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Supplementary Information 

1. Data collection and pretreatment 

Three data sets with georeferenced microblogs or reviews of urban park records and comments from 

the most popular tourist attraction SMD platforms with multi-types in China (Liang and Zhang, 2021), 

i.e., DZDP (http://www.dianping.com), Ctrip (http://you.ctrip.com), and Weibo (https://weibo.com), were 

composed to study the patterns of urban park visit sentiment in Shanghai. All data used in this paper are 

publicly available. The content of urban park reviews and microblogs of the study sites, including the park 

name, check-in or time post and site, user ID and name, and text from the travel record and comment, 

were collected by application programming interfaces within the study periods from 2018.5.1 to 2019.4.30. 

The raw review and microblog texts for 300 parks obtained from three SMD platforms were filtered and 

cleaned up by deleting blank and duplicated records and georeferenced wrong data. A dictionary was built 

and used for text treatment. It comprised of HowNet (http://www.keenage.com/)—one of the most famous 

and popular online common-sense knowledge based on Chinese words (Ma et al., 2020; Su et al., 2021)—

as the basic lexicon, and the vocabulary of Internet catchphrases and terms associated with travel and 

Shanghai city from the lexicon of Sogou Pinyin Input (https://pinyin.sogou.com/dict/)—one of the most 

famous and popular Chinese input methods (Ren and Hong, 2017)—as the supplementary lexicon. It was 

implemented in Python version 3.6 programming language (https://www.python.org/) for part-of-speech 

tagging, word segmentation, and stop word removal with a Chinese stop-work list including stop words, 

such as punctuation, numbers, and location names. 

2. Sentiment analysis 

Considering microblogs/reviews on such SMD platforms were short texts, lexicon-based approach, 

a mature and reliable method for Chinese sentiment analysis and especially good at short texts, was applied 

in this study (Chen et al., 2019; Su et al., 2021). With the sentiment dictionary from HowNet mentioned 

above, the words in each review or microblog after pretreatment were compared to the emotional lexicon 
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and assigned scores according to the degree of emotion expressed by the words in the dictionary. The 21 

scores ranging from −10 to 10 were assigned to each word. The scores above, equal to, and below zero 

represent positive, neutral, and negative sentiment, respectively. The higher the absolute of the positive or 

negative score, the stronger the positive or negative sentiments indicated by the words. The sentiment 

score for each review or microblog (SSRM) was the total score for all the emotion words in the text of the 

review or microblog. Considering that the visitor repeating their reviews or microblogs might amplify 

their sentiment, the reviews/microblogs of the same park posted by the same visitor on the same day 

(RMPVD) are merged into one piece by calculating their average sentiment score (SSRMPVD). For park 

p, visitor v, and day d, SSRMPVDpvd was calculated using Equation (1): 

SSRMPVDpvd = Sum(SSRMpvd) / Num(RMpvd)      (1) 

where Num(RMpvd) is the number of reviews/microblogs that visitor v posted on day d for park p. 

3. Data sorting and screening 

The scores of RMPVD with SSRMPVD from −100 to 100 are regarded as more reasonable and 

rational, and remained for later statistical analysis. After sorting and screening, a total of 363,036 pieces 

of RMPVD within the study period for Shanghai parks were obtained. Among them, 68,541, 217,722, and 

76,773 pieces were from Ctrip, DZDP, and Weibo, respectively. These pieces of RMPVD from three SMD 

platforms were applied for descriptive statistics of the overall distribution of sentiment scores for all the 

parks in Shanghai. Then, the urban park sites with an RMPVD count of under 50, which might reduce 

sentiment accuracy calculated later for the urban park due to limited sample data, were removed. The 

RMPVD of parks covering all three platforms remained to analyze park sentiment patterns using different 

SMD sources. Finally, 201,004, 64,461, and 64,128 pieces of RMPVD from the platforms DZDP, Ctrip, 

and Weibo, respectively, covering 115 urban parks, were obtained. 

4. Statistical analysis of sentiment patterns 

Pieces of RMPVD from the three platforms obtained above were used to calculate the average 

sentiment score by park (SSPVD) and average park sentiment scores on each day (SSDVD). For park p 
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and day d, SSPVDp and SSDVDd were calculated using Equations (2) and (3): 

SSPVDp = Sum(SSRMPVDp) / Num(SSRMPVDp)      (2) 

SSDVDd = Sum(SSRMPVDd) / Num(SSRMPVDd)      (3) 

where Num(SSRMPVDp) and Num(SSRMPVDd) are the piece numbers of RMPVD for park p and on 

day d, respectively. The temporal distribution of park sentiment was studied through descriptive statistics 

using different time periods, such as year, workday/non-workday, and season. Day proportions of SSDVDd 

above, equal to, and below 0 were also calculated and used to analyze the distributions of daily positive, 

neutral, and negative emotions for different time periods. 

With SSPVD obtained, ArcGIS 10.7 (ESRI, Redlands, CA, USA) was used to study Shanghai’s park 

sentiment spatial distribution from the three SMD sets. It provided point maps for the geographic 

distribution of SSPVD to present high and low areas. The Moran’s I index was used to measure whether 

the SSPVDs for Shanghai parks were spatially autocorrelated through Global Moran’s I. The Getis-Ord 

Gi* statistic used the General G index to measure the degree of clustering for either the high or low values 

to identify spatial distribution patterns with statistically significant hot and cold spots of SSPVD in the 

study area. To explore whether the distribution of park sentiment has a significant correlation with the 

time period, the Spearman’s coefficients were applied to analyze the bivariate correlation between 

variables ‘season time unit’ and ‘park average sentiment score’ in each season (SSPSVD), and between 

variables ‘workday/non-workday time unit’ and ‘park average sentiment score on a workday or non-

workday’ (SSPWVD). Differences of SSPSVD for each season from the season average (DSSPSVD) and 

differences of SSPSVD between a workday and non-workday (DSSPWVD) were calculated and used to 

study how the spatial characteristics vary over time using point maps. For park p, season s, workday w, 

and non-workday nw, SSPSVDps, SSPWVDpw, SSPWVDpnw, DSSPSVDps, and DSSPWVDpw were 

calculated using Equations (4)–(8): 

SSPSVDps = Sum(SSRMPVDps) / Num(SSRMPVDps)      (4) 

SSPWVDpw = Sum(SSRMPVDpw) / Num(SSRMPVDpw)      (5) 

SSPWVDpnw = Sum(SSRMPVDpnw) / Num(SSRMPVDpnw)      (6) 



 

4 

 

DSSPSVDps = SSPSVDps - Sum(SSPSVDp) / 4      (7) 

DSSPWVDpw = SSPWVDpw − SSPWVDpnw      (8) 

where Num(SSPWVDpw), Num(SSPWVDpw), and Num(SSPWVDpnw) are the piece number of RMPVD 

for park p in season s, on workday w, and non-workday nw, respectively. Sum(SSPSVDp) is the sum of 

the SSPSVD of park p for all four seasons. 

5. Statistical analysis of related factors and SMD comparisons 

A series of potential influential factors (Table S1), including internal factors indicating the attributes 

of the park itself and external factors indicating the aspects existing around, were selected based on 

previous studies (Fan et al., 2021; Guo et al., 2019; Liu and Xiao, 2021; Lyu and Zhang, 2019; Zhang and 

Zhou, 2018) to explore their impacts on visitors’ sentiment in Shanghai parks for the three SMD sets. For 

the independent variables of the factors and the response variable of the SSPVD, multiple linear 

regressions (MLRs) were used to investigate the relationships with visitors’ sentiment in parks and 

examine the level of sentiment influence of each factor. The variance inflation factor (VIF) was calculated 

for each variable to test the multicollinearity among the variables, as some of them were correlated. Since 

there were enough sample numbers for the parks involved, variables of factors with VIF less than 5 were 

multicollinear, ignorable, and remained for continued MLR. To compare each potential factor’s influence 

on the response variable, all explanatory variables were normalized before the regression. The 

standardized coefficients (beta coefficients) determined the relative importance of the factors – the larger 

the absolute value, the more important the factor. Moreover, Spearman’s correlation coefficients were used 

to measure the relationships between each pair of the three SMD sources for the variables of SSPVD, 

SSPSVD, and SSPWVD at different time periods. These statistical analyses were conducted in SPSS 

Version 26 (IBM, Armonk, NY, USA).  



 

5 

 

Table S1 Factors that might be related to park sentiment. 

Type Name Description 

Internal Size Land area of the park. 

Scenic spot count The number of scenic spot point of interests (POIs) in the park. 

Star rating The star rating with five levels (i.e., 5, 4, 3, 2, and 1 star) published every 

year by the government presenting the quality of the park 

(http://lhsr.sh.gov.cn/). These are based on various factors for rational and 

comprehensive considerations of park quality, such as park area, facilities, 

and scenery (Liang et al., 2017; Liang and Zhang, 2018). 

Attraction grade The attraction grade with five levels (i.e., 5, 4, 3, 2 and 1 A) published in the 

notice announcement issued in the official site by the Ministry of Culture 

and Tourism of the People’s Republic of China (https://www.mct.gov.cn/) 

based on various factors for rational and comprehensive considerations of 

tourist attraction quality, such as attraction landscape, and service and 

management. 

Service facilities The number of POIs of service facilities, such as restrooms, restaurants, and 

a tourist service center in the park. 

Visit number The number of SMD visits to the park. 

Visit density The density of SMD visits to the park. 

Entrance fee The entrance fee of the park. 

Online reputation The reputation scores or grades on SMD platforms for the park. 

External Distance from the urban 

center 

The distance from an urban park to the center of the city (Fan et al., 2021). 

Traffic convenience The number of traffic facilities, such as bus and subway stations, parking 

lots, and access around the urban park within 800 m (Brown et al., 2014; 

Guo et al., 2019; Liang and Zhang, 2018). 

Commercial facilities The number of commercial facilities, such as shops, hotels, and restaurants 

around an urban park. 

Residential places The number of residential communities around the park. 

Employment places The number of employment places around the park. 
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