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Clinical Significance 

A heat stress exposure becomes unacceptable if core temperature or heart rate becomes excessive 

or the person wishes to stop. Personal monitoring should be evaluated against all three reasons. 

The ability to discriminate between cases and non-cases is critical to the evaluation of personal 

monitoring. 
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Abstract 

 

Objective: This study assessed the ability of basic physiological metrics to differentiate between 

acceptable and unacceptable heat strain.  

 

Methods: A database of final core temperature (Tre), heart rate (HR), and skin temperature (Tsk) 

for 880 heat stress trials over a wide range of heat stress and clothing was created. Three case 

definitions based on Tre, HR, or fatigue were used to classify the trials as cases (unacceptable heat 

strain) or non-cases (acceptable heat strain). The area under the Receiver Operating Characteristic 

curve (AUC) characterized the discrimination ability of 15 individual physiological metrics.  

 

Results: Generally, AUCs ranged from 0.85 allowing acceptable sensitivity with poor specificity 

to 0.50 with no predictive power.  

 

Conclusions. Tre, HR, and fatigue were independent limits of heat strain. A program of personal 

monitoring needs to recognize independent reasons to classify an exposure as unacceptable.  

 

Keywords 

Heat stress; physiological monitoring; discrimination; performance; ROC; wearables 
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Learning Outcomes 

 

 Explain the importance of evaluating a personal monitor performance against a case 

definition. 

 Describe the trade-off between sensitivity and specificity, and provide the rationale for the 

selection of a cut-point in terms of sensitivity and specificity 
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Introduction 

The American Conference of Governmental Industrial Hygienists (ACGIH) [1], International 

Organization for Standardization (ISO) [2] and the US National Institute for Occupational Safety 

and Health (NIOSH) [3] have issued professional practice guidelines to assess occupational heat 

stress exposures. In addition, the US Occupational Safety and Health Administration has started a 

new rulemaking process [4]. The common exposure assessment is based on wet bulb globe 

temperature (WBGT) and on the upper limit of the prescriptive zone [5,6]. This method has high 

sensitivity (0.99) (ability to predict True Positive outcomes) but low specificity (0.05)  (ability to 

predict True Negative outcomes) to distinguish between sustainable and unsustainable heat stress 

among healthy, hydrated individuals [7]. The need to have high sensitivity across a wide range of 

heat tolerance [7,8] makes low specificity an inherent feature of heat stress exposure assessment. 

The imbalance between sensitivity and specificity for heat stress assessment drives the interest in 

personal monitoring, with the expectation that individual factors that affect heat tolerance can be 

accounted for [1,3,4,9-13].  

 

While important points have been put forward concerning implementation frameworks [14] and 

ethical use of personal monitoring [15], understanding the requirements and limits of personal 

monitoring is fundamental. A recent scoping study on wearables for heat strain discussed validity 

in terms of how well the wearable compared to widely accepted methods of measurement of a 

parameter [16]. The authors pointed out the need for “thoughtful consideration related to accuracy, 

validity, and worker interaction with the devices”. Notley et al. described a broad set of parameters 

that might be considered for physiological monitoring and the importance of having a rationale for 

limiting criteria [12]. In particular, they noted the validity problems associated with core 
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temperature and heart rate monitoring, and the difficulty in predicting heat exhaustion from those 

parameters [12]. To have actionable information, it is important to develop a classification of 

health risk and test the ability of the metric to distinguish between (or among) the classification(s) 

[10].  

 

A previous paper investigated how well common physiological metrics might distinguish between 

sustainable and unsustainable heat stress [17]. To characterize the ability of a metric to distinguish 

these conditions, the Receiver Operating Characteristic (ROC) curve was used. The ROC maps 

out the relationship between a metric’s sensitivity (probability of True Positive) and its specificity 

(probability of True Negative) as 1-specificity (probability of False Positive) over the range of the 

metric’s values. The ROC is characterized as the area under the ROC curve (AUC). AUC = 1.0 

means that the metric is a perfect predictor and AUC = 0.5 means that it has no predictive value. 

For the task of distinguishing between sustainable and unsustainable heat stress, the AUCs for 

rectal temperature (Tre), heart rate (HR), and skin temperature (Tsk) were 0.74, 0.80 and 0.85, 

respectively. For comparison, the WBGT-based occupational exposure limit has an AUC of 0.85 

[7]. That is, for the question about exposure to sustainable heat stress, the physiological metrics 

were not an improvement over WBGT. 

 

In this paper, we used descriptive data on the AUC for different physiological parameters to set 

expectations for personal monitoring. First, the ROC curve assessed the ability of a continuous 

metric to differentiate an adverse heat exposure case (unacceptable strain) from a non-case 

(acceptable strain). There is a general consensus that unacceptable heat strain includes limits on 

core temperature and heart rate, and to recognize subjective fatigue/exhaustion as a limit as well 
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[9,18]. 

 

Methods 

To estimate the ability of basic physiological measures (rectal temperature, Tre; heart rate, HR; and 

mean skin temperature, Tsk) to discriminate between acceptable and unacceptable heat strain (i.e., 

case vs non-case), data from our laboratories were combined to create the database. The 

observations were pulled from recorded data using one of two different protocols: Time-Limited 

Protocols and a Progressive Heat Stress protocol. 

 

Time-Limited Protocol 

The time-limited protocols (TLP) were designed to have combinations of environment, metabolic 

rate, and clothing that would cause unsustainable heat stress. The physiological values were those 

last reported in the trial data. 

 

 TLP 1: This study looked for differences among commercial and prototype chemical, 

biological, and radiological protective clothing in three environments at a moderate 

metabolic rate (about 300 W) [19]. 

 TLP 2: Twelve participants worked at a metabolic rate of 380 W in three clothing ensembles 

(with different clothing adjustment values, CAV): (1) work clothes (CAV = 0°C), (2) a 

microporous coverall (CAV = 2.5°C), and (3) vapor-barrier coveralls (CAV = 6.5°C) at five 

levels of heat stress (approximately at the clothing adjusted TLV plus 7.0, 8.0, 9.5, 11.5 

and 15.0°C) [20].  

 TLP 3: 36 participants completed one exposure with a mean metabolic rate of 310 W (20-

9

ACCEPTED



min cycle of 5-min periods of sitting, lifting, cranking and walking) in one of two 

environments (WBGT = 36°C or 41°C) wearing one of three clothing ensembles (cotton 

work clothes, single-layer cotton coveralls with hood, or a vapor-barrier suit over cotton 

coveralls with hood) [21]. 

 TLP 4: This study included work clothes and vapor-barrier coveralls at two levels of heat 

stress (low and high) at a moderate metabolic rate (about 300 W) [22]. 

 

Progressive Heat Stress Protocol 

The progressive heat stress protocol (PHS) studies started under conditions of low heat stress, 

established thermal equilibrium, and then increased the level of heat stress in small increments 

until thermal equilibrium was lost and core temperature could no longer achieve a steady state [8]. 

The physiological values of Tre, HR, and Tsk were those 15 minutes past the critical condition 

(environmental conditions associated with loss of thermal equilibrium) and were considered to be 

in the unsustainable range [17]. 

 

 PHS 1: This study included five clothing ensembles (cotton work clothes, cotton coveralls, 

plus three limited-use coveralls of polyolefin, water-barrier and vapor-barrier). The heat 

stress conditions represented 20, 50, and 70% relative humidity at 300 W [23]. 

 PHS 2: This study included five clothing ensembles (work clothes, cotton coveralls, plus 

three limited-use coveralls of polyolefin, water-barrier and vapor-barrier). The heat stress 

conditions represented metabolic rates from 100 to 500 W at 50% RH [24]. 

 PHS 3: This study included three ensembles of protective clothing with various 

configurations used for decommissioning chemical weapons. The metabolic rate was 
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approximately 300 W [25].  

 

Data 

The University of South Florida IRB approved the TLP 1, TLP 2, TLP 4, PHS 1, PHS 2 and PHS 

3 studies. The Penn State IRB approved TLP 3. Participants in each study provided written 

informed consent after the study was explained to them and they had the opportunity to ask 

questions. The number of participants for each study and participants’ sex, average age, height and 

weight are detailed in Table 1.  

 

Table 1. Participant characteristics by study 

 

Case Definitions 

Physiological responses are reflected in metrics like rectal temperature (Tre), heart rate (HR) and 

mean skin temperature (Tsk). Volitional fatigue was a subjective decision made by the individual 

to stop a trial. Limiting Tre was an obvious target because the prevention of heat stroke is premised 

on leaving a margin of safety between a measured value and 40°C [26-28]. For instance, ISO 

suggested limiting mean predicted Tre to 38.0°C which was associated with 95th percentile 

observed value of 39.2°C, to manage the probability of a heat stroke [26,28].  

 

HR was another obvious physiological measure of heat strain because it represents cardiovascular 

response to the combination of metabolic and thermoregulatory demands, and it is relatively easy 

to measure. Setting a limit near maximum heart rate (e.g., 90% of age predicted maximum HR) 

was a reasonable point to limit cardiovascular involvement [21,29,30].  
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Volitional fatigue (or exhaustion) was a third endpoint. Data on military training demonstrated that 

exhaustion was common during heat stress exposures for which core temperature and HR were 

acceptable [31]. 

 

We used three case definitions to distinguish among possible and independent outcomes. The case 

definitions were: 

 

 Tre Case: Tre > 38.5 °C. This temperature limit was likely to include unsustainable heat 

stress [32], proposed to limit heat stress exposures using personal monitoring [21], and 

likely to limit the risk of heat stroke [26,33]. 

 HR Case: HR > 90% age-predicted maximum HR (HR ≥ 0.9 (208 – 0.7 Age)). The 

observed HR should approach the individual’s maximum heart rate, which marked the limit 

of cardiovascular response. The age-predicted HR was based on a combination of studies 

reporting the relation between measured HRmax and age [34] and 90% of the value should 

include the lower bound of the population. 

 Fatigue Case: Volitional fatigue when the participant wished to stop the trial. Fatigue is a 

subjective limit and may be described as an early stage of heat exhaustion. It represents the 

point at which an individual should to take a break. 

 

Data Analysis 

For the purposes of this paper, Tre, HR, and Tsk formed Primary (physiological) Metrics. These 

were examined as standalone personal monitoring metrics. In addition to the Primary Metrics, 

12

ACCEPTED



which were common to all the trials, Table 2 lists other metrics that were available for this paper. 

 

Table 2. Metrics available to predict cases 

 

Some of the datasets included surrogate measures for Tre. These included oral temperature Toral) 

(TLP4), ear canal temperature (Tear) (TLP4), and disk temperature (Td) (TLP3 and TLP4). Disk 

temperature was skin temperature under a 4.2 cm diameter by 0.8 cm thick foam disk designed to 

insulate the skin sensor from the ambient environment [21]. In this paper, the disk was held in 

place by a chest strap that also included electrodes for HR measurement. 

 

Combinations of the Primary Metrics were labeled Combined Metrics. Four Combined Metrics 

included each pair of Primary Metrics (Tre, HR, Tsk) plus all three. Combinations of metrics should 

improve the ability to discriminate. 

 

Derived Metrics used the Primary Metrics to determine an established or proposed metric. The 

Physiological Strain Index (PSI) was proposed as a method to combine rectal temperature and 

heart rate into a single index [35]. PSI has a nominal range from 0 to 10 with 0 representing no 

physiological strain, and 10 representing maximum physiological strain. PSI gained interest in the 

literature for basic concept and is widely used [12]. For this paper, baseline Tre and HR were taken 

as 36.5°C and 70 bpm, respectively. PSI was treated as a continuous variable. 

 

PSI = 5*(Tre – 36.5)/(39.5-36.5) + 5*(HR – 70)/(180-70) 1 
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ACGIH suggested a sustained HR limit based on age [1]; see Equation 2. This was a dichotomous 

variable where HR ≥ HRacgih is Unacceptable and HR < HRacgih is Acceptable. 

 

HRacgih = 180 – Age  2 

 

Recovery heart rate was first proposed by Brouha [36] and further studied by Fuller and Smith 

[37]. It was to be used with oral temperature to make a decision about the level of heat stress. A 

version of recovery heart rate was suggested by NIOSH [3] and the ACGIH [1]. Only HR recovery 

at 1 min (HRR1) was used in this paper and was treated as dichotomous with decision points at 

either 110 or 120 bpm. 

 

Another Derived Metric was based on moving time averages (MTA) of heart rate to help filter out 

peak HR in favor of a trend [21]. Four averaging periods were considered: 5 min (MTA5), 10 min 

(MTA10), 20 min (MTA20) and 30 min (MTA30). 

 

One suggestion to limit exposures with protective clothing was to look at how skin temperature 

converges on rectal temperature [38]. A narrow skin temperature to core temperature gradient 

minimizes heat loss, and impairs cardiovascular responses and work in the heat [39]. While 

intriguing, the convergence concept is not settled [40].  

 

Area under ROC Curves 

To characterize the ability of a metric to distinguish between cases and non-cases, the Receiver 

Operating Characteristic (ROC) curve was constructed for continuous metrics. The strength of this 
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approach was its wide use in biomedical research to validate the ability of a diagnostic test to 

classify a disease state as absent vs. present. Specifically, an ROC curve is a plot of the metric's 

sensitivity (probability of True Positive among cases) versus 1-specificity (probability of False 

Positive among non-cases). The curve is constructed by systematically changing the cut-point that 

defines a positive result over the observed range of the metric. The ROC curve is characterized as 

the area under the ROC curve (AUC). The AUC summarizes the metric's overall diagnostic ability 

and can be used as a global measure of the accuracy of the metric [41]. By considering all possible 

cut-points, the need to specify any given cut-point is avoided. Further, the ROC analysis does not 

assume a linear relationship between the metric and the outcome; only that it be monotonic. 

 

For single metrics, specifically the primary and surrogate metrics and the continuous derived 

metrics, the ROC curve was plotted from observed metric values and case status over all 

observations. The metric values were ordered from lowest to highest. The non-case and case counts 

for each metric were noted at each value, then the cumulative total of non-cases and cases was 

determined for increasing metric values. The next step was to determine the probability of a non-

case and a case at each metric value by dividing the counts by the overall total [42]. The trapezoidal 

method of integration under the curve was used to compute the AUC [43]. 

 

The preceding method cannot be used for multivariate prediction using the Combined Metrics. For 

this reason, logistic regression and a neural network were used to initially model the data. The 

logistic regression was a simple model as described in Equation 3. For the models with two metrics, 

one of the terms was dropped. The resulting model was then used to determine the AUC of the 

ROC. 
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ln(odds) = a + b1Tre + b2HR + b3Tsk + e  3 

 

A neural network does not start with a preconceived model (e.g., logistic equation) where its 

parameters are learned through gradient descent over its cost function (e.g., MSE) with 

backpropagation of prediction error through the model. For this effort, the neural network had the 

following characteristics: an input layer explicitly defined according to the number of features in 

the dataset (two or three, depending on which specific prediction scenario was implemented), two 

hidden layers containing 16 and 8 neurons respectively, each using the Rectified Linear Unit 

(ReLU) activation function, and an output layer with a single neuron employing the sigmoid 

activation function, suitable for binary classification tasks such as case definitions in this 

application. Two hidden layers were selected to effectively model the complexity inherent in the 

dataset while preventing excessive computational complexity and mitigating the risk of overfitting. 

The first hidden layer, with 16 neurons, provides sufficient capacity to capture essential nonlinear 

relationships present in the input features. The second hidden layer, consisting of 8 neurons, acts 

as an additional transformation stage, refining the learned representations and enhancing the 

network’s ability to generalize. The model was developed using Python 3 (ipykernel), leveraging 

several essential libraries including Pandas and NumPy for data handling and numerical 

computations; TensorFlow (compatible with version 2.0 or higher) and Keras (compatible with 

version 2.3 or higher) for constructing and training the neural network; scikit-learn for data 

preprocessing, standardization, and evaluation metrics (ROC curves and AUC scores); and 

Matplotlib for visualization purposes. All software and associated libraries are open source 

published under the Python Software Foundation License V2. Training employed the Adam 
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optimizer, binary cross-entropy loss function, and included early stopping with a patience 

parameter of 5 epochs to prevent overfitting. Additionally, training was performed using a 5-fold 

cross-validation strategy, with each fold trained for up to 25 epochs and with a batch size of 16 

using early stopping with a patience parameter of 5 epochs to prevent overfitting. An accuracy 

logging callback was incorporated to monitor model performance every 25 epochs. Finally, ROC 

curves were plotted to evaluate and visually represent the performance and robustness of the neural 

network model across multiple datasets. To ensure the validity and reliability of the results, the 

ROC curves were averaged across the 5 test folds for each specific prediction scenario and average 

AUC values were calculated for each plot. 

 

For the two metrics with dichotomous outcomes (HR recovery and the ACGIH age-limited HR), 

2x2 tables were created for each of the case definitions. Sensitivity and specificity were computed. 

 

Results 

Descriptive Statistics 

The endpoint observations for all of the metrics are described in Table 3 as the mean, standard 

deviation, and number of observations by case status for each case definition. The shaded areas 

did not meet the criterion for independence of the case definition from the metric. Where the metric 

was independent of the case definition, there was considerable overlap between the case and the 

non-case values. 

 

Table 3. Distribution of metrics (mean, standard deviation and count) by case definition for 

single observations. The cells highlighted in gray mark those combinations of case 
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definition and metric that are not independent and those cells that have too few 

observations (<5) in one cell to compute an ROC. 

 

Table 4 is a crosstab of Fatigue by Tre and HR. There were 131 cases defined by Tre > 38.5 °C, 32 

cases defined by HR > 0.9 (209 – 0.7 Age), and 149 cases of Fatigue. An endpoint observation 

may meet multiple case definitions. For instance, 41 of the 131 Tre cases and 11 of the HR cases 

were also marked by Fatigue. 

 

Table 4. Crosstab of case definitions (Tre and HR by Fatigue) 

 

Area under the Receiver Operating Characteristic (ROC) Curve (AUC) 

The AUC for the single metrics was computed as described in the methods and reported in Table 

5. The AUCs for the Combined Metrics were reported by the software package used to compute 

the logistic regressions and the neural networks. As expected, the AUCs were very high when the 

case definition used the metric. 

 

Table 5. AUCs for each metric and case definition. Shaded AUCs represent a lack of 

independence between the metric and case definition.  

 

When the Derived Metrics had prescribed cut-points, 2x2 tables were constructed, and the 

sensitivity and specificity were computed. These are shown in Table 6. 

 

Table 6. 2x2 tables for the dichotomous metrics (HRacgih, HRR110, and HRR120) 
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Discussion 

As expected for each physiological metric in Table 3, the case average was higher than the non-

case average indicating greater physiological strain for a case. The difference also suggests that 

there is some possibility of distinguishing cases from non-cases. Because the distributions 

overlapped, perfect discrimination between cases and non-cases was not expected. 

 

An important finding was the distribution of cases across the case definitions (see table 4). There 

were 90 cases of just Tre; 21 cases of just HR; and 108 cases of just Fatigue. This points to the 

importance of considering all three end points to assess unacceptable heat strain. For this sample 

of trials, a limiting HR represented an important but clear minority of cases compared to Fatigue 

and Tre. Looking from a somewhat different perspective, 30% (41/131) of Tre cases were also 

associated with Fatigue cases; as were 35% of HR cases. This is consistent with the 40% of heat 

exhaustions during US Army laboratory studies reported when Tre > 38.5°C [31]. 

 

Core Temperature 

From Table 5 for the Tre Cases, the AUCs where Tre is a metric alone or with others are very near 

1.0. This is a trivial insight considering the requirement to know Tre perfectly. The implications 

when a surrogate for Tre was used provide more insight. Tear did quite well at 0.96 followed by 

Toral at 0.89. Td had a weaker performance at 0.78. A suggestion for using surrogate measures of 

Tre are discussed below. 

 

PSI at 0.87 did well considering that it is a pre-determined blend of Tre and HR. Again, this finding 

is based on perfect knowledge of Tre. PSI had a similar AUC of 0.81 (95% CI:0.77-0.85) for 

19

ACCEPTED



predicting the upper limit of the prescriptive zone [17]. 

 

Looking at the three dichotomous variables based on HR, HRR100 (HR recovery at 1 minute with 

a threshold of 100 bpm) showed a sensitivity of 1.0 based on 6 Tre Cases, all classified correctly. 

Based on few cases, this is a strong showing. Both HRacgih and HRR120 had sensitivities of about 

0.66, which has weak protection identifying only 2/3 of Tre Cases. 

 

Metrics that used HR and/or Tsk to predict Tre Cases did less well. The AUCs ranged from a weak 

0.72 with HRR and combinations of HR and Tsk to a useless 0.52 for MTA5 and 0.53 for ∆TreTsk. 

 

Heart Rate 

As with Tre, metrics using HR to predict HR Cases did very well, and the outcome was trivial. The 

MTAs were developed to help smooth out heterogeneous activities and look at trends. Because 

most of the cases were from the TLPs with steady work, MTAs do not model the case definition 

well and the AUCs were somewhat degraded over different averaging times with no consistent 

pattern. PSI was at 0.96, which seem to suggest that it is better at predicting cardiovascular limits 

than core temperature. The neural network based on Tre + Tsk was 0.79. Otherwise Tre, Tsk, Tre 

surrogates, and Tre+Tsk did not predict HR Cases well with AUCs ranging from 0.7 to 0.5. This 

suggested a general independence of Tre Case and HR Case outcomes. 

 

HRacgih had a sensitivity of 1.0 based on 32 cases. This is a strong showing considering that it is 

about 50% of age-predicted maximum heart rate. There is not much that can be offered about 

sensitivity for either HRR criterion because there were no HR Cases to be identified above the 
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criterion level. 

 

Fatigue 

Fatigue Cases were subjective and independent of any of the physiological metrics; that is, did not 

use any physiological measurements in the case definition. Thus the trivial outcomes for Tre and 

HR are not found for this case definition. Of the three Primary Metrics, Tre provided the highest 

AUC at an unremarkable 0.74. However, combining Tre with HR and Tsk yielded AUCs in the 

vicinity of 0.85. PSI was only 0.69, which meant that a rebalancing of Tre and HR has some promise 

for predicting Fatigue. 

 

None of the HR methods with prescribed thresholds in Table 6 had high sensitivity, which were in 

the range of 0.45 to 0.65. 

 

Detection Problem and Performance Implications 

The detection problem for personal monitoring is illustrated in Figure 1. The figure is for the 

Fatigue case definition because it was independent of the physiological metrics. As the figures 

clearly show, there was considerable overlap in the non-case and case distributions. The overlap 

made it difficult to find a cut-point that puts most of the non-cases on one side and the cases on 

the other side. The result is a low AUC. 

 

Figure 1. Distribution of non-cases and cases for fatigue for the primary physiological 

metrics of a) rectal temperature (Tre) (AUC=0.74), b) heart rate (HR) (AUC=0.60), and c) 

skin temperature (Tsk) (AUC=0.71). 
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The AUCs presented above provided a general insight into the capability of a metric to distinguish 

between non-cases and cases. Two scenarios illustrate the implications of the AUCs. One is when 

there is perfect knowledge of the primary metric and it is used to classify outcomes of another case 

definition. The other is when a surrogate of the primary metric is used to distinguish between non-

cases and cases with a case definition based on the primary metric; that is, how well the surrogate 

metric works. 

 

When a primary metric is used to distinguish cases based on the primary metric, an AUC = 1.0 is 

expected, and the ability to distinguish is perfect. A more interesting scenario is asking how well 

Tre would distinguish between outcomes for a different case definition, such as Fatigue. The ROC 

curve (AUC=0.74) using Tre to distinguish Fatigue cases is shown in Figure 2a. Because the cut-

point values are along the ROC curve, Figure 2b better illustrates the trade-off of sensitivity and 

specificity with increasing cut-points. To achieve a sensitivity of 0.95, the cut-point for Tre in 

Figure 2b would be 38.0°C. The resulting specificity would be 0.43, meaning that there would be 

a substantial number of false positive observations. 

 

Figure 2. a) ROC curve for distinguishing Fatigue cases based on Tre; and b) illustration of 

the trade-off between sensitivity and specificity at different Tre cut-points. 

 

The other scenario asks the very practical question: “How well does a surrogate metric substitute 

for a primary metric when the case definition is focused on the primary metric?”. To illustrate this, 

a dataset of Tre and predicted Tre (pTre) was examined [44]. The prediction method had little bias 

and a standard deviation of 0.3°C. The case definition was Tre > 38.0°C. An ROC curve and the 
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cut-point trade-off curves were developed from the data and shown in Figure 3. The AUC was 

0.72. For sensitivity at 0.95, the cut-point was 37.5°C with a resulting specificity of 0.25. 

 

Figure 3. a) ROC curve for distinguishing Tre cases (Tre > 38.0°C) based on predicted Tre 

from a commercial device; and b) illustration of the trade-off between sensitivity and 

specificity at different predicted Tre cut-points. 

 

Limitations 

The case definitions were arbitrary. As pointed out by others, there is no present consensus on 

what constitutes a threshold for core temperature or heart rate to protect someone from excessive 

heat strain [18]. This paper chose reasonable criteria to offer some insight to the discrimination 

challenges awaiting current and future personal monitoring systems. 

 

A limitation of this study was the convenience database. Most of the data were from studies based 

on the progressive heat stress protocol. Even though selected data were unsustainable heat stress 

15 min beyond the critical condition, the participants were not near a conventional physiological 

limit. Thus, these data oversampled non-case trials.  

 

Most of the cases were generated by the TLPs. There were cycles of different work (TLP 3) and 

periodic sitting (TLP 4) that begin to consider heterogeneous work patterns, while TLP 1 and TLP 

2 were continuous exposures to one level of heat stress. While rigorous laboratory testing is 

necessary, the final evaluation needs to be done in the field. 
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This paper used a sensitivity of 0.95 in the examples. This is a commonly accepted goal but not 

necessarily a requirement. Professional judgment is required to select an acceptable sensitivity and 

resulting specificity. 

 

Conclusions 

The ability to determine physiological limits will likely be a continuously improving process. This 

paper encourages the use of ROC curves and the associated trade-off curves as a means to 

demonstrate effectiveness. This also encourages the development of standard case definitions on 

which to base the comparisons.  

 

If physiological monitors are to perform as well as the WBGT-based exposure limits, the ROC 

AUCs should exceed 0.85 [7]. There is some promise that Tre surrogates can do this for Tre. When 

commercial wearables for HR are used to monitor for a fixed threshold, they are likely to do very 

well identifying HR Cases. A combined Tre and HR device that employs a neural network to 

develop the algorithm showed some promise as well. But what is notable was that the only 

noticeable improvement in ROC was for a fixed threshold HR Case definition. 

 

There were two fundamental lessons. First, the core temperature measurement was rectal 

temperature, suitable only to laboratory measures. So, the performance was likely to be as good as 

it can be if the criterion is simply a Tre limit; and surrogate methods for core temperature could 

add more error and thus reduce the AUC. Heart rate can be reliably measured with commercial 

devices and thus the reliability was less of an issue than for core temperature. Fatigue, on the other 

hand, was subjective and much less amenable to direct assessment by a wearable.  
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Second, it was clear from these data that core temperature, heart rate and fatigue are likely and 

separate endpoints as pointed out by others [9,18]. That means that an effective personal 

monitoring program needs to address all three or acknowledge that it does not address all the 

reasonable end points. We recommend that if personal monitoring is used for limiting the exposure 

time, that an active query also be used. That is, the user should be reminded that fatigue may limit 

the exposure [21] and that the person be asked periodically if they would like to stop [45]. The 

absence of this appreciation presents a real risk for employees and employers. 
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Figure Legends 

Figure 1. Distribution of non-cases and cases for fatigue for the primary physiological metrics of 

a) rectal temperature (Tre) (AUC=0.74), b) heart rate (HR) (AUC=0.60), and c) skin temperature 

(Tsk) (AUC=0.71). 

 

Figure 2. a) ROC curve for distinguishing Fatigue cases based on Tre; and b) illustration of the 

trade-off between sensitivity and specificity at different Tre cut-points. 

 

Figure 3. a) ROC curve for distinguishing Tre cases (Tre > 38.0°C) based on predicted Tre from a 

commercial device; and b) illustration of the trade-off between sensitivity and specificity at 

different predicted Tre cut-points. 
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a.   

 

b.   

 

c.   

 

Figure 1. Distribution of non-cases and cases for fatigue for the primary physiological metrics of 

a) rectal temperature (Tre) (AUC=0.74), b) heart rate (HR) (AUC=0.60), and c) skin temperature 

(Tsk) (AUC=0.71).  
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a.    b.   

 

Figure 2. a) ROC curve for distinguishing Fatigue cases based on Tre; and b) illustration of the 

trade-off between sensitivity and specificity at different Tre cut points. 
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a.   b.  

 

Figure 3. a) ROC curve for distinguishing Tre cases (Tre > 38.0°C) based on predicted Tre from a 

commercial device; and b) illustration of the trade-off between sensitivity and specificity at 

different predicted Tre cut-points. 
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Table 1. Participant characteristics by study 

 

Study Sex N Age [yr] Ht [cm] Wt [kg] 

TLP 1 M 4 28 175 73 

      

TLP 2 M 8 35 181 95 

 F 4 28 160 66 

      

TLP 3 M 31 41 177 84 

 F 5 37 166 64 

      

TLP 4 M 8 26 176 74 

 F 4 26 157 64 

      

PHS 1 M 9 29 183 97 

 F 5 32 161 63 

      

PHS 2 M 12 27 176 85 

 F 4 23 165 64 

      

PHS 3 M 6 25 181 73 
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Table 2. Metrics to predict cases for three case definitions. 

Metric Tre 

Case 

HR 

Case 

F 

Case 

Primary Metrics    

Rectal Temperature, Tre  X X 

Heart Rate, HR X  X 

Mean Skin Temperature, Tsk X X X 

Surrogate Metrics    

Oral Temperature, Toral  X X X 

Ear Canal Temperature, Tear  X X X 

Disk Temperature, Td X X X 

Combined Metrics    

Tre + HR   X 

Tre + Tsk  X X 

HR + Tsk X  X 

Tre + HR + Tsk   X 

Derived Metrics     

Physiological Strain Index (PSI) X X X 

HR Recovery at 1 min (HRR1) (dichotomous) X X X 

MTA (moving-time averages of HR) 

for 5, 10,20, 30 min  

X X X 

HRacgih (dichotomous) X X X 

Difference between Tre and Tsk (∆T =Tre-Tsk) X X X 

Dark Grey cell marks a metric that is used for a case definition. 

Light Grey cell marks a derived metric that contains a metric used for a case definition. The 

case definition is included because the derived metric is intended to be used in a combined 

fashion. Care in interpretation should be taken. 
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Table 3. Distribution of metrics (mean, standard deviation and count) by case definition for single 

observations. The cells highlighted in gray mark those combinations of case definition and metric 

that are not independent and those cells that have too few observations (<5) in one cell to compute 

an ROC. 

 

Case Definition Tre HR Fatigue 

Metric  

Non-

Case Case 

Non-

Case Case 

Non-

Case Case 

Tre Mean 38.00 38.73 38.10 38.39 38.05 38.38 

 Std Dev 0.34 0.18 0.41 0.27 0.41 0.31 

 N 749 131 850 30 734 146 

        

HR Mean 134 146 134 175 134 142 

 Std Dev 21 17 20 9 21 21 

 N 752 131 851 32 734 149 

        

Tsk Mean 37.20 37.86 37.24 37.43 37.19 37.92 

 Std Dev 0.86 1.18 0.90 0.99 0.86 1.12 

 N 671 50 702 19 666 55 

        

Toral Mean 37.55 38.28 37.68  37.45 37.98 

 Std Dev 0.42 0.38 0.50  0.38 0.49 

 N 23 5 28  16 12 

        

Tear Mean 37.31 38.34 37.70  37.40 37.99 

 Std Dev 0.56 0.23 0.68  0.75 0.46 

 N 23 14 37  18 19 

        

Td Mean 36.99 38.19 37.36 37.99 36.05 37.91 

 Std Dev 1.46 0.47 1.38 0.61 1.66 0.76 

 N 47 28 66 9 19 56 

        

HRR1 Mean 119 132 124  138 119 
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 Std Dev 26 19 23  33 18 

 N 9 6 15  4 11 

        

MTA5 Mean 142 145 139 164 150 143 

 Std Dev 17 18 15 10 10 18 

 N 34 23 47 10 3 54 

        

MTA10 Mean 140 145 138 161 146 142 

 Std Dev 18 18 16 11 8 18 

 N 34 23 47 10 3 54 

        

MTA20 Mean 137 141 135 152 148 138 

 Std Dev 16 16 15 12 9 16 

 N 34 22 46 10 3 53 

        

MTA30 Mean 130 136 129 148 143 132 

 Std Dev 16 16 15 13 10 16 

 N 34 22 46 10 3 53 

        

PSI Mean 5.38 7.16 5.57 7.94 5.50 6.37 

 Std Dev 1.27 0.89 1.32 0.53 1.37 1.14 

 N 749 131 850 30 734 146 

        

∆Tre-Tsk Mean 0.78 0.76 0.78 0.84 0.81 0.40 

 Std Dev 0.84 1.22 0.87 0.99 0.84 1.15 

 N 671 50 702 19 666 55 
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Table 4. Crosstab of case definitions (Tre and HR by Fatigue) 

 

 Tre HR 

Fatigue Noncase Case Noncase Case 

Noncase 644 90 713 21 

Case 108 41 138 11 

 

 

 

39

ACCEPTED



Table 5. AUCs for each metric and case definition. Shaded AUCs represent a lack of independence 

between the metric and case definition. 

 

 Case 

Metric Tre HR Fatigue 

Single Metrics    

Primary Metrics    

Tre 0.99 0.71 0.74 

HR 0.68 0.98 0.60 

Tsk 0.68 0.61 0.71 

Surrogate Metrics    

Toral 0.89  0.79 

Tear 0.96  0.74 

Td 0.78 0.61 0.83 

Derived Metrics    

HRR1 0.72   

MTA5 0.52 0.93  

MTA10 0.62 0.96  

MTA20 0.56 0.81  

MTA30 0.63 0.90  

PSI 0.87 0.96 0.69 

∆TreTsk 0.53 0.49 0.40 

    

Combined Metrics    

Logistic Model    

Tre + HR 0.99 0.98 0.75 

Tre + Tsk 0.99 0.73 0.81 

HR + Tsk 0.72 0.98 0.72 

Tre + HR + Tsk 0.99 0.99 0.81 
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Neural Network    

Tre + HR 0.99 0.99 0.85 

Tre + Tsk 0.98 0.79 0.84 

HR + Tsk 0.73 0.98 0.69 

Tre + HR + Tsk 0.98 0.98 0.85 
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Table 6. 2x2 tables for the dichotomous metrics (HRacgih, HHR1110, and HHR1120) 

 

 Tre Case 

HRacgih Case Non-case Sens/Spec 

High 87 339 0.66 

Low 44 413 0.45 

    

HRR>110 Case Non-case Sens/Spec 

Yes 6 4 1.00 

No 0 5 0.44 

    

HRR>120 Case Non-case Sens/Spec 

Yes 4 3 0.67 

No 2 6 0.33 

 HR Case 

HRacgih Case Non-case Sens/Spec 

High 32 394 1.00 

Low 0 457 0.46 

    

HRR>110 Case Non-case Sens/Spec 

Yes 0 10 -- 

No 0 5 0.67 

    

HRR>120 Case Non-case Sens/Spec 

Yes 0 7 -- 

No 0 8 0.47 

 Fatigue Case 

HRacgih Case Non-case Sens/Spec 

High 82 344 0.55 

Low 67 390 0.47 

    

HRR>110 Case Non-case Sens/Spec 

Yes 7 3 0.64 

No 4 1 0.75 

    

HRR>120 Case Non-case Sens/Spec 

Yes 5 2 0.45 

No 6 2 0.50 
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Visual Abstract 
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