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Abstract 16 
Urban environments play a critical role in shaping mental wellbeing, yet their impact remains 17 
understudied, particularly in relation to environmental air quality and human physiology. 18 
Despite this growing awareness of the importance of mental health in urban planning, 19 
challenges in integrating diverse datasets, spanning environmental, physiological, and self-20 
reported mental wellbeing data limit the scope of research in this area. The DigitalExposome 21 
dataset addresses this gap by providing a comprehensive resource for understanding the 22 
relationship between these factors. The resulting data was collected from October 2021 to 23 
September 2022 in Nottingham, UK with the dataset including over 42, 437 samples from 40 24 
participants aged between 18-50. Participants conducted a walk through diverse urban 25 
environments including polluted and green spaces, while carrying a custom-built 26 
environmental monitoring system (Enviro-IoT), wearing an Empatica E4 wearable, and using 27 
a smartphone mobile application to self-label mental wellbeing via emojis. Environmental 28 
variables (e.g., a range of particulates and gases including particulate matter and nitrogen 29 
dioxide), physiological metrics (e.g., HR, HRV, EDA, BVP), and mental wellbeing labels 30 
were recorded. Data was processed following collection through resampling and 31 
interpolation, and normalization for analysis. This novel dataset lays the groundwork for 32 
exploring the relationships between air quality, physiological changes, and mental wellbeing, 33 
offering valuable insights for urban planning and public health.  34 
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SPECIFICATIONS TABLE 45 
] 46 
Subject Computer Science, Artificial Intelligence, Pollution 

Specific subject 
area 

Environmental air quality, human physiological monitoring, and mental 
wellbeing analysis in urban and green space environments 

Type of data 12 columns (.csv format) 
 

Data collection Data was collected from October 2021 to September 2022 in Nottingham, 
United Kingdom, using a custom-built air quality monitoring station 
(Enviro-IoT), an Empatica E4 wearable, and a self-report smartphone 
mobile application. The Enviro-IoT tracked air pollutants (e.g., PM1.0, 
PM2.5, PM10, CO, NO2, NH3) and noise, while the E4 Empatica 
measured physiological metrics (such as HR, HRV, EDA, BVP). 
Participants (n=40) aged between 18-50 years old completed a 40-minute 
pre-defined urban route. Data was resampled following collection to 1Hz 
and normalised for analysis, excluding variables with logging issues.   

Data source 
location 

Institution: Department of Computer Science, Nottingham Trent 
University, Clifton Lane, Nottingham, United Kingdom. 

Data 
accessibility 

Repository name: Mendeley Data  
Data identification number: 10.17632/mbwxy48223.2 
Direct URL to data: https://data.mendeley.com/datasets/mbwxy48223/2 
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VALUE OF THE DATA 49 
• The data comprises 12 columns of 42, 437 samples involving self-labelled mental 50 

wellbeing captured with emojis, environmental air quality and on-body human 51 
physiological data. It offers greater understanding of the link between the environment, 52 
wellbeing and emotions by collecting data which is obtained at the point-of-exposure 53 
within an urban environment.  54 

• DigitalExposome dataset can be used to train, validate and test various deep learning 55 
models, such as CNNs, aiding in the development of tools and enhancing the robustness 56 
and accuracy of mental wellbeing classification.   57 

• The dataset will be used by researchers, scientists and engineers for investigating the 58 
relationship and consequences of air pollution factors towards wellbeing, creating novel 59 
pollution control techniques, and evaluating the efficacy of treatments.  60 



 
 

 

• The dataset includes environmental air quality measurements, human physiology data and 61 
self-reported mental wellbeing, and, to our knowledge, is the largest publicly accessible 62 
dataset of its kind collected in a real-world setting.  63 

 64 
 65 

BACKGROUND 66 
The air we breathe is a familiar environmental hazard not only to our health [3] but in recent 67 
years has led to new studies focused on the impact towards our behaviour [4], mental health 68 
[5], wellbeing [6] and emotions [7]. As the world continues to grow in significant numbers 69 
these issues remain one of the key factors to reduce in order to improve the quality of life, not 70 
only in the UK but worldwide. Approximately, 99% of the world’s society in 2019 were 71 
living in areas where the air quality guidelines are below the recommended levels and 72 
because of non-clear fuels and household emissions are causing over 4.2 million deaths each 73 
year [8]. Also, individuals who live within urban environments in the UK are as a result more 74 
than likely to develop an increased level of blood pressure, asthma, allergy related illnesses 75 
and behavioural issues [9]. The current datasets available predominately focus on the issue of 76 
poor air quality towards health making it difficult to draw conclusions on the impact towards 77 
mental wellbeing and emotions. So, there arises a need to solve the problem for which a real-78 
world, real-time extensive dataset is required which collects data at the point-of-exposure.  79 
 80 
DigitalExposome Dataset [1] was created to provide an open, accessible and high-quality 81 
resource to explore the relationship between the urban environment, human behaviour and 82 
on-body physiology and mental wellbeing. Measuring a range of environmental factors such 83 
as particulate matter (1.0, 2.5 & 10), noise, carbon monoxide, ammonia, and nitrogen 84 
dioxide, the dataset provides a more thorough view and understanding into the entirety of the 85 
environment. Precisely labelled datasets are essential for building effective and practical deep 86 
learning applications [13]. The dataset was collected in the real-world and so seeks to provide 87 
high volume and variety of results which are more diverse than synthetic datasets.  88 
 89 
Alternative works such as Datasets by Air Quality and Health Impact Assessment [10] and 90 
CitieS-Health: Air Pollution and Mental Health include aspects of air quality and mental 91 
health [11] include aspects of air quality and mental health. However, they are generally 92 
unrelated to other domains and have limited relevance to wellbeing classification. The Air 93 
Quality and Health Impact Assessment dataset provides relevant data on the urban 94 
environment, however the focus is much more on the health impact such as towards 95 
respiratory, cardiovascular and hospital admissions, while CitieS-Health: Air Pollution and 96 
Mental Health dataset is limited to only part of an individual’s mental health attributes such 97 
as physical activity and diet habits. In contrast, the DigitalExposome dataset focuses on real-98 
time data collection, at the point of exposure to enhance wellbeing classification by 99 
combining environmental air quality factors and on-body human physiological data.  100 
 101 

DATA DESCRIPTION 102 
This article describes the dataset which includes environmental air quality, human on-body 103 
physiological and self-report mental wellbeing collected from the October of 2021 to 104 



 
 

 

September 2022. The analysis of the collected data in this article, include the descriptive 105 
statistics of both the collected environmental and physiological variables obtained during the 106 
study; including (min, max, mean, median, quartiles). Additionally, the shape and distribution 107 
of the data, including skewness and kurtosis are also described. This is evident in Table 1 108 
below.  109 
 110 
Table 1: Summary of descriptive statistics of the collected environmental air quality and 111 
physiological factors.  112 
 113 

Variables Mean Media
n 

Min 1st 
Qu. 

2nd 
Qu. 

3rd Qu. Max Skewnes
s 

Kurtosis 

BVP 
(µV) 

-1.5 0 -1050 -36.0 0 34.7 1070.0 -0.02 11.0 

EDA (µS) 0.3 0.2 0 0.1 0.2 0.3 4.5 3.90 15.8 
HR (bpm) 100.0 101.0 0.7 91.2 100.6 109.0 174 0.13 1.7 
HRV (s) 0.5 0.6 0 0.2 0.6 0.6 1.3 -0.52 -0.5 
NH₃ 
(ppm) 

879.0 686.0 15.0 509 686.0 1060.0 3800.0 1.30 1.4 

Noise 
(dB) 

97.4 96.4 47.2 94.5 96.4 100.0 140.0 -1.70 20.0 

Nitrogen 
Dioxide 
(µg/m³) 

38.0 38.0 2.0 30.0 38.0 42.3 88.0 0.08 0.2 

PM 1.0 
(µg/m³) 

4.4 3.0 0 0 3.0 7.0 65.0 3.20 19.0 

PM 2.5 
(µg/m³) 

5.8 0 0 3.0 3.0 9.0 65.0 2.00 7.1 

PM 10 
(µg/m³) 

7.3 3.0 0 0 4.0 12.0 65.0 19.00 4.4 

Carbon 
Monoxide 
(ppm) 

453.0 509.0 47.0 341.0 509.0 548.0 1201.0 -1.40 0.5 

 114 
 115 
The data was obtained at a sub-urban area of Clifton, UK which involved using land located 116 
at Nottingham Trent University (Clifton Campus). The route selected took participants on a 117 
journey into different urban environments next to a dual carriageway and several green 118 
spaces. 119 
 120 
A total of 40 participants made up from 25 male and 15 female took part in the study, all aged 121 
between 18 and 50 years old. All individuals who took part were screened prior to the study 122 
to ensure they were fit and healthy with a questionnaire. The questionnaire is available via the 123 
Mendeley data repository to view. 124 
 125 
The dataset folder ‘DigitalExposome Dataset (40 users combined)’ in the Mendeley Data 126 
repository comprises a total of 12 columns and 42, 437 samples, with an average of 1,061 127 
samples collected per participant presented in a Microsoft Excel format (.csv) comprising of 128 
1 worksheet. The DigitalExposome dataset comprises data from the 40 participants, with all 129 
data integrated as one which has been normalised for analysis.  To normalise the data, each 130 
value collected was scaled using min-max normalization approach. This technique is 131 



 
 

 

presented at Equation 1. Specifically, the minimum and maximum values for each variable 132 
were identified, and each data point was transformed by subtracting the minimum value and 133 
dividing by the range (maximum – minimum). This process ensures that all values are within 134 
a uniform scale of 0 to 1.  135 

 136 
𝑧𝑖 = $𝑥𝑖–𝑚𝑖𝑛(𝑥)+/$𝑚𝑎𝑥(𝑥)–𝑚𝑖𝑛(𝑥)+ 137 

Equation 1. Min-max normalisation formula for the scaling data to a range between 0 and 1. 138 
 139 
Where:  140 

- Zi is the ith normalised value in the dataset,  141 
- Xi is the ith value in the dataset,  142 
- min (x) is the minimum value in the dataset,  143 
- max (x) is the maximum value in the dataset. 144 

 145 
The ‘DigitalExposome’ data collected at each sample point, includes the following aspects 146 
(1) the environmental air quality factors (including Nitrogen Dioxide, Carbon Monoxide, 147 
Ammonia, PM1.0, PM2.5 and PM10), (2) physiological on-body factors (including HRV, 148 
HR, EDA and BVP) and (3) labelled mental wellbeing data (label). In total there are 12 149 
column names with data under each.  150 
 151 
 152 

EXPERIMENTAL DESIGN, MATERIALS AND METHODS 153 
Data for the study was collected using three devices as depicted in Fig. 1 which involved a 154 
custom-build environmental air quality monitoring station (Enviro-IoT), industry standard 155 
physiological measurement wrist wearable (Empatica E4 model) and a self-report custom-156 
developed mobile application.  157 
 158 

 159 
Figure 1. Integrated System for Monitoring Air Quality, Physiology and Wellbeing: The 160 

Enviro-IoT system combines air quality sensors, the E4 Empatica wearable, and a 161 



 
 

 

smartphone app to track environmental factors, physiological data and self-reported user 162 
wellbeing.   163 

 164 
 165 
 166 
 167 
 168 
 169 
Data Collection Preparation 170 
Firstly, the Enviro-IoT is an air quality monitoring system that employs low-cost sensors to 171 
capture pollutants and gases; housed within a rucksack which has been validated in line with 172 
industry standard equipment as detailed in our other work [14]. The collected variables 173 
included the following variables: Particulate Matter (PM1), (PM2.5), (PM10), Nitrogen 174 
Dioxide (NO2), Carbon Monoxide (CO), Ammonia (NH3) and Noise (dB)).  175 
 176 
Secondly, an E4 Empatica to measure and record on-body physiological changes involving 177 
ElectroDermal Activity (EDA), Heart-Rate (HR), Heart-Rate Variability (HRV), Body 178 
Temperature, Blood Volume Pulse (BVP) and movement). Finally, an Android smartphone 179 
with a pre-loaded mobile application was used to record wellbeing changes in-situ within the 180 
environment.  181 
 182 
 183 
The labelling process in our study makes use of the five-point Likert SAM scale which has 184 
been adapted using emojis from the work carried out from the ‘Personal Wellbeing Index for 185 
Adults’ [12]. This approach involves asking users how they are feeling with their life as a 186 
whole. The process behind this step is that during the data collection participants will be 187 
constantly prompted by the researcher to ascertain how they are feeling. In the pre-installed 188 
mobile application this previous work is applied in the way that participants are met with five 189 
well-known emojis, displayed on buttons which equate to a score of 1 = very negative/ very 190 
low to 5 = very positive/ very high.  191 
 192 
DigitalExposome Experiment 193 
All participants completed a declaration of health assessment to ensure they were fit and 194 
healthy as well as an informed consent form before taking part. At the start of each session 195 
participants were given the Enviro-IoT rucksack, smartphone with pre-loaded application and 196 
asked to wear the E4 wristband on their non-dominant hand. Prior to the study, participants 197 
were reminded to constantly select an emoji option displayed to them on the smartphone 198 
whilst walking around. Additionally, participants were shown a map outline of the pre-199 
specified route to familiarise themselves with the outline route as depicted in Figure 2. The 200 
pre-specified route took participants through a variety of different scenarios within the urban 201 
environment including busy, polluted, and green space. In all, walking all the way around 202 
took each participant around 40 minutes.  203 
 204 
Data was collected from the three devices on a regular basis, specifically after each 205 
participant’s experimental session had ended. This approach ensured that the data could be 206 
promptly reviewed, cleaned and prepared ready for analysis. The regular retrieval process 207 



 
 

 

also helped to identify any potential technical issues or inconsistencies early on, allowing for 208 
corrective measurements if necessary.  209 

 210 

 211 
Figure 2. The pre-defined route of DigitalExposome taking participants through an array of 212 
different urban environments.   213 
 214 
Cleaning and Pre-processing collected data.  215 
Between the experimental devices there is a varying sampling rate of each device which was 216 
taken into account. Physiological data collected by the E4 Empatica varies at HR = 1Hz, 217 
EDA = 4Hz, BVP = 64Hz. HRV is provided as a sequence of time intervals corresponding to 218 
detected heartbeats, rather than at a fixed sampling rate. The environmental air quality data is 219 
sampled at 0.2Hz.  220 
 221 
To ensure a consistent sampling rate, the physiological data produced by the Empatica was 222 
down sampled to a rate of 1Hz to match the sample rate of collected HR. The environmental 223 
data had to be up sampled to match the sampled rate of the physiological data at 1Hz. 224 
Furthermore, the self-labelled mental wellbeing data collected from the smartphone was 225 
extracted and up sampled to the same rate as the environmental and physiological data to 1Hz 226 
to remain consistent with the other data. Linear interpolation was used as a mechanism to 227 
sample the data. If the two known points are given by the coordinates (x1, y1) and (x2, y2), 228 
The linear interpolant is the straight line between these points. For a value x in the interval 229 
(x2, x1), the value y along the straight line is given from Equation 2 of slopes as shown 230 
below: 231 
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 232 

 233 
Equation 2. Linear interpolation formula used to estimate the value of (y) at a given point (x) 234 

based on two known data points (x1, y1) and (x2 and y2). 235 
 236 
Normalisation was used following this on all variables to bring them within the same range 237 
for both data analysis and machine learning. Outliers in the data were identified using a visual 238 
inspection of the resulting participant dataset. Any extreme or unusual values that fell outside 239 
the predefined range were flagged for further review. In this case outliers were carefully 240 
assessed to determine whether they were due to experimental variability, participant 241 
noncompliance or technical errors before deciding whether to retrain or exclude them from 242 
the final analysis. It is important to note that during this process, the variables; Carbon 243 
Dioxide and Volatile Organic Compound were removed from the sample as there were issues 244 
with logging the data. The data recorded from these variables at data collection read 245 
‘ERROR’ within the downloaded CSV file and hence was removed and replaced with a zero. 246 
Furthermore, the values for PM2.5, PM10 and NO2 recorded as a zero indicate that there was 247 
no detectable pollution for these parameters at the time of measurement. As such, these 248 
values represent actual readings. Therefore, in the process of normalisation, these zero values 249 
were used as they were, reflecting on the absence of pollution during those specific time 250 
points. 251 
 252 
 253 

LIMITATIONS 254 
The DigitalExposome study has few limitations in that HRV was recorded for all but three 255 
participants due to issues around the Empatica E4 wearable. For these users the HRV data 256 
was removed from the dataset and replaced with a zero. Although considering the 257 
practicalities of a real-world experiment being used in this study the number of participants 258 
who took part could involve more to create an even more diverse set of users. Finally, 259 
although Volatile Organic Compound and Carbon Dioxide sensors were used in the 260 
equipment setup, these variables had to be discounted prior to normalisation due to a sensors 261 
malfunction.  262 
 263 
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