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A B S T R A C T   

The control that have the greatest influence on comfortable in the office occupants are the 
heating, ventilation, and air conditioning (HVAC) system operation and the thermal environment. 
However, comfortable HVAC operation is difficult in the office space characterized by a recom-
mended standard thermal environment or a centralized HVAC system. To consider the occupant’s 
thermal comfort to the greatest possible extent, must establish a method to quantify the variables 
related to the occupant’s thermal comfort. This study aims to group occupants in Thermal 
sensation vote (TSV) clusters and perform sensitivity analysis (SA) on the relationship between 
thermal environmental factors in an office building and each cluster’s TSV to establish the ty-
pology of the control indicators for each cluster. A total of 10 field experiments were conducted in 
the same office. This field study was carried out 2022. The indoor thermal environmental pa-
rameters, the subjective evaluation of the thermal comfort of the resident and the operation 
pattern of the heating system were monitored at the same time. A total of 4,200 datasets related 
to indoor thermal environmental parameters and a total of 1,680 datasets related to occupants’ 
thermal comfort were collected and analyzed. The results of this study show that people have 
different levels of adaptability and sensitivity to a given thermal environment. This study founded 
distinguishable similarities in their thermal sensation traits and grouped similar TSV values into 
five clusters that responded differently to the same thermal environment. Each cluster showed 
different TSV and Thermal comfort vote (TCV) patterns, which allowed us to classify the groups 
that had sensitive responses to the thermal environment and those that did not. This study was 
determined different control indicators and guidelines for the divided groups according to ther-
mal sensitivity.   

1. Introduction 

In the thermal comfort model, developed by Fanger [1], the term thermal comfort is defined as a “a state of mind in which 
satisfaction is expressed with the thermal environment” [2]. Thermal comfort is widely recognized as one of the main features 
requiring consideration in building design and operation [3,4]. Thermal comfort is highly correlated with the energy demand and 
consumption [5], as well as being strongly influenced by variables related to the indoor thermal environment and individual in-
dicators. Occupants have a natural tendency to perform adaptive behaviors to maintain their thermal comfort, such as adjusting the 
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HVAC system, curtains/blinds, or clothing; consuming hot or cold beverages; and opening/closing windows and doors [6–9]. 
The thermal environment of an office correlates not only with occupants’ comfort, health, and safety, but also with their work 

efficiency [3,10,11]. The factors that have the greatest influence on work efficiency are the heating, ventilation, and air conditioning 
(HVAC) system operation and the thermal environment (44.1 %); therefore, personalized thermal control is crucial for improving work 
efficiency [12–14]. However, personalized HVAC operation is difficult in a shared office space characterized by a recommended 
standard thermal environment. In Korea, only non-autonomous environment is provided in large office buildings to save energy. This is 
referred to as centralized control in Korea. In such a centralized HVAC system, in which all occupants are exposed to the same thermal 
environment irrespective of individual thermal traits, some occupants may experience thermal comfort. The adaptive behavior of an 
office occupant is allowed to consuming beverages or adjusting their clothing but the occupant have limited to the control of HVAC 
system; maintaining an indoor thermal environment that can satisfy all occupants is therefore difficult. To consider the occupant’s 
thermal comfort to the greatest possible extent, must establish a method to quantify the variables related to the occupant’s thermal 
comfort. In other words, a method should be developed to alleviate the thermal comfort of office occupants [15]. 

Occupant thermal sensitivity analysis is a relatively new research field. Rupp [16] quantified occupant sensitivity to indoor 
temperature changes and investigated whether the thermal sensitivity depends on situational variables, including the building type, 
ventilation mode, outdoor climatic variables, and gender. Ryu [17] defined occupant indoor thermal sensitivity in Korean residential 
environments. Studies estimating occupant thermal comfort temperatures generally use thermal sensitivity analysis based on Griffith’s 
method (regression analysis) [6,17–19]. 

However, previous studies have overlooked the complex relationship between the office thermal environment and the thermal 
comfort needs of individual occupants. The office thermal control system has limitations in satisfying individual thermal comfort 
requirements. Although the thermal comfort needs of each individual vary, there are common group-specific traits. Gauthier [20] 

List of acronyms and abbreviations 

TSV Thermal sensation vote 
TCV Thermal comfort vote 
ASHRAE American; Society of Heating, Refrigerating, and Air-Conditioning Engineers 
HVAC Heating, ventilation, and air conditioning systems 
ERVs Energy Recovery Ventilation system 
Clo Clothing insulation 
Met Metabolic rate 
BMI Body mass index 
SD Standard deviation 
T Indoor air temperature (◦C) 
RH Relative humidity (%) 
PMV Predicted mean vote 
PPD Predicted percentage of dissatisfied (%) 
k-MEANS k-means Cluster Analysis 
SA (SC) sensitivity analysis (sensitivity coefficient) 
SRC (SRC/SRRC) Regression coefficients/Standard regression coefficient 
SRRCy Standard regression coefficient of y 
σy Standard deviation of y 
my Mean of y 
mTSV Mean thermal sensation vote 
mTCV Mean thermal comfort vote 
δ2

TSV Change in TSV (variance) 
δ2

T Change in temperature (variance) 
δ2

H Change in humidity 
δ2

C Change in CO2 
δ2

PMV Change in PMV 
δ2

PPD Change in PPD 
ΔOP Change in output 
OPBC Output of base case 
ΔIP Change in input 
IPBC Input of base case 
T.C–C Thermal Cool Comfort 
T.H–C Thermal Hot Comfort 
T.C–U Thermal Cool Uncomfortable 
T.H–U Thermal Hot Uncomfortable 
POBM–CSA Personalized occupant behavior model with a cost sensitivity analysis  
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clustered office occupants according to their thermal sensation votes (TSV) and defined the characteristics of each TSV cluster. Based 
on this analysis, this study was clustering according to individual office occupant TSV [16], defining each cluster of occupants sharing 
common traits as an analysis unit. 

Sensitivity analysis (SA) can be used to address this problem. SA is a method generally used to quantitatively compare the changes 
in the output value according to changes in the input variables, which enables an evaluation of the degree of influence and relative 
importance that input variables have on the output value. SA can also partially reduce the uncertainty of the output value to a small 
threshold value by adjusting the input variables [21]. Owing to these advantages, SA is widely used in building simulations and 
observation studies. In a study on SA and the optimization of building operations, Gunay [22] performed SA to evaluate the influence 
that general operator decisions have on energy efficiency and comfort performance. Bre et al. [23] conducted a study on optimizing 
residential building design using SA and a genetic algorithm. In their study, SA was performed to optimize the thermal and energy 
performance of residential buildings. Through their study, they emphasized the efficiency and effectiveness of design optimization, 
thus improving the thermal and energy performance. To realize an occupant-centric building, Li [24] improved the occupant-centric 
building operation methodology by deriving personalized behavioral patterns using a personalized occupant behavior model with a 
cost sensitivity analysis (POBM–CSA). SA is widely used as a suitable approach for building operation and control optimization, as well 
as to support decision-making, by analyzing the thermal comfort and sensation votes (TCV and TSV) of the building occupants. 
K-means, a representative clustering algorithm, has high calculation efficiency and can deal with larger-scale data than hierarchical 
cluster analysis. K-means clustering is a method of making groups (types) by connecting common features or similar values, and it is 
mainly used to understand relationships among a large amount of complex data. 

Most recent studies investigating the factors that directly influence the thermal comfort of occupants have focused on temperature 
(e.g., indoor air temperature, operating temperature, mean radiant temperature, and globe temperature) out of numerous thermal 
environmental factors [25]. As occupant comfort is subjective, exploring the variables that influence TCV and defining their re-
lationships with the thermal environment are important. This highlights the need to examine the effects that various thermal envi-
ronmental factors have on occupant thermal comfort. 

As occupants have diverse thermal traits, there is no uniform definition, and the variables (thermal environment) exert different 
degrees of influence on individual occupants. Therefore, essential comprehensive research must examine the relationships between an 
occupant’s TCV and the various thermal environmental variables to determine which variables have direct effects on the TCV of an 
occupant. In this context, this study aims to group occupants in several TSV clusters and perform SA on the relationship between 
thermal environmental factors in an office building and each cluster’s TSV to establish the typology of the control indicators for each 
cluster. The study presents an optimized thermal environmental control for each TSV cluster, with the expected outcomes of simul-
taneously reducing building energy consumption and maintaining the thermal comfort of the occupants. Furthermore, results on the 
relationship between the thermal comfort of occupants and the indoor thermal environment can be used as a reference for developing 
optimized control technology for zoning of the building toward a reduction in its energy consumption across different building 
systems. 

The main purpose of this study is to provide indicators for building control and energy-saving systems by clustering the changes in 
the indoor thermal environment and the thermal comfort of its occupants, as well as identifying the interactions among the indoor 
thermal environmental factors based on the sensation traits of the various TSV clusters. Therefore, this study was the following 
research questions to achieve the three objectives of this study:  

1) Can various occupants be clustered into groups with common traits according to their TSV?  
2) Can clustering reveal the relationship between the thermal environment and thermal comfort?  
3) Develop an appropriate method for thermal environment control based on the thermal sensation traits of the derived groups? 

2. Materials 

Data for the objective physical factors and subjective personal factors were collected through field experiments using a mixed- 
method approach [26–28]. The environmental factors, which are the physical factors affecting the thermal comfort of indoor occu-
pants, were set as variables. The indoor air-temperature and relative humidity (RH) [29] is basics thermal aspects of indoor envi-
ronments. The used worldwide as indicators of indoor thermal environment satisfaction are predicted mean vote (PMV), and predicted 
percentage of dissatisfied (PPD). Studies have not only examined the PMV and PPD, along with the TCV [30,31], but research on CO2 
[32,33], recognized as an important determinant of indoor air quality, has also been conducted in conjunction with the TSV [34]. 
Therefore, based on previous studies [29–34], set five factors (i.e., the indoor air-temperature, RH, CO2, PMV, and PPD) as the var-
iables related to occupant thermal comfort. 

Data on personal factors were collected using TCV and TSV questionnaires to examine the clothing insulation (Clo) and metabolic 
rate (Met) of the participants. Physical factor data were obtained from objective measurements using instruments, and personal factor 
data were subjective data obtained from questionnaire surveys. Participants provided ethical consent to all process steps, including 
data analysis, sharing, storage, and requirements. 

2.1. Field data collection 

The field survey was conducted in an office building located in Daegu, Korea. The building has a front curtain wall. High-efficiency 
HVAC is ensured with airtight windows, low-E double-pane glass, and insulation film. The test space in this building was 
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approximately 133 m2 (15.78 m × 8.46 m). Energy-saving facilities and equipment support the thermal maintenance of this building. 
An installed energy recovery ventilation system prevents indoor air pollution and maintains air cleanliness. 

The thermostats in the office building accommodating the test space were set to 22 ◦C. In 2018, the Korean government recom-
mended maintaining the set heating temperature of buildings below 20 ◦C [35]. However, ongoing studies have suggested that a set 
temperature of 20 ◦C has limitations as a one-dimensional approach to simple HVAC energy demand reduction [36]. Therefore, the 
target building centrally controls the heating system at 22 ◦C, considering both the energy and work efficiencies. 

Fig. 1 shows the measurement instruments for objective data collection and the positions of the participants. Table 1 presents the 
details of the measurement instruments used in this study. 

A total of 10 field experiments were conducted in the same space (office) in February 2022. In this study, one experiment was 
performed for 4 h. The participants participated in the experiment for 3 h and 30 min after the explanation of the experiment, sta-
bilization of the heart rate, and physical recovery for 30 min. During the field experiment, outdoor conditions had an average tem-
perature of 3.6 ◦C, a maximum temperature of 9.5 ◦C, and a minimum temperature of − 1.7 ◦C. A total of 15 experiments were carried 
out, but only the data from days with no significant difference in conditions were used. Consequently, only the data from ten ex-
periments were used for research. The experiments were performed during the same time period each day (08:00 to 12:00). 

The instruments used to measure the environmental variables were placed in the center of the room (at a height of 0.6 m from the 
floor) and placed in the same location as in Fig. 1. Thermal environmental data (i.e., the temperature, RH, CO2, PMV, and PPD) were 
recorded every 10 min [37]. As a result, a total of 840 datasets were collected, from which a total of 4,200 data were derived. Reflecting 
the characteristics of an office building, the mean Clo and Met were measured at 1.0 col and 1.2 met, respectively [38]. 

2.2. Participants and questionnaires 

The participants (N = 42, 22 male and 20 female) were instructed to avoid alcohol consumption, smoking, and intense physical 
activity for at least 24 h before each experiment. For participants, unspecified individuals were selected. All of them were healthy and 
did not take any prescribed medications. They were requested to avoid alcohol, smoking, and vigorous physical activities at least 12 h 
before the experiment. The Clo and Met were measured at similar levels, such that the effect of their differences on the experimental 
results [39] was insignificant. Table 2 lists the general characteristics (i.e., gender, age, weight, and height) of the participants obtained 
using a questionnaire. 

Participants entered the test space 30 min before the experiment began to have sufficient time for acclimation. They began by 
responding to the TCV and TSV questionnaires at 10 min intervals, i.e., the same intervals used to measure the thermal environmental 
data. 

Fig. 2 indicates the participants were asked to rate the TSV and TCV questionnaire items on a seven-point thermal sensation scale 
(− 3 = Cold, 0 = neutral, and +3 = Hot) and a seven-point thermal comfort scale (1 = very uncomfortable, 4 = neutral, and 7 = very 
comfortable) according to the ASHRAE Standards [29,40]. For each participant (occupant), 40 subjective data points (20 TCV and 20 
TSV) were collected for a total of 1,680 TCV and TSV data. 

3. Methods and results 

3.1. Changes in physical and subjective factors 

The scatter plots in Fig. 3 represent the thermal environmental factors and occupant thermal comfort factors. 

Fig. 1. Measurement instruments for objective data collection and the positions of the participants. Note: ERVs: Energy Recovery Ventila-
tion system. 
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Fig. 3 indicates the optimal ranges of the thermal environmental factors, namely the temperature (Fig. 3 (a, b)), RH (Fig. 3 (c, d)), 
CO2 (Fig. 3 (e, f)), PMV (Fig. 3 (g, h)), and PPD (Fig. 3 (i, j)). The Korean standards for the optimal ranges are as follows: indoor dry bulb 
temperature of 20–22 ◦C; RH ≥ 20 %; CO2 of 400–700 ppm; and PMV and PPD = 0 (ISO 7730 standard). The TCV and TSV values were 
obtained from the participants. A TCV value closer to 7 indicates that the occupant feels more comfortable; a TCV value closer to 1 
indicates that the occupant feels more uncomfortable. A TSV value closer to +3 indicates that the occupant feels warmer; a TSV value 
closer to − 3 indicates that the occupant feels colder. 

First, numerous cases did not achieve the optimal range for the indoor dry bulb temperature and TSV (20–22 ◦C). A significant 
temperature decrease was also observed when the heating system was turned off in compliance with the office building lunch break 
policy. Even within the optimal range for the indoor dry bulb temperature, many occupants responded with “Uncomfortable” (TCV) or 
“Cold” (TSV). For the RH, many occupants responded “uncomfortable” or “Cold” at a range of 20 % or less, which is below the optimal 
level. Similarly, the responses for more than half of the occupants were outside the optimal CO2 range while some occupants responded 
with “Cold” within the optimal TSV range. The number of PPD result values distributed outside the optimal range was the highest 
among the five thermal environmental factors. In contrast, the number of PMV results within the optimal range was higher than that of 
the other factors. In addition, the TCV for a “comfortable” PMV (7) composed a high percentage. However, the PMV was distributed 
more densely toward Cold (− 3), rather than toward Hot (3), which suggests that the occupants felt uncomfortable due to a perceived 
cold environment. 

The analyses revealed that most of the TSV and TCV values were distributed outside of the optimal range. When verified against the 

Table 1 
Details of the measurement instruments used.  

Model Parameters Range Precision Resolution 

data logger 
& testo 480 

Temperature 0–50 ◦C ±0.1 ◦C 0.1 ◦C 
RH 0–100 % RH ± (1.8 % RH + 0.7 % of measured value) 0.1 % RH 

testo 480 Turbulence 0–5 m/s ± (0.03 m/s + 4 % of measured value) 0.01 m/s 
Radiant heat 0–120 ◦C − 40 to 1 000 ◦C – 
CO2 0–10 000 ppm ± (75 ppm + 3 % of measured value) 1 ppm 
PMV − 3 to +3 –  
PPD 0–100 % –  
User input for Clo 1.0 (Clo) – 0.1 Clo 
User input Met 1.2 (Met) – 0.1 Met 

Note: RH: Relative humidity (%), PMV: Predicted mean vote, PPD: Predicted percentage of dissatisfied (%), Clo: Clothing insulation, Met: Metabolic 
rate. 

Table 2 
General characteristics of the participants obtained using a questionnaire.  

Gender N Age (year) Height (cm) Weight (kg) BMI (kg/m2) Clo Met 

Mean ±SD Mean ±SD Mean ±SD Mean ±SD Mean ±SD Mean ±SD  

Male 22 27.27 3.13 176.4 4.76 76.63 11.54 24.55 3.06 0.98 0.050 1.1 0.3  
Female 20 29.3 3.06 167.4 5.10 64.25 9.32 22.88 2.93 1.1 0.040 1.1 0.1  
Total 42 28.23 3.22 172.1 6.69 70.73 12.15 23.75 3.08 1.04 0.045 1.2 0.2  

Note: RH: Relative humidity (%), PMV: Predicted mean vote, PPD: Predicted percentage of dissatisfied (%), Clo: Clothing insulation, Met: Metabolic 
rate, BMI: Body Mass Index = weight/(height2), normally between 18 and 25 kg/m2, SD: Standard deviation, N: Number. 

Fig. 2. The 7-point vote scales.  
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Korean standards for the related optimal ranges, most of the dry bulb temperature results were outside of the optimal range, which was 
also the case for the RH, CO2, PMV, and PPD, where the PPD had the highest number of results that deviated from the optimal range. 

A simple scatter-plot graph showing such a wide distribution has limitations when analyzing the relationship between the thermal 
environment and the thermal comfort of the occupants. This highlights the need for the development of a method to properly analyze 
the relationship between the thermal environment and thermal comfort. 

3.2. Clustering of thermal environment and thermal comfort 

Building occupants have various thermal preferences under the same environmental conditions [41,42]. Despite this diversity, 
there are common traits across the thermal comfort characteristics of the occupants, as confirmed by the TCV-based control methods 
[37,43,44]. Therefore, the occupants were clustered in this study based on the common traits derived according to the thermal 
sensitivity of the occupants. 

In the ASHRAE 55 [2] adaptive model for thermal comfort, the regression coefficients obtained from the linear regression analysis 
between the indoor operative temperature (independent variable; X) and mean TSV (dependent variable; Y) represent an occupant’s 
sensitivity to a change in the temperature. In other words, a higher regression coefficient indicates a higher thermal sensitivity of the 
occupant to a change in the temperature. In contrast a lower regression coefficient indicates that the occupant has a reduced thermal 
sensitivity to a change in the temperature. This suggests that the TSV has less of an influence when its value is close to 0 (neutral). 
Moreover, the equation derived from the regression analysis can be solved for a thermal sensation (y-value) of 0 (i.e., the neutral 
condition in the ASHRAE seven-point thermal sensation scale), thus determining the neutral temperature of a group of occupants [21]. 
This has been recognized as an effective method (field studies) to calculate the thermal comfort temperature [6,45,46]; as such, it is 
widely used for different building types, such as office buildings, educational facilities, and housing facilities [6,45–47]. Previous 
studies have confirmed the feasibility of research on the indoor thermal environment and the thermal comfort of its occupants. 

TSV clusters can be formed according to the thermal sensation traits based on the changes in the indoor thermal environment. 
Clustering collectively refers to methods that group data into several clusters based on the concept of similarity. The clustering method 
used in this study was k-means clustering (k-MEANS), which is commonly used to cluster a given dataset according to the mean and 
standard deviation of the perceived values [48–50]. The cluster analysis method was widely used in thermal comfort studies [51,52]. 
In addition to the area of thermal comfort, cluster analysis is widely used in medicine, information technology [53–55]. Despite all this 
research in different areas, studies involving thermal environment are few, and there are no studies applying cluster analysis [56]. In 

Fig. 3. Represent the thermal environmental factors and occupant thermal comfort factors the scatter plots: (a) temperature and TSV, (b) tem-
perature and TCV, (c) RH and TSV, (d) RH and TCV, (e) CO2 and TSV, (f) CO2 and TCV, (g) PMV and TSV, (h) PMV and TCV, (i) PPD and TSV, (j) 
PPD and TCV. Note: TSV: Thermal sensation vote, TCV: Thermal comfort vote, PMV: Predicted mean vote, PPD: Predicted percentage of dissatis-
fied (%). 

Fig. 4. Represents changes in the preferred level toward a state of comfort. Note: δ2
TSV: Change in TSV (variance), δ2

T: Change in tempera-
ture (variance). 
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case, the clustering results can synthesize the characteristics of the occupant class based on appropriate attributes [57]. k-MEANS is a 
representative clustering algorithm with high computational efficiency and an enhanced data processing capacity, as compared with 
hierarchical cluster analysis. A disadvantage of the k-MEANS algorithm is the risk of subjectivity when setting the number of clusters to 
be formed. To address this drawback, this study was the k-MEANS algorithm based on analyses conducted in previous studies [20,58]. 
We then performed clustering after three verifications to ensure the performance of the k-value (number of clusters). An SA can then be 
performed on the cluster derived according to a predefined methodology to evaluate the influence and importance that the input 
variables have on the output value. One drawback of K-means is that it requires somewhat subjective judgment in specifying the 
number of clusters to be made in advance. To supplement this issue, previous studies were referred to. In addition, to ensure the 
performance of the k value based on the analysis, three validations were performed and then the optimal number was determined 
through relationship analysis. 

In this study, the input variables were the indoor thermal environmental factors. Prior to SA, the temperature was set as the key 
factor representing the five thermal environmental factors, which was used to cluster the TSV values [59,60]. 

The value of the input variable, x (δ2
T), was the change in the temperature factor, whereas the output value (δ2

TSV) was set as the 
change in the TSV value. The data values were calculated based on the difference between the temperatures measured at baseline and 
the first TSV value. 

Fig. 4 shows the results of these calculations. 
The change in the temperature (δ2

T) is the x-axis, whereas the change in the TSV value (δ2
TSV) is the y-axis. The centroid (0,0) was 

interpreted as a “neutral sensation” and “no change” regarding the TSV and temperature, respectively [20]. This TSV scale represents 
changes in the preferred level toward a state of comfort. A higher positive value indicates a more comfortable and warmer envi-
ronment, 0 indicates a neutral environment with no change, and a higher negative value indicates a more uncomfortable and colder 
environment [61]. 

Fig. 5. Comfortable optimal ranges: (a) comfortable optimal ranges of output value (δ2
TSV), (b): comfortable optimal ranges of input value (δ2

T). Note: 
δ2

TSV: Change in TSV (variance), δ2
T: Change in temperature (variance). 
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As a result of deriving the x and y values every 10 min during the experiment, we found that the values were densely distributed 
between − 1 and + 1 along the x-axis, especially near the centroid (0,0) (=neutral). Even at a y-value of +1 (= slightly warm), there 
were a wide range of temperature changes (x-axis), ranging from − 0.5 to +1.6. 

The fitted value (y) in the regression equation for the entire group was y = − 0.06 + 0.37 * x, with an R2 linear (L) value of 0.134. 
Combining the x and y values, the highest frequency (7.0) was derived from an x and y value of 0 and 1 while the second highest 
frequency (5.0–6.0) occurred within an x value range of − 0.5 to +0.5 and y-value of 0. The results at a y-value of 0 generally showed a 
higher frequency than the results at other y-values. Unlike the y-values, which showed lower frequencies with an increase in the 
distance from reference (0.0), the x-values showed diverse frequencies. 

Fig. 5 plots the comfortable optimal ranges. In δ2
TSV (a), +1 to +4 is a comfortable range, − 1 to +1 is a neutral range, and − 5 to − 1 is 

an uncomfortable range. In δ2
T (b), − 0.5 to +0.5 is a comfortable range, where the area to the left (− ) is an uncomfortable cold range 

and the area to its right (+) is an uncomfortably warm range. Fig. 5(a) shows that most of the values are distributed within the neutral 
range (+1 to − 1), whereas Fig. 5(b) shows that most of the values are distributed within the range between − 0.5 and + 0.5, i.e., the 
comfortable range. 

Performed clustering after three verifications to ensure the performance of the k-value (number of clusters).  

1) Data and individual variables were obtained using statistics. Among the derived results, the TSV and temperature data were 
clustered with k-MEANS. Here, δ2TSV was the change in the TSV, where the baseline value was used as the reference value of each 
participant. The data for each participant were clustered.  

2) Hierarchical cluster analyses were then performed on the changes in the TSV (δ2TSV) and temperature (δ2T) in preparation for k- 
means. The clustering method was selected based on previous studies; clustering was performed using an intergroup connection 
method [62,63]. Based on the differences in the measurement units of the cluster variables, individual distances were calculated 
after standardizing the variables. The average connection method was then used to derive the dendrograms.  

3) After reviewing the dendrogram-derived results, the optimal number of clusters was set to five. Scatter plots (Fig. 6) were generated 
using the internal agreement [20] between the changes in the temperature (δ2T) and TSV (δ2TSV). Linear values were obtained for 
the five clusters using a regression line fitting analysis. 

As a result of the analysis, cluster 4 (C4) was identified as the cluster with the highest number of cases (n = 364), followed by C5 (n 
= 178), C1 (n = 142), C3 (n = 60), and C2 (n = 54). The mean values of δ2

T and δ2
TSV were 1.5 and 0.3, respectively, for C1; 1.3 and 2.2 

for C2, respectively; − 0.3 and − 2.3 for C3, respectively; 0 and 0.1 for C4, respectively; and − 0.4 and − 0.6 for C5, respectively. Of the 
five δ2

T clusters, C1 showed the value closest to “Hot” (+3), followed by C2. C4 was neutral, whereas C3 was slightly closer to “cold” 
(− 3) than C5. The values of δ2

TSV for C1 and C3 fell within the range of ±2, which were more varied than the other clusters (range: ±1), 
suggesting that C1 and C3 were clusters with a higher sensitivity to changes in δ2

TSV. 
The relationship between the two variables (i.e., δ2

T and δ2
TSV) was predicted using the slopes of the regression lines; the prediction 

accuracy was analyzed using the linearity of the regression line. A straight line, which minimizes the squared sum of the difference 
between the actual y value and the y value on the straight line with a given x-value, was adopted as the regression line. Fig. 7 plots the 
linear values of the clusters derived using the regression equation required for prediction by minimizing the prediction error. 

Fig. 6. Scatter plots for the five clusters. Note: δ2
TSV: Change in TSV (variance), δ2

T: Change in temperature (variance), C1: cluster 1, C2: cluster 2, C3: 
cluster 3, C4: cluster 4, C5: cluster 5. 
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A regression coefficient of 0.006 was obtained using the equation for C1 (i.e., y = 0.21 + 0.12 * x). A regression coefficient of 0.013 
was obtained using the equation for C2 (i.e., y = − 2.13 + 0.6 * x), 0.163 for C3 (y = − 2.13 + 0.6 * x), 0.002 for C4 (y = 0.18–0.07 * x), 
and 0.384 for C5 (y = − 0.95 – 0.75 * x). C4 had the smallest regression coefficient, whereas C5 had the largest regression coefficient 
among the five clusters. 

Fig. 8 presents the TSV range for each cluster, which allows a visualization of the thermal sensations of the participants by color. 
Most participants in C1 had the sensation of Thermal Hot (T.H.), showing a “neutral” comfort. C2 was within the T.H. and comfortable 
range (T.H.-C); however, C2 participants did not feel varying degrees of comfort, judging from the broad distribution of the 
“comfortable” range. C3 showed a combination of T.C. and uncomfortable (T.C.-U), presumably because “uncomfortable” was inferred 
from the predominant “cold” response, as the experiment was conducted in winter [64]. C4 showed a mixed distribution of T.C.-C and 
T.H.-C combinations. C4 had the most neutral range, suggested that it was the cluster with the highest comfort level. C5 occupied the T. 
C. range, which was more similar to the “neutral” and “uncomfortable” ranges than the “comfortable” range. 

Fig. 7. Linear values of the five clusters. Note: δ2
TSV: Change in TSV (variance), δ2

T: Change in temperature (variance), C1: cluster 1, C2: cluster 2, C3: 
cluster 3, C4: cluster 4, C5: cluster 5. 

Fig. 8. TSV range for five cluster. Note: δ2
TSV: Change in TSV (variance), δ2

T: Change in temperature (variance), C1: cluster 1, C2: cluster 2, C3: cluster 
3, C4: cluster 4, C5: cluster 5, T.C–C: Thermal Cool Comfort, T.H–C: Thermal Hot Comfort, T.C–U: Thermal Cool Uncomfortable, T.H–U: Thermal 
Hot Uncomfortable. 

S. Kim et al.                                                                                                                                                                                                             



Heliyon 10 (2024) e26038

11

4. Discussion 

4.1. Sensitivity analysis of each occupant cluster 

The SA(sensitivity analysis) can be performed to evaluate the influence and importance that the input variables have on the output 
value and identify the important traits of the input-output interactions [65–67]. In a stepwise regression analysis, the relative 
importance of a variable on the output value can be evaluated using sensitivity indices, such as the importance of a variable in a 
specific model and the standardized rank regression coefficient (SRRC). 

We evaluated the sensitivity as follows (Eq. (1)): 

SA(SC)=
ΔOP / OPBC

ΔIP / IPBC
, (1)  

where ΔOP is change in output, OPBC is output of base case, ΔIP is change in input and IPBC is input of base case. In this study, SA is the 
sensitivity coefficient (SC) between the TSV and a thermal environmental factor, where the input variable value of x is the change in 
the thermal environmental factor and the output value of y is the change in the TSV. Table 3 lists the SA results for each variable and 
cluster. The input variables for the base case (IPBC) were set as the environmental factors, excluding the temperature, viz. Temperature, 
RH, CO2, PMV, and PPD, based on the thermal comfort value. The temperature was set at the standard temperature of the laboratory 
heating device (22 ◦C). The sensitivity magnitude to which the occupants responded to changes in the thermal environmental factors 
was analyzed, with all variables fixed. Five thermal environmental factors (i.e., the temperature, RH, CO2, PMV, and PPD) were 
considered because previous studies have verified them as factors affecting the thermal comfort of the occupants. They were perceived 
by the five occupant clusters derived through k-means. An output value closer to 0 indicated that the corresponding variable had less of 
an influence on the output. In this study, the mean SRRC score was used as the reference value. 

The analysis results are expressed as absolute values, with 0 as the reference (Table 3). 
The analysis identified C2 (SRRCT = 5.874) as the cluster with the highest sensitivity to the RH, CO2, and PPD (SRRCH = − 7.278, 

SRRCCO2 = − 0.217, and SRRCPPD = − 3.995, respectively), as well as temperature. In contrast, C4 exhibited the least sensitive re-
sponses to the temperature, RH, CO2, and PMV (SRRCT = − 0.052, SRRCH = − 0.039, SRRCCO2 = 0.005, and SRRCPMV = 0.016, 
respectively). C3 showed a high sensitivity of 10.0 for the PMV (SRRCPMV), whereas C1 had the least sensitive response to the PPD. 

As a result, C2, which was sensitive to four out of the five environmental factor input variables (thermal environmental factors), 
was classified as the “sensitive” group (level 5), and C3, which was sensitive to one factor, was classified as the “fairly sensitive” group 
(level 4). C4, which adapted to four environmental factors (i.e., values close to 0), was classified as the “insensitive” group (level 1), 
and C1, which responded to one factor, was classified as the “fairly insensitive” group (level 2). C5 was classified as the “neutral” group 
(level 3). 

To verify the validity of results, ranges were set based on the reference values provided in previous studies [68,69] that used SA. 

Table 3 
Sensitivity analysis results for each variable and cluster. 
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Table 4 (i.e., sensitivity analysis results with rearranged group ranking) lists the results derived by applying the items described below.  

1) Most important variable (shaded red). In general, this variable has a value of 0.4 or higher; all values of 0.4 or higher were defined 
as the most important variables.  

2) Second most important variable (blue). In general, its value ranges from 0.1 to 0.2; values ranging from 0.39 to 0.1, below the cut- 
off value (0.4) of the most important variables, were defined as important variables.  

3) Fairly important variable (green). A variable with a value of approximately 0.05; a value ranging from 0.09 to 0.05, below the cut- 
off value (0.1) of the important variables, was defined as a fairly important variable.  

4) Irrelevant variable (yellow). A variable with a zero value; in this study, values ranging from 0.049 to 0, below the cut-off value 
(0.05) of fairly important variables, were defined as irrelevant variables. 

The irrelevant variables were CO2 and PPD in C1; RH, CO2, and PMV in C4; and CO2 in C5. C2 and C3 were as “sensitive” groups 
because they showed high sensitivity to all five input variables. Moreover, C2 and C3 were equally sensitive to the temperature, RH, 
PMV, and PPD, whereas C2 showed a more sensitive response (blue) to CO2. Therefore, C2 was considered a more sensitive group than 
C3. 

The most insensitive group was identified by examining the “irrelevant” variables. C4 showed the lowest sensitivity to the RH, CO2, 
and PMV such that it was classified in the range of irrelevant variables C2 and C3 were rated as sensitive groups, yielding no irrelevant 
variables. C5 did not respond to one variable, whereas C1 did not respond to two variables. Therefore, C4, which did not respond to 
three variables, can be considered the most “insensitive” group. 

Combining the results of the two analyses, identical results were obtained using both methods for the classification of the sensitivity 
group. However, more detailed results could be obtained with the application of the sensitivity reference value, as compared with 
using 0 as the reference value. In particular, the sensitivity reference value enabled the analysis of intergroup relationships by dividing 
the importance into three levels (most important, important, and fairly important), as well as analyzing the unrelated variables. 

C2 was the “most sensitive group” (L5) among the five clusters. High values were derived from four out of the five variables, and the 
result was consistent with the “most important variable.” However, the sensitive (C2) and fairly sensitive (C3) groups showed high 
standard deviations, whereas the other clusters showed standard deviations ranging from 0 to 5. Therefore, we must examine the cause 
(s) of the high standard deviations in these two sensitive groups. The thermal environment control indicators were therefore inves-
tigated by comprehensively analyzing the TSV and TCV values and thermal environmental factors. 

4.2. Classification of control indicators 

Using Table 5, the TSV, TCV, and thermal environment were comprehensively analyzed. C2 and C3 showed higher standard 

Table 4 
Sensitivity analysis results with rearranged group ranking. 
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deviations (>5) than the other clusters (0–5). As C2 and C3 are sensitive groups, the occupants in these clusters perceived changes in 
the thermal environment more sensitively than those in the other clusters, which also increased the magnitude of the variations, 
leading to larger standard deviations. 

Differences were also observed among the sensitive groups. While C3 had a higher mean TSV than C2 (− 2.385 vs. 0.143), C2 was 
more sensitive to the thermal environmental factors. Comparing their TSV and TCV values, C2 showed a “neutral” response in both the 
TSV and TCV, whereas C3 showed a “slightly cold” response for the TSV and “slightly uncomfortable” response for the TCV. Although 
the experiments were conducted in winter, C3 was particularly sensitive to cold conditions. Furthermore, though C2 and C3 perceived 
changes in the thermal environment, C2 occupants responded with more comfort while C3 occupants responded with less comfort 
depending on whether they accepted the change or not. Similar to C3, C5 showed a high sensitivity to the PMV; C3 responded to the 
temperature, PPD, and PMV, whereas C5 only responded to the PMV (sensitivity levels to the other factors were close to 0). C5, as the 
“neutral” sensitivity group, responded to a specific factor (PMV) compared with C3. Therefore, C3 requires control indicators 
considering the PMV (PPD), for which it showed high sensitivity, along with basic (temperature) control. Additionally, as this cluster 
perceived the changes faster than the other clusters, a positive effect may be obtained with a minimal change by applying an accli-
mation time [70,71] longer than the 10 min allocated in this study. 

Of the five clusters, C1 and C4 were classified as insensitive. They had a negligible response to changes in the thermal environment 
(close to zero). Of these, C1 was a slightly insensitive group and responded to the PMV (δ2

PMV = 1.546), though lower than the other 
clusters (C3(δ2

PMV) = 10.000; C5(δ2
PMV) = 2.159). C4 was an insensitive group, showing a “neutral” TSV and “fairly comfortable” TCV, 

where the C4 occupants were able to maintain a comfortable thermal environment with appropriate TCV and TSV values by adjusting 
only the current thermal environment. 

The C2 and C4 occupants perceived thermal comfort, but showed distinct responses to the change in the thermal environment: 
sensitive for C2 and insensitive for C4. The occupants of both clusters had a high thermal adaptability [72–74] and could actively adapt 
to changes in the thermal environment. The only difference was that C2 could sensitively react and accept the changes in the thermal 
environment, whereas C4 occupants evaluated the current thermal environment as comfortable without perceiving the change. C4 was 
“insensitive” because its occupants were familiar with the current environment. Drawing on the results of Cao et al. [67], maintaining a 
high indoor temperature is associated not only with energy waste, but also with occupant discomfort. Energy-saving control criteria 
can be applied to C2, as well as an acclimation time longer than the HVAC control interval (10 min), applied in this study. As C2 can 
respond and rapidly adapt to changes, control indicators considering building energy can be applied to C2 more readily than to the 
other clusters. Additionally, a positive effect can be achieved in C4 according to results [75], where occupants accustomed to 
comfortable indoor thermal environments can better adapt to low-quality indoor environments. 

4.3. Limitations and future research 

This study was conducted as a field study in an office building with a centrally controlled HVAC system. The number of participants 

Table 5 
TSV, TCV, and thermal environment were comprehensively analyzed.   

C1 C2 C3 C4 C5 

Occupant TSV mTSV − 0.116 0.143 − 2.385 − 0.443 − 0.780 
σ TSV 1.138 0.900 1.044 1.249 1.194 

TCV mTCV 5.326 4.143 3.769 5.242 5.076 
σ TCV 1.250 0.900 0.927 1.289 1.311 

Thermal environment Temperature mT 21.9 22.4 21.9 21.9 22.2 
σ T 1.808 1.304 1.058 1.825 1.211 

RH (Humidity) mH 19.0 20.2 21.4 20.3 19.2 
σ H 2.260 2.552 2.416 3.204 2.703 

CO2 mCO2 735.5 766.0 779.6 772.7 760.5 
σ CO2 102.424 129.014 150.084 136.593 101.854 

PMV mPMV − 0.4 − 0.3 − 0.4 − 0.3 − 0.2 
σ PMV 0.415 0.352 0.263 0.426 0.290 

PPD mPPD 11.7 9.3 9.1 11.0 8.1 
σ PPD 10.562 7.886 5.936 12.327 5.823 

Sensitivity δ2
T mT 0.285 5.874 4.892 − 0.052 0.600 

σ T 0.455 8.074 10.967 2.569 4.255 
δ2

H mH − 0.468 − 7.278 − 0.949 − 0.039 − 0.440 
σ H 3.272 7.204 16.062 1.861 3.375 

δ2
C mCO2 0.017 − 0.217 0.058 0.005 − 0.019 

σ CO2 0.061 0.310 0.181 0.080 0.428 
δ2

PMV mPMV 1.546 5.357 10.000 0.016 2.159 
σ PMV 2.676 3.845 13.540 2.822 4.482 

δ2
PPD mPPD − 0.049 − 3.995 − 2.499 0.063 0.298 

σ PPD 0.274 5.992 6.210 1.506 2.933 
Result Rather insensitive Sensitive Rather sensitive Insensitive Neutral 

Note: mTSV: Mean thermal sensation vote, mTCV: Mean thermal sensation vote, my: Mean of y, σy: Standard deviation of y, δ2
T: Change in temperature 

(variance), δ2
H: Change in humidity, δ2

C: Change in CO2, δ2
PMV: Change in PMV, δ2

PPD: Change in PPD. 
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was limited because the study site is an actual office. Large-scale experiments are therefore required to obtain statistically significant 
results. However, Chen [76] demonstrated that the experimental data collected from a small number of participants can provide 
significant energy savings without sacrificing thermal comfort by considering the occupant feedback in the control design. Addi-
tionally, similar to other questionnaire survey studies [76–78], this study aimed to derive the behavioral patterns of the occupants 
instead of monitoring their behavior. As this study was conducted in an office in an indoor thermal environment in winter, there were 
several limitations such as outdoor climatic factors, participants, and scheduling. However, significant effort was focused on collecting 
as much data as possible in the given environment. An extensive literature review was conducted to control the variables that may have 
appeared during the experiments [79]. 

As a result of the field experiment, there was a difference in indoor temperature of about 10◦ between morning and afternoon. The 
low outdoor temperature in the morning and the high outdoor temperature in the afternoon affected the indoor temperature differ-
ence. In particular, depending on the characteristics of curtain wall buildings, the increase in building temperature due to inflow of 
solar radiation appears to have a significant impact. Accordingly, in this study, prior research was referred to during the analysis, and 
occupant comfort was analyzed taking temperature differences into account. 

Human behavior is complex and diverse, and may not be fully expressed in statistical models. However, a recent research trend [80, 
81] has explored the repetitive behaviors of occupants interacting with indoor environments based on energy-control behavior. An 
alternative approach [82,83] attempts to save energy and improve the thermal comfort of the occupants in buildings by integrating 
into simulation tools the mechanisms of the interactions between occupant behavior when seeking thermal comfort and the thermal 
environmental factors of the building. The results of these efforts can be used as inputs for future energy model development or other 
application studies that require detailed occupancy data. This highlights the importance of grouping the complex perceptions of 
occupant thermal comfort into clusters with similar data. 

5. Conclusions 

In this study, we clustered occupants responding to the thermal environment of an office, performed SA to determine the sensitivity 
levels of each cluster to the thermal environmental factors, and proposed control measures based on our findings. Clustering was 
employed to support the reliability of the results derived from the variables used in this study. The TSVs and TCVs data collected from 
the occupants (participants) were clustered according to similar values. Finally, SA was performed on the resulting clusters and the 
thermal environment. The following conclusions were obtained in response to the research questions formulated to achieve the three 
objectives set in this study.  

1) Although the TSV represents the subjective perceptions of the occupants, we found distinguishable similarities in their thermal 
sensation traits and grouped similar TSV values into five clusters that responded differently to the same thermal environment.  

2) Each cluster showed different TSV and TCV patterns, which allowed us to classify the groups that had sensitive responses to the 
current thermal environment into those that accept changes in the environment and those that did not. For example, two groups 
had sensitive responses, but showed different traits based on which they were divided into a group that could accept changes in the 
thermal environment and a group that could not.  

3) Different control indicators should be applied to the different groups. For example, a group with high thermal adaptability can 
contribute to building energy savings by raising the HVAC control standard. For a group with low thermal adaptability, the thermal 
comfort of the occupants and building energy efficiency can be concurrently improved by adjusting the set temperature and 
applying the control indicator based on the comfort standard of the thermal environmental factor to which the group had a sen-
sitive response. 

The thermal sensation traits of occupants play an important role in building energy consumption and can be used as an effective 
method for building energy management across numerous aspects. Therefore, integrating the physiological and behavioral data of the 
occupants into the HVAC control is important. A comfortable and stable indoor thermal environment must be implemented via 
comfort-based control. 

The results of this study show that people have different levels of adaptability and sensitivity to a given thermal environment. 
Research on clustering various thermal behaviors and traits can serve as an important component of strategic control system devel-
opment aimed at improving building energy efficiency and occupant thermal comfort. Furthermore, a proper understanding of the 
relationship between the thermal comfort of an occupant and the indoor thermal environment can lead to the development of new 
technologies for building systems with optimized energy use. 

Informed consent statement 

Clear and Informed written consent was obtained from all donors involved in this study. 

Additional information 

No additional information is available for this paper. 

S. Kim et al.                                                                                                                                                                                                             



Heliyon 10 (2024) e26038

15

CRediT authorship contribution statement 

Sungkyung Kim: Writing – original draft, Methodology, Investigation, Funding acquisition, Formal analysis, Data curation, 
Conceptualization. Jihye Ryu: Writing – review & editing, Methodology, Funding acquisition, Conceptualization. Won-Hwa Hong: 
Writing – review & editing, Methodology. 

Declaration of competing interest 

The authors declare that they have no known competing financial interests or personal relationships that could have appeared to 
influence the work reported in this paper. 

ryou0407@knu.ac.kr 

Acknowledgments 

This research was supported by Basic Science Research Program through the National Research Foundation of Korea (NRF) funded 
by the Ministry of Education (NRF- 2022R1A6A3A01087255). This work was supported by the National Research Foundation of Korea 
grant funded by the Korea government (MSIT) (No. NRF-2022R1C1C2007215). 

References 

[1] P.O. Fanger, Thermal Comfort - Analysis and Applications in Environmental Engineering, Danish Tech. Press, 1970. 
[2] ASHRAE, Thermal Environmental Conditions for Human Occupancy, in: ASHRAE Standard, vol. 55, American Society of Heating, Refrigerating and Air- 

Conditioning Engineers, Atlanta, Georgia, 2013. 
[3] F. Jazizadeh, A. Ghahramani, B. Becerik-Gerber, T. Kichkaylo, Personalized thermal comfort-driven control in HVAC-Operated office buildings, Comput. Civil 

Eng. (2013), https://doi.org/10.1061/9780784413029.028. 
[4] J.F. Nicol, M.A. Humphreys, Adaptive Thermal Comfort and Sustainable Thermal Standards for Buildings, Energy Build, 2002, https://doi.org/10.1016/S0378- 

7788(02)00006-3. 
[5] C. Carpino, D. Mora, N. Arcuri, M.D. Simone, Behavioral variables and occupancy patterns in the design and modeling of nearly zero energy buildings, Build. 

Simulat. (2017), https://doi.org/10.1007/s12273-017-0371-2. 
[6] M.S. Mustapa, S.A. Zaki, H.B. Rijal, A. Hagishima, M.S.M. Ali, Thermal comfort and occupant adaptive behaviour in Japanese university buildings with free 

running and cooling mode offices during summer, Build. Environ. (2016), https://doi.org/10.1016/j.buildenv.2016.06.014. 
[7] Y.H. Yau, B.T. Chew, Adaptive Thermal Comfort Model for Air-Conditioned Lecture Halls in Malaysia, Building Service Engineering, 2015, https://doi.org/ 

10.1177/0143624412474829. 
[8] J.V. Hoof, M. Mazej, J.L.M. Hensen, Thermal comfort: research and practice, Front. Biosci. (2010), https://doi.org/10.2741/3645. 
[9] K. Cena, R. Dear, Thermal comfort and behavioural strategies in office buildings located in a hot-arid climate, J. Therm. Biol. (2001), https://doi.org/10.1016/ 

S0306-4565(01)00052-3. 
[10] M. Tarantini, G. Pernigotto, A. Gasparella, A co-citation analysis on thermal comfort and productivity aspects in production and office buildings, Buildings 

(2017), https://doi.org/10.3390/buildings7020036. 
[11] F. Mofidi, H. Akbari, An integrated model for position-based productivity and energy costs optimization in offices, Energy Build. (2019), https://doi.org/ 

10.1016/j.enbuild.2018.11.009. 
[12] Evaluation of Occupants Thermal Comfort Based on the Control Logic in the Office Area, The Society Of Air-Conditioning And Refrigerating Engineers Of Korea. 
[13] F. Jazizadeh, A. Ghahramani, B. Becerik-Gerber, T. Kichkaylo, Personalized thermal comfort-driven control in HVAC operated office buildings, in: Conference: 

ASCE International Workshop on Computing in Civil Engineering, 2013, https://doi.org/10.1061/9780784413029.028. 
[14] H.B. Gunay, W. Shen, G. Newsham, A. Ashouri, Modelling and analysis of unsolicited temperature setpoint change requests in office buildings, Build. Environ. 

(2018), https://doi.org/10.1016/j.buildenv.2018.02.025. 
[15] L. Lan, P. Wargocki, Z. Lian, Thermal effects on human performance in office environment measured by integrating task speed and accuracy, Appl. Ergon. 

(2014), https://doi.org/10.1016/j.apergo.2013.06.010. 
[16] R.F. Rupp, J.S. Kim, E. Ghisi, R.D. Dear, Thermal Sensitivity of Occupants in Different Building Typologies: the Griffiths Constant Is a Variable, Energy Build, 

2019, https://doi.org/10.1016/j.enbuild.2019.07.048. 
[17] J.H. Ryu, J.S. Kim, W.H. Hong, R.D. Dear, Defining the thermal sensitivity (Griffiths constant) of building occupants in the Korean residential context, Energy 

Build. (2020), https://doi.org/10.1016/j.enbuild.2019.109648. 
[18] M. Indraganti, D. Boussaa, Comfort temperature and occupant adaptive behavior in offices in Qatar during summer, Energy Build. (2017), https://doi.org/ 

10.1016/j.enbuild.2017.05.063. 
[19] H.B. Rijal, M. Honjo, R. Kobayashi, T. Nakaya, Investigation of comfort temperature, adaptive model and the window-opening behaviour in Japanese houses, 

Architect. Sci. Rev. (2013), https://doi.org/10.1080/00038628.2012.744295. 
[20] S. Gauthier, L. Bourikas, F. Al-Atrash, C. Bae, C. Chun, R. de Dear, R.T. Hellwig, J. Kim, S. Kwon, R. Mora, H. Pandya, R. Rawal, F. Tartarini, R. Upadhyay, 

A. Wagner, The colours of comfort: from thermal sensation to person-centric thermal zones for adaptive building strategies, Energy Build. (2020), https://doi. 
org/10.1016/j.enbuild.2020.109936. 

[21] X. Song, J. Zhang, C. Zhan, Y. Xuan, M. Ye, C. Xu, Global sensitivity analysis in hydrological modeling: review of concepts, methods, theoretical framework, and 
applications, J. Hydrol. (2015), https://doi.org/10.1016/j.jhydrol.2015.02.013. 

[22] H.B. Gunay, M. Ouf, G. Newsham, W. O’Brien, Sensitivity Analysis and Optimization of Building Operations, Energy Build, 2019, https://doi.org/10.1016/j. 
enbuild.2019.06.048. 

[23] F. Bre, A.S. Silva, E. Ghisi, V.D. Fachinotti, Residential Building Design Optimisation Using Sensitivity Analysis and Genetic Algorithm, Energy Build, 2016, 
https://doi.org/10.1016/j.enbuild.2016.10.025. 

[24] Z. Li, H. Zhu, Y. Ding, X. Xu, B. Weng, Establishment of a Personalized Occupant Behavior Identification Model for Occupant-Centric Buildings by Considering 
Cost Sensitivity, Energy Build, 2020, https://doi.org/10.1016/j.enbuild.2020.110300. 

[25] A.T. Nguyen, M.K. Singh, S. Reiter, An adaptive thermal comfort model for hot humid South-East Asia, Build. Environ. (2012), https://doi.org/10.1016/j. 
buildenv.2012.03.021. 

[26] D.A. Abowitz, T.M. Toole, Mixed method research: fundamental issues of design, validity, and reliability in construction research, J. Construct. Eng. Manag. 
(2009), https://doi.org/10.1061/(ASCE)CO.1943-7862.0000026. 

[27] J.W. Creswell, V.L.P. Clark, Designing and Conducting Mixed Methods Research, 2007, 13 : 978-1412975179. 
[28] P.X. Zou, X. Xu, J. Sanjayan, J. Wang, A Mixed Methods Design for Building Occupants’ Energy Behavior Research, Energy Build, 2018, https://doi.org/ 

10.1016/j.enbuild.2018.01.068. 

S. Kim et al.                                                                                                                                                                                                             

mailto:ryou0407@knu.ac.kr
http://refhub.elsevier.com/S2405-8440(24)02069-3/sref1
http://refhub.elsevier.com/S2405-8440(24)02069-3/sref2
http://refhub.elsevier.com/S2405-8440(24)02069-3/sref2
https://doi.org/10.1061/9780784413029.028
https://doi.org/10.1016/S0378-7788(02)00006-3
https://doi.org/10.1016/S0378-7788(02)00006-3
https://doi.org/10.1007/s12273-017-0371-2
https://doi.org/10.1016/j.buildenv.2016.06.014
https://doi.org/10.1177/0143624412474829
https://doi.org/10.1177/0143624412474829
https://doi.org/10.2741/3645
https://doi.org/10.1016/S0306-4565(01)00052-3
https://doi.org/10.1016/S0306-4565(01)00052-3
https://doi.org/10.3390/buildings7020036
https://doi.org/10.1016/j.enbuild.2018.11.009
https://doi.org/10.1016/j.enbuild.2018.11.009
https://doi.org/10.1061/9780784413029.028
https://doi.org/10.1016/j.buildenv.2018.02.025
https://doi.org/10.1016/j.apergo.2013.06.010
https://doi.org/10.1016/j.enbuild.2019.07.048
https://doi.org/10.1016/j.enbuild.2019.109648
https://doi.org/10.1016/j.enbuild.2017.05.063
https://doi.org/10.1016/j.enbuild.2017.05.063
https://doi.org/10.1080/00038628.2012.744295
https://doi.org/10.1016/j.enbuild.2020.109936
https://doi.org/10.1016/j.enbuild.2020.109936
https://doi.org/10.1016/j.jhydrol.2015.02.013
https://doi.org/10.1016/j.enbuild.2019.06.048
https://doi.org/10.1016/j.enbuild.2019.06.048
https://doi.org/10.1016/j.enbuild.2016.10.025
https://doi.org/10.1016/j.enbuild.2020.110300
https://doi.org/10.1016/j.buildenv.2012.03.021
https://doi.org/10.1016/j.buildenv.2012.03.021
https://doi.org/10.1061/(ASCE)CO.1943-7862.0000026
http://refhub.elsevier.com/S2405-8440(24)02069-3/sref27
https://doi.org/10.1016/j.enbuild.2018.01.068
https://doi.org/10.1016/j.enbuild.2018.01.068


Heliyon 10 (2024) e26038

16

[29] L. Gunnarsen, P. Ole Fanger, P.O. Fanger, Adaptation to indoor air pollution, Environ. Int. (1992), https://doi.org/10.1016/0160-4120(92)90209-M. 
[30] S. Zhang, W. He, D. Chen, J. Chu, H. Fan, X. Duan, Thermal comfort analysis based on PMV/PPD in cabins of manned submersibles, Build. Environ. (2019), 

https://doi.org/10.1016/j.buildenv.2018.10.033. 
[31] E.E. Broday, J.A. Moreto, A.A.d.P. Xavier, R. de Oliveira, The approximation between thermal sensation votes (TSV) and predicted mean vote (PMV): a 

comparative analysis, Int. J. Ind. Ergon. (2019), https://doi.org/10.1016/j.ergon.2018.09.007. 
[32] K. Huang, J. Song, G. Feng, Q. Chang, B. Jiang, et al., Indoor air quality analysis of residential buildings in northeast China based on field measurements and 

longtime monitoring, Build. Environ. (2018), https://doi.org/10.1016/j.buildenv.2018.08.022. 
[33] D. Yang, C.M. Mak, Relationships between indoor environmental quality and environmental factors in university classrooms, Build. Environ. (2020), https:// 

doi.org/10.1016/j.buildenv.2020.107331. 
[34] H.J. Shin, M.H. Kang, S.H. Mun, Y.H. Kwak, J.H. Huh, A study on changes in occupants’ thermal sensation owing to CO₂ concentration using PMV and TSV, 

Build. Environ. (2021), https://doi.org/10.1016/j.buildenv.2020.107413. 
[35] Ministry of Trade, Industry and Energy (MOTIE), Regulation on Promotion of Rationalization of Energy Use by Public Institutions, 1.1, Sejong, South Korea, 

2018. 
[36] H. Kim, T. Hong, Determining the optimal set-point temperature considering both labor productivity and energy saving in an office building, Appl. Energy 

(2020), https://doi.org/10.1016/j.apenergy.2020.115429. 
[37] S. Purdon, B. Kusy, R. Jurdak, G. Challen, Model-free HVAC control using occupant feedback, IEEE, Conference on Local Computer Networks Workshops (2013), 

https://doi.org/10.1109/LCNW.2013.6758502. 
[38] ASHRAE Handbook-Fundamentals : CHAPTER 9: THERMAL COMFORT. ASHRAE Handbook: Fundamentals. (2009), p1-9. 
[39] Q. Wu, J. Liu, L. Zhang, J. Zhang, L. Jiang, Study on thermal sensation and thermal comfort in environment with moderate temperature ramps, Build. Environ. 

(2020), https://doi.org/10.1016/j.buildenv.2019.106640. 
[40] Y. Zhang, R. Zhao, Overall thermal sensation, acceptability and comfort, Build. Environ. (2008), https://doi.org/10.1016/j.buildenv.2006.11.036. 
[41] Y. Yao, Z. Lian, W. Liu, Q. Shen, Experimental study on skin temperature and thermal comfort of the human body in a recumbent posture under uniform thermal 

environments, Indoor Built Environ. (2007), https://doi.org/10.1177/1420326X07084291. 
[42] A standard for natural ventilation, ASHRAE J. 42 (10) (2000) 21. 
[43] X. Chen, Q. Wang, J. Srebric, Model predictive control for indoor thermal comfort and energy optimization using occupant feedback, Energy Build. (2015), 

https://doi.org/10.1016/j.enbuild.2015.06.002. 
[44] S.K. Gupta, S. Atkinson, I. O’Boyle, J. Drogo, K. Kar, S. Mishra, et al., BEES: real-time occupant feedback and environmental learning framework for 

collaborative thermal management in multi-zone, multi-occupant buildings, Energy Build. (2016), https://doi.org/10.1016/j.enbuild.2016.04.084. 
[45] R.F. Rupp, R. de Dear, E. Ghisi, Field Study of Mixed-Mode Office Buildings in Southern Brazil Using an Adaptive Thermal Comfort Framework, Energy Build, 

2018, https://doi.org/10.1016/j.enbuild.2017.11.047. 
[46] J.K. Maykot, R.F. Rupp, E. Ghisi, A field study about gender and thermal comfort temperatures in office buildings, Energy Build. (2018), https://doi.org/ 

10.1016/j.enbuild.2018.08.033. 
[47] M.K. Singh, R. Ooka, H.B. Rijal, M. Takasu, Adaptive thermal comfort in the offices of north-east India in autumn season, Build. Environ. (2017), https://doi. 

org/10.1016/j.buildenv.2017.07.037. 
[48] N. Gaitani, C. Lehmann, M. Santamouris, G. Mihalakakou, P. Patargias, Using principal component and cluster analysis in the heating evaluation of the school 

building sector, Appl. Energy (2010), https://doi.org/10.1016/j.apenergy.2009.12.007. 
[49] H. Gadd, S. Werner, Heat load patterns in district heating substations, Appl. Energy (2013), https://doi.org/10.1016/j.apenergy.2013.02.062. 
[50] A.M. Tureczek, P.S. Nielsen, H. Madsen, A. Brun, Clustering District Heat Exchange Stations Using Smart Meter Consumption Data, Energy Build, 2019, https:// 

doi.org/10.1016/j.enbuild.2018.10.009. 
[51] G. Zheng, C. Wei, X. Yue, K. Li, Application of hierarchical cluster analysis in age segmentation for thermal comfort differentiation of elderly people in summer, 

Build. Environ. (2023), https://doi.org/10.1016/j.buildenv.2023.109981. 
[52] T.G. Nikolaou, D.S. Kolokotsa, G.S. Stavrakakis, I.D. Skias, On the application of clustering techniques for office buildings’ energy and thermal comfort 

classification, IEEE Trans. Smart Grid (2012), https://doi.org/10.1109/TSG.2012.2215059. 
[53] B. Deepachandi, S.A. Ejazi, A. Bhattacharyya, N. Ali, P. Soysa, Y. Siriwardana, Measuring the sero-prevalence of Leishmania donovani induced cutaneous 

leishmaniasis: a method comparison study, Parasitol. Int. (2023), https://doi.org/10.1016/j.parint.2022.102660. 
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