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Abstract
We collected physiological signals (e.g., skin temperature, heart rate) of 14 subjects (6 female and 8 male adults) and environmental parameters (e.g., air temperature, relative humidity) for 2-4 weeks (at least 20 hours per day). The dataset consists of environmental data and physiological signals of the subjects.  You can find more description in our original paper[1].
Specifications Table [please fill in right-hand column of the table below]
	Subject area
	Building and environment, engineering

	More specific subject area
	thermal comfort, building-occupant interaction

	Type of data
	Table

	How data was acquired
	Weather data retrieved from weather station and physiological signals using wearable sensors

	Data format
	Features developed from the raw data

	Experimental factors
	Outdoor weather, physiological signals, and subjects’ anthropometric data

	Experimental features
	Average, gradient, standard deviation

	Data source location
	US, San Francisco and Berkeley

	Data accessibility
	Data is also available on Dataone https://doi.org/10.15146/R3S68S



Value of the data 
1. Benchmark personal thermal comfort model using physiological signals
2. Help develop smart wristbands or shoes to predict occupants’ thermal comfort and preference
3. Support advancement in machine learning algorithm development in the thermal comfort field.
Data variable description:
· ID: Subject ID number
· Sex: Male and Female
· Age: (#)
· Height: (m)
· Weight: (Kg)
· ColdSens: Sensitivity to the thermal environment: continuous scale 0 (Much lower sensitivity) to 5 (to Much higher sensitivity); Question: please indicate how sensitive you think you are to thermal conditions.
· ColdExp: Cold extremity experience: continuous scale 0 (Never) to 5 (Always); Question: Have you suffered from cold hands or feet during the past two months?
· Workhr: Hours of working out per week
· Coffeeintake: Cups (8 oz) of coffee intake
· Vote_time: The time when a subject took a vote
· therm_sens: Thermal sensation from -3 to 3
· therm_pref: Thermal preference (Warmer = 1, No change =0, Cooler = -1)	
· Location: (1 = indoor; -1 = outdoor)	
· mean.Temperature_60	: Mean outdoor air temperature over 60 min before the vote
· grad.Temperature_60: Gradient of 	outdoor air temperature over 60 min before the vote
· sd.Temperature_60: Standard deviation of outdoor air temperature over 60 min before the vote
· mean.Temperature_480: Mean outdoor air temperature over 60 min before the vote
· grad.Temperature_480: Gradient of 	outdoor air temperature over 60 min before the vote
· sd.Temperature_480: Standard deviation of outdoor air temperature over 60 min before the vote
· mean.Humidity_60: Mean outdoor air relative humidity over 60 min before the vote
· grad.Humidity_60: Gradient of 	outdoor air relative humidity over 60 min before the vote
· sd.Humidity_60: Standard deviation of outdoor air relative humidity over 60 min before the vote
· mean.Humidity_480: Mean outdoor air relative humidity over 480 min before the vote
· grad.Humidity_480: Gradient of 	outdoor air relative humidity over 480 min before the vote
· sd.Humidity_480: Standard deviation of outdoor air relative humidity over 480 min before the vote
· mean.Winvel_60: Mean outdoor wind speed over 60 min before the vote
· grad.Winvel_60: Gradient of 	outdoor wind speed over 60 min before the vote
· sd.Winvel_60: Standard deviation of outdoor wind speed over 60 min before the vote
· mean.Winvel_480: Mean outdoor wind speed over 480 min before the vote
· grad.Winvel_480: Gradient of 	outdoor wind speed over 480 min before the vote
· sd.Winvel_480: Standard deviation of outdoor wind speed over 480 min before the vote
· mean.Solar_60: Mean solar radiation over 60 min before the vote
· grad.Solar_60: Gradient of solar radiation over 60 min before the vote
· sd.Solar_60: Standard deviation of solar radiation over 60 min before the vote
· mean.Solar_480: Mean solar radiation over 480 min before the vote
· grad.Solar_480: Gradient of solar radiation over 480 min before the vote
· sd.Solar_480: Standard deviation of solar radiation over 480 min before the vote
· mean.hr_5: Mean heart rate over 5 min before the vote
· grad.hr_5: Gradient of heart rate over 5 min before the vote
· sd.hr_5	: Standard deviation of heart rate over 5 min before the vote
· mean.hr_15: Mean heart rate over 15 min before the vote
· grad.hr_15: Gradient of heart rate over 15 min before the vote
· sd.hr_15: Standard deviation of heart rate over 15 min before the vote
· mean.hr_60: Mean heart rate over 60 min before the vote
· grad.hr_60: Gradient of heart rate over 60 min before the vote
· sd.hr_60: Standard deviation of heart rate over 60 min before the vote
· mean.WristT_5: Mean wrist skin temperature over 5 min before the vote
· grad.WristT_5: Gradient of wrist skin temperature over 5 min before the vote
· sd.WristT_5: Standard deviation of wrist skin temperature over 5 min before the vote
· mean.WristT_15: Mean wrist skin temperature over 15 min before the vote
· grad.WristT_15: Gradient of wrist skin temperature over 15 min before the vote
· sd.WristT_15: Standard deviation of wrist skin temperature over 15 min before the vote
· mean.WristT_60: Mean wrist skin temperature over 60 min before the vote
· grad.WristT_60: Gradient of wrist skin temperature over 60 min before the vote
· sd.WristT_60: Standard deviation of wrist skin temperature over 60 min before the vote
· mean.AnkleT_5: Mean ankle skin temperature over 5 min before the vote
· grad.AnkleT_5: Gradient of ankle skin temperature over 5 min before the vote
· sd.AnkleT_5: Standard deviation of ankle skin temperature over 5 min before the vote
· mean.AnkleT_15: Mean ankle skin temperature over 15 min before the vote
· grad.AnkleT_15: Gradient of ankle skin temperature over 15 min before the vote
· sd.AnkleT_15: Standard deviation of ankle skin temperature over 15 min before the vote
· mean.AnkleT_60: Mean ankle skin temperature over 60 min before the vote
· grad.AnkleT_60: Gradient of ankle skin temperature over 60 min before the vote
· sd.AnkleT_60: Standard deviation of ankle skin temperature over 60 min before the vote
· mean.PantT_5: Mean body proximity temperature over 5 min before the vote
· grad.PantT_5: Gradient of body proximity temperature over 5 min before the vote
· sd.PantT_5: Standard deviation of body proximity temperature over 5 min before the vote
· mean.PantT_15: Mean body proximity temperature over 15 min before the vote
· grad.PantT_15: Gradient of body proximity temperature over 15 min before the vote
· sd.PantT_15: Standard deviation of body proximity temperature over 15 min before the vote
· mean.PantT_60: Mean body proximity temperature over 60 min before the vote
· grad.PantT_60: Gradient of body proximity temperature over 60 min before the vote
· sd.PantT_60: Standard deviation of body proximity temperature over 60 min before the vote
· mean.act_5: Mean wrist accelerationover 5 min before the vote
· grad.act_5: Gradient of wrist accelerationover 5 min before the vote
· sd.act_5: Standard deviation of wrist accelerationover 5 min before the vote
· mean.act_15: Mean wrist accelerationover 15 min before the vote
· grad.act_15: Gradient of wrist accelerationover 15 min before the vote
· sd.act_15: Standard deviation of wrist accelerationover 15 min before the vote
· mean.act_60: Mean wrist accelerationover 60 min before the vote
· grad.act_60: Gradient of wrist accelerationover 60 min before the vote
· sd.act_60: Standard deviation of wrist accelerationover 60 min before the vote
Data units
· Temperature: ˚C
· Wind speed: m/s
· Heart rate: bpm
· Acceleration: m/s2

Experimental Design, Materials and Methods


 Surveys
We asked each subject to take an online survey at least once every hour during the day. They were required to take the survey at least 12 times per day to capture the dynamics of thermal conditions, especially when their thermal sensations changed, such as after working out or moving to a different thermal environment. In addition, we provided extra incentives when a subject took the survey more than 12 times a day. The Sub-section 3.4 describes compensations in detail.

Developed with Qualtrics (Qualtrics, LLC), the survey included three “right-now” questions: (1) location (Indoor or Outdoor), (2) thermal sensation (continuous ASHRAE scale from -3 cold to 3 hot), and (3) thermal preference (Cooler, No change, and Warmer). The questions were randomly displayed on the platform that can be accessed using a laptop or cellphone. 
Sensor selection
We selected sensors based on three criteria: (1) accuracy, (2) raw data access for research support, and (3) convenience to wear for 24/7. The commercial wrist-bands and smartwatches appeared as the most suitable due to commercial availability and infusion of multiple sensors, as what were employed in previous studies [2–5]. However, those devices might not measure parameters with acceptable accuracies as described in Appendix A1. Therefore, we selected the iButton (DS1923, Maxim Integrated Products, U.S.) [6,7] for skin temperature, the Polar H7 strap (Polar Electro, Ltd., Finland) for heart rate [8,9] and a small-size cell-phone (POSH Mobile, Ltd., U.S.) in a wrist pocket measured accelerometer data to represent activity levels. The built-in inertial sensors in regular smartphones were found to be reliable for the measurement of human body motion [10,11]. We calibrated the iButton against a refrigerated circulating bath (PD7LR-20, Polyscience, U.S.) in our lab beforehand.

3.3.2 Sensors in the experiments
Polar H7 monitored heart rate every second during participation. Skin temperatures were tracked at a wrist and ankle by two iButtons separately with the sampling frequency of 1 min. To capture the transition among different thermal environments (e.g., walking from one room to another), we monitored air temperature in the body proximity by attaching an extra iButton to a pin-badge with the sensing side facing outside. The badge was pinned at the lower pant (slightly above the ankle) to reduce the influence of body thermal plume (Figure 1). Subjects took off pants with the sensor badge before sleep. The data of the three iButtons was stored on the device memory and downloaded afterwards. The sampling frequency of accelerometry was 5 Hz or above, depending on the intensity of the movement. The cell-phone also served as a server to upload heart rate data via Bluetooth and 4G. Table 2 and Figure 1 describe the specification of the physiological sensors and wearing locations, respectively. All the measured data are publicly available on the website (https://doi.org/10.15146/R3S68S).

[bookmark: _Ref516742803]Table 1. The description of sensors for physiological data
	Model
	Uncertainty
	Parameter measurement

	iButton DS 1923 (Maxim Integrated Products, Inc., U.S.)
	± 0.2 °C after calibration
	Skin temperature and air temperature close to the body 

	Polar H7 Bluetooth Smart Heart Rate Sensor (Polar Electro, Ltd., Finland)
	Concordance correlation coefficient, 0.99 [12]
	Heart rate

	Cell phone POSH built app Micro X S240 (POSH Mobile, Ltd., U.S.)
	Not available
	Accelerometer data to represent metabolic rates. Server to receive heart rate data
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[bookmark: _Ref516742474]Figure 1. Physiological sensors and wearing locations

Procedure
To ensure the sensor reliability and comfortable wearing for almost 24/7, two of the authors participated in a preliminary study for approximately 4 weeks to refine the design of the experimental protocol and to ensure that the selected sensors met the criteria in the timeframe of participation. The institutional review board of University of California, Berkeley approved the experimental protocol (CPHS# 2016-09-9129). We trained all the subjects prior to their participation to ensure they wore all the sensors properly during the experiment. The duration of their participation was 14 days or longer. For each day, a subject needed to wear the sensors for at least 20 h and take the right-now survey for at least 12 times which were the minimum criteria to satisfy for compensation. The subjects had to compulsorily finish 14 days (not necessarily consecutive) with meeting the vote and wearing time requirements every day. Also, they were allowed to have a few days off during the participation and then make up the missing days within 30 days after the start of the participation.
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