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Abstract

Objectives:  There are times when it is not practical to assess heat stress using environmental metrics 
and metabolic rate, and heat strain may provide an alternative approach. Heat strain indicators have 
been used for decades as tools for monitoring physiological responses to work in hot environments. 
Common indicators of heat strain are body core temperature (assessed here as rectal temperature Tre),  
heart rate (HR), and average skin temperature (Tsk). Data collected from progressive heat stress tri-
als were used to (1) demonstrate if physiological heat strain indicators (PHSIs) at the upper limit 
of Sustainable heat stress were below generally accepted limits; (2) suggest values for PHSIs that 
demonstrate a Sustainable level of heat stress; (3) suggest alternative PHSIs; and (4) determine if 
metabolic rate was an effect modifier.
Methods: Two previous progressive heat stress studies included 176 trials with 352 pairs of 
Sustainable and Unsustainable exposures over a range of relative humidities and metabolic rates 
using 29 participants. To assess the discrimination ability of PHSIs, conditional logistic regression and 
stepwise logistic regression were used to find the best combinations of predictors of Unsustainable 
exposures. The accuracy of the models was assessed using receiver operating characteristic curves.
Results:  Current recommendations for physiological heat strain limits were associated with prob-
abilities of Unsustainable greater than 0.5. Screening limits for Sustainable heat stress were Tre of 
37.5°C, HR of 105 bpm, and Tsk of 35.8°C. Tsk alone resulted in an area under the curve of 0.85 and 
the combination of Tsk and HR (area under the curve = 0.88) performed the best. The adjustment for 
metabolic rate was statistically significant for physiological strain index or ∆Tre-sk as main predictors, 
but its effect modification was negligible and could be ignored.
Conclusions:  Based on the receiver operating characteristic curve, PHSIs (Tre, HR, and Tsk) can accu-
rately predict Unsustainable heat stress exposures. Tsk alone or in combination with HR has a high 
sensitivity, and makes better discriminations than the other PHSIs under relatively constant exposure 
(metabolic rate and environment) for an hour or so. Screening limits with high sensitivity, however, 
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have low thresholds that limit utility. To the extent that the observed strain is low, there is good evi-
dence that the exposure is Sustainable.

Keywords:   heat strain; heat stress; Physiological responses; ROC; sustainable; unsustainable

Introduction

The assessment of heat stress begins with recognition 
followed by an exposure assessment, frequently using a 
wet-bulb globe temperature (WBGT) method (NIOSH, 
2016; ACGIH, 2017). There are situations when making 
a traditional exposure assessment is not practical (e.g. 
maintenance tasks, usual work conditions, etc.) and to 
provide some evidence that the heat stress is well man-
aged. Heat strain indicators have been used for decades 
as tools for monitoring physiological responses to work 
in hot working environments and providing limits to 
exposures (Brouha, 1960; NIOSH, 1972, 1986, 2016; 
Dinman et al., 1974; Horvath, 1976; Fuller and Smith, 
1981; Logan and Bernard, 1999). Rather than using 
physiological responses to limit an exposure, our paper 
considers their use to confirm that the exposures are 
Sustainable. Common indicators of heat strain are body 
core temperature, heart rate (HR), and skin temperature 
(Tsk).

Rectal temperature (Tre) is the usual surrogate for 
core temperature. At rest, the average adult core temper-
ature is 37.0 ± 0.7. (Tanner, 1951; Cranston et al., 1954; 
Sund‐Levander et al., 2002). The WHO scientific group 
on heat stress suggested 38°C as a limit on deep body 
temperature for prolonged daily exposures to heavy 
work and recognized that 39°C was safe under closely 
monitored conditions (WHO, 1969; NIOSH, 2016). 
The ACGIH® Threshold Limit Value® for heat stress 
and strain (ACGIH, 2017) suggested a limiting body 
core temperature of 38.5°C, which allows a margin to 
safely leave a heat stress exposure (Bernard and Kenney, 
1994). Malchaire et al. (2001) examined the literature 
for a limiting core temperature and concluded that tem-
peratures ≥39°C were likely to be associated with exces-
sive heat strain. This premise was underpinned by Sawka 
et al. (1992) who found that cases of exhaustion rarely 
occurred when Tre was <38°C, and all observed heat 
exhaustion cases occurred before reaching 40°C.

HR is another index of heat strain. Ostchega et al. 
(2011) reported an average resting HR of 73 ± 3 bpm 
for adults aged between 20 and 59 years. Brouha (1960) 
observed that HR during work and recovery varies 
according to work load and ambient condition; he found 
a linear relation between HR increments and ambient 
temperature. Maxfield and Brouha (1963) reported that 
during environmental stress, the recovery of HR was 

prolonged with the increase in work load and increase 
of environmental temperature. To maintain a compen-
sable level of heat stress, WHO reported an HR of 120 
bpm for young, healthy men exposed to steady moder-
ate work (from their Fig. 2) (WHO, 1969). Minard et al. 
(1971) demonstrated that daily average HRs above 120 
would lead to a loss of aerobic work capacity for steel 
workers over a shift. Based on the results of their study, 
Kuhlemeier and Wood (1979) recommended a maxi-
mum HR for prolonged work at 125 bpm. Bernard and 
Kenney (1994) suggested HR thresholds around 125 
bpm for exposures of 90 min. ACGIH® recommended 
discontinuing a heat stress exposure (Unsustainable 
heat stress) if the worker presents a sustained HR ≥180 
bpm minus the individual’s age in year (e.g. 180 − age) 
(ACGIH, 2017), based on a heat stress management 
practice in Australia.

Tsk can be used in industrial settings for long peri-
ods (Van Marken Lichtenbelt et al., 2006; Smith et al., 
2010). Pandolf and Goldman (1978) recommended that 
if the difference between Tre and Tsk is <1°C, the expo-
sure to heat should be stopped; and NIOSH (2016) 
repeats that recommendation. Assuming that a core tem-
perature limit of 38.0°C is a target, a Tsk of 37°C would 
be a reasonable limit. Because of the reference to the dif-
ference between core and Tsk, we considered the differ-
ence as a single metric.

Moran et al. (1998) proposed the physiological strain 
index (PSI). It uses HR and Tre to represent both the car-
diovascular and thermoregulatory systems and assumes 
that both contribute equally to the strain by assigning 
the same weight function to each. PSI = 5 (Tret − Tre0)/
(39.5 − Tre0) + 5 (HRt − HR0)/(180 – HR0). PSI evalu-
ates heat strain on a common scale of 0 to 10, where 0 
represents no strain and 10 represents strenuous (near 
maximal) physiological conditions. Buller et al. (2008) 
suggested a limit of 7.5, which was a little lower than the 
limiting heat strain allowed by their instutional review 
board (PSI = 8), to classify a person as at risk. Using the 
ACGIH limits of 38.5°C and 140 bpm (for age = 40), 
the PSI value is 6.1. Using WHO’s limit of 38.0°C and 
HR of 120 bpm as Sustainable limits, the equivalent PSI 
is 5.1.

Exposure assessment is the usual approach to 
determine if a heat stress condition is Sustainable 
or Unsustainable (Garzon et al., 2016). In general, 
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physiological heat strain indicators (PHSIs) (Tre, HR, 
and Tsk) will increase with the level of heat stress. The 
association of PHSIs and metabolic rate (M) is difficult 
to assess, and many investigators agree that core tem-
perature is mainly determined by M below certain envi-
ronmental temperatures (Lind, 1963, 1963; Lind et al., 
1970; Kuhlemeier and Wood, 1979; NIOSH, 2016). 
On the other hand, Tsk is largely independent of M and 
mainly associated with environmental temperatures 
(Wyndham et al., 1965; Nielsen, 1966). The goal of the 
current study was to determine if PHSIs could accu-
rately discriminate Sustainable from Unsustainable heat 
exposure for deciding whether to perform an exposure 
assessment. There were four objectives for undertaking 
this study: (1) demonstrate whether common PHSIs at 
the upper limit of Sustainable heat stress were below 
generally accepted limits; (2) suggest values for com-
mon PHSIs that demonstrate a Sustainable level of heat 
stress; (3) suggest alternative PHSIs; and (4) determine 
if metabolic rate was an important effect modifier for 
PHSIs. The models were then considered in the context 
of performance, that is, ability to distinguish between 
Sustainable and Unsustainable and how they might be 
used to screen for potential heat stress exposures.

Methods

For the current study, physiological data collected from 
progressive heat stress trials at University of South 
Florida (USF) (Bernard et al., 2005, 2008) were used. 
The USF progressive heat stress studies were approved 
by the USF instutional review board. The study proto-
cols, participant data, and case definitions were provided 
in Part 1.

Tre, HR, average Tsk [a weighted average of skin therm-
istors located on the arm, chest, thigh, and calf accord-
ing to Ramanathan (1964)]. There were 176 trials for 
29 participants wearing woven cotton clothing. For each 
trial, there were two pairs of Sustainable–Unsustainable 
observations. Because the participants were their own 
control, the observations were dependent.

Bernard et al. (2005) exposed the study participants 
to an M fixed approximately 160 W m-2 to approximate 
moderate work, at three levels of relative humidity. In 
the other study, Bernard et al. (2008) exposed the sub-
jects at a relative humidity of 50% and levels of met-
abolic rate 115, 175, and 250 W m−2, to approximate 
light, moderate, and heavy work. All of the participants 
were acclimatized by 2-h exposures over five successive 
days to dry heat (50°C and 20% relative humidity) at 
160 W m−2 while wearing shorts and tee shirt.

Statistical analysis
Once the characteristics of the variables were assessed 
using Proc Univariate SAS 9.4 (SAS Institute Inc., 2013), 
a method to determine physiological limits between 
Sustainable and Unsustainable heat stress was explored. 
Proc Log (SAS Institute Inc., 2013) was used to fit con-
ditional logistic regression models with PHSIs as predic-
tors and Unsustainable and Sustainable conditions as the 
dichotomous outcome. Several models were built, begin-
ning with unadjusted models, which later were fitted 
with the other PHSI predictors, added one by one until 
the best combination of predictors was achieved, and led 
to increase the predictability of the model.

Each of the principal indicators was expressed as a 
percent ratio over a nominal range from rest to highest 
acceptable value based on our judgment. The baseline 
values for Tre and HR in the ratios and the computation 
of PSI were 37ºC and 75 bpm (average adult values). In 
addition, two other strain indicators were included. The 
ratios and additional indicators are described here and 
in Table 4.

	 RT  1   37 /(39 37)re re= [ ]00 ( )T - -

	 RHR 1 HR 75 /(18 75)= [ ]00 0( )- -

	 RT  1  35 /(37 35)sk sk= [ ]00 ( )T - -

	 ∆T T Tre-sk re sk= -

	PSI  5(  37 ) 39 5 37 5(HR 75)/(18 75)re= +T - - - -. / ( . . )0 0 0

Unadjusted conditional logistic regression models were 
fitted with a single continuous predictor (RTre, RHR, 
RTsk, ∆Tre-sk, PSI) to assess its association with the out-
come; and statistical significance was accepted at P 
≤ 0.05.

To see if the ability to predict an Unsustainable expo-
sure improved with multiple variables, combinations 
of the three principal predictors were tested with mul-
tivariate multiple regression models. Stepwise logistic 
regression (SAS Institute Inc., 2013) helped to determine 
which second predictor (RTre, RHR, RTsk) was added 
into the model, the statistical significance was kept at  
P ≤ 0.05. Receiver operating characteristic curves 
(ROCs) were generated for the adjusted models, keep-
ing a cut point of 0.95 for sensitivity. The order of the 
predictors was changed, that is, the second predictor 
was assessed as main predictor to determine which order 
improved the model. A covariate was maintained in the 
model only if it increased the association between the 
main predictor and the outcome increased by more than 
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10% or if it increased its ability to predict Unsustainable 
conditions [increasing its area under the curve (AUC)] 
by 0.05. M was added to the unadjusted and to the 
adjusted models, to assess its effect and to evaluate if its 
addition into the models increased their predictability.

Depending on the AUC, the conditional logistic 
regressions’ results and the stepwise regression, a third 
predictor was added to the models to evaluate if it 
increased the accuracy of the model’s prediction. Table 3 
reports only those models with the best ability to predict 
true Unsustainable exposures.

Due to the crossover design, the observations within 
trials were dependent and treated that way. Each subject 
completed three different trials; with either three levels 
of humidity or three levels of metabolic rate. The three 
trials represent repeated measures because of the depen-
dent observations within the trials and the repeated 
observations on the participants, a conditional logistic 
regression model fitted with the binary outcome and a 
continuous predictor was used.

Predictor model building
The conditional logistic regression (SAS Institute Inc., 
2013) used to analyze dependent observations does not 
provide intercept (α) values required to build models at 
any fixed probability. To overcome this limitation, and 
to be able to discuss cut points for comparison purposes, 
a four-step process was followed:

1.	 The weights associated with each independent vari-
able were determined from the conditional logistic 
equation based on the full data set of three condi-
tions (compensable, critical, and uncompensable) 
in 176 progressive heat stress trials. In general, the 
physiological metric (Ψ) was Ψ = β1x1 + β2x2. For Tre 
and HR for instance, Ψ = β1RTre + β2 RHR. In other 
words, this step provided a data-driven weighting of 
the physiological values based on the available data.

2.	 A conditional logistic regression using Ψ as predic-
tor was then used to obtain the ORs for the associa-
tion with the outcome variable (Sustainable versus 
Unsustainable).

3.	 A second database of only critical conditions was 
used to estimate a threshold value for Ψ via the pre-
dicted probability of Unsustainable. Increasing val-
ues of Ψ approximated a dose-response curve. The 
logistic regression was used based on the progressive 
count of cases divided by 176 as the dependent vari-
able. The result was log[p/(1 − p)] = α + β Ψ.

4.	 As examples of threshold values, Ψ at P = 0.05, 0.25, 
0.50, 0.75, and 0.95 were determined from log(p/
[1 − p]) = α + β Ψ.

Testing the effects of metabolic rate
The association between M and the outcome was 
assessed using it as main predictor; after that M was 
fitted into multiple conditional logistic regression 
models with every one of the PHSIs and their combi-
nation. In those models where M was statistically sig-
nificant, an interaction term was added to look for effect 
modification.

Assessing model performance
The accuracy of each unadjusted model to discriminate 
Unsustainable versus Sustainable was assessed using a 
ROC curve. The AUC is a measure of the overall ability 
to discriminate between Sustainable and Unsustainable. 
A SAS ODS statement was used along with a request to 
produce the ROC (SAS Institute Inc., 2013). Working 
from the premise that an indicator function was screen-
ing method, a cut point of 0.95 for the ROC sensitivity 
was found.

Because T sk was the best main predictor of 
Unsustainable in the present study, its ROC curve was 
used as the comparison reference. Tsk’s ROC curve was 
contrasted with the other models’ curves to determine 
if different PHSIs differed one from the other. The 
AUCs, their correspondent confidence intervals (CI), 
and the P-values from the contrast between Tsk’s AUC 
and the other PHSI’s AUCs were obtained using R (R 
Development Core Team, 2015) and following the 
method described by Wu and Wang (2011).

Results

Descriptive statistics
The progressive heat stress studies included 176 trials, 
with 352 pairs of Sustainable and Unsustainable expo-
sures three levels of relative humidities and three levels 
of metabolic rate using 29 participants. The character-
istics of the study’s volunteers were summarized in the 
companion paper.

Table 1 provides descriptive statistics (mean, stan-
dard deviation, and 5%–95% quantiles) of the principal 
PHSIs (Tre, HR, Tsk, and M).

Model development
Conditional logistic regression models were fitted with 
RTre, RHR, and RTsk as well as ∆Tre-sk, PSI, and M. The 
association between the outcome and RTre, RHR, and 
RTsk as well as ∆Tre-sk and PSI was found statistically 
significant (P < 0.001). M alone was not significantly 
associated with the outcome (P = 0.13). The odds ratios 
(ORs) and CIs for these models are provided in Table 2.
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The third objective of this study was to determine if a 
combination of predictors would improve performance. 
Six conditional regression models were fitted with the 
PHSI predictors (three principal predictors, ∆Tre-sk, PSI, 
three pairs of predictors, and one triplet predictor) to 
assess which was the best combination to improve the 
predictability of each main model. For the pairs, we 
selected the pair that increased the association between 

the main predictor and the outcome by more than 10% 
or increased the AUC by at least 0.05.

The combination of RTsk, RHR, and RTre was found 
by the stepwise logistic regression as the best model to 
predict Unsustainable cases (OR = 9.65, CI 5.73–16.26), 
with an AUC of 0.89. Table 3 shows the results from 
the best combination for each one of the physiological 
indices.

Table 2.  Results from the PHSI models, their correspondent AUCs, their specificities and cut points at a sensitivity of 
0.95, and P-values from the contrast between RTsk’s AUC against the other models’ AUCs.

Metrics OR (CI) AUC (CI) Specificity and cut point at 
sensitivity = 0.95

AUC com-
parison to RTsk 

P-value

Unadjusted models

  RTre 1.1 0.74 0.15 <0.0001

1.08–1.12 0.70–0.78 37.4

  RHR 1.16 0.80 0.36 0.03

1.13–1.19 0.77–0.84 24.8

  RTsk 1.05 0.85 0.41 ---

1.04–1.06 0.82–0.89 28.5

  ∆Tre-sk 0.22 0.77 0.28 <0.0001

0.16–0.29 0.73–0.81 0.67

  PSI 5.47 0.81 0.36 0.06

4.06–7.38 0.77–0.85 2.80

Adjusted models

  RTsk+RTre 1.05 0.88 0.47 0.001

1.04–1.06 0.85–0.91

  RTsk+RHR 1.05 0.89 0.56 0.0003

1.04–1.06 0.86–0.92

  RHR+RTre 1.14 0.81 0.47 0.08

1.12–1.17 0.85–0.91

  RTsk+RHR+RTre 1.05 0.89 0.53 <0.0001

1.04–1.06 0.87–0.92

Models adjusted for Ma

  ∆Tre-sk + M 0.13 0.90 0.52 <0.0001

0.089–0.192

  PSI + M 9.35 0.81 0.34 0.06

6.34–13.79

aM was found to be only a confounder.

Table 1.  Summary statistics for rectal temperature, heart rate, skin temperature, and metabolic rate by case status.

Rectal temperature (°C) Heart rate (bpm) Skin temperature (°C) Metabolic rate (W)

N Mean SD Quantiles Mean SD Quantiles Mean SD Quantiles Mean SD Quantiles

5%–95% 5%–95% 5%–95% 5%–95%

273 Sustainable 37.6 0.31 37.1–38.1 108 17 82–136 35.6 0.9 34.0–36.9 326 104 165–506

255 

Unsustainable

37.9 0.33 37.4–38.5 130 20 100–164 36.8 0.8 35.5–38.1 331 104 170–506
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Table 3 summarizes the PHSI models. The first row 
summarizes the model, which includes the conditional 
logistic regression β’s for the combination models (i.e. 
β2/β1, β3/β1, as appropriate for two or three metric 
models). The second row is the outcome of the logistic 
regression on the PHSI. Table 4 presents the thresholds 

for each of the PHSIs based on the logistic regression 
models provided in Table 3.

Models adjusted for metabolic rate
M was first fitted as main predictor in a conditional 
logistic model, its association with Unsustainable was 
not statistically significant. Then M was assessed for 
confounding in all the PHSI models and was found 
as a confounder for the models with ∆Tre-sk and PSI as 
main predictors, changing the ORs by more than 10%. 
With regard to effect modification, the effect of M was 
negligible in both models. The AUC for ∆Tre-sk with M 
increased 0.03; and there was no change in AUC for 
PSI.

Model performance
Table 2 shows the ORs with CIs from the conditional 
logistic regression models. The accuracy of the main 
models to predict Unsustainable was assessed by AUC 
in Table 2 with the 95% CI. For the purpose of discus-
sion, ROC’s sensitivity of 0.95 was chosen as optimal 
operating point (Gallop, 2001) to reliably determine if 
an exposure was Sustainable.

Table 2 provides the P-values from the contrast 
between the PHSI models’ AUC against the Tsk’s AUC. 
Fig. 1 contrasts the RTsk ROC and the model fitted with 
RTsk and RHR as predictors. There was approximately 
0.04 difference between the AUCs.

Table 3.  Estimates from the conditional regression models and logistic regression models.

PHSI Alternative physiological metrics

Tre RTre = [(Tre − 37)/(39 − 37)] 100

log[p/(1 − p)] = −3.90 + 0.109 RTre

HR RHR = [(HR − 75)/(180 − 75)] 100

log[p/(1 − p)] = −3.99 + 0.1005 RHR

Tsk RTsk = [(Tsk − 35)/(37 − 35)] 100

log[p/(1 − p)] = −3.27 + 0.0528 RTsk

∆Tre-sk ∆Tre-sk = Tre − Tsk

log[p/(1 − p)] = −3.49 + 2.38 ∆Tre-sk

PSI PSI = [5 (Tre − 37.0)/(39.5 − 37.0)] + [5 (HR − 75)/(180 − 75)]

log[p/(1 − p)] = −4.36 + 1.28 PSI

Tsk and Tre Ψ(RTsk, RTre) = RTsk + (0.0971/0.0467) RTre = RTsk + 2.08 RTre

log[p/(1 − p)] = −4.70 + 0.0348 Ψ

Tsk and HR Ψ(RTsk, RHR) = RTsk + (0.1414/0.0436) RHR = RTsk + 3.2 RHR

log[p/(1 − p)] = −5.10 + 0.0309 Ψ

HR and Tre Ψ(RHR, RTre) = RHR + (0.0229/0.1330) RTre = RHR + 0.17 RTre

log[p/(1 − p)] = − 4.16 + 0.0906 Ψ

Tsk and HR and Tre Ψ(RTsk, RHR, RTre) = RTsk + 0.119/0.0453 RHR + 0.0422/0.0453 RTre

 = RTsk + 2.63 RHR + 9.32 RTre

log[p/(1 − p)] = − 3.54 + 0.036 Ψ

Table 4.  Distribution of scores for each of the PHSIs for 
only the critical conditions based on logistic regression 
model in Table 3.

Probability of unsustainable

PHSI 0.05 0.25 0.50 0.75 0.95

Tre 37.2 37.5 37.7 37.9 38.3

RTre 9 26 36 46 63

HR 86 105 117 128 147

RHR 10 29 40 51 69

Tsk 35.1 35.8 36.2 36.7 37.4

RTsk 6 41 62 83 118

∆Tre-sk 2.7 1.9 1.5 1.0 0.2

PSI 1.2 2.5 3.52 4.63 6.24

Ψ(RTsk, RTre) 50 103 135 167 220

Ψ(RTsk, 

RHR)

70 129 165 201 260

Ψ(RHR, 

RTre)

13 34 46 58 78

Ψ(RTsk, 

RHR, RTre)

17 68 98 129 180



Annals of Work Exposures and Health, 2017, Vol. 61, No. 6� 627

Discussion

The clothing worn by the participants in this study was 
woven cotton (work clothes or coverall configurations). 
The mean metabolic rate found among the participants 
of the present study was 325 W (reported in Table 2 of 
Part 1), with data divided among three group averages of 
115, 175, and 250 W m−2 and a range from 170 to 500 
W (Bernard et al., 2008). There was also a span of envi-
ronments at 20, 50, and 70 relative humidity (Bernard 
et al., 2005). This range of metabolic rates and environ-
ments spans the likely occupational exposures.

One purpose of the present study was to examine the dis-
tribution of PHSIs to see if they exceed commonly accepted 
physiological limits on heat strain. The results can also be 
used to assess if PHSIs or their combinations can accurately 
discriminate whether heat exposure is Sustainable for long 
periods. In this way, they might be a screening tool to deter-
mine if an exposure assessment is required. Inherent in the 
study design is the assumption that there is a steady-state 
physiological response. In more practical terms, we were 
looking at physiological metrics associated with a relatively 
constant exposure of an hour or more.

For the purposes of this paper, existing limits 
were compared to their probability of being associ-
ated with Unsustainable conditions; and the P = 0.25 
for Unsustainable was used to describe a decision 
point for a screening method. As used in this study, 
probabilities of Unsustainable reflect indicator val-
ues along the dose–response curve (data at the critical 

condition only) rather than a probability from a ran-
dom sample of observations. We used sensitivity and 
specificity to reflect our group of observations over com-
pensable (all Sustainable), critical or transition (mix of 
Sustainable and Unsustainable), and uncompensable (all 
Unsustainable) exposures.

Comparison to current limits
The first objective of this study was to compare the dis-
tribution of PHSIs (specifically Tre, HR, and Tsk, ∆Tre-sk, 
and PSI) to generally accepted limits. Table 4 provides a 
useful framework.

This often stated the goal of WBGT exposure limits 
to keep body core temperature below 38.0°C (NIOSH, 
2016; ACGIH, 2017), with its origin in the WHO report 
(WHO, 1969). In this study, the higher predicted values 
of Tre in Table 4 were 38.0°C and 38.3°C. About 25% 
of the transitions from Sustainable to Unsustainable 
occurred above 38.0°C. This distribution with likely val-
ues greater than 38.0°C was consistent with Lind (1970) 
and Kuhlemeier et al. (1977). That is, the upper core 
temperature limit for Sustainable exposures is usually 
under 38.5°C, which was suggested by the ACGIH. We 
conclude that the 38°C limit was reasonable but should 
be thought more as a limit on the population average 
rather than an individual limit.

While several methods to use HR have been pro-
posed, the only one that can be evaluated in this paper 
was a steady level. For this, the WHO (1969), Minard 

Figure 1.  Contrast between ROCs for Tsk (AUC = 0.85) and Tsk + HR (AUC = 0.89).
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et al. (1971), Kuhlemeier and Wood (1979), and Bernard 
and Kenney (1994) recommend thresholds in the low 
120s. From Table 4, the low 120s would put the pre-
dicted Unsustainable between 0.50 and 0.75 probabili-
ties. Therefore, the upper limit guidelines have a high 
probability of Unsustainable.

There are no guidelines for Tsk alone. The present 
study collected average Tsk’s. At the higher probabilities 
of Unsustainable at 0.75 and 0.95 in Table 4, Tsk thresh-
old would be 36.7°C and 37.4°C. At first glance, these 
might reasonably be at least 1°C below Tre recommended 
by Pandolf and Goldman (1978) with unacceptably high 
probabilities of Unsustainable. Instead of considering 
Tsk alone, ∆Tre-sk was selected to look more closely at 
the temperature gradient between core temperature and 
Tsk. The 1.0°C recommended by Pandolf and Goldman 
(1978) would result in a probability of Unsustainable of 
0.75, which was too high for a Sustainable decision.

For PSI, Buller et al. (2008) suggested a limit of 7.5 
to indicate risk at a high level of strain and the ACGIH 
physiological limits would translate to a value of 6.1. 
Both of these values represented a limit in a clearly 
Unsustainable exposure for most people.

In summary, current recommendations for physi-
ological indicators were associated with probabilities of 
Unsustainable greater than 0.5.

Screening limits for sustainable heat stress
The second objective was to suggest values for PHSIs 
that demonstrate a Sustainable level of heat stress. We 
noted that at the PHSI cut points associated with sen-
sitivity of 0.95 provided in Table 2 were about equiva-
lent to a predicted probability for Unsustainable of 0.25. 
Thus, the predicted probability of 0.25 was used as the 
reference point for proposing screening limits.

The present investigation found that for the lower Tre 
for screening was 37.5°C. This value was in the range of 
resting core temperatures and represents a modest eleva-
tion over the average. This limits the utility of Tre as an 
indicator of Sustainable heat stress. By the same token, 
the lower HR in Table 4 is 105 bpm, which was substan-
tially lower than the proposed limits discussed above. 
A candidate limit for Tsk was 35.8°C. This value gives a 
difference from the equivalent Tre (37.5°C) that is greater 
than 1°C, which suggested an adequate gradient for heat 
loss from the core to the skin. For ∆Tre-sk = 1.9, the limit 
to predict a Sustainable level of heat stress agreed with 
Pandolf and Goldman (1978). For a reasonable thresh-
old to limit Unsustainable decisions, the PSI was 2.5. 
This was substantially lower than the 5.1 that represents 
the more clearly Sustainable physiological strain.

In general, the individual physiological heat indica-
tors were not practical predicators of Sustainable heat 
stress for potential use as a real-time administrative con-
trol. For long steady exposures to heat stress, Tre < 37.5, 
HR < 105, and Tsk < 35.8 were individually indicative 
of Sustainable heat stress. So for a protective screening 
decision, these have utility. That is, if any of the observed 
PHSIs is less than their threshold values, there is good 
reason to believe the exposure is Sustainable.

Models
To accomplish the third objective, we built four multi-
variate multiple conditional logistic regression models 
using PHSIs as predictors (see Table 2); and all of them 
demonstrated statistically significant association with 
the outcome of Unsustainable. The use of PHSIs such 
as Tre, Tsk, HR, and M or their combinations have been 
used by other investigators in different predictive equa-
tions to build their heat strain models (Pandolf et al., 
1986; Bernard and Kenney, 1994; Buller et al., 2008; 
Cuddy et al., 2013; Niedermann et al., 2014; Richmond 
et al., 2015).

At first glance, Tre was used both for the case defi-
nition of the outcome and as an independent variable 
in some of the models, which means that Tre should 
not be used in the models. In practice, the time course 
of Tre was used to demonstrate that the conditions 
were Sustainable or Unsustainable. The absolute value 
of Tre was only used as part of the case definition for 
Unsustainable in combination with the rate of increase.

Effect of metabolic rate
Metabolic rate is a measure of internal heat genera-
tion, and it is closely related with body core tempera-
ture (Nielsen, 1938; Saltin and Hermansen, 1966; 
Davies, 1979; NIOSH, 2016). The present study had 
the opportunity to assess PHSIs in a variety of combina-
tions of light, moderate, and heavy metabolic rates. M 
was not statistically associated with Unsustainable. It 
was assessed for confounding and effect modification. 
M behaved as a confounder for ∆Tre-sk or PSI as main 
predictors. The confounding effect was related with 
the close association of M with body core temperature. 
Further, there was no meaningful contribution as an 
effect modifier. This finding was fortunate because M is 
very difficult to assess with any precision in field applica-
tions and thus not a practical consideration.

Comparisons among models
Care must be taken in comparing the ORs presented 
in Table 2. For continuous variables, the OR has an 



Annals of Work Exposures and Health, 2017, Vol. 61, No. 6� 629

implicit denominator of 1 unit. For the percent ratios 
(RTre, RHR, and RTsk), the denominator is 1%. The 
denominator for PSI is 1 unit out of 10, and for ∆Tre-sk, 
it is 1°C. To make the magnitudes roughly relatable to 
PSI, the percent ratios can be multiplied by 10 resulting 
in OR values around 11 compared to 5 for PSI. This pro-
cess becomes too complex for multiple metrics. Again, 
this is offered here as rough illustration and should not 
be over-interpreted.

Tables 2 and 3 list nine models that might be used 
to predict the probability of Unsustainable heat stress 
exposure. The first three were single metric models based 
on the principal physiological indicators (Tre, HR, Tsk) 
expressed as percent ratios (RTre, RHR, RTsk); the next 
two were two-metric models (∆Tre-sk and PSI) with a pri-
ori relationships between the two metrics; and four that 
were developed from the data based on the four combi-
nations of the three principal metrics. Because the goal 
of this study is centered on the ability of PHSIs to distin-
guish between Sustainable and Unsustainable, we chose 
the AUC as the performance index by which to make the 
comparisons.

Among the principal physiological metrics, RTsk 
clearly presented with the highest AUC at 0.85, which 
was significantly higher than RHR at 0.80 and RTre at 
0.74. As expected, the specificity at a sensitivity of 0.95 
followed the same order at 0.41, 0.36, and 0.15, respec-
tively. Tsk has not received much attention in the past as 
a potential indicator of heat strain because it does not 
correlate well with Tre. Both Bernard and Kenney (1994) 
and Richmond et al. (2015) found that insulated Tsk 
does not change much at lower levels of Tre but that it 
does have a monotonic increase as Tre increases. It might 
be its role in regulating heat exchange with the environ-
ment that allowed Tsk to play a dominant role in deter-
mining Unsustainable heat stress.

Because the difference between Tre and Tsk (∆Tre-sk) 
represented the potential for convective heat transfer 
from the core to the skin, it made a logical choice for 
assessment of heat strain (Pandolf and Goldman, 1978). 
The AUC for ∆Tre-sk was 0.77. For the purposes of com-
parison, the more general model that included both 
metrics was Ψ(RTsk, RTre) had an AUC of 0.88. Starting 
with the logit-p model in Table 4 and using P = 0.25, the 
relationship can be operationalized as
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Values from the left side of the equation should be less 
than or equal to 0.95. For the P = 0.25 values of Tsk 
(35.8) and Tre (37.5), the combined metric value would 
be 0.92, which is similar to 0.95.

PSI was the other a priori two-metric indicator that was 
considered in this study. The AUC for PSI was 0.81 com-
pared to 0.80 for RHR alone. That is, the contribution of 
Tre to the ability to discriminate between Sustainable and 
Unsustainable was relatively small. This observation was 
further supported by the same AUC for Ψ(RHR, RTre).

Among the models with two predictors, Ψ(RTsk, 
RHR) had the best AUC at 0.89, with a specificity of 
0.56. Because HR and Tsk are more accessible than core 
temperature, Ψ(RTsk, RHR) was a good candidate for 
assessing heat stress at the transition from Sustainable 
to Unsustainable. Several studies looking at the ability 
of HR and chest temperature to identify at-risk expo-
sures (exposures that were greater than the transi-
tion heat stress levels of this paper) have demonstrated 
the utility of these two metrics together (Buller et al., 
2008; Cuddy et al., 2013; Niedermann et al., 2014). 
Operationalizing Ψ(RTsk, RHR) following the thought 
process described above,
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For the P = 0.25 values of Tsk (35.8) and HR (105), the 
combined metric value would be 1.31, which is similar 
to 1.29. Fig. 2 is a graphic representation of the Ψ(RTsk, 
RHR) limit using the data from this study.

The best combination of variables (Tsk, HR, and Tre), 
Ψ(RTsk, RHR, RTre), did not perform any better than 
Ψ(RTsk, RHR). Thus, the parsimonious model was RTsk. 
The AUC could be improved from 0.85 to 0.89 by using 
the two-metric model that included Tsk and HR; that is, 
Ψ(RTsk, RHR). At a cut point associated with P = 0.25, 
the sensitivity for RTsk was 0.93 with a specificity of 
0.51. While Ψ(RTsk, RHR) had the same sensitivity of 
0.93 and an improved specificity of 0.60, RTsk was not 
just the best single predictor for Unsustainable cases, 
but its combination with RHR was a sensitive screening 
limit to identify Unsustainable exposures.

Limitations
There were three major limitations in this study. One 
was a data set designed to examine the transition from 
Sustainable to Unsustainable heat stress levels. For that rea-
son, the conclusions were not generalizable to acute heat 
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stress and high, Unsustainable levels of heat stress. Another 
was the consideration of only single-layer woven clothing 
(e.g. work clothes or coveralls). The effects of nonwoven 
fabrics over a range of water vapor permeability and mul-
tiple layers were not considered. The third limitation was 
the practical consideration that the measurement is based 
on a relatively steady heat exposure for an hour.

Another possible limitation of this study as that the 
data obtained in both USF studies were collected on labo-
ratory trials, under controlled conditions with acclimatized 
participants which were not similar than those present in 
real work settings, and therefore generalization could be 
affected. Nonetheless, this probable lack of generalization 
could have been attenuated by the fact that the study vol-
unteers were exposed to a large range of metabolic rates 
(170 to 500 W) and environmental conditions (large range 
of humidity from 20% to 70% relative humidity).

Conclusions

The present study found that PHSIs (Tre, HR, and Tsk) 
can accurately predict Unsustainable heat stress expo-
sures. Tsk alone or the combination of skin temperature 
and HR had the highest AUCs. In the context of the four 
research objectives:

1.	 The generally recommended values for the prin-
cipal indicators (Tre, HR, and Tsk) and the two a 
priori indicators (∆Tre-sk and PSI) were associated 
with probabilities of Unsustainable greater than 
0.5, which meant that they were not sensitive to 
Sustainable exposures.

2.	 When the values of the principal and a priori indica-
tors associated with a predicted probability of 0.25 
were considered, they were generally much lower 
than the generally accepted physiological limits. The 
value of using any one of these individual indicators 
is that they act as a screening tool to decide if an 
exposure assessment is needed.

3.	 The most parsimonious model was RTsk with an 
equivalent screening value of 35.8°C, which had a 
sensitivity of 0.93 and specificity of 0.51. The AUC 
could be improved from 0.85 to 0.89 by using 
Ψ(RTsk, RHR): 1.29 ≤ [(Tsk – 35)/2] + 3.2 [(HR – 
75)/105]. The sensitivity and specificity of this two-
metric indicator were 0.93 and 0.60, respectively.

4.	 Metabolic rate was found to be a confounder, but 
not an effect modifier, for ∆Tre-sk and PSI. Metabolic 
rate was not statistically significant with any other 
PHSI.

The results of this study suggested that PHSIs might 
be an intermediate step between recognition and expo-
sure assessment. We believe that the methods in this 
paper of assessing the ability to discriminate are rele-
vant to assessing the physiological indicators for other 
case definitions such as real-time monitoring to stop 
exposures.
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