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Abstract


The objective of this study is to investigate elevated parks as urban green spaces using social media data analytics. Two popular elevated parks, the High Line Park in New York and the 606 in Chicago, were selected as the study sites. Tweets mentioning the two parks were collected from 2015 to 2019. By using text mining, social media users’ sentiments and conveyed perceptions about the elevated parks were studied. In addition, users’ activities and their satisfaction were analyzed. For the 606, users mainly enjoyed the free events at the park and worried about possible increases in housing prices and taxes because of the 606. They tended to participate in physical activities such as biking and walking. Although the 606 provides scenic observation points, users did not seem to enjoy these. Regarding the High Line, users frequently mentioned New York City, which is an important aspect of the identity of the park. The High Line users also frequently mentioned arts and relaxation. Overall, this study supports the idea that social media analytics can be used to gain an understanding of the public’s use of urban green spaces and their attitudes and concerns.
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1. Introduction


Social media is emerging as a key data source and is playing an increasingly important role in the urban design and planning process. For example, social media data about urban spaces can help researchers understand urban use, urban area characteristics, and user perceptions [1,2,3]. In particular, social media data have the potential for enhancing the understanding of human behavior [4,5] and attitudes of a place [6]. Since social media provides a forum for communicating and sharing thoughts [7], it can be used in the design and planning process as a tool for understanding user characteristics. Martí et al. describe how social media and other recent technologies have transformed people’s interactions in urban spaces [8]. As researchers pointed out, the importance of social media analytics in urban design and planning is that social media analytics provide a means to collect data efficiently, gather users’ thoughts directly, and collect past data.



Traditional research methods in the design and planning fields fall into two categories. One is a quantitative approach, such as surveys, and the other is qualitative, such as interviews and observational studies [9]. The quantitative approach gathers data directly from the user in the form of surveys and certain types of observational studies. Qualitative studies rely on interviews, community meetings, and self-reporting methods [9]. Field observation has been used in many studies related to urban areas [10,11,12]. Surveys of anticipated park users are often used to obtain data about the survey participant. With surveys, it easy to verify who the participant is and the extent to which they are representative of park users. In many studies, a survey is used to understand people’s attitudes and their behavior in urban open spaces such as a park. Peters et al. used a survey to find that urban parks can promote social cohesion [13]. Whiting et al. used a survey of park visitors to identify motivations and preferences for outdoor recreation [14]. While traditional assessment tools can be used to evaluate on-site benefits of parks through surveys, interviews, and observations [10,15,16,17], the weakness of these methods is that preconceptions of the researcher can be reflected in the questions being asked or, in some cases, not asked. If a researcher asks a question with a positive framing, a respondent tends to answer positively. Although traditional methods have strengths, these approaches also have limitations compared to the new method as follows. They are often cost and labor intensive. In addition, they are static in time [18].



Social media has some advantages when compared to these traditional approaches. Though social media analytics have become quite common in several fields of research in the last ten years, its use in landscape planning and design is less prevalent. Social media, as a means of accessing users’ thoughts and attitudes toward a place, can be used in landscape architecture to figure out how people react to and interact with a landscape or places. Historically, landscape architecture has attempted to investigate the relationship between humans and landscape. To do this, many studies have developed methods for understanding how people react to the landscape through survey, observation, and other tools. Social media data, since they are user-generated, offer a new mode of observation. Users post their thoughts and behavior on a social media platform to share with other users, not just with the researchers.



The objective of this study is to understand elevated parks as urban green spaces through social media. The research questions are (1) What do people use elevated parks for? and (2) What are people’s opinions about elevated parks? The objective of the first question is to understand how the public perceives elevated parks through their social media postings. Although social media analytics have limitations, they also have the potential to scan and understand broad swathes of public opinion. In terms of understanding elevated parks, this approach allows the researcher how the main themes of public concern relate to the elevated parks.



The second question is related to public attitudes toward elevated parks and the way social media data can provide useful information on user satisfaction. They do this by examining the results from activity detected on a short media post and user sentiment about the activity. This study identifies a way to interpret social media data and provide useful information for designers and planners.



This article is organized into five sections: Introduction, Literature Review, Methods, Results, and Conclusion. The literature review answers three questions: (1) what constitutes social media, (2) what social media analytics are, and (3) how researchers obtain insights from social media. After reviewing previous studies, data collection and data analytics are introduced in the Methods section. This section presents the different analytics in detail, as well as the findings from the analytics. From these findings, the Conclusion draws implications for the future use of social media as a lens to understand urban green spaces.




2. Social Media


2.1. Defining Social Media


The emergence of Big Data has opened up new possibilities for urban studies. Among Big Data sources, social media comprises internet-based applications that provide services to users to create and share user-generated content [19,20]. Social media has reshaped our way of thinking about user data and become an important data source in multiple academic fields, such as urban studies, humanities, geography, and sociology. Social media has grown dramatically because of the emergence of the “Web 2.0” features [21], the development of internet accessibility, and increase in smartphone use [22]. Web 2.0 is a collection of technologies which allow users to create content, interact with other users, and share information [20]. These developments are particularly well-suited to landscape architecture, because these new data sources can offer insights into how local environments are used and experienced.



Kaplan and Haenlein classify social media into several categories [20]. The first type is collaborative media, such as Wikipedia. The second one is designed to share content, such as YouTube and Flickr. The third one is social networking platforms, such as Twitter and Facebook. The fourth one is blogging platforms, such as WordPress and Tumblr.



Social media improves public engagement tools in two ways: social media contributes to augmenting public engagement, and social media works as public communication channels. Regarding public engagement, many researchers agree that social media use increases public engagement [23], though a well-known limitation is that the population of social media users skews heavily towards younger age groups. On the other hand, this bias contributes to increasing the young generation’s participation in urban planning [24]. Fredericks and Foth describe how social media can be used as a means of augmenting public participation in planning [25]. Social media becomes a virtual public sphere by providing supplementary channels to traditional ones. In terms of a new public sphere, social media also provides a new communication space for the public. According to Jendryke et al., social media helps us to understand many issues in a city, such as disasters, emergencies, and others [26]. Brkovic and Stetovic also describe the importance of social media in terms of communication within communities. The authors explain that social media platforms act as the outreach channels of urban planners to communicate with residents for gathering information, announcing news, and sharing resources [27]. Sui and Goodchild mention the use of social media platforms to support communication among citizens [28].




2.2. Social Media Analytics


Text mining, also known as text analytics, allows researchers to reveal the user attitudes behind textual data. This field, which is at the intersection of information retrieval, data mining, statistics, and linguistics, extracts meaningful information from unstructured textual data [29]. The emergence of social media applications has contributed to the growth of text mining usage. Text mining borrows techniques from several areas, such as Natural Language Processing (NLP), Machine Learning (ML), Information Retrieval (IR), and Data Mining (DM).



Hu and Liu describe the text mining process in three phases: text pre-processing, text representation, and knowledge discovery [30]. Text pre-processing, also known as data processing, makes the textual data into a consistent form to enable text analysis. This step includes stop word removal and stemming. Stop word removal deletes all stop words which are considered meaningless in textual data. Stemming turns words to their stems based on root form [30]. By inflecting words to their root form, the representation has reduced variability. Other text pre-processing steps are lower-casing, normalization, and noise removal. Lower-casing changes all capitalization to lowercase to prevent the sparsity issue that the same words with difference cases map to the same form [31]. Normalization transforms text into a standard form. For example, it maps multiple forms of one word to a single normalized form, such as “stopwords”, “stop-words”, and “stop words” to “stopwords”. It also changes a misspelled word to a standard form. For example, the words “wooooow” and “wuw” to “wow”. Text pre-processing may differ according to the research design and purpose. In the case of analyzing tweets, most researchers eliminate hashtag, url, html, ID, and etc. before conducting text analytics.



The next step in text mining is text representation. This is a way to represent words into sparse vectors by word, known as the “Bag of Words (BOW)” representation. The basic assumption of the model is to slice textual information by word and count each word’s frequency to visualize it [32]. For this mode, a clustering algorithm is widely used to visualize words. In the Bag of Words model, a sentence or paragraph is the bag of its words (Table 1).



The Bag of Words model contributes to detecting and identifying topics and activities in urban green spaces. Lim et al. examine park visitor sentiments and activities using text analytics [33]. In this study, the authors use Latent Dirichlet Allocation (LDA) to detect topics and activities in tweets about urban green spaces. The authors identify two main findings. One is that common activities occurred in larger parks that had food, drinks, and events and another is that park visitors liked to take a photo at prominent landmarks or historical places. These results may seem like a predictable finding that is commonly mentioned in studies [34]. However, the main contribution of this study is to examine the use of text analytics to detect behaviors in parks.



A refinement of the simple Bag of Words approach is the N-gram language model. N-gram is a sequence of N words in the textual data [35], which means a set of adjacent sub-sequences of words within a given text. For example, for the sentence “I walk in the High Line”, when N is 2 (bigram), the sentence can be divided into “I walk”, “walk in”, “in the”, “the High”, and “High Line”. When N is 3 (trigrams), the results are “I walk in”, “walk in the”, “in the High”, and “the High Line”. N-grams are widely used in statistical NLP for calculating the joint probability of a sentence [36]. For using vector scores and the probability of a sequence, many studies use the N-gram model to detect issues [37], behavior [38], sentiment [39], and social unrest [40]. Agrawal et al. use the term frequency model to monitor a subset of the stream elements [41].



In the case of detecting behavior, Myslin et al., in 2013, conducted a study to understand and develop a machine learning classifier to detect behaviors and attitudes to tobacco [38]. They collected over 7000 tweets related to tobacco from 2011 to 2012 and manually classified it. Using the data, they developed machine learning classifiers that were trained to detect sentiment [38]. In this study, a bigram model was used to calculate and predict the probability of sequential words for the machine learning classification algorithm.



For the last processing phase in text analytics, several methods such as classification, clustering, event detection, and sentiment analysis are used [30]. Among these tools, sentiment analysis is commonly used in text analytics, especially for analyzing social media data. According to Mukherjee, sentiment analysis is a means of understanding a user’s feelings posted in positive or negative tweets by analyzing texts. It can be considered the study of people’s opinions, sentiments, emotions, and attitudes [42]. In this study, we use the lexicon-based approach for sentiment analysis. The lexicon-based approach uses positive and negative sentiment terms by using a dictionary based-approach [43]. The dictionary-based approach collects a small set of opinion words and then grows this set by searching in a large collection of text [44].



There are two ways to detect the sentiment in textual information: polarity analysis and emotion analysis. Polarity analysis classifies sentiment into three categories, negative, positive, and neutral. Emotion analysis categorizes feelings as happy, sad, fearful, angry, surprised, and disgusted [45]. Although sentiment analysis is helpful to understand feelings and emotions expressed by social media users, this kind of analysis can be challenging because of the brevity of the postings and a tendency to use abbreviated words [46]. To reduce its difficulties and increase its validity, Hutto and Gilbert created a model known as Valence Aware Dictionary for sEntiment Reasoning (VADER) [46]. They examined the validity of a sentiment lexicon and then combined lexical features with five rules embodying words. After the authors developed the VADER, they examined its accuracy in social media data by comparing the results from the VADER with ground truth. The authors claim the strengths of VADER as follows: (1) it works well on short and abbreviated text, (2) it is constructed from a human-created sentiment lexicon, and (3) it is fast enough to analyze streaming data [46].



They developed a new sentiment lexicon list from existing sentiment lists such as Linguistic Inquiry and Word Count [47], Affective Norms for English Words, and General Inquirer and added human-created lists. To make a human-created lexicon list, they used a wisdom-of-the-cloud (WotC) to estimate a point for the sentiment for each feature. Each feature was rated with a score from extremely negative, −4, to extremely positive, 4, and zero for neutral by human raters. By doing so, they identified 7500 lexical features with validated score indicating the sentiment polarity. With these lexicons, VADER measures each word’s sentiment score and sums the sentiment score over the text. Then, VADER normalize scores to be between −1 and +1. Positive sentiment refers to this score being larger than 0.05, and negative sentiment is under −0.05; otherwise, it is considered neutral (when the score is larger than −0.05 and smaller than 0.05). Compared to other sentiment analysis lexicons, VADER does well at estimating human sentiment, especially in tweets [46].




2.3. Related Studies


Based on the attributes of social media data, researchers use it in detecting landscape and land uses, supporting public engagement, and identifying the relationship between people and place. In this part, we introduce studies that used social media data as a major data source in urban studies and landscape architecture. Since studies in landscape architecture are comparably fewer than urban studies, social media use in urban studies is mainly discussed. Many studies aim to (1) detect hidden functions of urban areas and (2) detect hidden relationship between human and landscape.



First, social media allows characterization of the use of urban areas, green spaces, and protected areas. Tu et al. discover urban functions by using social media data [48]. From the data, the authors extracted the behaviors of users and identified the time of posting. By doing so, they reveal the use of urban areas by functions such as working and time [48]. In a similar study, Chen et al. depict urban functions by using hot place analysis with social media data [49]. The authors identify the urban functions and places that emerge as central places. Silva et al. show that using social media data allows the detection of characteristics of each urban area [50]. In urban planning, many studies use social media to find functional areas. Studies in landscape architecture also use social media to detect the ecosystem. Oteros-Rozas et al. examine over a thousand photos from Flickr and Panoramio to identify the relationship between landscape diversity and ecosystem services [51]. Landscape diversity is an important aspect to assess the quality of the landscape and cultural ecosystem services refer to the benefits of green spaces to people. The authors find a weak and positive relationship between the two factors [51].



Second, social media provides a chance to understand how people interact with the landscape. Tieskens et al. used photos in Flickr and Panoramio to examine the relationship between landscape attributes and preferences [52]. Many researchers in landscape architecture have similarly focused on the relationship between landscape attributes and people’s preferences [52]. However, most studies use surveys with photographs, which means there is a gap between the photos as representative media and real places. These studies may reduce the gap between the photos and reality by using visitors’ uploaded photos. Contents and multi-media information posted on social media platforms allow researchers to detect a new use of urban place and the relations between human and nature. In particular, social media data contain geo-location information, which contributes to understanding how people use a place. Social media studies which use geotagged information often provide meaningful information for the design and planning. Wu examined the use of urban trails by examining geo-location information from Flickr and Twitter [53]. The author aimed to examine the usefulness of social media as a proxy for demand. By mapping geotagged postings along the trails, they make heat maps. At the same time, they calculate trail traffic to compare two datasets. As a result, the authors find a weak meaningful statistical correlation between photos and trail traffic [53]. Fisher et al. also attempted to predict trail traffic by using social media [54]. They measured the traffic from various techniques including geotagged photos and compared the traffic. They found that correlations between official statistics and geotagged photos are between 55% and 95%. Based on the results, they assert that user-generated data can let urban planners and landscape architects manage and monitor trail use [54].





3. Methods


3.1. Study Sites


Two well-known and popular elevated parks, the 606 in Chicago and the High Line in New York City, were selected for this study. Their location in urban areas and the large number of people who visit these parks makes them ideal for a social media-based study.



The 606 was the Bloomingdale line that was an elevated railroad crossing Chicago in the east–west direction. The railroad was constructed in 1873 and was elevated in the 1910s to reduce pedestrian fatalities. The line was used for passenger trains but stopped its operation in 2001. After this, from 2002 to 2004, the greenway concept was introduced to the public. A group known as Friends of the Bloomingdale Trail launched in 2003 for advocacy [55]. In 2015, the 606 opened as the longest elevated park in the U.S. (see Figure 1)



The High Line was the street-level railroad track along Tenth and Eleventh on Manhattan’s West Side in 1847. In 1929, when safety issues were raised, the city, the state, and New York Central agreed on the West Side Improvement Project led by Robert Moses [56] and the street-level tracks turned into the elevated railway. The invention of standard container cargo fostered the growth of the interstate trucking system during the 1950s [57] and it also led to shrinkage of rail traffic throughout the U.S. The owner Conrail decided to disconnect the High Line elevated railway from the national rail system in 1980 for a year. While the railway was reconnected in 1981, there was no demand to use this line. The tracks ceased operation at this point. The High Line park opened in 2009 and has achieved economic success, becoming an iconic elevated park. In 2015, seven years after its opening, 7.6 million people visited the park, which was nearly six times the number of visitors in the first year, 1.3 million [58]. It is also expected to generate around USD 1 billion in tax revenues to the city over the next 20 years [59]. The success of the High Line has led other cities to want to build their own elevated parks to revive struggling communities.




3.2. Data Collection


We chose Twitter for social media analytics in this study due to several reasons: (1) Twitter users generate short messages, limited to 280 characters (until late 2017, the limit was 140 characters), (2) Twitter is convenient to access and collect data, and (3) many studies use Twitter as the main source. We introduce Twitter in general, its users, and its data structure. Following the approach used by Liu [42], we codified keyword-based queries related to each elevated park. We submitted each keyword to Twitter’s search interface to access full historical tweets instead of using the streaming API. By doing so, we collected tweets posted from January 2015 to June 2019 for each elevated park (Table 2).



The data only include tweets posted in English. Since most analytics in text mining including sentiment analysis are developed for the English language, using non-English language data in the analysis derives inaccurate results [60]. To reduce the inaccuracy, we only include English tweets. Among the total tweets including keywords, we exclude all tweets posted in other languages except English. For the 606 (n = 14,340), we deleted 497 tweets (English tweets = 13,843). For the High Line, after the keyword search (n = 206,229), all tweets using other languages other than English were deleted.



After pre-processing for text mining, we reviewed the data for each park and removed unrelated tweets for reducing inaccuracy. First, we plotted the number of tweets by day for each elevated park for detecting abnormal dates. For the abnormal dates, we reviewed all tweets posted on these dates and identified keywords to delete unrelated tweets. Second, we found heavy users to detect unrelated tweets. After finding heavy users who posted more than the average level, we reviewed the profiles of these users on Twitter. For example, unrelated tweets use the elevated park name as their business in other cities. In the case of the 606, there is a jazz bar, “the 606 Club”, in London. One of the model names of a product uses “High Line”. These are examples of unrelated tweets. If a tweet included unrelated keywords such as the club name or product name, these tweets were eliminated before the analysis. Through these filtering processes, we deleted tweets which were not related to the elevated park. The total number of tweets of the 606 is 12,952 and the High Line is 165,347.




3.3. Data Analytics


After the text pre-processing, we conducted three main analyses: (1) topic analysis, (2) sentiment analysis, and (3) text analysis. Topic analysis is conducted to discover the main issues being discussed about each elevated park by month. Sentiment analysis aims to detect the public sentiment towards the elevated parks. For sentiment analysis, we used the VADER model, which was developed especially for social media data [46], because of its accuracy, especially for a short text, compared to other sentiment analysis models. Text analysis, at a more basic level, looks at the term frequency of selected keywords and the relationship between corpora. We selected keywords related to physical activities, social activities, nature, and scenery based on the survey questionnaire, then compared the sentiment of each activity. Through the analysis, the relationship between activity and sentiment in the virtual environment can be revealed.





4. Results


4.1. Public Attitudes about the Elevated Park


4.1.1. The 606


Regarding the 606, the number of tweets and the main topics of tweets relate to the residential location of the park and its proximal neighborhoods. The dates with the top five numbers of tweets show some of the main issues people are interested in. One of the abnormal dates was an event day for residents—on the first anniversary of the 606—and another one was the announcement of a block party in the 606. Two days were related to crime in the 606, such as theft and robbery. One of the dates was a protest of rising rents, property prices, and taxes. These show that the interests of residents and frequent park visitors tend towards their neighborhoods and their communities. In terms of the number of tweets, we find that users mentioned the 606 mostly in May, July, September, and October. The number of tweets by year shows a decrease by year. Since the 606 opened in June 2015, the collected tweets include the tweets from August 2015 to July 2019 (Figure 2).



The topic analysis reveals the changes in topic by month (Figure 3). During the winter season, from December to February, park users frequently mentioned “light” and “walk” (or “walking”). Compared to the other season, “jazz” was also mentioned in January and February. Some of the main topics of the spring were worries such as “robberies”, “crime”, and “gentrification”. From March to May, people tweeted worries liked “robberies”, “police”, “crime”, “night”, “gentrification”, and “housing”. They also mentioned “tensions” and “buzzing” to express their feelings. Among the spring months, April shows a different result compared to other months. In April, people mentioned activities such as “bike” and “walk” frequently, and events such as “free jazz night”. In the summer season, park users mentioned physical activities such as “walk”, “bike”, “run”, with their status such as “happiness”. For the last, during the fall season, people liked to take “photos”. Compared to other seasons, people mentioned “photos” in the fall season more often. They also tweeted “beautiful” in November, which was the first time that they described their feelings about the scenery. Overall, park users worried about “housing”, “prices”, and “crimes” in the 606. Generally, they liked to do physical activities during all seasons; however, the intensity of physical activity may differ from season to season, from light walking in the winter to running in summer.



For sentiment analysis, users tend to mention the 606 positively. When we compared the sentiment by year, the histogram shows that positive sentiments increased by year. Although the total number of tweets decreased by year, users tended to post about the 606 more positively than negatively (Figure 4a). An interesting aspect is the sentiment of summer and winter (Figure 4b). The difference in sentiment by month is slight, but the positive sentiment percentage of July and December is higher than other months (Figure 4c). These may reflect occasions such as Independence Day and Christmas.



To scrutinize the sentiment analysis, we conducted bigram network analysis for each sentiment tweet. Users positively posting about the 606 were celebrating birthdays, free and cheap events, and a block party (Figure 5a). For the negative tweets, users mentioning the 606 focused on protest and gentrification, affordability and housing, robberies and police, surroundings and tensions, and bike robbing (Figure 5b). These tweets show issues which users worried about, with two main themes: one is gentrification, and the other one is crime.




4.1.2. The High Line


The High Line had the most tweets (n = 165,347) compared to other elevated parks in our dataset. After text preprocessing, a total of 165,347 tweets were identified for the analysis and this was almost eleven times more than the 606 tweets (n = 14,340). Like the 606, we reviewed the abnormal dates to identify big events or issues in the High Line. However, there was no special event on the top 10 dates of total number of tweets, except for the 5th Annual Coach and Friends of the High Line summer party on 25 July 2015. Other dates were in 2015, which was the top tweeted year of the study period (Figure 6).



Regarding the topic changes by month, the High Line shows more stable patterns in topic compared to the 606. Figure 7 shows the results from the topic analysis. Generally, people tweeting about the High Line mentioned “art”, “walk”, “photo”, “people”, and “city” frequently. The High Line users mentioned “photo” in all seasons, which indicates that the High Line is a place to memorize and post on social media, not a daily visit place, for the majority of users. The High Line users mentioned “building” and “tower” frequently also.



For the number of tweets by month and year, the High Line users tended to post their experiences on social media platforms from summer to fall. Moreover, the number of tweets by year decreased from 2015 to 2019. Compared to the 606, the High Line users were more concentrated in summer and fall seasons (Figure 8).



Sentiment analysis of the High Line tweets reveals that the proportion of both positive and negative tweets has increased over the years (the proportion of neutral tweets has decreased). When we look at the sentiment changes by month, there are only small differences between months. In the High Line case, like the 606, the total number of tweets is decreasing; however, users tend to post about the High Line more positively than negatively.



The bigram network of positive sentiment represents related keywords (Figure 9a). For example, one of the clusters includes “im” (I’m), “pretty”, and “good”. Some clusters show the events in the High Line, including “friends”, “coach”, “annual”, and “5th”. The main cluster shows a number of keywords related to the city. “Central” and “Park” are also frequently mentioned with the High Line. From these results, one of the biggest reasons of the High Line’s success can be considered a scenic urban view and the city itself. Regarding the negative sentiments (Figure 9b), the bigram network analysis shows some keywords like “abandoned” with “railroad” and “chelsea” with “site”. An important caveat here is that lexicon-based sentiment analysis methods cannot always extract the full sentiment of a complex sentence. Thus, the sentiment analysis here should be considered a starting point for a deeper understanding of user opinions.





4.2. Visitors’ Activities and Satisfaction


This section addresses the relationship between users’ activities and their sentiments through filtering a specific activity in the tweets and comparing the sentiment. Main activities in the elevated park fall into physical activities, viewing art, social activities, having picnics, scenic overlooks, and contact with nature (Table 3). Related keywords of each category were used to filter the relevant tweets. Then, sentiment analysis was conducted to compare the sentiment between activity-related tweets and unrelated tweets. Results are as follows: (1) the 606 users posted positively about physical activities, enjoying art, social activities, and contact with nature, and (2) the High Line users posted positively in terms of having picnics and scenic overlooks. These results suggest that the 606 supports residents to use the trail as their daily activity place and the High Line allows users to have a picnic in the elevated park and have a special experience in the center of the city, overlooking the urban view.



First, in the case of the 606, users were actively involved in physical activities, enjoying arts, social interaction, and contact with nature in the elevated park (Table 4). Users who were involved physical activity in the 606 were satisfied with the activity (positive = 51.78%) compared to the High Line (positive = 30.31%). Additionally, the percentage of physical activity-related tweets to the total tweets reinforces that the 606 users were more involved in physical activity (24.73%) than the High Line users (6.36%). For the activities involving viewing art, the result shows that the 606 users mentioned arts (33.43%) much more than the High Line users (9.08%) and more positively (48.02%) than the High Line users (39.74%). In terms of social interaction, users of both elevated parks positively tweeted about social interaction, which involves experiences with their friends or family. The 606 users positively posted about the social interaction (87.00%) slightly more than the High Line (84.50%). For contact with nature, the 606 users posted more positively (50.00%) than the users of the High Line (40.58%). However, when we consider the differences between nature-related tweets and other tweets in positive sentiment, both parks show similar differences of around 8%. Overall, the 606 users posted positively about physical activities, viewing art, social interaction, and contact with nature.



Second, the High Line users posted positively about having picnics and overlooking experience rather than the 606 (Table 5). Users of the High Line enjoyed picnics slightly more positively (45.61%) than the 606 users (44.44%). Considering the differences between picnic-related tweets and other tweets in positive sentiment, the 606 users mentioning the picnic-related keywords were slightly more (44.44%) than unrelated tweets (42.40%). However, the result of the High Line shows the larger differences between them (45.61% vs. 32.96%). This result suggests that picnicking is a more common activity at the High Line than at the 606. The surprising result is about overlooking. Regarding overlooking, more High Line users positively tweeted about the views on the High Line (36.36%) rather than the 606 (25.00%). The 606 users were rarely satisfied with the views (25.00%) compared to other tweets about the 606 (42.21%) and the overlooking-related tweets of the High Line (36.36%). Negative tweets were also 25.00% in the 606 about overlooking. This suggests that the 606 users were not drawn to the park for the views. The overall results of the High Line show that the High Line users liked to have a picnic and enjoy the view on the elevated park more than the 606 visitors.





5. Discussion


In this section, we discuss results in detail based on our research questions.



5.1. What do People Use Elevated Parks for?


The 606 is well-integrated into the daily lives of nearby residents. The users liked to bike and walk along the park, were interested in events, and worried about housing prices and crimes. The clustering analysis highlights the main activities in the park and issues related to the park. For the main activity, biking and walking were the most frequently mentioned in the social media platform. This result supports the idea that the 606, which is designed for biking and walking [61], is well-designed and provides for the needs of residents. Interestingly, the cluster analysis points out issues related to gentrification and crime. The sentiment analysis also supports the idea that the 606 users worried about these issues. Another interesting finding from the sentiment analysis is that the 606 users rarely mentioned the park during the middle of summer and winter. Since the winter in Chicago is too cold to participate in outdoor activity, the low volume of tweets over the winter is not surprising. However, it is interesting that the volume of tweets is also low in the middle of the summer. These results broadly support the assertion that the 606, which is designed for residential and mixed use, is closely related to the daily life of residents.



The High Line users are more drawn to special events at the park. To them, the purpose of visiting the park is to play or to participate in events like “summer”, “party”, “coach”, and “friend”. A large proportion may be tourists, since they also mentioned “New York City” frequently. The topic changes by month also support the same argument that the High Line users are happy to visit the park which is located in NYC. The keyword “NY” was mentioned during almost all months. Compared to the 606 users, the High Line users tended to take photos throughout the whole year according to the topic changes, which also could be due to tourism and/or special events.




5.2. What are People’s Opinions about Elevated Parks?


Surprisingly, appreciating art in the park has a lower satisfaction level at the High Line than at the 606. This is despite the fact that there are many galleries and museums around the High Line, and the High Line regularly exhibits artworks. This result is difficult to directly compare and is one of the analyses that can only be achieved through social media analysis. In the case of the 606, compared to the High Line, there are many cases of appreciating art only during certain seasons. This may be due to 606 visitors perceiving artwork at the park as an unexpected feature and thus more novel and pleasing.



Social activities are viewed positively in both parks. This result is presumed to be due to the characteristics of the place as a park and a positive reaction to the activities of being with friends and family. Since this study was targeted at elevated parks, we did not compare whether these characteristics occurred in particular in these parks. Comparisons with other types of parks need to be conducted to see if this reaction is a characteristic of elevated parks.



In general, elevated parks consider scenic overlooks as an important design feature, and in many cases, viewing points are selected and benches from which to view the landscape are placed. Even in the case of the High Line Park, viewpoints were created and benches were placed at many points. The same goes for the 606. Many elevated parks are designed with the intention of wanting visitors to enjoy the pleasure of extended views. Surprisingly, however, the tweets relating to scenic overlooks have the lowest proportion of positive sentiment. This is contrary to the conventional design concept that has been considered so far, and it will be important to consider this result when designing elevated parks in the future.





6. Conclusions


In conclusion, we recommend to urban planners and landscape architects who want to make an elevated park that every elevated park has to be used in its own context. For example, the High Line, which is designed for art exhibitions and special events, is used by tourists who want to enjoy New York City. The 606, which is designed for the neighborhoods, sometimes reflects the neighborhoods’ gentrification instead of economic vitality. This study offers an opportunity to show how every elevated park can be used in a different way. Based on this study, urban planners and landscape architects may consider the side effects of building elevated parks in their city.



This study addresses one of the reasons for the High Line’s success through social media analytics. As a more well-known place, not only in New York City but also in the world, the volume of tweets indicates that users mentioned the High Line during all seasons except in November and December. Moreover, the number of tweets was over ten times more than the 606 tweets. The results of cluster analysis show that users frequently mentioned New York City and arts with respect to the High Line. Furthermore, the result of sentiment analysis and bigram network support the notion that the city and urban scenery in the park are the most frequently mentioned topics. These results suggest that tourism contributes to the success of the park. One of the other reasons for its success is arts. Users frequently mentioned arts along the elevated park with positive sentiment, which suggests that arts in the park contributes to the success of the High Line.



This study shows how social media data can be used to study urban parks. By using social media analytics, we gained some insight into how people think about and use elevated parks. One of the limitations of this study is that it only considered Twitter among social media. Additionally, this study does not consider the population bias that social media users tend to be more young, white, and male [5]. In the future, other social media platforms can be added to enrich the results.
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Figure 1. (a) The 606, (b) The High Line (copy right Jisoo Sim). 
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Figure 2. (a) Number of tweets by month, (b) Number of tweets by year. 
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Figure 3. Topic changes by month (x: %). 
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Figure 4. (a) Sentiment per month, (b) Sentiment by month, (c) Sentiment by year of the 606. 
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Figure 5. (a) Network diagram for positive sentiments, (b) Network diagram for negative sentiments. 
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Figure 6. (a) Number of tweets by month, (b) Number of tweets by year. 
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Figure 7. Topic changes by month. 
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Figure 8. (a) Sentiment per month, (b) Sentiment by month, (c) Sentiment by year of the High Line. 
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Figure 9. (a) Network diagram for positive sentiments, (b) Network diagram for negative sentiments. 
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Table 1. Example of BOW.






Table 1. Example of BOW.





	Sentences
	Bag of Words (BOW)





	(1) I walk on the High Line
	“I”, “walk”, “on”, “the”, “High”, Line”



	(2) and you also walk on the High Line
	“and”, “you”, “also”, “walk”, “on”, “the”, “High”, Line”










 





Table 2. Total number of tweets.






Table 2. Total number of tweets.











	
	Keywords
	Number of Tweets

(Before Text Pre-Processing)
	Total Number of Tweets for the Study





	The 606
	“The 606”, “the Bloomingdale trail”
	14,340
	12,952



	The High Line
	“The High Line”
	206,229
	165,347










 





Table 3. Number of tweets related to the activity.






Table 3. Number of tweets related to the activity.





	
Activity

	
Keywords

	
Number of Tweets




	
The 606

	
High Line






	
Physical activity

	
“walk”, “jog”, “run”, “bike”

	
N = 730

(5.64%)

	
N = 10,509

(6.36%)




	
Art

	
“art”,”gallery”, “museum”

	
987

(7.62)

	
15,021

(9.08)




	
Social

	
“friend”, “family”, “mom”, “dad”, “people”, “father”, “mother”

	
177

(1.37)

	
2408

(1.46)




	
Picnic

	
“lunch”, “snack”, “sandwich”, “food”, “coffee”, “yum”

	
45

(0.35)

	
445

(0.27)




	
Overlooking

	
“overlook”, “view”, “see”, “watch”

	
4

(0.03)

	
275

(0.17)











 





Table 4. Sentiments for each activity in the 606.
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	Activity
	Sentiments





	Total Sentiment
	[image: Sustainability 12 08895 i001]



	Physical
	[image: Sustainability 12 08895 i002]



	Arts
	[image: Sustainability 12 08895 i003]



	Social
	[image: Sustainability 12 08895 i004]



	Picnic
	[image: Sustainability 12 08895 i005]



	Overlooking
	[image: Sustainability 12 08895 i006]










 





Table 5. Sentiments for each activity in the High Line.
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	Activity
	Sentiments





	Total Sentiment
	[image: Sustainability 12 08895 i007]



	Physical
	[image: Sustainability 12 08895 i008]



	Arts
	[image: Sustainability 12 08895 i009]



	Social
	[image: Sustainability 12 08895 i010]



	Picnic
	[image: Sustainability 12 08895 i011]



	Overlooking
	[image: Sustainability 12 08895 i012]
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