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ABSTRACT

Background: Outdoor agricultural workers experience significant heat exposure, yet few studies have evaluated whether
wearable sensors can reliably measure continuous physiological responses in real field conditions. This pilot study examined
the feasibility and predictive utility of core temperature, hydration, heart rate, and movement data collected from commercially
available wearables.

Methods: Thirty farmworkers in eastern North Carolina wore three devices, the CALERA core temperature sensor, the Nix
Hydration Biosensor, and the Garmin Vivoactive smartwatch, during one July work shift. 1 min, physiological and environ-
mental data were aligned to compute the modified Physiological Strain Index, mPSI. Device reliability, physiological responses,
and heat exposure were summarized. Multi-linear regression and machine learning, Random Forest (RF) and Gradient
Boosting Regression (GBR), models were evaluated to predict mPSI, using raw and smoothed predictors to estimate mPSI.
Results: CALERA retrieved 100 percent of the data, Garmin retrieved 97 percent, and Nix retrieved 80 percent. WBGT
remained consistently high, approximately 28 to 29 degrees Celsius, and 12.6 percent of core temperature measurements
exceeded 38 degrees Celsius. mPSI ranged from minimal to high heat strain, with 8.3 percent of observations at or above 5.
Heart rate showed the strongest association with mPSI. The RF model using 60-min moving averages achieved the highest
predictive accuracy with an R* of 0.96 and a root mean squared error of 0.25. Wearables captured meaningful physiological
patterns that corresponded with environmental heat exposure, and WBGT-based risk levels consistently overestimated heat
strain relative to mPSI.

This work was performed at East Carolina University.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any
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Conclusion: Multi-sensor wearable systems are feasible for continuous heat strain monitoring and can support accurate

prediction of heat-related risk among agricultural workers. This study is the first to evaluate the CALERA, Nix, and Garmin

devices combined for heat strain monitoring in outdoor agricultural workers. By combining all three wearables in a field-based
feasibility assessment, it addresses a key gap in validating consumer-grade technology for occupational safety in this high-risk
workforce. The findings of the study support the use of wearable devices for real-time heat strain alerts, individualized
hydration and work-rest guidance, and early warning systems to help prevent heat-related illness in physically demanding

outdoor occupations.

1 | Introduction

The United States Environmental Protection Agency (EPA) [1]
and the World Health Organization (WHO) [2] both emphasize
that rising global temperatures have intensified heat exposure,
creating a growing threat to public health, occupational safety,
and productivity. The WHO has recommended programs that
integrate engineering and administrative controls, hydration
and rest management, medical surveillance, and alignment
with global sustainability objectives. Together, these frame-
works highlight the pressing need for coordinated, evidence-
based strategies that integrate public health and occupational
safety approaches to mitigate the increasing human and eco-
nomic costs of heat in a warming climate [1, 2].

Occupational heat stress refers to situations in which a worker's
body accumulates excessive heat due to the combined effects of
internal metabolic activity, surrounding environmental condi-
tions, and the insulating properties of their clothing [2, 3].
Physiologically, heat stress alters fluid balance, elevates heart
rate [4], increases core body temperature [5], and intensifies
thermoregulatory and perceptual strain [6]. Prolonged exposure
may lead to a range of heat-related illnesses (HRI), including
heat exhaustion, rhabdomyolysis, heat syncope, heat cramps,
and heat rash [7]. The most severe outcome, heat stroke, can
result in irreversible organ damage or death if not treated
immediately. When the body's thermoregulatory mechanisms
can no longer maintain thermal equilibrium, the risk of HRI
increases substantially [8].

Outdoor workers are particularly susceptible to heat stress due
to prolonged physical activity in extreme environmental con-
ditions. High-risk occupational groups include agricultural
laborers, forestry and fisheries personnel, construction workers,
members of the armed forces, first responders, and athletes [3].
Agricultural work requires especially demanding tasks, such as
harvesting, planting, pruning, load carrying, weeding, and dig-
ging, which often occur in hot and humid climates, which
amplify physiological strain [9, 10]. Preventive measures should
intensify as environmental heat levels rise [11]. Heat stress can
be assessed using both physiological and environmental met-
rics. Hydration status, a key determinant of thermoregulation,
can be evaluated using urine and blood samples collected
before, during, and after heat exposure [9, 12], where several
studies have relied on urine analysis to estimate hydration
[13-15], and sweat loss is typically calculated from the differ-
ence in body weight before and after exposure [16]. Core body
temperature is commonly measured using rectal probes
[17, 18], tympanic thermometers [12, 13], or oral thermometers
[17]. Heart rate can be recorded using electrocardiography or

transmissive pulse oximetry by trained professionals [19, 20].
These data are then integrated to compute the PSI, providing an
overall indicator of physiological strain [21]. However, these
tools are discrete measurements and lack real-time implications
that could immediately affect workers.

Technological innovation has significantly enhanced the accu-
racy and accessibility of heat stress monitoring. Core body
temperature can now be measured through ingestible thermo-
metric capsules that wirelessly transmit data from the gastro-
intestinal tract [22]. Common systems include the CorTemp™
capsule and the BodyCap e-Celsius Performance pill, both val-
idated for occupational field studies [22, 23]. Noninvasive
wearable devices, such as CALERA, estimate core body tem-
perature by combining skin temperature and heat-flux mea-
surements [24, 25]. Skin temperature, an additional indicator of
thermal strain, can be recorded using Thermochron iButton
loggers placed at peripheral and central body sites [26, 27]. The
CALERA Research wearable integrates both skin and core
temperature data, which can be used in real-time heat strain
applications [28]. Parsons et al. [29] used the CALERA
(formerly CORE thermal monitors) to monitor 100 Cambodian
workers across five sectors, including agriculture, across four
climatic zones, for 7 days to record physiological data. Advances
in commercial wearables have further expanded the capabilities
of heart rate monitoring. Devices such as the Apple Watch,
Garmin, Samsung Watch, Fitbit, and Oura Ring utilize elec-
trocardiogram (ECG) and photoplethysmography (PPG) sensors
to continuously monitor heart rate [30]. Sweat sensors, such as
the Nix Hydration Biosensor, Epicore Connected Hydration
patch, and Gatorade Gx Sweat Patch, are advancing non-
invasive monitoring of electrolytes and fluid loss by analyzing
eccrine sweat, which reflects physiological changes related to
hydration and metabolism [31]. Compared with traditional
laboratory instruments, these commercially available sensors
are affordable, widely accessible, and suitable for large-scale
data collection, making them valuable tools for both occupa-
tional research and public health applications in heat strain
monitoring. To overcome the limitations of studies that use one
or two monitors to capture physiological strain, integrating
additional sensors is necessary to obtain a comprehensive
physiological profile to protect vulnerable worker populations.

The purpose of this pilot study was to evaluate the feasibility of
various wearable devices for measuring core body temperature,
fluid and electrolyte loss, and heart rate among agricultural
workers during the summer season. Assessing the consistency
of these devices under real field conditions, characterized by
intense physical activity and continuous movement, is critical for
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determining their suitability for occupational heat monitoring and
data collection. Furthermore, predictive models were developed
to explore whether these physiological indicators can effectively
correlate with and forecast heat-related risk within this worker
population.

2 | Methods and Materials

2.1 | Measurement Devices

Three wearable devices were utilized for continuous physio-
logical monitoring during fieldwork.

2.1.1 | CALERA Research

A total of ten noninvasive CALERA Research devices (Greenteg,
Rumlang, Switzerland) were used to measure core body temper-
ature. The device has the dimensions of 50 mm X 40 mm X 8.35
mm and weighs 12 grams. Prior to deployment, each CALERA
device was fully charged using the USB-A magnetic adapter and
connected via Bluetooth to the CALERA Research Tool for firm-
ware updates, factory resets, and synchronization. Each unit was
initialized through the Research Tool or the CALERA® smart-
phone application, where individual device IDs were assigned, and
logging sessions were started remotely. During field use, devices
recorded core body temperature and skin temperature data
every second throughout the workday. At the end of the session,
the sensors were retrieved and reconnected to the Research Tool
to download the data in. csv format, which included calibrated
outputs and time-stamped physiological measurements.

2.1.2 | Nix Hydration Biosensors

A total of ten Nix Hydration Biosensors (NIX, Medford, MA,
United States) were used to monitor fluid and electrolyte loss.
The device was used in this study to continuously monitor
sweat rate, total fluid loss, electrolyte loss rate, total electrolyte
loss, sodium loss rate, and total sodium loss every minute
throughout the workday. Each Nix™ Pod was paired with its
corresponding Nix™ patch and connected to the Nix™ Solo
mobile application via Bluetooth on an assigned Android
phone. After completion, the session was stopped in the app
using the same paired phone, and the data were saved and
exported in. xIsx format for analysis.

2.1.3 | Garmin Vivoactive 6 Watch

Physiological Activity: Ten Garmin Vivoactive 6 wristwatches
(Olathe, KS, United States) were used to measure various
physical activity parameters, including heart rate, cadence,
distance, fractional cadence, enhanced speed, enhanced alti-
tude, and GPS data at 1-second intervals during the workday.
Before field deployment, each watch was configured using
Garmin Express™ to ensure the latest firmware updates were
installed and to assign a unique device ID. Custom activity
profiles were created on each watch to track relevant parame-
ters throughout the workday. Once initialized, the study team
launched an “Activity” session directly from the watch inter-
face, enabling time-stamped physiological data collection before
participants began fieldwork. At the end of the workday, data
collection was stopped and saved as. fit files on the device's

internal storage. These files were then retrieved via USB con-
nection to a laboratory computer, converted to. csv format using
the FIT File Viewer online tool for further analysis, and orga-
nized by participant ID and collection date.

All devices listed above also featured onboard memory to en-
sure uninterrupted data collection during field activities.

2.14 | Supporting Equipment

Ten Doogee (Note 58, Shenzhen, China) Android smartphones
running version 15 were used to initiate and stop the Nix device
recordings, synchronize data, and store the collected measurements.

2.2 | Weather Data

High-resolution 1-min frequency WBGT data [32] were retrieved
from a locally collected data station 32 km from the farm,
downloaded from https://climate.ncsu.edu/. [Correction added on
20 June 2026, after first online publication: A new Reference 32
was added after publication; consequently, the subsequent refer-
ences have been renumbered from 33-64 (previously 32-63).]

2.3 | Study Location and Participant Selection

Agricultural workers from local farms in eastern North Carolina
(NC) were sought for this study. First, farmer permission was
sought to recruit farm employees. Eleven farmers were asked,
and four provided signed letters of support. Participants from the
farm with the largest number of workers were recruited first. Of
47 workers, 34 were interested. The inclusion criteria for parti-
cipants included adults aged 18-54 years, male or female, who
worked outdoors as a farmworker for at least two weeks, and
who were English or Spanish speakers. The exclusion criteria
were self-reported recent illness, current pregnancy, or history of
kidney disease, and current use of diuretics or presence/history
of cardiac arrhythmia. Four participants did not meet the
inclusion/exclusion criteria.

Health screenings were conducted up to one week before data
collection by a registered nurse and a bilingual student
researcher. Screening included assessment of heart rate and
rhythm, as well as height and weight, to calibrate the sensors.
The study team obtained written informed consent, reading the
consent form aloud and answered questions. They also collected
demographic surveys and explained the purpose of the sensors
and data collection procedures. The demographic survey con-
tained 29 questions, as outlined in the Supplemental Material
document. The research team first developed the survey in
English and back translation was used to develop the version in
Spanish. The survey collected information on participants’ age,
gender, ethnicity, country of origin, education level, housing
type, language proficiency, and agricultural work history,
including years of experience, weekly work hours, crop type,
and payment method. It also gathered details on hydration
practices, clothing type, work conditions, and access to sanita-
tion facilities. Given the limited sample size and pilot scope,
data analyses were not stratified by age or sex. Incentives in the
form of $50 gift cards were provided to the participants upon
successful completion of one full workday wearing the sensors.
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2.4 | Field Protocol

Field testing took place on one farm in eastern NC from July 15
to 17, 2025, encompassing three days of data collection, tar-
geting one of the hottest months of the year. Data collection
began at approximately 5 AM and concluded at approximately
4 PM each day, with varying start and end times for each par-
ticipant. Each participant wore all three devices (Calera, Nix,
and Garmin watch) for one full workday, and data were
collected from 10 participants per day across three days.
The devices were placed in their recommended positions by the
respective manufacturers. The CALERA Research device was
affixed to the chest using a company-provided adjustable chest
strap, with the back side of the device in direct contact with the
skin just below the sternum to ensure accurate temperature
readings. The Nix hydration biosensor was placed on the outer
bicep using the supplied adhesive. Before application, the par-
ticipant's upper arm was cleaned with isopropyl alcohol wipes
to remove oils and ensure proper adhesion and allowed to dry.
The patch was then applied to a hair-free area, and the Nix™
Pod was attached by aligning the LED indicator with the cir-
cular mark on the patch until a click was heard, confirming a
secure connection. Once attached, the recording session, re-
ferred to as a “workout,” was initiated through the app by
selecting the appropriate activity and location parameters. The
Garmin Vivoactive watch was worn on the wrist to capture
activity, heart rate, distance, enhanced speed, and enhanced
altitude. All devices were sanitized before use and reuse, and
new adhesives were applied for each participant.

2.5 | Participant Demographics

Demographics of participants were summarized in mean and
standard deviation (SD) or frequency and percentage (%) as
appropriate.

2.6 | Data Cleaning

Due to variations in the times when the devices were placed on
and removed from the farmworkers, a fixed time window from
6:30 AM to 3:30 PM was selected for each day. This resulted in a
total of 540 measurements per participant across all variables,
except for the hydration-loss variables, as the Nix sensors
require an accumulation of sweat before recording initiates. The
mean delay before the Nix sensor generated usable data was
71.6 min (SD = 30.3 min, Median = 71.0 min), with a minimum
observed delay of 20 min and a maximum of 155 min. Conse-
quently, this yielded between 385 and 520 usable data points per
participant each day, with an average of 468 min of recorded
hydration data. Additionally, further data cleaning was neces-
sary based on visual inspection to identify steady-state values
per participant. The total electrolyte loss, electrolyte loss rate,
and total sodium loss showed a very strong correlation (r = 0.99)
with other hydration loss variables and were therefore identi-
fied as redundant and excluded from further analysis. For the
Garmin data, and due to substantial missing data stemming
from sensor thresholding and algorithmic limitations inherent
to accelerometry [33, 34|, the cadence and fractional cadence
variables were excluded from the final dataset. Finally, to en-
sure data quality, outlier and invalid measurements were

removed according to predefined criteria. For core body tem-
perature, all zero values were replaced with ‘Not a Number’
(NaN), and readings below 34°C or above 42°C were considered
physiologically implausible and excluded. The implausible or
missing values accounted for only 0.82% of the total dataset.
Analysis of these removed values revealed a non-random pat-
tern, where 100% of the missing data occurred consecutively at
the immediate onset of the recording period, indicating an
initial sensor stabilization phase rather than random signal loss.
Heart rate values below 40 beats per minute (bpm) or above 200
bpm were also deemed invalid and replaced with NaN. Simi-
larly, sweat rate values exceeding 5000 mL/h were identified as
unrealistic and excluded from further analysis. GPS altitude
data showed clear errors, with unrealistic values falling far
outside the farm's true elevation range (15-27 m). Therefore,
any altitude measurements below 15m or above 30m
were removed or replaced with NaN to exclude erroneous
GPS readings. Speed values above normal walking pace
(=1.5-1.7m/s) are likely errors or moments when participants
were in a vehicle. Therefore, any speed measurement greater
than 2m/s was replaced with NaN to exclude non-walking,
non-work-related activity from the analysis.

2.7 | Data Reliability

The current pilot study did not assess data reliability due to
funding limitations, so no reference monitors or methods were
available to assess core body temperature, hydration loss, and
heart rate. However, these devices have been evaluated with
reference instruments and methods in previous studies. In both
real-world and controlled settings, the CALERA core tempera-
ture sensors demonstrated high agreement with reference
methods. In a field study involving 14 participants monitored
for 3-5 days [25], the CALERA Research sensor overestimated
mean core body temperature by approximately 0.10°C com-
pared with a wired rectal probe during nocturnal sleep. In a
specialized sleep laboratory, Xu et al. [35] found that the CA-
LERA showed a mean bias of -0.06°C compared to an ingestible
gastrointestinal capsule, with 95% limits of agreement of
+0.51°C. Similarly, in a climate-controlled environment (32°C)
[24], the CALERA Research Sensor, tested on 15 cyclists over a
95-min rest-exercise-recovery protocol, exhibited a negligible
mean bias of 0.01°C and 95% confidence limits of +0.36°C
relative to gastrointestinal temperature measurements. Verdel
et al. [36] reported that the sensor achieved high reliability, with
a mean bias of only 0.02°C between trials, though it showed
greater variability when compared strictly with rectal thermo-
meters during intense cycling. Finally, Jolicoeur Desroches
et al. [37] noted that the sensor may underestimate core tem-
perature during rapid internal cooling, such as cold water
ingestion, or high-intensity athletic exertion. However, for
occupational monitoring where workload is more continuous
and less explosive than competitive sports, these deviations
remain within an acceptable range for feasibility assessment.

The Garmin watch has also been used and evaluated in various
settings [30]. In clinical and laboratory evaluations, Garmin
heart rate monitors demonstrated varying accuracy across set-
tings and activities when compared with electrocardiography.
In a hospital post-anesthesia care unit, Helmer et al. [19] found
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that the Garmin underestimated heart rate by a mean bias of
-1.21 beats per minute (bpm) relative to ECG. In a cardiac
rehabilitation facility, the Garmin overestimated heart rate with
a mean bias of 4+3.8 bpm overall, increasing from +3.6 bpm on
the treadmill to +5.9 bpm on the stationary cycle [38]. Labo-
ratory testing of the Garmin watch on healthy volunteers
revealed activity-dependent variation [20], showing minimal
bias on the treadmill (0.3 bpm), modest overestimation on
the stationary bicycle (+ 3.4 bpm), and a pronounced over-
estimation on the elliptical trainer without arm use (+ 7.7
bpm). For the Nix, no current studies have used or evaluated
the sensor for primary data collection.

2.8 | Modified Physiological Strain Index (mPSI)

Using the physiological data from the wearable sensors, the
mPSI was calculated using the following equation, which was
adopted from Mac et al. [39] (Equation 1):

(temp, — temp,; )
(39.5 — temp,;,))
(heart rate; — heart ratey;y)
(180 — heart ratey;,)

mPSL = 5

where

temp; = is the temperature in °C

temp,;, = is the participant-specific minimum temperature

in °C calculated from one-minute averaged data.

[Correction added on 20 June 2026, after first online publica-
tion: The physiological data for “temp.;,” was revised for
clarity.]

heart rate; = is the heart rate in beats per minute (bpm)

heart rate,;, = is the minimum heart rate in beats per
minute (bpm) collected for the participant

at an averaging time of one minute

Because mPSI incorporates both core temperature and heart rate,
two of the most sensitive indicators of heat stress, it provides a
reliable measure of the combined thermal and cardiovascular
burden. The mPSIs were translated into a corresponding heat
strain risk level as follows: no/little heat strain (0-2), low heat
strain (3-4), moderate (5-6), high (7-8), and very high (9-10) [16].

2.9 | Data Analysis

The data were time-paired with a mean interval of 1 min using
MATLAB version 24.2.0.2863752 (R2024b), Update 5. Addi-
tionally, mean values for 15min and 1h were computed to
better understand the results. Box-and-Whisker plots were

created for WBGT, physiological parameters, and mPSI, show-
ing variation across days and participants. The physiological
parameters used were core body temperature, skin temperature,
sweat rate, total fluid loss, sodium loss rate, heart rate, distance,
enhanced speed, and enhanced altitude.

29.1 | AIHA App Risk Analysis Comparison With mPSI

Environmental heat metrics are essential for contextualizing
physiological responses to heat exposure. The heat index inte-
grates air temperature and relative humidity to estimate per-
ceived ambient heat [40], while the Wet Bulb Globe Temperature
(WBGT) incorporates dry-bulb, wet-bulb, and globe temperatures
to account for ambient conditions, humidity, radiant heat, and
air movement [41]. Although WBGT is traditionally measured in
occupational settings using dedicated heat stress monitors, sev-
eral mobile applications estimate WBGT using meteorological
data. One such tool is the ATHA Heat Stress App, developed by
the American Industrial Hygiene Association, which calculates
current and forecasted WBGT values using location-specific
weather inputs and converts these values into categorical heat
stress risk levels based on workload assumptions [42, 43]. While
these applications are useful for daily heat exposure planning
among outdoor workers, they generalize environmental condi-
tions at the area level and do not capture inter-individual vari-
ability in physiological heat strain.

The ATHA Heat Stress App (version 2.1.0) was used to collect
data on current hourly ambient temperature (°C), relative
humidity (%), heat index (°C), wet bulb globe temperature
(WBGT, °C), and WBGT-derived risk levels each monitoring day
based on both moderate and heavy workload assumptions. App
data was recorded at the start of every hour from 7:00 AM to
3:00 PM. The zip code corresponding to the study site was used
in the app to obtain weather data that was specific to the study
site location. The WBGT values calculated by the app were based
on the following constant settings: (1) ‘outdoors’ for the work
site; (2) ‘work clothes’ for clothing worn; and (3) ‘none’ for non-
solar heat irradiance. The app settings used for cloud coverage
were based on the hourly cloud forecast, which was either
“mostly cloudy” or “cloudy”. Cross-tabulation was used to ana-
lyze the relationship between risk level categories based on the
app WBGT and mPSI. For this comparison, two mPSI data sets
were calculated: one used the hourly mean CBT, and the other
used the hourly maximum CBT as CBTi in equation 1.

29.2 | Geospatial Analysis

For each participant, activity pathways were converted from
FIT to GPX format. GPX files were integrated into ArcGIS Pro
3.5.3 (Esri, Inc.) to create point feature classes. Physiological
data were integrated into the geodatabase by joining the
minutely data to the point features. Site-specific polygons were
created using a basemap to visualize fields and buildings that
participants worked in, the entrance to the farm (i.e., entry),
and the roads that participants traversed. The entrance/entry to
the farm included the parking area and footpaths surrounding
the farm office, sheds, and other equipment barns. All other
locations where participants were observed were classified as
“Other”, which occurred when participants were standing
adjacent to one of the aforementioned locations. These polygons
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were used to create a database of physiological data based on
location. A boxplot and time series of mPSI data for pooled
participants were created using the R Statistical Software and
RStudio in conjunction with the ‘ggplot2’, ‘dplyr’, ‘cowplot’, and
‘readx]’ packages.

2.9.3 | Regression and Prediction Models

Similar to correlation analysis, prediction models were used
to analyze mPSI in relation to WBGT and physiological
parameters.

29.3.1 | Moving Averages

Machine learning models require a set of input features to
predict the target variable, mPSI. In this study, the input fea-
tures include sensor-based measurements discussed in other
sections (e.g., WBGT and heart rate). In addition to the raw
sensor readings, we incorporated moving-average features as
supplementary model inputs.

The inclusion of moving averages is motivated by the potential
lagged effects of certain physiological or environmental vari-
ables on mPSI. For example, an increase in heart rate may not
immediately correspond to a change in mPSI, and the effects
may appear after a delay (e.g., within 15min). To allow the
model to capture these temporal dependencies, we computed
moving averages of the input features across multiple time
windows. Specifically, moving averages were calculated using
15-min, 30-min, 60-min, and 90-min windows for all features.
These additional temporal features provide the model with
smoothed trends and short-term historical context, potentially
improving its ability to learn time-dependent relationships rel-
evant to mPSI dynamics.

2.9.3.2 | Correlation Between Study Variables

The R* was calculated with respect to mPSI and included skin
temperature, sweat rate, total fluid loss, sodium loss rate, heart
rate, distance, enhanced speed, and enhanced altitude. Heart
rate correlations were also calculated because both the corre-
lation and prediction models will use heart rate as an input, and
this variable is reliably available from modern smartwatches.
Devices such as the CALERA Research and Nix may not be
widely accessible. Discrete skin temperature data are already
available on the Garmin watch when the device is worn con-
tinuously overnight during sleep, and other devices that are not
readily available on the market provide continuous data
through wrist-worn devices [44, 45]. Box-and-whisker plots of
the Pearson correlation coefficients (r) with mPSI were deve-
loped for each physiological parameter and each moving aver-
age to illustrate the range and distribution of r values across all
participants.

2.9.3.3 | Model Evaluation via Holdout Testing

The performance of all machine learning models was evaluated
using a holdout testing approach. In this method, the dataset
was randomly divided into training and testing subsets, con-
sisting of 13,992 and 3240 records, respectively. The training
subset was used for model fitting, while the testing subset was

used for performance evaluation, ensuring that the reported
results reflect the model's ability to generalize new data.

2.9.3.4 | Multi-Linear Regression

For the purpose of predicting mPSI, participant-level Pearson
correlation coefficients between mPSI and the predictors of skin
temperature, hydration, heart rate, and movement, as well as
their 15-min, 30-min, 60-min, and 90-min moving averages,
were calculated separately and summarized as means and 90%
confidence intervals.

Next, participant-level multi-linear regression models were run
separately to predict mPSI using skin temperature, hydration,
heart rate, and movement, as well as their moving averages. For
each participant, five multi-linear regression models were run,
one using all original predictors and four using all moving
average predictors for 15-min, 30-min, 60-min, and 90-min. The
t-statistics of the predictors were summarized in means and 90%
confidence intervals.

Lastly, the prediction accuracy of the participant-level multi-linear
regression models was summarized using model root mean
squared error (RMSE) and model R® The model RMSEs were
summarized as means and 90% confidence intervals, and the
model R* values were summarized using box-and-whisker plots.
[Correction added on 20 June 2026, after first online publication:
In the preceding sentence, “R*s” has been corrected to “R* values”
in this version.] We considered both models with and without the
hydration variables from the NIX sensors, as they may not be
readily available in the future. The training sets were used to fit
the models, while the holdout testing sets were used to evaluate
model prediction accuracy. For each participant, five multi-linear
regression models, as described above, were run with the NIX
variable and another five were run without the NIX variable.

2.9.3.5 | Building Machine Learning Models

Two machine learning models, Random Forest (RF) Regressor
and Gradient Boosted Regressor (GBR), were implemented in
this study to predict mPSI [46, 47]. These models were selected
because ensemble tree-based methods have demonstrated
strong predictive performance and robustness, particularly
when applied to small and medium-sized datasets. In contrast,
more complex architectures, such as transformer-based models,
typically require substantially larger training datasets to achieve
comparable performance and to avoid overfitting.

Both RF and GBR are ensemble learning algorithms that combine
the outputs of multiple decision trees to improve generalization.
The fundamental difference between the two lies in their ensemble
strategies: the RF algorithm uses bagging (bootstrap aggregating),
where individual trees are trained independently on random subsets
of the data, and predictions are averaged to reduce variance. In
contrast, GBR uses a boosting strategy, where trees are built
sequentially, with each new tree attempting to correct the residual
errors of the ensemble’s previous iterations. In general, RF models
tend to be more resistant to overfitting and provide stable results
across different datasets. GBR, while more sensitive to overfitting,
can often achieve higher predictive accuracy on smaller or more
complex datasets when appropriately regularized and tuned.
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3 | Results

3.1 | Device Reliability

A total of 30 participants contributed 1-min data on physio-
logical and movement metrics on July 15-17, 2025, collected
between 6:30 AM and 3:30 PM, are summarized in Supporting
Table S1. The CALERA devices achieved 100% data retrieval
across all participants throughout the study. The Nix sensors
experienced issues retrieving data from the mobile application
on Android devices; as a result, data were successfully collected
from 24 participants, corresponding to an overall retrieval rate
of 80%. Additionally, one participant only had sweat rate data
available. For the Garmin watches, one participant accidentally
turned off data collection, resulting in a 97% retrieval rate
during the study. Additionally, four participants disabled the
GPS function on the Garmin watch, which affected speed and
altitude. Additionally, another participant lacked altitude data,
resulting in 26 participants with speed data and 25 with alti-
tude data.

The number of 1-min data points for each metric and partici-
pant is shown in Supporting Table S2. Core body temperature,
skin temperature, and heart rate showed near-complete data
capture, with most participants contributing 537 to 540 min of
data for each metric. Hydration-related metrics demonstrated
more variability across individuals. Sweat rate, total fluid loss,
and sodium loss rate each showed reduced data availability for
several participants. Seventeen participants contributed full or
near full hydration datasets (ranging from 346 to 487 min,
depending on individual runtime), while the remaining parti-
cipants had no hydration data recorded for these metrics. The
absence of hydration data for specific participants reflected
known device connectivity issues that occurred during field
deployment rather than participant noncompliance.

Movement-related data were consistently available across most
individuals. Distance, enhanced speed, and enhanced altitude
each had between 401 and 540 data points per participant.
Enhanced altitude and enhanced speed showed slightly greater
variability, particularly for Participants 13, 15, 17, 20, 22, and
24, who had reduced data due to intermittent GPS signal loss.
Despite these instances, the movement sensors generally pro-
vided stable data streams across the study period. Overall, most
participants contributed complete physiological and movement
datasets, whereas hydration metrics exhibited the greatest var-
iability in completeness. These patterns reflect differences in
device reliability among sensor types during field deployment.

3.2 | Participant Demographics

The demographic results from the survey data collected are
shown in Table 1. A total of 30 agricultural workers participated
in the study across three consecutive days of data collection,
with an equal distribution of participants each day.

The mean age of the participants was 32.5 years (SD = 6.0). The
sample included three female workers (10.0%), with the
majority identifying as male. More than half of the participants
reported being married (56.7%). By education, the majority had
completed high school or less (80%), while 20% had attained

TABLE 1 | Participant demographics (n = 30).
Variable Level n (%)
Age (years) Mean (SD) 32.5 (6.0)
Sex Female 3 (10.0)
Male 27 (90.0)
Marital status Married 17 (56.7)
Single/Divorced 13 (43.3)
Education level Some college 6 (20.0)
or more
High school 16 (53.3)
graduates
Some high school 8 (26.7)
or less
English level Intermediate 6 (20.0)
None/low 24 (80.0)
Years worked in <1 3 (10.0)
agriculture
1-5 21 (70.0)
>5 6 (20.0)
Weeks worked this <20 22 (73.3)
season
>20 8 (26.7)
Days worked 5 17 (56.7)
this week
6 11 (36.7)
7 2(6.7)
Work type Irrigation 2 (6.7)
Loading 2 (6.7)
Pruning 9 (30.0)
Spraying 6 (20.0)
Tobacco 11 (36.7)
Use double-layered No 21 (70.0)
knit clothes
Yes 9 (30.0)
Use overalls No 26 (86.7)
Yes 4 (13.3)
Distance to nearest 3-min or less walk 18 (60.0)
bathroom
> 3-min walk 12 (40.0)
Baseline heart Mean (SD) 74.5
rhythm (BPM) (12.7)

some college education or higher. English proficiency varied,
with 20% reporting intermediate English and others reporting
basic or limited proficiency.

Workers’ agricultural experience was diverse: 10% had less than
1 year of experience, while the majority had multiple years of
experience. Most participants (73.3%) worked many weeks
during the current agricultural season, and more than half
(56.7%) worked 5 days in the week of data collection. Partici-
pants represented several work-task types, including irrigation
and loading work (each 6.7%), with additional tasks accounting
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for the remaining workforce, including ~37% tobacco workers,
who constituted most participants.

Regarding occupational safety practices, 30% reported having
completed work-mandated hydration training, while 43.3%
stated they drink water every 15-20 min as recommended. Most
workers reported not using double-layered knit clothing (70.0%)
or overalls (86.7%). The majority (60%) reported that the dis-
tance to the nearest bathroom was 3 min or less. The mean
baseline heart rate was 74.5 beats per minute (SD = 12.7).

3.3 | Environmental and Participants’
Physiological Changes

The dataset included 30 outdoor farmworkers, each with 9 hourly
records collected in July, for a total of 270 hourly observations
across all participants. The physiological data summary for all 30
participants is shown in Supporting Table S3.

Environmental heat exposure, measured by WBGT, remained
consistently high throughout the three monitored days, with
only minor daily variations. Median hourly WBGT was 28.2°C
on July 15, 27.8°C on July 16, and 28.5°C on July 17, with
overall ranges spanning approximately 23°C-33°C. The WBGT
box plot by day (Figure 1) showed compact distributions within
each day and consistently elevated medians near 30°C, indi-
cating continuous exposure to high environmental heat. July 17
displayed the highest minimum WBGT, reflecting more sus-
tained warm conditions throughout that day compared to the
previous 2 days.

The measured physiological parameters and calculated mPSI
for all the participants are shown in Figure 2. The core body
temperature ranged from 36.39°C to 39.29°C (mean: 37.38°C,

SD: 0.55, n=16,067). According to the National Institute for
Occupational Safety and Health (NIOSH), core temperature
during hot work should remain below 38.0°C. In this dataset,
12.6% of minute-level core temperature observations exceeded
this recommended limit. Among participants who exceeded
38.0°C, time spent above the threshold ranged from 17 to
449 min, with a median of 71 min. For the higher threshold of
38.5°C, affected participants spent 11 to 403 min above the
limit, with a median duration of 42 min, indicating substantial
variability in heat strain across participants. Skin temperature
showed greater variability than core temperature, ranging from
25.46°C to 37.18°C (mean: 34.49°C, SD: 1.22, n = 16,200). Heart
rate ranged from 40 to 156 bpm (mean: 91.86 bpm, SD: 15.97,
n=15,660). According to the American Conference of Gov-
ernmental and Industrial Hygienists (ACGIH), heart rate
should remain below 180 bpm for workers with normal cardiac
function to reduce the risk of heat-related illness. In this data-
set, 0% of heart rate observations exceeded this guideline. The
modified Physiological Strain Index (mPSI) ranged from 0.36 to
7.55 (mean: 2.78, SD: 1.29, n =16,067). Compared to this scale,
8.3% of the mPSI observations exceeded 5, a threshold com-
monly associated with elevated physiological strain in the mPSI
based on the literature [48, 49].

Sweat rate varied from 196.25 to 1305.40mL/h (mean:
308.26 ml/h, SD: 190.99, n =10,227). Using the NIOSH (2016)
standard that sweat loss should stay below 1.2kg/h
(~1200 mL/h), 4.2% of sweat-rate observations exceeded this
recommended threshold. Total accumulated fluid loss ranged
from 10.60 to 4826 mL (mean: 1295.97mL, SD: 885.29,
n=9067). Sodium loss rate ranged from 29.00 to 1019.35 mg/h
(mean: 227.13 mg/h, SD: 135.24, n =9761). Total sodium loss
over the work shift, defined as the final cumulative value for
each participant, ranged from 844 to 3150 mg (mean: 1787.5 mg,
SD: 719.6 mg). Replacement of sodium lost in sweat is
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based on 1-min mean values.

recommended when the duration of exercise is longer than 2 h,
when loss is greater than > 3-4 g per shift [50, 51].

Accumulated distance traveled ranged from 0 to 77,770 m
(mean: 26,400 m, SD: 13,056, n = 16,040). These mobility met-
rics reflect total participant movement during monitoring
periods, including both on-foot activity and vehicle travel
between work locations. Enhanced speed ranged from 0 to
1.99 m/s (mean: 0.38 m/s, SD: 0.45, n = 13,317). The enhanced
altitude ranged from 15.0 to 30.0 meters (mean: 20.96 m, SD:
2.41, n=12,445). This metric captured changes in vertical
movement or terrain exposure during work.

Box-and-whisker plots illustrating the variability for the key identified physiological factors across all participants. The data was

3.4 | AIHA App Risk Analysis Comparison
With mPSI

Heat stress risk levels based on the hourly app WBGT were
compared to the corresponding heat strain risk levels based on
the hourly mean mPSI. The percentage of each risk level cate-
gory assigned to the two data sets of WBGT from the app by
workload (moderate and heavy) and to the calculated two data
sets of mPSI by CBT used (mean or maximum CBT) are shown
in Figure 3. The most common risk level was “no/little/minimal
risk” for mPSI calculated using mean CBT (mPSI-meanCBT,
45.2%) and “low risk” for mPSI calculated using max CBT
(mPSI-maxCBT, 46.7%). Both mPSI data sets had very small
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percentages of “high risk” level categories (11.5% and 17.0% for
mPSI-meanCBT and mPSI-maxCBT, respectively) and had 0%
assigned to “extreme risk”. In contrast, the most common risk
level was “extreme risk” for both WBGT data sets, regardless of
the workload assumption (59.6% and 77.8% for moderate and
heavy workloads, respectively), while the least common risk
levels were “low risk” for WBGT under moderate workload (0%)
and “no/little/minimal risk” for WBGT under heavy workload
(0%). By workload, there are higher percentages of the more
severe risk levels under the heavy workload assumption (77.8%
for extreme risk and 7.0% for high risk) than under the mod-
erate workload assumption (59.6% for extreme risk and 0% for
high risk).

The hourly heat stress or strain risk levels assigned to each heat
stress/strain index (mPSI and WBGT) for all monitoring days
are shown in Figure 4. The qualitative risk levels of no/little/
minimal, low, moderate, high, and extreme risks were assigned
to numerical risk levels from 1 to 5, respectively. For mPSI,
hourly qualitative risk levels were derived from the hourly
mean mPSI for each monitoring day. The hourly heat stress risk
levels based on WBGT, regardless of the workload assumption,
ranged from 1 (no/little/minimal) to 5 (extreme) and were
found to be consistently higher than the hourly heat strain risk
levels based on mPSI, regardless of the CBTi used, which ran-
ged from 1 (no/little/minimal) to 2 (low). For example, on
monitoring day 2 at 12 noon, the WBGT-based risk level was at

American Journal of Industrial Medicine, 2026

731



the most severe risk (i.e., extreme) while the mPSI-based risk
level was at the lowest risk (i.e., no/little/minimal).

3.5 | Geospatial Analysis

Minutely heat strain risk data exhibited spatial patterns and
were more variable than the hourly mean mPSI trends
(Figure 5). Mean mPSI was greatest when participants were in a
field (2.9 +1.7), followed by when participants were traveling
along a road (2.5 + 1.5) or at the entrance to the farm (2.4 + 1.0).

Overall, mPSI ranged from 0.5 to 7.55 (Figure 5A), with the
maximum occurring in a field (Figure 5A). Mean and median
mPSI values suggest that most participants were not at risk for
heat strain/stress (Figure 5A). However, 57% of mPSI observa-
tions were > 2, indicating that participants experienced at least
low heat strain/stress for most of their workday. Furthermore,
some participants experienced moderate to high risk during
their workday, particularly when they were working in a field,
building, or traveling along a road (Figure 5A). There were 3
occurrences where one individual experienced high heat stress
risk (mPSI range: 7.0-7.55), which occurred in a field at
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FIGURE 5 | (A) Boxplot of participant mPSI relative to location on farm. (B) Time series of mPSI categorized by location.
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approximately 11:15 AM on 17 July (Figure 5B). From 15 to 17
July, there were 316 instances where participants experienced
moderate heat stress (mPSI range: 5.0-6.9) and most of these
occurrences were observed in a field (70%) or while on a road
(23%). These data show that individuals’ heat strain/stress risk
level can vary considerably throughout the day and depending
on their location.

3.6 | Correlation and Model Prediction

3.6.1 | Correlation Between Study Variables

Participant-level linear regressions were performed between
each predictor and mPSI across five smoothing conditions
(NO_MA, MA15, MA30, MA60, and MA90). For each variable
and participant, R values were computed, and median values
were compared between the NO_MA and MA90 windows to
quantify the impact of smoothing. Box and Whiskers plots were
created to show the R? variation among participants for differ-
ent moving averages, as shown in Figure 6. The results showed
substantial variability in how moving-average smoothing in-
fluenced the strength of association between predictors and
mPSI. Under the unsmoothed NO_MA condition, heart rate
exhibited the strongest association with mPSI (median
R*=0.60), followed by total fluid loss (0.35) and skin temper-
ature (0.21). Movement-related variables and WBGT showed
weaker relationships, with median R? values generally below
0.15. When smoothing was applied, the magnitude and direc-
tion of change in median R* varied widely across variables.

Several predictors showed modest increases in median R* as
smoothing windows increased. Skin temperature increased
from 0.21 to 0.23, representing a 13.8% increase, and total fluid
loss increased by 6.3%. Other variables showed larger percent-
age increases, such as sweat rate ( + 52.9%), distance ( + 26.7%),
and enhanced altitude (4 70.6%). The largest relative increase
was observed for enhanced speed, which increased from a very
low NO_MA median (0.01) to 0.10 under MA90, corresponding
to a 1430% increase; however, despite the large percentage

change, its absolute predictive value remained low. Not all
variables benefited from smoothing. Heart rate, despite being
the strongest predictor in the NO_MA condition, showed a
24.2% decrease in median R* after smoothing (0.60 — 0.46).
Sodium loss rate also showed a modest decrease of 5.3% in its
median R? from NO_MA to MA90. These decreases reflect cases
in which smoothing removed short-term variability that was
informative in explaining fluctuations in mPSI.

3.6.2 | Multi-Linear Regression With Backward Elimination to
Predict mPSI

The Box-and-Whiskers plot of R*> and RMSE for different
moving averages is shown in Figure 7. A total of ten multi-
linear regression models were developed for each participant.
Five models included hydration variables from the NIX sensors,
and five excluded them. Within each set, the models corre-
sponded to the five smoothing windows: NO_MA, MA1S5,
MA30, MA60, and MA90. Model performance was evaluated
using R* and RMSE from the holdout testing sets. When NIX
hydration variables were excluded, the models demonstrated
moderate to strong predictive performance across participants.
Under the NO_MA window, the mean R* was approximately
0.68 and the mean RMSE was 0.48. Applying smoothing
changed the model behavior across the windows. The MA15
window resulted in a slight reduction in R* and a modest
decrease in RMSE to 0.48. The MA30 window improved model
fit, with R* increasing and RMSE decreasing to 0.43. The MA60
window provided the greatest overall improvement, where the
mean RMSE decreased to 0.39, the lowest error observed for
this model type, and the mean R? reached one of the highest
values in the dataset at approximately 0.75. [Correction added
on 20 June 2026, after first online publication: In the preceding
sentence, the RMSE values was revised from 0.3976 to 0.39 to
adjust the decimal value.] The MA90 window showed greater
variability across participants, reflected in higher RMSE values
at 0.43 and less consistent R* behavior. Based on the combi-
nation of higher R*> and lower RMSE, the MA60 window pro-
duced the best performance for models without hydration
variables.
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The models that included hydration variables followed a similar
pattern, although they consistently achieved lower RMSE values
across all smoothing windows. Under the NO_MA condition, the
mean RMSE for models with NIX variables was 0.34, which was
already considerably lower than that of the models without NIX.
Smoothing initially reduced performance at the MA15 window,
where RMSE increased to 0.37, and R did not improve. At MA30,
RMSE decreased to 0.33 and R? increased relative to MA15. The
MA60 window again produced the best results, with RMSE
decreasing to 0.30, which was the lowest error across all models and
smoothing windows, while R” reached its highest values for the NIX
model set. At MA90, RMSE rose slightly to 0.33 and R? became
more variable. Across all windows, the inclusion of hydration
variables lowered RMSE by approximately 20% to 30% relative to
the corresponding models without hydration variables, although R*
values remained similar between the two model types.

The mean (90%) t-statistics for the predictors shown in Figure 8
confirmed the strong predictability of heart rate and its moving
averages to mPSI across all participants. However, the predictability
of other predictors varied considerably, underscoring the need for
participant-level models rather than a population-level approach.

Under the unsmoothed NO_MA condition, heart rate was by far
the most important predictor, with a mean t-value of 25.04 (90% CI:

11.21-38.88), indicating a very strong and stable positive associa-
tion. All other predictors, including skin temperature, hydration
metrics, and movement variables, showed much weaker associa-
tions, with confidence intervals crossing zero, indicating they did
not make a significant independent contribution.

This hierarchy of predictor importance remained consistent across
the 15-, 30-, and 60-min smoothing windows. In all three condi-
tions, heart rate remained the dominant predictor with mean
t-values stable between 11.12 and 11.31 (CIs approx. 7.7-14.8).
Meanwhile, skin temperature, sodium loss rate, sweat rate, and
movement variables consistently displayed weaker associations with
confidence intervals spanning zero, confirming their lack of statis-
tical reliability in these models. A notable shift occurred only at the
90-min window (MA90). While heart rate remained the strongest
predictor (mean t-value 8.69), enhanced speed emerged as a sta-
tistically significant but modest predictor with a mean t-value of
2.08 (CIL: 0.31-3.85). Additionally, skin temperature became signif-
icantly negative at MA90 (mean t-value —4.29, CI —7.41 to —1.17),
suggesting that, with very long smoothing windows, higher skin
temperature was associated with lower mPSI in the linear models.

For both models with and without the hydration predictors
from the NIX sensors, their mean (90% CI) RMSEs, as shown in
Figure 7 reached the lowest in the holdout testing set when the
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60-min moving average predictors were used. On the other
hand, the median model R*s reached the highest when 60-min
moving average predictors were used. A predictive model can
combine different predictors and their moving averages in its
predictions. However, due to collinearity among the predictors
and the risk of over-parameterization in linear regression (as we
had only 1 day of data per participant), we defer consideration
of mixing the predictors and their moving averages for predic-
tion to the next section, using machine learning methods.

3.6.3 | Machine Learning

The performance of all RF and GBR configurations using R*
(bars) and RMSE (line) is shown in Figure 9. Across all RF
models, R? values ranged from approximately 0.84-0.96, with
the highest R* observed for the 60-min moving average model
(0.962), which performed slightly better than the model com-
bining all predictors (0.960). The RF models using individual
moving-average windows showed strong performance, although
the unsmoothed (NO_MA) model produced the lowest R*
among the RF configurations. RMSE values for the RF models
ranged from roughly 0.25 to 0.51, with the lowest RMSE
observed for the 60-min moving average and combined models.

GBR produced consistently high R* values as well, ranging from
approximately 0.79 to 0.93. The GBR models that incorporated
60-min, 90-min, and all moving-average predictors achieved the
highest R? values within this group. RMSE values for GBR
models ranged from roughly 0.35 to 0.59, with the lowest RMSE
occurring in the configurations that included longer moving-
average windows or all predictors combined. Overall, both
model families demonstrated strong predictive performance,
with the best configurations for each model type achieving R*
values above 0.93 and RMSE values below 0.35.

Feature importance rankings for both RF and GBR models are
shown in Figure 10. Across all models and all moving-average
configurations, heart rate consistently emerged as the strongest

predictor of mPSI. In the RF models, heart rate accounted for
the largest proportion of feature importance in every configu-
ration, with relative contributions ranging from approximately
0.35 to 0.49. GBR demonstrated the same pattern, with heart
rate dominating feature importance across all window lengths.
Following heart rate, distance traveled, and skin temperature
were generally the next most influential predictors. In
unsmoothed models, distance contributed between approxi-
mately 0.10 and 0.14, but its importance dropped significantly
in smoothed models (generally below 0.10). Skin temperature
contributed approximately 0.10 to 0.14 consistently across most
windows.

Environmental exposure measured by WBGT showed moderate
importance in both model types, with values typically between
0.03 and 0.10. Hydration-related variables, including sweat rate,
total fluid loss, and sodium loss rate, contributed to a smaller
but non-negligible importance (generally below 0.05).
Movement-related variables such as enhanced speed and en-
hanced altitude ranked lowest in both RF and GBR models. The
inclusion of moving-average predictors changed the magnitude
but not the hierarchy of importance. Heart rate moving-average
features consistently retained the highest importance among all
moving-average features, followed by skin temperature. Overall,
the feature-importance results demonstrate clear and consistent
patterns across all models, with cardiovascular indicators
showing the strongest relationship with mPSI.

The feature importance rankings for the RF model that
included all predictors and all moving-average windows
(RF_All) and the GBR model with the same configuration
(GBR_AIl) are shown in Figure 11. In both models, heart rate
remained the dominant predictor of mPSI. The 60-min heart
rate moving average (heart_rate_ BPM_ma60) exhibited the
highest importance in both RF_All and GBR_All, followed by
the 30-min moving average and the unsmoothed (current) heart
rate. These three heart-rate features accounted for the largest
proportion of predictive contribution among all variables.
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| The R? (y1 axis) and RMSE (y2 axis) values for all machine learning models.
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FIGURE 10 |
top to bottom.

Skin temperature moving averages were the next most influ-
ential group of predictors. The 90-min and 60-min moving
averages of skin temperature consistently ranked among the top
features in both models. Distance moved and enhanced speed
moving averages showed moderate importance, although they
ranked below the core physiological variables. Environmental
exposure (WBGT) and hydration-related predictors (sweat rate,
total fluid loss, sodium loss rate) had relatively low importance
compared to heart rate and skin temperature.

The feature-importance patterns were generally consistent
between RF and GBR. Both models emphasized the role of
longer moving-average windows, particularly the 60-min win-
dow, which consistently appeared among the top predictors
across physiological, environmental, and movement variables.

3.6.4 | Overall Regression Comparison

The predictive performance of simple linear regression (SLR),
multi-linear regression (MLR), and machine learning (ML)
models was compared using R* and RMSE. The SLR analyses
demonstrated modest predictive capability when predictors
were evaluated individually. Across participants, median R*
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Feature importance rankings for (A) RF and (B) GBR models for different moving average times. The higher value is better from

values ranged from 0.03 for WBGT to 0.21 for skin temperature,
with a maximum of 0.60 for heart rate. No SLR model exceeded
approximately 0.65, establishing a baseline for evaluating
improvements from more advanced modeling approaches.

The MLR models produced substantially stronger performance.
The best configuration occurred at the 60-min smoothing win-
dow, where the model with hydration variables achieved an R? of
0.82 and an RMSE of 0.30. In contrast, the model without
hydration variables produced an R of 0.75 and an RMSE of 0.39.
Relative to the strongest SLR predictor (R* = 0.60), the best MLR
model increased R* by approximately 37 percent. RMSE similarly
improved, with reductions of roughly 35-40 percent compared
with error levels expected from single-predictor models.

The machine learning models demonstrated the highest predic-
tive performance. The Random Forest model at the 60-min
smoothing window (RF_60MA) achieved an R* of 0.96 and an
RMSE of 0.25. Compared with the best SLR performance
(R*=0.60), this represents a 60 percent improvement in ex-
plained variance. Relative to the best MLR model (R* = 0.82), the
Random Forest model increased R? by approximately 17 percent
(or 28 percent relative to the MLR model without hydration). The
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FIGURE 10 | (Continued)

Gradient Boosted Regressor at the same window also performed
strongly, with an R? 0f 0.92 and an RMSE of 0.36, although both
metrics were inferior to the Random Forest model.

4 | Discussion

This study evaluated the feasibility of physiological monitoring
among 30 outdoor agricultural workers in eastern NC using
three wearable devices. To our knowledge, this is the first study
to deploy the CALERA Research sensor in the United States.
Furthermore, this is the first study globally to evaluate the Nix
hydration biosensor. Finally, this work is the first to combine all
three devices to monitor agricultural workers. By combining all
three devices in a field-based feasibility assessment, this study
addresses a critical gap in validating consumer-grade wearables
for occupational safety, utilizing advanced, multi-parameter
technology to protect HRI-vulnerable farmworkers.

4.1 | Data Retrieval Performance

The monitoring devices revealed both strengths and challenges
relevant to field-based physiological monitoring. The CALERA
monitors achieved 100% data retrieval, confirming their
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reliability for continuous outdoor measurements. In contrast,
the Nix hydration biosensors had intermittent synchronization
issues with Android devices, resulting in an 80% retrieval rate.
The Nix platform also offers a desktop software option that
provides additional hydration metrics and allows users to
download raw data. However, this feature requires a paid sub-
scription, which may limit its broader research use. Garmin
watches exhibited the second-highest reliability, with one par-
ticipant inadvertently turning off data collection, thereby
reducing the overall retrieval rate to 97%. Additionally, four
others disabled the GPS function, which affected variables such
as distance and speed. These issues underscore the need to
implement device-locking or restricted-user modes in future
studies to prevent participants from unintentionally inter-
rupting measurements and to ensure the collection of complete,
high-quality datasets.

4.2 | Demographics

The demographic profile of the participants partially reflects a
typical agricultural workforce in the region, consisting primar-
ily of male, married adults with varying levels of formal
education and English proficiency. The cohort was younger,
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32.5 years, than a nationally representative sample of 41 years
[52]. The findings also reveal generally favorable bathroom
access, with most workers reporting a walking distance of 3 min
or less, an important factor supporting regular hydration and
minimizing intentional fluid restriction. The baseline heart
rhythm and age distribution indicate a relatively healthy,
working-age population, though variability in physical con-
ditioning and experience may influence individual heat
response.

4.3 | Environmental and Participants’
Physiological Changes

This field-based evaluation of outdoor agricultural workers
during July demonstrates that participants were consistently
exposed to high environmental heat, resulting in measurable
physiological responses indicative of mild to moderate heat
strain. WBGT levels remained elevated throughout the mon-
itoring period, with daily medians near 28°C and upper quar-
tiles approaching 30°C, aligning with the ACGIH threshold
limit values (TLVs) for moderate workloads. The higher mini-
mum WBGT on July 17 suggests that heat was sustained later
into the day, reducing opportunities for thermal recovery
between work intervals.

The range of mPSI values observed in this study shows that
participants experienced a broad spectrum of physiological
strain, from minimal to high risk. The participant PSI average of
2.8 was slightly higher than that of 221 Florida farmworkers
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Feature importance rankings for RF (left) and GBR (right) models for all moving averages. The higher value is better from top to

(m =2.5) [39], despite our sample being majority males and
younger, both protective factors for HRI. While the groups had
similar job tasks, perhaps work intensity could explain the
difference, as the Florida group’s moderate intensity activity
spanned about a third of the work shift, while the NC farm-
workers were assumed to be closer to 75%. Chavez Santos et al.
[53] reported mean maximum physiological strain index (PSI)
values of 4.3 and 4.6 for intervention and comparison groups of
agricultural workers in Washington state, respectively, noting
that lower effort tasks generally corresponded to PSI values
between 3 and 4. In contrast, our cohort exhibited notably
higher physiological strain, characterized by a mean maximum
mPSI of 5.28 and individual peaks reaching 7.55. This elevation
suggests our participants experienced greater combined physi-
cal and environmental stress; however, data collection occurred
monthly over 3 months, and core body temperature was esti-
mated from one tympanic temperature reading combined with
continuous heart rate monitoring, not from a continuous tem-
perature monitor like in our study.

While approximately 8 percent of all values exceeded a com-
monly referenced threshold for elevated strain, core body tem-
perature exceeded the NIOSH-recommended limit of 38
degrees Celsius in more than 12 percent of all recorded mea-
surements. The relatively narrow range of core temperature
variability among many participants suggests the workers were
well adapted to HRI-high-risk work. Among Washington State
pear and apple harvesters observed CBT,; exceeding 38.5°C
among 17% of participants [22] which is consistent with reports
among agricultural workers in other US States. For example,
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among 221 nursery, fernery, and crop workers over three
summer workdays in Florida, 16% of participants exceeded a
gastrointestinal temperature of 38.5°C on at least 1 day [39].

Parsons et al. [29] found that agricultural workers spent 7.1% of
their total working minutes with a core body temperature at or
above 38°C. On days with severe heat (WBGT > 31.1°C), the
time agricultural workers spent above this safety threshold
increased drastically to 21.5% of their working minutes.

Sweat rate values varied greatly among participants, and a small
subset exceeded the NIOSH guideline of 1.2 kilograms per hour.
Differences in sweat rate likely reflect variation in work
intensity, acclimatization, and individual sweat gland activity.
These findings support the need for individualized hydration
plans, particularly for heavy sweaters. Although we did not
collect fluid intake quantity during the data collection, previous
research suggests farmworkers drink 2-6 liters of fluid per shift
[54-56]. This suggests that most workers should have been
hydrated, given that total fluid loss averaged less than 1.5 liters.
Post-shift dehydration is common in the studied farmworkers
[54, 57, 58], and therefore, future research combining Nix and
hydration status measures (i.e., urine specific gravity) is
necessary.

The only published study on sweat analysis of farmworkers was
with older adult Japanese farmworkers who lost 668 mL/h,
determined through body weight change for sweat loss and
local sweat collection with absorbent tape [59]. Sweat rate
among electrical line workers in Australia was 0.44 L/440 mL/h,
as estimated by pre- and post-shift weight change.

Sodium loss rate displayed substantial variation across partici-
pants. Higher losses indicate a combination of high sweat vol-
ume and higher sweat sodium concentration. Individuals with
greater sodium losses may face an increased risk of muscle
cramping and reduced thermoregulatory efficiency. The range
of sodium losses observed in this study underscores the
importance of incorporating electrolyte replacement into heat-
stress management, particularly for participants with the
highest sweat volumes. Hydration-related findings suggest
opportunities for improvement. Only 30% of participants re-
ported completing mandatory hydration education, and fewer
than half reported adhering to recommended hydration fre-
quency. These patterns may contribute to greater heat strain
susceptibility, particularly among workers with lower English
proficiency who may face barriers to understanding training
materials or accessing training.

Heart rate remained below the ACGIH recommended limit of
180 beats per minute for all participants. Although the recom-
mended limit was not exceeded, the elevated average heart rate
observed throughout the work periods indicates significant
cardiovascular engagement. Heart rate is a sensitive indicator of
metabolic workload and thermoregulatory effort, and elevated
heart rates reflect the combined strain of physical work and
environmental heat exposure. Distance traveled varied widely
among participants, indicating different work patterns and
levels of physical activity. Enhanced speed values remained
relatively low. This suggests that most participants worked at
moderate movement intensity. Short periods of rapid movement

can elevate metabolic heat production, but the overall move-
ment patterns observed indicate that most tasks involve steady,
moderate speed. While this level of activity still contributes to
heat load, it likely did not drive extreme physiological strain on
its own. Changes in altitude during work were small and
unlikely to meaningfully affect metabolic workload or thermo-
regulatory stress. The minimal elevation changes observed are
consistent with work carried out on mostly level terrain. As a
result, altitude-related workload was not a major contributor to
physiological strain in this setting.

4.4 | AIHA App Risk Analysis Comparison
With mPSI

Findings showed that mPSI-derived heat strain risks among the
agricultural workers were consistently lower than WBGT-
derived heat stress risks. Two factors may explain this differ-
ence: worker acclimatization and sensor accuracy. First, the
participants were likely well acclimatized to the hot environ-
ment. Approximately 90% had worked in agriculture for at least
1 year (up to more than 5 years), and all participants had
worked at least ten weeks during the agricultural season when
the study took place. Repeated exposure to hot conditions
promotes physiological adaptations that improve the body's
efficiency in coping with heat stress [60]. Acclimatized workers
typically exhibit lower CBT and heart rate, and a higher sweat
rate, than non-acclimatized workers [61-63]. These adaptations
may have resulted in lower calculated mPSI values and,
therefore, lower heat strain risk estimates when compared with
WBGT-derived risk.

WBGT is considered the gold standard for assessing workplace
environmental heat exposure because it incorporates environ-
mental parameters such as ambient temperature, humidity,
wind speed, and radiant heat [64]. However, WBGT does not
account for individual physiological responses, which can lead
to overestimation of risk, particularly when workers are
acclimatized and more heat tolerant. WBGT-derived risks,
which are intentionally conservative, may better represent
workers who are unacclimatized, have pre-existing health
conditions, take medications, or have other factors that reduce
heat tolerance [60].

Second, the lower mPSI-derived risk may also be related to
potential underestimation of CBT and heart rate by the wear-
able sensors, as reported in previous studies [19, 35].

4.5 | Geospatial Analysis

Results indicated that minutely mPSI data can vary depending
on the individual and location. The elevated mPSI values
among participants while working in a field were expected [39];
however, the elevated heat strain/stress risk in participants
while traveling along a road was unexpected. This likely oc-
curred due to a lag response as workers transitioned from
working in a field to a vehicle to travel to the next work site. It
should be noted that the workers in this study have air-
conditioned work vehicles and were assumed to be functioning
on the data collection day.
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4.6 | Correlation and Prediction Models

4.6.1 | Correlation Between Study Variables

The analysis showed that the linear relationship between
individual predictors and mPSI varies substantially by variable
and by the degree of temporal smoothing applied. Under
unsmoothed conditions, heart rate was the strongest predictor,
with a median R* of 0.60, while skin temperature and other
physiological measures exhibited more modest associations.
These baseline differences reflect the dominant contribution of
cardiovascular strain to the mPSI metric smoothing that had
mixed effects across variables. Skin temperature demonstrated a
modest but consistent improvement ( + 13.8%), suggesting that
reducing short-term noise enhances its alignment with mPSI.
Larger percentage increases were seen for sweat rate, distance,
and enhanced altitude, though these increases often resulted
from low baseline R? values and did not translate into strong
absolute predictive performance. Enhanced speed showed the
largest relative increase, but its overall predictive value
remained low.

In contrast, smoothing reduced the predictive strength of heart
rate (—24.2%), indicating that high-frequency variability in
heart rate is relevant for capturing rapid physiological strain
responses. The sodium loss rate also declined slightly with
smoothing, further indicating that not all predictors benefit
from temporal averaging.

Overall, these findings highlight that smoothing does not uni-
formly improve predictor mPSI relationships. Variables differ in
whether their informative content lies in short-term fluctua-
tions or longer-term trends. Effective preprocessing for heat-
strain modeling should therefore be variable-specific rather
than uniformly applied, ensuring that smoothing enhances the
predictive signal rather than removing physiologically mean-
ingful information.

4.6.2 | Multi-Linear Regression

The multi-linear regression models demonstrated substantial
improvements over simple linear regression by incorporating
multiple physiological predictors simultaneously. While the
strongest single predictor in SLR, heart rate, achieved an R* of
approximately 0.60, the best-performing MLR model increased
this value to 0.82 at the 60-min smoothing window. This rep-
resents a 37 percent improvement in explained variance and a
meaningful reduction in RMSE. These results confirm that
combining physiological variables provides a more accurate
estimation of mPSI than evaluating predictors individually.

The t-statistics provided additional insight into the relative
importance of the predictors and the internal structure of the
MLR models. Across all smoothing windows, heart rate was
consistently the dominant predictor. In the unsmoothed model,
heart rate produced an exceptionally high mean t-value of
25.04, with a 95 percent confidence interval from 11.21 to 38.88.
This large, stable, and unambiguously positive effect indicates
that heart rate contributes the majority of the linear predictive
power in the MLR framework. Even after smoothing, the effect
remained strong. At MA15, MA30, and MAG60, heart rate
t-values remained between 11.12 and 11.31, with confidence

intervals that did not overlap zero for any window. These
findings demonstrate that heart rate is the primary physiologi-
cal indicator of mPSI across all versions of the linear model.

Other predictors contributed far less. Skin temperature
showed moderate t-values, but its confidence intervals crossed
zero for most smoothing windows, indicating inconsistent or
participant-dependent effects. Hydration-related variables,
including sodium loss rate, sweat rate, and total fluid loss,
showed weak and unstable contributions across all smoothing
levels, with wide intervals overlapping zero. Movement vari-
ables, including distance, enhanced altitude, and enhanced
speed, demonstrated minimal independent predictive contri-
bution, with t-values near zero and confidence intervals that
crossed zero for nearly all windows. The only exception oc-
curred at the 90-min smoothing window, where enhanced
speed showed a small but statistically significant contribution
(t-value 2.08, CI 0.31-3.85). Even in this case, the effect was
modest relative to the effect on heart rate.

Overall, these results show that the performance gains observed
in the MLR models stem primarily from the inclusion of heart
rate, which carries the strongest and most stable linear rela-
tionship with mPSI. Other predictors provide limited additional
explanatory power in the linear model structure, and their
contributions are often statistically insignificant. The improve-
ment of MLR over SLR, therefore, reflects the inclusion of
multiple correlated predictors, but the model's predictive
strength is dominated by a single variable. These findings also
clarify why more flexible machine learning models outperform
MLR. When predictors beyond heart rate have weak or
inconsistent linear associations, linear models have limited
ability to extract additional signals. Ensemble tree models,
which capture nonlinear interactions and complex dependen-
cies, can leverage this structure more effectively, leading to
substantial accuracy gains observed in the ML analyses.

4.6.3 | Machine Learning

Machine learning results from RF and GBR indicate that RF
consistently outperformed later, both with and without the
moving-average features. In general, RF offers advantages such
as reduced risk of overfitting, greater robustness, and fewer
hyperparameters requiring tuning. In contrast, GBR is more
susceptible to overfitting because boosting models iteratively fit
residuals and can more easily memorize fine-grained patterns
in the training data. This study employed a holdout validation
method in which training and testing samples were randomly
selected. Therefore, the temporal order of the data was not
preserved. For example, the training set may include records
from 9:31, 9:32, and 9:50, while the testing set contains records
from 9:33 and 9:34. This sampling strategy introduces temporal
leakage, where short-range time-dependent patterns present in
the training data also appear in the testing data. Such leakage
can artificially inflate performance estimates and can affect
models differently.

Because RF is an ensemble of decorrelated trees, it is generally
more robust to subtle temporal leakage and less prone to
memorizing sequential dependencies. GBR, on the other hand,
is more sensitive to this issue because each tree attempts to
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correct the errors of the previous one, making the model more
likely to fit noise associated with short-term temporal structure.
We believe this difference in model behavior explains why RF
demonstrated superior performance in our experiments.

4.6.4 | Overall Regression Comparison

This study compared the predictive performance of simple
linear regression, multi-linear regression, and machine learning
models for estimating mPSI across multiple smoothing win-
dows and input configurations. The results demonstrated a
clear and consistent progression in model performance, with
substantial quantitative improvements from SLR to MLR and
from MLR to ML. The simple linear regression models provided
limited predictive strength when each variable was assessed
individually. Median R* values ranged from 0.03 to 0.21 for
most predictors and reached a maximum of 0.60 for heart rate,
with no SLR model exceeding approximately 0.65. These results
indicate that single predictors alone do not capture enough
variability in the physiological strain index to support accurate
prediction. This limitation of SLR served as a baseline against
which improvements from MLR and ML could be measured.

The multi-linear regression models significantly improved pre-
dictive performance by incorporating multiple physiological
variables simultaneously. The best MLR model, which used a
60-min smoothing window and included hydration variables,
achieved an R? of 0.82 and an RMSE of 0.30. This represented
approximately a 37 percent increase in R* compared with the
strongest SLR model, where R*> improved from 0.60 to 0.82.
RMSE also improved meaningfully when transitioning from
SLR to MLR, reflecting enhanced prediction accuracy. These
results show that integrating multiple predictors better captures
the multidimensional physiological processes underlying mPSI,
thereby improving explanatory power and accuracy beyond
what SLR can achieve. Machine learning models provided the
largest performance gains, particularly the Random Forest
model at the 60-min smoothing window. This model achieved
an R? of 0.96 and an RMSE of 0.25, which represented the
strongest performance across all modeling approaches. Com-
pared with the best SLR model, this reflects a 60 percent
increase in explained variance, rising from 0.60 to 0.96. Relative
to the best MLR model (R*=0.82), the Random Forest
increased R* by an additional 17 percent. These improvements
demonstrate the ability of machine learning models to capture
nonlinear relationships and complex interactions among vari-
ables that linear models cannot represent. Although the Gra-
dient Boosted Regressor also performed well, with an R? 0f 0.92
at the 60-min window, the Random Forest consistently out-
performed GBR across all smoothing windows, highlighting its
stability and suitability for this dataset.

Together, these findings show a clear hierarchy of predictive
capability. SLR provides limited insight into mPSI variability
when predictors are evaluated individually. MLR improves
performance substantially by modeling multiple predictors
simultaneously. Machine learning models provide the best
performance, achieving the highest R* values and lowest RMSE
values, with the Random Forest model at the 60-min window
emerging as the optimal configuration. These results under-
score the value of ensemble learning methods for capturing the

complex physiological and behavioral relationships inherent in
mPSI and highlight the benefit of moderate smoothing for sta-
bilizing the input signals and improving predictive accuracy.

4.7 | Study Limitations and Future Work

The study has several limitations that should be addressed in
future work. Due to limited funding, the devices were not
evaluated against reference instruments or standard methods,
which restricts the ability to quantify measurement accuracy.
Future work will include formal evaluations and the develop-
ment of device-specific regression models to improve data
accuracy. In addition, the findings may not fully represent the
heat strain risk experienced by unacclimatized outdoor workers
in agriculture or similar outdoor environments. These workers
are more likely to experience higher PSI values and, therefore,
may face heat stress risks that align more closely with risks
estimated from WBGT. The prediction models in this study
were validated using a holdout method for both multilinear
regression and machine learning approaches. Future work
should explore multi-day validation by applying model param-
eters derived on the first day to subsequent days to better assess
temporal stability. Finally, future work will focus on designing
and implementing more advanced machine learning models,
including transformer-based architectures and deep neural
networks, to enhance predictive performance. These ap-
proaches require substantially larger datasets, and current
funding limitations have prevented the collection of sufficient
data to support their development. High-resolution WBGT data
were obtained from a weather station ~32km from the farm
and may not reflect the actual WBGT on the study site due to
potential differences in weather conditions. Although air tem-
perature and relative humidity may not significantly vary
between the weather station and the study site, WBGT also
incorporates wind speed and solar irradiance, which may differ
significantly by location. The use of on-site heat stress monitors
to obtain more accurate WBGT data in future studies is
recommended.

Acclimatization status was not formally assessed in this study.
Although demographic data indicate that the majority of parti-
cipants had substantial prior agricultural experience and had been
working throughout the current season, which suggests a
reasonable degree of heat acclimatization, individual acclimati-
zation levels or their specific contribution to the observed mPSI
values cannot be quantified. Acclimatization is known to lower
resting and exercise heart rate, reduce core body temperature
during exertion, and increase sweat rate, all of which directly
influence mPSI calculations. Future studies should incorporate
validated acclimatization assessments (e.g., heat tolerance tests or
serial physiological monitoring across the season) and, where
feasible, stratify analyses by acclimatization status or time in the
season to better understand its moderating role.

5 | Conclusion

This pilot study demonstrated that commercially available
wearable devices can successfully capture continuous physio-
logical and environmental data among agricultural workers
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performing real outdoor tasks during periods of substantial heat
exposure. The CALERA core temperature sensor, the Nix
Hydration Biosensor, and the Garmin smartwatch generated
meaningful measurements with high retrieval rates and pro-
vided information that reflected both individual strain and en-
vironmental conditions throughout the workday. The observed
physiological responses, including elevated core temperature,
increased heart rate, and variable sweat and sodium loss,
showed that workers experience measurable heat-related strain
even when risk levels derived from WBGT may suggest more
severe conditions. Machine learning models, particularly the
Random Forest model using 60-min moving averages, demon-
strated strong predictive capacity for estimating mPSI, which
supports the use of integrated modeling approaches for real-
time heat risk assessment.

These findings indicate that wearable sensor-based systems can
complement traditional heat stress tools by providing person-
alized, continuously updated physiological information. This
approach has the potential to strengthen workplace heat safety
programs, guide earlier interventions, and reduce the likelihood
of heat-related illness among workers in physically demanding
outdoor industries. From an occupational health perspective,
employers could supply these wearable sensors as a proactive
safety measure. However, to prevent discriminatory employ-
ment practices, the raw physiological data should remain ex-
clusively accessible to individual workers to privately manage
their hydration and rest needs. Further research with larger and
more diverse populations, multiple work tasks, and longer
monitoring periods will help refine these systems and advance
the development of practical, data-driven decision tools for
occupational heat protection.
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