
Dear Editors, 

We would like to thank the Editors and Reviewers for their very posiƟve feedback and 
insighƞul comments, which helped us to improve the paper and clarify the details of 
our study. 

We have modified the text according to their comments, and we hope that you will 
find our revised manuscript adequately addressing all raised issues. 

Please find our detailed response to each comment below. We cite the reviewers’ 
comments in blue and indicate manuscript text by quoƟng and using the font “Times 
New Roman” showing changed text in red. 

In addiƟon, we verified all cited references concerning their relevance and performed 
some language ediƟng as requested for improving the style of the manuscript. In 
response to the Editor’s request, we have also added a Graphical Abstract to our 
submission. All modificaƟons are marked as tracked changes in the revised 
manuscript. 

I herewith, with approval of my co-authors, submit the revised version of our 
manuscript, and we hope, that you will consider it suitable for publicaƟon in 
Atmosphere. 

Sincerely, 

Peter Bröde 

 
Reviewer 1 

The proposed invesƟgaƟon mainly used several machine learning algorithms to analyze and 
predict the UTCI. The study extended the applicaƟon of machine learning algorithms. The 
detailed comments are presented as below: 

We are grateful to this reviewer for the posiƟve aƫtude towards our study and for 
the construcƟve comments, which we have addressed as detailed below. 

1) In the common machine learning approaches, it’s highly recommended to do the pre-
analysis of data, including data cleaning, independence analysis, and data preprocessing. 
Especially for data preprocessing, it can significantly affect the machine learning results. 
Please explain the reason for not using data preprocessing. 

Thank you for poinƟng us to the relevant topic on data preprocessing. In fact, we had 
made limited use of data preprocessing by applying log-transformaƟon to one 
variable. We have added corresponding informaƟon to Figures 2 and A1, and a 
paragraph at the beginning of the “Data analysis” secƟon 2.2, which reads as: 

“As the data were simulated by the UTCI-Fiala model [27], data 
cleaning was not necessary. To restrict (data) expert input to the 
algorithms, we applied only limited data preprocessing by log-
transforming the percentage skin blood flow data (VblSk).” 

2) The training data is important to the performance of machine learning algorithms. Besides 
focusing on the total number of training data in the manuscript, it’s recommended to show 
the total distribuƟon of the whole data. In addiƟon, what are the resources of the data (from 
experiment, observaƟon, or simulaƟon)? 



We agree with this comment concerning the importance of showing the data 
distribuƟon and had therefore included Figure 2 showing the distribuƟon of the 
training data and Figure A1 showing the distribuƟon of the combined training 
(reference) and test (non-reference) data, respecƟvely. We now include a 
corresponding text referring to the distribuƟon in the capƟon and the manuscript at 
the beginning of secƟon 3, which reads: 

“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 temperature ranging from -55 °C to +55 °C.” 

In addiƟon, we state that the data arose as output from simulaƟons performed using 
the UTCI-Fiala model, e.g., in secƟon 2 ‘Methods and materials’: 

“Our approach was to apply selected SL algorithms deeming representative for 
recent applications [5-11,35-41] 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 (Figure 1).” 

3) It’s not enough to evaluate the predicƟon performance by only using RMSE. It will be 
more convicƟve by showing the combinaƟon of different performance metrics, such as R-
square and RMSE. 

In response to this comment, we have added the new supplemental Figure A2 to 
Appendix A showing that uƟlizing the squared correlaƟon (R2) and the mean absolute 
error (MAE) as alternaƟve metrics confirmed the results obtained with RMSE as 
presented in Figure 3A. We refer to this new Figure expanding the results secƟon 3.1 
as follows: 

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

4) The regression results in Figure A1 is not fully analyzed. What are the contribuƟons of the 
regression analysis in Figure A1 for the proposed invesƟgaƟon? 

In response to this comment, we have expanded the explanaƟon of Figure A1 in 
Appendix A, which now reads: 

“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 [58,59] for ensemble modelling of the 
equivalent temperature as averaged predictions from the inverted regression 
lines weighted by the squared correlation coefficients, as discussed in section 
4.2.” 



5) The Ɵtle of this manuscript is “ ... compared the expert judgement ...”. However, the expert 
judgement is only used as the training data for the machine learning algorithms. The 
comparison between the machine learning and the expert judgement is not clear. It’s 
suggested to present the detailed comparison or to revise the Ɵtle of the manuscript. 

In response to this comment (and to a related comment from reviewer 2 concerning 
novelty aspects), we have re-phrased the second para of the introducƟon referring to 
‘expert judgement’, as follows: 

“The rising number of SL applications trigger a demand for quantitatively 
assessing the skills of statistical learning in comparison to results involving 
expert judgement. Our study aimed to contribute to such an assessment 
utilizing as a testbed the development of the Universal Thermal Climate Index 
(UTCI)…” 

6) It’s sƟll not clear about the reasons of low accuracy for PCA and t-SNE analysis. It may 
aƩract more research interests. It’s suggested to further explain the results to aƩract the 
potenƟal readers. 

Adhering to this hind, we have expanded the corresponding para in the discussion, 
which stresses on the different approaches of clustering algorithms looking for 
paƩerns in the data, vs limit values derived from external sources involving expert 
judgement in thermos-physiology and ergonomics, and now reads: 

“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 one hand [57] and the definition of UTCI stress categories based on 
thermo-physiological knowledge and ergonomics reasoning on the other hand 
[25,34].” 

In addiƟon, we have added a subsecƟon including an outlook, which may further 
trigger further research: 

“4.3 Limitations and outlook 

As a limitation concerning generalizability, the database underlying the UTCI 
development had been 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 [35-41]. 
While the KDM approach as outlined in section 4.2 might facilitate the 
development of equivalent temperature indices by avoiding the necessity for 
specifying reference conditions (stage 3 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].” 

7) The conclusions are highly suggested to be revised. For example, the statement “the 
potenƟal supporƟve role for AI and the uƟlized SL algorithms.” is not clear. How is AI used 
and discussed in the manuscript?  

Besides, the conclusions are not fully covered the main research results in the manuscript 

We are grateful to this reviewer for poinƟng out that the manuscript deals with 
staƟsƟcal learning (SL) as one pillar of AI applicaƟon, and not with AI per se. Thus, in 
response to this comment, we do not longer refer to ‘AI’ in the conclusion. In 
addiƟon, we now recapitulate the major outcomes in the conclusion secƟon, which 
reads as: 

“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 expert in biometeorological and inter-disciplinary 
research and thermal risk assessment.” 

Please also refer to our response to the similar last comment of reviewer 2. 

In addiƟon, please refer to the detailed informaƟon in the track changes aƩached to 
our responses. 

Reviewer 2 

The work is devoted to the topic of modeling and staƟsƟcal assessment of weather 
condiƟons. This topic may be of interest to a wide range of researchers. 

We very much appreciate that this reviewer recognizes the value of our study, and are 
gratefully acknowledging the detailed construcƟve comments, which we have 
addressed as outlined below. 

Figure 1 – Scheme is very interesƟng but hardly could be read. Please, rework the size. Also, 
highlighted stages can’t be seen clearly. 

Following this hint, we have reworked Figure 1 by enlarging the figure, increasing the 
text size and changing the color used for highlighƟng; and we hope that this will 
increase the legibility of Figure 1. 

Abstract should be reworked. First sentence is not suitable. Also, this sentence is duplicated 
in line 37-28 and it does not sound well. Please, reformulate it. 

In response to this comment, we have rephrased the corresponding sentence and re-
structured the abstract, which now reads: 

“The Universal Thermal Climate Index (UTCI), a complex tool for the 
assessment of outdoor thermal stress created by an international expert group, 
is an equivalent temperature index based on the 48-dimensional output of an 
advanced model of human thermoregulation formed by 12 variables at four 
consecutive 30-minute intervals, which were calculated for 105,642 thermal 
conditions from extreme cold to extreme heat. This study assessed the skills of 



statistical learning (SL) in supplementing or even replacing the expert 
knowledge inherent to UTCI by comparing the performance of SL algorithms 
to the results accomplished by an international endeavor involving more than 
40 experts from 23 countries, We found that random forests and k-nearest 
neighbors closely predicted UTCI values, but that clustering applied after 
dimension reduction algorithms (principal component analysis and t-distributed 
stochastic neighbor embedding) were inadequate for risk assessment in relation 
to the UTCI stress categories. This indicates a potential supportive role for SL, 
as it will not (yet) fully replace the bio-meteorological expert knowledge.” 

We have also re-phrased the second para of the introducƟon, as outlined below in 
our response to the next comment. 

What is the novelty of the work? Please, highlight novelty in the text in the IntroducƟon 
secƟon. 

In response to this comment, we have re-phrased the second paragraph of the 
introducƟon focusing on the assessment of SL skills, as announced by the Ɵtle. The 
text now reads: 

“The rising number of SL applications trigger a demand for quantitatively 
assessing the skills of statistical learning in comparison to results involving 
expert judgement. Our study aimed to contribute to such an assessment 
utilizing as a testbed the development of the Universal Thermal Climate Index 
(UTCI)…” 

Conclusion secƟon is too short. It must be obtained. It is necessary to clearly summarize all 
the observaƟons established in the work. It is important to write whether the tasks of the 
work have been solved and to what extent, as well as whether there are prospects for this 
topic or it has been exhausted. 

We appreciate this comment, which is similar to comment (7) of reviewer 1. Thus, we 
have not only updated the conclusion secƟon accordingly, but have also included a 
new subsecƟon 4.3 “LimitaƟons and outlook”, which now includes the prospected 
uƟlity of our findings, where the whole secƟon reads as follows: 

“4.3 Limitations and outlook 

As a limitation concerning generalizability, the database underlying the UTCI 
development had been 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 [35-41]. 
While the KDM approach as outlined in section 4.2 might facilitate the 
development of equivalent temperature indices by avoiding the necessity for 
specifying reference conditions (stage 3 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]. 



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 expert in biometeorological and inter-disciplinary 
research and thermal risk assessment.” 

In addiƟon, please refer to the detailed informaƟon in the track changes aƩached to 
our responses. 
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Abstract: .The objective of this paper was to verify the applicability of statistical learning (SL) com- 12 
pared to human reasoning with respect to the Universal Thermal Climate Index (UTCI), a complex 13 
tool for the assessment of outdoor thermal stress The Universal Thermal Climate Index (UTCI), a 14 
complex tool for the assessment of outdoor thermal stress created by an international expert group, 15 
. UTCI is an equivalent temperature index based on the 48-dimensional output of an advanced 16 
model of human thermoregulation formed by 12 variables at four consecutive 30-minute intervals, 17 
which were calculated for 105,642 thermal conditions from extreme cold to extreme heat. This study 18 
assessed the skills of statistical learning (SL) in supplementing or even replacing the expert 19 
knowledge inherent to UTCI by cComparing the performance of SL algorithms to the results accom- 20 
plished by an international endeavor involving more than 40 experts from 23 countries, wWe found 21 
that random forests and k-nearest neighbors closely predicted UTCI values, but that clustering ap- 22 
plied after dimension reduction algorithms (principal component analysis and t-distributed sto- 23 
chastic neighbor embedding) were inadequate for risk assessment in relation to the UTCI stress 24 
categories. This indicates a potential supportive role for SL, as it will not (yet) fully replace the bio- 25 
meteorological expert knowledge. 26 

Keywords: bio-meteorological index; heat stress; cold stress; high dimensional data; artificial intel- 27 
ligence; machine learning; UTCI 28 
 29 

1. Introduction 30 
Statistical or machine learning (SL) is central to artificial intelligence (AI) applications 31 

[1-3] with potential relevance to environmental risk assessment, especially in settings with 32 
high dimensional input as for thermal stress indices [4]. There, they may assist or even 33 
attempt replacing the bio-meteorological expert judgement, as indicated by the increasing 34 
number of recent applications in diverse fields of biometeorology concerning, e.g., indoor 35 
and outdoor thermal comfort, the impact assessment of climate change related heat stress, 36 
urban planning, the adaptation of buildings and human behavior to changing climatic 37 
conditions, or establishing a link between human physiology and thermal sensation [5- 38 
11]. 39 

The rising number of SL applications trigger a demand for quantitatively assessing 40 
the skills of statistical learning in comparison to results involving expert judgement. Our 41 
study aimed to contribute to such an assessment utilizing as a testbed the development 42 
of objective of this paper was to verify the applicability of SL compared to human reason- 43 
ing with respect to the Universal Thermal Climate Index (UTCI), a complex assessment 44 
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tool for the physiological strain related to the outdoor thermal environment [12], which 45 
soon after its release had been widely adopted and applied in core fields of biometeorol- 46 
ogy covering weather services, public health research and epidemiology, precautionary 47 
planning of heat health warning systems and urban environments including applications 48 
to tourism and health resorts, and climate impact research [13-24]. 49 

 50 
Figure 1. Stages of developing the elements of the operational procedure for calculating UTCI equiv- 51 
alent temperatures with thermal stress categories, modified from [25], where the highlighted stages 52 
4 and 5 are of major concern in this study. 53 

The development of UTCI was accomplished by an international inter-disciplinary 54 
endeavor [26] involving more than 40 experts from 23 countries [12]. Figure 1 visualizes 55 
the concept and the major stages of UTCI development [25].  56 

UTCI was conceptualized as an equivalent temperature (in °C) defined as air tem- 57 
perature of the reference condition with the same dynamic physiological response as the 58 
actual condition. The physiological response to thermal stress was derived at stage 1 from 59 
the output of an advanced human model of thermoregulation [27], which had been cou- 60 
pled with an adaptive clothing model with clothing insulation changing depending on air 61 
temperature [28]. Extensive simulation runs were performed at stage 2, which also in- 62 
cluded the validation of predicted physiological responses against experimental labora- 63 
tory and field data [29-32]. After the experts reached consensus about the definition of 64 
reference conditions in stage 3, stage 4 derived UTCI on an equivalent temperature scale. 65 
This involved a multivariate approach [25,33] including a dimension reduction step of the 66 
multidimensional model output to a one-dimensional strain indicator by principal com- 67 
ponent analysis. Then, UTCI values for non-reference conditions concerning wind speed, 68 
humidity as well as solar and thermal radiation were identified by searching the reference 69 
condition with the same strain indicator value (Figure 1). At stage 5, for assessment pur- 70 
poses, a scale classifying the UTCI values into ten categories of thermal stress was added 71 
to the operational procedure [25]. The assessment scale was established by consensus and 72 
expert judgement involving the comparison of the model output values concerning the 73 
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thermal state of the human body including thermal sensation and effectors of thermoreg- 74 
ulation to established ergonomics limit criteria regarding cold and heat stress [25,34]. 75 

Thus, UTCI integrates human expert reasoning with the high-dimensional model 76 
output from numerous simulations performed for a huge grid of relevant conditions rep- 77 
resenting the reference and non-reference climates ranging from the extreme cold to ex- 78 
treme heat. Therefore, UTCI and its underlying data represent a suitable test case for 79 
benchmarking the skills of SL algorithms against expert knowledge concerning the com- 80 
prehensive assessment of the human responses to thermal stress in biometeorological ap- 81 
plications. 82 

Focusing on the data-driven stages 4 and 5 of the UTCI development (Figure 1), the 83 
aim of this study was to compare the performance of SL algorithms to the outcome from 84 
the UTCI development performed by the international expert group [12]. 85 

2. Materials and Methods 86 
Our approach was to apply selected SL algorithms deeming representative for recent 87 

applications [5-11,35-41] to the multi-dimensional data simulated over a comprehensive 88 
grid of relevant climatic conditions by the UTCI-Fiala model [27] at stage 2 of the UTCI 89 
development (Figure 1). 90 
2.1. UTCI data 91 

The operational procedure [25] was based on the dynamic physiological response 92 
characterized by the 48-dimensional model output formed by 12 variables at 4 consecutive 93 
30-minute intervals (Table 1). This output was generated for 1,051 reference conditions, 94 
which were characterized by low wind speed (0.5 m/s measured 10 m above ground level), 95 
by relative humidity of 50%, but water vapor pressure capped at 20 hPa for air tempera- 96 
tures above 29 °C, and by shadowed conditions with mean radiant temperature equaling 97 
air temperature, with the latter covering the temperature range from -110 °C to +100 °C 98 
with 0.2 K increment. Notably, for reference conditions, UTCI values are known and equal 99 
to air temperature by definition (Figure 1).  100 

Another set of 104,591 non-reference conditions with varying levels of air tempera- 101 
ture (-50 °C to +50 °C with 1 K increment), wind speed (0.5 to 30.3 m/s 10 m above ground), 102 
relative humidity (5% to 100%, but with maximum water vapor pressure of 50 hPa) and 103 
solar and thermal radiation (mean radiant temperature from 30 K below to 70 K above air 104 
temperature with 5 K increment) had to be valued in UTCI equivalent temperatures (°C) 105 
and classified in 10 stress categories ranging from extreme cold to extreme heat, as indi- 106 
cated by stages 4 and 5 in Figure 1. 107 

For independent test purposes, these analyses were repeated with an external set of 108 
1,000 non-reference conditions, which had been simulated previously [25,42], and served 109 
as non-reference test data in this study. 110 

Table 1. Physiological output variables obtained from the UTCI-Fiala model [27]. 111 

Physiological Variable1 Abbreviation2 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 wettedness wettA % of body area 
skin blood flow VblSk % of basal value 



Atmosphere 2024, 15, x FOR PEER REVIEW 4 of 16 
 

 

cardiac output sVbl % of basal value 
1 In addition, scores of the dynamic thermal sensation (DTS) on the 7-unit ASHRAE [43] scale 112 
(-3:cold; -2:cool; -1:slightly cool; 0:neutral; +1:slightly warm; +2:warm; +3:hot) were estimated from 113 
the physiological output [44]. 114 
2 Each output variable was calculated for 30, 60, 90 and 120 min of simulated exposure duration. 115 

2.2. Data analysis 116 
As the data were simulated by the UTCI-Fiala model [27], data cleaning was not nec- 117 

essary. To restrict (data) expert input to the algorithms, we applied only limited data pre- 118 
processing by log-transforming the percentage skin blood flow data (VblSk). 119 

Splitting the reference conditions in sets of 840 training and 211 test data and using 120 
the external 1,000 non-reference conditions as additional non-reference test data, we com- 121 
pared the results of the UTCI expert group to diverse SL algorithms in predicting UTCI 122 
equivalent temperature values from the 48 predictors, using the root-mean squared error 123 
(RMSE) as performance metric with error defined as deviation of UTCI to the equivalent 124 
temperatures predicted by the SL algorithms. The supervised learning techniques com- 125 
prised linear regression (MLR: multiple linear regression; LASSO: least absolute shrink- 126 
age and selection operator), tree-based and ensemble methods (CART: classification and 127 
regression trees; RF: random forests; XGBoost: extreme gradient boosting) as well as sup- 128 
port vector machines (SVN), and the non-parametric k-nearest neighbors (KNN) [1-3,45- 129 
47]. More specifically, because UTCI equivalent temperature equals air temperature for 130 
reference conditions, we could label UTCI equivalent temperatures for the reference train- 131 
ing data and did utilize the above-mentioned regression algorithms for predicting equiv- 132 
alent temperature by the 48 predictors (12 variables at 4 points in time) listed in Table 1. 133 

For comparison to the UTCI assessment scale, UTCI values were then categorized by 134 
hierarchical and k-means clustering [1] after applying principal component analysis 135 
(PCA) and t-distributed stochastic neighbor embedding t-SNE [48], respectively, to the 136 
high-dimensional UTCI model output for dimensionality reduction. In accordance with 137 
the approach of the UTCI expert groupapproach [25], we searched for ten categories using 138 
the UTCI reference data set limited to the 926 values with air temperatures between -110 139 
°C and +75 °C covering the range of UTCI values obtained for non-reference conditions 140 
[25]. This enabled ranking the resulting clusters by the intra-cluster mean air tempera- 141 
tures, which were equal to UTCI for the reference conditions according to the equivalent 142 
temperature definition (Figure 1).  143 

Metrics of agreement between the UTCI stress categories and the classification found 144 
by clustering were derived from the confusion matrix by calculating the overall accuracy, 145 
defined as proportion of the UTCI stress categories that were classified correctly, and by 146 
Cohen’s kappa, defined as (po-pe)/(1-pe), with po denoting the observed proportion of 147 
agreement and pe the hypothetical proportion of agreement due to chance [49]. The calcu- 148 
lations were performed with the statistical software R version 4.3.3 [50] using the packages 149 
caret [51], xgboost [47], yardstick [52], tidyverse [53], and cowplot [54]. 150 

3. Results 151 
Figure 2 illustrates the distribution of the training data, i.e., the 48-dimensional set of 152 

twelve physiological output variables at four points in time predicted by the UTCI-Fiala 153 
model [27] for the UTCI reference conditions with air temperature ranging from -55 °C to 154 
+55 °C. Similarly, Figure A1 depicts the corresponding data for the combined reference 155 
and non-reference conditions depending on air temperature.  156 

While several parameters, like rectal, mean skin, and facial temperatures, as well as 157 
skin blood flow showed a time-dependent pattern of values increasing from cold to heat 158 
stress, other parameters showed non-monotonous relationships, e.g., metabolic heat pro- 159 
duction increasing both in the cold due to shivering, and in the heat due to the so-called 160 
Q10-effect, i.e., the rise in metabolic rate associated with increasing body core temperature. 161 
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The UTCI-Fiala model had implemented an increase of metabolic rate by about 7% per 1 162 
K rise in core temperature in accordance with the results of climate chamber experiments 163 
[27,55]. Such non-linear and non-monotonous patterns of stress-strain relationships with 164 
respect to the air temperature-depending physiological responses, as well as the shivering 165 
response only occurring in cold conditions, posed a particular challenge to the learning 166 
algorithms.  167 

 168 
Figure 2. Set of twelve physiological output variables (abbreviations in Table 1) at four points in 169 
time from the simulated reference conditions plotted representing the distribution of the training 170 
data with UTCI ranging from -55 °C to +55 °C. Note the log-scale applied to the skin blood flow data 171 
(VblSk) shown in the third column of the bottom row. 172 

3.1. UTCI equivalent temperature calculation 173 
UTCI and the equivalent temperatures predicted by the diverse algorithms were 174 

highly correlated with squared correlation (R2) exceeding 0.95 for any dataset and with 175 
any method as shown in Appendix A by the supplemental Figure A2.  176 

However, performance differences became obvious in Figure 3A showing the typical 177 
prediction error RMSE obtained from the separate algorithms for the three sets of training 178 
and test data, respectively. While multiple linear regression and LASSO worked well for 179 
UTCI reference conditions, RMSE increased to more than 7 °C for the non-reference data, 180 
approximately corresponding to one heat stress category deviation (Figure 1). RMSE val- 181 
ues of similar magnitude for the non-reference test data occurred with CART and SVM, 182 
whereas gradient boosting lowered the prediction error. The best performance was ob- 183 
served with RF and KNN, both showing an excellent fit for the reference data with 184 
RMSE<0.2 °C, and a good agreement with RMSE of about 3 °C for non-reference UTCI, 185 
where RMSE for KNN was below the prediction error obtained for calculating UTCI from 186 
meteorological input by the polynomial regression function provided by the operational 187 
procedure (Figure 1) [25]. Among the tree-based algorithms, CART performance was in- 188 
ferior to RF and gradient boosting (XGBoost) in all cases in accordance with earlier obser- 189 
vations in different application areas [46]. The results for RMSE were confirmed by the 190 
corresponding analyses utilizing the squared correlation coefficient (R2) and the mean ab- 191 
solute error (MAE) as alternative performance metrics, as shown in Figure A2. 192 
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As an essential requirement to thermal stress indices, identical index values should 193 
indicate equivalent thermal strain [12]. Thus, Figure 3B evaluates this criterion for the 194 
equivalent temperatures determined by the diverse SL algorithms in comparison to the 195 
original UTCI concerning the dynamic thermal sensation (DTS) from the non-reference 196 
test data averaged over the four simulated points in time (30, 60, 90, and 120 min). The 197 
resulting pattern for the best performing algorithms RF and KNN was similar to the orig- 198 
inal UTCI showing a small variation around the reference values, whereas the other algo- 199 
rithms, especially CART, showed larger and partly systematic deviations (Figure 3B). 200 

 201 
Figure 3. (A) Root-mean squared error (RMSE) for predicting UTCI equivalent temperatures from 202 
48 physiological variables by different supervised SL algorithms (MLR: multiple linear regression; 203 
LASSO: least absolute shrinkage and selection operator; CART: classification and regression trees; 204 
SVM: support vector machines; XGBoost: extreme gradient boosting; RF: random forests; KNN: k- 205 
nearest neighbors) for the training reference (train ref) data and two test datasets for reference (ref) 206 
and non-reference (non-ref) UTCI conditions. For comparison, horizontal reference lines indicate 207 
the RMSE for calculating UTCI from meteorological input using the polynomial regression function 208 
or the lookup table provided by the operational procedure [25]. (B) Dynamic thermal sensation 209 
votes from the non-reference test data depending on equivalent temperature predicted by the SL 210 
algorithms from (A) in comparison to the original UTCI (lower right panel), with lines indicating 211 
the values for the reference conditions. 212 

3.2 UTCI assessment scale and thermal stress categories 213 
As illustrated by Figure 4A, the UTCI-Fiala model output projected to the first two 214 

dimensions by PCA, which explained about 90% of total variance, exhibited a one-dimen- 215 
sional structure along the UTCI categories from extreme cold to extreme heat, which fol- 216 
lowed an increasing course concerning the first principal component (dim1) in accordance 217 
with the original analysis [25]. Similarly, a one-dimensional structure also emerged with 218 
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t-SNE, however, the resulting curve followed a non-monotonous pattern in each of the 219 
two dimensions (dim1 and dim2).  220 

Figure 4B shows the confusion matrices comparing the groups formed by hierar- 221 
chical or k-means clustering following dimensionality reduction by PCA and t-SNE, re- 222 
spectively, to the categories of the UTCI assessment scale. Although correct classifications 223 
followed a trend from extreme cold to heat, discrepancies concerning the intermediate 224 
UTCI categories were obvious. 225 

Consequently, the quantification of agreement in Figure 4C resulted in low to fair 226 
levels of agreement according Cohen’s kappa varying between 0.1 and 0.4 [49]. The dif- 227 
ferent methods as defined by the combinations of the dimension-reduction (PCA vs t- 228 
SNE) with the clustering algorithms (hierarchical vs k-means) performed similarly with 229 
k-means clustering following t-SNE yielding the highest scores for both the accuracy 230 
(0.395) and the kappa coefficient (0.33), respectively. 231 

 232 
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Figure 4. (A) Two-dimensional projections from principal component analysis (PCA), and t-distrib- 233 
uted stochastic neighbor embedding (t-SNE), respectively, of the reference data (48 physiological 234 
variables plus 4 calculated dynamic thermal sensations) colored by the ten UTCI categories. (B) 235 
Confusion matrices showing the proportion (Prop) of conditions in the original ten UTCI stress cat- 236 
egories (y-axis) assigned to the corresponding number of groups by hierarchical (upper panels) and 237 
k-means-clustering (lower panels) applied to the projections from PCA and t-SNE, respectively. (C) 238 
Metrics (accuracy and Cohen’s kappa) on the agreement of the UTCI stress categories with the clas- 239 
sifications by the different clustering algorithms applied to PCA and t-SNE projections. 240 

4. Discussion 241 
4.1 UTCI approach compared to SL algorithms 242 

Our results concerning the equivalent temperature index UTCI indicate that recent 243 
machine learning algorithms such as random forests or k-nearest neighbors were capable 244 
to produce equivalent temperatures deviating from UTCI with RMSE of about 3 °C for 245 
the general, non-reference use case. For comparison, this deviation was similar to, or in 246 
case of the k-nearest neighbor regression algorithm even below the RMSE associated with 247 
calculating UTCI from the meteorological input variables using the polynomial regression 248 
function [25]. The non-parametric k-nearest neighbor regression algorithm might be better 249 
suited to capture non-monotonous stress-strain relationships like metabolic rate increas- 250 
ing under both cold and heat stress conditions (Figure 2, Figure A1), which could explain 251 
the superior performance of k-nearest neighbor regression compared to the other SL al- 252 
gorithms. The deviations found for the two best performing algorithms might be consid- 253 
ered acceptable given that uncertainties in the measurement or estimation of the mean 254 
radiant temperature in application scenarios could lead to absolute deviations above 6 K 255 
concerning the UTCI calculation by the polynomial regression function, which might even 256 
increase to more than 8 K when taking the other meteorological input variables (air tem- 257 
perature, humidity, wind speed) into account [56]. In addition, the values of dynamic 258 
thermal sensation (DTS) showed only limited variability at equivalent temperatures pro- 259 
duced by random forest and k-nearest neighbors (Figure 3B), which was of similar mag- 260 
nitude as observed for the original UTCI. As identical equivalent temperature values 261 
should indicate identical thermal strain [12], this supports the potential usefulness of ran- 262 
dom forest and k-nearest neighbor regression for thermal index development. 263 

As a limitation concerning generalizability, the database underlying the UTCI devel- 264 
opment had been generated by a deterministic model of human thermoregulation. Thus, 265 
it lacks random variation induced by, e.g., inter-individual or day-to-day variability of the 266 
human physiological responses, which might have complicated the analyses of this study. 267 
However, the best performing algorithms like random forests and k-nearest neighbors 268 
had already been suggested and successfully applied in other fields concerning climatic 269 
change and thermal stress [35-41]. 270 

In summary, our results suggest that selected SL algorithms may be helpful tools to 271 
derive summarizing metrics for complex environmental assessment tasks characterized 272 
by high dimensional data describing stress and strain. Notably, these useful features con- 273 
cerned a narrow, but important data-analytical task within the UTCI development (stage 274 
4 in Figure 1), which itself had been based on multivariate statistical methods [25] bearing 275 
some similarities with the SL algorithms applied in this study. From the opposite perspec- 276 
tive, the close similarities of UTCI with equivalent temperatures calculated by modern 277 
machine learning algorithms suggest that the UTCI approach still appears appropriate 278 
considering recent data analytic developments. 279 

Though The dimensionality-reduction results by PCA and t-SNE in Figure 4A both 280 
suggested a one-dimensional structure of thermos-physiological strain concurring with 281 
the original analyses presented as stage 4 of Figure 1 [25]. In addition, the clustering algo- 282 
rithms were able to identify a trend from extreme heat to extreme cold., However, they 283 
did not reliably discriminate between the intermediate categories, with only marginal dif- 284 
ferences between the diverse algorithms. This demonstrates the discrepancy between 285 
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clustering algorithms searching for patterns in the data and forming groups of data of 286 
comparable size on one hand [57] and the definition of UTCI stress categories based on 287 
thermo-physiological knowledge and ergonomics reasoning on the other hand [25,34]. 288 
Future enhancements at this stage (stage 5 in Figure 1) may be possible by including fur- 289 
ther artificial intelligence tools such as expert systems or large language models working 290 
with knowledge databases [58,59]. 291 
4.2 Alternative approach by ensemble modelling 292 

Ensemble modelling techniques such as random forests and gradient boosting, which 293 
had shown good performance in this study (Figure 3), aim at enhancing the predictive 294 
capabilities of simple models by averaging single predictions of numerous models and 295 
have been successfully applied to the assessment of human biological features changing 296 
with aging by a single quantity termed ‘biological age’ [58,59]. Biological age is defined as 297 
the chronological age of a population reference associated with identical levels of single 298 
or composite aging biomarkers, where the population reference is usually taken as means 299 
of a comprehensive sample obtained from large-scale clinical or epidemiological studies 300 
[58]. Thus, the concept of biological age bears close similarities with equivalent tempera- 301 
ture based thermal indices [12] with age taking the role of temperature [60].  302 

Therefore, as additional analysis, we applied the widely used Klemera-Doubal 303 
method (KDM) [59], which predicts the outcome of interest, here air temperature replac- 304 
ing age, as weighted average of the predictions obtained by inverting the individual re- 305 
gression lines, as shown in Figure A1 for the predicted 48 physiological responses from 306 
the combined reference and non-reference datasets. The weights are chosen by the KDM 307 
algorithm proportional to the squared correlation coefficients. We calculated KDM equiv- 308 
alent temperatures using the R package BioAge [58], and compared them in Figure 5 to 309 
the UTCI values determined for the external test data [42]. Both types of equivalent tem- 310 
peratures were highly correlated with UTCI values above KDM equivalent temperatures 311 
in the heat and below KDM in the cold (Figure 5).  312 

 313 
Figure 5. UTCI values and KDM equivalent temperatures for the external test data comprising 1,000 314 
non-reference conditions with squared correlation coefficient (R2) and dashed line of identity (y=x). 315 

It is important to note that the KDM algorithms allows for the determination of 316 
equivalent temperatures without defining reference conditions, thus omitting stage 3 317 
from Figure 1. In KDM, the reference conditions are unknown, but implicitly referring to 318 
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those conditions representing the ‘population average’ in the underlying data, with air 319 
temperature equaling the predicted equivalent temperature after the complex ensemble 320 
modelling algorithm involving inverting and weighting individual regression functions. 321 
Concerning the combined reference and non-reference data, this population average will 322 
be characterized by higher values of wind speed and mean radiant temperature compared 323 
to the UTCI reference conditions. This explains, at least partly, the pattern observed in 324 
Figure 5, because the non-reference test data will be further away from the UTCI reference 325 
than from the implicit population average in KDM in terms of wind speed and mean ra- 326 
diant temperature. This will increase the offset, i.e., the shift of equivalent to air tempera- 327 
ture as shown in Figure 1 for UTCI compared to KDM, and lead to higher UTCI values in 328 
the heat and lower values in the cold. 329 

As the KDM procedure removes the necessity for finding consensus about the defi- 330 
nition of the reference conditions, it could simplify the development process of an equiv- 331 
alent temperature index. On the other hand, it will make the resulting equivalent temper- 332 
ature less interpretable due to the unspecified reference conditions. Consequently, the uti- 333 
lization of the KDM algorithm for the development of an equivalent temperature index 334 
will require the most careful design of the underlying database, which will implicitly also 335 
define the (unknown) reference to which all conditions will be compared.  336 

Hence, we believe that the UTCI approach with a specified reference will promote 337 
results that are more interpretable in terms of thermal stress and physiological strain, 338 
which forms an essential requirement for assessment procedures concerning the human 339 
responses to the thermal environment [12,61].  340 

Of course, the KDM algorithm could also be used to derive predictive equations for 341 
the equivalent temperatures from the reference data only and then apply those to the non- 342 
reference data, in the same manner as it was accomplished for the other SL algorithms in 343 
section 3.1. Implementing this analysis, KDM showed inferior performance with RMSE 344 
exceeding 23 °C for the reference and 42 °C for the non-reference conditions, far above the 345 
deviations reported for the other SL algorithms in Figure 3A. According to this result, the 346 
application of KDM for the development of equivalent temperature indices will be limited 347 
to the special case when the definition of reference conditions will not be possible or war- 348 
ranted. 349 
4.3 Limitations and outlook 350 

As a limitation concerning generalizability, the database underlying the UTCI devel- 351 
opment had been generated by a deterministic model of human thermoregulation. Thus, 352 
it lacks random variation induced by, e.g., inter-individual or day-to-day variability of the 353 
human physiological responses, which might have complicated the analyses of this study. 354 
However, the best performing SL algorithms for equivalent temperature prediction, i.e., 355 
concerning stage 4 in Figure 1, like random forests and k-nearest neighbors had already 356 
been suggested and successfully applied in other fields pertaining to climatic change and 357 
thermal stress [35-41]. 358 

While the KDM approach as outlined in section 4.2 might facilitate the development 359 
of equivalent temperature indices by avoiding the necessity for specifying reference con- 360 
ditions (stage 3 in Figure 1), assessment scales (stage 5 in Figure 1) automatically derived 361 
by clustering algorithms may still require expert knowledge for their refinement. Future 362 
enhancements at this stage may be possible by including further artificial intelligence tools 363 
such as expert systems or large language models working with knowledge databases 364 
[62,63]. 365 

5. Conclusions 366 
In summary, our results indicate the a potential supportive role for AI and the uti- 367 

lized SL algorithms when analyzing high dimensional input in thermal stress assessment 368 
and equivalent temperature index development can be concluded from their adequate 369 
performance in equivalent temperature prediction., although On the other hand, the low 370 
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agreement of the assessment scale defined by the UTCI expert group with clustering- 371 
based thermal stress categories suggested that statistical learning algorithmsit will not 372 
(yet) fully replace the knowledgeable expert in biometeorological and inter-disciplinary 373 
research and thermal risk assessment. 374 
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Appendix A 392 
This appendix contains a supplemental Figures A1 and A2.  393 
Figure A1 showing illustrates the distribution and correlation of air temperature with 394 

the twelve physiological responses at four points in time predicted by the UTCI-Fiala 395 
model [27] for the combined reference and non-reference datasets, i.e. training and test 396 
data, including the individual regression lines., as theyThe latter  were used by the KDM 397 
algorithm [58,59] for ensemble modelling of the equivalent temperature as averaged pre- 398 
dictions from the inverted regression lines weighted by the squared correlation coeffi- 399 
cients, as discussed in section 4.2. 400 

Figure A2 presents the squared correlation coefficients (R2) and the mean absolute 401 
error (MAE) as goodness-of-fit metrics complementing the root mean squared error 402 
(RMSE) presented in Figure 3A for the UTCI equivalent temperature predictions from 403 
diverse SL algorithms. 404 
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 405 
Figure A1. Set of twelve physiological output variables (abbreviations in Table 1) at four exposure 406 
times from the combined reference and non-reference conditions plotted related to air temperatures 407 
ranging from -50°C to +50 °C with correlation coefficients (R) and linear regression lines. Note the 408 
log-transformation applied to the skin blood flow data (VblSk) shown in the second row from the 409 
bottom up. 410 
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 411 

Figure A2. Squared correlation coefficients (R2, left panel) and mean absolute error (MAE, right 412 
panel) as goodness-of-fit metrics in addition to the RMSE presented in Figure 3A for predicting 413 
UTCI equivalent temperatures from 48 physiological variables by different supervised SL algo- 414 
rithms (MLR: multiple linear regression; LASSO: least absolute shrinkage and selection operator; 415 
CART: classification and regression trees; SVM: support vector machines; XGBoost: extreme gradi- 416 
ent boosting; RF: random forests; KNN: k-nearest neighbors) for the training reference (train ref) 417 
data and two test datasets for reference (ref) and non-reference (non-ref) UTCI conditions. For com- 418 
parison, horizontal reference lines indicate the corresponding metrics for calculating UTCI from 419 
meteorological input using the polynomial regression function or the lookup table provided by the 420 
operational procedure [25]. 421 
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