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ABSTRACT
There is a substantial burden of occupational health effects from heat exposure. We sought
to assess the accuracy of estimated core body temperature (CBTest) derived from an algo-
rithm that uses sequential heart rate and initializing CBT,1 compared with gastrointestinal
temperature measured using more invasive ingestible sensors (CBTgi), among outdoor agri-
cultural workers. We analyzed CBTest and CBTgi data from Washington State, USA, pear and
apple harvesters collected across one work shift in 2015 (13,413 observations, 35 partici-
pants) using Bland Altman methods. The mean (standard deviation, range) CBTgi was 37.7
(0.4, 36.5–39.4)�C. Overall CBT bias (limits of agreement) was �0.14 (±0.76)�C. Biases ranged
from �0.006 to �0.75 �C. The algorithm, which does not require the use of ingestible sen-
sors, may be a practical tool in research among groups of workers for evaluating the effect-
iveness of interventions to prevent adverse occupational heat health effects.
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Introduction

There is a substantial burden of adverse health effects
from heat exposure among working populations. Heat
exposure can cause elevated core body temperatures,
exertional heat stroke, which can be fatal, and other
heat-related illnesses and is associated with traumatic
injuries.2 Agricultural workers often perform physic-
ally demanding work in hot conditions and are at par-
ticularly high risk of adverse health effects from heat
exposure. In the US, agricultural workers have 35
times the rate of heat-related deaths compared to
workers in all other industries (rate ratio 35.2, 95%
confidence interval [CI] 26.3–47.0), with a yearly aver-
age fatality rate of 3.1 per one million workers.3 In
the agriculturally intensive US states of Washington
and California, workers in the agriculture, forestry,
and fishing (AFF) sector have higher rates of heat-
related illness compared to other sectors.4,5 An inter-
national systematic review and meta-analysis of

epidemiological studies found that, compared to other
sectors, the agriculture sector had an increased risk of
occupational injuries in the heat.6 Absent extensive
restructuring of agriculture, this risk is not likely to
decrease in the future, as the frequency and severity
of extreme heat are projected to increase.7

Adverse health effects from heat exposure are pre-
ventable, and evaluations of the effectiveness of
approaches that address risk factors at multiple levels
(e.g., individual, coworker, employer, community,
built environment, and policy levels) for agriculture
are needed.8 A variety of promising heat stress
prevention strategies exist,9–12 but few studies have
evaluated the effectiveness of these approaches on
large scales across multiple different settings. Research
in California suggests an increased risk of heat-related
illness even when farms follow California/
Occupational Safety and Health Administration
(OSHA) heat regulations.13 Practical and acceptable
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methods for assessing heat strain outcomes are needed
for research that aims to evaluate the effectiveness of
promising heat prevention approaches in the field.

There exist a variety of heat strain monitoring
methods, each of which has different limitations and
strengths.2 Though low-cost and practical, worker
reporting of symptoms may be affected by recall bias
or concerns about reporting, and awareness of heat-
related illness symptoms may be compromised by the
effect of heat on cognition.14 Measurement of heart
rate alone may be difficult to interpret, as many fac-
tors influence heart rate including age, underlying
health conditions, and medication use. Heart rate also
fluctuates more rapidly than core body temperature,
and determination of meaningful heart rate thresholds
may need to consider time averaging of raw data and
other criteria such as the relationship between heart
rate and endurance time.15 Core body temperature
(CBT) is a critical indicator of heat strain. The most
accurate locations for measuring CBT are the rectum
or the esophagus, but the invasiveness of these meas-
urements limits their practicality outside the clinical
setting. Gastrointestinal temperatures can be used to
estimate CBT. Inert ingestible thermometer pills,
which continuously transmit temperature to an exter-
nal receiver as the capsule travels through the digest-
ive tract, allow monitoring of CBTs in field settings.
Ingestible CBT sensors have been used in some
research studies to characterize heat strain.16–18

However, ingestible sensors are costly, are sensitive to
food and fluid intake, and may not be indicated or
acceptable for all people.19 Several methods have been
proposed to predict CBT, but these methods rely on
the concurrent assessment of several parameters,
including height, weight, clothing, heart rate, respira-
tory rate, heat flux, accelerometry parameters, and
skin temperature, which may be difficult to measure
continuously during heavy physical work in
the field.20–24

An ideal method for assessing heat strain for
research would be reasonably accurate, involve as few
parameters as possible, and would be cost efficient,
practical, and acceptable to research participants.20

The US Army Research Institute of Environmental
Medicine (USARIEM) developed a CBT estimation
algorithm, based on one-minute heart rate measure-
ments and baseline CBT, using an extended Kalman
filter approach.1 The underlying rationale for the
approach is that heart rate not only increases with
physical work, from which approximately 80% of
energy generated results in heat production, but heart
rate also increases in the heat to support increased

blood flow to the skin and subsequent evaporative
heat loss.25 The USARIEM algorithm was developed
using field data from 17 male US Army soldiers
(mean [standard deviation] age ¼ 23 [4] years) with
CBTs ranging from 36–40 �C.1 The algorithm was
evaluated on over 52,000 CBT measurements from
nine laboratory and field studies with 82 male and
one female volunteer (studies reporting mean ages of
participants ranging from 22 to 28 years), a wide
range of exertion levels (estimated as 200–1000W),
air temperatures (9–47 �C), relative humidities
(9–95%), hydration states, clothing ensembles, and
acclimatization states against CBT measured by rectal
probe, thermometer pill suppository, and ingested
thermometer pills (overall bias �0.03 ± 0.32 �C, 95%
limit of agreement (LoA) of ±0.63 �C).25 The algo-
rithm has since been updated to incorporate a sig-
moid equation to better correct lower CBT estimates
(ECTempTM),26 and validation among 21 male Royal
Marines compared to gastrointestinal temperatures
indicated a bias of �0.10 ± 0.37 �C for those with pro-
gressively increasing CBTs over 40 �C and a bias of
0.34 ± 0.40 �C among the other participants.27

However, there have been limited algorithm evalua-
tions outside of military settings or in samples that
include female or older workers.

The overall goal of this study was to assess the
accuracy of the algorithm among civilian outdoor agri-
cultural workers in the field. We aimed to describe and
compare the bias and LoA of estimated CBT derived
from the algorithm with gastrointestinal temperatures
measured using ingestible sensors, in a field setting
among Washington State, US outdoor agricultural
workers. We hypothesized that while the algorithm
may be less accurate than reported in more controlled
military settings, the estimated CBT derived from the
algorithm may be a useful method for research that
evaluates heat stress prevention approaches.

Materials and methods

We conducted a secondary analysis of data from a
2015 field study that aimed to assess potential mecha-
nisms of the relationship between heat exposure and
traumatic injuries28 and productivity18 among
Washington State, US, agricultural workers. In the
present analysis, we described and compared estimates
of CBT from ingestible gastrointestinal temperature
sensors to those from the algorithm using Bland
Altman methods.
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Study population, recruitment, and sampling

As previously described, we recruited a convenience
sample of adult (age 18 or older) tree fruit workers
from Central/Eastern Washington State through
University of Washington (UW) Pacific Northwest
Agricultural Safety and Health (PNASH) Center con-
tacts.18,28 Forty-six (34 pear and 12 apple) harvesters
from six (five pear and one apple) orchards were
recruited to participate for one work shift each during
the summer of 2015. The mean (standard deviation)
total kilograms harvested per hour was 341 (84).18 We
assumed that all participants were acclimatized based
on their responses to survey questions about duration
of work during the season.

Pear harvesters participated in August and apple
harvesters participated in September, in accordance
with usual harvest timing. We included both August
and September to enhance variability in heat expos-
ure. In Washington State agriculture, workers’ com-
pensation claims for heat-related illness occur more
frequently in August than September, but heat-related
illness has been reported in September.29 We moni-
tored a maximum of four harvesters daily. All partici-
pants were paid by the piece (amount harvested). In
Central/Eastern Washington, agricultural workers are
largely Spanish speaking seasonal immigrant workers
and migrant workers.30 The climate in Central/Eastern
Washington is notable for hotter and more arid
summers, compared to Western Washington.31

Participants provided informed consent prior to par-
ticipation, and all study procedures were approved by
the UW Institutional Review Board.

Gastrointestinal and estimated core body
temperatures and physiological strain index

Workers’ gastrointestinal temperatures were measured
every 20 seconds using CorTempTM FDA registered
and cleared (510K, No. 880639) inert ingestible
thermometer capsules (HQ, Inc; Palmetto, FL), which
were ingested with lukewarm water 30minutes, on
average, before the start of the work-shift. Workers’
heart rates were assessed every 20 seconds using
PolarVR chest band monitors (Polar, Inc; Lake Success,
NY). Baseline body temperatures were measured using
tympanic thermometers (Braun; Kronberg, Germany)
at the start of the work-shift. Workers were not able
to ingest the gastrointestinal sensor the night before
the work-shift, and we were not able to measure par-
ticipants’ baseline CBTs using gastrointestinal sensors
due to work and logistical considerations.

Gastrointestinal temperature (CBTgi) and heart rate
data were wirelessly transmitted to data recorders
worn by workers and subsequently downloaded onto
research computers for analysis. We excluded CBTgi

measurements below 34 �C and above 42 �C and heart
rate measurements below 40 beats per minute (bpm)
or above 200 bpm, as these values were considered
outside of the physiologically expected range. Five-
point rolling medians of the data were calculated, and
missing data were imputed as the median of the five
values immediately before and five values immediately
after the missing value. We did not impute consecu-
tive missing values that exceeded one minute, and we
excluded these points from the analysis. One-minute
average values were computed, and data were
trimmed to remove the first 30minutes of work, given
reported algorithm conversation times25 and CBTgi

equilibration times.32

We derived estimated CBTs (CBTest) from the
algorithm,1 using baseline CBT and heart rate data.
We computed CBTest using a default baseline CBT of
37.1 �C25 and using a baseline CBT estimated from
the morning pre-work tympanic temperature þ0.27 �C
to account for differences between tympanic tempera-
ture and CBT.33

We calculated the physiological strain index (PSI)
to compare PSI computed using CBTgi (PSIgi) with
PSI computed using CBTest (PSIest). We calculated PSI
using the equation PSI ¼ 5�[(Tx -T0)/(39.5-
T0)]þ 5�[(HRx-HR0)/(180-HR0)], where Tx is the core
temperature at time x, T0 is baseline core temperature,
HRx is heart rate at time x, and HR0 is baseline heart
rate.34 The higher the PSI, the higher the heat strain.34

Resting heart rate was not consistently collected, so
we imputed baseline heart rate (T0) using a regression
equation relating measured resting heart rate to the
average of the first 5minutes of heart rate as described
in the Supplementary Material: Additional Methods.

Workplace and individual characteristics

We measured Wet-Bulb Globe Temperatures
(WBGTs) using a hand-held digital WBGT meter
(Extech HT30 WBGT Meter, Extech Instruments;
Nashua, NH) near individual workers during the
work shift approximately every 1–3 hours. Research
staff recorded work and break times, clothing observa-
tions, and activity level observations on standardized
data sheets.

We also assessed individual and workplace charac-
teristics using an audio computer-assisted self-inter-
view survey instrument, which has been assessed for
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reliability and validity among farmworkers, as previ-
ously described.28,35 We measured height and weight
the day the worker participated in the field study to
calculate body mass index (BMI [kg/m2]).36

Analyses

We used descriptive statistics to characterize work-
place and individual factors. We excluded sample par-
ticipants if they had substantial amounts of missing
data, more than ten minutes of missing consecutive
heart rate and CBT data, or CBTgi dipping below
36.5 �C. The quadratic version of the algorithm does
not adequately predict CBT under 36.0 �C.26 Eleven
participants (seven pear harvesters and four apple har-
vesters) of the original 46 were excluded, and a total
of 35 participants were included in the analyses.

We created time-series plots of heart rate, CBTgi,
and CBTest. We assessed the number of participants
with more than three CBT values greater than 38.5 �C
and 38.0 �C. A CBT above 38.5 �C for acclimatized
individuals and 38.0 �C for unacclimatized individuals
may indicate physiological heat strain.37 Though we
did ask about the timing of agricultural work during
the season and the number of days worked in the past
week in the survey, we did not measure acclimatiza-
tion status of individual participants and therefore
assessed both thresholds. We used the Bland-Altman
method,38 with CBTest and PSIest as ‘estimated’ values
and CBTgi and PSIgi as ‘observed’ values, to assess the
accuracy of the algorithm. We reported bias (mean of
differences, observed-estimated), LoA (bias ±
1.96�standard deviation of differences), root mean
square error (RMSE ¼ (sqrt [sum of the square of dif-
ferences/sample size]), and mean absolute error
(MAE¼ sum of the absolute value of the difference
between observed values and the mean of the esti-
mated values/sample size) for the entire sample and
separately for apple (September) and pear (August)
workers, males and females, age under 50 years and 50
or greater years, and for individual participants. We
created scatter plots of observed versus estimated val-
ues, Bland-Altman plots (differences versus mean of
observed and estimated values), and histograms of dif-
ferences, bias, RMSE, and MAE to describe accuracy.
We conducted analyses using both: (1) the default
37.1 �C; and (2) aural temperature þ0.27 �C as the
baseline temperature for the algorithm. Analyses were
conducted using RStudio Server Version 1.4.1717 (R
Foundation, Vienna, Austria)39 and the ‘blandr’ pack-
age version 0.5.1.40

Results

Work and individual characteristics

The mean (standard deviation, range) maximum
work-shift WBGT was 27.3 (3.3, 22.0–33.1)�C in
August and 21.6 (1.7, 19.0–22.9)�C in September.
Workers started work on average around 6 a.m. and
finished around 1 p.m.28 Work times averaged 6.8
(standard deviation 1.5) hours, and most workers took
one break that averaged about 20minutes in the mid-
morning to eat lunch.28 All workers were observed to
be performing moderate metabolic rate (300Watt)
work activities with 75–100% allocation of work in a
work/recovery cycle.37 In general, participants wore
short or long-sleeved shirts underneath hooded sweat-
shirts or button-down shirts and long pants.28

Individual and workplace characteristics of the 35
participants included in the Bland-Altman analyses
are shown in Table S1 in the Supplementary Material.
There were only one to three reports each of having
been told by a healthcare provider about having dia-
betes mellitus, high blood pressure, heart disease, or
overweight/obesity. Only two (6%) participants
reported taking cardiovascular medications. The mean
(standard deviation) BMI of participants was 28.1
(4.3) kg/m2. Characteristics of excluded participants
are described in the Supplementary Material.

The mean (standard deviation, range) gastrointes-
tinal temperature was 37.7 (0.4, 36.5–39.4)�C. Sixty-
nine percent and 17% of participants had at least
three CBTgi measurements over 38.0 �C and 38.5 �C,
respectively. Seventy-one percent and 34% of partici-
pants had at least three CBTest measurements over
38.0 �C and 38.5 �C, respectively. Individual tracings
of heart rate, CBTest, and CBTgi are shown in Figure
S1 in the Supplementary Material. There were observ-
able consistent differences between the CBTest and
CBTgi, with CBTest higher than CBTgi, on average.

Accuracy assessment

Table 1 reports bias and 95% LoA, using a baseline
CBT of 37.1 �C and aural temperature þ0.27 �C, for
CBT and PSI for participants included in the analysis.
The overall CBT and PSI biases were �0.14 �C with
LoA of ±0.76 �C and �0.29 with LoA of ±1.59,
respectively, using the default 37.1 �C baseline CBT.
Scatter plots, Bland-Altman plots, and histograms of
differences between CBT and PSI derived from
observed (gastrointestinal) and estimated (algorithm)
CBTs are shown in Figure 1a and 1b, respectively.
The overall bias was negative, indicating that the
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estimated (CBTest) values were, on average, larger
than the observed (CBTgi) values. However, observed
(CBTgi) values were generally higher than estimated
(CBTest) values for lower mean (of estimated and
observed) CBT values using the aural temperature
þ0.27 �C baseline CBT (Figure 1a[v]). For all partici-
pants, bias was lower using the aural temperature
þ0.27 �C (CBT bias �0.09, 95% LoA ± 0.90 �C; PSI
bias �0.15, 95% LoA ± 1.42) versus the 37.1 �C base-
line. RMSEs and MAEs were not substantially differ-
ent from one another.

Table 1 reports bias, 95% LoA, RMSE, and MAE
using a baseline CBT of 37.1 �C and aural temperature
þ 0.27 �C, for CBT and PSI, respectively, stratified by
gender, age, and crop/month. Using 37.1 �C baseline,
bias was lower for females (�0.005, LoA of ±0.93 �C)
than males (�0.16, LoA of ±0.73 �C) and for those
50 years or older �0.04, LoA ±0.99) compared to
younger than 50 years (�0.17, ±LoA �0.65). Bias was
�0.22 with LoA of ±0.72 �C for pear harvesters but
was 0.12 with LoA of ±0.68 �C for apple harvesters.

Table S2 and Figures S2 & S3 in the
Supplementary Material show bias, 95% LoA, RMSE,
and MAE for CBT by participant using the 37.1 �C
baseline CBT and histograms of individual bias and
RMSE, respectively. Though the overall bias was
relatively low (�0.14 �C), biases ranged in magni-
tude from 0.006 to 0.75 �C (Table S2). In a post-hoc
analysis, we examined characteristics of the five
participants with biases of 0.50 �C or larger magni-
tudes in the negative direction (‘high bias’ partici-
pants). The age range of high bias participants
ranged from 19 to 63 years with a mean of 44.8 years.
The mean (range) BMI of high bias participants was
27.6 (20.1–33.4) kg/m2. Two of the high bias partici-
pants reported a history of hypertension and taking

anti-hypertensive medications. All high bias partici-
pants harvested pears, and only one of the five high
bias participants was female. High bias participants
worked in conditions of mean (range) WBGT
27.5 (22.0–31.6)�C.

Discussion

We evaluated, among Washington State agricultural
workers in the field (35 participants, 13,413 observa-
tions), an algorithm developed in a military setting
that is used to estimate CBT based on sequential heart
rate measurements and baseline CBT.1 In our study,
in which we compared gastrointestinal temperatures
using ingestible CBT sensors to estimated CBTs from
the algorithm, we found a reasonable overall accuracy
of the algorithm. Our study demonstrates the promise
of this algorithm in research evaluating the effective-
ness of interventions to prevent adverse occupational
heat health effects. However, inter-individual variabil-
ity in bias suggests that caution should be applied
when evaluating individual workers.

We found an overall bias for CBT of �0.14 �C using
a baseline CBT of 37.1 �C. This is a higher magnitude
of bias than previously reported in primarily young
male military populations (biases generally smaller than
0.10 �C in magnitude).25,26,41,42 The analysis sample
used to develop the estimated CBT algorithm (all male
US Army soldiers, mean age 23 years)1 differed from
the participant sample included in this study (11%
female, mean age 39 years, largely Latinx). However,
the work rate, clothing ensemble, and environmental
conditions observed in this study fall within the range
of conditions in which the algorithm has been eval-
uated.25,41 In our study, bias was lower for females
than males, though with larger limits of agreement,

Table 1. Bias, limits of agreement (LoA), root mean square error (RMSE), and mean absolute error (MAE) between observed
(gastrointestinal) and estimated (algorithm) (a) core body temperature (�C) and (b) physiological strain index (PSI).

(a)
Bias LoA RMSE MAE

Baseline temperature 37.1 �C aural þ0.27 �C 37.1 �C aural þ0.27 �C 37.1 �C aural þ0.27 �C 37.1 �C aural þ0.27 �C
All (N¼ 35) �0.14 �0.09 ±0.76 ±0.90 0.41 0.46 0.32 0.35
Males (n¼ 31) �0.16 �0.10 ±0.73 ±0.87 0.41 0.46 0.31 0.34
Females (n¼ 4) �0.005 0.02 ±0.93 ±1.00 0.48 0.52 0.41 0.43
Age < 50 years (n¼ 25) �0.17 �0.12 ±0.65 ±0.79 0.37 0.42 0.29 0.32
Age � 50 years (n¼ 10) �0.04 0.03 ±0.99 ±1.11 0.51 0.57 0.40 0.45
August pear harvesters (n¼ 27) �0.22 �0.16 ±0.72 ±0.86 0.43 0.47 0.32 0.35
September apple harvesters (n¼ 8) 0.12 0.18 ±0.68 ±0.78 0.37 0.44 0.31 0.35
(b)
All (N¼ 35) �0.29 �0.15 ±1.59 ±1.42 0.86 0.74 0.67 0.57
Males (n¼ 31) �0.32 �0.17 ±1.52 ±1.37 0.84 0.72 0.64 0.54
Females (n¼ 4) �0.0099 �0.050 ±1.94 ±1.79 0.99 0.91 0.85 0.77
Age < 50 years (n¼ 25) �0.36 �0.22 ±1.35 ±1.31 0.78 0.70 0.60 0.53
Age � 50 years (n¼ 10) �0.09 0.03 ±2.07 ±1.66 1.06 0.85 0.84 0.68
August pear harvesters (n¼ 27) �0.45 �0.28 ±1.50 ±1.40 0.89 0.77 0.67 0.58
September apple harvesters (n¼ 8) 0.25 0.26 ±1.42 ±1.19 0.77 0.67 0.64 0.54
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consistent with the small sample size of females in our
study. Still, our study contains a larger proportion of
females than other algorithm field validation studies of
which we are aware. Using the baseline aural

temperature þ0.27 �C, the CBT bias was �0.09 �C,
which was lower than when using a standard baseline
value and raises the question of improved accuracy
using a measured baseline value.

Figure 1. Scatter plots (i,iv), Bland-Altman plots (ii,v), and histograms (iii,vi) of differences between observed (gastrointestinal) and
estimated (algorithm) (a) core body temperatures (CBTs) and (b) physiological strain index (PSI) based on observed (gastrointes-
tinal) and estimated (algorithm) CBTs using: (i–iii) default 37.1 �C; and (iv–vi) estimated baseline CBT (aural temperature þ0.27 �C).
Scatter plots include a best fit regression line; Bland-Altman plots include dotted lines representing bias and limits of agreement.
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The overall bias for CBT and PSI was negative,
indicating that estimated values were, on average,
larger than the observed (gastrointestinal) values.
However, differences in observed and estimated CBT
values were generally positive (observed values higher
than estimated values) and larger for lower mean CBT
values using the aural temperature þ0.27 �C baseline
CBT (Figure 1a[v]). This could indicate measurement
bias with the baseline CBT estimation approach, for
example with falsely low aural temperatures in cooler
early morning conditions. However, there is less con-
cern for underestimation of CBT early in the work-
shift when the CBT is lower, as workers are less likely
to exceed safe CBTs until later in the shift. RMSEs
and MAEs were not substantially different, indicating
minimal large differences between observed and
expected values, which would be weighted more heav-
ily in the RMSE calculation. Overall, the negative bias
for the entire sample is health conservative, with esti-
mated values slightly higher than observed values,
on average.

The overall bias for PSI was �0.29 when 37.1 �C
was used as the baseline temperature and lower using
the aural temperature þ 0.27 �C baseline. As originally
conceptualized by Moran, PSI is categorized into five
physiological strain groups, each with a range of two
units, within a total range of 1-10 units. The magni-
tude of the overall bias for PSI in our study is only
15% of the width of a PSI strain category, and the
magnitude of the LoA was also less than two units.

Gastrointestinal temperature is not a perfect gold
standard. The accuracy of the gastrointestinal tem-
perature sensor is ±0.1 �C,43 which is similar in mag-
nitude to the overall bias observed among our
participants. Among studies comparing rectal and
esophageal estimates of CBT, the magnitude of bias
ranged from 0.01 to 0.35 �C with a weighted mean
LoA of ±0.58 �C.1 A LoA of ±0.78 �C has been
reported comparing rectal temperature and pulmonary
arterial temperature,44 which is similar to our LoA of
±0.76 �C. This LoA is also within the range found by
Brauer et al. (±0.82 �C) for comparison of rectal and
esophageal estimates of CBT.45 Overall, the algorithm
performance was within the range of accuracy seen
with other estimates of CBT, compared to more inva-
sive gold standards.

Though the overall CBT bias was relatively low
(-0.14 �C), biases among individuals ranged from
�0.006 to �0.75 �C (Table S2). Our post-hoc analysis
did not reveal any obvious characteristics associated
with high bias participants. However, it should be
noted that certain anti-hypertensive medications lower

heart rate, though we might expect this to result in
estimated CBTs that are lower than observed CBTs.
Though the algorithm may be useful for research
among groups of workers, our results suggest that
additional individual monitoring and assessment
should be considered when making health and safety
decisions for individuals in a practice setting.

We observed CBTgi exceeding 38.5 �C among 17%
of participants.37 This is consistent with reports
among agricultural workers in other US States. For
example, among 221 nursery, fernery, and crop work-
ers over three summer workdays in Florida, 16% of
participants exceeded a gastrointestinal temperature of
38.5 �C on at least one day.46 Compared to CBTgi,
CBTest exceeded 38.5 �C in a larger proportion (34%)
of participants, suggesting that the algorithm may be
more likely to detect potential heat strain.

Our study is one of the few studies that we are
aware of to evaluate the algorithm in a civilian field
setting among a more heterogeneous group of partici-
pants that included females and older Latinx agricul-
tural workers, compared to other algorithm validation
studies focused on young male military participants.
However, our study has several important limitations.
First, it is difficult to discern the underlying reasons
why participants met our exclusion criteria of missing
data and measured gastrointestinal temperatures
below 36.5 �C. We did note a larger prevalence of
chronic disease and anti-hypertensive medication use
among excluded participants. Caution should be used
when assessing heat strain among participants with
underlying chronic disease and medication use that
may affect measurements. In a practice setting, pre-
placement medical screening should be considered to
identify and provide appropriate guidance and man-
agement to those with an increased risk of adverse
health effects from heat.37 Second, we were not able
to identify all factors associated with variability in
accuracy. Future studies should endeavor to explore
additional factors and develop methods tailored to
high-risk occupational groups, including agricultural
workers. In addition, as previously mentioned, gastro-
intestinal temperature is not a perfect gold standard.
We do not have information on how frequently eating
and drinking occurred during the work-shift and what
temperature the fluids were, which is most relevant to
the gastrointestinal temperature estimates, and this
could affect accuracy estimates. Third, there were only
four female participants in the study. However, there
were more females in our study than prior published
studies. Future studies with a larger number of
females should be performed. Finally, our results may
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not be generalizable to workers in other settings
and industries.

Conclusion

Given the large burden of heat stress among agricul-
tural workers, additional research that evaluates the
effectiveness of promising heat prevention approaches
in field settings is needed. In our study population of
outdoor agricultural workers, an algorithm based on
sequential heart rate and initializing CBT1 demon-
strated reasonable accuracy among groups of partici-
pants. However, inter-individual variability in bias
observed in this study suggests that caution should be
used when evaluating individual workers using this
approach. The algorithm, which does not require the
use of ingestible sensors, can be a practical tool in
research evaluating the effectiveness of interventions
to prevent adverse occupational heat health effects
among groups of workers.
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