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ARTICLE INFO ABSTRACT

Handling Editor: Hanna Boogaard The urban environment plays an important role for the mental health of residents. Researchers mainly focus on
residential neighbourhoods as exposure context, leaving aside the effects of non-residential environments. In

Keywords: order to consider the daily experience of urban spaces, a people-based approach focused on mobility paths is

Daily mobility needed. Applying this approach, (1) this study investigated whether individuals’ momentary mental well-being is

Mental health

b . related to the exposure to micro-urban spaces along the daily mobility paths within the two previous hours; (2) it
epression

aPs explored whether these associations differ when environmental exposures are defined considering all location

Ecological momentary assessment points or only outdoor location points; and (3) it examined the associations between the types of activity and

Urban environment mobility and momentary depressive symptomatology. Using a geographically-explicit ecological momentary
assessment approach (GEMA), momentary depressive symptomatology of 216 older adults living in the Ile-de-
France region was assessed using smartphone surveys, while participants were tracked with a GPS receiver
and an accelerometer for seven days. Exposure to multiple elements of the streetscape was computed within a
street network buffer of 25 m of each GPS point over the two hours prior to the questionnaire. Mobility and
activity type were documented from a GPS-based mobility survey. We estimated Bayesian generalized mixed
effect models with random effects at the individual and day levels and took into account time autocorrelation.
We also estimated fixed effects. A better momentary mental wellbeing was observed when residents performed
leisure activities or were involved in active mobility and when they were exposed to walkable areas (pedestrian
dedicated paths, open spaces, parks and green areas), water elements, and commerce, leisure and cultural
attractors over the previous two hours. These relationships were stronger when exposures were defined based
only on outdoor location points rather than all location points, and when we considered within-individual dif-
ferences compared to between-individual differences.

1. Introduction on labour market. Based on OECD studies (OECD and EU, 2018), France
ranks third country in Europe with highest prevalence of mental health

More than one in six people in Europe suffered from mental health disorders, affecting 18.5 percent of the population, depression and
problems in 2016 (OECD and EU, 2018), causing disabilities and death anxiety being the most prevalent. Mental health problems increase
risk. This is reflected in the economic cost of mental illness that corre- steadily with age and are particularly prevalent in middle age and old
sponded to 4% of European GDP in 2015, including not only costs for the age (Eurostat, 2020). Healthy ageing is becoming one of the policy
health care system but also for social security and the negative impacts priorities in Europe (OECD and EU, 2018), with more than 18 percent of
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people in Europe aged 65 and over and an expected increase in this
population from 90.5 million at the start of 2019 to 129.8 million by
2050 (Eurostat, 2020).

According to a large body of literature (Buttazzoni et al., 2021; Gong
et al., 2016; Park et al., 2021), individual factors and urban environ-
ments play an important role for psychological well-being, depression
and stress. However, how the daily experienced urban environment is
related to mental well-being, and especially to momentary well-being
and depressive symptomatology, remains an open question. The expo-
sure to urban environments with stressors (lack of safety, physical
hazards, air pollution, etc.) or pleasant elements (walkable environ-
ments, blue and green elements, etc.) may harm or support mental
health of people (Burton and Mitchell, 2006; Curtis, 2010).

Most of the literature examining associations between urban envi-
ronments and mental health relies only on residential neighbourhoods
(Park et al., 2021) to define exposure contexts. Multiple socioeconomic
and environmental factors of residential neighbourhoods are recognized
as determinants of mental health (Barnett et al., 2017; Gong et al., 2016;
Park et al., 2021). For example, depression was found to be more
common for those living in neighbourhoods with recent buildings,
predominant deck access, few private gardens and lack of shared rec-
reational spaces (Weich et al., 2002). Lower degrees of depression and
anxiety were associated with having a green area within a one kilometre
distance from residence (Maas et al., 2009) and with canopy cover and
perceived usage quality of green spaces (Zhang et al., 2018). Low
walkability, land use mix and retail availability in residential neigh-
bourhoods were associated with greater odds of depression for old
people in the USA (Saarlos et al., 2011). Traffic volume and residential
exposure to extreme levels of transport noise (Klompmaker et al., 2019;
Zhang et al., 2018) and to air pollution (Braithwaite et al., 2019;
Klompmaker et al., 2019) were associated with psychological distress,
mental illness, depression and risk of suicide. The exposure to urban
disorder (physical and social conditions in urban areas that create a
sense of disorder or instability, such as litter, graffities, abandoned
buildings, and social disorder) was associated with momentary spikes of
pain and fatigue in a study by York Cornwell & Goldman (2020).

However, considering only the residential neighbourhood environ-
ment gives a truncated picture of the exposure on a daily basis. In Paris
region, it has been shown that living in deprived neighbourhoods was
less strongly associated with depression among people whose daily
travels extended beyond their residential neighbourhood than among
people whose activity space was limited to it (Vallée et al., 2011).
Considering only the residential neighbourhood environment as a
health-relevant exposure context could lead to falsely attribute non-
residential effects to the residential effect and therefore to give a
biased estimation of residential context effects (Chaix et al., 2017;
Duncan et al., 2021). Moreover, it is possible that the residential
neighbourhood exposure context accounts only for longer-term effects
on mental health, disregarding the influence that the daily environment
of activity can exert on momentary depressive symptomatology and
momentary mental well-being.

During daily activities people are surrounded by the micro urban
environment of street landscapes that visually affect their feelings and
mood, thus influencing their momentary mental well-being (Rautio
et al., 2018). Besides providing access to activities, streets are places to
be in and where to experience the space with its urban design qualities
and landscape and environmental elements. Familiarity, legibility
(Lynch, 1981), accessibility, comfort and safety of streetscapes are
helpful for older population to positively experience urban spaces and
improve their mental well-being (Barnett et al., 2017; Burton and
Mitchell, 2006; Rautio et al., 2018). Preliminary support of the impor-
tance of everyday experiences in urban space for mental well-being
comes from studies which found streetscape greenery and blue spaces
to be predictive of better momentary depressive symptomatology
(Bakolis et al., 2018; Bergou et al., 2022; Roberts et al., 2019; Roberts
and Helbich, 2021). Yet, there is a dearth of studies analysing the
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restorative effects of other urban design qualities and landscape ele-
ments on momentary mental well-being (Bornioli et al., 2018; Hartig
et al., 1997; Lindal and Hartig, 2013; Mavros et al., 2022; Zhao et al.,
2019). Multiple characteristics of streetscape influence momentary
mental well-being, such as walkable environments, proximity to com-
merce leisure and cultural attractors (Van Cauwenberg et al., 2018),
enclosure and spaciousness (Stamps and Smith, 2002), architectural
variation (Lindal and Hartig, 2013), presence of historical monuments
and landmarks, low noise and traffic (Bornioli et al., 2018). The envi-
ronmental features of the built environment exert visual stimuli and
mental restoration and could have an influence on momentary depres-
sive symptomatology even when people are located indoor, looking at
the window or being in a terrace. Despite these first efforts, these studies
have limitations. Various studies have used simulated environments
using photos or virtual scenarios (Buttazzoni et al., 2021); however, very
few studies have assessed the impact of urban environments on
momentary mental well-being with in-situ ecological measures
(ecological momentary assessment, i.e., EMA) and consideration of the
spatial mobility or spatial behaviour of people in space.

In order to consider individuals’ everyday experience of urban
spaces, an approach focused on daily mobility paths is needed (Chaix,
2018; Duncan et al.,, 2021). Different methods are used to collect
mobility and activity data. Activity surveys and diaries on visited loca-
tions are among the most commonly used to study activity spaces (Chaix
et al., 2012; Golledge and Stimson, 1997; York Cornwell and Goldman,
2020). However, these methods are time consuming for participants,
and prone to recall bias as participants may find it hard to remind their
activities as well as the details about locations. In recent years, inno-
vative devices and approaches using multiple sensors, smartphones, and
geographic information systems allowed researchers to collect spatio-
temporal data, measure accurate environmental exposures, and study
their association with individual behaviours and momentary mental
well-being. For example, geographically explicit ecological momentary
assessment (GEMA) (Chaix, 2020; Fernandes et al., 2021) combines
EMA smartphone questionnaires with GPS tracking in order to monitor
participants over consecutive days in space and time. EMA is a research
method that involves collecting data from individuals in their natural
environment by asking individuals to report on their thoughts, feelings,
behaviours, and experiences in real-time using electronic devices such as
smartphones or wearable sensors (Shiffman et al., 2008). Despite their
promising results and possibilities of implementation with additional
sensors (Chaix, 2018), GEMA methods have been used by only few
studies (Chaix, 2020; Kondo et al., 2020; Li et al., 2018; York Cornwell &
Goldman, 2020).

Some efforts to apply GEMA methods and geographic information
system (GIS) processing to explore the links between urban spaces and
depressive symptomatology or momentary mental well-being have been
made by Li et al. (2018), York Cornwell & Goldman (2020), Kondo et al.
(2020), Kamalyan et al. (2021), Tao et al. (2020), Bollenbach et al.
(2022) and Jacobson & Bhattacharya (2022). Li et al. (2018) observed
the association between exposure to varying concentrations of nature
and adolescents’ mood by using GPS receivers and a profile of mood
states questionnaire for four consecutive days. The concentration of
nature participants were exposed to was measured by assessing the
Google Street View images at the locations they visited throughout each
day. However, as the authors only had a single mental well-being
outcome for each day, they had to summarize and aggregate the
spatial exposure data at the day level, losing intra-day variations both in
the outcome and in environmental exposures as offered by the GPS data.
York Cornwell & Goldman (2020) conducted a GEMA study aimed at
analysing whether socioeconomic disadvantage and disorder in the
residential neighbourhood and activity spaces were associated with
momentary stress and strain. They measured self-reported negative
environmental stressors with EMA questionnaires. Nevertheless, this
method is prone to reverse causality, because depressed people may
declare more urban problems, not enabling to assess the causal effect of
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Fig. 1. Data analysis process and main hypotheses.

objective urban stressors on depressive symptomatology. Kondo et al.
(2020) used GEMA to examine the association between exposure to
green spaces within 10 and 30 min prior to participants’ completing the
EMA and depressive mood. They found positive associations between
exposure to green spaces over 10 min and people’s positive mood (be
happy and restored); however, as they focused only on one environ-
mental feature, they could not assess interactions with other features in
the urban space. Bakolis et al. (2018) and Bergou et al. (2022) developed
and used the URBAN MIND app (Bakolis et al., 2018) to explore mental
health benefits of self-reported environmental features and found posi-
tive associations between visits to canals and rivers, seeing trees, seeing
the sky, or being outdoor and momentary mental well-being. However, a
weakness of this method relates to the self-reported environmental
features, which for example makes it vulnerable to reverse causality. In
conclusion, despite the use of GEMA methods on this topic, only few
studies have used GIS to objectively measure environmental features or
to document time-varying effects of these components of environmental
exposures (Bollenbach et al., 2022; Jacobson and Bhattacharya, 2022;
Tao et al., 2020).

In the present study, we expanded the above body of work by col-
lecting individual-level spatiotemporal location data and repeated
measures of momentary depressive symptomatology with GEMA.
Mobility paths (based on continuous timestamped and geolocated in-
dividual positions) were then used to objectively measure the time spent
in different streetscape microenvironments over the two hours prior to
participants completing EMA questionnaires. Our main hypothesis is
that being exposed to a pleasant, familiar, legible, socially attractive,
accessible, comfortable and safe streetscape environment over two
hours will affect the momentary depressive symptomatology. Specif-
ically, we hypothesize that being exposed over two hours to streetscapes
characterised by the presence of green and water elements, historical
monuments, landmarks and architectural variation, commerce leisure
and cultural attractors, openness, walkable paths, low noise and low
traffic environments will positively affect momentary mental well-being
by decreasing the momentary depressive symptomatology. We assumed
that momentary depressive symptomatology could also be influenced by
the travel mode or activity type at the time of the EMA survey. More-
over, we explored whether the associations between streetscape features
and momentary depressive symptomatology differed when exposures
were defined based on all location points or only on outdoor location
points and on time spent outdoor. Finally, we focused on both between-

and within-individual differences in momentary depressive symptom-
atology, as within-individual associations cannot be biased by
individual-level variables such as individual preferences.

2. Method
2.1. Study participants and data collection

This study included a sample of 216 adults aged 60 years and over
from the RECORD Cohort (Chaix et al., 2011), selected for the HANC
(Healthy Aging and Networks in Cities) and MINDMAP sub-studies
(Fernandes et al., 2021). The study integrated traditional computer-
based surveys, a web-based mapping application (VERITAS) question-
naire (Chaix et al., 2011; Naud et al., 2020), mobile sensing tools and a
GPS-based web mobility survey (Chaix et al., 2019). Data were collected
in the Paris region (France) from July 2019 to July 2021. Before the
observation period, participants filled in a questionnaire assessing their
health and socioeconomic profile. During their daily activities, partici-
pants wore a GPS receiver (BT-Q1000XT, QStarz, Taipei, Taiwan, with a
3-meter accuracy) and an accelerometer (tri-axial, wGT3X+, Actigraph,
Pensacola, FL) on the waist on the right side and were provided a
smartphone for 7 days. Participants completed a paper-based travel
diary on the places visited, as supporting information for the mobility
survey conducted after the observation period. An EMA smartphone
questionnaire was administered four times a day (at random time within
the following slots: 9:00 am-12:00 am, 12:00 am-2:00 pm, 2:00 pm-4:00
pm, 4:00 pm-6:00 pm) to survey depressive momentary mood through
the Eco Emo Tracker application developed for the study (Fernandes
et al., 2021). Eco Emo Tracker is a smartphone application that allowed
us to survey environmental perceptions and momentary mental mood
states in real-time throughout EMA questionnaires. After the 7 days, GPS
data were uploaded in the TripBuilder Web mapping application; visited
places, trips, and transport modes were automatically identified with
algorithms; and a web-based mobility survey was conducted on the
phone to confirm or correct these visited places and transport modes,
while considering the travel diary filled by the participants (Chaix et al.,
2019).

2.2. Outcome: Momentary depressive symptomatology

The EMA smartphone questionnaire on momentary depressive
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symptomatology was an adapted version of the short version of the CES-
D questionnaire (Radloff, 1977), modified to inquire with 8 items
(Karim et al., 2015) about momentary depressive mood. It contained the
same eight items, but they were framed with the prefix ‘At the moment, I
...". Items included ‘be bothered by things that usually do not bother’;
‘feel depressed’; ‘feel that everything done is an effort’; ‘feel happy’; ‘feel
lonely’; ‘enjoy life’; ‘feel sad’; ‘feel unmotivated or uninspired’. The 4
response options ranged from ‘no, not at all’ to ‘yes, absolutely’. Each of
the 8 items of the CES-D questionnaire were asked only once per day
over 4 successive EMA questionnaires (in 4 time slots indicated above): 2
of the items were asked in the first time slot, 2 in the second time slot, 2
in the third time slot, and 2 in the last one (the items were asked in a
different order on each day; this is because we assessed other dimensions
in these surveys). In order to focus on momentary mental well-being, the
negative item scores were reverse-coded by using the scale 0-3, with 3
meaning ‘momentarily not depressed’ and 0 ‘momentarily depressed’.

2.3. Streetscape micro urban environment and activity variables

We quantified the time spent in microscale urban environments to
which people were exposed over two hours prior to responding to each
smartphone EMA questionnaire (see Fig. 1 for the whole process).

We used the database of location points created by the research as-
sistants during the mobility survey with the TripBuilder application (see
above). This database was created by merging GPS points (collected
each 5 s), points related to Google directions API (shortest street
network trips generated with the TripBuilder software when there were
no GPS data at all collected for a trip), and points related to trips
manually drawn by the research assistant during the mobility survey
when Google directions API could not be used (e.g., for a trip through a
park without street network). For Google directions and manually
drawn trips, we generated points (every 10 m) and corresponding
imputed times along the tracks (with ArcMap Desktop 10.1 and R 4.0
software). Then, we selected the points corresponding to tracks and
places visited over the two hours before answering each EMA ques-
tionnaire. All the points located outside the Ile-de-France region were
removed from this selection. In total, the final database was composed of
1,333,759 (93%) GPS points, 1,929 (0.1%) points manually drawn and
98,305 (6.9%) points from Google direction API.

We classified all GPS points as being outdoor or indoor based on the
number of visible satellites. Our aim was to explore whether the asso-
ciation between streetscape elements and momentary mental well-being
was stronger when environmental exposure was defined only on the
basis of outdoor GPS points. Literature on this subject proposes detailed
classification of GPS points (indoor, semi-indoor, semi-outdoor, out-
door) with complexes algorithms (Bui et al., 2020; Chen and Tan, 2017;
Kim et al., 2012; Zhu et al., 2019) considering the number of satellites in
view and several other indicators (accuracy, speed, temperature, etc.).
Following Chen & Tan (2017) and Kim et al. (2012), we classified GPS
points as outdoor when there were at least nine visible satellites.

Streetscape micro-urban areas of exposure were created for each
selected point separately by drawing a street-network line-based buffer
(Forsyth et al., 2012; Frank et al., 2017). Doing the exposure assessment
at the point level (and not at the level of all points within 2 h prior to
answering) provides a way to measure durations of exposures. To
identify the potentially accessible street network from the point, we first
created a buffer area, i.e. an area that encompasses the accessible street
network within a 50-meter street network radius, then we used the
corresponding selected street network inside this buffer area (we crop-
ped the street network with the buffer) in order to draw a line buffer (a
crow-fly buffer around the selected street network) of 25 m of radius
(ArcMap Desktop 10.1). Following Frank et al. (2017), we choose a 25-
meter radius because it allowed considering variability in road and
sidewalk width and to collect only features accessible and visible from
the road network. Overall, this approach aimed to assess exposures from
the perspective of the street viewpoint.
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Table 1
Streetscape environment variables and thresholds used for classification of
micro-urban buffer areas.

Attribute Indicator Buffer area
classification
thresholds

Natural elements

Green and open Green and open spaces (m?) >30%

spaces

Water elements Water element (m?) >30%

Building elements

Landmarks and Historical monuments and river >30%

architectural
elements
Commerce, leisure
and cultural
attractors”

heritage (bridges) (m?)

Number of commerce, leisure and n>5
cultural attractors*

Openness Ratio between green, open space >3
and street space width and the
mean height of the buildings

Walkable path Ratio between pedestrian spaces >0.4

and driveway space (in case the
driveway space was null, it was set
to a value of 1 m? to avoid division
by 0)

Noise Pollution Average concentration of route <50 Lden
noise pollution (db, Lden)
Traffic (security) Average maximum speed <30 km/h

permitted for cars in the streets
(km/h)
Social environment
Population density Population density (inhabitants/ >2000 inhabitants/
km?) km?
Ageing index (people > 65 / >0.70
people < 14)
Income per capita (€)

Elderly ratio

Income >30.000 €/

household

* Food services and restaurants; commerce and services; well-being and
health services; leisure and cultural services.

* Pedestrian paths (street area minus road area accessible to vehicles),
green and open spaces.
™" Limit values adopted by France for transport noise in application of
the European Directive 2002/49/EC.

"™ For cut-off definition see Appendix A.

A set of spatial attributes describing the landscape and streetscape
environment was calculated for each of these micro-urban areas of
exposure (Table 1, Fig. 2). Streetscape built environment attributes and
sociodemographic characteristics were measured by geoprocessing data
obtained from the National Institute of Statistics Economic Studies (i.e.
census data, the FiLoSoFi database, the Permanent equipment data-
base), the Regional Institute of Paris [i.e. street and road network, urban
tissue data (TUF), and land use data (MOS)] and the Bruitparif centre
(2017 LDEN - Day-evening-night level - strategic noise pollution map for
road, railroad and airborne traffic, 5-meter resolution, using the NMPB
2008European method (SETRA, 2009)). Aspects of the pleasantness of
the environment were measured by the percentage of space covered by
green and blue spaces. Distinctiveness and attractiveness were measured
by the percentage of space covered by landmarks and architectural el-
ements and by the presence of commercial, leisure and cultural attrac-
tors. Accessibility to walkable paths was measured by the percentage of
the street area represented by pedestrian and green and open spaces.
Visual permeability and sense of relaxation were measured by the layout
of an urban area that promotes a sense of openness and accessibility.
Openness was measured by considering the ratio between the distance
between buildings and the mean height of the buildings. Comfort and
safety of the environment were measured by traffic noise pollution and
traffic maximum speed. The sociodemographic and economic environ-
ment were analysed through indicators of population density, the
elderly ratio, and the mean income level of the area.

The area of exposure associated with each GPS or location point was
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o °

Exposure spaces in the two hours before
responses to two EMA questionnaires
* ¢ Legend

25 meters line-based buffer of the 50 meters
streetnetwork around the GPS points

EMA questionnaire response place
Street

Green and open spaces
Water
Historical monuments

° Commerce and leisure services

[ Meters

0 125 250 500

Fig. 2. 25 m radius sausage buffers of the street network around each GPS or location point and example of geoprocessing of streetscape variables for two paths.
Elaborated by the authors, base https://openstreetmap.org, urban tissue data (TUF), and land use data (MOS).

classified considering the percentage cover of each environmental var-
iable (Table 1). For example, we classified the location point as ‘green
and open’ if the corresponding area of exposure was covered by at least
30% of green and open spaces. Then, we calculated the total time spent
in that specific category of space over the two-hour period (one GPS or
location point corresponding to 5 s). Thresholds for streetscape envi-
ronmental variables were defined considering our own hypothesis and
the literature on the specific indicator.

Moreover, we explored whether behavioural and situational ele-
ments at the exact time of the EMA questionnaire were related to
momentary mental well-being. We analysed the type of activity per-
formed (travel mode or type of visited place known from the mobility
survey) and we examined whether the individual was located indoor or
outdoor (considering both the activity type known from the mobility
survey and the number of satellites in view) when responding to the
questionnaire.

2.4. Sociodemographic covariates

We included information on participants’ age (60-70; 71-80; >80
years), gender (male, female), marital status (in couple; divorced/wid-
owed/unmarried), education level [low-medium education (from none
to the completion of high school); high education (high school + 2 to 4
years); very high education (high school + 5 years and over)]; household

income per consumption unit (<2000; 2000-4000; >4000), and
employment status [employed, retired, other (i.e., housewife, handi-
capped people and one unique unemployed participant)]. These vari-
ables were included as covariates in the regression model. To account for
the effects of the pre and post Covid-19 pandemic periods, we incor-
porated a binary variable into our analysis.

3. Statistical analysis

After calculating descriptive statistics, considering the nested nature
of our data, we fitted Bayesian linear mixed effect models with Monte
Carlo Chain using the Stan modelling language (Carpenter et al., 2017)
and the brms R package (R Core Team, 2014) (Biirkner, 2019). Based on
the item response theory (Embretson & Reise, 2013; Gibbons et al.,
2008), we modelled the data at the item levels (items are nested within
questionnaires, nested within days, nested within participants). The
fundamental premise of the item response theory is that every response
to an item provides some inclination about the individual’s level of the
latent trait or ability, here the CES-D 8 score. To distinguish between the
items, we controlled for indicator variables corresponding to each item,
allowing to assess the so-called severity of the items in their ability to
discriminate between individuals with different levels of momentary
depression symptomatology. While the outcome could take values be-
tween 0 and 3, we applied a linear model. The issue that the model could
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predict values out of the 0-3 range is compensated by the fact that only
the linear model permits a straightforward decomposition of variance
based on the random coefficients and offers an easier interpretation of
fixed effect coefficients. As a result of the latter aspect, multiplying by 8
the predicted outcome yields the predicted CES-D 8 score.

We tested whether the participant, the day, and the questionnaire
(comprising several successive questions) should be treated as random-
effect variables and we chose the best model based on the Widely
Applicable Information Criterion (WAIC) and on the leave-one-out cross
validation (LOO) indices. These tests favoured models fitted with
random effects at the day level (7 groups within each participant) and at
the participant level (216 groups) for 9689 answers to momentary
mental well-being items (7361 items with exposures based on outdoor
points). A first-order auto-regression function of day-time (within par-
ticipants) level was also specified for all the models (Biirkner, 2019) to
control for temporal autocorrelation. Non-informative priors were used
for the coefficients of explanatory variables and for the random effects,
while the Student’s t-distribution was used for the temporal autore-
gression coefficient. Models converged with 4 sampling chains and
100,000 iterations.

To test our fist hypothesis, we estimated a model with random effects
at the day level and participant level, controlling for potential con-
founders by adjusting for age, sex, education level, employment, marital
status, household income, and Covid-19 pandemic period (pre-post
pandemic). A variable considering previous momentary mental well-
being status was added to the model for controlling for reverse causal-
ity. This variable was a weighted average of the 2 momentary mental
well-being items answered in the previous time slot, weighted by the
severity of the corresponding items estimated from the model. We also
controlled for the total amount of time spent outside in the previous two
hours. However, we did not find any relationship between this variable
and the outcome (5.03e-04, 95% CI: 0.00, 0.00 for one additional hour
spent outside) and we decided to not control for it in the reported an-
alyses (the same was found in the within-individual fixed-effect mode).
The model estimated linear associations between each additional hour
spent in the different streetscape environments (over the previous two
hours) and the momentary well-being outcome. The final models were
the result of a careful manual stepwise selection process. In addition to
the control variables, only the behavioural and streetscape environment
variables that were associated with the outcome were retained in the
final model.

To test our second hypothesis, a first analysis was made considering
exposures (over two hours) defined on the basis of all the GPS points
(Model 1 and Model 2) and then with the subset of points collected in
outdoor environments (Model 3 and Model 4). Finally, we tested our
third hypothesis by estimating a model considering individuals as fixed
effects in order to estimate associations only on the basis of within-
individual differences. The fixed effect model specifies for each indi-
vidual a fixed intercept or effect by adding k-1 dummy variables for the k
individuals (Schempf and Kaufman, 2012). This approach permits to
neutralize all individual-level confounders.

We set credible intervals at 95% and we verified for correlation of
posterior distribution. As indices of effect existence, we computed the
probability of direction (PD), ranging from 50% to 100%, representing
the certainty with which an effect goes in a particular direction
(objective existence of an effect corresponding to PD > 95%) and the
percentage of the a posteriori distribution in the region of practical
equivalence (ROPE, the region corresponding to the null hypothesis)
(effect existence corresponding to percentage in ROPE < 5%)
(Makowski et al., 2019).

Finally, we estimated the total momentary well-being score by
combining the predicted value for each of the items according to their
severity level for different streetscape environmental elements favour-
ably associated with momentary mental well-being. The momentary
well-being score reflects the sum of the predicted values for each of the
items depending on the environmental characteristics.
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Table 2
Descriptive characteristics of study participants.

Characteristics Individuals (N = 216) %
Age, n (%)
60-70 106 49%
71-80 93 44%
>80 17 7%
Gender, n (%)
Female 77 36%
Male 139 64%
Marital status, n (%)
In couple 145 67%
Divorced/widowed/single 71 33%
Education level, n (%)
Low-medium education 65 30%
High education 70 32%
Very high education 81 38%
Household income per consumption unit, n (%)
<2000 32 15%
2000-4000 128 59%
>4000 56 26%
Employment, n (%)
Employed 29 13%
Retired 183 85%
Unemployed 1 0.5%
Other 3 1.5%
Table 3

Descriptive analysis (mean and standard deviation) of the streetscape environ-
ment in the spaces visited by individuals during two hours prior to the EMA
questionnaire (n = 4830).

Attribute Mean (SD)
Natural elements

Green and open spaces (mz) 8.85 (14.67)
Water elements (m?) 0.56 (3.85)
Building elements

Landmarks and architectural elements (m?) 1.03 (5.46)
Commerce, leisure and cultural attractors (n) 0.51 (1.11)
Openness 31.87 (126.50)
Walkable path 4.8 (11.4)

Noise pollution (db, Lden)

Traffic (security) (km/h)

Social environment

Population density (inhabitants/km?)
Elderly ratio

Income per capita (€)

48.20 (12.62)
30.99 (13.55)

2,913.75 (2,142.34)
0.43 (0.56)
30,770.18 (9,426.18)

4. Results

We collected data from a sample of 216 people aged 60 years and
older. Participants were more often males (64%), living in couple (67%)
and retired (85%). The sample was distorted towards high education
levels (Table 2).

Participants responded to 4830 EMA depression questionnaires
corresponding to 9689 questions (i.e., momentary depressive symp-
tomatology items). More than one million (1,082,047) points in space
were available to measure relations people have with the built envi-
ronment over time. Each individual answered an average of 22.3 ques-
tionnaires and 48.6 questions over a week. Overall, participants
responded to 84% of the a priori planned questionnaires. For each of the
8 depression items, we collected on average 1211 responses, while each
item was answered 5.7 times during the week by the same individual.

Individuals responded on average 14 min after the prompt (notifi-
cation on the smartphone) when they were indoors and after 43 min
when they were outdoors. The percentage of response was not affected
by the day of the survey, and we observed a uniform distribution of
responses during the week.

Participants spent the two hours before the responses (Table 3) in
micro-areas around location points with on average 8% (SD = 14.7) of
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Table 4
Number of minutes spent in each category of exposure during the two hours
prior to the EMA questionnaire.

Attribute All point exposure areas(n Outdoor point exposure
questionnaires = 4830) areas(n questionnaires =
3650)
Mean (SD) Mean (SD)
minutes minutes
Natural elements
Green and open spaces 4.3 (14.4) 2.2(9.0)
(>30%)
Water elements (>30%) 0.4 (4.7) 0.1 (0.6)
Building elements
Landmarks and 0.4 (4.1) 0.32(3.5)
architectural elements
(>30%)
Commerce, leisure and 2.5 (11.6) 0.94 (5.7)
cultural attractors (n
> 5)
Openness (>3) 103.8 (29.6) 31.81 (32.4)
Walkable path (>0.4) 0.03 (1.9) 6.03 (15.3)
Noise pollution (<50 39.3 (41.) 11.3 (21.6)
Lden)
Traffic (security) (<30 22.7 (34.5) 9.4 (38.8)
km/h)
Social environment
Population density 61.7 (52.6) 6.4 (18.8)
(>2000 inhabitants/
km?)
Elderly ratio (>0.70) 34.7(49.6) 8.5(19.1)
Income per capita 66.4 (52.9) 19.5 (28.4)
(>30.000 €/
household)

Behavioural variables (at the time of the response)

Visited places and n questionnaires (%)
mobility

Food, commerce and
services

Leisure, cultural and
social activity

n questionnaires (%)
239 (4.9%) 215 (5.9%)

405 (8.4%) 357 (9.8%)

Residence 3685 (76.3%) 2628 (72%)
Work 183 (3.8%) 91 (2.5%)
Private transport 72 (1.5%) 73 (2.0%)
Public transport 57 (1.2%) 58 (1.6%)

Active mobility 189 (3.9%) 226 (6.2%)
Indoor/outdoor activity
n. satellites > 9 or

outdoor activity

821 (17%) 693 (19%)

green spaces, 0.5% (SD = 3.9) of water elements, 1% (SD = 5.5) of
historical monuments and 0.5 (SD = 1.1) commerce, leisure and cultural
attractors. Micro-urban spaces visited were open (M = 31.8, SD =
126.5), had a low proportion of pedestrian paths (M = 0.4, SD = 11.4)
and an average concentration of route noise pollution of 48 Lden (near
the standard limit of 55 Lden for street noise, SD = 12.6). Demographic
and socioeconomic attributes showed densely populated microspaces
(M = 2,913.8 inhabitants per km?, SD = 2,142.3) with an income per
capita in line with the average of the Ile-de-France region (M = 30,770 €,
SD = 9,426).

Table 4 summarizes the time spent in each category of space during
the two hours before the EMA questionnaire, differentiating between
exposure micro-spaces based on all location points and only on outdoor
points. When considering exposures based on all location points, within
two hours before answering a questionnaire, participants spent on
average 4 min in green areas and 0.42 min in spaces with water ele-
ments, 0.42 min in spaces with landmarks, and 2.5 min near commerce,
leisure or cultural services. Most of the time, people were in spaces with
a high openness (103 min). They also spent significant time in micro-
spaces with low levels of traffic noise pollution (39 min) and low
average traffic speed (22 min). Behavioural variables indicated that the
majority of the EMA questionnaires were answered indoor at the resi-
dence; only 24% of responses were given while performing an activity
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outside of home (food, shopping, other services, leisure, cultural and
social activities, work) or when commuting.

Table 5 and Table 6 report the results of the multilevel Bayesian
models for the associations of environmental variables (expressed in
one-hour unit) and behavioural variables with momentary well-being.
Momentary well-being outcomes were temporally autocorrelated with
a coefficient of 0.07, meaning that responses close to each other in time
were more correlated than responses further apart in time. The reverse
coded question #2 (‘At the moment, I don’t feel depressed’) and ques-
tion #7 (‘At the moment, I don’t feel sad’) were the items with the
highest severity, i.e., differences in these items were associated with the
largest difference in the underlying momentary well-being score.

4.1. Interindividual variability

In Table 5 we summarise the models assessing the associations be-
tween durations of environmental exposures (based on all location
points and outdoor points only) and interindividual variability in
momentary well-being. The model considering exposure spaces based
on all location points (adjusted for all environmental variables and
covariates) estimated that spending one hour in urban areas near com-
merce, leisure and cultural attractors or water elements was associated
with a better momentary mental well-being (respectively for each item,
+0.06, 95% CI:0.01, 0.13 and +0.20, 95% CI: 0.02, 0.32) (Fig. 3).

When focusing on exposures based on outdoor location points
(Table 5), we found stronger associations compared to when exposures
were defined based on all location points. The strongest association was
observed between the time spent in walkable spaces and momentary
well-being, with an average 3.32 (95% CI: 1.05, 7.69) better mental
well-being score for each additional hour of exposure (Fig. 3). It must be
considered that for this environmental element the model estimated a
large confidence interval, suggesting that there was a substantial het-
erogeneity in the sample in the corresponding effect and/or lack of data
to support the estimation. Spending one hour in urban spaces near water
elements and commerce, leisure and cultural attractors and in low traffic
noise areas was associated with a better momentary mental well-being
score, by respectively +0.88 (95% CIL: 0.17, 1.89), +0.20 (95% CIL:
0.04, 0.36) and +0.03 (95% CI: 0.01, 0.07) (over a range of the outcome
from O to 3). Moreover, being involved in active mobility or leisure and
cultural activities (respectively +0.07, 95% CI: 0.01, 0.13 and +0.13,
95% CI: 0.10, 0.17) when answering EMA questionnaires was associated
with a better momentary mental well-being.

4.2. Intraindividual variability

In Table 6 we summarise the models assessing the associations be-
tween the duration of environmental exposures (based on all location
points and outdoor points only) and within-individual variations in
momentary depressive symptomatology. When defining exposures
based on all location points (Model 2, Table 6), momentary well-being
was associated with the presence of water elements and walkable
spaces near the participant. All within-individual associations became
stronger when exposures accounted for outdoor points only (Model 4,
Table 6). Spending one hour in outdoor spaces (i.e., outdoor points) with
commerce, leisure and cultural attractors, water elements and walkable
areas was associated with a 0.20 (95% CI: 0.04, 0.36), 0.88 (95% CI:
0.17, 1.89), and 3.32 (95% CI: 1.05, 7.69) better momentary mental
well-being (over a range from O to 3) (Fig. 4). Active mobility or leisure
and cultural activities performed when answering the EMA question-
naires were also associated with a better momentary mental well-being.

5. Discussion and conclusions
This study investigated how momentary depressive symptomatology

is associated with the environment to which aged people are exposed
during their daily activities. Our main finding is that momentary mental
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Table 5
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Associations of streetscape environment and behavioural variables with momentary mental well-being. Between individual models for environmental exposures

defined based on all location points or only outdoor points.

Model 1 - all pointsSeparate

Model 2 - all pointsFull

Model 3 - outdoor pointsSeparate Model 4 - outdoor pointsFull

models(95% CI)

model(95% CI)

models(95% CI)

model(95% CI)

Intercept

Item1 — feel bothered

Item?2 - feel depressed

Item3 - feel that everything is
an effort

Item4 - feel happy

Item5 - feel lonely

Item6 — enjoy life

Item7 — feel sad

Item8 - feel could not get
going

Green and open spaces

Water elements

Landmarks and architectural
elements

Commerce, leisure and
cultural attractors

Openness

Walkable path

Noise pollution

Traffic

Population density

Elderly ratio

Income per capita

2.15 (1.96, 2.34)*
0.32 (0.28, 0.36)*
0.46 (0.42, 0.50)*
0.15 (0.11, 0.19)*

ref

0.30 (0.26, 0.33)*
0.00 (—0.03, 0.05)
0.40 (0.36, 0.44)*
0.12 (0.08, 0.16)*

0.03 (-0.02, 0.08)
0.18 (0.01, 0.36)*
0.06 (—0.11, 0.23)

0.08 (0.01, 0.15)*

0.00 (-0.03, 0.03)
0.24 (—-0.08, 0.57)*
0.00 (—0.00, 0.00)
—0.01 (-0.04, 0.02)
0.00 (—0.03, 0.02)
—0.01 (—0.04, 0.02)
0.00 (—0.02, 0.02)

Trip purpose and mobility (at the time of response)

Food, commerce and services

Leisure, cultural and social
activities

Residence

Work

Private transport

Public transport

0.00 (—0.04, 0.05)
0.13 (0.09, 0.16)*

ref

0.02 (—0.05, 0.09)
0.04 (-0.03, 0.12)
0.05 (—0.03, 0.13)
0.08 (0.04, 0.13) *

2.14 (1.95, 2.33)*
0.32 (0.28, 0.36)*
0.46 (0.42, 0.50)*
0.15 (0.11, 0.19)*

ref

0.30 (0.26, 0.34)*
0.00 (—0.03, 0.05)
0.40 (0.36, 0.44)*
0.12 (0.08, 0.16)*

0.20 (0.02, 0.37)*

0.06 (0.01, 0.13)*

0.00 (-0.05, 0.05)
0.13 (0.09, 0.17)*

ref

0.02 (—0.06, 0.10)
0.05 (-0.05, 0.14)
0.05 (—0.06, 0.14)
0.08 (0.02, 0.14)*

2.18 (2.02, 2.34)*
0.32 (0.29, 0.36)*
0.45 (0.41, 0.49)*
0.14 (0.10, 0.17)*

ref

0.30 (0.26, 0.33)*
0.00 (—0.03, 0.04)
0.39 (0.36, 0.43)*
0.13 (0.10, 0.17)*

0.07 (0.00, 0.15)*
0.96 (0.28, 2.22)*
0.03 (—0.20, 0.26)

0.25 (0.09, 0.40)*

0.03 (0.01, 0.06)*
3.28 (1.17, 7.68)*
0.04 (0.01, 0.09)*
—0.01 (-0.07, 0.04)
0.00 (—0.03, 0.04)
0.01 (—0.03, 0.06)
0.00 (—0.04, 0.04)*

0.00 (—0.05, 0.04)
0.13 (0.10, 0.17)*

ref

0.05 (—0.03, 0.12)
0.05 (-0.03, 0.13)
0.04 (—0.04, 0.13)
0.08 (0.03, 0.13)*

2.16 (2.01, 2.34)
0.32 (0.29, 0.37)
0.45 (0.42, 0.49)
0.13 (0.10, 0.17)

ref

0.30 (0.26, 0.34)
0.00 (—0.03, 0.04)
0.39 (0.36, 0.43)
0.14 (0.9, 0.17)

0.88 (0.17, 1.89)*

0.20 (0.04, 0.36)*

3.32 (1.05, 7.69)*
0.03 (0.01, 0.07)*

0.00 (—0.06, 0.05)
0.13 (0.09, 0.18)*

ref

0.05 (—0.05, 0.14)
0.04 (-0.07, 0.14)
0.05 (—0.05, 0.15)
0.07 (0.01, 0.13)*

Active mobility
In/out (at the time of

response)
In ref
Out 0.03 (0.00, 0.05)*
Sigma 0.49 (0.49, 0.50)* 0.49 (0.48, 0.50)*
WAIC 14451.3
LOO 14457.5

ref

0.03 (0.00, 0.05)
0.49 (0.48, 0.50)* 0.49 (0.48, 0.50)*
14666.7

14668.0

Hanc and Mindmap studies: 216 participants; 7 days; 4830 questionnaires in total; 3650 questionnaires with exposures based on outdoor points; 9689 momentary
depressive symptomatology items; 7361 momentary depressive symptomatology items with exposures based on outdoor points. * PD > 95% or % in Rope < 5. Model 1
and Model 3: Bayesian models including a random effect at the levels of the participant and day of response and an autoregressive function that considers date-time for
ordering the observations of each participant, adjusted for previous momentary mental health symptomatology, age, gender, education, household income, marital
status, and employment status. In these models, each streetscape microenvironment and behavioural variable is included in a separate model. Model 2 and Model 4:
Fully adjusted Bayesian model retaining in the same model all environmental and situational variables that are associated with the outcome in Model 1 or 3.

well-being assessed by the reverted scale of depressive symptomatology
is affected by exposure to microscale urban environments during daily
mobility paths over the previous two hours. Spending time outdoor was
not sufficient to improve momentary mental well-being (being outdoor
just when responding to the questionnaire was very weekly positively
associated with well-being in the within-individual model, but being
outdoor over the previous 2 h was not in any model). However, potential
environmental influences were related to multiple streetscape environ-
mental elements.

Associations between environmental elements of the streetscape and
momentary well-being also differed according to whether environ-
mental exposures were defined based on all location points or only those
for which the participant is known to be outdoor. This is an important
improvement compared to previous studies (Kondo et al., 2020; Li et al.,
2018; York Cornwell and Goldman, 2020) that calculated outdoor
environmental exposures based on GPS points without consideration of
whether these points were outdoor or indoor. It should be mentioned
that some locations points were likely classified as outdoor when people
were actually indoor near a window; however, we do not think it is a
major concern because in these cases, the participants were nonetheless

exposed to the outdoor environment through visual contact through the
window. As we expected, the relationships of interest became stronger
when we defined environmental exposures only by considering locations
points over the previous two hours that were outdoor, which corre-
sponded to a true exposure to the outdoor environment.

Also, we observed that the relationships between environmental
exposures and momentary well-being were stronger when we consid-
ered within-individual differences (compared to between-individual
analysis). When considering within-individual variability, the results
emphasized associations with environmental elements (water, com-
merce, leisure and cultural attractors and walkable paths) that make
people feeling safe, comfortable, attracted, and autonomous.

Higher momentary mental well-being was observed after partici-
pants performed outdoor activities in spaces with pedestrian areas
(pedestrian dedicated paths, open spaces, parks and green areas), water
elements or with commerce, leisure and cultural attractors. These results
could be explained by the sense of safety and autonomy given to elderly
people by walkable spaces, as well as by their capacity to provide easy
access to services and to favour sociability, as demonstrated by the large
body of literature on walkability spaces (Barnett et al., 2017; Forsyth,
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Table 6
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Associations of streetscape environment and behavioural variables with momentary mental well-being. Within individual models for environmental exposures defined

based on all location points or only outdoor points.

Model 1 - all pointsSeparate

Model 2 - all pointsFull

Model 3 - outdoor pointsSeparate Model 4 - outdoor pointsFull

models(95% CI)

model(95% CI)

models(95% CI)

model(95% CI)

Intercept
Item1 — feel bothered

Item?2 - feel depressed
Item3 - feel that everything is

an effort
Item4 - feel happy
Item5 - feel lonely
Item6 — enjoy life
Item7 — feel sad

Item8 - feel could not get

going

Green and open spaces

Water elements

Landmarks and architectural

elements

Commerce, leisure and

cultural attractors
Openness
Walkable path
Noise pollution
Traffic
Population density
Elderly ratio
Income per capita

2.39 (2.19, 2.57)*
0.32 (0.28, 0.36)*
0.46 (0.42, 0.50)*
0.16 (0.12, 0.19)*

ref

0.30 (0.26, 0.33)*
0.00 (—0.03, 0.05)
0.41 (0.37, 0.45)*
0.12 (0.08, 0.16)*

0.03 (-0.02, 0.09)
0.16 (0.02, 0.34)*
0.07 (-0.10, 0.24)

0.08 (—0.02, 0.15)*

0.00 (—0.04, 0.03)
0.18 (—0.11, 0.49)
0.00 (—0.03, 0.02)
—0.01 (-0.04, 0.01)
0.01 (-0.04, 0.01)
—0.02 (—0.05, 0.01)
0.00 (—0.02, 0.02)

Trip purpose and mobility (at the time of response)

Food, commerce and services
Leisure, cultural and social

activities
Residence
Work
Private transport
Public transport
Active mobility
In/out (at the time of

0.00 (—0.05, 0.06)
0.13 (0.09, 0.17)*

ref

0.02 (—0.06, 0.10)
0.05 (—0.04, 0.15)
0.06 (—0.04, 0.16)
0.08 (0.03, 0.15)*

2.39 (2.19, 2.57)*
0.32 (0.28, 0.36)*
0.46 (0.42, 0.50)*
0.16 (0.12, 0.19)*

ref

0.30 (0.26, 0.33)*
0.00 (—0.03, 0.05)
0.41 (0.37, 0.45)*
0.12 (0.08, 0.16)*

0.17 (0.01, 0.36)*

0.06 (0.00, 0.13)*

0.19 (-0.09, 0.50)*

0.00 (—0.05, 0.06)
0.13 (0.08, 0.17)*

ref

0.02 (—0.06, 0.09)
0.05 (-0.03, 0.15)
0.06 (—0.03, 0.17)
0.08 (0.02, 0.14)*

2.32 (2.12, 2.51)*
0.32 (0.28, 0.37)*
0.45 (0.40, 0.50)*
0.14 (0.09, 0.19)*

ref

0.30 (0.25, 0.35)*
0.00 (—0.04, 0.05)
0.40 (0.35, 0.44)*
0.14 (0.09, 0.18)*

0.07 (-0.02, 0.16)
0.85 (—0.49, 2.03)*
0.03 (—0.20, 0.26)

0.25 (0.10, 0.41)*

0.03 (0.03, 0.06)*
3.36 (0.67, 8.17)*
0.05 (0.01, 0.08)*
0.00 (—0.06, 0.05)
0.00 (—0.03, 0.05)*
0.05 (0.01, 0.09)*
0.03 (0.00, 0.06)*

0.00 (—0.06, 0.05)
0.13 (0.09, 0.18)*

ref

0.05 (—0.05, 0.14)
0.05 (—0.05, 0.14)
0.04 (—0.04, 0.14)
0.08 (0.02, 0.13)

ref
0.03 (0.01, 0.06)*
0.50 (0.50, 0.51)*

1.90 (—6.97, 26.82)
0.32 (0.29, 0.35)*
0.44 (0.41, 0.47)*
0.13 (0.10, 0.17)

ref

0.29 (0.26, 0.32)*
0.00 (—0.03, 0.03)
0.39 (0.36, 0.42)*
0.13 (0.10, 0.17)*

1.12 (—0.36, 2.32)*

0.20 (0.07, 0.33)*

3.38 (0.25, 6.94)*

0.00 (—0.05, 0.04)
0.13 (0.09, 0.17)*

ref

0.05 (—0.02, 0.12)
0.05 (-0.03, 0.13)
0.03 (—0.06, 0.11)
0.07 (0.02, 0.12)*

0.49 (0.49, 0.50)*

response)
In ref ref
Out 0.03 (0.00, 0.06)* 0.02 (—0.01, 0.04)
Sigma 0.49 (0.49, 0.50)* 0.49 (0.49, 0.50)*
WAIC 14459.3
LOO 14467.4

10910.0
10908.4

Hanc and Mindmap studies: 216 participants; 7 days; 4830 questionnaires in total; 3650 questionnaires with exposures based on outdoor points; 9689 momentary
depressive symptomatology items; 7361 momentary depressive symptomatology items with exposures based on outdoor points. * PD > 95% or % in Rope < 5. Model 1
and Model 3: Bayesian models including a fixed effect for each participant and a random effect for the day of response and an autoregressive function that considers
date-time for ordering the observations of each participant, adjusted for previous momentary mental health symptomatology. In these models, each streetscape
microenvironment and behavioural variable is included in a separate model. Model 2 and Model 4: Fully adjusted Bayesian model retaining in the same model all
environmental and situational variables that are associated with the outcome in Model 1 or 3.

2015; Speck, 2018; Talen, 2002; Talen and Koschinsky, 2013). More-
over, spending one hour over the previous two hours in areas with water
elements was associated with a better momentary mental well-being.
These results confirm the mental well-being therapeutic effects
(contemplation, emotional bonding, participation and physical activity)
of urban blue elements, shown in the Volker & Kistemann (2015) study.
The positive visual stimuli and mental restoration given by water ele-
ments is confirmed by several studies assessing the benefits of natural
elements in cities (White et al., 2019). However, only few studies
focused on blue elements at the city level, usually showing positive as-
sociations between home proximity to water bodies and mental well-
being, general well-being and restoration (Gascon et al., 2017; White
et al., 2010; White et al., 2020).

We found evidence of associations between activity and mobility-
type when the questionnaire was answered and momentary well-
being. Individuals performing leisure, cultural or social activities and
individuals walking or biking reported a better momentary mental well-
being. These results confirm the importance of social and leisure activ-
ities and of active mobility for the mental well-being of older adults.
Older people are thought to obtain benefits in terms of cognition, social

support, and sense of belonging when they participate to leisure activ-
ities, thus improving their mental well-being (Bone et al., 2022; Han
et al., 2021; Paggi et al., 2016; Sala et al., 2019).

Contrary to other studies, we did not find associations with green
elements, openness of the space, and traffic noise, except when envi-
ronmental effects were analysed separately from each other. Contrary to
our hypothesis, the socioeconomic level and traffic noise along the
mobility paths were found to be associated with momentary well-being
only when analysed separately from each other.

These results stress the importance of streetscape for momentary
mental well-being of older adults (WHO, 2019). Overall, designing
urban public policies that prioritize the creation of recreational and
therapeutic spaces can be a cost-effective way to improve the mental
health of urban residents and reduce the societal burden of depression
(Sallis et al., 1998). Policies oriented towards the accessibility to com-
merce, leisure and cultural attractors, water elements and walkable
spaces will favour active mobility, enhance social relationships and
emotional well-being, thus improving mental well-being.

Our study addressed the need for innovation in the evaluation of the
relationship between the exposure to the urban environment and mental
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well-being outcomes (Park et al., 2021). We innovated in the literature
by using GEMA methods (Chaix, 2020) collecting detailed GPS spatio-
temporal data and repeated measures of momentary depressive symp-
tomatology. The use of GEMA questionnaires reduced the risk of bias of
retrospective surveys and allowed to model the effects of the daily
exposure to environments on mental well-being over space and time. In
doing so, we go beyond the analysis of the residential space as the
exposure environment for mental well-being (Park et al., 2021; Vallée
et al.,, 2011) and we proposed an approach focused on daily mobility
paths (Chaix et al.,, 2019; Duncan et al., 2021). Moreover, detailed
spatiotemporal data manipulated in a geographic information system
allowed us to assess the effect of exposures to multiple urban elements
(Roberts and Helbich, 2021), rather than focusing on only one feature
(for example natural elements) (Beute and de Kort, 2018; Kondo et al.,
2020; Li et al., 2018). An innovative aspect of our analysis is that we
were able to compare environmental exposures based on all collected
location points vs. only outdoor locations points, and we confirmed
according to our hypothesis that the second approach was more
relevant.

Some limitations to our study should be mentioned. We assumed that
the effects of the duration of exposure to urban environment on
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momentary well-being were linear, and that the relevant time window
to consider was of two hours prior to the momentary assessment.
Sensitivity analyses considering nonlinear patterns of relationship (e.g.,
with quadratic terms for example) as well as different durations of
exposure should be conducted. Another limitation is that our study did
not consider social interactions during daily activities. Positive or
negative social interactions prior to or at the time of the EMA ques-
tionnaire may influence the momentary mental mood of participants.
Another potential limitation of this study is due to the possible spatial
imprecision of GPS trackers in high density environments due to the
canyoning effect. We plan to overcome this limitation in future studies
by collecting GPS and location data from smartphones that use tech-
nologies that can be more accurate spatially (Goodspeed et al., 2018).
Finally, our model did not evaluate whether spatially nearby residuals
were similar, meaning that residual spatial patterns may be potentially
still present in the data even after accounting for the spatial predictor
variables, although it is unlikely.

In conclusion, this study found that momentary depressive symp-
tomatology in older adults is influenced by the microscale urban envi-
ronment to which they are exposed during their daily mobility paths.
Certain environmental elements, such as water, commerce, leisure and
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Fig. Al. Histograms and cut off for environmental variables.

cultural attractors, and walkable paths, were associated with better
momentary mental well-being. Spending time in areas with water ele-
ments and walkable environments was specifically found to have a
therapeutic effect on momentary mental well-being, suggesting the
design of urban policies oriented to reduce the spatial print of road space
and encouraging dedicated walking areas. Additionally, leisure, cul-
tural, or social spaces, as well as engaging on walking or biking, was
associated with better momentary mental well-being. A detailed
assessment of microspaces together with the continuous measurement of
mobility and mood in space and time in order to explore between- and
within-individual differences are helpful in further understanding the
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relationships between exposure to urban contextual features and
momentary mental well-being.
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Table Al
Streetscape environment variables and cut-off used for classification of micro-
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observation of data distribution
Based on our hypothesis and

observation of data distribution

Water elements >30%

Building elements

Landmarks and >30% Based on our hypothesis and
architectural observation of data distribution
elements

Commerce, leisure and n>>5
cultural attractors*

Based on the walkability literature and
observation of data distribution

Openness >3 Based on the definition of openness in
literature
Walkable path >0.4 Based on our hypothesis and

observation of data distribution

Noise pollution <50 Lden Based on data distribution and on
suggestions from the European
Environment Agency literature
Traffic (security) <30 km/h Based on our hypothesis
Social environment
Population density >2000 Based on our hypothesis that a
inhabitants/ walkable space is positively associated

Km? with momentary mental wellbeing

Elderly ratio >0.70 Based on our hypothesis that a living
environment with similar class age
people favours momentary mental
wellbeing

Income >30.000 €/ Based on our hypothesis that a socially
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