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Abstract

:

This study concerns the application of statistical learning (SL) in thermal stress assessment compared to the results accomplished by an international expert group when developing the Universal Thermal Climate Index (UTCI). The performance of diverse SL algorithms in predicting UTCI equivalent temperatures and in thermal stress assessment was assessed by root mean squared errors (RMSE) and Cohen’s kappa. A total of 48 predictors formed by 12 variables at four consecutive 30 min intervals were obtained as the output of an advanced human thermoregulation model, calculated for 105,642 conditions from extreme cold to extreme heat. Random forests and k-nearest neighbors closely predicted UTCI equivalent temperatures with an RMSE about 3 °C. However, clustering applied after dimension reduction (principal component analysis and t-distributed stochastic neighbor embedding) was inadequate for thermal stress assessment, showing low to fair agreement with the UTCI stress categories (Cohen’s kappa < 0.4). The findings of this study will inform the purposeful application of SL in thermal stress assessment, where they will support the biometeorological expert.
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1. Introduction


Statistical or machine learning (SL) is central to artificial intelligence (AI) applications [1,2,3] with potential relevance to environmental risk assessment, especially in settings with high-dimensional input such as thermal stress indices [4]. There, they may assist or even attempt to replace the bio-meteorological expert judgment, as indicated by the increasing number of recent applications in diverse fields of biometeorology concerning, e.g., indoor and outdoor thermal comfort, the impact assessment of climate change-related heat stress, urban planning, the adaptation of buildings and human behavior to changing climatic conditions, or establishing a link between human physiology and thermal sensation [5,6,7,8,9,10,11]. The rising number of SL applications triggers a demand for quantitatively assessing the skills of statistical learning in comparison to results involving expert judgment. Our study aimed to contribute to such an assessment by utilizing as a testbed the development process of the Universal Thermal Climate Index (UTCI), a complex assessment procedure for the physiological strain related to the outdoor thermal environment [12], which soon after its release had been widely adopted and applied in core fields of biometeorology covering weather services, public health research and epidemiology, precautionary planning of heat health warning systems and urban environments, including applications to tourism and health resorts, and climate impact research [13,14,15,16,17,18,19,20,21,22,23,24].



The development of UTCI was accomplished by an international inter-disciplinary endeavor [25,26] involving the judgment of more than 40 experts from 23 countries [12]. Figure 1 visualizes the concept and major stages of the UTCI development process [25].



UTCI was conceptualized as an equivalent temperature (in °C) defined as the air temperature of the reference condition with the same dynamic physiological response as the actual condition. The physiological response to thermal stress was derived at stage 1 from the output of an advanced human model of thermoregulation [27], which had been coupled with an adaptive clothing model with clothing insulation changing depending on air temperature [28]. Extensive simulation runs were performed at stage 2, which also included the validation of predicted physiological responses against experimental laboratory and field data [29,30,31,32]. After the experts reached consensus about the definition of reference conditions in stage 3, stage 4 derived UTCI on an equivalent temperature scale. This involved a multivariate approach [25,33] including a dimension reduction step of the multidimensional model output to a one-dimensional strain indicator by principal component analysis. Then, UTCI values for non-reference conditions concerning wind speed, humidity, and solar and thermal radiation were identified by searching the reference condition with the same strain indicator value (Figure 1). At stage 5, for assessment purposes, a scale classifying the UTCI values into ten categories of thermal stress was added to the operational procedure [25]. The assessment scale was established by consensus and expert judgment involving the comparison of the model output values concerning the thermal state of the human body, including thermal sensation and effectors of thermoregulation, to established ergonomic limit criteria regarding cold and heat stress [25,34].



Thus, UTCI integrates human expert judgment with the high-dimensional model output from numerous simulations performed for a huge grid of relevant conditions representing the reference and non-reference climates ranging from the extreme cold to extreme heat. Therefore, UTCI and its underlying data represent a suitable test case for benchmarking the skills of SL algorithms against procedures involving expert knowledge concerning the comprehensive assessment of human responses to thermal stress in biometeorological applications.



Focusing on the data-driven stages 4 and 5 of the UTCI development (Figure 1), the aim of this study was to compare the performance of SL algorithms to the outcome of the process involving the knowledge and judgment of the UTCI expert group [12]. Thus, it is expected that the findings from this study will inform the purposeful usage of SL algorithms in supporting the biometeorological expert for thermal risk assessment.




2. Materials and Methods


Our approach was to apply selected SL algorithms deemed representative for recent applications [5,6,7,8,9,10,11,35,36,37,38,39,40,41] to the multi-dimensional data simulated over a comprehensive grid of relevant climatic conditions by the UTCI-Fiala model [27] at stage 2 of the UTCI development process (Figure 1).



2.1. UTCI Data


The operational procedure [25] was based on the dynamic physiological response characterized by the 48-dimensional model output formed by 12 variables at 4 consecutive 30 min intervals (Table 1). This output was generated for 1051 reference conditions, which were characterized by low wind speed (0.5 m/s measured 10 m above ground level), relative humidity of 50%, but water vapor pressure capped at 20 hPa for air temperatures above 29 °C, and shadowed conditions with mean radiant temperature equaling air temperature, with the latter covering the temperature range from −110 °C to +100 °C with a 0.2 K increment. Notably, for reference conditions, UTCI values are known and equal to the air temperature by definition (Figure 1). Another set of 104,591 non-reference conditions with varying levels of air temperature (−50 °C to +50 °C with 1 K increment), wind speed (0.5 to 30.3 m/s 10 m above ground), relative humidity (5% to 100%, but with maximum water vapor pressure of 50 hPa), and solar and thermal radiation (mean radiant temperature from 30 K below to 70 K above air temperature with 5 K increment) had to be valued in UTCI equivalent temperatures (°C) and classified in 10 stress categories ranging from extreme cold to extreme heat, as indicated by stages 4 and 5 in Figure 1.



For independent test purposes, these analyses were repeated with an external set of 1000 non-reference conditions, which had been simulated previously [25,42] and served as non-reference test data in this study.





 





Table 1. Physiological output variables obtained from the UTCI-Fiala model [27].






Table 1. Physiological output variables obtained from the UTCI-Fiala model [27].





	Physiological Variable 1
	Abbreviation 2
	Unit





	rectal temperature
	Tre
	°C



	mean skin temperature
	Tskm
	°C



	facial skin temperature
	Tskfc
	°C



	hand skin temperature
	Tskhn
	°C



	total net heat loss
	Qsk
	W



	evaporative (latent) heat loss
	Esk
	W



	sweat rate
	Mskdot
	g/min



	metabolic heat production
	Metab
	W



	heat generated by shivering
	Shiv
	W



	skin wetness
	wettA
	% of body area



	skin blood flow
	VblSk
	% of basal value



	cardiac output
	sVbl
	% of basal value







1 In addition, scores of the dynamic thermal sensation (DTS) on the 7-unit ASHRAE [43] scale (−3: cold; −2: cool; −1: slightly cool; 0: neutral; +1: slightly warm; +2: warm; +3: hot) were estimated from the physiological output [44]; 2 Each output variable was calculated for 30, 60, 90, and 120 min of simulated exposure duration.












2.2. Data Analysis


To not compromise the study goal of comparing SL algorithms to expert judgment, data preprocessing using external input was limited. After inspection (Figure 2 and Figure A1), we log-transformed the percentage skin blood flow data (VblSK). Data cleaning was obsolete as the deterministic UTCI-Fiala model [27] did not generate any missing values.



Splitting the reference conditions into sets of 840 training and 211 test data and using the external 1000 non-reference conditions as additional non-reference test data, we compared the results of the UTCI expert group to diverse SL algorithms in predicting UTCI equivalent temperature values from the 48 predictors, using the root-mean squared error (RMSE) as a performance metric with error defined as the deviation of UTCI from the equivalent temperatures predicted by the SL algorithms. The supervised learning techniques comprised linear regression (MLR: multiple linear regression; LASSO: least absolute shrinkage and selection operator), tree-based and ensemble methods (CART: classification and regression trees; RF: random forests; XGBoost: extreme gradient boosting), as well as support vector machines (SVN), and the non-parametric k-nearest neighbors (KNN) [1,2,3,45,46,47]. More specifically, because UTCI equivalent temperature equals air temperature for reference conditions, we could label UTCI equivalent temperatures for the reference training data and did utilize the above-mentioned regression algorithms for predicting equivalent temperature by the 48 predictors (12 variables at 4 points in time) listed in Table 1.



For comparison to the UTCI assessment scale, UTCI values were then categorized by hierarchical and k-means clustering [1] after applying principal component analysis (PCA) and t-distributed stochastic neighbor embedding t-SNE [48], respectively, to the high-dimensional UTCI model output for dimensionality reduction. In accordance with the approach of the UTCI expert group [25], we searched for ten categories using the UTCI reference data set limited to the 926 values with air temperatures between −110 °C and +75 °C, covering the range of UTCI values obtained for non-reference conditions [25]. This enabled ranking the resulting clusters by the intra-cluster mean air temperatures, which were equal to UTCI for the reference conditions according to the equivalent temperature definition (Figure 1).



Metrics of agreement between the UTCI stress categories and the classification found by clustering were derived from the confusion matrix by calculating the overall accuracy, defined as the proportion of the UTCI stress categories that were classified correctly, and by Cohen’s kappa, defined as (po − pe)/(1 − pe), with po denoting the observed proportion of agreement and pe the hypothetical proportion of agreement due to chance [49]. The calculations were performed with the statistical software R version 4.3.3 [50] using the packages caret [51], xgboost [47], yardstick [52], tidyverse [53], and cowplot [54].





3. Results


Figure 2 illustrates the distribution of the training data, i.e., the 48-dimensional set of twelve physiological output variables at four points in time predicted by the UTCI-Fiala model [27] for the UTCI reference conditions with air temperatures ranging from −55 °C to +55 °C. Similarly, Figure A1 depicts the corresponding data for the combined reference and non-reference conditions depending on air temperature.



While several parameters, like rectal, mean skin, and facial temperatures, as well as skin blood flow, showed a time-dependent pattern of values increasing from cold to heat stress, other parameters showed non-monotonous relationships, e.g., metabolic heat production increasing both in the cold due to shivering, and in the heat due to the so-called Q10-effect, i.e., the rise in metabolic rate associated with increasing body core temperature. The UTCI-Fiala model had implemented an increase in metabolic rate of about 7% per 1 K rise in core temperature in accordance with the results of climate chamber experiments [27,55]. These non-linear and non-monotonous patterns of stress–strain relationships with respect to the air temperature-dependent physiological responses, as well as shivering only occurring in the cold, posed a particular challenge to the learning algorithms.



3.1. UTCI Equivalent Temperature Calculation


UTCI and the equivalent temperatures predicted by the diverse algorithms were highly correlated, with the squared correlation (R2) exceeding 0.95 for any dataset and with any method, as shown in Appendix A by Figure A2.



However, performance differences became obvious in Figure 3A, showing the typical prediction error RMSE obtained from the separate algorithms for the three sets of training and test data, respectively. While multiple linear regression and LASSO worked well for UTCI reference conditions, RMSE increased to more than 7 °C for the non-reference data, approximately corresponding to one heat stress category deviation (Figure 1). RMSE values of similar magnitude for the non-reference test data occurred with CART and SVM, whereas gradient boosting lowered the prediction error. The best performance was observed with RF and KNN, both showing an excellent fit for the reference data with RMSE < 0.2 °C and a good agreement with RMSE of about 3 °C for non-reference UTCI, where RMSE for KNN was below the prediction error obtained for calculating UTCI from meteorological input by the polynomial regression function provided by the operational procedure (Figure 1) [25]. Among the tree-based algorithms, CART performance was inferior to RF and gradient boosting (XGBoost) in all cases, in accordance with earlier observations in different application areas [46]. The results for RMSE were confirmed by the corresponding analyses utilizing the squared correlation coefficient (R2) and the mean absolute error (MAE) as alternative performance metrics, as shown in Figure A2.



As an essential requirement for thermal stress indices, identical index values should indicate equivalent thermal strain [12]. Thus, Figure 3B evaluates this criterion for the equivalent temperatures determined by the diverse SL algorithms in comparison to the original UTCI concerning the dynamic thermal sensation (DTS) from the non-reference test data averaged over the four simulated points in time (30, 60, 90, and 120 min). The resulting pattern for the best-performing algorithms, RF and KNN, was similar to the original UTCI, showing a small variation around the reference values, whereas the other algorithms, especially CART, showed larger and partly systematic deviations (Figure 3B).




3.2. UTCI Assessment Scale and Thermal Stress Categories


As illustrated by Figure 4A, the UTCI-Fiala model output projected to the first two dimensions by PCA, which explained about 90% of total variance, exhibited a one-dimensional structure along the UTCI categories from extreme cold to extreme heat, which followed an increasing course concerning the first principal component (dim1) in accordance with the original analysis [25]. Similarly, a one-dimensional structure also emerged with t-SNE; however, the resulting curve followed a non-monotonous pattern in each of the two dimensions (dim1 and dim2).



Figure 4B shows the confusion matrices comparing the groups formed by hierarchical or k-means clustering following dimensionality reduction by PCA and t-SNE, respectively, to the categories of the UTCI assessment scale. Although correct classifications followed a trend from extreme cold to heat, discrepancies concerning the intermediate UTCI categories were obvious.



Consequently, the quantification of agreement in Figure 4C resulted in low to fair levels of agreement, according to Cohen’s kappa, varying between 0.1 and 0.4 [49]. The different methods, as defined by the combinations of the dimension reduction (PCA vs. t-SNE) with the clustering algorithms (hierarchical vs. k-means), performed similarly with k-means clustering following t-SNE yielding the highest scores for both accuracy (0.395) and the kappa coefficient (0.33), respectively.





4. Discussion


Our study provided a quantitative assessment of the skills of SL algorithms, focusing on the data-driven stages 4 and 5 of the UTCI development process (Figure 1). Notably, both stages did involve consensus and expert judgment, e.g., for selecting the relevant subsets of two exposure durations (30 min and 120 min) and seven physiological output variables (Tre, Tskm, Tskfc, Mskdot, Shiv, wettA, and VblSk, with abbreviations from Table 1) in equivalent temperature calculation (stage 4). Similarly, the assessment scale from stage 5 was based on consensus about limit criteria derived from external expert knowledge from thermophysiology and ergonomics [25]. While Section 4.1 compares the skills of SL to the UTCI approach concerning these two stages of the development process, it should be noted that expert knowledge and judgment were inherently needed at all stages shown in Figure 1, especially with respect to the definition of the reference conditions in stage 3 as a crucial requirement for equivalent temperature calculation. Therefore, Section 4.2 relates our findings to corresponding results based on ensemble modeling as established for biological aging research [56,57], which is presented here in a novel context of thermal index development and could enable the calculation of equivalent temperatures without requiring the explicit definition of reference conditions, thus waiving stage 3 requiring expert judgment from the development process (Figure 1).



4.1. UTCI Approach Compared to SL Algorithms


Our results concerning the equivalent temperature index UTCI indicate that recent machine learning algorithms such as random forests or k-nearest neighbors were capable of producing equivalent temperatures deviating from UTCI with an RMSE of about 3 °C for the general, non-reference use case. For comparison, this deviation was similar to, or in the case of the k-nearest neighbor regression algorithm, even below the RMSE associated with calculating UTCI from the meteorological input variables using the polynomial regression function [25]. The non-parametric k-nearest neighbor regression algorithm might be better suited to capture non-monotonous stress–strain relationships like metabolic rate increasing under both cold and heat stress conditions (Figure 2 and Figure A1), which could explain the superior performance of k-nearest neighbor regression compared to the other SL algorithms. The deviations found for the two best-performing algorithms might be considered acceptable given that uncertainties in the measurement or estimation of the mean radiant temperature in application scenarios could lead to absolute deviations above 6 K concerning the UTCI calculation by the polynomial regression function, which might even increase to more than 8 K when taking the other meteorological input variables (air temperature, humidity, wind speed) into account [58]. In addition, the values of dynamic thermal sensation (DTS) showed only limited variability at equivalent temperatures produced by random forest and k-nearest neighbors (Figure 3B), which was of similar magnitude as observed for the original UTCI. As identical equivalent temperature values should indicate identical thermal strain [12], this supports the potential usefulness of random forest and k-nearest neighbor regression for thermal index development.



In summary, our results suggest that selected SL algorithms may be helpful tools to derive summarizing metrics for complex environmental assessment tasks characterized by high-dimensional data describing stress and strain. Notably, these useful features concerned a narrow, but important data-analytical task within the UTCI development (stage 4 in Figure 1), which itself had been based on multivariate statistical methods [25], bearing some similarities with the SL algorithms applied in this study. From the opposite perspective, the close similarities of UTCI with equivalent temperatures calculated by modern machine learning algorithms suggest that the UTCI approach still appears appropriate considering recent data analytic developments.



The dimensionality-reduction results by PCA and t-SNE in Figure 4A both suggested a one-dimensional structure of thermos-physiological strain, concurring with the original analyses presented as stage 4 of Figure 1 [25]. In addition, the clustering algorithms were able to identify a trend from extreme heat to extreme cold. However, they did not reliably discriminate between the intermediate categories, with only marginal differences between the diverse algorithms. This demonstrates the discrepancy between clustering algorithms searching for patterns in the data and forming groups of data of comparable size on the one hand [59] and the definition of UTCI stress categories based on thermo-physiological knowledge and ergonomics reasoning on the other hand [25,34].




4.2. Alternative Approach by Ensemble Modeling


Ensemble modeling techniques such as random forests and gradient boosting, which had shown good performance in this study (Figure 3), aim at enhancing the predictive capabilities of simple models by averaging single predictions of numerous models and have been successfully applied to the assessment of human biological features changing with aging by a single quantity termed ‘biological age’ [56,57]. Biological age is defined as the chronological age of a population reference associated with identical levels of single or composite aging biomarkers, where the population reference is usually taken as a means of a comprehensive sample obtained from large-scale clinical or epidemiological studies [57]. Thus, the concept of biological age bears close similarities with equivalent temperature-based thermal indices [12], with age taking the role of temperature [60].



Therefore, as additional analysis, we applied the widely used Klemera-Doubal method (KDM) [56], which predicts the outcome of interest, here air temperature replacing age, as a weighted average of the predictions obtained by inverting the individual regression lines, as shown in Figure A1 for the predicted 48 physiological responses from the combined reference and non-reference datasets. The weights are chosen by the KDM algorithm proportional to the squared correlation coefficients. We calculated KDM equivalent temperatures using the R package BioAge [57], and compared them in Figure 5 to the UTCI values determined for the external test data [42]. Both types of equivalent temperatures were highly correlated with UTCI values above KDM equivalent temperatures in the heat and below KDM in the cold (Figure 5).



It is important to note that the KDM algorithms allow for the determination of equivalent temperatures without defining reference conditions, thus omitting stage 3 from Figure 1. In KDM, the reference conditions are unknown, but implicitly referring to those conditions representing the ‘population average’ in the underlying data, with air temperature equaling the predicted equivalent temperature after the complex ensemble modeling algorithm involving inverting and weighting individual regression functions. Concerning the combined reference and non-reference data shown in Figure A1, this population average will be characterized by higher values of wind speed and mean radiant temperature compared to the UTCI reference conditions. This explains, at least partly, the pattern observed in Figure 5, because the non-reference test data will be further away from the UTCI reference than from the implicit population average in KDM in terms of wind speed and mean radiant temperature. This will increase the offset, i.e., the shift of equivalent to air temperature as shown in Figure 1 for UTCI compared to KDM, and lead to higher UTCI values in the heat and lower values in the cold.



As the KDM procedure removes the necessity of finding consensus about the definition of the reference conditions, it could simplify the development process of an equivalent temperature index. On the other hand, it will make the resulting equivalent temperature less interpretable due to the unspecified reference conditions. Consequently, the utilization of the KDM algorithm for the development of an equivalent temperature index will require the most careful design of the underlying database, which will implicitly also define the (unknown) reference to which all conditions will be compared.



Hence, we believe that the UTCI approach with a specified reference will promote results that are more interpretable in terms of thermal stress and physiological strain, which forms an essential requirement for assessment procedures concerning the human responses to the thermal environment [12,61].



Of course, the KDM algorithm could also be used to derive predictive equations for the equivalent temperatures from the reference data only and then apply those to the non-reference data, in the same manner as it was accomplished for the other SL algorithms in Section 3.1. Implementing this analysis, KDM showed inferior performance, with RMSE exceeding 23 °C for the reference and 42 °C for the non-reference conditions, far above the deviations reported for the other SL algorithms in Figure 3A. According to this result, the application of KDM for the development of equivalent temperature indices will be limited to the special case when the definition of reference conditions will not be possible or warranted.




4.3. Limitations and Outlook


As a limitation concerning generalizability, the database underlying the UTCI development was generated by a deterministic model of human thermoregulation. Thus, it lacks random variation induced by, e.g., inter-individual or day-to-day variability of the human physiological responses, which might have complicated the analyses of this study. However, the best-performing SL algorithms for equivalent temperature prediction, i.e., concerning stage 4 in Figure 1, like random forests and k-nearest neighbors, had already been suggested and successfully applied in other fields pertaining to climatic change and thermal stress [35,36,37,38,39,40,41].



While selected SL algorithms were competitive with procedures involving expert judgment for equivalent temperature prediction (stage 4 in Figure 1), assessment scales (stage 5 in Figure 1) automatically derived by clustering algorithms may still require expert knowledge for their refinement. Future enhancements at this stage may be possible by including further artificial intelligence tools such as expert systems or large language models working with knowledge databases [62,63].



Notably, the KDM approach, transferred in this study from biological aging research to a novel context, might facilitate the development of equivalent temperature indices by avoiding the necessity of specifying reference conditions (stage 3 in Figure 1) in future applications.





5. Conclusions


In summary, a potential supportive role for the utilized SL algorithms when analyzing high-dimensional input in thermal index development can be concluded from their adequate performance in equivalent temperature prediction. On the other hand, the low agreement of the assessment scale defined by the UTCI expert group with clustering-based thermal stress categories suggested that statistical learning algorithms will not (yet) fully replace the knowledgeable experts in biometeorological and inter-disciplinary research. Nevertheless, we believe that the findings from our study will contribute to informing biometeorological experts on the purposeful application of SL algorithms in thermal risk assessment.
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Appendix A


This appendix contains supplemental Figure A1 and Figure A2.



Figure A1 illustrates the distribution and correlation of air temperature with the twelve physiological responses at four points in time predicted by the UTCI-Fiala model [27] for the combined reference and non-reference datasets, i.e., training and test data, including the individual regression lines. The latter were used by the KDM algorithm [56,57] for ensemble modeling of the equivalent temperature as averaged predictions from the inverted regression lines weighted by the squared correlation coefficients, as discussed in Section 4.2.



Figure A2 presents the squared correlation coefficients (R2) and the mean absolute error (MAE) as goodness-of-fit metrics complementing the root mean squared error (RMSE) presented in Figure 3A for the UTCI equivalent temperature predictions from diverse SL algorithms.





[image: Atmosphere 15 00703 g0a1] 





Figure A1. Set of twelve physiological output variables (abbreviations in Table 1) at four exposure times from the combined reference and non-reference conditions plotted related to air temperatures ranging from −50 °C to +50 °C with correlation coefficients (R) and linear regression lines. Note the log transformation applied to the skin blood flow data (VblSk) shown in the second row from the bottom up. 
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Figure A2. Squared correlation coefficients (R2, left panel) and mean absolute error (MAE, right panel) as goodness-of-fit metrics in addition to the RMSE presented in Figure 3A for predicting UTCI equivalent temperatures from 48 physiological variables by different supervised SL algorithms (MLR: multiple linear regression; LASSO: least absolute shrinkage and selection operator; CART: classification and regression trees; SVM: support vector machines; XGBoost: extreme gradient boosting; RF: random forests; KNN: k-nearest neighbors) for the training reference (train ref) data and two test datasets for reference (ref) and non-reference (non-ref) UTCI conditions. For comparison, horizontal reference lines indicate the corresponding metrics for calculating UTCI from meteorological input using the polynomial regression function or the lookup table provided by the operational procedure [25]. 
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Figure 1. Stages of the development process with the elements of the operational procedure for calculating UTCI equivalent temperatures with thermal stress categories, modified from [25], where the highlighted stages 4 and 5 are of major concern in this study. 
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Figure 2. Set of twelve physiological output variables (abbreviations in Table 1) at four points in time from the simulated reference conditions plotted representing the distribution of the training data with UTCI ranging from −55 °C to +55 °C. Note the log-scale applied to the skin blood flow data (VblSk) shown in the third column of the bottom row. 
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Figure 3. (A) Root-mean squared error (RMSE) for predicting UTCI equivalent temperatures from 48 physiological variables by different supervised SL algorithms (MLR: multiple linear regression; LASSO: least absolute shrinkage and selection operator; CART: classification and regression trees; SVM: support vector machines; XGBoost: extreme gradient boosting; RF: random forests; KNN: k-nearest neighbors) for the training reference (train ref) data and two test datasets for reference (ref) and non-reference (non-ref) UTCI conditions. For comparison, horizontal reference lines indicate the RMSE for calculating UTCI from meteorological input using the polynomial regression function or the lookup table provided by the operational procedure [25]. (B) Dynamic thermal sensation votes from the non-reference test data depending on the equivalent temperature predicted by the SL algorithms from (A) in comparison to the original UTCI (lower right panel), with lines indicating the values for the reference conditions. 
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Figure 4. (A) Two-dimensional projections from principal component analysis (PCA), and t-distributed stochastic neighbor embedding (t-SNE), respectively, of the reference data (48 physiological variables plus 4 calculated dynamic thermal sensations) colored by the ten UTCI categories. (B) Confusion matrices showing the proportion (Prop) of conditions in the original ten UTCI stress categories (y-axis) assigned to the corresponding number of groups by hierarchical (upper panels) and k-means-clustering (lower panels) applied to the projections from PCA and t-SNE, respectively. (C) Metrics (accuracy and Cohen’s kappa) on the agreement of the UTCI stress categories with the classifications by the different clustering algorithms applied to PCA and t-SNE projections. 
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Figure 5. UTCI values and KDM equivalent temperatures for the external test data comprising 1000 non-reference conditions with a squared correlation coefficient (R2) and a dashed line of identity (y = x). 
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