DELIVERABLE 5.1

Protocol with methods
and metrics for
neuroscience
experiments

07/01/2022

This project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement nº945307. This document reflects only the author’s view, and
the Commission is not responsible for any use that may be made of the information it contains.

Project Title

eMotional Cities

Deliverable

Deliverable 5.1. – Protocol with methods
and metrics for neuroscience experiments

Work package

WP5

Task

T5.3, T5.4, T5.5

Number of pages

53

Dissemination level

Public

Leader

FMUL

Contributors

MSU, DTU, UTARTU, SLAB, NGR-PT

Peer-reviewers
Date

IGOT
07/01/2022

File name

eMCities_WP5_D5.1

Version

V1

Main authors

FMUL: Bruno Miranda; Diego Mora, Marta
Conceição, Leonardo Ancora

Deliverable 5.1 | Methods and metrics for neuroscience experiments

2 of 39

Index
Executive Summary ....................................................................................................... 7
1.

2.

Introduction ............................................................................................................. 8
1.1

Neuroscience to study the brain effects of urban environment ....................... 8

1.2

Report structure .............................................................................................. 10

Experiment 1: Brain as predictor of emotional urban places .......................... 12
2.1

Introduction and objectives............................................................................. 12

2.2

Behavioural task and paradigm ...................................................................... 13

2.3

Methods and metrics ...................................................................................... 14

2.3.1

Stimulus database of urban environment .................................................. 14

2.3.2

Online research survey............................................................................... 16

2.3.3

Self-rating scales ........................................................................................ 16

2.3.4

Functional magnetic resonance imaging (fMRI) ........................................ 18

2.3.5 Simultaneous electroencephalography and functional magnetic resonance
imaging (fMRI-EEG) ................................................................................................ 18
3. Experiment 2: Understanding the neural processing of urban space through
naturalistic stimuli ........................................................................................................ 20
3.1

Introduction and objectives............................................................................. 20

3.2

Behavioural task and paradigm ...................................................................... 20

3.3

Methods and metrics ...................................................................................... 21

3.3.1

Naturalistic stimuli....................................................................................... 21

3.3.2

Self-rating scales ........................................................................................ 21

3.3.3

Peripheral physiology ................................................................................. 23

3.3.4

Eye tracking ................................................................................................ 26

3.3.5

Electroencephalography (EEG) ................................................................. 27

4. Experiment 3: Mobile sensing of stress and emotional effects of daily urban
experience ..................................................................................................................... 29
4.1

Introduction and objectives............................................................................. 29

4.2

Behavioural task and paradigm ...................................................................... 30

4.3

Methods and metrics ...................................................................................... 30

Deliverable 5.1 | Methods and metrics for neuroscience experiments

3 of 39

5.

6.

4.3.1

Smartphone-based mobile sensing and travel survey ............................... 31

4.3.2

Self-rating scales ........................................................................................ 31

Experiment 4: Outdoor neuroscience experiments .......................................... 32
5.1

Introduction and objectives............................................................................. 32

5.2

Behavioural task and paradigm ...................................................................... 33

5.3

Methods and metrics ...................................................................................... 34

5.3.1

Self-rating scales ........................................................................................ 34

5.3.2

Peripheral physiology ................................................................................. 34

5.3.3

Eye tracking ................................................................................................ 34

5.3.4

Electroencephalography (EEG) ................................................................. 35

5.3.5

Environmental sensors ............................................................................... 36

Experiment 5: Clinical experiment ...................................................................... 38
6.1

Introduction and objectives............................................................................. 38

6.2

Behavioural task and paradigm ...................................................................... 39

6.3

Methods and metrics ...................................................................................... 39

6.3.1

Clinical definitions and measures............................................................... 39

6.3.2

Neuropsychological measures ................................................................... 40

6.3.3

Electroencephalography (EEG) ................................................................. 41

7.

Conclusion ............................................................................................................. 42

8.

References ............................................................................................................. 43

Deliverable 5.1 | Methods and metrics for neuroscience experiments

4 of 39

Index of Tables

Deliverable 5.1 | Methods and metrics for neuroscience experiments

5 of 39

Index of Figures
Figure 1 Example of the task design for the “Brain as predictor of emotional urban
spaces” experiment ........................................................................................................ 14
Figure 2 Distribution and grouped volume of photographs. .......................................... 15
Figure 3 Two examples of methods for affective ratings. Left side: the Self-Assessment
Manikin (SAM), considering valence (first row), arousal (second row), dominance (third
row) and liking (last row). Image from Koelstra et al., 2012). Right side: the “affective
slider” (Betella & Verschure 2016). ................................................................................ 22
Figure 4 The several metrics for the analysis of the electrodermal response (EDR). .. 24
Figure 5 The Metrics for analysis of the blood volume pulse signal (BVP). Image
extracted from https://support.empatica.com. ................................................................ 25
Figure
6
Respiratory
trace
across
time.
Image
extracted
from
https://support.empatica.com.. ....................................................................................... 26

Deliverable 5.1 | Methods and metrics for neuroscience experiments

6 of 39

Executive Summary
This document is the deliverable “D5.1: Protocol with methods and metrics for
neuroscience experiments” that belongs to the “WP5 - Neuroscience experiments” of the
European project “eMOTIONAL Cities - Mapping the cities through the senses of those
who make them” (Project Number 945307; Project Acronym eMOTIONAL Cities).
This technical report not only aims to clarify the indoor and outdoor neuroscience
experiments contemplated by the project, but also reports on their methods and metrics.
It reflects the work primarily performed in task “T5.3 - Development of behavioural
paradigms and neuropsychometrics protocol”, being the result of a comprehensive
interdisciplinary discussion. Moreover, it was also designed considering the portfolio of
variables to be used in “WP4 - Spatial analysis of urban health”.
Each protocol of the five defined experiments is described according to their objectives,
relevant behavioural task or paradigm, specific methods (including self-reported
questionnaires, physiological sensors and neurotechnologies) and metrics (quantitative
or qualitative). Despite being a vivid document, it is expected to be the foundation for our
next empirical steps of studying how particular features of the urban environment and
individual biological inequalities relate to cognitive and emotional processing.
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1. Introduction
1.1 Neuroscience to study the brain effects of urban environment
The eMOTIONAL Cities is a “Research and Innovation Action” (RIA) that investigates
how natural and built urban environments shape the neurobiology underlying human
cognitive and emotional processing. To achieve this aim, the project will adopt a systems
approach, based on:
●
●
●

indoor neuroscience experiments, using EEG and fMRI, in two research centres
(FMUL and MSU).
Outdoor neuroscience experiments, with portable EEG and other physiological
sensors, in four case study cities (Copenhagen, Michigan, Lisbon, and London).
And a clinical study, with the use of EEG, in two clinical research centres (FMUL and
MSU) on elderly patients with mild cognitive impairment as well as age- gender- and
education-matched elderly healthy controls.

The work plan for WP5 not only contemplated the ongoing infrastructural tasks – such
as “T5.1 - Implementation of VR/AR environments” and “T5.2 - Integrative data collection
and analysis for neuropsychometrics and biosignals” – essential for running the abovementioned neuroscience experiments; but also, a task – “T5.3 - Development of
behavioural paradigms and neuropsychometrics protocol” – aimed at providing the
foundational methodology that will be applied in such empirical work.
This deliverable reports on results related to the above-mentioned tasks – more
specifically to T5.3 – and paves the way to the experiments contemplated in “T5.4 - Data
collection and analysis framework for EEG signals “, “T5.5 - Design of fMRI procedures
and data collection”, “T5.6 - Outdoor experiments: procedures and data collection” and
“T5.7 - Clinical population study: recruitment and data collection”. The generated
protocols will also be the basis for several procedures required in “WP9 – Ethics
requirements”.
One of the main goals of the work presented in this document aims to address the
following objective of WP5:
●

“O5.1 - Specify the behavioural paradigms and neuropsychometrics to be used,
taking into account both qualitative and quantitative techniques: by developing a
protocol with appropriate behavioural assays to be used for studying how the urban
built environment influence individual behaviour; guidance for qualitative research;
and the definition of the respective metrics for behavioural and neurophysiological
evaluation”.

GA 945307
D5.1 | Protocol with methods and metrics for neuroscience experiments
December 2021

8 of 11

Nonetheless, by defining the methods and metrics of the future experiments, it is also
providing critical contributions to other related WP5 objectives:
●

●

“O5.3 - Collect neurobiological signals reflecting cognitive and emotional processing
elicited by relevant environmental factors during task performance in a controlled lab
environment: by conducting indoor experiments with high-density or wearable EEG
(T5.4) and magnetic resonance imaging (T5.5) to identify brain activity as it relates
to the cognitive and emotional processing of urban information. Our findings will
reveal how our environment shapes brain function and the decisions made within
these urban environments. It will also reveal which urban characteristics humans’
value, which ultimately attract us and cause us to visit locations”.
“O5.4 - Perform urban outdoor experiments and collect brain signals with wearable
EEG, eye-tracking data and other relevant physiological signals: this will complement
the VR/AR experiments by extending face-validity. We will develop an outdoor field
experiment to relate participants’ cognitive and emotional processing to place.
Participants will wear eye-tracking glasses, wearable EEG, and environmental and
physiological sensors”.

The design of each experimental protocol described in detail on the following sections is
theoretically grounded on:
●

●

contemporary neuroscience theories on emotion and decision making and focused
on the multiplicity of neural circuits involved (LeDoux 2000; Dolan 2002; Gold and
Shadlen 2007; Phelps et al., 2014; O’Doherty et al., 2017).
Classic and modern psychological views (Russel et al., 1989; Lerner et al., 2015),
where some affect-related concepts – such as valence (the degree of pleasantnessunpleasantness) and arousal (the psychological or physiological state of inner
activation or alertness), are key features for capturing the experienced emotions to
environmental exposures.
Novel computational approaches that allow quantitative modelling of emotions and
their associated cognition and behaviour, as well as their application to fields outside
Neuroscience, including urban planning and design – or “Neurourbanism” (Adli et al.,
2017).
The concept that an integrated, heterogenous spatio-temporal data infrastructure –

●

composed of standardised geospatial, neuroscience, clinical and other health data
attributes – will allow comprehensive descriptive and comparative analyses (and in
agreement with the Open Science policy as well), as well as computational modelling
on the impact of different urban artefacts on people’s physical and mental health.
Results obtained from the scoping and systematic reviews described in the “D2.2:

●

●

Preliminary eMOTIONAL cities conceptual framework” already published (and
considering the progress or updates in some of its findings).
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●

●

Recent advances in human neurotechnologies – including functional brain imaging
(fMRI) and high-field EEG techniques (with electrical source imaging), which have
provided a more comprehensive understanding for the brain mechanisms
responsible for our cognitive and emotional responses.
Knowledge of some restorative or detrimental effects (including the impact on
anxiety, depressive symptoms, stress, or fatigue) from exposure to specific features
of the urban environments (Bishop and Gagne 2018; Bratman et al., 2019; Peters et
al., 2019; Koban et al., 2021).

1.2 Report structure
After this introductory part, the report is structured around individual sections describing
details (each section with the following subsections: introduction and objectives;
behavioural task and paradigm; methods and metrics) of the protocols of the following
neuroscience experiments:
•

“Experiment 1: Brain as predictor of emotional urban places”: in this indoor
experiment, healthy participants will be exposed to various urban environments as
stimuli while in the fMRI scanner (also including simultaneous EEG-fMRI) and the
activity of the brain’s reward-based learning and decision-making systems (e.g.,
ventral striatum & ventromedial prefrontal cortex) will be used to predict populationlevel effects and influences (e.g., number of urban photos taken and shared on social
media); to note that this method of using the brain to predict population behaviours
has been used in other domains (music, anti-smoking messages, stock trends, etc.)
and revealed to be more effective than simple self-report.

•

“Experiment 2: Understanding the neural processing of urban space through
naturalistic stimuli”: in this indoor experiment, high-field EEG data and self-reported
emotional ratings will be collected from healthy human subjects as they watch
several videos of city’s first-person journeys – recorded in spaces identified and
classified (by the work of WP4) according to relevant urban features (such as natural,
built and social environment metrics); this sensory and perception experiment aims
to integrate the well-controlled and robust lab data with the outdoor experiments.

•

“Experiment 3: Mobile sensing of stress and emotional effects of daily urban
experience”: in this outdoor experiment, participants will be asked to carry
smartphones with apps specifically designed for customized adaptive stated
perception surveys regarding context-specific built and travel environment; as well
as for detailed data on daily travel, emotional states, and socially motivated
behaviour across multiple days for use in travel behaviour modelling.
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•

“Experiment 4: Outdoor neuroscience experiments”: in this outdoor experiment,
volunteers (gender-balanced and including the young and the elderly) will perform
particular urban trajectories wearing several types of environmental (for measuring
climate and outdoor comfort data) and neurobiological (eye tracking glasses,
wearable EEG, physiological biosignals) sensors; the aim is to investigate in real
scenarios potential causal relationships between multiple urban environments and
individual behavioural signals.

•

“Experiment 5: Clinical experiment”: this indoor experiment will consist on a smallscale, multicentre, exploratory, gender balanced, analytical and case-control study,
where the performance of 25 elderly subjects with MCI on a virtual/augmented reality
(VR/AR) spatial navigation task will be compared to 25 age- and education-matched
controls in both real and virtually modified space environments; the performance of
the two groups following specific modifications will be observed and differences at
the level of eye tracking and brain activity (EEG), while performing the task, will also
be investigated.

Finally, a conclusion section will provide a short summary of integrated the work
developed and will relate to subsequent tasks, during which the experiments will take
place and the data generated will be interpreted or used for policymaking.
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2. Experiment 1: Brain as predictor of emotional urban
places
2.1 Introduction and objectives
In the last decade, there has been a great interest in addressing the challenges of rapid
urbanisation and its implications on the quality of urban environments (UN, 2014). Terms
like happy cities, healthy cities or healing spaces are appearing. Smartphone
applications1, as for example the “Happy Maps app”, have also been created to find the
happiest routes by using algorithms that consider preferences such as levels of street
noise and attractive scenery (Quercia et al., 2014). Moreover, positive emotions promote
better social relationships with notable benefits on health and life quality. On the other
hand, long-term exposure to air pollution negatively affects cognition and has been
associated with increased risk of dementia (Grande et al., 2020). Furthermore, such
detrimental effects go beyond the potential direct effect on the brain, and can potentially
impact on other physiological systems, such as compromised cardiovascular health.
Neuromarketing, a growing science field which uses brain activity to evaluate the
features of a product, has used brain activity to predict the success of a product (Knutson
& Genevsky, 2018). In a previous study, for example, the brain activity as measured by
fMRI was used as a popularity predictor (the aim was to predict the success of a song
as a hit) for newly released singles (Berns & Moore, 2011). In another related study
(Dmochowski et al., 2014), brain activity patterns collected from fMRI as well as
electroencephalography (EEG) were used to predict the popular scenes of an episode
from a television series (shown to participants with no previous knowledge of the series).
In this case, the neural activity was correlated with previously collected social media
information (“twitter” activity obtained when the chapter was released to the audience).
From the analysed data it was possible to conclude and predict the attentive behaviour
(number of “tweets”) of a general population from a reduced sample of participants.
Similar approaches have been used to evaluate advertising recall (Chan, 2019) and
commercial success of movies (Boksem & Smidts, 2015).
Given the above-mentioned findings, some authors emphasise how promising
neuroscience tools could be for several fields where a “population perspective” is crucial
(Falk et al., 2013). Approaching urban design and planning in a unified way is not an
easy task because urban places involve complex interactions between various
biological, social, economic, infrastructural, and cultural aspects. To our knowledge, no

1

See for example the following project: https://www.urbanmind.info/#hometop
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previous work has ever used brain activity to predict how urban spaces could elicit
positive emotions to the general population.
This experiment will take advantage of state-of-the-art human neuroscience methods
(fMRI and high-density EEG), to provide a deeper understanding of the underlying
biological and psychological processes by which urban planning and design influence
brain circuits, human behaviour, and hence physical and mental health. Such an
approach will provide mechanistic evidence on how to create urban environments to
promote healthy living. Our first step is to evaluate the use of brain activity as a predictor
of the popularity for different types of public urban public spaces.
The main goal of this study is to test the extent to which brain activation of a small sample
of individuals, as measured by fMRI and EEG, could predict population-level responses
and popularity of urban environments. For this, the study will have the following specific
aims:
●

●

●

●

●

Create a database of urban space photographs with the following characteristics:
georeferenced images; representative of various types of urban environments (such
as built and natural areas); of at least two different cities (Lisbon in Europe; and East
Lansing in Michigan); and from which indices of popularity could be derived (as for
example, by measuring the numbers of photographs taken around the same place).
Acquire human behavioural data about the emotional content (in terms of
positive/negative valence and high/low arousal) elicited by the different images of the
urban space database – in order select the more relevant photographs to be used in
future experiments.
Collect human brain data (fMRI and EEG) as well as self-reported popularity ratings
of a small sample while participants view several different types of urban space
photographs.
Evaluate how the recorded brain activity (and self-reported popularity) of the small
sample of participants could be a good predictor of population-based popularity
(derived, for example, from a popular photo-sharing platform and social network such
as “Flickr”).
Develop a preference-prediction places model based on brain activation and
connectivity patterns obtained from fMRI and EEG.

2.2 Behavioural task and paradigm
Our task-fMRI paradigm (Figure 1) would involve an event-related design and it will be
like previous studies using the “brain-as-predictor approach” (Berns & Moore, 2011).
Each trial would consist of a fixation period (subjects maintain the visual gaze on a
particular cue or background) followed by the presentation of visual stimuli – photos of
GA 945307
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urban (built and natural) environments. Subsequently, the task would record the liking
and familiarity associated with the stimuli (both ratings will use a 5-star scaling system).
The sequence and timing at which each trial and its respective subparts (fixation, photo
of urban environment, familiarity, and preference) occur would be optimized utilising the
genetic algorithm approach (Wager & Nichols, 2003).

Figure 1 Example of the task design for the “Brain as predictor of emotional urban
spaces” experiment

2.3 Methods and metrics
2.3.1 Stimulus database of urban environment
The stimulus database was taken from Flickr, a media platform used to upload, organize,
and share digital media such as photos and videos. The platform has an open-source
API that was accessed via python script to collect images and information published in
Lisbon-Portugal between January-2016 and September-2021. Thus, 75,223 records
were collected with the photograph posted, date of publication, user identifier, latitude,
longitude, and number of views.
Since Lisbon is a city that receives many tourists, the first step was to select the photos
posted by people who stayed in Lisbon for more than 2 different days, identifying the
most frequent photographers in the city and excluding photos from sporadic tourists. To
carry out this filter, information on the user's identifier and the date the image was posted
were used. There were 62,304 images left by users who took photographs for 3 days or
more.
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Through the latitude and longitude information, the images were georeferenced to
perform the spatial analysis. These georeferenced points were counted in cells of 100 x
100 meters to identify different types of places photographed in the urban environment
of Lisbon through the density of photos displayed in each cell. Using the criterion of
natural breaks, 3 groups were created based on the density of the published photos
(Figure 2).

Figure 2 Distribution and grouped volume of photographs.

The grouping criterion was used to identify the most touristic places (with the greatest
number of photographs) and the least touristic ones. Thus, the selection of photos
included images of urban places with fewer visitors, but which are important for the
analysis of urban stimuli. For each of the 3 groups, 40 outdoor photographs were
selected, mirrored by different locations in the city, looking for at least 2 photos of the
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same position (cell grid), one with the highest number of views and the other with low
views.
The images also consider different attributes of urban space such as green areas, water
features & bodies, buildings, time of day, lighting, presence/absence of art objects (such
as sculptures and street art), presence/absence of people, panoramic / local views,
among other relevant attributes to assess the reaction and stimuli.
The same methodology will be applied for East Lansing (Michigan, USA) to generate a
similar dataset of urban environment photos.

2.3.2 Online research survey
The online surveys would focus on assessing the below-mentioned aspects of the urban
environment stimuli.
●

●

●

●

We would assess the coherence, complexity, legibility, and mystery through a set of
questions (Herzog & Kropscott, 2004) for the urban space stimuli. These aspects
would define the predictors of the preference matrix that can be used to measure
landscape aesthetics. Responses would be recorded using 5-point scales (1 =
strongly disagree, 5 = strongly agree).
An online survey would gauge the four restorative qualities such as being away,
fascination, extent, and compatibility an individual can perceive from the urban space
stimuli and would include questions from a short version of the Perceived
Restorativeness Scale (Berto et al., 2005). Responses would be recorded using 5point scales (1 = not at all, 5 = very much).
Since beauty would serve as a mediator for neural elicitation among a set of urban
space stimuli, an online research survey would be conducted to obtain scenic beauty
ratings for the images of the urban spaces. Responses would be recorded using 5point scales (1 = not at all, 5 = very much).
The liking and familiarity associated with the stimuli (both ratings will use a 5-star
scaling system).

2.3.3 Self-rating scales
Mental health, dispositional affect, and approach/withdrawal questionnaires: to
assess the mental health of the volunteers, the Depression Anxiety Stress Scales
(DASS) (Lovibond & Lovibond, 1995) would be used. The DASS is a set of three selfreport scales designed to measure the negative emotional states of depression, anxiety,
and stress. The scales have been shown to have high internal consistency and to yield
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meaningful discriminations in a variety of settings (and meet the needs of both
researchers and clinicians). Each of the three DASS scales contains 14 items, divided
into subscales of 2-5 items with similar content; and scores for Depression, Anxiety and
Stress are calculated by summing the scores for the relevant items. In addition to the
basic 42-item questionnaire, a short version, the DASS21, is also available with 7 items
per scale. The dispositional affect and approach/withdrawal parameters for the present
moment would be assessed through Positive and negative affect score (PANAS)
(Watson et al., 1988) scores and Behavioral approach system (BAS)/behavioural
inhibition system (BIS) measures (Carver & White, 1994). PANAS would be utilised to
assess the affective state of the volunteers at the time of evaluation. These scales are
highly uncorrelated and consistent (Tuccitto et al., 2010). BAS/BIS evaluation includes
24 items (20 score-items and four fillers, each measured on a four-point Likert scale),
and two total scores for BIS (range=7–28; 7 items) and BAS (range=13–52; 13 items)
(Cooper et al., 2007). This evaluation would gauge the approach/withdrawal behaviour
of the volunteers before task engagement.
Task-associated questionnaires: we would assess the Nature’s relatedness (NR)
scale (Nisbet et al., 2009) for our volunteers, which would depict an individual’s
relationship with Nature. The NR scale consists of 21 items, and some of the
measurement items are reverse coded. The participants would use a 5-point scale to
indicate the extent to which the statements describe their general relationship with the
natural environment (1 = strongly disagree, 5 = strongly agree). The NR scale measures
the following aspects: the first being the NR-Self which reflects an internalised
identification with Nature (e.g., “My relationship to nature is an important part of who I
am”); the second, NR-Perspective that reflects an external, nature-related view (e.g.,
“The state of non-human species is an indicator of the future for human”); and the third,
NR-Experience that depicts a physical familiarity with the natural world (e.g., “I enjoy
being outdoors even in unpleasant weather”) (Tang et al., 2015).
Further, to understand the interrelationship between social media usage and neural
activation after viewing images derived from the social media platform Flickr, we would
also assess the social media usage by estimating how many hours per day volunteers
spend on social media platforms. They would respond on a 7-point scale (1 = less than
an hour; 7 = six or more hours) (Meshi et al., 2020). In addition, Problematic social media
would be assessed with the 6-item Bergen Social Media Addiction Scale (Andreassen et
al., 2016), wherein each item would assess a core aspect of addiction: preoccupation,
mood modification, tolerance, conflict, withdrawal, and relapse (Meshi & Ellithorpe,
2021).
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2.3.4 Functional magnetic resonance imaging (fMRI)
Functional magnetic resonance imaging (fMRI) would assess the neural underpinnings
linked to the processing of urban spaces and their association with decision-making
mechanisms. The fMRI experiment on healthy subjects primarily would focus on
understanding the modulation in connectivity metrics of regions underlying the brain’s
reward system (e.g., ventral striatum & ventromedial prefrontal cortex) while viewing the
urban spaces and subsequently assessing their capability to predict the population-level
metrics such as the number of views or photograph user days.
For this purpose, the subjects would first complete the self-reported measures and online
surveys. Further, to improve the predictions at the individual level, features from restingfMRI and structural MRI would be utilised as integrands. Also, we aim to gauge the
modulation in resting-state networks (specifically attention: frontoparietal network and
emotion: salience network) after viewing the urban space stimuli. Thus, the overall
protocol would involve acquiring high-resolution T1-weighted anatomic image followed
by T2*-weighted echo-planar images for eyes-closed pre-resting-state, taskengagement, and eyes-closed post-resting-state.
The fMRI data pre-processing pipeline would include the realignment and unwarping of
the T2*-weighted image with the mean functional image (motion correction), the centre
translation to (0, 0, 0) coordinates, followed by a slice-time correction. Subsequently,
functional outlier detection (ART-based identification of outlier scans for scrubbing; as in
Whitefield-Gabrieli & Nieto-Castanon, 2012) would be performed, followed by
segmentation and direct normalization to MNI space. Next, we would conduct the
functional smoothening with a gaussian kernel on the fMRI images.

2.3.5 Simultaneous electroencephalography and functional magnetic
resonance imaging (fMRI-EEG)
The EEG data will be acquired using a 400 series Geodesic EEG Systems™ (Electrical
Geodesics, Inc. – USA) to acquire EEG data from 256 channels (with HydroCel Geodesic
Sensor Nets™) at a sampling frequency of 2056 Hz. Data will be pre-processed using
EEGlab (Delorme & Makeig 2004), a MATLAB (MathWorksInc., Natick, MA, USA)
toolbox with several EEG-related algorithms. The pre-processing will comprise a
gradient correction for the MRI-produced artifacts on EEG by applying an average artifact
subtraction approach (Allen et al 2000) with four artifact templates. Then, the EEG data
will be under sampled to 256 Hz and filtered using zero-lag filters with a backwardforward methodology (Gustafsson, 1994). Noisy epochs and channels will be removed
using the Clean Rawdata plug-in (Delorme, 2021), which will detect and remove flat
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epochs, power-line noise, and noisy channels (using default parameters: flat-line
criterium = 5, line-noise criterium = 4, and channel-criterium = 0.8). Then, channels
classified as noisy channels will be interpolated with the neighbour’s activity based on a
spherical interpolation. The remaining artifacts will be removed using Independent
Component Analyses (ICA) and the ICLabel toolbox (Pion-Tonachini et al., 2019).
Finally, EEG will be re-referenced to the average activity after data pre-processing.
After the above pre-processing and cleaning procedures, EEG data for analysis will
require that the relevant data points are extracted given the epochs of interest. Brain
source reconstruction from EEG will be used to work simultaneously with MRI data. The
latter will be done in SPM – an academic software toolkit for the analysis of functional
imaging data, using the structural fMRI data from each individual and co-registering the
position of the sensors and the head of participants (to allow the precise modelling of
individual participant’s brain activity). The Boundary Element Method (BEM) model will
be used for the forward model of the head using 8000 dipoles, while the Multiple Sparse
Priors technique (López et al., 2014; Jatoi et al., 2020) will be used for inverse modelling.
A general linear model (GLM) will be implemented with fMRI and EEG activity as
regressors, whereas the score ratings and movement artifacts will be considered as
covariates.
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3. Experiment 2: Understanding the neural processing of
urban space through naturalistic stimuli
3.1 Introduction and objectives
One of the most primary goals of human neuroscience is to understand how the brain
implements the emotional and cognitive functions that are engaged during everyday life.
To ensure experimental control, event-related brain activation is evaluated – either by
fMRI or EEG techniques, following the presentation of different types of stimuli
(depending on the topic of research). Such approach relies on the use of “laboratory
style” stimuli – simple, static, or decontextualized stimuli that do not resemble what one
could find in the real-world, as they allow psychological processes being decomposed
into discrete components that can be associated with specific activity patterns.
As an intermediate step before moving from indoor lab settings to outdoor real scenario
experiments, as well to yield significant advances in understanding of complex cognitive
and emotional functions, some authors have emphasised the advantages of using
naturalistic paradigms such as movies (Jaaskelainen et al. 2020). This seems also
adequate for assessing how relevant urban features can influence several aspects
related to human behaviour.
The aim of this experiment is, therefore, to investigate whether affective neural
representations could be identified while human subjects watch movies of first-person
journeys through several types of real-world urban (built and natural) environments.
These videos will be recorded in specific blocks or street sites selected with the help of
the spatial analysis of urban health of WP4.
To achieve our goal, we expect to take advantage of the temporal and spatial resolution
offered by high-density EEG data – which could show brain networks like those detected
by fMRI (Liu et al, 2017) and capture comprehensive sensorial information (Robinson et
al., 2017). Moreover, any neurophysiological changes observed will also be related with
(quantitative and qualitative) ratings of the affective video-watching experience – more
specifically the elicited valence and arousal.

3.2 Behavioural task and paradigm
In this EEG study, participants will view first-person videos of urban environments and
we will focus on the individual neural affective responses to the videos. The movies will
be chosen with the aim to represent a variety of urban features – green/blue space,
building density and social aspect. Immediately following each movie, participants will
provide valence and arousal ratings (the same methodology used on the other
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experiments will be used for the assessment). Valence corresponds to the degree of
pleasantness-unpleasantness stimuli provides, and arousal corresponds to the
psychological/physiological state of inner activation or alertness, measured on the
arousal-sleepiness scale. The movies from several conditions/blocks will be presented
to participants in random order.

3.3 Methods and metrics
3.3.1 Naturalistic stimuli
A database of several videos, all with similar durations (an effort to control for spatial
frequency and average light conditions will also be considered) and relatively short
duration (expected to be around 1-5 minutes), will be created. These will be based on
WP4 guidance (together with other expert information or stakeholders’ interest),
consisting of first-person outdoor recorded videos in either of the four case-study cities
(Lisbon, Copenhagen, London or East Lansing).
The videos will represent different urban features and conditions will be derived from the
quantification of urban green space, urban building density and urban social space.
Videos will also be classified as a function of the self-reported valence and arousal
ratings.
An initial version of the video database will be constructed by members of the consortium
and validated for the expected elicited emotion valence in a small sample of participants,
outside of the fMRI scanner, via an online questionnaire. Then, a second (final) and
independent sample of 30-40 participants will undergo the main proposed experiment,
where only the selected videos will be presented.

3.3.2 Self-rating scales
Participants will assess themselves on disposition to feel more negative/positive
emotions and status on the same dimension. We will start from basic demography and
behavioural habits: gender, age, education, personality (Donahue & Kentle, 199. As
before, self-report scales will also be used for depressive symptoms (DASS) and
dispositional affect and approach/withdrawal (PANAS, BAS/BIS). In addition to
(relatively) long-term affect evaluation, we also assess momentary emotional reactions
to presented stimuli. This is needed to reduce noise in the brain and physiological
sensors. We will ask participants to rate the valence and arousal of emotional states
generated by the video: (1) how positive or negative the video did make them feel; (2)
how arousing the feeling is (from calming to exciting); and (3) how strong approach or
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avoidance urges the video did elicit? Ratings would be given on a 9-point scale using a
computer keyboard/mouse, similarly, to established protocols in emotion research (Lang
et al., 2005). Well-being will also be evaluated through different timescales. The literature
has categorized well-being temporally as either state or trait well-being with state wellbeing referring to the satisfaction of an individual for a given moment in time and trait
wellbeing referring to how a person is satisfied in general with their life.
To measure state emotional response the ecological momentary assessment (EMA) will
be used (Shiffman et al., 2008). It involves repeated sampling of the subject’s current
behaviour and experiences in their natural environment. For this set of experiments, the
EMA will be presented to the users after they finish watching each of the different videos.
Following the recommendations of a recent literature review on EMA based studies (de
Vries et al., 2021), the use of fewer questions should be favoured (to avoid the
repetitiveness of the assessment). To achieve this, we propose the use of something like
the “Affective Slider” (Betella & Verschure, 2016) or Self-Assessment Manikin (Bradley
& Lang, 1994) (Figure 3). These are easy and quick to answer non-verbal scales, which
are commonly used to measure emotional features such as valence and arousal (and
dominance). Similar scales have been previously used for emotion analysis using
physiological signals (Koelstra et al., 2012).

Figure 3 Two examples of methods for affective ratings. Left side: the Self-Assessment
Manikin (SAM), considering valence (first row), arousal (second row), dominance (third
row) and liking (last row). Image from Koelstra et al., 2012). Right side: the “affective
slider” (Betella & Verschure 2016).

GA 945307
D5.1 | Protocol with methods and metrics for neuroscience experiments
December 2021

22 of 11

In addition, participants will perform similar ratings of the liking and familiarity of the
presented videos (both ratings will use a 5-star scaling system) as in the previous
experiment. This will help assess the time reliability of the subject’s judgement.
The COMPAS-W scale will be considered as a valid indicator of well-being and a
potential new tool to quantify mental health (Gatt et al., 2014). It consists of 26 questions,
in which different statements are presented and the subjects must rate how much they
agree with each statement on a 1-to-5 scale (with 1 being “strongly disagree” and 5 being
“strongly agree”). It assesses wellbeing through 6 different factors: own worth (level of
autonomy); composure (competency or adaptability to stressful situations); mastery
(self-confidence and control over one’s environment); positivity (general optimism);
achievement (goal orientation and how much a person strives to achieve their goals);
and satisfaction (satisfaction with life, health, work, and personal relationships). Other
scales that we are considering for these experiments will be the Revised Life Orientation
Test (LOT-R scale) (Sceier et al., 1994), which will assess the general optimism (or
pessimism) of participants; and the multidimensional mood state questionnaire (MDBF)
(Steyer et al., 2004), to evaluate the baseline mood of the subject immediately before
the experiments.

3.3.3 Peripheral physiology
Physiological data concerning skin conductance, skin temperature, heart rate and
respiration
will
be
acquired
through
the
Empatica
E4
wristband
(https://www.empatica.com/en-gb/research/e4/).
The skin conductance response (SCR), also known as electrodermal activity (EDA) or
galvanic skin response (GSR) is extensively used to infer perceptual affective states from
physiological peripheral signals (Boucsein et al., 2012). It takes special relevance in the
field of emotion recognition, as it is a good indicator of arousal level, due to external
sensory or cognitive stimuli (Critchley et al., 2000), stress and conflict resolution (Smith
& Principato, 1982). Figure 4 illustrates a typical SCR waveform, where onset and peak
of the responses are marked, as well as other relevant features retrieved in terms of time
and amplitude, such as the rising time (EDR ris.t), the skin response amplitude (EDR
amp), and the recovery time (EDR rec.t), which occurs once the amplitude has
decreased 63% with respect to the peak of the response.
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Figure 4 The several metrics for the analysis of the electrodermal response (EDR).

In this work, the Empatica E4 wristband will be used to continuously monitor the
participants’ SCR throughout the experiment. The data from the skin conductance
sensor (in μS; sampled at 4Hz) will be processed and analysed using toolboxes available
in MATLAB (see http://www.ledalab.de). To account for lower magnitudes in typical wrist
data, compared to palmar or fingertip recorded data, SCR thresholds might need to be
adjusted. Statistical features concerning central tendency and dispersion, including
mean and standard deviation for EDR ris.t, EDR amp and EDR rec.t will be taken.
Similarly, the skin temperature also depends on external factors, and it has been related
to certain emotional responses (Barbosa et al., 2021). For instance, under strain, the
muscles become tensed, and the blood vessels become contracted, having a decreasing
effect on the temperature (Jang et al., 2015). In emotion assessment, one must consider
that it is, however, a relatively slow indicator of changes. Data from the temperature
sensor (in degrees Celsius, °C; sampled at 4 Hz) will also be analysed and processed
with similar statistical features of tendency and dispersion as for SCR.
Another physiological manifestation of emotion can be observed in blood volume pulse
(BVP) – a cardiovascular response (Figure 5). A Photoplethysmography sensor, used to
measure the BVP, is also incorporated in the Empatica E4 wristband which the
participants will be wearing. The extracted data (sampled at 64Hz) will thus be used to
compute HR, HRV, along with other metrics.
Indeed, the blood vessel diameter reflects instantaneous activations of the sympathetic
autonomic nervous system, and it has also been linked to certain emotional states (Chu
et al., 2017). In particular, the heart rate information that can be extracted from BVP
might indicate states of emotional relaxation (low heart rate) or high arousal (high heart
rate) such as mental stress, joy, and anger (Wagner et al., 2005).
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Further insights can also be extracted when analysing variations in the beat-to-beat
interval, considering the heart rate variability (HRV) and its association to stress, with
low (vs. high) frequency reflecting sympathetic stress (vs. parasympathetic) reaction
(European Society Cardiology Task Force, 1996). Indeed, several HRV analysis
methods can be applied in both time-domain and frequency-domain, and its respective
statistical features can be extracted (Shaffer & Ginsberg, 2017).

Figure 5 The Metrics for analysis of the blood volume pulse signal (BVP). Image extracted from
https://support.empatica.com.

Concerning time-domain features, the interbeat or RR interval and Heart Rate (60/IBI)
can be computed, among other metrics such as RMSSD ([ms], the square root of the
mean squared differences between successive RR intervals), NNxx ([beats], the number
of successive RR interval pairs that differ more than xx ms, typically 50ms) and, taken in
relative terms, the pNNxx ([%], which is the NNxx divided by the total number of RR
intervals). The generalized frequency bands in case of short-term HRV recordings are
the very low frequency (VLF, 0–0.04 Hz), low frequency (LF, 0.04–0.15 Hz), and high
frequency (HF, 0.15–0.4 Hz). Considering these definitions, typical frequency-domain
metrics include VLF, LF, and HF band peak frequencies ([Hz]), its absolute powers
([ms2]; and relative powers [%]), as well as the ratio between LF and HF band powers,
LF/HF.
Since breathing affects BVP, this signal can also be used to indirectly extract respiratory
rate (Figure 6). This can be useful in emotion assessment as the respiration rate tends
to reflect arousal (Jerath & Beveridge, 2020).
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Figure 6 Respiratory trace across time. Image extracted from https://support.empatica.com..

3.3.4 Eye tracking
Eye tracking (ET) is an experimental method that provides eye movement and gaze
location points recorded in real time, being also a well-known method to infer several
cognitive features of human behaviour. In most cases, ET technology is video-based and
works through a pupil centre and cornea reflection estimation by infrared light (after
performing a validated calibration procedure) (Brunyé et al., 2019). In several ET studies,
the goal is to know how long or how often participants look at a particular stimulus (such
as our urban spaces). For this, a certain area of interest (AOI) or region of interest (ROI)
is created that encompasses part(s) of a stimulus. However, a variety of other different
metrics (basic or aggregate measures derived by the fixations and saccades) could be
used to address diverse research questions and tasks (Carter & Luke, 2020). Some
studies have focused on investigating ET metrics in natural environments related to our
objectives (Henderson, 2007; Berto & Pasini, 2008; Walter and Bex, 2021; Wu et al.,
2021).
For this experiment, gaze data will be recorded through EyeLink 1000 Plus™ fixed eye
tracker by SR Research. Eye Camera records at 2000 Hz on a head supported mode or
1000 Hz on remote modality. Raw data will be provided as 2D-coordinates (horizontal
and vertical position) together with pupil size. We will consider important several different
ET metrics for this study:
●

Fixation’s count (FC): identifying AOI by counting the number of eye fixations, defined
as a minimum period during which the eyes are fixed on a specific target. It’s a metric
commonly used to evaluate a participant's visual attention, fascination, and cognitive
workload.

●

●

Average fixation duration (AFD): refers to the sum of durations of all the fixations
divided by the number of fixations. A longer AFD could indicate a visual preference
and cognitive workload.
Saccades count and duration: saccades are defined as the eye movements among
fixations and are used to approximate time-sequences of gaze points, to understand
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how the subject is interacting with the stimulus. Count and duration are associated
with preference and mental workload.
●

●
●
●

Time to first fixation (TTFF): indicates the amount of time that took by participant to
look at a certain AOI before any other section. Provides an indicator over the
participant's visual attractiveness.
Pupil dilation: pupil size changes are related to internal cognitive/affective processes
such as attention, motivation, mental effort, or cognitive load.
First Fixation duration (FFD): indicates the amount of time on the first fixation (and
together with TTFF helps to identify eye-catching AOI).
Regressive rate: denotes the number of times in which a previously fixated region is
re-fixated again in a pre-set interval of time. It’s an indicator of visual attractiveness,
providing insights over participant's perception.

All the analyses to calculate the above-mentioned metrics will be performed either by
custom scripts (in MATLAB or Python).

3.3.5 Electroencephalography (EEG)
For the EEG data acquisition, we will use the high-density (256 channels) device
described in the previous section (EGI-400 series). The original dataset will generate
channel sub-sampled datasets down-sampling the number of electrodes of the originally
acquired dataset until getting the number of a low-density channel device to be used in
the “Experiment 4 - Outdoor neuroscience experiments” (more specifically, the Enobio®
32-channel wireless EEG device). The impact of the down sampling will be explored
using brain source modelling, time-frequency, and connectivity analyses. Brain source
imaging will be obtained through SPM using beamformers (as previously detailed).
EEG pre-processing will follow the same methodology as described in the previous
section. Spatial filtering with a Laplacian filter will be an additional pre-processing step
for time-frequency and connectivity analyses to highlight cortical activity and diminish
volume conduction effects (Carvalhães and Barros, 2015). The epochs of interest for the
EEG activity will be represented by averaged activity from scalp areas of interest such
as the frontal, central and parietal regions for both hemispheres.
The activity of the areas of interest will be decomposed into a time-frequency
representation using custom MATLAB scripts, convolving the EEG signals with a series
of complex Morlet wavelets, defined as Gaussian-windowed complex sine waves
(Cohen, 2014). Connectivity between areas of interest will be extracted using the phaselocking value (Lachaux et al, 1999) (Intersite Phase Clustering, or ISPC) and the
weighted phase lag index (Vinck et al, 2011). Spatial resolution impact will be analysed
from the perspective of electrode resolution comparing high-density EEG (256-channel)
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and low-density EEG (32-channel) through brain source reconstruction fidelity, and timefrequency and connectivity methodologies.
Features characterizing emotional state will be extracted from the EEG signal whilst the
subject´s view the different videos. The calculation of these features involves the
extraction of band power in different frequency bands for selected channels and it is
based on the circumplex representation of emotions, which is based on a 2D space of
valence and arousal (Barrett & Russell, 1999). They are defined below:
●

Valence: will be assessed by a Starlab’s internal EEG analysis work based on the
circumplex representation of emotions and using a combination of alpha and gamma
asymmetries (Muller et al., 1999; Kolestra et al., 2012).

●

Arousal: will be assessed by a Starlab’s internal EEG analysis work based on the
circumplex representation of emotions and using a normalized combination of frontal
theta and beta rhythms (Harmon-Jones et al., 2003; Chanel et al., 2006).

●

Fatigue: defined here as a decrease in alertness level that can impair efficiency,
performance, and memory retrieval (Stern et al., 1994); will be assessed using a
temporal ratio between low and high frequencies (Lal et al., 2001; Jap et al., 2009).

●

Motivation: defined here as a desire to obtain something, to call for action or to
engage; will be assessed using the theta frontal asymmetry (Zhao et al., 2018).

●

Attention: will be assessed by the theta frontal midline (Klimesch, 1999).

●

Cognitive workload: defined here as the level of cognitive engagement needed for
learning; if it is too high it can negatively affect performance (So et al., 2017) and it
is often described as the ratio of theta power and alpha power (Gevins et al., 1991).
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4. Experiment 3: Mobile sensing of stress and emotional
effects of daily urban experience
4.1 Introduction and objectives
Active mobility has been promoted in connection with prevention and complementary
treatment of mental disorders (WHO, 2019), due to evidence of the positive effect of
physical activity on mental health. However, individual mobility in the urban space is also
associated with numerous other dimensions that impact mental wellbeing, such as
positive and negative emotions generated by urban features, cognitive workload needed
to perform travels, social inclusion generated by activity participation, driving anxiety and
travel satisfaction. Like active mobility policies, the development of constructive and
sustainable policy recommendations for improving individual well-being through other
mobility aspects need robust evidence about the relationship between the different
aspects of individual mobility and the space where it occurs and how these influence the
mental states of individuals. Thus, as part of the eMOTIONAL Cities project, we will
conduct an experiment in Greater Copenhagen Area (Denmark) and in Lisbon (Portugal)
to collect physiological, psychological and mobility data, which will be used to model
individuals’ activity and travel decisions and their connections with the built environment
and mental states (e.g., stress, anxiety).
We centred the design of the experiment around the following research questions:
1. What is the impact of different activity participation (short-term) and patterns
(medium-term) and its local urban space features on individuals’ emotional states?
2. How can different personal traits and individual heterogeneity affect the response to
emotional stressors during travel decision making, namely in mode and departure
time choice?
3. How will short- and medium-term emotional states affect planned activity
participation and overall individual daily mobility patterns?
4. What are the emotional loads required during the navigation through different paths
in walking and driving, and what are the main environmental factors affecting it?

We expect that our results can support and enhance the design of the urban environment
and mobility systems both at the Danish and the European level, as well as urban health
policies, contributing for improving inhabitants’ well-being/mental health.
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4.2 Behavioural task and paradigm
We will invite people 18 years or older living in the greater Copenhagen area to
participate in the experiment and our goal is to have at least 150 participants balanced
according to gender, age, and occupation status. We will also aim to have some
participants that live with children (at least 50) and participants with self-reported mild
cognitive impairment (around 30 participants). By recruiting some individuals living with
children we expect to capture potential differences in limitations and/or opportunities for
travels and activities they might have. As for individuals with mild cognitive impairment,
we expect to capture potential differences in emotion states (e.g., stress and anxiety
levels) due to different physiological and psychological responses to the built
environment, which could guide future research centred only in this group. During the
recruitment, we will ask participants to answer a screening survey, where they will be
asked about their age, gender, occupation status, residential location (zip-code level)
and existence of severe health conditions (e.g., severe cardiovascular disease,
dementia, or psychiatric disorder) and contact information. Those aged below 18 years,
people who live outside the Greater Copenhagen Area or have a severe health condition
are not eligible to our experiment and will be informed after answering these questions.
The participants who passed the screening survey will have their physiological,
psychological and mobility data collected for 2 weeks. Physiological data will be collected
through a wristband (Empatica 4), mobility data will be collected via a mobility application
(X-ing) and psychological data will be obtained in two ways: via a pre-survey
questionnaire and via pop-up questions in the mobility app in predetermined moments
of travels and/or activities. Our objective is to map and model individuals’ activities and
travel decisions and their connections with the built environment where they occur and
mental states (e.g., stress, anxiety).

4.3 Methods and metrics
Before the experiment, the participants will answer a pre-experiment questionnaire,
which aims at collecting individuals' socioeconomic characteristics and information that
could help us in identifying personal aspects that can influence individuals’ stress levels
or somehow bias the measurements.
The socioeconomic data to be collected in the pre-experiment survey will encompass
participants’ weight, height, gender, marital status, number of children, gross salary
range, level of education, occupation, and how many people they manage, if any.
The stress- and health- related information includes how many hours of physical activity
they do, cups of coffee and alcohol they drink, and cigarettes they smoke during a week,
and whether they follow any specific diet and which one, if any. We will also ask
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participants about medical conditions that can affect their stress response, such as use
of medications, self-reported mild cognitive impairment, and pregnancy.
Apart from that, we will collect physiological, mobility and affective states self-reported
data.

4.3.1 Smartphone-based mobile sensing and travel survey
The physiological data to be collected through the Empatica 4 wristband (Empatica 4)
include measures of heart rate, electrodermal activity, blood volume pulse and skin
temperature; and the mobility data collected via X-ing application will capture the location
and time of individuals’ travels and activities (time stamps, GPS coordinates, altitudes).
At the end of each day, participants must validate the information on activities and travel
collected by the X-ing mobility application.
Throughout the experiment, the participants should wear the wristband Empatica E4 and
keep the X-ing application open in the background of their smartphones.

4.3.2 Self-rating scales
The psychological self-reported data on individuals’ affective states (emotions and
mood) will be obtained in two ways: via a pre-experiment questionnaire and via pop-up
questions in the X-ing mobility app in predetermined moments of travels and/or activities.
In the pre-experiment questionnaire, apart from the questions mentioned at the
beginning of this section, participants will be asked to answer a standardised online
questionnaire to collect data on driving style (Taubman-Ben-Ari et al., 2004; Wang et al.,
2018), attitudes towards transport modes (Haustein, 2012; Haustein, 2021) and levels of
depression, anxiety, and stress (DASS-21: Depression Anxiety Stress Scales) (Lovibond
& Lovibond, 1995). These questions aim to collect information on self-reported stress
and establish the stress baseline of the participant. The pop-up questions aim to verify
participant’s instantaneous self-reported emotional states (ecological momentary
assessment) and whether an activity performed had been planned or not.
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5. Experiment 4: Outdoor neuroscience experiments
5.1 Introduction and objectives
Urban environmental exposures shape the developing and developed brain, and
physical/mental health (Dye, 2008). For instance, the urban population is more likely to
develop anxiety or depressive symptoms than rural residents (Peen et al., 2010).
However, proximity to green or blue (aquatic) space, street trees or private gardens is
associated with a population’s psychological well-being in both urban (Mitchell et al.,
2015) and rural settings (Alcock et al., 2015). The biological underpinnings of these
observations are largely unknown, and few studies validated causal influences of
environmental exposures (e.g., urban green space by Tost et al., 2015). Similar
validation for other urban features and across different cities could have far-reaching
implications for society, public health and policy making.
Conducting neuroscience research in a controlled setting (as in Experiment 1, 2 and 5)
as well as in outdoor urban scenarios (both Experiment 3 and Experiment 4) will lead to
comprehensive evidence-based knowledge on human-environment interactions. Most
lab work relies on magnetic resonance imaging (MRI; for spatial resolution) and
electroencephalography (EEG; for temporal resolution) to study neural activity related to
exposure to urban environments (Lederbogen et al., 2011). However, experiments in the
outside world require mobile technologies and integrative data collection infrastructures
for both environmental variables and neurophysiological signals.
The last decade has observed a proliferation of technologies that could help us
understand the neurobiological response to physical environments as people navigate
in real environments. The recent mobile EEG devices enable flexible recording of brain
activity in real-time and their use could become a powerful tool for urban health research
(Mavros et al., 2016). Furthermore, there has also been rapid developments in
environmental, behavioural, and physiological mobile sensing for public and
environmental research (Chaix et al., 2018). Despite pilot studies combining geo-spatial
tracking and neuroscience, there is a clear need to obtain evidence with increased
ecological validity, larger samples, with different groups of people and across various
urban scenarios.
The primary goal of this experiment is to better understand the emotional and cognitive
mechanisms involved with pedestrian journeys in the “real” urban space. In other words,
we hope to advance our knowledge on how people feel according to different features
of the city environment. For this, we propose to measure and quantify behavioural,
physiological (from both body and brain systems) and environmental variables
comprehensively and systematically.
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In addition, we also aim to relate the outdoor generated data with the other findings
observed in the indoor experiments and to demonstrate the application (and ensure the
operationality) of the wearable data collection unit (developed to acquire temporally
synchronized environmental, behavioural, physiological, and neurobiological data) in a
real-world scenario.

5.2 Behavioural task and paradigm
In this “Outdoor neuroscience experiment”, we will invite adult volunteers, genderbalanced and including the young and the elderly, to perform trajectories in the urban
environment (with specification from WP4) as if moving through a regular working day.
During their interactions with the environment, we will collect, environmental (e.g., air
quality, ambient noise levels, weather), behavioural (wearable eye tracking,
accelerometers, psychological state), physiological (heart rate, respiratory rate, and
galvanic skin response) and neurobiological (using a wearable EEG device)
georeferenced (with GPS) data.
These experiments will be carried out in our case-study cities aiming to generate realscenario knowledge on the causal relationships between multiple urban environments
and individual behavioural signals. In addition to the immediate environmental data, we
will have available the possibility of combining eye tracking data with an external camera,
so that we have access to a geotagged “egocentric” perspective of a subject in the city.
That means for example that we can isolate elements in the external environment where
the subject is fixating at any point in time. This could be paired with object recognition
techniques and GPS data to group landmarks and object types in both space and time,
specifically to allow the posing of specific questions.
Within each case-study city, the walking scenarios will consider several different features
to reduce confounding factors and heterogeneity in the experimental conditions. For
instance, we will consider the geography of the scenarios to be balanced (so that the
exertion could be controlled); the length will be relatively similar (and around 15-20
minutes each); the proximity to urban green space (vegetated and non-built area), to
high (or low) density of buildings and more social urban areas (with mixed-use buildings,
commercial street frontage…). The defined routes will be paired to generate scenarios
(or blocks for experiments). It is important to note that particular “checkpoints” will be
selected along each defined route to collect EEG data (where subject will be requested
to remain calm and avoiding head or body movement); this is of particular importance
given the expected large number of artefactual EEG intervals due to the EEG being
acquired in movement and walking conditions.
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5.3 Methods and metrics
5.3.1 Self-rating scales
We will collect similar baseline information of the participants as described in the
previous experiments (and using the same scales), including the basic demographic
(gender, age, education) and behaviour-related variables (including personality,
anxiety/depressive/stress symptoms and dispositional affect) as previously. The
application of these self-assessments will be done before the actual experiment begins.
In addition to this, we will use an experience sampling method (ESM) to assess how
momentary positive affect (PA) and negative affect (NA) relate to routes in the real
environment (by doing this, we will reduce considerably false positive results). This
procedure is expected to be done during the experiment, more specifically at the end of
each of the selected environments (and “checkpoints”).
Finally, semi-structured interviews will be conducted at the end of the experiment (i.e.,
retrospective marking of each environment). These qualitative interviews will have the
advantage of being more interactive and may allow for unexpected factors to emerge.
We believe that by performing such interviews we could gain insights into the subjective
experiences of participants as well as the motivations for their participation in our
research.

5.3.2 Peripheral physiology
Physiological data concerning skin conductance, skin temperature, heart rate and
respiration will be acquired through the Empatica E4 wristband (Empatica Srl, Milan,
Italy) as presented in previous sections.

5.3.3 Eye tracking
Some of the methodology and metrics involved in eye tracking (ET) has been already
described. For this experiment, gaze data will be recorded through Pupil labs Invisible™
glasses by Pupil Labs (https://pupil-labs.com/products/invisible/), a portable eye tracker
that allows to estimate participants’ gaze positions recorded during the outdoor session.
The selected ET glasses are equipped with an internal camera pointing towards the “eye”
and an external one pointing towards the exterior “scene”. The “eye camera” will be
recording at 200 Hz, 192x192 pixels’ resolution and it includes a filter to prevent lighting
conditions disturbance. The “scene camera” will be recording at 30Hz, 1088x1080 pixels’
resolution and with 82°x 82° field of vision. The glasses are also equipped with a
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microphone, gyroscope, and accelerometer (recording at 200Hz), to compensate for
head movements. Calibration is not required, and the glasses need to be connected to
a smartphone via an USB-connector. Importantly, similar ET glasses have been already
used (with success) in combination with EEG and in natural settings for different
purposes (Roberts et al., 2018).
Raw gaze positions will be collected, including gaze positions, eye positions, as well as
a corresponding time stamp based on the computer’s real time clock. Eye tracking videos
will be visually inspected and the evaluation of the gaze metrics to a specific urban
feature/stimulus will be deﬁned when the gaze point fell on any part of the stimulus. The
metrics for ET analysis have been described in a previous section; however, for this
experiment (and given the technical limitations of these portable glasses) we will privilege
a methodology that allows saccades and fixations to be superimposed over the recorded
scenes and used for heat map and AOI creation. The quantity of fixations on the stimuli
as well as the proportion of time spent looking at the particularities of urban scenery will
also be favoured metrics.

5.3.4 Electroencephalography (EEG)
EEG acquisition will be done using the Enobio 32-channel wireless headset. The EEG
data pre-processing will follow the process described in section 2.2.5: filtering; rejection
of noisy epochs and channels; interpolation of noise channels; and artifact rejection via
ICA decomposition.
Data will be segmented during the “checkpoints” time-related activity. EEG activity will
be correlated with eye-tracking observation events extracted from the “heat-maps”,
pairing the brain activity patterns with events as building and landscape observations.
The EEG features for the recognition of emotions described in section 3.3.5 will also be
used for this experiment. These features will be calculated continuously throughout the
experiment every few seconds whilst the subject walks through the city, thus allowing
continuous monitoring of the subject’s emotion and correlation with other physiological
signals and markers of the urban environment.
Complementing the above approach, the use of Genetic Programming (GP) will be
explored for the generation of novel numerical features which can represent the
cognitive/emotional processing of urban exposure out of the EEG data. GP allows for
the generation of new algorithms through evolutionary search, which are purposely
designed to cope with the high dimensionality of the datasets and therefore be a good
candidate to overcome scalability.
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5.3.5 Environmental sensors
Studies on microclimate of cities have already proved that pedestrian thermal comfort is
a function of the built environment; understanding these phenomena requires both
numerical techniques and field measurements to achieve comfortable, healthier, and
more liveable urban spaces (De Dear & Brager, 1998). The application of thermal
comfort monitoring in transient conditions is limited due to complexity of the task and
instrumental setup, which leads to a lack of understanding about how pedestrians
compensate for discomfort (Fiala et al, 2003). One of the main challenges of data
integrated methods is the availability and quality of datasets since most of them by
default are not gathered specifically for human comfort evaluations. Field measurements
are a fundamental method which has been integrated in different studies we conducted
on outdoor environmental quality (Chokhachian et al., 2017; Chokhachian et al., 2018).
For this experiment, we will use a mobile micro-meteorological data acquisition tool
(improved from a previous prototype as in Nouman et al., 2019) that consists of a
collection of several environmental sensors (connected to a microcontroller and where
data can be logged into an SD card) with a GPS module (used to attain real-world
coordinates). The environmental sensors include air temperature, relative humidity,
globe temperature, wind speed, global solar radiation – which allows to calculate the
universal thermal comfort index (UTCI) (Sassen, 2001), particulate matter (PM2.5 and
PM10) and sound. Figure 7depicts an example of the expected outcomes that could be
used for our future analysis.

Figure 7 An example of an estimated Universal Thermal Climate Index (UTCI) map over a pilot
route already tested with the methodology of the project.
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6. Experiment 5: Clinical experiment
6.1 Introduction and objectives
Alzheimer’s disease (AD) and other dementias are a major and increasing global health
challenge, being a leading cause of disability and death worldwide (GBD 2016 Dementia
Collaborators, 2018).
Mild cognitive impairment (MCI) is a condition in which individuals demonstrate deficits
in cognitive abilities but with minimal impairment of instrumental activities of daily living
(IADL). MCI is increasingly common as individuals age and is associated with an
increased risk of progression to dementia. At present, there are no medications approved
for MCI to prevent progression to dementia.
Deficits in spatial memory and orientation occur in early stages of AD, leading some
authors to consider that spatial navigation testing could be a very sensitive diagnostic
marker (Couglan et al., 2018). Recent studies using navigation tasks in novel
environments, with the help of virtual reality technology, have shown benefits for an early
diagnosis (Howett et al., 2019) and in identifying those at higher risk of dementia
(Schöberl et al., 2020). Importantly, this new approach also provides the opportunity to
study how the life of people with cognitive impairment could be improved through urban
design.
Our hypothesis is that spatial navigation in a vulnerable elderly population at risk of
developing dementia could be improved by re-designing the outdoor neighbourhood.
Elderly patients will be recruited from local hospitals fulfilling the diagnostic criteria of
mild cognitive impairment (MCI) that often presents with cognitive or emotional
complaints. To note that despite these complaints, this population is independent on
activities of daily living and could be regarded as a model for studying two major
contemporary public health challenges – aging and dementia prevention. Medical
authorities provide lifestyle recommendations for this condition, but no studies have
considered a beneficial role from specific urban planning and design measures. The
study will be observational, in the sense that it will only measure behaviour and neural
signals in this clinical group while performing a VR/AR spatial navigation task.
By showing that urban design can impact a cognitively impaired population, we aim to a)
provide proof of principle results for the importance of urban planning as an opportunity
to enhance the independent lives of people with premorbid dementia; b) obtain evidence
that could be used to guide practice of urban design for other mental health conditions;
and c) reduce inequalities in urban areas that affect vulnerable groups, such as those
with cognitive disorders.

GA 945307
D5.1 | Protocol with methods and metrics for neuroscience experiments
December 2021

38 of 11

6.2 Behavioural task and paradigm
We will conduct a two-centre, exploratory, small-scale, gender balanced, analytical and
case-control observational study, where the performance of 25 subjects with MCI on a
VR spatial navigation task (modified version of the one used by Howett et al., 2019) will
be compared to 25 age-, gender- and education-matched controls in virtually modified
space urban environments. Furthermore, eye tracking and electroencephalography
(EEG) data will also be collected during the VR task to assess differences between
groups.
The VR urban environment will be modelled after a real-space environment and then
edited along certain parameters – generating “real” environments in VR and “real-edited”
(virtually modified) environments in VR as well. This way, the study will capitalize on VR
to edit the environment and see how behavioural performance changes in each group.
As a whole, the advantage of using VR technology is that spatial cognitive processes
can be isolated (also with the help of self-reporting); environment can be manipulated
according to experimental design (e.g., change complexity of street-level facades,
transportation and landscape architecture; constrain areas; situate landmarks); and
confounding factors can be controlled with precision (e.g., limit variation of building form,
colour, texture or street activity and also luminosity, weather, noise or traffic). It also
facilitates replication of the same conditions between experiments and subjects.

6.3 Methods and metrics
6.3.1 Clinical definitions and measures
The concept of MCI has evolved throughout years, from its original definition based on
clinical and neuropsychological criteria to a concept closer to a certain stage of AD (due
to the progress in neurodegenerative biomarkers). A patient with MCI includes cognitive
impairment but preserved activities of daily living, with a proportion of these cases likely
a consequence of an underlying neurodegenerative brain disorder (who will progress to
dementia).
For this study, we will adopt the Petersen et al. (1999) criteria for the diagnosis of MCI
(probably one of the original criteria defined) that include: 1) presence of memory
complaints (from patients or their families); 2) no or a minimal impairment in activities of
daily living, determined by the Instrumental Activities of Daily Living Scale (IADL) (Lawton
& Brody, 1969); 3) normal general cognitive function, determined by the Mini-Mental
State Examination (MMSE) (Folstein, Folstein, & McHugh, 1975); 4) an objective
cognitive disorder as evidenced by neuropsychological evaluation; and 5) absence of
dementia. Written informed consent is mandatory and the local Ethics Committee will
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have to approve the study. The diagnosis of MCI will also be made by an experienced
neurologist, using all available clinical, neuropsychological, and neuroimaging
information available from the diagnostic workup.
On the other hand, we will exclude: neurological (stroke, brain tumour, signiﬁcant head
trauma, epilepsy) or psychiatric disorders that may cause cognitive impairment; patients
with major depression or serious depressive symptoms; history of alcohol abuse or
recurrent substance abuse or dependence; seriously reduced vision or other sensory
deﬁcits likely to interfere with the evaluation; medication use with possible cognitive side
effects; and the presence of a systemic illness with significant cerebral impact
(uncontrolled hypertension, metabolic, endocrine, toxic, and infectious diseases).
Clinical characteristics performed at baseline will include age, gender, education (years
of schooling or studies), age of ﬁrst symptoms, and time since the onset of symptoms.

6.3.2 Neuropsychological measures
A comprehensive neuropsychological assessment will be carried following a standard
protocol and it will comprise the following instruments and scales:
●
●

For global cognitive performance, the brief screening MMSE will be used; the
required language and normative adaptations will be considered (Guerreiro, 1998).
A comprehensive neuropsychological battery will be performed and it will consider
tests from the Wechsler Memory Scale (Wechsler, 1969), such as: the immediate
memory (Digit Span forward), verbal memory (Word Total Recall), logical memory
(Logical Memory Immediate and Delayed Recall), associate learning (Verbal Paired
Associate Learning), general knowledge questions, working memory (Digit Span
backward), attention (Cancellation Task), verbal initiative (Verbal Semantic Fluency),
verbal and non-verbal abstraction (Raven’s Coloured Progressive Matrices – Ab
series-B and Interpretation of Proverbs); and calculation (Basic Written Calculation).
The Trail Making Test - part A and part B (Reitan, 1958) will also be used. Required
regional battery adaptations will be contemplated (as for example in Garcia, 1984;

●
●

Guerreiro, 1998).
Geriatric Depression Rating Scale (Yesavage et al., 1982) will be considered as a
self-report instrument to identify depressive symptomatology.
Blessed Dementia Rating Scale, a clinical rating scale that measures changes in
performance of everyday activities will also be contemplated.
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6.3.3 Electroencephalography (EEG)
The EEG data pre-processing will follow the process described in section 2.2.5: filtering;
rejection of noisy epochs and channels; interpolation of noise channels; and artifact
rejection via ICA decomposition.
The EEG feature extraction process would aim at extracting the cognitive/emotional
features described in section 3.35 whilst the subjects perform the spatial navigation task.
Our hypothesis is that subjects with MCI will present a reduction in attention, motivation
and working memory and an increase in fatigue and cognitive workload compared to the
control population.
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7. Conclusion
This document presents the first deliverable of the WP5, being a direct result of the work
developed in Task 5.3 “Development of behavioural paradigms and neuropsychometrics
protocol”. We detailed the five (indoor and outdoor) neuroscience experiments
contemplated by the eMOTIONAL Cities project: 1) “Brain as predictor of emotional
urban places”; 2) ”Understanding the neural processing of urban space through
naturalistic stimuli”; 3) “Mobile sensing of stress and emotional effects of daily urban
experience”; 4) “Outdoor neuroscience experiments”; and 5) “Clinical experiment”.
Throughout each experimental protocol, the team identified the appropriate methods to
collect evidence of brain representations for decision making and emotional behaviour
elicited by the urban (physical and socioeconomic) environment. Moreover, it also
identified the metrics to be used when studying how the urban built environment
influences individual behaviour.
The outcome of this work could be seen as the roadmap for the subsequent
neuroscience research planned in WP5 (T5.4, T5.5, T5.6 and T5.7); at the same time as
it establishes closed links with the portfolio of variables and metrics for the spatial
analysis of urban health of WP4. Finally, it could also be seen as a foundation document
for guidance of the future tasks in WP6 and WP7.
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