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Abstract 

Occupants' thermostat setpoint preferences play a vital 

role in HVAC systems' operation and significantly 

influence the building energy performance. However, 

despite the diversity in indoor temperature preferences, 

most building energy codes assume identical thermostat 

setpoints for buildings of the same type. To this end, this 

study aims to demonstrate the variations in temperature 

setpoint preferences across Canadian households by 

analysing thermostat data collected from ~13,000 

residential buildings. The objectives of this study are to 

(1) determine the average heating, and cooling thermostat 

setpoints in residential buildings, (2) rank the importance 

of different attributes that influence setpoint preferences, 

and (3) extract distinct heating and cooling setpoint 

profiles. Statistical methods were used to identify the 

average thermostat setpoints in different provinces. A 

random forest ensemble learning model was then used to 

rank the relative importance of different attributes on the 

setpoint temperatures. Finally, the k-Shape clustering 

technique was used to extract distinct heating and cooling 

setpoint temperature profiles. The obtained results were 

compared with the building energy codes, standards and 

differences up to ~3°C were found relative to code 

assumptions. 

Key Innovations 

• Nation-wide (Canada) user’s thermostat setpoint 

temperature preferences for different periods of 

a day are studied. 

• Attributes having higher influence on setpoint 

temperature preferences are explored.  

• The discrepancy between building code 

assumptions and representative average setpoint 

temperatures is addressed.  

• Distinct heating and cooling thermostat setpoint 

profiles are extracted considering ~13,000 

Canadian houses.  

Practical Implications 

From an energy modelers’ perspective, this study's 

outcomes can inform adjustments to default/fixed 

thermostat setpoint schedules used in energy simulations. 

From a policy and code perspective, results can guide new 

energy codes development, especially in the context of net 

zero energy ready buildings.  

Introduction 

In Canadian residential buildings, space conditioning 

systems (which are controlled by thermostats) account for 

64% of their energy use (NRCan, 2015). Unlike 

commercial buildings, residential dwellers have more 

control over their indoor environment as they have direct 

and sole access to thermostats. In this context, 

understanding user preferences on thermostat setpoint 

temperature and their influencing parameters is beneficial 

in (1) providing representative input regarding setpoint 

profiles during energy simulations and (2) while 

implementing energy efficiency measures in buildings. 

Research studies suggest that assumptions related to 

occupant energy use behaviour substantially contribute to 

the uncertainty in building performance simulations 

(Karlsson and Moshfegh, 2006; Santin et al. 2009; Dodoo 

et al. 2017). For example, Chuck et al. (2017) reported 

that variation in input related to a setpoint temperature of 

even 0.5℃ in energy simulations could impact heating 

and cooling demand predictions up to 10%. Ren et al. 

(2015) used data mining techniques to derive the distinct 

room temperature behavioural patterns using temperature 

data collected from 62 apartments. Their results indicated 

different room temperature profiles among the considered 

apartments and that the space heating system's operations 

(cycling frequency) were found to be more frequent than 

expected because of the tight range of the thermostat 

settings. Given the importance of the occupant energy use 

behaviour, and inputs related to occupancy in energy 

simulations, the International Energy Agency (IEA) 

established two annexes (Annex 53 (Yoshino et al. 2017) 

and Annex 66 (Dan et al. 2017) on studying the influence 

of occupants in building energy use, and on simulation 

methods of occupant behaviour. In addition to the above, 

IEA-Annex 79 (O’ Brien et al. 2020) addresses the 

research issues related to occupant-centric building 

design and operation.  

Previously, data on occupants' actual thermostat setpoint 

preferences were not widely available and mainly relied 

on self-reporting surveys. Therefore, users’ interaction 

with thermostats was not investigated in detail. However, 

today's new generation of smart thermostats enables 

centralized data collection and sharing at large scales, 

paving the way for investigating temperature setpoint 

preferences and variations in thermostat settings 

(concerning several factors such as location, outdoor 

temperature, building type, age) in thousands of 
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residential buildings. Such data analysis provides an 

unprecedented opportunity to re-visit fixed/simplistic 

assumptions related to thermostat setpoint schedules in 

energy codes and standards to better reflect operational 

parameters in actual buildings. One good example of such 

a comprehensive data bank on thermostat data (collected 

explicitly from residential buildings of different 

countries) is the 'Donate Your Data (DYD)' program 

initiated by the thermostat manufacturer ecobee Inc. 

(ecobee, Inc., 2018).  

The goal of this study is to investigate the variations in 

thermostat setpoint preferences across Canada. To 

achieve this goal, ecobee thermostat data collected from 

~13,000 households across Canada during 2015-2019 was 

used. Specific objectives of the study are to 1) identify 

average heating and cooling thermostat setpoint 

temperatures across Canadian homes in different 

provinces, 2) determine the relative importance of 

different attributes that influence average thermostat 

setpoint preferences, and 3) derive heating and cooling 

setpoint profiles across Canadian homes. 

Previous research studies in different countries used the 

DYD data (with different objectives) to provide insights 

on thermostat usage in residential buildings. However, 

their objectives were different from this study. For 

instance, Huchuk et al. (2018) carried out a descriptive 

analysis of a residential thermostat dataset and studied the 

correlation between climate, season, and thermostat 

setpoints in North American households. Their data 

analysis results showed that the user preferences for 

thermostat setpoints varied with seasons, but no such 

relationship existed between thermostat setpoint variation 

and electricity pricing. Abdeen et al. (2020) used the 

ecobee dataset to review the assumptions made in the 

National Building Code of Canada and proposed 

recommendations for updating the building codes. Ueno 

et al. (2020) generated heating and cooling setpoint 

profiles for American households that could be used in 

building simulations. Other studies used thermostat data 

collected from different sources for tracking the major 

power outages in the country (Meier, 2019), updating 

energy policy objectives, or predicting occupancy in 

buildings (Huchuk et al., 2019). 

In summary, the main inference from the literature is that 

thermostat setpoints represent one of the critical inputs in 

building performance simulations. The diversity in 

occupants' preferences across different regions and 

building archetypes should be accounted for to improve 

simulation accuracy. To the authors’ knowledge, previous 

studies did not focus on understanding the effect of 

different factors on occupant thermostat setpoint 

preferences, nor did they identify clusters representing 

setpoint profiles.  

Data description 

The dataset used in this study was collected from ecobee 

thermostat users in Canada who agreed to share their 

thermostat usage data under the DYD program 

anonymously. Table 1 briefly describes some of the 

attributes (related to the present work) available within 

the ecobee dataset. The data from the DYD program is 

partially user-reported (e.g., data about house style, house 

age, floor area, number of floors, and occupant 

characteristics) and partially collected from ecobee 

thermostats (e.g., heating and cooling setpoint 

temperature, indoor temperature). The thermostat setpoint 

data used in this study were collected from 13,187 

residential houses across Canada. The location of the 

thermostat in the households is unknown. As mentioned 

in Table 1, the outdoor weather data from the nearest 

weather station was available for each house. It is to be 

mentioned that the outdoor temperature is recorded every 

half an hour. To maintain the same granularity as real-

time thermostat data (i.e., 5-minute intervals), the outdoor 

temperature value recorded for each half an hour is 

repeated for every five minutes in the ecobee thermostat. 

Table 1: Ecobee dataset description. 

Attribute Description 

House ID Anonymous unique ID of each user 

HVAC mode Indicates whether the HVAC system 

is off, heating, cooling, auto, auxiliary 

heating 

Schedule Default* or user-defined descriptions 

(Schedule options are Away, Custom, 

Home, Sleep) 

Event Indicates override events (which could 

be user-based or automated). (Event 

options are no event, event, custom, 

hold, smart away, smart home, smart 

recovery, TOU, etc.,) 

Heating and 

cooling setpoint 

temperature (°F) 

The measurement from ecobee 

thermostats 

Indoor 

temperature (°F) 

The measurement from ecobee 

thermostats 

Outdoor 

temperature (°F) 

The measurement from the nearest 

local weather station 

Province User input (e.g., QC, ON, AB, etc.) 

City User input (Montreal, Toronto, etc.) 

House type User input (Detached, Apartment, 

Condominium, others, etc.) 

Floor area (ft2) User input (e.g. 500, 1000, 1500, etc.,) 

Number of Floors User input (e.g. 1, 2, etc.,) 

Age of the house  User input (e.g. 10, 20, etc.,) 

Number of 

occupants 
User input (e.g. 1, 2, 3, etc.,) 

Auxiliary heat 

fuel type 
Fuel type for the auxiliary heat system 

*The term "default" in the HVAC mode refers to a 

constant setpoint used for each schedule (e.g., Home, 

Away, Sleep) under heating or cooling HVAC modes. 

Users are asked to choose these setpoints when they first 

install their thermostats and may change them later at any 

time. 

Methodology 

To explore the variations in the setpoint temperature 

across different Canadian provinces, specific data 

filtration, and aggregation methods were adopted in this 

study. A brief description of the data preparation 

procedure concerning objective 1 is presented in the data 
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preparation and pre-processing section.  For objective 2, 

six random forest (RF) models were developed to rank the 

importance of the attributes that influence the heating and 

cooling setpoint temperature for the schedule options' 

home,’ 'sleep,' and 'away'. The attributes available in the 

dataset (refer to Table 1) with respect to the building 

characteristics (house age, floor area, house type/style, 

number of floors, and number of occupants) were 

considered in the RF model. Additionally, the outdoor 

temperature was also included as it is an important 

attribute that influences the thermostat setpoint 

temperature. The importance/ranking of the considered 

attributes was determined in terms of IncNodePurity. 

Node purity was measured by the Gini index and residual 

sum of squares for regression. The higher the value of 

IncNodePurity, the higher the importance of the attribute.  

Finally, for objective 3, to identify distinct daily heating 

and cooling setpoint temperature profiles, the k-Shape 

clustering technique was used. For extracting the distinct 

patterns/shapes from a time series dataset, k-Shape 

clustering algorithm is preferred over the k-means 

(Paparrizos et al. 2016). Though k-Shape is based on a 

scalable iterative refinement procedure similar to the k-

means algorithm, different distant measures and centroid 

measures are considered. Because of these differences, k-

Shape preserves the shape of the time-series sequences 

compared to the k-means. For more information related to 

k-Shape clustering, interested readers can refer to the 

following article (Paparrizos et al. 2016). In this study, to 

perform the k-Shape clustering, the R package 'dtwclust' 

was used. The distance measure and centroid method used 

was 'sbd' and 'shape', respectively. Similar to k-means 

clustering, inputs related to the number of clusters (k) 

must be predefined in the k-Shape clustering technique. 

Therefore, the Dunn index, a widely used internal cluster 

validation index (CVI), was used to determine the 

appropriate number of clusters. Dunn index is the ratio of 

the smallest cluster distance within objects in separate 

clusters to the largest intra-cluster distance. The higher the 

Dunn index value, the better number of clusters' k'. Note 

that different data pre-processing, data filtration, and data 

aggregation methods were followed for objective 3. The 

details about these different techniques are explained in 

detail in the 'Data pre-processing' section.   

Data preparation and pre-processing 

The ecobee dataset used in this analysis contains data 

from November 2015 until September 2019. However, 

data availability was based on the enrolment of users in 

the DYD program. Therefore, available data for each 

house represented a subset of this duration. In this study, 

data collected from all houses were used in the analysis 

irrespective of data availability and duration. Note that all 

temperature data, which was initially reported in 

Fahrenheit, was converted to the Celsius scale.  

The goal of objective 1 was to identify the variation in 

average heating and cooling setpoint temperature in 

Canadian homes in different provinces. In this context, 

each household's average thermostat setpoint temperature 

was obtained based on the filtration criteria given in Table 

2. In this way, an average thermostat setpoint temperature 

was calculated for each house with respect to the HVAC 

mode ('heat', 'cool'), schedule ('home', 'sleep', 'away'), and 

event ('No event'). Among the event options (refer to 

Table 1), only the 'No event' condition was included in the 

analysis, as it represents the periods during which no 

overrides (by the users or through automated features) to 

the scheduled heating or cooling setpoints took place. For 

the same reason, the Schedule option 'custom' was 

excluded from the analysis.  

Table 2: Data filtration criteria for objective 1 and 2. 

HVAC mode Schedule 

options 

Event options 

Heat (represents 

the heating 

setpoint 

temperature) 

Home No Event 

Sleep No Event 

Away No Event 

Cool (represents 

the cooling 

setpoint 

temperature) 

Home No Event 

Sleep No Event 

Away No Event 

Furthermore, HVAC modes' auto' and 'off' were excluded 

since the former makes it challenging to identify whether 

heating or cooling is taking place at a given time, while 

'off' means no HVAC systems were used. The rationale 

here is only to include data points in which no overrides 

of typical heating and cooling setpoint temperatures took 

place. Additionally, it was found that out of the entire 

dataset (i.e., 13, 187 houses), 92% of the data belonged to 

the provinces of Ontario (55%), Alberta (31%), and 

Quebec (6%). Preliminary investigations indicated that 

results might be biased by some houses (in the province 

where data availability is limited to very few houses) that 

do not represent typical usage patterns, such as vacation 

homes. Therefore, to ensure representativeness, data from 

other provinces/territories with less than 500 houses were 

not considered for objectives 1 and 2. Ultimately, the 

same data filtration approach was adopted for objectives 

1 and 2, and the results were presented only for the three 

(AB, ON, QC) provinces. 

Objective 3 focused on obtaining daily heating and 

cooling setpoint temperature profiles for all houses in the 

dataset. Therefore, the 5-min thermostat setpoint 

temperature data was aggregated to hourly data by taking 

the average temperature setpoints of all 5-minute intervals 

within each hour to facilitate deriving 24-h time-series. 

The next step entailed calculating the average hourly 

setpoint temperatures during HVAC mode 'heating' and 

'cooling' for each of the 13,187 houses across Canada. 

Accordingly, 24-hr thermostat profiles (for heating and 

cooling, respectively) were obtained for each house. In 

this context, the temperature setpoint data were filtered 

based on the HVAC modes' heat', 'cool', respectively. 

Unlike objectives 1 and 2, the focus here was to explore 

the average daily heating and cooling setpoint 

temperature profiles. Therefore, schedule and event items 

were not filtered out to acknowledge that users or the 

smart thermostat feature sometimes override default 

setpoints, which should be reflected in the identified daily 

setpoint patterns.  
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After data filtration based on the HVAC mode 'heat' and 

'cool', it was found that there were some homes in which 

HVAC mode was either in 'auto' or 'off' mode for 

significant portions of time. These modes indicate that a 

heat pump was used, alternating between heating and 

cooling modes within the same day, or that no air 

conditioning was available in some houses. Subsequently, 

these houses were excluded from the data analysis, and 

eventually, 11,588 and 9,997 houses were included for 

extracting heating and cooling setpoint temperature 

profiles, respectively. 

Results 

Average heating and cooling setpoint temperature 

preferences in different provinces 

The average outdoor air temperature during the heating 

period (identified as HVAC mode 'heating' in the DYD 

dataset) was calculated for each house and then compared 

between provinces. The corresponding average heating 

setpoint temperature (HSPT) under different schedule 

options (home, sleep, and away) was also calculated and 

the obtained results are shown in Figure 1. Note that the 

outdoor temperature in this figure refers to the average 

recorded outdoor temperatures gathered from the weather 

stations located close to houses with ecobee thermostats, 

and only when their heating system was on (i.e., this does 

not represent overall provincial outdoor temperature). The 

maximum HSPT was observed in Ontario (ON) (20.9 ℃, 

19.1 ℃, 17.7 ºC under 'home' and 'sleep', and 'away' 

settings, respectively). The average HSPT (for the 

schedule 'home') for QC and Alberta (AB) was 0.3 ºC and 

0.7 ºC, lower than ON. The difference between the 

daytime (when the schedule is 'home') and nighttime 

(when the schedule is 'sleep') setpoint temperature was 

1.8°C, 2.0°C, and 1.8°C for the provinces ON, AB, and 

QC, respectively. On the other hand, the difference 

between thermostat setpoint temperature for schedule 

options' home' and 'away' was 3.2°C on average for all 

three provinces. 

 

Figure 1: Variation in average heating setpoint 

temperature and average outdoor temperature across 

provinces with respect to HVAC schedule options. 

Similar to HSPT analysis, the average outdoor air 

temperature during the cooling period (identified as 

HVAC mode 'cooling' in the DYD dataset) was compared 

between provinces as well as the corresponding average 

cooling setpoint temperature (CSPT) under different 

schedule options (home, sleep and away) as shown in 

Figure 2. Recall that the outdoor temperature ranges 

shown in Figure 2 only represent outdoor conditions when 

the air conditioning system was turned on in the analysed 

houses, so they do not represent general weather patterns 

in different provinces. Results indicated that the 

differences in average 'home' CSPT between ON, AB, and 

QC were relatively smaller and ranged within less than 

0.5 ºC, while the median of corresponding outdoor 

temperatures ranged between 22℃ and 23.3℃. The 

average 'sleep' CSPT showed a similar pattern with 

setpoint temperatures ranging between 22.9 ºC and 23.4 

ºC. The important observation from Figure 2 is that, 

unlike HSPT, there is no considerable temperature 

difference in CSPT between the schedule options' home' 

and 'sleep. However, the average 'away' CSPT was higher 

across the three provinces ranging between 25.7 ºC -26 

ºC. 

 

Figure 2: Variation in average cooling setpoint 

temperature and average outdoor temperature across 

provinces with respect to HVAC schedule options. 

Table 3 presents the comparative results between the 

average thermostat setpoints obtained using the ecobee 

dataset and those assumed for residential buildings in the 

National Energy Code for Buildings in Canada (NECB 

2017). These HSPT and CSPT considered in NECB 

which are summarized in Table 3 can affect simulation 

results and consequently could change the choice of 

optimal design parameters for code compliance. 

Table 3: HSPT and CSPT obtained from ecobee 

dataset and NECB code 

Dataset/ 

Standard 

Heating setpoint Cooling setpoint 

Daytime Night-

time 

Daytime Night-

time 

Ecobee 

data 

20.6 °C 

(Home) 

18.8 °C 

(Sleep) 

23.3 °C 

(Home) 

23.2 °C 

(Sleep) 

17.5 °C (Away) 26 °C (Away) 

NECB 22.2 °C 18 °C 24 °C 24 °C 
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Ranking the importance of the attributes influencing 

heating and cooling setpoint temperatures 

The RF models' results showing the variable importance 

of different attributes concerning HSPT and CSPT are 

depicted in Figure 3 and Figure 4, respectively. The 

analysis indicated that outdoor temperature and building 

age were the two variables that influence both average 

HSPT and CSPT. Interestingly, for CSPT, when the 

schedule is 'away', building age was found to have a 

relatively stronger effect than the outdoor temperature. 

The self-reported number of floors and house style had 

the least influence over HSPT and CSPT, while the floor 

area was the third-ranked attribute. 

 

Figure 3: Variable importance related to HSPT. 

 

Figure 4: Variable importance related to CSPT. 

To further investigate the RF models' results, the variation 

in average HSPT concerning different house vintage 

(ranked 2nd among the considered attributes) and house 

type (ranked 5th among the attributes) for the province of 

Ontario are shown in Figure 5 and Figure 6, respectively. 

The inference from the figures is that there is more 

variation observed in the average HSPT between different 

house vintage than the house type for all the HVAC 

modes (home, sleep and away). Specifically, the variation 

in the average HSPT for different schedules was >1°C for 

different house vintages, but <1°C for different house 

types. These observations confirmed that the variation in 

average HSPT concerning house vintage is relatively 

higher than the house type, which affirms the RF model 

results. Note that similar results are observed for the 

average CSPT.  

 

Figure 5: Variation in average HSPT for different 

HVAC schedules with respect to different house age in 

Ontario. 

 

Figure 6: Variation in average HSPT for different 

HVAC schedules with respect to different house type in 

Ontario. 

Daily heating and cooling setpoint profiles extraction 

Before clustering the data, it is essential to determine the 

number of clusters, and accordingly, in this study, a 

widely used internal CVI, Dunn index was used. For the 

CVI analysis, the range for 'k' (i.e., the number of clusters) 

was set from k = 2 to 10. From the analysis, it was found 

that the highest Dunn index value was obtained when k = 

4 for both the heating and cooling setpoint temperature 

dataset and the results of Dunn Index variation are shown 

in Figure 7 and Figure 8, respectively.  
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Figure 7: Cluster Validation Index (Dunn index) for the 

HSPT profile analysis. 

 

Figure 8: Cluster Validation Index (Dunn index) for the 

CSPT profile analysis. 

Based on the CVI results, the entire dataset (i.e., hourly 

time-series data for 11,588 houses) was grouped into '4' 

clusters. Similarly, for the cooling setpoint temperature 

profile extraction, the entire dataset (9,997 houses) was 

grouped into '4' clusters. Figure 9 is the consolidated 

overview drawn by considering the average value of 

heating setpoint thermostat data at each hour for all 

houses grouped in clusters 1 to 4.  

 

Figure 9: Distinct patterns of heating setpoint 

temperature. 

It is to be mentioned that the overall distribution of houses 

in clusters 1, 2, 3, and 4 were 21%, 20%, 42%, and 17%, 

respectively, indicating that a plurality of the houses 

follows the HSPT schedule of cluster 3. The inference 

from the figure is that clusters 1 and 2 followed similar 

patterns, however, the HSPT in each cluster was different. 

In houses grouped in cluster 2, relatively lower HSPT 

(specifically from nighttime to early evening) is preferred 

compared to cluster 1. Interestingly, the HSPT between 

16:00 and 20:00 was similar for both clusters 1 and 2. 

Households that belong to Clusters 1, 2, and 4 were the 

ones with a daytime setback, which can be affirmed from 

the lower daytime HSPT. After 16:00, an increase in the 

HSPT is observed in these clusters, which likely denotes 

occupants' arrival from work. In cluster 3, the households 

with a nighttime setback were grouped, in which daytime 

HSPT was approximately 1.5ºC higher than the nighttime 

HSPT. Cluster 4 showed a relatively higher HSPT in the 

range of 20.5℃ during nighttime which was lowered by 

approximately 0.6℃ during the daytime.  

Figure 10 shows the time-series clustering results for the 

CSPT dataset. Note that for the CSPT dataset, 35% of 

houses belonged to cluster 1, while 28%, 21%, and 16% 

of houses belonged to Clusters 2, 3, and 4, respectively. 

The inference from Figure 10 is that clusters 1 and 2 

followed a similar pattern, while clusters 3 and 4 had a 

different pattern with different CSPT. Cluster 1 and 2 

represent households with a daytime setup, which refers 

to a higher daytime CSPT and suggests occupants' 

absence from home. The nighttime CSPT in cluster 1 was 

approximately 1ºC lower than daytime, presumably for 

comfortable sleeping. For cluster 2, a similar CSPT as 

cluster 1 was observed only during the early evening 

(starting around 17:00), probably for cooler evening 

occupancy before decreasing CSPT even more at night. 

However, both daytime and nighttime CSPT in cluster 2 

were higher than cluster 1. On the other hand, households 

without an observed daytime setback were grouped in 

cluster 3 and 4. The CSPT in cluster 3 and 4 remained 

relatively constant within 0.5ºC variation, however, the 

CSPT of cluster 4 was relatively higher than cluster 3. 

 

Figure 10: Clustering results showing various profiles of 

cooling setpoint temperature. 

Additionally, it is important to clarify that the explanation 

provided for Figures 9 and 10 are only applicable to the 

average temperature profile of each cluster but may not 

necessarily be applicable for each household. That said, 

the average temperature profiles for each cluster shown in 

Figures 9 and 10 may have obscured some information. It 

does not convey the variations in daily heating and 

cooling setpoint temperature that exist within individual 

profiles (individual house). For example, some houses 

grouped in the same cluster might have lower, or higher 
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setpoint temperature profiles compared to the average 

temperature profiles shown in Figure 9 and 10 but have 

similar patterns (daytime setback or nighttime setback) 

for setpoint temperature.   

Despite identifying four different clusters for heating and 

cooling setpoint profiles, NECB assumes a fixed setpoint 

profile for all residential buildings, which is considerably 

different from the average setpoint profiles calculated 

from the ecobee dataset, as shown in Figure 11. Hence, 

based on the prevalence of households with a daytime 

HSPT setback or CSPT setup, it is recommended to 1) 

update current code assumptions with regards to heating 

and cooling setpoints based on data collected from 

existing buildings (such as smart thermostat data used in 

this analysis or other data sources), 2) apply a scenario-

based approach in which different setpoint profiles are 

used in simulations based on the identified clusters, with 

reporting of aggregate results. 

 

Figure 11: Daily HSPT and CSPT profiles comparison 

between ecobee data and NECB assumptions. 

Discussion and Scope for future works 

The present study analysed the thermostat data collected 

from numerous Canadian homes and attempted to explore 

new findings related to user's setpoint preferences in 

different provinces, important attributes that have a 

significant effect on these preferences, and to extract 

distinct daily profiles for heating and cooling setpoint 

temperature. The first and foremost applicability of the 

results presented in this research would be replacing 

fixed/standard setpoint schedules with more 

representative setpoint temperature in energy simulations. 

In this regard, the uncertainty in the energy simulations 

regarding HVAC load can be reduced. For urban-scale 

energy simulations, proposing more scenarios of setpoint 

schedules based on building archetypes and 

characteristics would be more meaningful.  

Future research is planned to analyse the user preferences 

based on building (vintage, house type, number of floors) 

and occupant characteristics (no. of occupants, occupant's 

presence schedule). The other interesting factor to address 

is the applicability and comparison of the obtained results 

with other countries. Although some studies used the 

ecobee thermostat data collected from American 

households, comparing the results of literature and the 

present study without a deeper analysis would be 

inappropriate because of different data pre-processing and 

aggregation methods used. Future work can extend the 

procedure followed in this study to analyse the thermostat 

data collected from other countries and compare them. 

Conclusion 

In this study, thermostat (ecobee) data collected from 

13,187 houses were used to analyse temperature setpoint 

preferences and profiles across Canada. The study's first 

objective was to identify the variations in the average 

HSPT and CSPT preferences in Canadian houses, 

considering different schedule options. For heating, the 

average daytime HSPT was found to be 20.6 ºC when 

occupants were at home, with a setback as low as 17.5 ºC 

when occupants were 'away' based on ecobee data. In 

contrast, NECB assumes a daytime HSPT of 22 ºC for 

residential buildings irrespective of occupants’ presence. 

The average nighttime HSPT was found to be 18.8 ºC 

based on ecobee data compared to 18 ºC in NECB. The 

average daytime and nighttime CSPT were the same at 

23.3 ºC based on ecobee data, while NECB assumes a 

constant CSPT of 24 ºC. However, the ecobee dataset 

analysis showed a higher average daytime CSPT of 26 ºC 

when occupants were away during the day, which is not 

accounted for in NECB.  

The second objective was to rank the relative importance 

(using RF models) of different attributes that influence the 

HSPT and CSPT, respectively. Apart from the six 

attributes considered in the RF model, investigating the 

location of the thermostat as one of the attributes 

(influencing the heating and cooling setpoint temperature 

preferences) would be helpful to understand the 

relationship between actual heating/cooling profile 

recorded thermostat setpoint temperature in a different 

locale. Since location of the thermostat is unknown for 

any of the houses, analysis in this context was not 

performed. Nevertheless, the RF model results suggested 

that code provisions should mandate different setpoint 

assumptions based on climate zones since the prevailing 

outdoor temperature was found to have the strongest 

effects on heating and cooling setpoint preferences.  

The third objective was to derive distinct profiles of HSPT 

and CSPT using the clustering analysis. The analysis of 

HSPT and CSPT daily profiles indicated significant 

variations within Canadian households, which could be 

grouped into four main clusters for heating and cooling. 

However, energy codes and standards typically assume 

one schedule for HSPT and CSPT, respectively, for all 

residential buildings, irrespective of the climatic zone and 

the building characteristics. This study's results could 

provide significant input to update heating and cooling 

setpoint assumptions used in these building energy codes 

and standards.  
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