of glucose levels, primarily
used in diabetes management Continuous glucose monitoring (CGM). Recent advancements in
wearable technology and CGM offer novel avenues for real-time capture and assessment of
physiological interactions. CGM systems have evolved rapidly, offering detailed insights into
glycemic variability and supporting both patients and clinicians in making informed decisions about
therapy and lifestyle adjustments [9].

This research was motivated by the potential to understand how glucose levels and fitness
indicators influence HRV in middle-aged amateur endurance athletes. The study sought to contribute
to personalized training strategies and inform clinical practice by identifying predictive relationships
between these factors. The primary objective was to use machine learning (ML) techniques to
discover the correlation and develop models capable of predicting HRV fluctuations based on glucose
levels and fitness markers in this specific population. This pioneering approach aims to provide
actionable insights for athletes seeking to optimize performance, recovery, and cardiovascular health.
The research uniquely integrates Al, physiology, and nutrition, applying it to amateur athletes often
underrepresented in sports science research.

Prior research has separately addressed the implications of glucose levels and fitness metrics on
HRYV, but few studies have integrated these dimensions, particularly using real-world continuous
data.
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This work is inspired by emerging evidence linking excessive endurance exercise and poor
carbohydrate metabolism to reduced HRV, which can reflect heightened physiological stress and
cardiovascular strain. The study’s goal was to analyze whether non-invasive, daily monitoring of
glucose and fitness markers could help endurance athletes optimize training and recovery, and
potentially mitigate cardiovascular risk. Therefore, this study was designed as a hypothesis-
generating pilot investigation.

2. Materials and Methods

This observational study followed ten (10) amateur endurance athletes (aged 39-50), with at least
8 years of consistent endurance training, for a period of two months. The study adhered to ethical
guidelines, with informed consent obtained from all participants. Each participant was equipped
with a CGM device (intelliGO free) for continuous glucose monitoring and high-end smartwatches
(Garmin 6 or 7 and WHOOP 4.0) for measuring HRV, resting heart rate, and blood oxygen saturation.
Participants were equipped with CGM devices that provided real-time glucose readings throughout
the day and night, enabling detailed analysis of glucose fluctuations in relation to physical activity
and stress levels. The CGM system used in this study consisted of two main components:

. Transmitter: A small Bluetooth-enabled device that sent real-time glucose readings to a
smartphone application.

. Sensors/Readers: Adhesive sensors attached to the abdominal area to measure interstitial
glucose levels.

Each sensor was replaced every 14 days. The CGM system recorded and transmitted glucose
values every 3 minutes. To ensure accuracy, participants were trained to calibrate their CGM sensors
using blood glucose meters. Participants' glucose data were uploaded to their smartphones via
Bluetooth protocol. Software provided by the manufacturer was used to download and export CGM
data to Excel datafiles (this is anyway a key advantage of CGMs, the fact that they allow remote
monitoring capability).

The participants also wore their devices capable of measuring RHR, SpO,, VO, max, and HRV.
Metrics were collected as described in the table below:

Table 1. The variables used for the data collection.

Category Feature Frequency
Glucose Metrics AVG Glucose, SD, CV Daily
Heart Metrics HRV, RHR Overnight, daily
VO2 max Weekly

Oxygen saturation SpO2 Daily average

Anthropometric Data BMI Once
Fat Mass %
Sum of 8 skinfolds

HbA1C
Blood Biomarkers ApoB Once
Vitamin D3
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In this study, Anaconda with Jupyter Notebook was used as the primary environment for
conducting Exploratory Data Analysis (EDA), preprocessing, feature engineering, and implementing
machine learning models. Data preprocessing techniques used to ensure data integrity. Key libraries
such as Pandas, Matplotlib, Seaborn, Scikit-Learn used for data analysis and visualization. Finally,
the machine learning models (Random Forest Regressor, XGBoost Regressor, Light GBM Regressor)
applied for HRV prediction and the evaluation metrics (Mean Absolute Error, Normalized Mean
Absolute Error, R-Squared) used to assess model performance. The processing pipeline followed
during this research is illustrated in Figure 3 and described below:

Data

o~ Extraction [===)
Manual CSV exports Visualization with
from device platforms Matplotlib
Data E Data Pipeline
Acqw.smon CSV Export, Cleaning
Devices & Preprocessing

Predictive models for

HRV
Wearables, CGM,

Blood Tests,
Anthropometrics

Figure 1: Processing pipeline of the proposed analysis

While the number of participants is small, the study follows a high-density longitudinal design.
Data collection spanned 60 consecutive days for each athlete, utilizing Continuous Glucose
Monitoring (CGM) devices that recorded measurements every 3 minutes (totaling 480 data points
per day per participant). This resulted in a robust dataset consisting of hundreds of observations per
subject. To address the risk of overfitting, several rigorous validation techniques were implemented,
like personalized modeling, data splitting etc.

The choice of ML (Random Forest and XGBoost) over Multiple Linear Regression was driven by
the relationship between glucose levels, fitness indicators, and Heart Rate Variability (HRV), which
is inherently complex and non-linear. Linear models often fail to capture these intricate physiological
interactions. Also, Tree-based ML algorithms allow for the ranking of feature importance, providing
deeper insights into which metabolic and physical factors most significantly impact HRV. Finally
ensemble methods like Random Forest are specifically designed to handle high-dimensional data and
are more resilient to outliers compared to standard regression models in biological datasets.

The main analytical purpose of ML in this study was to obtain feature importance rankings,
generating insight for future larger-scale studies, laying the groundwork for future studies with
expanded cohorts.

1. Data Acquisition Devices:

. Wearables: Garmin Fenix 6 or 7 and WHOOP 4.0

J CGM Device: Continuous Glucose Monitor placed on the abdomen.
. Blood Tests: Cholesterol, HbAlc, vitD, ApoB

. Anthropometrics: BMI, Fat Mass %, Sum of 8 Skinfolds

2. Data Extraction:

Performed manually via CSV exports from respective device platforms or lab reports
3. Data Pipeline:

J Manual CSV Export

J Data Cleaning & Preprocessing

J Visualization with Matplotlib
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4. Analysis & Modeling
. Used in models to predict HRV based on glucose variability and fitness/anthropometric
metrics.
. ML algorithms tested:
o Random Forest
o LightGBM
o XGBoost
. Evaluation metrics:
o Normalized MAE
o R?

Participants were not limited to passive or resting data acquisition. Instead, they
continuously wore CGM devices during both structured training sessions and competitive endurance
events. Specifically, data were collected during prolonged aerobic training exceeding one hour, a
certified 42-kilometer road marathon, and a high-intensity 4-hour trail race. This approach enabled
the capture of dynamic glycemic responses under real-world physiological stress [11].

J The inclusion of these high-demand scenarios enhanced the ecological validity of the
dataset and provided critical insight into exercise-induced metabolic fluctuations. As anticipated,
significant intra and inter individual glucose variability was observed during prolonged physical
exertion [12]. Importantly, this allowed for the investigation of potential associations between acute
glycemic excursions and nocturnal autonomic recovery, as reflected in derived HRV metrics recorded
via wearables [13].

J Preliminary analyses suggest that elevated glycemic variability during endurance
activities may influence subsequent parasympathetic modulation during nocturnal recovery periods.
These findings support the emerging hypothesis that metabolic stress during exercise interacts with
autonomic nervous system activity, potentially affecting recovery quality and cardiovascular
homeostasis.All physiological data were synchronized using timestamps. Data points were checked
for outliers and corrected where sensor errors occurred. Glucose variability was assessed using both
the standard deviation and coefficient of variation.

Today's Data Glucose Profile Overay Dally Report Hypoglycemia Event Events Settings Summary Report
7dws | Addwye | 3day 20241221 - 20241221
Multiday Statistics Effective CGM Usag
e
103 .. 92.. 80 .. 5.9.
100,
B 1. 28940 .. 4.8.
Standard Deviation Maximum Rate of Change FCC-HbATE Estimated HbATC
6 Hours TIR TIR

High
# In Range
Low:0% Low:0% ow:0% ow:0% . low

rgent Low:0% Urgent Low:0% Urgent Low:0% Urgent Low:0% 100% ® Urgent Low

0:00~06:00 06:00~12:00 12:00~18:00 18:00~24:00

Figure 2: Screenshot from the CGM metrics platform
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Figure 3. HRV status. Garmin’s page for gathering the Overnight Average for HRV.
The Key Libraries and Tools used were:
J Pandas — For data manipulation and numerical computations.
J Matplotlib & Seaborn — For visualization and statistical insights.
J Scikit-Learn — For implementing machine learning models and evaluation metrics.
J XGBoost & LightGBM — For advanced gradient boosting techniques.
J Jupyter Notebook Extensions — For improved productivity and workflow management.
. The workflow followed in Jupyter Notebook involved:
J Data Loading & Preprocessing: Using Pandas to import and clean the dataset.
J Exploratory Data Analysis (EDA): Visualizing feature distributions and correlations.
J Feature Engineering: Creating new variables, scaling, and handling missing values.
J Machine Learning Model Implementation: Training models using Random Forest,

XGBoost, and LightGBM.
. Model Evaluation & Optimization: Hyperparameter tuning with GridSearchCV and
evaluation using R? and MAE.

3. Results

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.0332.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 February 2026 doi:10.20944/preprints202602.0332.v1

7 of 11

Correlation Matrix of Features
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Figure 4. correlation matrix of features.

RHR

Avg Glucose (mg/dL)
Stress

SD (mg/OL)

SPO2

Age

HBALC 4

ApoB 4

Vit D 25(0H) 1

BMI 1

Fat Mass (%) +
sum of 8 skinfolds +
VO2 max 1

0.00 0.05 010 0.15 0.20 0.25 0.30

Figure 5. feature importance barplot for one participant.

According to the correlation matrix above and the feature importance barplot, the main
observations for HRV and insights for model prediction are the following;:

1. ApoB: Higher ApoB (a cardiovascular risk marker) is strongly linked to
lower HRV.
2. Fat Mass: Increased fat percentage is associated with lower HRV.

CC BY license.



https://doi.org/10.20944/preprints202602.0332.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 February 2026 d0i:10.20944/preprints202602.0332.v1

8 of 11
3. RHR: A higher resting heart rate (RHR) is linked to lower HRV, which
makes physiological sense.
4. BMI: Suggests that individuals with higher BMI may have lower HRV.
5. Sum of 8 Skinfolds: More subcutaneous fat is associated with lower HRV.
6. Avg Glucose (mg/dL) has a correlation of (0.13) with Stress, meaning there
is a weak positive relationship.
7. Stress: Showing a weak negative correlation, meaning that lower HRV is a
strong predictor of higher stress.
8. HRV is better predicted by physiological and cardiovascular markers
(ApoB, Fat Mass, RHR).
Random Forest [ Random Forest | Random Forest | Random Forest XGBoost (Less | XGBoost (Less | LightGBM | LightGBM
ID MAE R? MAE (less R? (less Features) MAE| Features) R? MAE R?
features) features)
il 7,375 0,316 6,533 0,278 6,624 0,081 8,665 0,183
2 4,811 0,12 4,569 0,226 5,544 0,05 6 -0,109
B] 5,3 -0,196 5,377 -0,295 5,676 -0,617 4,875 -0,015
4 4,153 -0,059 4,57 -0,175 4,174 -0,108 3,872 -0,083
5 2,118 0,104 2,341 -0,018 2,964 -0,008 BAl) -0,004
6 [5053; 0,607 2,021 -0,457 1,697 0,164 1,469 0,3

Figure 6. Model’s performance comparison.

4. Discussion

This study examined the predictive capability of various machine learning models for estimating
HRYV based on physiological and metabolic parameters, including RHR, SpO2, Average Glucose,
Glucose Standard Deviation, and Stress. The models evaluated included Random Forest, XGBoost,
and LightGBM, with additional experiments on feature selection and dimensionality reduction.

The results indicate that none of the tested models demonstrated strong predictive power for
HRV. The consistently low R2 scores suggest that the selected features may not sufficiently capture
the variability in HRV, highlighting the need for enhanced feature engineering. Incorporating
additional transformations, such as rolling averages, feature interactions, or temporal differences,
may improve model performance.

Furthermore, the dataset size appears to be a limiting factor in achieving higher predictive
accuracy. Expanding the dataset with data from a larger and more diverse cohort could enhance
model generalizability. Future research should prioritize increasing the sample size and considering
data collection during periods of lower training intensity, where physiological responses may be
more stable. Additionally, monitoring HRV in conditions where external factors such as stress and
sleep duration remain relatively constant could provide clearer insights into the relationship between
glucose levels and HRV.

5. Conclusions

This study highlights the strong link between glucose regulation and Heart Rate Variability,
reinforcing the importance of metabolic efficiency in both cardiovascular function and long-term
health. While glucose stability is often discussed in the context of athletic performance, this research
shifts the focus toward its role in longevity and overall well-being. Rather than aiming to enhance
HRV solely to improve endurance performance, the ultimate goal is to explore how better metabolic
control can contribute to autonomic balance, reduced disease risk, and healthier aging.

The observed individual variability in glucose sensitivity suggests that a personalized approach
to glucose management is essential, not only for athletes but for the general population as well. By
understanding how fluctuations in glucose impact HRV, individuals can adopt lifestyle
modifications (such as dietary adjustments, stress management, and optimized sleep) that promote
long-term cardiovascular resilience.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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While this study provides valuable insights, it also presents certain limitations. The relatively
small sample size and the reliance on wearable-derived physiological data may introduce variability
in measurement accuracy. Additionally, the study does not establish causal relationships between
glucose fluctuations and HRV, emphasizing the need for interventional research to further explore
these dynamics. Future studies should focus on real-time monitoring, larger participant pools, and
controlled dietary interventions (such as ketogenic or low-glycemic diets) to assess the potential for
glucose-targeted strategies in improving autonomic function and longevity.

Furthermore, this research underscores the growing role of wearable technology in preventive
healthcare. Integrating real-time metabolic and cardiovascular data into HER systems could
empower individuals and healthcare providers to make proactive, data-driven decisions. By
leveraging Big Data and Al-driven analytics, future advancements could refine personalized health
interventions, particularly for aging populations and individuals at risk of metabolic disorders.
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The following abbreviations are used in this manuscript:

CGM Continuous Glucose Monitoring
HRV Hear Rate Variability

ANS Autonomic Nervous System
ML Machine Learning

WT Wearable Technology

SD Standard Deviation

Ccv Coefficient of Variance

RMSSD  Root Mean Square of Successive Differences
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