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Background: Light to moderate physical activity, which includes walking, is associated with positive effects on physical and mental health. However, concerning mental health, social and physical environmental factors are likely to play an important role in this association. This study investigates person-place interactions between environmental characteristics (greenness, social interaction) and momentary affective states during walking episodes. A within-subject design is implemented, in which affective states and environmental characteristics are assessed while participants are walking outside.

Methods: On smartphones, coupled with a motion sensor (move3), e-diaries were triggered as soon as people walked 100 m outside. E-diaries assessed momentary affective states (valence, calmness, energetic arousal), and social interaction (walking alone; seeing other people while walking; interacting with other people; walking with a known person) between 6 am and 10 pm over nine days. The percentage of greenness was determined afterward from recorded GPS and GIS data. Demographics were collected in advance via an online questionnaire. Multilevel models were calculated with R for 46 individuals (age = 41.2, ± 13.2; 52% female).

Results: Affective state dimension energetic arousal showed a significant association with social interaction and greenness, i.e., participants rated energetic arousal lower when walking alone, and if there was less greenness vs. when interacting shortly with someone while walking (β = 0.13, p = 0.02), and being in situations with more greenness (β = 0.08, p = 0.02). Furthermore, associations with social interaction and greenness were found for dimension calmness: walking together with someone was associated with higher calmness (β = 0.16, p = 0.02), and the higher the proportion of surrounding greenness during a walk, the higher calmness was rated, i.e., participants were calmer (β = 0.09, p = 0.01). Significant associations with valence were not present.

Conclusion: The findings indicate that the affective states varied significantly due to different social and physical environmental factors. In the future, the importance of environmental factors should be further investigated, e.g., by assessing environmental factors right in situations contrary to a subsequent imputation. Within-subject designs, and in particular triggered assessments with the addition of GPS, can aid in developing interventions for health-promoting urban environments.
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Introduction

Walking, as a subcategory of physical activity (PA), representing low- to moderate PA, is associated with positive effects on individuals’ health and wellbeing (Ekkekakis et al., 2008a; Ettema and Smajic, 2015; Hanson and Jones, 2015; Wiese et al., 2018). Walking has been shown to enable individuals to achieve the WHO recommendations of a minimum of 150 min of moderate-intensity PA per week for health-enhancing effects, making it a valuable strategy for health promotion (Lee and Buchner, 2008; Wegener et al., 2017). While research regarding positive associations between walking and physical health is more consistent, this issue is more complex for mental health components like wellbeing. A closer look at study results regarding associations of PA and affective states shows that findings are not that clear and that moderating factors like the intensity of PA can play an important role: For example, it has been shown that PA levels exceeding a certain threshold can even have negative implications for individuals’ emotions and moods, and lead to the displeasure of PA (Ekkekakis et al., 2008b; Biddle, 2016; Brand and Ekkekakis, 2018). Furthermore, study results often stem from laboratory settings, neglect external social- and physical environmental factors (Liao et al., 2015), and/or do not consider within-subject changes in affect over time (variability of an individual’s affect over a period of time). However, that would provide more valid information about the association between walking, wellbeing, and possible moderators (Kanning et al., 2013). Therefore the goal of this study is to gain a better understanding of how affective states vary during everyday life walking episodes due to social and physical environment factors.

In line with social-ecological models, both social- and physical environments have to be taken into account to understand the association between PA and affective states, because individuals interact with- and are influenced by the surrounding environment (Guite et al., 2006; Helbich, 2018). A meta-analysis about exposure to nature showed positive effects on momentary affect: even brief contact and exposure to greenspace are associated with increased momentary wellbeing, as well as less negative and more positive affect (McMahan and Estes, 2015). In addition, it has been shown that urban greenspace that can be used (e.g., accessible parks, etc.) can have a protective effect on anxiety and mood disorder and that urban greenspace that can be observed (e.g., looking at it from home or work) can have a restorative effect (Nutsford et al., 2013). In the context of the various beneficial associations of environmental green with wellbeing and mental health, blue spaces must be mentioned as well. For example, they too have similar beneficial associations with wellbeing and mental health, and moreover have been associated with beneficial effects regarding recreation and stress-reduction that go beyond that of environmental green (Kistemann and Völker, 2014; Claßen and Bunz, 2018). Furthermore, environmental green and blue hasve been shown to be used for recreation, and to facilitate PA (e.g., walking) and social interaction (Sugiyama et al., 2008; Lachowycz and Jones, 2013; Grellier et al., 2017). An overview of evidence regarding associations of wellbeing and the physical environment shows that (urban) greenspace and also blue spaces can offer a place for and encourage recreational walking, PA, social cohesion, and facilitate social interaction among individuals, as they can bring people together (Newton, 2007; Grellier et al., 2017). Supporting these findings, Lachowycz and Jones (2013) developed a framework that highlights access to greenspace and its key moderator and mediator relationships regarding the interplay between individuals, the surrounding social- and physical environment, and wellbeing. More recent research also supports these associations that “(…) the presence of urban green spaces can encourage positive social interactions that cultivate social cohesion in ways that enhance health and well-being” (Jennings and Bamkole, 2019, p. 1). These research findings show the importance of the social context and that being socially well-integrated and having many social interactions can increase individuals’ wellbeing. Further underlining the previous findings, it was shown for both between- and within-subject associations that even brief and minor social interactions, e.g., greeting someone during a commute, promotes positive affect (Sandstrom and Dunn, 2014; Gunaydin et al., 2021). Furthermore, perceived social support can buffer against stress and negative affect (Smyth et al., 2014). In addition, social interactions, especially at social events during which individuals are physically active, showed a robust relation with high positive affect (Clark and Watson, 1988). Also, both weak and strong social ties and the social context in general (e.g., social cohesion and social interaction) are associated with individuals’ well-being, with improved social interactions inducing better wellbeing (Helliwell and Putnam, 2004; Helliwell, 2012; Schwanen and Wang, 2014). In conclusion, the results show that factors from the social- and physical environment play an important role in the relationship and context of everyday life walking routes and wellbeing and affect. To be more precise, the assumption is that at least part of the association depends on the context of walking, i.e., social- and physical environmental factors. In other words, it does matter where and with whom you walk, and this “where” and “with whom” influence the walking-wellbeing association.

In this regard, affective states are often used to describe how individuals feel in different social- and physical environmental contexts, as they have been shown to be an indicator of individuals’ wellbeing (Tost et al., 2019; Bourke et al., 2021; Monninger et al., 2022). In addition, affective states represent wellbeing in different situations, as they are more sensitive to the respective influences and external factors in the specific situation (Brose et al., 2013). Underlining this, walking in both urban- and natural environments has been shown to be associated with higher positive affect and energy (Kinnafick and Thøgersen-Ntoumani, 2014), and social interactions are associated with higher positive affect, more happiness, and less tiredness in daily life (Bernstein et al., 2018; Monninger et al., 2022).

However, dynamic assessments that integrate individuals and the surrounding environment are needed to gain a better understanding of these contexts (Helbich, 2018; Reichert et al., 2020). In this regard, real-time data assessment methods, such as ambulatory assessments (AA), have been proven to provide more accurate data of dynamic processes and environmental context-specific associations as well as affective states, compared to retrospective assessments methods that can produce biased data (Fahrenberg et al., 2007; Wilhelm and Schoebi, 2007; Ebner-Priemer and Trull, 2009; Dunton, 2017). Furthermore, to investigate health and behavior outcomes of complex momentary exposures in the (social- and physical-) environmental context, the addition of global position system (GPS) tracking has been shown to be a valuable add-on (Chaix, 2018; Reichert et al., 2021). In the context of this work, this means that by combining AA and GPS, it is possible to research momentary affect right in situations, in which individuals are walking outside, while also accounting for the specific environmental exposure in these situations. That the collection of data in an aforementioned way is feasible, has been shown by the authors of this paper (Kanning et al., 2022 (preprint)), and in addition, a better understanding of such time-varying relationships can provide further information about how to promote health-enhancing neighborhoods.

To our knowledge, no study has explicitly examined how social interaction and surrounding environmental greenness are associated with momentary affective states in walking situations in everyday life. One study did implement an illustrative smartphone design and examined physical (monotone–varied, dull–exciting), emotional (passive-active, sad–glad), and social (in company, social purpose of the trip) outcomes of walking, but only for a limited sample size of university students, focusing on safety and excitement issues, and without a triggered design (students were told to fill out a questionnaire either after walking for 5 min or retrospectively) (Ettema and Smajic, 2015). Contrary to the previously described data collection methods, incorporation of AA with GPS provides researchers with multiple additional benefits: It allows them to identify walking routes and implement corresponding event-based triggers, and to assess corresponding environmental features (e.g., greenness via subsequent imputation of Geographic Information System (GIS) data) in these situations, which enables comparison of different objective environmental features regarding their impact on affective states right in the corresponding situations. Extended knowledge about such event-specific associations between the environmental context and individuals’ wellbeing in everyday life is needed to aid in decision processes regarding the design of healthy places, where individuals reside. Therefore, this study implemented walking-triggered e-diaries to examine how social interaction and surrounding greenness are associated with individuals’ momentary affective states during walking episodes in everyday life. The following hypotheses, based on two predefined main effects, i.e., greenness, social interaction, and their association with affective states were formulated: in everyday life situations, in which individuals are walking outside, greenness and social interaction are positively associated with momentary affective states. In addition, we hypothesized an interaction effect between social interaction and greenness.



Materials and methods


Recruitment of the study participants

Subjects for this study were recruited in a two-step process. In a first step, 219 persons from several preselected urban residential areas answered a cross-sectional online questionnaire. In the second step, upon finishing the online questionnaire, participants were able to voluntarily participate in the AA by choosing one of the multiple available timeframes. Inclusion/exclusion criteria were as follows: age ≥ 18, no underlying physical- or mental health conditions (i.e., no restraints preventing them from being physically active, depression, etc.), an understanding of the German language, and living in a (sub-)urban residential area. A personal movement profile and an incentive of 50€ per participant were offered for participation through to completion. Participants had a mean age of 41.2 ± 13.2, and 52.17% were female, Table 1 depicts the characteristics of the study participants.



TABLE 1 General characteristics of the study participants and data included in the analysis.
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Study design

This study implemented walking-triggered e-diaries to assess participants’ affective states in everyday life during walking episodes (Kanning et al., 2022 (preprint)). We used a new AA-trigger approach not only ascertaining the subjects’ affective states in everyday life but also accounting for subjective social interaction intensity and objective environmental greenness during walking episodes. This was accomplished using a study design with an interconnected technical interface between a smartphone (for electronic diaries, GPS- and transmission tower location tracking) and a hip-worn accelerometer. The two devices were coupled via Bluetooth, using the movisensXS-App (movisens GmbH, 2022)1. The accelerometer (Move 3, movisens GmbH2) has an internal memory card, a sampling frequency of 64 Hz, and can capture movement acceleration and body positions within a range of ±16 g (movisens GmbH2). Furthermore, the Move 3 has the advantage of being validated for documenting body positions and movement acceleration (Anastasopoulou et al., 2014; Giurgiu et al., 2020). The e-diaries were programmed to only be triggered upon several conditions: (1) Whenever movement acceleration exceeded a predetermined threshold (movement acceleration > 0.1 g for at least 1 min); (2) participants’ location was identified as non-stationary (i.e., a 100 m radius of a central position was left). If conditions were met, the cell phone vibrated, made an acoustic sound, and displayed a prompt to fill out e-diaries. Prompts remained active until the participant answered or actively rejected answering (if not rejected: Sound/vibration duration: 10 s; display duration: 50 s; number of alarms/reminder: 5; maximum delay time: 20 s). It took about 1 min to fill out the prompted questionnaires. Data was collected between 6 am and 10 pm.



Procedure

After participants finished the online questionnaire and opted in for participation in the AA, an initial phone call to reassure their wish to participate in the study was done. Participants received oral and written information regarding the study procedures before written informed consent was obtained. Full ethical approval for this study as part of the AMbit project was obtained from the University of Konstanz (IRB18KN010–004, October 29, 2018). Next, participants were contacted again via telephone on the day their personal package with study items (smartphone-sensor combination) was sent to them. Moreover, participants were instructed on how to use the study smartphone and accelerometers. In addition, the phone call was used to provide the individuals with further information about the approximate arrival of their study items, general information, how to access the introduction/usage video, and contact/support options. The monitoring period usually started on Monday and was conducted for nine consecutive days, to collect data on both weekdays and weekends (the first and the last day were not included in the analysis, resulting in seven consecutive days ultimately being included in the analysis). Participants were required to carry the study items with them at all times while being awake, aside from non-compatible activities (e.g., sleeping, showering, swimming). After completion of the study, the participants sent the study items back and received the incentives, along with a personal movement profile.



Data processing

After the study, we checked for and excluded incomplete data (i.e., technical problems and missings like ID unassignable: n = 8, no GPS-data: n = 5, accuracy >20 m and no street network point available: n = 11). Ultimately, the data of 46 participants remained eligible for inclusion in the analysis. In the next step, the raw acceleration data from the Move 3 were downloaded and implemented in the manufacturer’s data software ‘DataAnalyzer’ (v.1.13.5; 1.13.7; movisens GmbH3). Next, data were processed in 1-min intervals by the software, and a bandpass filter (0.25 to 11 Hz) automatically removed unwanted data components (i.e., gravitational components, artifacts, sensor shocks, etc.). Non-wear time (wear-time < 7 days, < 8 h per day) was identified via the aforementioned software and reassigned as missing values (NAs). In the next step, the e-diaries and GPS data from the smartphones had to be allocated to the concomitant accelerometer data. This was done by uploading the smartphone data to the movisensXS browser-APP, where it was processed, and downloaded, to merge the smartphone and accelerometer data with the manufacturer’s software ‘DataMerger’ (v.1.8.0; movisens GmbH3). After merging the different data into the final combined dataset, it was implemented in R (R Core Team, 2021) and RStudio (RStudio Team, 2021) for statistical data analysis.




Measures


Momentary affective states

To assess affective states, a shortened version of the Multidimensional Mood Questionnaire was used (Steyer et al., 1997). The scale was developed and validated for use in AA studies and homogeneity of the scale items was evaluated by Wilhelm and Schoebi (2007) for both within- and between-subject levels and satisfactory internal consistency attested. It measures affective states with three dimensions (valence, calmness, energetic arousal). Further, the scale consists of 2 items per dimension that are ordered as semantic differentials and measures the intensity of the affective states (i.e., for valence: unwell-well, discontent-content; for calmness: relaxed-tense, calm-agitated; and for energetic arousal: tired-awake, without energy-full of energy). Participants answered the triggered prompts (“At this moment, I feel…”) on a 6-point-Likert scale with a left- (e.g., 1 - unwell) and right extreme (e.g., 6 - well), and the score for each dimension was derived by averaging the corresponding item scores. Using the aggregated data across the participants, Cronbach’s alpha was computed for each dimension, resulting in a value of 0.85 for valence, 0.86 for calmness, and 0.81 for energetic arousal in this study.



Social interaction

To collect data on social interaction, we developed an instrument to assess social interactions in daily life: It is based on the taxonomy of social activities from Levasseur et al. (2010) who propose 6 proximal to distal intensities of social activities, based on the concomitant goal: i.e., (1) doing an activity in preparation for connecting with others, (2) being with others, (3) interacting with others without doing a specific activity with them, (4) doing an activity with others (5) helping others, and (6) contributing to society (Levasseur et al., 2010). Since this study is researching affective states of individuals in situations of walking episodes, we decided to modify the taxonomy to better fit the circumstance of walking by describing the magnitude of interactions of the participants in 4 ascending intensities: (1) doing an activity alone (walking); (2) being with others (alone but with people around, i.e., someone is at least in sight); (3) interacting with others (social contact) without doing a specific activity with them (e.g., greeting someone); (4) doing an activity with others (we assume that an individual interacts with another when walking together). Figure 1 depicts an overview of the 4 intensities and the conditions for each.

[image: Figure 1]

FIGURE 1
 Overview of the 4 (in magnitude ascending) social interaction intensities (intensity 1–4) that are based on the taxonomy of social activities from Levasseur et al. (2010). Boxes with regular contour strength depict the prompted questions (A, B, C) and concomitant answer options, upon which the social interaction intensity was determined (bold boxes) (own depiction).




Greenness

The greenness was determined via GIS as a percentage of the green and blue areas within the potential viewshed of the participants (= the area visible by a participant from a corresponding location) at the location of a triggered e-diary (= observation). In the first step, the trigger points were filtered and corrected in terms of location: Only locations within the city of Stuttgart with an accuracy of fewer than 20 m were included in the analysis. High accuracy of the location data is required for the calculation of the viewshed. If the location is too imprecise, buildings, for example, can significantly influence the viewshed. These observations were relocated to the nearest point of the street network of OpenStreetMap (OSM4) (maximum 30 m; OpenStreetMap contributors, 2015). The next step was to create a surface model to determine the viewshed. Chaix (2018) recommends focusing on a small scale (50 m or 100 m), which represents a viewshed. We pushed it forward and calculated a potential viewshed (Chaix, 2018; see also Tost et al., 2019). The viewshed of each location of the questionnaire (GPS) is bounded by buildings and the topography. The buildings from OSM were given a height of 8 m and were converted to a raster image. The European Digital Elevation Model was bilinearly resampled to 50 cm. The values of both raster images were added. Based on the position-corrected location and the surface model, a potential viewshed was calculated using the software ArcMap5 10.6.1 by ESRI6 (ESRI, 2010). The maximum distance of sight is 100 m (Labib et al., 2020; Boakye et al., 2021). Smaller gaps within the viewshed, which were caused by the edges in the elevation model, were filled. The green areas (grassland, forest) including water bodies were extracted from a land cover classification based on Sentinel-2 data7 for the year 2020 with a 10 m × 10 m resolution (data license by-2-0, own calculation; mundialis GmbH & Co. KG, 2020). The classification was developed within the incora project (see BMVI, 2018).8 This classification that we used was the closest classification to the time of data collection, as participants were recruited from July 2020 until December 2020. It consists of the following landcover classes: forest, low vegetation, water, built-up, bare soil, agriculture (mundialis, 20217). Each pixel is completely assigned to one landcover class and we used forest, low vegetation, and water as green and blue spaces. The sum of all 391 viewsheds included in the analysis is 4.373 km2. Of these, 2.371 km2 are made up of built-up, bare soil, and agriculture combined, 0.908 km2 are covered by forest, 1.091 km2 by low vegetation, and 0.003 km2 (or 0.17%) by water. The proportion of greenness results from the proportion of the viewshed that is covered with greenspace (mean: 33.79%, min/max: 0–100%; SD: 32.17). Labib et al. used a similar approach by using a digital surface model, a digital terrain model, and a land cover map to estimate greenness visibility (Labib et al., 2020). Figure 2 depicts the study location, the locations of the triggered questionnaires, and the types of land coverage.
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FIGURE 2
 Study location, questionnaire locations, and the types of land coverage.




Covariates

The covariates for this study are derived from a self-report online questionnaire (comp. Recruitment and selection of study participants), which the participants filled out prior to the start of this study. Covariates consisted of participants’ demographics, i.e., age, sex, and educational level. The covariates age and sex were included in the models and also used to check for cross-level interaction effects (educational level was not included as over 80% of the study sample had at least a higher school certificate).




Data analyses

To analyze the between- and within-subject relationships between affective states, social interaction intensities, greenness, along with the cross-level interactions with the covariates, the hierarchical structure of the data must be considered. It is important to mention that the data are not independent, but dependent. Thus, multilevel modeling (MLM) instead of regular regression was implemented. MLM has several advantages, for example, it is especially suited for experimental studies with repeated measures, allows incomplete data to still be included in the analysis, and allows examining nested observations (for more information, see Hoffman and Rovine, 2007). In this study, the repeated measurements of the affective states, social interaction intensities, and greenness represented level 1 (situation-level) and were nested within the participants (person-level), representing level 2. Mixed-effects multilevel modeling with restricted maximum likelihood (REML, iterative process) estimations was implemented using R and the corresponding lmer() function from the lme4 package (alpha level p < 0.05). Tables for reporting the findings of the final models were generated using the ‘sjPlot’ package (Lüdecke, 2021).

To investigate our hypotheses for each of the three affective states, we conducted separate series of multilevel models in the following step-up approach: First, a null model was conducted, and the variance components were extracted to check for intraclass correlation coefficient (ICC), determining how much of the variation is explained by between- vs. within-person level. Next, the predictors were added consecutively at the situational level, to test the direct effects of social interaction intensities (SI) and greenness (Green) on the affective states. Next, we tested whether random slopes significantly improve the model fits. Finally, the control variables (Sex and Age) and interaction terms (SI*Green) were added consecutively to each of the three affect models to further test our hypotheses. Note: As neither adding random slopes nor adding the interactions improved the model fit, they were both excluded from the equations depicted below. In sum, this led to the following equations (the final equations depict the for all outcome variables best model, a random intercept, fixed slope model):
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On level 1 within-participant effects are calculated. (E1) shows the response of a participant (subscript
i) for either of the three subscales (Yti) for any e-diary case (subscript t). The average intercept of one subscale of affective states for all participants (b0i) and the predictors from the situation level (level 1) is depicted as Y
ti. The predictors are group-mean-centered with “group” referring to a participant. This enables disaggregation of between- and within-subject effects (Raudenbush and Bryk, 2002). rti represents the level 1 (situation level) random error. On Level 2 between-subject effects are assessed, and the fixed-, and random effects and covariates (sex, age; grand-mean-centered) are included. μ0i is the level two random error. Similar to the level 1 random error, the assumption for the random error of level 2 is to be multivariate and normally distributed (expected values of “0” for both). Moreover, all non-significant effects (p > 0.05) of the different models were removed to clarify the result presentation.

Furthermore, the level 1 predictors (SI, Green) were standardized, to interpret the degree of their effects on valence, calmness, and energetic arousal, respectively. In addition, as SI was a four-category predictor and to enable interpretation, it was dummy coded: intensity 1 of SI as the reference category, to discriminate and compare situations where participants were alone vs. intensity 2, 3, 4 of SI, which represent situations in which participants experienced social interactions with ascending intensity (Yaremych et al., 2021). This resulted in three dummy variables (intensity 2 = D1, intensity 3 = D2, intensity 4 = D3), depicted in the equations summed as SI for easier reading. The standard deviations were retrieved from the mean of the sample for every predictor from level 1 as well as from the averaged within-participant mean of valence, calmness, and energetic arousal, respectively.



Results


Descriptive statistics

The 46 Participants ultimately provided a total of 391 observation data points: Walking-triggered e-diaries revealed 1840 prompts in total, of which 1,206 have been answered, resulting in a compliance rate of 65.5%. However, data condition criteria resulted in a reduction of data usable in the analysis. Note that the majority of data reduction was unavoidable because of the necessity of valid GPS data needed for the determination and calculation of the viewshed green. Also note that the analysis and result presentation is focused on greenness only and not blue spaces. We did not conduct a separate analysis for the blue spaces as only 0.17% (i.e., 0.003 km2) of all green and blue spaces in the participants viewsheds in the respective trigger situations were actual blue spaces. We included the few data regarding blue spaces as greenness, because they have similar and comparable associations with mental health (Claßen and Bunz, 2018) (for more information see section ‘Greenness’). Data reduction occurred due to the following: observation points with GPS: 758; GPS accuracy <20 m: 519; within city-boarders: 471; street network range < 30 m: 470; no allocation possible between online questionnaire and AA participants: 391. Ultimately an average of 8,5 e-diary entries per subject per assessment period of 7 days were available (min = 1, max = 48, SD = 10.55). The ICC for valence, calmness, and energetic arousal were ρI = 0.43, ρI = 0.48, and ρI = 0.56, respectively, indicating that 57, 52, and 44% of the variation were caused by within-person level. The variables’ distribution fit the requirements for multilevel analysis. The descriptive statistics for all the variables that have been used in the analysis can be found in Table 1. Note that while not explicitly including walking episodes in the analysis, in 373 of the 391 cases included in the analysis, the following amount of steps were recorded in the 180 s prior to the prompts per participant: mean = 193.27, SD = 95.46. In addition, fixed and random effects of all three subscales of momentary affective states are depicted in Table 1. Next, the main effects of the covariates are described for each subscale of affect separately.



Affect subscale valence

The following results from the best fit model can be reported (Table 2): Regarding the social interaction intensities during walking episodes, valence was not significantly predicted by the intensities of social interaction participants indicated (D1: p = 0.41; D2: p = 0.24; D3: p = 0.17). This is contrary to our expectations, i.e., no matter the intensity of indicated interaction, participants did not show higher values of valence. Also contrary to our expectations, greenness was not a significant predictor of valence (p = 0.71). Furthermore, no interaction effects were found between social interaction intensities and greenness, and none between the fixed effects and the covariates. No differences were found concerning age and none between men and women.



TABLE 2 Multilevel-model analysis results for the associations of social interaction intensity (D1-D3) and greenness (Green) on the affective state dimension valence.
[image: Table2]



Affect subscale calmness

Calmness (see Table 3), in accordance with our assumptions, was significantly predicted by both social interaction intensities and greenness during walking episodes, with both a higher intensity of interaction and more greenness resulting in participants indicating to be more calm. But, not all three social interaction intensities showed significant associations, i.e., compared with situations in which participants were alone or interacted shortly with someone (D1: p = 0.34; D2: p = 0.24), they felt calmer when walking together with someone (D3): The effect for D3 shows that participants, who interacted with someone while walking had a 0.16 (p = 0.02) points higher score for calmness than those persons who did not interact. Regarding greenness, an increase of 1 SD of greenness led to an increase in calmness of 0.09 (p = 0.01), i.e., more calm participants. Similar to subscale valence, no significant interactions were found. Furthermore, no difference between men and women, and none regarding age were identified regarding the level of calmness, and none for the level 1 effects of the predictors.



TABLE 3 Multilevel-model analysis results for the associations of social interaction intensity (D1-D3) and greenness (Green) on the affective state dimension calmness.
[image: Table3]



Affect subscale energetic arousal

During the examined walking episodes, both the intensities of social interaction and greenness significantly predicted energetic arousal (see Table 4). But, in this case, the comparison showed a significant association between a different intensity level with energetic arousal: Specifically, the effect for D2 shows that participants, who interacted shortly with someone during their walk had a 0.13 (p = 0.02) points higher score for energetic arousal than those who did not interact at all or those who interacted with someone while walking (D1: p = 0.22; D3: p = 0.19). Regarding greenness, the results show that an increase of greenness of 1 SD led to an increase in energetic arousal of 0.08 (p = 0.02), indicating more energized participants. In accordance with the other momentary affective state dimension, we found no significant effects regarding the interactions of the predictors. Last, as for Valence and Calmness, no differences were found between women and men.



TABLE 4 Multilevel-model analysis results for the associations of social interaction intensity (D1-D3) and greenness (green) on the affective state dimension energetic arousal.
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Discussion

This study aimed to examine associations between social- and physical environmental factors and affective states during walking episodes in urban areas. In addition, we implemented an innovative AA approach, using a combination of GPS- and walking-triggered e-diaries to identify situations of walking episodes. Concerning the hypothesized associations of this study, mixed findings were reported with the following implications:

Contrary to our hypothesis, the affective state of valence was not significantly associated with the intensity of social interaction. This is not in line with findings from Bernstein et al. (2018), who used a study design with 6 semi-random prompts per day over three days upon which participants indicated social interaction and the pleasantness of that interaction, showing more happiness in situations with social interactions. Another study by Monninger et al. (2022) linked social interactions to higher positive affect, but instead of asking the participants “live” in the situations, they indicated the number and quality of social contacts in the last 2 h prior to a prompt. It follows that the three approaches produce different findings, which leads to questions about the eligibility of the different assessment methods and the comparison of findings. Also contrary to our predictions, no association between valence and greenness in the situations in which e-diaries were triggered was found. A possible explanation for this finding could be that the exposure to greenspace was only measured as a percentage of surrounding green right in the moment of the triggered e-diary. This amount of green can often be little compared to a cumulative greenspace exposure that sums up the amount of green along a walking route or a certain time-span, and thus might not be “enough” to have an effect on individuals’ valence. For example, Tost et al. (2019) did find higher valence ratings for participants that were surrounded by a lot of urban vegetation by analyzing viewshed green, greenspace exposure 5 min prior to a valence rating, as well as exposure to green over the course of a week. Furthermore, the results show that regarding valence neither the effect of intensity of social interaction nor that of greenness depend on each other, as their interaction did not show any significant associations with valence.

Most strikingly, and confirming our hypothesis regarding the affective subscale calmness, our results show significant independent associations with both social interaction intensity and greenness during walking episodes. To be precise, participants, who walked together with someone during their walk (= D3), and those who were walking in a greener environment, indicated to be more calm/relaxed. This association between walking together with someone (= D3) and calmness can be explained by a calming/relaxing and supportive effect of being and interacting with someone familiar. Supporting this, e.g., Smyth et al. (2014) found social support to decrease negative mood and to predict less stress severity, and in addition, Schwanen and Wang (2014) also found a positive effect of (close) social contacts (e.g., friends, companions) during activities on wellbeing. The finding that more environmental green was associated with more calm/relaxed individuals’ is in line with the finding of Nutsford et al. (2013), who found that both observable and usable greenspace in urban environments can protect against mood and anxiety disorders. This indicates that people who live in urban environments that are often characterized by negative environmental influences and stimuli like (traffic-) noise, or dull and monotonous surroundings, profit from both social interactions and greenness by helping individuals to remain- or calm down and be more relaxed. As urban populations continue to grow, such calming effects of the social- and physical environment may help to mitigate overstimulation and ultimately aid as protective factors. Also, as for valence, the interaction of greenness and social interaction level did not show significant associations with calmness. This indicates that these effects might not need to co-occur. However, future studies are needed to research these aspects further.

Regarding the third affective state dimension energetic arousal, we also found significant independent associations, with both a higher intensity of social interaction and more greenness resulting in increased energetic arousal. One might conclude that the identified calming effect of both social interactions and greenness as presented for calmness could mitigate higher arousal levels and thus be counterintuitive to these results, but the following has to be considered: First of all, the momentary affective states scales are semantic differentials (compare with section ‘measures’), i.e., being ‘relaxed’ (calmness) does not mean being ‘tired’ (energetic arousal), or being ‘calm’ does not mean, a person is not full of energy. Thus, a person that feels relaxed in a (green) environment can still be tired or awake. Also, on the one hand, contrary to the findings for calmness, only situations, in which subjects were walking outside and had a short interaction with someone (= D2) were significantly associated with energetic arousal. That implies that a more sudden, unexpected interaction has more of an effect on energetic arousal, compared to a calming/relaxing effect when walking with someone familiar (= D3). On the other hand, supporting evidence for the finding of increased energetic arousal after a short walking bout stems from Reichert et al. (2017), who showed that already non-exercise activity increases energetic arousal. Thus, even though Reichert et al. (2017) investigated a time span of 15 min vs. the 100 m and approximately 1–2 min span in our study, we can report similar findings. Next, the finding that more greenness in the participants’ viewshed led to an increase in energetic arousal can be seen as a consequence of individuals feeling awake, and energized when being in a more green environment, compared to more dull experience in environments with no or less environmental green (= urban areas). Supporting evidence comes from Beute and de Kort (2018), who implemented an ecological momentary assessment to assess how nature (and daylight) effect affect and stress of subjects with and without depression and who found positive associations between the exposure to nature (and daylight) and energy levels. In another study, Markevych et al. (2017), attest greenspace restoring capacities, i.e., greenspace helps to reduce stress, restore attention, and elicit positive emotions in general. But, concerning the small effect of greenness, implications have to be considered with caution, as a stronger effect was expected with regard to findings from other studies (e.g., compare McMahan and Estes, 2015). In future steps, a combination of prompts at the beginning of a walking bout and after several minutes may provide further insight into time-dependencies of the effect of social interactions and greenness on energetic arousal levels.

By implementing a new study design with walking-triggered e-diaries, a novel approach to measure social interactions, and additionally enriching the assessed data with subsequently imputed environmental data, we were able to collect data regarding environmental factors and their association with momentary affective states in walking situations. The knowledge about the feasibility of this data assessment method should be used to collect further data in different residential environments. Also, these assessments should include additional environmental factors (e.g., noise, blue spaces), and PA measures to control for the role PA plays in these associations and to increase the informative value of the results of this study and also, to continuously improve data collection methodology. Besides our study design being feasible, several limitations have to be considered. First, only data from 46 participants, and a total of 391 measurements were included in the analysis, which is a comparatively low number for multilevel analysis. But, calculating the viewsheds instead of simple buffers requires a higher accuracy of the GPS signal. In our analysis, we used a GPS accuracy of at least 20 m. As a consequence, data with a lower accuracy was lost. Within built-up areas, GPS accuracy decreases because tall buildings affect the GPS receiver’s contact with the satellites. For example, Schipperijn et al. (2014) report an average accuracy of 11.5 m while walking within urban canyons, with a standard deviation of 14 m. Second, we did not apply multiple testing correction for the p-values, which could theoretically lead to the by chance discovery of significant results; however, as our design is experimental, to do no correction is reasonable (Goeman and Solari, 2011). Also, as is often the case, our study sample consisted of 81% individuals with a high education level, making generalizations difficult. Third, future studies should consider combining the present research approach with the additional inclusion of measurements of blue spaces, if such data is present in the respective locations, as blue spaces have been shown to have comparable positive associations with individuals wellbeing and mental health and thus might add important information (Kistemann and Völker, 2014; Grellier et al., 2017; Claßen and Bunz, 2018). Also, future studies should consider to investigate greenness and social interaction in inactive outside-of-home episodes to compare environmental influences on affective states in active vs. non-active situations. Fourth, albeit no severe restrictions like curfews being in place during the time of data collection, data were collected during the Covid-19 pandemic, which led to many changes in individuals’ daily lives and routines, which could hinder comparability. Also, to identify, whether long-term exposure to certain social- and physical environments leads to the development of chronic conditions, it is necessary to combine short-term data collection (i.e., days, weeks) with long-term data collection (i.e., months, years; Chaix, 2020). Furthermore, with the secondary environmental data used in this study, we cannot specify what kind of green exactly led to the observed effect. That is, we cannot determine that the effect of greenness actually stems only from the context of a green environment, i.e., the observed effect might actually also come from other confounding factors like bird noise or a calm environment and may as well depend on weather conditions and not only on the environmental green itself. Thus, future research should try to incorporate measurement methods that can more specifically identify an effect of green itself and should account for the weather conditions as well.

To conclude, we were able to implement a new data assessment method that allows accounting for social- and physical environmental factors and their impact on momentary affective states right in the corresponding situations in which they are present. Usage of the assessment method of this study together with the findings from this study can aid decision-makers regarding the creation and design of more healthy and livable residential areas. Also, our results support the calls from different research fields for stronger incorporation of social- and environmental factors when planning, designing, and evaluating ways to promote walking/active mobility and public health in urban environments.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving human participants were reviewed and approved by University of Konstanz (IRB18KN010–004, October 29, 2018). The patients/participants provided their written informed consent to participate in this study. The study fully conformed to the Declaration of Helsinki and the ethics guidelines of the German Psychological Society.



Author contributions

LB: conception of the manuscript, analysis and interpretation of data, writing original draft, data acquisition. JS: GIS-data acquisition and data analysis, revising the manuscript. MK: overall conception and design of the study, revising the manuscript. CN: overall conception and design of the study, revising the manuscript. All authors were involved in critically revising the manuscript, and have given their approval for submitting the manuscript.



Funding

This study was part of the AMbit project that was funded by the Deutsche Forschungsgemeinschaft, Germany (grant 421868672). Open Access funding was enabled by the Open Access Publishing Fund of the University of Konstanz.



Acknowledgments

We acknowledge support from Deutsche Forschungsgemeinschaft and the Open Access Publishing Fund of the University of Konstanz.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Footnotes

1https://www.movisens.com/en/products/movisensXS/

2https://www.movisens.com/en/products/

3https://www.movisens.com/en/products/

4https://www.openstreetmap.org/

5https://www.esri.com/de-de/arcgis/products/arcgis-desktop/resources

6https://www.esri.com/

7https://www.mundialis.de/en/deutschland-2020-landbedeckung-auf-basis-von-sentinel-2-daten/

8https://www.bmvi.de/SharedDocs/DE/Artikel/DG/mfund-projekte/incora.html



References

 Anastasopoulou, P., Tubic, M., Schmidt, S., Neumann, R., Woll, A., and Härtel, S. (2014). Validation and comparison of two methods to assess human energy expenditure during free-living activities. PLoS One 9:e90606. doi: 10.1371/journal.pone.0090606 

 Bernstein, M. J., Zawadzki, M. J., Juth, V., Benfield, J. A., and Smyth, J. M. (2018). Social interactions in daily life: within-person associations between momentary social experiences and psychological and physical health indicators. J. Soc. Pers. Relat. 35, 372–394. doi: 10.1177/0265407517691366

 Beute, F., and de Kort, Y. A. (2018). The natural context of wellbeing: ecological momentary assessment of the influence of nature and daylight on affect and stress for individuals with depression levels varying from none to clinical. Health Place 49, 7–18. doi: 10.1016/j.healthplace.2017.11.005 

 Biddle, S. (2016). Physical activity and mental health: evidence is growing. World Psychiatry 15, 176–177. doi: 10.1002/wps.20331 

 Boakye, K. A., Amram, O., Schuna, J. M., Duncan, G. E., and Hystad, P. (2021). GPS-based built environment measures associated with adult physical activity. Health Place 70:102602. doi: 10.1016/j.healthplace.2021.102602 

 Bourke, M., Hilland, T. A., and Craike, M. (2021). Contextual influences on the within-person association between physical activity and affect in adolescents: an ecological momentary assessment study. J. Behav. Med. 44, 296–309. doi: 10.1007/s10865-020-00197-4 

 Brand, R., and Ekkekakis, P. (2018). Affective–reflective theory of physical inactivity and exercise. German J. Exerc. Sport Res. 48, 48–58. doi: 10.1007/s12662-017-0477-9

 Brose, A., Lindenberger, U., and Schmiedek, F. (2013). Affective states contribute to trait reports of affective well-being. Emotion 13, 940–948. doi: 10.1037/a0032401 

 Chaix, B. (2018). Mobile sensing in environmental health and neighborhood research. Annu. Rev. Public Health 39, 367–384. doi: 10.1146/annurev-publhealth-040617-013731 

 Chaix, B. (2020). How daily environments and situations shape behaviors and health: momentary studies of mobile sensing and smartphone survey data. Health Place 61:102241. doi: 10.1016/j.healthplace.2019.102241 

 Clark, L. A., and Watson, D. (1988). Mood and the mundane: relations between daily life events and self-reported mood. J. Pers. Soc. Psychol. 54, 296–308. doi: 10.1037/0022-3514.54.2.296 

 Claßen, T., and Bunz, M. (2018). Contribution of natural spaces to human health and wellbeing. Bundesgesundheitsblatt Gesundheitsforschung Gesundheitsschutz 61, 720–728. doi: 10.1007/s00103-018-2744-9 

 Dunton, G. F. (2017). Ecological momentary assessment in physical activity research. Exerc. Sport Sci. Rev. 45, 48–54. doi: 10.1249/JES.0000000000000092 

 Ebner-Priemer, U. W., and Trull, T. J. (2009). Ecological momentary assessment of mood disorders and mood dysregulation. Psychol. Assess. 21, 463–475. doi: 10.1037/a0017075 

 Ekkekakis, P., Backhouse, S. H., Gray, C., and Lind, E. (2008a). Walking is popular among adults but is it pleasant? A framework for clarifying the link between walking and affect as illustrated in two studies. Psychol. Sport Exerc. 9, 246–264. doi: 10.1016/j.psychsport.2007.04.004

 Ekkekakis, P., Hall, E. E., and Petruzzello, S. J. (2008b). The relationship between exercise intensity and affective responses demystified: to crack the 40-year-old nut, replace the 40-year-old nutcracker! Ann. Behav. Med. 35, 136–149. doi: 10.1007/s12160-008-9025-z 

 ESRI, (2010). ArcGIS, ArcMap (Version 10.6.1). ESRI: https://www.esri.com/. Available from https://www.esri.com/de-de/arcgis/products/arcgis-desktop/resources (Accessed December 02, 2021).

 Ettema, D., and Smajic, I. (2015). Walking, places and wellbeing. Geogr. J. 181, 102–109. doi: 10.1111/geoj.12065

 Fahrenberg, J., Myrtek, M., Pawlik, K., and Perrez, M. (2007). Ambulatory assessment-monitoring behavior in daily life settings. Eur. J. Psychol. Assess. 23, 206–213. doi: 10.1027/1015-5759.23.4.206

 Giurgiu, M., Niermann, C., Ebner-Priemer, U., and Kanning, M. (2020). Accuracy of sedentary behavior–triggered ecological momentary assessment for collecting contextual information: development and feasibility study. JMIR Mhealth Uhealth 8:e17852. doi: 10.2196/17852 

 Goeman, J. J., and Solari, A. (2011). Multiple testing for exploratory research. Stat. Sci. 26, 584–597. doi: 10.1214/11-STS356

 Grellier, J., White, M. P., Albin, M., Bell, S., Elliott, L. R., Gascón, M., et al. (2017). BlueHealth: a study programme protocol for mapping and quantifying the potential benefits to public health and well-being from Europe's blue spaces. BMJ Open 7:e016188. doi: 10.1136/bmjopen-2017-016188 

 Guite, H. F., Clark, C., and Ackrill, G. (2006). The impact of the physical and urban environment on mental well-being. Public Health 120, 1117–1126. doi: 10.1016/j.puhe.2006.10.005 

 Gunaydin, G., Oztekin, H., Karabulut, D. H., and Salman-Engin, S. (2021). Minimal social interactions with strangers predict greater subjective well-being. J. Happiness Stud. 22, 1839–1853. doi: 10.1007/s10902-020-00298-6

 Hanson, S., and Jones, A. (2015). Is there evidence that walking groups have health benefits? A systematic review and meta-analysis. Br. J. Sports Med. 49, 710–715. doi: 10.1136/bjsports-2014-094157 

 Helbich, M. (2018). Toward dynamic urban environmental exposure assessments in mental health research. Environ. Res. 161, 129–135. doi: 10.1016/j.envres.2017.11.006 

 Helliwell, J. F. (2012). “Understanding and improving the social context of well-being,” NBER Working Paper No. 18486. Cambridge, MA: National Bureau of Economic Research.

 Helliwell, J. F., and Putnam, R. D. (2004). The social context of well–being. Philos. Trans. R. Soc. Lond. B Biol. Sci. 359, 1435–1446. doi: 10.1098/rstb.2004.1522 

 Hoffman, L., and Rovine, M. J. (2007). Multilevel models for the experimental psychologist: foundations and illustrative examples. Behav. Res. Methods 39, 101–117. doi: 10.3758/BF03192848 

 Jennings, V., and Bamkole, O. (2019). The relationship between social cohesion and urban green space: an avenue for health promotion. Int. J. Environ. Res. Public Health 16:452. doi: 10.3390/ijerph16030452 

 Kanning, M., Bollenbach, L., Schmitz, J., Niermann, C., and Fina, S. (2022). Analyzing Person-Place Interactions during Walking Episodes: Using an Innovative Ambulatory Assessment Approach of Walking-Triggered E-Diaries (Preprint). Available at: https://www.researchgate.net/publication/360544045_Analyzing_person-place_interactions_during_walking_episodes_using_an_innovative_ambulatory_assessment_approach_of_walking-triggered_e-diaries_Preprint

 Kanning, M. K., Ebner-Priemer, U. W., and Schlicht, W. M. (2013). How to investigate within-subject associations between physical activity and momentary affective states in everyday life: a position statement based on a literature overview. Front. Psychol. 4:187. doi: 10.3389/fpsyg.2013.00187

 Kinnafick, F.-E., and Thøgersen-Ntoumani, C. (2014). The effect of the physical environment and levels of activity on affective states. J. Environ. Psychol. 38, 241–251. doi: 10.1016/j.jenvp.2014.02.007

 Kistemann, T., and Völker, S. (2014). Wie urbane Wasserflächen die Gesundheit fördern. Nachrichten der Akademie für Raumforschung und Landesplanung, 7–10. Available at: https://shop.arl-net.de/media/direct/pdf/nachrichten/2014-4/NR-4-2014_Kistemann_S7-10_online.pdf (Accessed September 5, 2022).

 Labib, S., Huck, J., and Lindley, S. (2020). Greenness Visibility Using Viewshed Analysis: A Pilot Study in Manchester. Paper Presented at the Proceedings of the 28th Annual Geographical Information Science UK Conference.

 Lachowycz, K., and Jones, A. P. (2013). Towards a better understanding of the relationship between greenspace and health: development of a theoretical framework. Landsc. Urban Plan. 118, 62–69. doi: 10.1016/j.landurbplan.2012.10.012

 Lee, I., and Buchner, D. M. (2008). The importance of walking to public health. Med. Sci. Sports Exerc. 40, S512–S518. doi: 10.1249/MSS.0b013e31817c65d0

 Levasseur, M., Richard, L., Gauvin, L., and Raymond, É. (2010). Inventory and analysis of definitions of social participation found in the aging literature: proposed taxonomy of social activities. Soc. Sci. Med. 71, 2141–2149. doi: 10.1016/j.socscimed.2010.09.041 

 Liao, Y., Shonkoff, E. T., and Dunton, G. F. (2015). The acute relationships between affect, physical feeling states, and physical activity in daily life: a review of current evidence. Front. Psychol. 6:1975. doi: 10.3389/fpsyg.2015.01975

 Lüdecke, D. (2021). sjPlot: Data Visualization for Statistics in Social Science. Available at: https://cran.r-project.org/web/packages/sjPlot/sjPlot.pdf (Accessed June 14, 2022).

 Markevych, I., Schoierer, J., Hartig, T., Chudnovsky, A., Hystad, P., Dzhambov, A. M., et al. (2017). Exploring pathways linking greenspace to health: theoretical and methodological guidance. Environ. Res. 158, 301–317. doi: 10.1016/j.envres.2017.06.028 

 McMahan, E. A., and Estes, D. (2015). The effect of contact with natural environments on positive and negative affect: a meta-analysis. J. Posit. Psychol. 10, 507–519. doi: 10.1080/17439760.2014.994224

 Monninger, M., Aggensteiner, P.-M., Pollok, T. M., Reinhard, I., Hall, A. S., Zillich, L., et al. (2022). Real-time individual benefit from social interactions before and during the lockdown: the crucial role of personality, neurobiology and genes. Transl. Psychiatry 12, 1–10. doi: 10.1038/s41398-022-01799-z

 movisens GmbH (2022). movisens GmbH, Karlsruhe, Germany. Available at: https://www.movisens.com/en/ (Accessed June 07, 2022).

 mundialis GmbH & Co. KG (2020). Land Cover Based on Sentinel-2 Data; Germany. Available at: https://www.mundialis.de/en/deutschland-2020-landbedeckung-auf-basis-von-sentinel-2-daten/ (Accessed December 02, 2021).

 Newton, J. (2007). Wellbeing and the Natural Environment: A Brief Overview of the Evidence. University of Bath, United Kingdom.

 Nutsford, D., Pearson, A., and Kingham, S. (2013). An ecological study investigating the association between access to urban green space and mental health. Public Health 127, 1005–1011. doi: 10.1016/j.puhe.2013.08.016 

 OpenStreetMap contributors (2015). Planet Dump. Available at: https://planet.osm.org. Available at: https://planet.openstreetmap.org/ (Accessed June 07, 2022).

 Raudenbush, S. W., and Bryk, A. S. (2002). Hierarchical Linear Models: Applications and Data Analysis Methods (1). California, United States, sage.

 R Core Team (2021). R: A Language and Environment for Statistical Computing. Vienna: R Foundation for Statistical Computing.

 Reichert, M., Braun, U., Lautenbach, S., Zipf, A., Ebner-Priemer, U., Tost, H., et al. (2020). Studying the impact of built environments on human mental health in everyday life: methodological developments, state-of-the-art and technological frontiers. Curr. Opin. Psychol. 32, 158–164. doi: 10.1016/j.copsyc.2019.08.026 

 Reichert, M., Giurgiu, M., Brüßler, S., Koch, E., Wunsch, K., Woll, A., et al. (2021). Ambulantes Assessment als Forschungsmethode für Gesundheitsförderung und Prävention. In Forschungsmethoden in der Gesundheitsförderung und Prävention (pp. 351–377): Springer. doi: 10.1007/978-3-658-31434-7_13

 Reichert, M., Tost, H., Reinhard, I., Schlotz, W., Zipf, A., Salize, H.-J., et al. (2017). Exercise versus nonexercise activity: E-diaries unravel distinct effects on mood. Med. Sci. Sports Exerc. 49, 763–773. doi: 10.1249/MSS.0000000000001149 

 RStudio Team (2021). RStudio: Integrated Development Environment for R. Boston: RStudio, PBC.

 Sandstrom, G. M., and Dunn, E. W. (2014). Is efficiency overrated? Minimal social interactions lead to belonging and positive affect. Soc. Psychol. Personal. Sci. 5, 437–442. doi: 10.1177/1948550613502990

 Schipperijn, J., Kerr, J., Duncan, S., Madsen, T., Klinker, C. D., and Troelsen, J. (2014). Dynamic accuracy of GPS receivers for use in health research: a novel method to assess GPS accuracy in real-world settings. Front. Public Health 2:21. doi: 10.3389/fpubh.2014.00021

 Schwanen, T., and Wang, D. (2014). Well-being, context, and everyday activities in space and time. Ann. Assoc. Am. Geogr. 104, 833–851. doi: 10.1080/00045608.2014.912549

 Smyth, J. M., Zawadzki, M. J., Santuzzi, A. M., and Filipkowski, K. B. (2014). Examining the effects of perceived social support on momentary mood and symptom reports in asthma and arthritis patients. Psychol. Health 29, 813–831. doi: 10.1080/08870446.2014.889139 

 Steyer, R., Schwenkmezger, P., Notz, P., and Eid, M. (1997). Der Mehrdimensionale Befindlichkeitsfragebogen MDBF [Multidimensional Mood Questionnaire]. Göttingen, Germany: Hogrefe.

 Sugiyama, T., Leslie, E., Giles-Corti, B., and Owen, N. (2008). Associations of neighbourhood greenness with physical and mental health: do walking, social coherence and local social interaction explain the relationships? J. Epidemiol. Community Health 62:e9. doi: 10.1136/jech.2007.064287 

 Tost, H., Reichert, M., Braun, U., Reinhard, I., Peters, R., Lautenbach, S., et al. (2019). Neural correlates of individual differences in affective benefit of real-life urban green space exposure. Nat. Neurosci. 22, 1389–1393. doi: 10.1038/s41593-019-0451-y 

 Wegener, S., Raser, E., Gaupp-Berghausen, M., Anaya, E., de Nazelle, A., Eriksson, U., et al. (2017). Active Mobility–the New Health Trend in Smart Cities, or Even More? Paper Presented at the REAL CORP 2017–PANTA RHEI – A World in Constant Motion. Proceedings of 22nd International Conference on Urban Planning, Regional Development and Information Society.

 Wiese, C. W., Kuykendall, L., and Tay, L. (2018). Get active? A meta-analysis of leisure-time physical activity and subjective well-being. J. Posit. Psychol. 13, 57–66. doi: 10.1080/17439760.2017.1374436

 Wilhelm, P., and Schoebi, D. (2007). Assessing mood in daily life: structural validity, sensitivity to change, and reliability of a short-scale to measure three basic dimensions of mood. Eur. J. Psychol. Assess. 23, 258–267. doi: 10.1027/1015-5759.23.4.258

 Yaremych, H. E., Preacher, K. J., and Hedeker, D. (2021). Centering categorical predictors in multilevel models: best practices and interpretation. Psychol. Methods. doi: 10.1037/met0000434 [Epub ahead of print] 


OPS/images/fpsyg-13-970336-t001.jpg
Descriptive statistics

Participants N=46

Sex 52% female

Age M=41 (2 13) years
Height M=1752(£7.3) cm
Weight M=7171(+ 139 kg
Education Level (higher school cert 81%
Prompts

Average prompts/assessment period 85

Average steps prior to prompt M=193 (+95)
Compliance 65.5%
Variables

Valence (1-6) M=52(209)
Calmness (1-6) M=48(£10)
Energetic Arousal (1-6) M=46(11)
Social interaction (1-4) Md=3

Greenness (in viewshed) 7% (£322)

M, mean; Md, median; Parameters valence, calmness, energetic arousal (metric scale,
value of 1-6) and social interaction (ordinal scale, value of 1-4) were self-rated, and
greenness was calculated as the percentage of greenness i the participants' viewshed at
red e-diary, ranging from 0 to 100%.

the location of the trig






OPS/images/fpsyg-13-970336-t002.jpg
Valence

Predictors Estimates std.Beta CI Standardized CI P

(Intercept) 052 —0.07 ~0.03-1.07 ~031-0.16 0.064
D1 -0,10 —0.05. ~0.35-0.14 ~0.18-0.07 0412
D2 015 0.07 —0.10-0.41 —0.05-0.20 0247
D3 0.16 0.10 —0.07-0.40 —0.04-025 0.170
Green 0.00 0.02 —0.00-0.00 —0.07-0.10 0715
Sex —0.34 —0.20 —0.71-0.03 —0.41-001 0.068
Age 0.01 021 —0.00-0.03 —0.00-0.42 0.051

Random Effects

041
OParicipant 027
icc 040
f— 46
Observations 391
Marginal R/Conditional R* 0.096/0.454

Standardized, (std.); Beta, s CI, 95% confidence intervals; (p), the level of significances; 6°, within-person Variances o bettveen-person variance; ICC, intraclass correlation coefficient.





OPS/images/fpsyg-13-970336-M1.jpg
L1, Y= bortbu(ST) + by (Greem) 1 1)





OPS/images/fpsyg-13-970336-M2.jpg
= 2,
Level 2 (Intercept): boi = 700 + 701 (Sex) + 702 (Age) + i (2)





OPS/images/fpsyg-13-970336-t003.jpg
Calmness

Predictors Estimates std. Beta CI Standardized CI 4

(Intercept) 0.20 —0.04 —0.44-0.84 ~031-0.23 0540
D1 012 0.06 —0.12-036 —0.06-0.19 0340
D2 0.15 007 ~0.10-0.40 ~0.05-0.20 0247
D3 0.26 0.16 0.03-0.50 0.02-0.31 0.029
Green 0.00 0.09 0.00-0.01 0.02-0.17 0.019
Sex —0.07 —0.04 ~0.50-0.35 ~0.28-0.20 0.728
Age 0.01 0.1 —0.01-0.02 —0.13-0.34 0386

Random effects

0.40
S 0.40
IcC 050
- 46
Observations 391
Marginal R*/Conditional R* 0.026/0.509

Standardized, (td.); Beta, B CI, 95% confidence intervals; (p),the level of significance; o, within-person Yariance: e, between-person variance; ICC, intraclas correlation
coeffcient.





OPS/images/fpsyg-13-970336-t004.jpg
Energetic arousal

Predictors Estimates std. Beta C1 Standardized CI r
(Intercept) 029 001 ~0.44-101 ~0.24-026 0437
D1 016 007 ~0.09-0.41 ~0.04-0.17 0220
D2 031 0.13 0.05-0.57 0.02-0.23 0.021
D3 0.16 0.08 ~0.08-0.41 ~0.04-0.21 0.191
Green 0.00 0.08 0.00-0.01 0.01-0.15 0022
Sex -0.20 —0.09 ~0.67-028 ~0.32-0.13 0418
Age 0.02 021 0.00-0.04 0.01-0.43 0.067
Random effects

043
- 052
IcC 055
- 46
Observations 391
Marginal R*/Conditional R* 0.082/0.585

Standardized, (std.); Beta, s C1, 95% confidence intervals; (p), the level of significance; 6%, within-person Variances T betiveen-person variance; ICC, intraclass correlation coefficient.






OPS/xhtml/Nav.xhtml




Contents





		Cover



		How do people feel while walking in the city? Using walking-triggered e-diaries to investigate the association of social interaction and environmental greenness during everyday life walking



		Introduction



		Materials and methods



		Recruitment of the study participants



		Study design



		Procedure



		Data processing









		Measures



		Momentary affective states



		Social interaction



		Greenness



		Covariates









		Data analyses



		Results



		Descriptive statistics



		Affect subscale valence



		Affect subscale calmness



		Affect subscale energetic arousal









		Discussion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher’s note



















OPS/images/fpsyg-13-970336-g001.jpg
Intensity 3 —
Interacting with others
(social contact) without
doing a specific activity
with them

A: Are you alone B: Other people | | yes | | C: Interacted with
right now? in sight? no someone?
no
Intensity 4

Doing an activity with others

IfB & C =no:

Intensity 1 - Doing an
activity alone

If B = yes & C = no:
Intensity 2 — Being with
others (alone but with
people around)






OPS/images/fpsyg-13-970336-g002.jpg
* Questionnaire
land coverage

I Forest
< st [ Low vegetation
Il Water

Built up

Data: Data licence Germany - attribution - version 2.0 or later (DL-DE->BY-2.0), -
Mundialis GmbH & Co. KG Bare soil
https://data. mundialis.de/geonetwork/srv/eng/catalog.search#/metadata/9246503f-6adf-460b-a31e-73a649182d07 Agri It
background: DE / BKG 2021, own calculations griculture





OPS/images/cover.jpg
& frontiers | Frontiers in Psychol

How do people feel while
walking in the city? Using
walking-triggered e-diaries to
investigate the association of
social interaction and
environmental greenness during
everyday life walking









OPS/images/crossmark.jpg
(®) Check for updates






OPS/images/logo.jpg
' frontiers Frontiers in Psychology





