

[image: image1]
Mapping perceived sentiments in university campuses with varied landscape metrics and climatic conditions
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A sustainable university campus should accommodate students to experience positive emotions, which can be evoked by sustainable landscape with green and blue spaces (GBS). This effect is location-dependent because local vegetative type is climate-determinative, but evidence is not sufficient for sentiments of people experiencing campus landscapes. Forty-seven university campuses were selected along a latitudinal gradient in mainland China, and 100 subjects were chosen per campus (50 indoor and 50 outdoor). Photos of the subjects’ faces on Sina Weibo were collected. Facial expressions were assigned happy, sad, and neutral scores (n = 4,334). The average temperature (AveT) and blue space area (BlueA) showed negative relationships with latitude, thereby generating neutral emotion scores for subjects at indoor and outdoor locations. The ratio of green space area to host campus was the only landscape metric that depressed the presentation of happiness and enhanced sadness levels. Large water bodies should be built on campuses to induce calmness, and a high ratio of green spaces should be avoided. Mapping results show that campuses in eastern regions (Beijing and Liaoning) tend to elicit positive sentiments more frequently.
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1 Introduction

The university campus is not only a type of urban infrastructure providing higher education, but also a model of a smart city. Students, teachers, and working staffs are major users of a campus, and students account for the greatest population living in it. Their emotional perceptions in campus rule the overall educational quality and further matter for sustainable development of the host university. A campus is usually characterized as a collection of negative sentiments due to concentrated stressors from examination and graduation (Guan et al., 2017; Zhou et al., 2019). It is a critical requirement to build a sustainable campus with sustainable environment that benefits restorative effects and activates optimistic moods. Exposed to nature in green and blue spaces (GBS) can induce people perceive beneficial emotions (Scopelliti et al., 2016), which can be explained by stress reduction theory (SRT) (Ulrich et al., 1991) and attention recovery theory (ART) (Kaplan and Kaplan, 1989). Experiences with neighborhood green space can elicit perceived well-being for students in a campus (Brizhak et al., 2020; Liu et al., 2022; Wei et al., 2020a). Frequent interactions with blue space in a campus (creek, pond, or wetland) can also promote positive sentiments of students (Aghabozorgi et al., 2024; Krasny and Delia, 2014). Nature in GBS of a campus landscape accounts for the restorative effects with a variation in healing rates (Lau and Yang, 2009), students’ perceptions (Saksa and Barton, 2011), learning skills (Salih et al., 2023), and waste recycling (Abubakar et al., 2016). Current understanding about this effect was mainly derived from studies in a single campus or several at a regional scale. Limits exist in the neglect of statistical power from a higher number of places at larger scales, which further bring about more driving factors and the first two are combined landscape metrics and microclimate.

As a part of urban institutions, campus landscape has been identified to induce visitors’ sentiments with neighborhood infrastructures (Wei et al., 2020a). In urban landscape, GBS belong to a type of ecological infrastructures that play the role to benefit mental health and well-being (Ghermandi et al., 2022; Pouso et al., 2021). This effect can persist to be available in large geographical ranges in a state or up to national or cross-nation scales (Vegaraju and Amiri, 2024; Wei et al., 2022a; White et al., 2021). These pave the theoretical base to detect campus sentiments in response to spatial arrangement of GBS in a large geographical scale. In a campus, building and impervious surface are inevitably constructed and their surface feature and spatial configuration generated complex interactions with GBS that together interrupted emotional perceptions (Kistemann et al., 2023; Wu and Ren, 2021). To our knowledge, quite rare have been revealed to confirm human perceptions in built environment of campuses characterized as landscape metrics in any large scale.

Microclimates varied in different regions of GBS can be perceived as triggers of different emotions as responses (Li H. Y. et al., 2022a; Mao et al., 2022). Combined effects of regional climate and GBS landscape metrics together shaped sentiments in a wide geographical range from a local stand to a nationwide realm (Wang X. et al., 2023). University campuses can be distributed in a geographical range up to any scales, in which microclimate is an inevitable factor influencing students’ sentiments (Mallen et al., 2020). Therefore, efforts have been made to optimize the microclimatic environment in a campus to benefit emotional perceptions (Mallen et al., 2020; Sun et al., 2022). Environmental comfort is one of the key issues that campus users can strongly perceive and chase in both indoor and outdoor experiences (Konis et al., 2020; Pritoni et al., 2017). The mitigate of GBS-building landscape is a tough project, which needs a specifically designed survey to figure out across a number of campuses.

Human sentiments and perceptions are mainly assessed using self-reported scores in interviews or surveys, which are highly subjective and seldom produce 100% accurate results (Guan et al., 2021; Wei et al., 2021a). As an alternative instrument, facial data obtained from social media have been accepted as a novel source of big data by accumulating population (Sun et al., 2023; Xin et al., 2024; Zheng et al., 2023). It is easy to pool a set of big data from facial photos collected from social network services (SNSs) and used for analyzing emotional perceptions. These photos could be a source of facial expression scores that could be used to recognize the emotions of people who are exposed to the nature of a campus (Wei et al., 2020a). Therefore, the use of social media data to generate facial expression scores is suitable as a means of gauging sentiments on campuses on a large scale.

In China, university campuses are located across a large area in different climatic zones. Local GBS changes along topographic gradients have been identified, but there have been few studies in this context on campuses. The rare relevant evidence is usually in the form of theoretical explanations. In this study, we conducted a nationwide investigation with a research objective to detect the emotional perceptions of people on GBS in university campuses and potential driving forces that may be from combined landscape metrics and regional climates. The research question was whether people showed positive emotions in campuses with larger areas of GBS and what facets in landscape metrics and microclimate generated jointly contributions. To answer these questions, facial expression scores were taken as the source of emotional data which were dependent variables. Independent variables were taken as landscape metrics which can be evaluated using remote sensing technique.



2 Literature review


2.1 Facial expression scores in GBS

Facial expressions were suggested to be a type of variable in academic studies as early as 1990s, when it was commenced with studies on medicinal psychology (Haviland et al., 1996) and cultural psychology (Schimmack, 1996). Machine-based recognition broadened its use in a wider range involving food appetite since 2010s (Forestell and Mennella, 2012). It was officially introduced in studies on human emotions in GBS since 2019 (Wei et al., 2019). Currently, this technology has been used for detecting emotions toward experiences with GBS in multiple senses at local (Wei et al., 2021a; Xin et al., 2024), regional (Wang and Zhou, 2024; Wei et al., 2021b; Zheng et al., 2023), and national scales (Wang X. et al., 2023; Wei et al., 2022a; Wei et al., 2022b). Most of these studies, however, were conducted in urban parks and most of them verified ART and SRT and demonstrated benefits on perceived emotions by touching the nature in GBS. In recent chronicle, studies started to concern perceived emotions in GBS of other types of urban infrastructures, such as communities (Chen and Guo, 2022) and industrial parks (Sun et al., 2023). These results were different from those found in parks as exposure to GBS lost expected effects or even resulted in negative effects.

Otherwise, scientists always underlined the importance of GBS in campus and their benefits for emotions of students since 2010 (Bowler et al., 2010; Krasny and Delia, 2014). Recently, it was summarized in a review and novel instruments were appealed for new studies (Aghabozorgi et al., 2024). To our knowledge, only one study employed facial expression scores as a gauge to evaluate emotions of campus visitors, but results only explained a little about effects of GBS (Wei et al., 2020a). Overall, it is needed to document more trials to figure out specific effects of GBS exposure on emotions in campus.



2.2 Emotional perceptions toward landscape metrics of GBS

By means of remote sensing technology, it has achieved to detect the relationship between landscape metrics and human emotions in different locations of GBS. The mostly employed parameters were distance from an objective (such as the downtown of a city) (Wei et al., 2019) and GBS area (Li H. Y. et al., 2022b; Zhang et al., 2021). Digital elevation map (DEM) was frequently used to extract elevation information about GBS locations (He et al., 2023b; Liu et al., 2021a; Zhang et al., 2021). Digital surface map (DSM) was introduced to be used on basis on DEM, and their subtraction resulted in the calculation of vegetative height of GBS (He et al., 2023b; Li H. Y. et al., 2022b; Zhang et al., 2021). In detail, studies on human emotions in blue space were mainly conducted in urban wetland parks (Li H. Y. et al., 2022a; Li Y. J. et al., 2022) and waterbody in built-up regions of a city (Chen and Guo, 2022; Wei et al., 2022a). Only at regional or national scales, can a study model the relationship between coordinate of GBS and local people’s emotions (Liu et al., 2021b; Wei et al., 2022a; Wei et al., 2022b). Overall findings indicated benefits on human emotions in parks with large areas of GBS (Guan et al., 2021; Liu et al., 2021a), but this effect was neutral without sufficient number of pavements (Huang et al., 2022). In communities and industrial parks, GBS area showed no effect on perceived emotions (Chen and Guo, 2022; Sun et al., 2023). Elevation usually showed a depressing effect on perceived emotions (Li H. Y. et al., 2022b; Zhang and Wang, 2012), and vegetative height was found to be only perceived as a positive emotion trigger in degraded forest parks (He et al., 2023b). Even so, it is scarce about landscape metrics of GBS in campus especially in a large geographical scale.



2.3 Microclimate and emotional perception of GBS visitors

Temperature was the most concerned meteorological factor that can impose effects on GBS visitors (Li H. Y. et al., 2022a; Mao et al., 2022). Regarding that vegetations can modify microclimate, the cooling temperature was perceived as a trigger of positive sentiments in wetland parks (Li H. Y. et al., 2022a) and temperate forest parks (Mao et al., 2022). In spring, the cooling temperature in a forest park was found to activate physiological well-being of lowered diastolic blood pressure for university students (An et al., 2019). Air humidity was not fond of by GBS visitors as it was reported to cause negative emotions (Li H. Y. et al., 2022a; Wei et al., 2020b). The quiet voice in a peaceful atmosphere can evoke positive sentiments (Goodenough et al., 2024; Wei et al., 2020b). In wetland parks, wind velocity was perceived as a commencement of sad mood (Li Y. J. et al., 2022), but it was perceived as a positive effect in forest parks at highland (He et al., 2023b). Again, quite little can be referred to about microclimate in campus and human emotions.




3 Materials and methods


3.1 Study area and sampling plots

Forty university campuses were chosen in provincial or municipality regions of mainland China as plots to be investigated (Figure 1). Table 1 shows detailed information about these universities. Chosen campuses include universities with a range of disciplines (e.g., Tsinghua University, Fuzhou University, and Hainan University) and those providing professional education in a specific domain (e.g., Xi’an Jiaotong University and Tianjin Foreign Studying University). The inclusion rules for universities selected for screening are as follows:

1. Located in a province or a municipality with no more than two campuses, thereby extending the plotting area.

2. Facial photos of at least 100 subjects can be obtained from a selected campus to make sure the number of participants is sufficient for further analysis.

[image: Figure 1]

FIGURE 1
 Distribution of university campuses for data curation in mainland China.




TABLE 1 Names and coordinates of 40 universities located at locations across mainland China.
[image: Table1]

Among subjects secured in rule (2), half of the subjects’ photos appear to be taken indoors and the other half outdoors.



3.2 Collection of facial photos and facial expression scores

Posted facial photos from social media in 2022 and 2023 were taken as the data source for rating emotional scores. As in previous studies, Sina Weibo was the chosen SNS platform. In this study, Sina Weibo was used as a platform to post advertisement that recruited volunteers to send their facial photos to a given email address. A 100 photos were required from volunteers per campus, and if more were obtained, only 100 were randomly retained. The background of a photo was visually evaluated and referred to as indoors or outdoors. Only when results were confirmed was the selected photo sent for further analysis to ensure minimum human error in visual evaluation. The two methods were also responsible for cropping and rotating the photos to ensure the highest accuracy for facial emotion recognition (Huang et al., 2022). A photo was chosen by passing a basic requirement of resolution was not lower than 50 dpi. FireFACE ver. 1.0 software was used as an instrument to recognize facial emotions and rate their scores, as used in several previous studies (Li Y. J. et al., 2022; Wei et al., 2022a; Wei et al., 2022b). Emotions were scored as happy, sad, and neutral as in earlier studies. These three emotions were identified to obtain significant matching accuracies (Guan et al., 2021). The net positive emotion performance, namely the positive response index (PRI), was calculated using the happy score minus the sad score. Finally, a total of 4,334 photos were successfully recognized for their facial emotions and related to emotional scores.



3.3 Remote evaluation of landscape metrics

ArcGIS (ver. 10.2, Esri Branch, Shanghai, China) was used to outline every campus in a computer–human interaction process according to dots in Baidu Maps (Baidu, 2023) in a method adapted from Zhang et al. (2021). Campus area (CampusA) was evaluated by the software using the sum of the pixels framed in the outlined area. The elevation of every campus was established using data from the digital elevation model (DEM) (NASA EarthData, 2023). Vegetation height (VegH) was assessed using the difference between data assessed from the digital surface model (DeWitt et al., 2015) and the DEM in areas of pixels occupied by green spaces. Areas of GBS on were evaluated using the extent of assembled pixels in green and blue colors, respectively. The green space area was evaluated using the normalized difference vegetation index (NDVI) (Chen and Guo, 2022):
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where, Band4 is the red light band, and Band5 is the near-infrared light band. The blue space area (BlueA) was evaluated using a modified normalized difference water index (MNDWI) (Sekertekin et al., 2018):
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where, Band1 is the shortwave infrared light band, and Band3 is the green light band. Green space area ratio (GreenR) and blue space area ratio (BlueR) were calculated as areas of GBS divided by that of the particular campus (CampusA), respectively.



3.4 Regional meteorological factors and air quality

Meteorological conditions on the day a photo was posted were described by the meteorological factors of highest temperature (MaxT), lowest temperature (MinT), and rainfall (Rain) from the nearest meteorological station of the network of Climate Data Center of the National Meteorological Information Center of China (National Meteorological Information Centre, 2024). AveT was calculated as the mean between MaxT and MinT. Although it has been shown that velocity rate may also have partial effects on people’s emotional perceptions (He et al., 2023b), data about wind flow in this study were mostly recorded as zero, and these data were not included. The air quality index (AQI) was found to impact the expression of negative sentiments (Wang X. et al., 2023). The AQI data were also documented for analysis from neighboring stations in the China General Environmental Monitoring Network (China National Environmental Monitoring Centre, 2023).



3.5 Data process and analysis

Data were analyzed and processed using SAS software version 9.4 (SAS Inst., Cary, NC, USA). Data distributions were diagnosed using histogram bar charts, which can be referred to as patterns for detecting normal distribution on the basis of the Shapiro–Wilk test. Facial expressions were divided into indoor, outdoor, and pooled indoor and outdoor. All data that failed to follow the normal distribution patterns were ranked and used for analyses in general linear models, and raw data were transferred back when results were disclosed. Collinearity among abiotic factors of landscape metrics, climatic factors, and air quality was tested, and factors that had a variance inflation factor (VIF) higher than 10.0 were excluded from further analysis (Chen et al., 2023). Analysis of variance was used to detect the effects of combined location variation (degree of freedom [df] = 39), photo location (df = 1), year of photographing (df = 1), and season when photos were taken (df = 3). When significant effects were detected, the results were arranged and compared using the Duncan test. Parameters for landscape metrics, climatic factors, and air quality were plotted along latitudinal gradients, fitted by linear curves. The structural equation model was used to detect inner relationships across the latent variables of geography, climate, and landscape and their contributions to facial expression scores. Multivariate linear regression was employed to detect the combined effects of landscape metrics and climatic factors on facial expression scores.




4 Results


4.1 Data characteristics

Happy emotion scores ranged from 17.55 to 62.00%, 15.73–54.22%, and 18.58–79.65% with averages of 37.49% ± 8.97% (mean ± standard deviation), 32.55% ± 9.16, and 42.41% ± 12.57% for pooled indoor and outdoor data (Figure 2A), indoor data (Figure 2B), and outdoor data (Figure 2C). According to the Shapiro–Wilk test, happy scores followed the normal distributions for data dually indoor and outdoor (p = 0.0974) (Figure 2A) and indoor (p = 0.7399) (Figure 2B), but data on happy scores for outdoor data did not follow the normal distribution (p = 0.0157) (Figure 2C). The Cronbach alpha was 0.71 for data of happy scores.

[image: Figure 2]

FIGURE 2
 Histograms of counts for happy (A–C), sad (D–F), neutral (G–I), and PRI (J–L) scores split in pools of dually indoor and outdoor data (A,D,G,J), indoor data (B,E,H,K), and outdoor data (C,F,I,L).


Sad emotion scores ranged from 5.21 to 16.62%, 3.65–23.05%, and 2.64–15.98% with averages of 9.67% ± 2.93, 10.12% ± 4.03, and 9.21% ± 3.07% for pooled dually indoor and outdoor data (Figure 2D), indoor data (Figure 2E), and outdoor data (Figure 2F). Sad scores followed normal distributions for data dually indoor and outdoor (p = 0.0651) and outdoor data (p = 0.6961), but sad scores for the indoor data did not follow the normal distribution (p = 0.0039). The Cronbach alpha was 0.78 for data of happy scores.

Neutral emotion scores ranged from 11.70 to 57.98%, 11.35–59.60%, and 9.73–56.71% with averages of 34.89% ± 13.06, 36.34% ± 13.62, and 33.46% ± 14.08% for pooled dually indoor and outdoor data (Figure 2G), indoor data (Figure 2H), and outdoor data (Figure 2I). Neutral scores followed normal distributions for data dually indoor and outdoor (p = 0.0594), indoor data (p = 0.0541), and outdoor data (p = 0.0529).

PRI emotion scores ranged from 9.35 to 55.56%, −7.32 to 50.56%, and 10.32–76.70% with averages of 27.85% ± 10.06, 22.43% ± 11.10, and 33.24% ± 14.21% for pooled dually indoor and outdoor data (Figure 2J), indoor data (Figure 2K), and outdoor data (Figure 2L). PRI scores followed normal distributions for indoor data (p = 0.8305), but PRI scores did not follow the normal distributions for indoor data (p = 0.0324) and outdoor data (p = 0.0054).



4.2 Changes in atmospheric factors along latitude gradient

Collinearity was tested for all facial expression scores as dependent variables, and results revealed that only the independent variables of MaxT, MinT, and AveT had VIF values higher than 10.0. Therefore, AveT was left on behalf of all temperature parameters.

The relationship between latitude of campus location and BlueA was negative, which can be fitted by an exponential decay model (Figure 3A):
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where, R2 = 0.2878 and p = 0.0009. The relationship between latitude and BlueR was negative, which can also be fitted by an exponential decay model (Figure 3B):
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where, R2 = 0.2524 and p = 0.0011. The relationship between latitude and AveT was negative and fitted by an exponential decay model (Figure 3C):
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where, R2 = 0.2820 and p < 0.0011. Rain showed a negative relationship with latitude, which can be fitted by an exponential decay model (Figure 3D):
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where, R2 = 0.3610 and p = 0.0002. Finally, AQI had a positive relationship with latitude, which can be fitted by a linear curve (Figure 3E):
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where, R2 = 0.3334 and p < 0.0001.

[image: Figure 3]

FIGURE 3
 Correlations between latitudes of campus locations and abiotic factors in blue space area (A), blue space area ratio (B), average daily temperature (C), rainfall (D), and AQI (E). Curve fits are tinted in red color with 95% confidence band and 95% prediction band disclosed as well.




4.3 Combined effects of time and location on facial expression scores

The difference in data across the years from 2022 to 2023 had no effects on facial expression scores. Therefore, yearly data were pooled. Most scores showed significant differences among the four seasons, or at different locations (indoor vs. outdoor) for different campuses.

Over the four seasons, happy scores increased in summer and decreased in autumn compared to spring, which rose back to an unchanged level in winter (F = 5.56; p < 0.0001) (Figure 4A). Happy scores for indoor data also showed higher levels in summer than in spring, and they were higher in winter than in summer (F = 3.09; p < 0.0001) (Figure 4B). Happy scores for outdoor data did not show any significant difference in spring and in the other three seasons, but values in autumn were lower than in summer (F = 6.99; p = 0.0001) (Figure 4C).

[image: Figure 4]

FIGURE 4
 Seasonal variations of happy (A–C), sad (D–F), neutral (G–I), and PRI (J–L) emotion scores extracted from photos taken at places dually indoor and outdoor (A,D,G,J), solely indoor (B,E,H,K), and solely outdoor (C,F,I,L). Different letters mark significant differences (ranked if necessary) among seasons according to repeated measured results in ANOVA using Duncan test at 0.05 level. Dots mark means of raw data and error bars present standard errors.


Sad scores showed an increasing trend among the four seasons and were higher in winter than in earlier seasons for data collected from both indoor and outdoor places (F = 4.35; p = 0.0045) (Figure 4D). Both indoor (F = 2.33; p = 0.0725) and outdoor data (F = 0.78; p = 0.5074) on sad scores showed no responses to seasonal variation (Figures 4E,F).

Neutral scores were not significantly responsive to seasonal variation for data collected from both indoor and outdoor places (F = 1.65; p = 0.1766) (Figure 4G), indoor data (F = 0.67; p = 0.5682) (Figure 4H), and outdoor winter data (F = 0.28; p = 0.8387) (Figure 4I).

Data on PRI scores collected from both indoor and outdoor places showed the following fluctuations: when compared to the value in spring, there was an increase in summer and a decline in autumn (F = 18.25; p < 0.0001) (Figure 4J). Indoor data on PRI scores were highest in summer among all four seasons (F = 9.52; p < 0.0001) (Figure 4K). Outdoor data of PRI scores were lower in winter than in summer (F = 5.82; p = 0.0006) (Figure 4L).

Compared to emotional scores for indoor data, the outdoor data resulted in higher happy scores (F = 74.37; p < 0.0001) (Figure 5A). In contrast, outdoor data was lower for sad (F = 5.62; p = 0.0178) (Figure 5B) and neutral scores (F = 8.94; p = 0.0028) (Figure 5C) compared to indoor data. Again, outdoor data increased the PRI relative to indoor data (F = 64.72; p < 0.0001) (Figure 5D).
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FIGURE 5
 Facial expression scores collected at indoor and outdoor locations in university campuses for happy (A), sad (B), neutral (C), and PRI scores (D). Different letters indicate significant difference according to Duncan test at 0.05 level. Error bars present standard errors.


The variation among university campuses resulted in significant responses for happy (F = 5.56; p < 0.0001) (Figure 6A), sad (F = 3.97; p < 0.0001) (Figure 6B), neutral (F = 9.35; p < 0.0001) (Figure 6C), and PRI (F = 4.94; p < 0.0001) (Figure 6D) using data collected dually at indoor and outdoor places. Indoor data on happy scores (F = 3.09; p < 0.0001) were mostly lower than outdoor data (F = 5.11; p < 0.0001) (Figure 6A).

[image: Figure 6]

FIGURE 6
 Ranks of facial expression scores for happy (A), sad (B), neutral (C), and PRI (D) scores assessed using data collected at dually indoor and outdoor places, solely indoor places, and solely outdoor places following increasing orders among university campuses. Columns present averages of data collected from dually indoor and outdoor places. Dots in deep gray color indicate data collected from indoor places and dots in light gray color indicate data from outdoor places. Error bars mark standard errors.


For sad scores, however, indoor data (F = 3.67; p < 0.0001) were mostly close to outdoor data (F = 2.31; p < 0.0001) (Figure 6B). Occasionally, campuses of East China Normal University, Beijing Language Culture University, Sichuan International Studying University, and Jiangnan University showed higher sad scores for indoor data compared to outdoor data.

Neutral scores showed higher levels for indoor data (F = 8.51; p < 0.0001) than outdoor data (F = 9.35; p < 0.0001) in campuses of the Beijing Language Culture University, East China Normal University, Anhui University, South China University of Technology, and Jiangnan University (Figure 6C).

PRI scores were generally higher for outdoor data (F = 4.61; p < 0.0001) compared to indoor data (F = 3.26; p < 0.0001) (Figure 6D).



4.4 Structural equation models

The p value in model Chi-square for happy score was lower than 0.0001 with goodness of fit index (GFI) of 0.9613, adjusted GFI (AGFI) of 0.4198, parsimonious GFI (PGFI) of 0.0739, and normed fit index (NFI) of 0.9862. The latent variables of climate and landscape had positive path effects on happy scores, while geography had a negative effect (Figure 7A). For climate, all three fixed factors of AveT, Rain, and AQI had negative path effects; for geography, longitude, and elevation had negative path effects while latitude had a positive path effect; for landscape, GBS areas showed negative path effects as did GreenR, while CampusA, BlueR, and VegH showed positive path effects.

[image: Figure 7]

FIGURE 7
 Structural equation models assessing facial expression scores of happy (A), sad (B), neutral (C), and PRI scores (D) against latent variables of climate, geography, and landscape for university campuses in China. Numerics in black-color lined outlines indicate eigenvalues of the path effect. Red-color arrows indicate positive path effects and blue-color arrows indicate negative path effects.


The p value in model Chi-square for sad score was lower than 0.0001 with goodness of fit index (GFI) of 0.9713, AGFI of 0.5647, PGFI of 0.0747, and NFI of 0.9942. The latent variable of climate had a positive path effect on sad scores, but geography and landscape both showed negative path effects (Figure 7B). Again, the three fixed factors showed negative path effects on climate. In contrast, the factors all showed positive path effects on geography. GBS areas and GreenR showed negative path effects on landscape, while other factors showed positive effects.

The p value in model Chi-square for neutral score was lower than 0.0001 with goodness of fit index (GFI) of 0.9196, AGFI of −0.2195, PGFI of 0.0707, and NFI of 0.9372. The latent variables of climate and geography showed negative path effects on neutral scores, while landscape had a positive path effect (Figure 7C). Rain showed a positive path effect on climate, while AveT and AQI showed negative effects. All three factors showed negative path effects on geography. For landscape, CampusA and GreenR showed negative effects, and GBS areas, VegH, and BlueR showed positive effects.

The p value in model Chi-square for neutral score was lower than 0.0001 with goodness of fit index (GFI) of 0.9696, AGFI of 5,395, PGFI of 0.0746, and NFI of 0.9928. The latent variables of climate, geography, and landscape all showed positive path effects on PRI. The three fixed factors showed negative path effects on climate; geography, longitude, and elevation showed positive path effects, while latitude showed a negative path effect. The GBS areas and GreenR showed negative path effects on landscape, while other fixed factors showed positive effects.



4.5 Multivariate linear regression

GreenR showed negative parameter effects on happy scores for data collected from both indoor and outdoor places and solely outdoor places (Table 2). For sad scores, longitude showed negative effects on data from both indoor and outdoor places and on data from solely indoor places. In addition, GreenR had a positive effect on sad scores for both indoor and outdoor places. AveT showed negative effects on neutral scores in both indoor and outdoor data. Latitude showed negative effects on neutral scores for indoor–outdoor data. BlueA had positive effects on the neutral scores of all three types, and CampusA had a negative effect on the indoor data of neutral scores. Only GreenR showed negative effects on the PRI using indoor–outdoor data and solely outdoor data.



TABLE 2 Parameter estimates of multivariate linear regression for happy, sad, and neutral emotions of visitors standing at indoor and outdoor locations against landscape, geographical, and climatic factors in university campuses across mainland China.
[image: Table2]



4.6 Mapping sentiments synthesizing landscape and climatic factors

By synthesizing the regressions in Table 2, the spatial distributions of sentiments can be mapped against landscape metrics and microclimates (Figure 8). Happy scores showed high levels distributed in campuses located in two regions of East China and Southwest China. The northern aggregation distribution of high happiness was indicated in areas across north Hebei, Beijing, and Liaoning, and the southern aggregation was indicated in Guizhou and Guangxi (Figure 9). Sad scores showed a general decreasing trend with the increase in longitude. Neutral scores showed a similar distribution pattern to that of happy scores with higher levels existing in campuses located in Hebei, Anhui, and Fujian.
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FIGURE 8
 Mapping interpolations of sentiments in university campuses for indoor and outdoor visitors using data across layers with coefficients adapted from Table 2.
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FIGURE 9
 Spatial distribution of provincial areas colored by magnitude of area ratio of green space to host campus (GreenR) dominated by typical campuses chosen for this study. Area of campus is outlined by full lines in color of dark red.





5 Discussion


5.1 Contrasting photographing locations: indoor vs. outdoor

On a campus, time spent by visitors at indoor places is of a higher frequency than outdoor time. Indoor people showed lower positive emotions but higher sadness than those took photos outdoor. In a campus, most photos were exposed by students, and they spent more attention for academic work at indoor places than at outdoor locations. According to ART, the strong consumption of attention can result in reduction of mental well-being which further caused more perceptions of bad moods. The small area of a campus results in a high frequency of people encountering alternatively indoor or outdoor occasions (Chen et al., 2018). Outdoor visitors’ facial expressions can be largely driven by combined perceptions about landscape and atmosphere (He et al., 2023a; Wang X. et al., 2023). Emotions of the indoor population may also be influenced by outdoor conditions, such as air pollution (Mohammadyan et al., 2017). Green space in the ecological infrastructure of a campus can be seen through windows by indoor students (van den Bogerd et al., 2020). Enjoyment of outdoor landscapes can fuel energy for indoor activities (Tochaiwat et al., 2023). In this study, outdoor people generally showed higher scores for positive sentiments than inside people, thereby concurring with a previous judgment that people look happier when they are outside (Bowler et al., 2010). This results from a higher frequency of exposure to GBS in outdoor places than in indoor places. The indoor environment was likelier to be perceived as a stressful condition, especially in campuses with more social science classes. Students in this type of university usually take more examinations. Therefore, they were more inclined to be impacted by the indoor environment than those in universities with science and technology domains.



5.2 Time-dependent effect on facial expression scores

The uses of happy and sad scores as sources of data had been validated in previous studies (Guan et al., 2021; Wei et al., 2021a). It was reported that analyses of happy and sad scores had higher matching accuracies than recognitions of other types of facial emotions. The fact was that most of other emotion scores (e.g., contempt or angry) failed to pass the significant value of matching accuracy. In addition, the Cronbach alpha ratio was higher than 0.70 in our study. This was identified to be an acceptable range of reliability in practice using facial expression scores as a source of data (Kuhlmann and Margraf, 2023).

Year for data collection included pandemic and recovery years, but no yearly difference was found, and the pandemic did not affect the emotional perceptions of people on campuses. However, university students were reported to have perceived strong stress and loneliness during the COVID-19 lockdown in Germany (Werner et al., 2021). University workers were also found to have perceived anxiety and depression during the pandemic in Spain (Salazar et al., 2021). These negative emotions were perceived during the pandemic, but the associated research results are not comparable to ordinary times.

Positive sentiments showed seasonal variations, but negative emotion scores showed unclear dynamics. This can be explained by the formation of facial expressions, which reflect happiness in time-dependent frequency (Diener et al., 2009). Users of SNS platforms are more likely to show happiness than sadness in posted photos. Summer is the season when most Chinese universities fall in episodes at the end of a semester or high education, when students are more likely to feel happy and share their joyful perceptions on SNS. This can be explained by SRT as people can perceive more positive moods when they were experiencing an episodic when mental stress was reduced. New semesters usually start in autumn when more freshmen begin their university education, and they mostly look neither happy nor sad at the time of enrollment.



5.3 Driving forces of abiotic factors in shaping facial expression scores

GreenR was the only landscape metric that contributed to the decline of happiness score and the increase of sadness score mainly for outdoor populations. Although GreenA showed similar path effects to GreenR, the area effect failed to impose any significant effects on happy scores. The general goodness of fit in SEM was acceptable for happy scores due to the high GFI of 0.9613 (Stone, 2021). These findings differed from the current understanding that large areas of urban greening precondition positive public sentiments. Current studies were mainly conducted in urban parks, that attract leisure-seeking visitors and random passers-by mainly with leisure or relaxing aims. In a campus where most users are students, competitive senses and concerns about academic performance limited their perceptions of positive moods as they did in parks. It was reported that university students can perceive declines in perceptions of examination stress and relationship state when touching the nature in green space, but their worries were still unreleased even strengthened for concerns about post-graduate uncertainties and performance evaluated by teachers (Guan et al., 2017; Zhou et al., 2019). In a campus, green space may have been taken as a ‘fence’ that hinder students walking to a building to study, which evoked negative emotions. A large area of green space could encourage more people to experience greenery on a campus, but a large area of campus would reduce the frequency of experiencing green nature (Sun et al., 2023). That is why GreenR is more predictable than GreenA for eliciting positive sentiments.

BlueA had a negative relationship with latitude. However, it was also found to be positively correlated with latitude in urban parks in eastern cities of China (Wei et al., 2022a). These results increase uncertainties regarding whether the relevant waterbody has a negative or a positive effect on human emotion. According to Li H. Y. et al. (2022a), people’s emotions were elicited by touching water partly due to perceptions of regional climate. However, in our study, AveT was perceived as a driver of neutral emotions, suggesting people’s neutral emotions toward temperature. The effect of microclimate on neutral scores cannot be fully reliable due to negative value of AGFI. This was caused by a relatively large number of observations (n = 40) with only a small Chi-square degree of freedom (6.0) (Schermellech-Engel and Moosbrugger, 2003). Therefore, the neutral emotion was mainly ruled by different perceptions about areas of blue spaces distributed along the latitude gradient.



5.4 Mapping spatial distributions of campus sentiments

We used social media data and spatial interpolation to map the spatial distributions of the sentiments of people on campuses in China who posted facial photos online. Our study was endorsed by a mechanism through which human sentiments can be predicted in a region where all the abiotic factors were arranged to bring about the theoretical driving effects of perceived emotions. We used this methodology to map sentiments against landscape and microclimate on campuses in different places. Similar interpolations have been employed successfully for urban park visitors against combined microclimate and air pollution (He et al., 2023a; Wang X. et al., 2023) and landscape metrics in green spaces (Zhang et al., 2021) and blue spaces (Li H. Y. et al., 2022b; Li Y. J. et al., 2022). Therefore, the approach is reliable for mapping sentiments on campuses. Our mapping results indicate that people on campuses in Beijing and Liaoning showed higher positive sentiments than in other regions, in line with the findings of a previous study (Wei et al., 2020a). Campuses in Southwestern China were also found to benefit from positive sentiments. Campuses in these regions all had a high GreenR, which accounted for the mapping results.



5.5 Theoretical implication

Our study findings have implication meanings. In theory, our study verified theories about exposure to GBS and emotional responses in university campuses, but our results disagreed to those findings in previous trials conducted in parks (Schrammeijer et al., 2021; Scopelliti et al., 2016). In brief, the area ratio of green space contributed to perceptions of negative emotions and blue space area frequently attracted people with neutral emotions. These findings enriched current understandings about ART and SRT by repudiating all-good responses in emotional perceptions (Bowler et al., 2010). This difference was generated because subjects were mostly with aimless visits in parks, but in campus most people have stressful affairs. Exposure to nature means reduction in attention and evokes stressful perceptions that together elicit negative emotions and control perceptions of positive sentiments. Similar results were found in industrial parks where most workers were also highly stressed and exposure to GBS stimulated presentation of negative moods of them (Sun et al., 2023). Overall, it can be concluded that positive consequences explained by ART and SRT should be preconditioned for subjects who were unlikely population being subjected to high mental stressors.



5.6 Managerial implication

If positive moods were purchased as a goal for students, a university campus should be planned with low ratios of GBS in touchable spaces with frequent visits. This managerial suggestion is essential because negative effects of exposure to GBS on emotional perceptions were found on more subjects exposing photos at outside places than inside buildings. This contradicts with other managerial suggestions for campus planning that encouraged high rate of frequency for GBS exposure (Saksa and Barton, 2011; Salih et al., 2023; Tochaiwat et al., 2023; Wang X. F. et al., 2023). Although microclimate was considered to be a major driver that shaped students’ moods in a campus (Mallen et al., 2020; Sun et al., 2022; van den Bogerd et al., 2020; Wang X. F. et al., 2023), the significant effects of meteorological factors vanished in our study which suggests no needs to care about microclimate’s influence. This difference may be caused by research scale variation and our study employed a national scale on which longitude showed a strong impact to counter sadness perception. This suggests a positioning rule that a happiness-induced campus should be placed in eastern coastal cities with dense populations and developed local economies (Wei et al., 2022a). To avoid perceptions of sad emotions, essential GBS can be constructed in places with rare people passing by; for example, planting trees along the inside part of a wall or building a small water pond behind the dormitory.



5.7 Limitations of this study

First, the background on which subjects were screened in their locations was determined visually according to the background of the photos. Two technicians sorted indoor vs. outdoor types of photos. However, we admit that technical errors cannot be completely eliminated. A more precise survey could split indoor and outdoor subjects by recruiting participants and conducting real-time investigations. Second, we did not find yearly differences in facial expression data across 2022 and 2023, but it was suspected that the pandemic lockdown in 2022 reinforced some of the errors in perception. Those who experienced forced lockdown may have perceived mental stress and anxiety. Therefore, future research could repeat our experiment in a period free from pandemic interruption. Finally, although the technique has been queried and accepted several times, facial photos collected from SNS platforms may be subject to question due to the facial expressions being posted. We agree with explanations in previous studies that have been accepted by academic referees that all photos were collected under the same situation and errors are of the same level. However, we also agree that photo sampling can be more practical by collection in off-line real senses, e.g., from camera records. Furthermore, we surmise that most people who posted their facial photos to SNS platforms were probably students. Compared to workers and resort visitors, students are more willing to share photos of their faces online. Based on earlier research experience (Guan et al., 2021), we suggest validating online facial expression scores using off-line subjects before further data is collected.



5.8 Future work suggestions

As a place with highly knowledge concentrated, a campus is suggested to be evaluated for people’s emotions toward experiences therein by involving the cultural context. It has been confirmed that cultural background has a solid effect on facial expression (Schimmack, 1996), and cultural variation can affect students’ senses of happiness (Brizhak et al., 2020). Future work can be upgraded to collect real-time photos of people in a campus with their cultural backgrounds categorized in advance. It can also consider to investigate facial expressions in special types of host universities, such as language-major campuses vs. technical science campuses.
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