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            Abstract
          
        

        
          
            Purpose:
            This study explores how user-generated content (UGC), specifically Google Maps reviews, can be used to assess public perception of urban green spaces (UGS) in six parks across Metro Manila and Seoul. It examines how natural language processing (NLP) tools can support park management by identifying areas for improvement.

          

          
            Method:
            Approximately 28,000 Google Maps reviews from six urban parks, Rizal Park, Quezon Memorial Circle, and Ayala Triangle Gardens in Metro Manila, and Seoul Forest, Boramae Park, and Yeouido Park in Seoul, published from 2015 to 2024 were collected using Apify’s Google Maps Reviews Scraper. The data was processed in Dataiku DSS and analyzed using Google Cloud NLP for multilingual sentiment classification and OpenAI’s GPT-4o Mini for multi-label thematic categorization. TF-IDF keyword extraction, combined with large language model (LLM) pre-processing, was applied to reviews tagged as “Points for Improvement and Negative Perceptions” to focus on issues park users encountered.

          

          
            Result:
            While most reviews were positive, many expressed neutral sentiment despite high star ratings, highlighting a disconnect between linguistic tone and numeric scores. Although fewer in number, negative reviews provided actionable insights into common issues such as overcrowding, cleanliness, accessibility, parking, and construction. Thematic analysis showed that in the Philippine parks, the most mentioned themes were general appreciation, history and culture, and recreation. In Korean parks, the focus was on recreational activities, general appreciation, and nature and biodiversity. The study demonstrates how UGC, combined with AI tools, can offer insights into urban park experiences, supporting more responsive and inclusive green space planning.

          

        

      

      
        Keywords: 
Urban Green Space, User-Generated Content, Google Maps Reviews, Natural Language Processing, Sentiment Analysis

      

    

    

  
    
      1. Introduction
      
        1.1. Background and Purpose of the Study
        The United Nations projects that 68% of the global population will reside in urban areas by 2050 [1], underscoring the need for sustainable urban planning. One strategy in addressing the challenges of urbanization is the development and preservation of Urban Green Spaces (UGS). UGS such as parks and gardens, are vital for environmental quality, public health, and social well-being. They help reduce the urban heat island effect [2], enhance quality of life [3], and support mental and physical health outcomes [4], including reduced symptoms of depression and anxiety, improved mood and attention [5], and better overall health [6]. UGS also foster community cohesion and promote healthier behaviors through increased opportunities for social engagement and physical activity [7]. Despite the benefits of UGS, their impact depends not only on access or usage but also on user perception. Visitors’ satisfaction and emotional responses influence engagement [8], making it crucial to understand features shaping public attitudes for effective planning and management [9].While surveys and interviews remain useful, they are often time-consuming, resource-intensive, and limited in generalizability. Researchers are increasingly turning to user-generated content (UGC) as a scalable, real-time alternative for capturing public sentiment and spatial behavior [10,11]. However, research on UGC remains limited in several areas. Most studies focus on social media platforms such as Twitter, while place-based sources like Google Maps, which provide highly contextualized feedback tied to specific locations, are underexplored. Research on public perceptions of UGS outside Western contexts is also scarce, and the link between user experiences and public attitudes toward UGS is not widely examined. This study addresses these gaps by analyzing Google Maps reviews (2015~2024) for selected urban parks in Metro Manila and Seoul, focusing on negative perceptions to inform more inclusive and responsive UGS planning and management.

        It addresses the following research questions: (RQ1) How do users in Metro Manila and Seoul perceive urban parks through Google Maps reviews? (RQ2) What negative perceptions and areas for improvement are most frequently mentioned? (RQ3) How do governance and urban contexts influence these perceptions?

      

      
        1.2. Scope of the Study
        Parks in Metro Manila and Seoul with over 5,000 Google Maps reviews were considered. Specialized venues such as zoos, conservatories, or themed attractions were excluded, as their reviews reflect specific features rather than general park use. The top three parks in each city were selected based on review volume, public accessibility, and general-use design (Table 1.). Metro Manila parks generally show higher review counts, likely due to fewer parks in the region concentrating user activity. Rizal Park and Quezon Memorial Circle are surrounded by institutional and commercial areas, while Ayala Triangle Gardens draws many reviews due to its central location within the Makati Central Business District (CBD) and its private management. Seoul’s larger parks, situated amid commercial and residential zones, have more dispersed reviews, reflecting both the availability of multiple digital platforms and varied patterns of urban park use. Additionally, 41.3% of Korean park reviews included written content, compared to 34.7% for Philippine parks, suggesting more detailed feedback from Korean users. The selected parks represent a range of scales, types, and management contexts in both cities, allowing for a meaningful comparison of user experiences and perceptions across diverse urban park environments.

        
          Table 1. 
				
          

          
            Research site
          
          

        

        
          
            
              	Park name and location
              	Park satellite image*
              	Zoning**
              	Size
              	Ownership/
Management
              	Spatial characteristics
              	Total reviews (2015~2024)
              	Reviews with text (2015~2024)
            

          
          
            	Philippine Parks
          

          
            	Rizal Park, Manila City, Metro Manila
            	
              
            
            	
              
            
            	540,000m2
            	Public - National Parks Development Committee (NPDC)
            	Divided into three main sections: 
- Northeastern Section - houses the National Museum Complex
- Central Section - features landmarks such as the Rizal Monument, the Independence Flagpole, various gardens, and the central fountain
- Southwest Section - situated along Manila Bay, contains the Quirino Grandstand, Burnham Green, and the Manila Ocean Park
            	27,509
            	9,683
          

          
            	Quezon Memorial Circle, Quezon City, Metro Manila
            	
              
            
            	
              
            
            	270,000m2
            	Public - Quezon City local government and the National Historic Commission (NHC)
            	- Contains a central shrine and surrounding green zones with gardens, play areas, and a multipurpose sports field
- Includes bike paths, fitness areas, cultural venues, and pop-up stalls for food, plants, and souvenirs
            	14,428
            	4,832
          

          
            	Ayala Triangle, Makati City, Metro Manila
            	
              
            
            	
              
            
            	20,000m2
            	Private - Ayala Property Management Corporation (APMC)
            	- Compact park in the Makati Central Business District, featuring shaded lawns, public art, and primarily upscale dining options
- Functions as a landscaped pedestrian corridor linking office towers, malls, and transport hubs
            	10,443
            	3,649
          

          
            	
              TOTAL
            
            	
            	
            	
              52,380
            
            	
              18,164 (34.7%)
            
          

          
            	South Korean Parks
          

          
            	Seoul Forest, Seongdong-gu, Seoul
            	
              
            
            	
              
            
            	480,994m2
            	Public - Seoul Metropolitan Government
            	- Features four themed zones: the Cultural Art Park, Ecological Forest, Experiential Learning Park, and Wetland Ecological Park 
- Also has a deer enclosure, insect botanical garden, butterfly garden, playgrounds, and sports areas
            	10,065
            	4,051
          

          
            	Boramae Park, Dongjak-gu, Seoul
            	
              
            
            	
              
            
            	406,705m2
            	Public - Seoul Metropolitan Government
            	- Integrates recreational, historical, and community-oriented uses
- Equipped with facilities including sports courts, a jogging track, rock climbing wall, playgrounds, picnic areas, a pond, and a small zoo
            	7,382
            	3,160
          

          
            	Yeouido Park, Yeongdeungpo-gu, Seoul
            	
              
            
            	
              
            
            	229,539m2
            	Public - Seoul Metropolitan Government
            	- Features open areas for cycling and skateboarding, tree-lined walking paths, and seasonal gardens
- Functions as a cultural and recreational hub surrounded by media, finance, and Han River facilities
            	5,974
            	2,460
          

          
            	
              TOTAL
            
            	
            	
            	
              23,421
            
            	
              9,671 (41.3%)
            
          

        

        
          
            *Images of Philippine parks are sourced from Google Maps (2025), and images of Korean parks are from Naver Maps (2025).
          

          
            **Zoning map of Seoul is from Seoul Urban Space Portal, and zoning map of Metro Manila parks is from respective LGUs.
          

        

        

        Nonetheless, the high number of reviews in all selected parks indicates strong public engagement and frequent visitation. Focusing on parks with substantial reviews provides a robust foundation for analyzing public attitudes toward UGS, enhancing the reliability of the study’s findings.

      

    

    

  
    
      2. Review of Related Literature
      
        2.1. Urban Park Challenges in Seoul and Metro Manila
        
          1) Metro Manila
          Metro Manila has experienced rapid, poorly regulated urban growth, with mixed land use and high rural-to-urban migration [12]. Weak policies and the lack of a comprehensive legal framework have led to fragmented and uneven UGS provision [13]. Governance is also fragmented, each of the 17 local government units (LGUs) manages parks independently, while the National Parks Development Committee (NPDC) oversees only a few national sites. Private developers often convert open spaces into commercial or residential projects, resulting in privately-owned parks that remain vulnerable to redevelopment. Although Presidential Decree 1216 mandates open spaces in subdivisions and the Local Government Code instructs LGUs to provide parks, no agency systematically monitors or enforces provision and management [14]. Parks like Rizal Park, Quezon Memorial Circle, and Ayala Triangle feature lawns, monuments, jogging paths, playgrounds, and event spaces, but amenities and quality vary, reflecting uneven institutional support.

        

        
          2) Seoul
          In contrast to Metro Manila where LGUs manage parks independently, Seoul’s 25 districts (gu, 구) operate under the centralized coordination of the Seoul Metropolitan Government (SMG). National parks are overseen by the National Park Service under the Ministry of Environment, while urban and regional parks fall under the SMG or subordinate agencies. Neighborhood parks are widely used, particularly smaller ones that are numerous, well-distributed, and easily accessible [15]. Since the Park Act of 1967 and the creation of development restriction zones in 1971, Seoul has developed a strong legal and institutional framework for park provision, reinforced by successive policies including the 1985 and 1995 “Policy Direction of Parks and Green Spaces” studies and the 2015 Master Plan aligned with the 2030 Seoul Urban Master Plan [16]. More recently, parks have been designated as local living service facilities, with demand, supply, and management evaluated through the Right to Life Plan [17]. Despite these institutional strengths, Seoul faces challenges related to equitable distribution, connectivity of green networks, and congestion in popular destinations [16].

          The contrast between Metro Manila and Seoul illustrates how governance, policy, and urban development shape park provision and management. Fragmented governance in Metro Manila contrasts with Seoul’s centralized coordination and stronger legal framework. These differences provide context for interpreting user sentiment, as park size, layout, and accessibility influence experiences. By selecting three parks of varying type and scale per city, sentiment analysis can reveal how urban context shapes perceptions of park quality and usability, offering insights for planning and management.

        

      

      
        2.2. Big Data in Urban Planning: User-Generated Content (UGC)
        Big data refers to large-scale information analyzed using advanced tools [18] and has proven useful for understanding human behavior and perception [19]. One major source is UGC, which consists of media or data shared online to inform or express opinions [20]. Unlike surveys, UGC captures people’s thoughts in their own words without preset questions, time, or geographic limits, offering broad spatial and temporal coverage for urban studies.

        While UGC was initially applied in areas like product research [21,22], it is now increasingly used across diverse fields, including urban planning. In UGS research, it helps overcome the limits of traditional surveys by offering insights into how people use and perceive green spaces [23]. The growing availability of data with broad spatio-temporal coverage, along with advances in deep learning and user-friendly analytical tools, has contributed to the steady rise of big data-based studies on UGS [24].

        UGC analytics have been used to measure park visitation frequency, showing that park attributes and surrounding landscape features significantly influence park use [25]. They also support the tracking of visitor feedback, sentiment, and perceived experiences over time [26]. Unlike traditional methods, UGC is not bound by temporal constraints, allowing for the identification of long-term patterns and trends. Some studies have also examined the impact of the COVID-19 pandemic on UGS use [27], highlighting UGC’s capacity to capture real-time shifts in public behavior and spatial preferences, insights often difficult to obtain through conventional research.

        While much of the existing literature focuses on social media platforms [28], there is a growing recognition of the value of place-based UGC sources like Google Maps [29], where users provide location-specific feedback. These platforms are particularly valuable as users often leave detailed comments reflecting their perceptions of specific places, including issues related to cleanliness, safety, facilities, and accessibility. Despite this potential, there remains limited research that leverages Google Maps reviews to systematically analyze park management practices, identify maintenance deficiencies, or assess the overall quality of user experiences.

        By utilizing Google Maps, a location-specific form of UGC, to explore public attitudes, values, and opinions, researchers can generate more responsive and user-centered strategies for park planning and management.

      

      
        2.3. Sentiment Analysis
        Sentiment analysis, also known as opinion mining, aims to identify and understand the emotions or opinions expressed by individuals about a specific topic, person, or place [30]. It falls under the broader field of NLP, a branch of Artificial Intelligence (AI) that focuses on computational techniques designed for the automatic analysis and representation of human language [31]. Sentiment analysis commonly uses lexical methods with sentiment dictionaries, machine learning on labeled data, or deep learning to capture complex linguistic patterns [32].

        In urban planning, sentiment analysis is used to assess public perceptions of UGS, providing more than just polarity classification (positive, negative, or neutral). It allows researchers to detect recurring themes, frequently mentioned words, and emotional tones in public discourse surrounding parks and green infrastructure from large volumes of online textual data [33,34].

        Recent advances in NLP and Large Language Models (LLMs) provide sophisticated tools for processing UGC. Cloud-based NLP services from providers like Google, Amazon, and Microsoft offer pre-trained models for syntax, sentiment, and entity recognition without extensive training. LLMs such as OpenAI’s GPT further enable complex language tasks with minimal supervision [35]. This study applies Google Cloud NLP and GPT-4o Mini to analyze multilingual Google Maps reviews from selected parks in Metro Manila and Seoul to better understand user perceptions.

      

      
        2.4. Research Differentiation
        Among the limited studies focused on non-Western urban parks, Lee & Son (2021) examined negative user feedback by filtering Google Maps reviews with star ratings of three or lower and extracting keywords from the associated comments [36]. While this approach highlighted dissatisfaction, it depended heavily on the rating system as a proxy for sentiment, which might have overlooked negative expressions in higher-rated reviews. In contrast, Shang et al. (2023) applied topic modeling to review texts, positive and negative alike, and identified thematic distributions that reflected what users discussed most frequently [37]. Unlike Shang et al. (2023), the current study applies AI-based multi-label text classification, which allows a single review to be categorized under multiple themes when relevant, capturing the complexity of user perceptions more accurately. In addition, sentiment analysis is applied across two different urban contexts without restricting the dataset to specific ratings. This broader and comparative framework enables the identification of user concerns expressed across the full spectrum of reviews and situates these perceptions within differing governance and urban development contexts, thereby extending the scope of existing research on park evaluation.

      

    

    

  
    
      3. Methodology
      The dataset includes user reviews and ratings analyzed through sentiment analysis and topic modeling using Google Cloud Natural Language Processing (NLP) and GPT-4o Mini on the Dataiku DSS (Data Science Studio) platform. Among other NLP tools, Google Cloud NLP demonstrates strong tolerance to syntactic noise, making it well-suited for processing UGC with misspellings, informal grammar, and slang [38]. GPT-4o Mini, meanwhile, was selected for its strong balance of performance and resource efficiency. Recent benchmarking [39] showed it offers the best trade-off between computational cost, accuracy, and lower environmental impact, making it ideal for large-scale NLP tasks. It also retains GPT-4’s multilingual capabilities for processing informal, multilingual content.

      The research process is illustrated in Fig. 1. Reviews categorized by the language model as “Points for Improvement and Negative Perceptions” are analyzed to identify key issues raised by users. These insights will then help promote responsive, user-centered approaches to urban park planning and management.

      
        
        

        Fig. 1. 
				
        

        
          Research process
        
        

        

      

    

    

  
    
      4. Research and Analysis
      
        4.1. Data Scraping and Cleansing
        
          1) Data Scraping
          Data scraping, the automated extraction of website information, was used to collect Google Maps reviews via Apify’s Google Maps Reviews Scraper. The data was then imported into Dataiku DSS, which integrates with APIs like Google Cloud NLP and OpenAI’s GPT-4o Mini.

        

        
          2) Review Language
          An initial review of the data revealed that, on average, 91.51% of reviews for the three Korean parks were written in Korean, while 88.1% of reviews for the three Philippine parks were written in English (Fig. 2.). Since both Google NLP and GPT-4o Mini by OpenAI are capable of analyzing multiple languages, all reviews, regardless of language, were analyzed in this study. Although Google Maps reviews do not indicate users’ nationality, the language used offers an insight into the reviewer’s background.

          
            
            

            Fig. 2. 
				
            

            
              Original language of reviews
            
            

            

          

        

        
          3) Data Cleansing
          Key fields such as park name, review date, star rating, and review text were retained for analysis. Review distribution from 2015 to 2024 (Fig. 3.) shows a sharp rise around 2019, likely linked to shifting visitation during COVID-19, followed by a decline as park use stabilized. This trend reflects Geng et al.’s (2020) findings that park visits dropped during early lockdowns but later increased as residents sought outdoor spaces for well-being [40].

          
            
            

            Fig. 3. 
				
            

            
              Number of reviews from 2015 to 2024 of the selected Philippine and Korean parks
            
            

            

          

          When categorized by star rating, majority of the reviews of all six parks fell within the 4 to 5 star range (Fig. 4.), suggesting a generally favorable visitor perception.

          
            
            

            Fig. 4. 
				
            

            
              Number of reviews per star rating
            
            

            

          

        

      

      
        4.2. Sentiment Analysis
        Prior to the analysis, the dataset was filtered to exclude entries without text or with only emojis, leaving only usable reviews. Sentiment analysis was then performed in Dataiku DSS using the Google Cloud Natural Language API, which applied pre-trained NLP models across 16 languages. Each review received a sentiment score from -1 to 1 and was classified into five levels: extremely negative, negative, neutral, positive, and extremely positive (Table 2.).

        
          Table 2. 
				
          

          
            Sentiment score categorization
          
          

        

        
          
            
              	Google NLP API sentiment score range
              	Sentiment category
            

          
          
            	0.7 to 1
            	Highly positive
          

          
            	0.4 to 0.6
            	Positive
          

          
            	-0.3 to 0.3
            	Neutral
          

          
            	-0.4 to -0.6
            	Negative
          

          
            	-0.7 to -1
            	Highly negative
          

        

        

        Most reviews were highly positive, reflecting generally favorable perceptions. Parks with fewer reviews, particularly Ayala Triangle Gardens and Yeouido Park, showed higher average sentiment (Fig. 5.). However, a notable share of reviews across all parks were classified as neutral, often reflecting factual observations or mild opinions: Rizal Park (21%), Quezon Memorial Circle (21%), Ayala Triangle Gardens (18%), Seoul Forest (20%), Boramae Park (20%), and Yeouido Park (25%) (Fig. 6.).

        
          
          

          Fig. 5. 
				
          

          
            Sentiment score distribution of Google Maps reviews of the selected Philippine and Korean parks
          
          

          

        

        
          
          

          Fig. 6. 
				
          

          
            Categorized sentiment score distribution
          
          

          

        

      

      
        4.3. Multi-Label Text Classification
        To better understand the reviews’ context and capture the multiple dimensions of user experiences, this study employed a multi-label text classification approach, which allows each review to be tagged with multiple relevant categories, unlike single-label classification that assigns only one category per text. The classification was conducted using GPT-4o Mini integrated within Dataiku DSS, prompted to identify key themes from a sample of reviews. These themes closely aligned with those in Shang et al.’s [31] framework but were slightly refined to suit the context of this study and the features of the selected parks, resulting in ten finalized categories. Each review was classified into one or more of these categories, with “X” assigned if none applied, and representative examples were provided in the prompt to enhance accuracy and consistency (Table 3.).

        
          Table 3. 
				
          

          
            Text classification and sample reviews
          
          

        

        
          
            
              	Class/category
              	Sample given
            

          
          
            	1_Social interaction
            	
 A great park for the whole family.


 It was nice to play with my child.


 Great to spend time with kids.
          

          
            	2_Recreational activities
            	
 Good for exercise and healing.


 I can catch Pokémon here.


 It was nice to ride a bike here.


 A good place for a walk.
          

          
            	3_Physical and mental recovery
            	
 It’s peaceful.


 Good for exercise and healing.


 Relaxing.


 A good place for self-reflecting.
          

          
            	4_Safety and Accessibility
            	
 It’s next to the Ocean Park.


 Close to the subway.
          

          
            	5_Aesthetic appreciation
            	
 It’s beautiful.
          

          
            	6_History and culture
            	
 A place where an Air Force base was turned into a park.


 Historic place.
          

          
            	7_Nature and Biodiversity
            	
 There are ponds.


 There are a lot of trees.


 Cute cats.


 Autumn leaves are nice.


 Cherry blossoms are good.


 Tulips started to bloom.
          

          
            	8_Points for Improvement and Negative Perceptions
            	
 There is a lot of dust.


 Homeless people are around.


 Lack of Wi-Fi.


 Crowded.


 Dirty.
          

          
            	9_Facilities and Maintenance
            	
 There are fountains, playgrounds, a skate park, and a dog walking area.
          

          
            	10_General positive appreciation
            	
 Good.


 Great.


 I love it.
          

          
            	X
            	Cannot be classified in any of the 10 categories.
          

        

        

        This classification approach was implemented using few-shot learning, where the LLM performed the task with the few examples but without prior task-specific training or fine-tuning. Providing clearly defined class labels along with representative examples enabled the model to generalize effectively and produce consistent predictions across the diverse review dataset.

        The data was classified by topic and visualized using a Sankey diagram to illustrate the relative distribution of themes (Fig. 7.). The thematic breakdown for each park is presented in Fig. 8.

        
          
          

          Fig. 7. 
				
          

          
            Overall frequency of topics in visitor review of the selected Philippine and Korean parks
          
          

          

        

        
          
          

          Fig. 8. 
				
          

          
            Frequency of topics in visitor reviews
          
          

          

        

      

      
        4.4. Temporal Trends in User Perceptions and Park Topics
        As seen in Table 4., the 10-year analysis of Google Maps reviews (2015~2024) revealed how user experiences in urban parks have evolved over time, reflecting seasonal patterns, societal events, and disruptions such as COVID-19.

        
          Table 4. 
				
          

          
            Changes in sentiment and topic distribution of park reviews (2015~2024)
          
          

        

        
          
            
              	Yearly sentiment score
              	Topics in visitor review over time
            

          
          
            	
              Philippine Parks
            
          

          
            	Rizal Park
          

          
            	
              
            
            	
              
            
          

          
            	Quezon Memorial Circle
          

          
            	
              
            
            	
              
            
          

          
            	Ayala Triangle Gardens
          

          
            	
              
            
            	
              
            
          

          
            	
              South Korean Parks
            
          

          
            	Seoul Forest
          

          
            	
              
            
            	
              
            
          

          
            	Boramae Park
          

          
            	
              
            
            	
              
            
          

          
            	Yeouido Park
          

          
            	
              
            
            	
              
            
          

        

        

        In Seoul, review activity peaked in autumn, with a major dip in Q2 2019 and a decline in reviews from 2022 onward, while Seoul Forest maintained relatively stable activity suggesting that larger parks continued to attract visitors. Across Seoul parks, common topics included “General Appreciation” and “Recreational Activities,” with Seoul Forest noted for “Nature and biodiversity”, Boramae for “Facilities and maintenance”, and Yeouido showing increased “Points for Improvement” during the pandemic. In Metro Manila, reviews dropped in Q4 2019 and Q1 2020, coinciding with early pandemic disruptions. Sentiment generally followed a proportional pattern, with highly positive reviews as highest, followed by neutral, though negative sentiment increased during Q1 2020. Key topics included “Points for Improvement,” consistently among the top concerns, alongside “General Appreciation” and “Recreational Activities,” while Rizal Park also reflected “History and Culture” due to its historical significance. Building on these temporal and thematic trends, the study then analyzed reviews labeled as “Points for Improvement” and negative perceptions to identify specific user concerns and priorities for park management.

      

      
        4.5. TF-IDF Keyword Extraction
        Reviews categorized as “Points for Improvement and Negative Perceptions” were analyzed using keyword extraction to identify common user concerns and highlight areas needing attention in each UGS. All reviews were translated into English to ensure consistency, and the analysis was conducted on Python via the Dataiku DSS platform using Term Frequency–Inverse Document Frequency (TF-IDF), a widely used method for text feature extraction in NLP and information retrieval [41]. TF-IDF combines Term Frequency (TF), the number of times a term appears in a document, with Inverse Document Frequency (IDF), which reflects its rarity across the dataset, highlighting terms that distinguish individual reviews. Higher TF-IDF scores indicate greater importance of a term in differentiating a review’s content. The TF-IDF score was calculated as follows [42]:
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        TF(t, d) represents the frequency of the word t in the document d. N denotes the total number of documents, while N(t) indicates the number of documents that contain the word t. The addition of 1 to N(t) is used to prevent division by zero in cases where t does not appear in any document.

        Although some reviews consisted purely of negative perceptions or points for improvement, positive terms initially appeared frequently with high TF-IDF scores. This was due to the common structure of many reviews in both the Philippine and Korean datasets, where users often began with positive remarks before mentioning negative aspects. For example:“Seoul Forest is great no matter what season you visit; however, parking is difficult.” or “Great place to go with family, beware of mosquitoes.” To address this issue, the GPT-4o Mini model was utilized to process the text and systematically extract only the negative components of each review. After pre-processing, the resulting text emphasized only the critical part of the review such as: “Parking is difficult.”, “Beware of mosquitoes.”

        This pre-processing step helped eliminate unrelated positive phrases, thereby improving the accuracy of keyword extraction by focusing only on user feedback related to issues and areas requiring improvement in urban park management. Additionally, word clouds were generated to visually highlight the most frequent terms in reviews marked as “Points for Improvement and Negative Perceptions”. Unlike TF-IDF, which emphasizes distinctive terms, word clouds reflect overall frequency, offering a quick, accessible overview of common issues.

        
          1) Rizal Park
          TF-IDF analysis of “Points for Improvement and Negative Perceptions” reviews for Rizal Park highlighted top words such as park, people, crowded, hot, just, place, lot, building, homeless, rizal, area, food, need, closed, and needs (Fig. 9.). A recurring concern among reviewers was the park’s overcrowding, especially during weekends or holidays. Some reviewers also expressed discomfort due to the intense heat, most likely due to the Philippines’ tropical climate and the lack of sufficient shaded areas. Some reviews noted: “It is really hot as there is not much shade.” and “The weather could be too hot during the day and not good for a stroll.” Despite the park’s large size, there is limited tree cover and sheltered seating, making prolonged visits uncomfortable.

          
            
            

            Fig. 9. 
				
            

            
              Rizal Park – TF-IDF scores and word cloud of reviews categorized as “points for improvement and negative perceptions”
            
            

            

          

          The presence of homeless individuals also emerged as a safety concern for visitors: “There are homeless people staying on benches and parts of the park where there is minimal police or security visibility...” and “There are the homeless people around the park which makes you fear getting robbed⋯” These complaints about homeless people sleeping under trees have persisted since before the COVID-19 pandemic.

          Another notable issue was the high-rise Torre de Manila, often called the “photobomber” of the Rizal Monument. Reviewers criticized how it disrupted the monument’s visual integrity: “That photobomber building should be taken down.” Although efforts were made to halt its construction, the absence of legal protections for visual corridors allowed it to proceed.

        

        
          2) Quezon Memorial Circle
          TF-IDF analysis of “Points for Improvement and Negative Perceptions” reviews for Quezon Memorial Circle highlighted top words such as place, crowded, construction, park, traffic, people, parking, just, dirty, area, lot, closed, clean, circle, and need (Fig. 10.). Similar to Rizal Park, a common concern among Quezon Memorial Circle visitors was the overcrowded environment, especially during weekends and holidays. Many also expressed frustration over congested traffic around the park. Parking was frequently cited as a problem, contributing to the overall inconvenience. Comments such as “Avoid this area during peak hours. It is super traffic, especially with the construction of the train station,” and “The place was packed, parking is not organized,” reflected these issues.

          
            
            

            Fig. 10. 
				
            

            
              Quezon Memorial Circle – TF-IDF scores and word cloud of reviews categorized as “points for improvement and negative perceptions”
            
            

            

          

          Another major point of dissatisfaction was the prolonged construction within the park, primarily due to the ongoing Metro Rail Transit (MRT) Line 7 station construction, which began in 2016. Although partial operations were initially scheduled for 2022, the opening has been postponed to 2028. As a result, renovations continue to disrupt the park experience, with several areas and facilities temporarily closed. Reviews like “Half of it looks like a construction site,” and “Lots of roads are under construction.,” illustrated the disruption.

          Cleanliness was a recurring concern, with some areas poorly maintained, especially restrooms and waste disposal. Reviewers often mentioned the need for cleaner facilities, more food stalls, and seating. Food services were also criticized for limited variety, low quality, and high prices: “⋯expensive but has no taste,” and “Foods are a little bit expensive for an average earner⋯”

        

        
          3) Ayala Triangle Gardens
          TF-IDF analysis of “Points for Improvement and Negative Perceptions” reviews for Ayala Triangle Gardens highlighted top words such as park, construction, crowded, place, restaurants, small, food, area, closed, just, traffic, bit, people, space, and lights (Fig. 11.). A recurring complaint among visitors was the ongoing construction, which many felt had negatively affected the park’s ambiance and accessibility. One reviewer shared, “Due to the construction ongoing within the park, it is better not to jog or run in that area,” while another noted, “It was a shame that the majority of the trees had to be relocated or cut down to accommodate the next building under construction.” These comments showed that construction activities disrupt the overall park experience.

          
            
            

            Fig. 11. 
				
            

            
              Ayala Triangle Gardens – TF-IDF scores and word cloud of reviews categorized as “points for improvement and negative perceptions”
            
            

            

          

          Access to the park is often hindered by traffic congestion in Makati, with reviewers noting: “Traffic congestion in rush hour” and “Brace yourselves due to the number of people⋯ and traffic since it is in the business district.” Some also mentioned closures of park sections and cafes: “A lot of cafes in the park are now closed. Slowly it is being eaten up by buildings,” reflecting concerns over shrinking public space.

          Crowding is common, especially on weekends and holidays: “The area is crowded⋯,” making it difficult to enjoy the park peacefully. Food options also drew criticism for quality, variety, and pricing: “There is a place of restaurants at the back, kind of expensive, but what do you expect.”

          Seasonal lighting displays received mixed reactions, with some visitors finding them limited: “You really do not get much but just the music and the lights,” suggesting a need for more year-round attractions.

        

        
          4) Seoul Forest
          Upon analyzing the TF-IDF scores of reviews categorized under “Points for Improvement and Negative Perceptions” for Seoul Forest, the top words identified were people, parking, lot, difficult, bit, park, weekends, parking difficult, parking lot, lot people, like, good, crowded, disappointing, and better (Fig. 12.). Reviewers frequently complained about limited and inconvenient parking, citing challenges such as the difficulty of finding available spots and the distance between the parking area and the park entrance. These issues were particularly pronounced on weekends. One reviewer noted, “It is difficult to find the park parking lot as it is too small to accommodate the number of vehicles visiting on weekends,” while another remarked, “Parking spaces are still very limited, so it is better to use public transportation.” One comment highlighted broader accessibility concerns: “The subway station and parking lot are far away.”

          
            
            

            Fig. 12. 
				
            

            
              Seoul Forest – TF-IDF scores and word cloud of reviews categorized as “points for improvement and negative perceptions”
            
            

            

          

          Some reviews also mentioned overcrowding, especially during peak seasons. For example, visitors shared, “It is difficult to ride a bike in the park because there are so many people,” and “There is really no place to sit, and it gets crowded.” Another advised, “Avoid weekends during the cherry blossom season as it can be very crowded.”

        

        
          5) Boramae Park
          Upon analyzing the TF-IDF scores of reviews categorized under “Points for Improvement and Negative Perceptions” for Boramae Park, the top words were construction, people, lot, park, parking, but, lot people, inconvenient, subway, light, light rail, rail, crowded, subway constructions, light rail construction, and rail construction (Fig. 13.). A major recurring complaint concerned the ongoing construction projects in and around the park, particularly those related to subway and light rail development. Reviewers expressed frustration with statements such as: “A lot of the park is not available because of the subway construction,” and “It is currently under construction, so it is a bit inconvenient to move around.” One reviewer also noted, “Due to light rail construction, it is very inconvenient due to dust, noise, and dump truck traffic.” These disruptions were likely associated with the development of the Nangok Branch Line of the Seoul Light Rail Sillim Line, which includes planned infrastructure within and around Boramae Park. Several reviews directly linked the diminished park experience to these infrastructure works, including: “There is construction every time I go. I wish it was over quickly.”

          
            
            

            Fig. 13. 
				
            

            
              Boramae Park – TF-IDF scores and word cloud of reviews categorized as “points for improvement and negative perceptions”
            
            

            

          

          In addition to construction-related issues, users also identified overcrowding as a significant concern. Reviews such as “There are so many people on weekends that it is almost saturated and there are not enough chairs to sit and rest on regular days,” “There are many elderly people or people just taking a walk, so it may be a little uncomfortable when exercising due to the roadblock,” and “Too many people and too many dogs.” reflected discomfort caused by excessive foot traffic.

        

        
          6) Yeouido Park
          Upon analyzing the TF-IDF scores of reviews categorized under “Points for Improvement and Negative Perceptions” for Yeouido Park the top words identified were people, park, lot, parking, crowded, good, place, really, bit, special, just, lot people, mosquitos, better, and places (Fig. 14.).

          
            
            

            Fig. 14. 
				
            

            
              Yeouido Park – TF-IDF scores and word cloud of reviews categorized as “points for improvement and negative perceptions”
            
            

            

          

          A recurring concern among reviewers was overcrowding, particularly on weekends. Comments such as “I feel like there are a lot of people and the prices have really risen,” “There are many people who leave various household waste...,” and “It is crowded on weekends because there are too many people⋯” reflected this frustration.

          Parking was also frequently mentioned as a point of inconvenience. Reviewers noted, “Parking is difficult, so use public transportation,” and “If possible, give up on parking”.

          Another common complaint involved mosquitoes, especially during the summer season, as seen in comments like “⋯there are many mosquitoes near the stream in the summer” and “I got bitten by a lot of mosquitoes.”

          Some visitors also described the park as underwhelming or lacking a distinctive character, often using the Korean expression “그냥” (just so-so). Remarks such as “If you have a tight sightseeing schedule, you can pass this. This is just a park” and “Do not expect too much. It is just a park” highlighted this sentiment.

        

      

    

    

  
    
      5. Conclusion
      Using NLP tools such as Google Cloud NLP and GPT-4o Mini within Dataiku DSS, this study demonstrated how user-generated content (UGC) can reveal urban park experiences and track temporal trends. By applying multilingual sentiment analysis, multi-label classification, and TF-IDF keyword extraction specifically to reviews categorized as “Points for Improvement and Negative Perceptions,” the study identified location-specific issues and recurring themes, providing actionable insights for urban park management. Selecting three parks of varying type and scale in each city ensured representation of broader urban park conditions, allowing meaningful cross-city comparisons of user perceptions.

      
        5.1. Key Findings
        RQ1 examined how users in Metro Manila and Seoul perceive urban parks through Google Maps reviews. While most reviews were positive, a notable share were neutral despite high star ratings because they were factual or descriptive, indicating that textual analysis provides deeper insights into user experiences.

        RQ2 focused on negative perceptions and areas for improvement. In Metro Manila, Rizal Park reviews frequently cited overcrowding, heat, homelessness, and the Torre de Manila’s impact on heritage views. Quezon Memorial Circle reviews emphasized MRT-7 construction, traffic, parking shortages, and maintenance issues. Ayala Triangle Gardens reflected reduced green space, commercialization, and seasonal disruptions. In Seoul, Seoul Forest reviews noted crowding and parking pressures, Boramae Park highlighted construction and seating shortages, and Yeouido Park pointed to weekend congestion, mosquito problems, and a perception of limited distinctiveness.

        RQ3 considered how governance and urban contexts shape user perceptions. Metro Manila parks reflected challenges of fragmented governance, weak heritage protection, and commercialization. Seoul parks, while supported by stronger institutions and transit systems, revealed pressures from congestion, construction, and accessibility.

        TF-IDF keyword extraction and LLM pre-processing confirmed these location-specific issues, linking user concerns to broader urban planning and management considerations and enabling cross-city comparison.

      

      
        5.2. Implications for Urban Park Management
        This study demonstrated that UGC, when processed through NLP techniques, offers a valuable, low-cost tool for urban planning and park management. It helps identify both recurring and emerging issues in urban parks. Positive reviews indicate satisfaction, but negative reviews provide actionable feedback linked to design, infrastructure, and governance.

        In Metro Manila, Rizal Park could address overcrowding and heat discomfort through spatial interventions such as adding shaded areas with trees, pergolas, or canopies. Coordinating with social services to support vulnerable populations highlights the intersection of social planning and public space management. Revisiting heritage protection laws and enforcing stricter zoning around national monuments, such as preventing developments like the “photobomber” building, illustrates the impact of regulatory frameworks on user perceptions and urban heritage preservation. At Quezon Memorial Circle, mitigating MRT-7 construction impacts, improving wayfinding, and optimizing internal traffic flow demonstrate how transportation systems and spatial connectivity influence visitor experience. Upgrading public facilities and providing clear signage further links user feedback to operational and planning strategies. For Ayala Triangle Gardens, preserving green space during redevelopment and ensuring accessible, reasonably priced amenities reflect how land use priorities and spatial configuration affect satisfaction in a commercialized UGS within a dense business district. However, the lack of integrated public transport options and the surrounding institutional and commercial land uses, rather than residential neighborhoods, limit accessibility and reduce frequent visitation, unlike Seoul’s parks, which benefit from extensive transit connections and mixed-use surroundings.

        In Seoul, Seoul Forest could enhance visitor experience through crowd management, refined parking logistics, and real-time crowd information, emphasizing the role of infrastructure and accessibility in shaping perceptions. Boramae Park may benefit from additional resting areas, reduced construction noise, and improved signage or updates to support wayfinding, demonstrating the interaction between urban development projects and park usability. Yeouido Park could expand landscaped areas, increase shaded zones, implement seasonal mosquito control, and introduce public art or themed gardens, illustrating how design interventions and spatial improvements address user comfort and emotional connection.

        Overall, the study shows that user perceptions are shaped by surrounding land use, zoning, and governance systems. Integrating UGC analysis into planning can strengthen adaptive, user-centered, and inclusive park management aligned with urban sustainability goals.

      

      
        5.3. Limitations and Recommendations
        Despite the valuable insights provided by Google Maps reviews, several limitations should be acknowledged. Google Maps operates a “Local Guides” program where users earn points for contributions such as reviews, which can unlock certain perks like early access to features or event invitations, though these benefits are not guaranteed. It is reasonable to assume that most users post primarily out of a willingness to contribute to public knowledge. However, not all park visitors are willing or able to leave reviews, so the feedback represents only a fraction of park users. Nonetheless, the volume and consistency of contributions enhance the dataset’s credibility.

        Furthermore, since Google does not provide information about reviewers’ nationality, quantitatively controlling for differences between local and foreign visitors was not feasible. As mentioned, based on language use, 91.51% of reviews for the three Korean parks were written in Korean, while 88.1% of reviews for the three parks in the Philippines were written in English, suggesting that most reviewers are likely locals, though this cannot be confirmed with certainty. Subtle cultural expressions may not always be correctly interpreted by NLP tools, which introduces a potential source of language-related bias. Future studies could combine cross-linguistic validation to address these concerns. Additionally, integrating UGC from other platforms such as Naver Map (in Korea), TripAdvisor, or various social media sites could provide complementary perspectives.

        A brief validation of the analytical results was conducted to confirm the reliability of the sentiment and thematic classification. A random set of 100 reviews was manually checked, and the Google NLP sentiment analysis accurately classified 99 reviews, with only one ambiguous case, “lack of parking but it was perfect park,” which could be interpreted as neutral rather than positive. For GPT-5 Mini thematic classification, only two reviews had partially missing themes. Overall, the analysis demonstrated a high degree of accuracy, indicating that the classification results are robust and credible. For future studies, integrating multiple AI classification tools could further enhance accuracy and provide cross-validated results.

        Incorporating digital review data into urban planning processes may help capture diverse perspectives from park users. UGC offers a scalable way to support UGS planning, providing insights that reflect user experiences, local context, and the evolving needs of the community.
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Data Scraping
Collection of Google Maps reviews using
Google Maps Reviews Scraper provided by Apify

13

Data Cleansing and Pre-Processing \
Removal of unusable and irrelevant data using
Dataiku Data Science Studio (DSS). Only the park
names, review dates, star ratings, and review texts
were retained.

Data Analysis \
Data were analyzed through Dataiku DSS

/

Sentiment Analysis
Using Google Cloud Natural Language API,
reviews were categorized into five sentiment
levels: extremely negative, negative, neutral,

positive, and extremely po:

4 @ I

Multi-Label Text Classification
Using GPT-40 Mini, a large language model
(LLM), reviews were classified into one or
more of the ten predefined categories

TF-IDF Keyword Extraction

Using Python, TF-IDF was applied to extract
and rank the importance of keywords for

reviews categorized by the LLM as “points for
improvement and negative perceptions,”

\\\ highlighting crucial words / /
————

Philippine Parks
Analysis
B lispon g ol Interpretation of the
selected parks in Metro resuilts ffom the three.
e selected parks in Seoul

—

Results Analysis
Analysis and interpretation of overall results

South Korean ParD
Analy:
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