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Introduction
In the process of urbanization, public space plays an increasingly important role in improving the livability and sustainability of cities. However, effectively understanding the preferences of different groups for public space and conducting reasonable planning integrated with environmental and infrastructure elements remains a challenge in urban planning. This is because traditional planning methods often fail to fully capture the detailed behavior of residents. Therefore, the purpose of this study was to explore the empirical application of machine learning technology to public space planning along the Grand Canal in Shandong Province (China), analyze the behavior patterns and preferences of residents regarding different public spaces, and thereby provide support for data - driven public space planning.
Methods
Based on survey data from 1008 respondents across 4 cities, this study employed machine learning methods such as K - means clustering, association rule mining, and correlation analysis to investigate the relationships between visitor behavior and the environmental characteristics of public spaces.
Results
The application of these methods yielded several important results. Cluster analysis identified three distinct groups: young and middle - aged local residents with a preference for accessibility, middle - aged and elderly groups enthusiastic about cultural engagement, and diverse transportation users with mixed spatial preferences. Additionally, association rule mining uncovered strong correlations between location types and perceived attributes such as cleanliness and aesthetics. Moreover, correlation analysis indicated statistically significant positive correlations between aesthetics and cleanliness, as well as between safety and cleanliness.
Discussion
This research offers valuable data - driven insights for public space planning and management. It demonstrates that machine learning can effectively identify and quantify key factors influencing public space use. As a result, it provides more accurate policy recommendations for urban planners and ensures that public space planning better meets the needs of different groups. For urban planners, the findings can guide the optimization of facility layouts for specific groups. For instance, adding canal cultural display nodes for cultural engagement groups and improving barrier - free facilities for groups with high accessibility needs, thereby enhancing the inclusiveness and utilization efficiency of public spaces.
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1 INTRODUCTION
Urban space, especially public space, has been widely recognized as an important element for improved livability and sustainability of cities (Sletto and Palmer, 2017; Rui and Othengrafen, 2023). With the acceleration of urbanization and the increasingly complex nature of the urban environment, the demand for evidence-based planning strategies that can meet the diverse needs of urban residents is growing (Dirsehan, 2024). As an important place for social interaction, leisure, and cultural expression, public space plays a key role in improving the quality of urban life (Faka et al., 2021). Thus, the rational design and management of public space can help encourage the formation of a sense of community, enhance social cohesion, and promote personal wellbeing.
As a UNESCO World Cultural Heritage Site (Li, 2023), the Grand Canal occupies an important position in the country’s cultural heritage and history. Shandong Province represents one of the most dynamic sections along the Grand Canal in China, and the Grand Canal has exerted considerable influence on the configuration and development of public spaces in cities along its route within Shandong. The various public spaces distributed along the Grand Canal, including riverside parks, green spaces, and commercial blocks (Cheng et al., 2022), constitute a microcosm reflecting the diverse needs of urban residents (Marshall et al., 2019; Randrup et al., 2021). These public spaces provide a unique opportunity to study the interactions between the environmental elements of public space and visitor behaviors in historical cities along the Grand Canal.
However, understanding the preferences of different demographic groups, and determining how those preferences interact with environmental and infrastructural elements, remains a notable challenge (Wang et al., 2020). Although traditional urban planning methods offer certain guidance, it is often difficult to fully capture the detailed and dynamic behavioral characteristics of urban residents (Motomura et al., 2022). In recent years, widespread application of machine learning techniques in various fields has presented new opportunities for urban planning (Ferreira et al., 2025; Maté-Sánchez-Val et al., 2025). Compared with traditional research methods, machine learning can process massive and multidimensional data, uncover complex relationships hidden in the data (Durowoju et al., 2025), and thus provide a more accurate and data-driven decision-making foundation for public space planning (Robi and George, 2025).
Internationally, European historical canal cities such as Amsterdam and Venice have attempted to optimize public spaces through spatial syntax and behavioral observation (Pourbahador and Brinkhuijsen, 2023; Cabigiosu, 2025), but with heavy reliance on traditional statistical methods and limited application of machine learning in mining complex patterns. In North America, studies have emphasized machine learning in relation to traffic and safety analysis (Almukhalfi et al., 2024; Alwahedi et al., 2024; Nourbakhsh et al., 2024) but rarely with a focus on refined public space planning in heritage contexts.
This study focused on empirical application of machine learning techniques to public space planning along the Grand Canal in Shandong Province, China. Using machine learning techniques comprising a clustering algorithm, association rule mining, and correlation analysis, the latent patterns and relationships between visitor behaviors and the environmental characteristics of public spaces were investigated. By analyzing the movement patterns and preferences of the respondents, and considering the background characteristics of the space, the objective of this study was to elicit data-driven insights for optimization of public space configuration. The ultimate goal was to improve the effectiveness of public space planning, improve resource allocation, better meet the needs of different groups, and improve the efficiency and comfort of space utilization.
2 LITERATURE REVIEW
Machine learning technology has been widely used in different fields, such as urban science (Balogun et al., 2021; Yang et al., 2023), traffic flow prediction (Aljuaydi et al., 2023; Pérez Moreno et al., 2023; Zhao et al., 2024), healthcare (Rajagopal et al., 2024; Jentzer et al., 2025), biology (Rai et al., 2024; Jin et al., 2025), archaeology (Mahmoud et al., 2025), finance (Zhang et al., 2025), and even art (Garcia-Moreno et al., 2024). In recent years, application of machine learning technology to urban public space research has increased markedly, such as in relation to intelligent management and planning, spatial perception, and healthy cities. Machine learning has proven to be a valuable tool in the analysis and design of public space (Zhu et al., 2025).
2.1 Technical applications and case progress
In recent years, application of the combination of machine learning and public space analysis to urban planning and development has gradually increased, improving the efficiency of data collection and analysis. For example, a machine learning model was used to analyze the spatial distribution of street vendors’ activities in Mexico, generating a spatial classification map of their activities, which served as a basis for policymaking (Barreda Luna et al., 2022). A hybrid method was developed to assess the quality and accessibility of public spaces in marginalized communities through geographic and network analysis, laying the groundwork for future application of machine learning models to similar urban environments (Medina et al., 2023). Similarly, a recent study proposed using the “cyber walk” method combining unsupervised learning (K-means) and a deep learning model (YOLOv5) to classify public spaces, which substantially enhanced the efficiency of data collection and analysis (Valenzuela-Levi et al., 2024). These studies highlight the growing importance of combining machine learning with public space analysis, making urban planning and development a more efficient and data-driven process.
The security of public space, especially the social perception of security, is another important area of machine learning application. In addition to traditional data sources, such as questionnaires, some studies have also added new data sources such as social media, GPS, and user-generated content, thereby strengthening the analysis of public space use (Ramírez et al., 2021). Other studies combined deep learning models (such as RankNet and FCN-8s) with geographically weighted regression methods to analyze women’s perception of public space security, revealing the influence of sky visual factors and green visual factors (Chen et al., 2024). This method provides urban planners with guidance regarding an improved sense of spatial security, especially for vulnerable groups. Moreover, some studies have also explored the relationship between urban density, spatial grammar, and residents’ stress perception, revealing that urban characteristics such as building density and road network design have considerable impact on residents’ stress perception, and providing new ideas for creating a more sympathetic urban environment (Le et al., 2024). These earlier studies emphasized the role of machine learning in understanding the psychology and social dynamics of public space, which can helps planner develop more targeted and inclusive urban design strategies.
Multisource data integration is a major trend in research of modern urban spatial management. For example, a recent study that combined geospatial technology and machine learning techniques to analyze multisource crime data in Porto (Portugal) identified crime hotspots, conducted spatiotemporal pattern mining, and proposed a crime prediction method combining machine learning and spatial analysis (Saraiva et al., 2022). Another study used Strava cycling data to analyze relationships between green space areas and active travel modes, which provided valuable insights for sustainable urban planning (Yang et al., 2024). Studies have also used big data and unsupervised machine learning technologies to analyze the cultural ecosystem services of Beijing Xiangshan Park, and to identify key areas that enhance the public space experience (Fu et al., 2025). These studies demonstrate the potential of combining multiple data sources and enhancing the scope and accuracy of urban spatial management and optimization.
Machine learning has also played an important role in the development of smart cities. Some studies considered the application of digital twin technology in urban space management, emphasizing how best to optimize space utilization and improve environmental sustainability through intelligent systems, especially in the post-epidemic era (Piras et al., 2024). Another study used a machine learning model to classify global smart cities, focusing on quality of life, technology, and sustainability indicators, which provided urban planners with practical insights on how to improve the performance of smart cities (Alkhereibi et al., 2025). These previous studies reflect the increasing importance of application of machine learning and other advanced technologies to improving urban sustainability, which is crucial to the development of resilient and adaptive cities.
2.2 Synthesis
The application of machine learning in urban public space research has expanded from improving data collection and analysis efficiency to areas such as security perception analysis, multisource data integration (Ta and Furuya, 2022), and smart city development. These studies not only highlight the value of technology in revealing the relationship between spatial behavior and the environment, but also provide data-driven methodological support for building more inclusive and sustainable urban planning strategies. Moreover, they indicate that cross-disciplinary technology integration and multidimensional data integration are core trends for future development.
2.3 Addressing research gaps
Three key gaps exist in current research. (1) Insufficient targeting of cultural heritage scenes. Most studies focus on the general urban environment or single functional space, thereby lacking systematic exploration of the Grand Canal heritage corridor that combines historical value and dynamic functions. (2) Weakness in the integration of multidimensional elements. Insufficient collaborative analysis of aesthetic values, cultural atmosphere, accessibility, and other factors makes it difficult to support refined planning of complex public spaces. (3) Lack of depth in analysis of the interaction mechanism between behavior and the environment. Traditional methods have difficulty in capturing the nonlinear correlation between dynamic behavioral characteristics and environmental factors.
This study addressed the identified knowledge gaps via three innovations. First, machine learning systems were applied for the first time to public space planning of the Grand Canal cultural heritage corridor, with a balance between historical preservation and modern functional needs. Second, expanded data dimensions improved analytical comprehensiveness, as the research integrated questionnaire data and GIS spatial data covering multidimensional information including demographic characteristics, behavioral patterns and spatial attributes. Third, integration of methods by combining K-means clustering, association rule mining, and correlation analysis, while processing behavioral data and environmental features, revealed complex relationships between multiple factors. Through the above framework, this study broke through the limitations of traditional methods and provided a new data-driven model for public space planning in cultural heritage areas.
3 MATERIALS AND METHODS
3.1 Study area
Along the Grand Canal in Shandong Province (China), the central cities of Dezhou, Linqing, Liaocheng, and Jining (Figure 1) are crossed by the canal. Historically, these cities have held relatively high administrative status. Among them, Liaocheng was once the seat of a prefecture, while Dezhou, Linqing, and Jining served as secondary prefectures (Jiang et al., 2022). As listed in Table 1, these locations were selected as research subjects owing to their rich historical heritage, unique urban landscapes, and integration of waterfront public spaces. This study specifically focused on public spaces near the Grand Canal within these four cities, including riverside parks, public green spaces, and commercial districts (Figure 2). The selection criteria for these areas included accessibility, cultural importance, and diversity of urban spatial characteristics (Senik and Uzun, 2022). The research covered both highly urbanized areas and historically important regions, thereby providing a comprehensive context for analysis of the interactions between different urban environments and the preferences of residents.
[image: Map series showing China's location and regions Dezhou, Linqing, Liaocheng, and Jining in Shandong Province. The maps highlight study areas and the Grand Canal. Scales vary, and color-coded legends are included.]FIGURE 1 | Study location: (A) geographical location of China and Shandong Province, (B) geographical location of the four cities in Shandong Province, (C) map of Dezhou, (D) map of Linqing, (E) map of Liaocheng, and (F) map of Jining.TABLE 1 | Designation and codification of sample points across various locations.	Code	Sample point name	Code	Sample point name
	A1	Longyun Lake Park	C4	Pearl of Water City
	A2	People’s Park of Dezhou	C5	Longwan Cultural Square
	A3	Xinhu Scenic Area	C6	Jinfeng Square
	A4	Jinembroidery Scenic Spot	C7	Rose Park
	A5	Changhe Park	C8	Sports Park
	A6	Dezhou Sports Park	D1	Guanghe Park
	A7	Dongziyuan Scenic Spot	D2	Xianying Green Space
	A8	Meihe Wetland Park Beach	D3	Tieta Temple
	B1	Galaxy Park	D4	Huanbiquan Road
	B2	Public Park	D5	Guiheyuan
	B3	Longshan Park	D6	People’s Park of Jining
	B4	Linqing Canal Culture Square	D7	Kuaihuolin Riverside Green Space
	B5	Linqing Theatre Square	D8	Yunhe Mall
	B6	Linqing Sports Park	D9	Wanda Plaza
	C1	Water City Square	D10	Huijingyuan
	C2	The River Waterfront Park	D11	Yunhe Shengshi Riverside Green Space
	C3	Xiaomei Riverside Park	D12	Nanchi Park


[image: Four satellite images labeled A, B, C, and D, depict distinct urban regions with an overlay of yellow borders. Each section includes locations marked with red dots and alphanumeric labels: A1-A8, B1-B6, C1-C8, and D1-D12. The images feature grids indicating geographical coordinates and scales ranging from one to two kilometers.]FIGURE 2 | Research areas and sample point distribution map of spatial perception surveys conducted in the four cities: sampling sites in (A) Dezhou, (B) Linqing, (C) Liaocheng, and (D) Jining.3.2 Data sources and collection
This study used a combination of questionnaire survey and geospatial data. The primary data source consisted of questionnaire survey responses gathered from local residents and visitors to the public spaces of the Grand Canal. The surveys were designed to capture detailed information about respondents’ preferences, behaviors, and perceptions of the public spaces. The survey was distributed to a diverse sample of residents, ensuring representation across different demographic groups, with consideration of age, gender, and occupation.
3.2.1 Variable set composition and functional role
The data involved in the study is divided into two types, namely, questionnaire survey data and GIS spatial data. The former covers 21 indicators and is the core data of machine learning models. The latter includes four indicators, with the first three used for analysis and the last one used for validation (Table 2).
TABLE 2 | Composition, data provenance and functional assignment of variables.	No.	Variable	Data source	Role
	1	Behavior purpose	Questionnaire	Analysis
	2	Mode of transportation	Questionnaire	Analysis
	3	Occupation	Questionnaire	Analysis
	4	Household registration	Questionnaire	Analysis
	5	Visit frequency	Questionnaire	Analysis
	6	Encounter congestion	Questionnaire	Analysis
	7	Gender	Questionnaire	Analysis
	8	Age group	Questionnaire	Analysis
	9	Education level	Questionnaire	Analysis
	10	Monthly income	Questionnaire	Analysis
	11	Safety	Questionnaire	Analysis
	12	Cleanliness	Questionnaire	Analysis
	13	Beauty	Questionnaire	Analysis
	14	Convenience	Questionnaire	Analysis
	15	Leisure facilities	Questionnaire	Analysis
	16	Catering facilities	Questionnaire	Analysis
	17	Entertainment facilities	Questionnaire	Analysis
	18	Tourist facilities	Questionnaire	Analysis
	19	Canal landscape conservation	Questionnaire	Analysis
	20	Canal cultural atmosphere	Questionnaire	Analysis
	21	Canal publicity	Questionnaire	Analysis
	22	Transportation hubs	GIS	Analysis
	23	Environmental quality	GIS	Analysis
	24	Facility accessibility	GIS	Analysis
	25	Kernel density of visits	GIS	Validation


3.2.2 Stratification
Questionnaire surveys were conducted using a purposive sampling method as part of a cross-sectional study from October 2023 to April 2025 in Dezhou, Linqing, Liaocheng, and Jining. A total of 1008 individuals completed valid questionnaires, and the basic information on the respondents is presented in Figure 3. The eligibility criteria adopted were as follows: (a) being aged 18 years and above, (b) being conscious and able to communicate normally, and (c) being willing to participate in this study.
[image: Bar chart showing the number of respondents across various categories. Highest numbers are local citizens (903), aged 18-40 (546), with an income under 3500 yuan (526). Most respondents have senior high school education or below (242) and are employees (148).]FIGURE 3 | Basic information on respondents to the open space questionnaire survey conducted in the four cities along the Grand Canal in Shandong Province, China.Eleven explanatory variables were identified and categorized into three groups: environmental quality, canal cultural characteristics, and supporting facilities (Joseph et al., 2016). The explanatory or predictor variables used in this research were safety, cleanliness, beauty, convenience, leisure facilities, catering facilities, entertainment facilities, tourist facilities, canal landscape conservation, canal cultural atmosphere, and canal publicity. These variables were chosen following literature review, field observation, and discussion with local experts (Wilson and Kelly, 2011; Cao et al., 2019; Manta et al., 2019).
Safety is one of the basic elements reflecting environmental quality. It refers specifically to the security situation and emergency facilities (Karacor and Parlar, 2017; D'Amico et al., 2024).
Cleanliness is another factor important in assessing environmental quality (Poleykett, 2022). It means that the open space is a clean, quiet, and pollution-free area (Luo et al., 2022).
Beauty is one of the factors used to qualify environmental quality. It reflects scenery, architecture, and the green environment pleasing to the eye (Ubani et al., 2023).
Convenience is another factor that reflects environmental quality. It is a measure of the accessibility of the open space (Dadpour et al., 2016).
Leisure facilities comprise integral components of supporting infrastructure, such as public seating, pavilions, fitness apparatus, areas shaded by trees, and potable water systems (Kim et al., 2022).
Catering facilities are supporting facilities that mainly include convenience stores, restaurants, and bars (Yuen et al., 2019).
Entertainment facilities refer to other important supporting facilities (Song et al., 2024). These include mainly chess and card rooms, ballrooms, karaoke televisions, and swimming pools (Zhao et al., 2022).
Tourist facilities, which mainly serve users who travel from afar, include hotels, health resorts, and parking lots (Das and Maitra, 2024).
Canal landscape conservation refers to the inheritance of the traditional landscape features of the Grand Canal (Sas-Bojarska et al., 2024).
Canal cultural atmosphere means that the open space reflects the unique canal cultural characteristics of the city, epitomized by folk culture and traditional artistic forms (Flemsæter et al., 2020).
Canal publicity refers to the existence of some form of advertising of the Grand Canal by local governments, institutions, and/or other organizations (Wang and Stevens, 2020), such that users can be made aware of the public spaces of the Grand Canal.
In addition to the survey data, Geographic Information Systems (GIS) data were utilized to map the physical characteristics of the study area, which helped in the analysis of spatial variables such as proximity to transportation hubs, environmental quality, and facility availability.
3.2.3 Data mapping
Since the original expressions of categorical variables are non-numerical and cannot be directly input into machine learning models, data mapping is required to convert them into standardized numerical values, laying the foundation for subsequent analysis (Macieira et al., 2024). These categorical variables included behavior purpose, transportation mode, occupation, household registration, frequency of behavior, encounter with traffic congestion, gender, age, education level, and monthly income. For example, numbers 1–7 in the behavior purpose category corresponded to physical exercise, cultural and artistic activities, meeting friends, taking children out to play, sightseeing, passing through, and other purposes, respectively. Similar mapping strategies were applied to other variables such as transportation mode and occupation.
3.2.4 Data classification
This study involved various spatial categories such as riverfront spaces, public green spaces, and commercial streets. A mapping dictionary was employed to convert location names into the corresponding spatial categories. Additionally, One-Hot Encoding (OHE) was applied to the categorical variables to convert the data into a format suitable for subsequent statistical analysis and machine learning model training (Klimo et al., 2021). The OHE technique transforms each category of a categorical variable into a new binary (0 or 1) column, which is required by most machine learning algorithms because they can process only numerical data (Al-Shehari and Alsowail, 2021). The purpose of OHE is to categorize variables that lack ordinal relationships. However, because behavioral frequency, educational attainment, and monthly income exhibit inherent order, OHE was not applied to these variables.
In this study, the following categorical variables underwent the OHE process (Figure 4):
[image: Flowchart of numerical representation process. It starts with spatial categorization by creating a mapping dictionary. Next, categorical variables are selected based on uniqueness. Then, one-hot encoding is implemented using Pandas' get_dummies() function. After encoding, a binary representation assigns a value of 1 to the current category and 0 to others. Lastly, this binary data is used for algorithmic processing and model training.]FIGURE 4 | Flowchart of the categorical data encoding process.Behavior purpose (e.g., physical exercise or cultural activity), Mode of transportation (e.g., taxi, driving or public transport), Occupation, Household registration, Frequency of behavior (e.g., multiple times a day, daily, or weekly), Encounter with congestion (yes or no), Gender, Age group, Education level, Monthly income.
The OHE process was implemented using the get_dummies function from the Pandas library (Elsner, 2023). This function automatically creates new columns for each category and assigns a value of 1 to the corresponding column based on the label in the original data, while assigning 0 to the other columns. For example, if the behavior purpose of a sample is “physical exercise”, the “behavior_purpose_physical_exercise” column will be marked as 1, while all other behavior-related columns will be marked as 0. Through this encoding, the original categorical data were transformed into a numerical format that could be analyzed further and used for model training.
3.2.5 Data conversion
The original data have scale differences and inconsistent data types. Therefore, data type conversion and standardization are required to unify data format and scale, ensuring analysis accuracy. All data were converted into integer type data to satisfy the requirements of subsequent analytical tools. Additionally, to mitigate the impact on the analysis of features with different scales, the data underwent standardization. Several common standardization techniques were compared, including MinMaxScaler, StandardScaler, Normalizer, and RobustScaler (Lee, 2024). These methods transform the data into a uniform scale, thereby ensuring that the data are prepared appropriately for subsequent cluster analysis.
Contour coefficients were used to evaluate the clustering performance of each standardized method. The silhouette coefficient can measure the similarity between data points within a cluster and their dissimilarity from the data points of other clusters. The higher the score, the better the clustering effect. As listed in Table 3, the Normalizer method achieved the highest average silhouette score (0.14) across the K-means, Agglomerative Clustering, and Bisecting K-means algorithms, outperforming MinMaxScaler (0.05), StandardScaler (0.03), and RobustScaler (0.04). The clustering results of the Normalizer method demonstrated the best overall performance under multiple classifications and various clustering algorithms.
TABLE 3 | Comparison of clustering algorithm performance with different standardization methods.	Clustering algorithm	MinMaxScaler	StandardScaler	Normalizer	RobustScaler
	K-means	0.06	0.04	0.13	0.05
	Agglomerative Clustering	0.04	0.03	0.13	0.03
	Bisecting K-means	0.05	0.02	0.15	0.03
	Average	0.05	0.03	0.14	0.04


Note: 0.14 indicates the best average performance of clustering algorithms with Normalizer standardization.
3.3 Analytical framework and study design
This study developed a multilayered analytical framework integrating multisource data acquisition and machine learning algorithms to systematically identify and quantify key factors influencing public space usage along the Shandong section of the Grand Canal (Figure 5). The framework consists of five layers: Data Acquisition and Preprocessing, Feature Engineering and Modeling, Behavioral Profiling and Preference Mining, Validation, and Output.
[image: Flowchart illustrating a layered process. The Data Acquisition and Preprocessing Layer includes Environmental Perception Factors and Behavioral Characteristics. The Feature Engineering and Modeling Layer has One-Hot Encoding and Normalization. The Behavioral Profiling Layer utilizes K-means Clustering, Association Rule Mining, and Correlation Analysis. The Validation Layer involves GIS Data Validation, leading to the Output Layer, which identifies space users, extracts strong associations, and determines key factors.]FIGURE 5 | Research framework.3.3.1 Justification for adopting K-means in heritage-oriented public space mining
Firstly, K-means clustering is adept at handling multidimensional data in public space research, which is highly in line with the need to integrate multiple variables in the analysis of visitor groups in the Grand Canal Heritage Corridor. Secondly, compared to other clustering methods, the K-means algorithm has higher computational efficiency and can quickly process 1008 valid questionnaire samples while maintaining stable clustering results. Finally, the clustering centers generated by the K-means algorithm have good interpretability and can clearly reflect the core preferences of various visitor groups, providing direct support for the formulation of targeted planning strategies for heritage public spaces.
3.3.2 Data acquisition and preprocessing layer
Environmental perception factors and behavioral characteristics were collected through structured surveys, including perceived safety, facility accessibility, cultural atmosphere, behavioral purposes, and visit frequency. A stratified sampling design was adopted that yielded 1008 valid questionnaires from the 4 studied cities along the Grand Canal, forming the empirical foundation for model construction.
3.3.3 Feature engineering and modeling layer
Categorical variables were standardized using mapping dictionaries and then transformed into numerical features through OHE. Among the four normalization techniques tested (MinMaxScaler, StandardScaler, Normalizer, RobustScaler), the Normalizer method exhibited optimal performance across the clustering algorithms and was therefore adopted in this study.
3.3.4 Behavioral profiling and preference mining layer
K-means clustering was used to segment respondents into distinct behavioral groups. The optimal number of clusters was determined to be three based on Silhouette Scores and the Elbow Method. Association rule mining via the Apriori algorithm uncovered strong associations between environmental attributes and behavioral preferences. Furthermore, correlation analysis quantified the relationships between key factors that influence public space utilization.
3.3.5 Output layer
The output phase identifies prototypical respondents’ groups, extracts highly confident and statistically significant behavior–environment associations, and determines the key factors driving space utilization.
3.4 Machine learning models
To analyze the data, machine learning techniques were used to identify the patterns of respondents’ behavior and preferences (Yao et al., 2024). To classify respondents into different clusters based on their behaviors and environmental preferences, this study primarily adopted K-means clustering, which is a widely used unsupervised learning algorithm (Sinaga and Yang, 2020). To determine the optimal number of clusters, two common clustering quality assessment methods were used: the Silhouette Score and the Elbow Method. The Silhouette Score is used to evaluate the quality of clustering, with higher values indicating better clustering results (Yu et al., 2020). The Elbow Method calculates the sum of squares error for different numbers of clusters to identify the optimal cluster number (Shi et al., 2021). Additionally, association rule mining was used to explore relationships between different environmental factors and respondents’ preferences. The Apriori algorithm was applied to generate frequent itemset (Bashir, 2020) and association rules (Luo and Miao, 2023) to help uncover notable patterns in the usage of various public spaces.
3.4.1 Clustering analysis
Clustering analysis is an unsupervised learning technique used to group data objects based on similarity. It is possible to briefly explain how this algorithm identifies similar groups by comparing data features, and to highlight its main differences from other classification methods. K-means clustering was used to classify respondents into distinct groups based on their behavioral patterns in this study (Harris and De Amorim, 2022). This approach supported identification of different types of space respondents, each with unique characteristics and preferences (Vera et al., 2022). To determine the optimal number of clusters, silhouette coefficients were calculated for different cluster numbers. The silhouette coefficient is a metric used for assessing clustering performance, with higher values indicating better clustering quality (Bagirov et al., 2023).
K-means clustering: A centroid-based clustering method that optimizes cluster assignment by minimizing the within-cluster sum of squares error:
min∑i=1k∑x∈Six−μi2
where k represents the number of clusters, Si denotes the set of data points in the ith cluster, and μi is the centroid of the ith cluster.
As shown in Figure 6, by comparing the silhouette coefficients and the sum of squares errors across different numbers of clusters, we found that the silhouette coefficient—after normalization using Normalizer—reaches its maximum value. Therefore, we determined that three was the optimal number of clusters. After determining the optimal clustering number and standardization method, the K-means algorithm was used for the final clustering analysis, adopting a fixed random state to ensure the reproducibility of the results. By choosing the optimal number of clusters, we could more accurately identify the characteristics of visitor groups and thereby provide urban planners with targeted recommendations.
[image: Heatmap of silhouette scores for different clustering algorithms and scalers. Rows represent algorithms: KMeans, Agglomerative Clustering, Bisecting KMeans, with scalers: MinMax, Standard, Normalizer, Robust. Columns show cluster numbers from 2 to 9. Darker shades indicate higher scores, peaking around 0.374.]FIGURE 6 | Comparison of silhouette scores for clustering algorithms under various data scaling techniques.3.4.2 Association rule mining
The association rules generated using the Apriori algorithm were employed to explore the relationship between environmental features and visitor behaviors (Du et al., 2024). The factors of lift and confidence were used to evaluate the strength of these associations (Altay and Alatas, 2020).
Clustering analysis revealed no notable patterns in the visits to locations by the three groups of individuals. To further explore the associations between the groups and the visited locations, association rule mining was conducted on the existing data. First, continuous variables in the dataset were binarized into Boolean values (Michalak, 2024). This was achieved by comparing each feature value with 60% of the range of that feature (Marcondes et al., 2018). If the feature value exceeded 60% of the range added to the minimum value, it was considered true (True); otherwise, it was considered false (False). For generating a frequent itemset, the Apriori algorithm was applied with a minimum support threshold of 0.4 to ensure that the discovered itemset had a high frequency of occurrence in the data. The generated frequent itemset included various combinations such as “cleanliness, safety, and aesthetics” with occurrence frequencies exceeding 40%. Based on the frequent itemset, association rules were extracted using lift as a measure. Lift reflects the positive correlation of the itemset, with a lift value of >1 indicating positive association. For example, the analysis revealed positive correlation between “cleanliness” and “safety.”
3.4.3 Correlation analysis
The machine learning model was used to conduct more accurate and comprehensive analysis of the correlation between respondents’ behavior and public space environmental elements. Through application of advanced machine learning techniques, we systematically evaluated the relationship between the key factors affecting the use of public space along the Grand Canal in Shandong.
The correlation analysis process involved using supervised learning models to predict the strength of the correlations between urban space features and respondents’ behaviors. These models were trained on datasets that included variables such as aesthetics, cleanliness, safety, convenience, and the presence of services like rest facilities and tourism amenities.
4 RESULTS
We used a combination of clustering, association rule mining, and correlation analysis to investigate the behaviors and preferences of respondents in relation to public spaces along the Grand Canal. The results revealed several key patterns in public space usage and respondents’ preferences.
4.1 Clustering results
The mean values of the clustering results for the three groups were calculated to determine the cluster centers for each group, which were then plotted as a line chart (Figure 7). The 72% Confidence Intervals for the cluster centroids were obtained via 200-times bootstrap resampling; none of the pairwise intervals overlapped, confirming the statistical distinctiveness of the three visitor groups. This indicated that the results of the cluster analysis were stable. The chart clearly illustrates marked differences in the cluster centers, particularly in the first half of the dataset. These differences are most apparent in the clustering variables such as “Activity Frequency,” “Cleanliness,” “Aesthetics,” “Convenience,” “Cultural Atmosphere,” “Canal Promotion,” “Rest Facilities,” “Catering Facilities,” “Entertainment Facilities,” and “Tourism Facilities.” Additionally, notable distinctions are observed in factors related to behavioral patterns such as walking behavior, and local household registration, further emphasizing the behavioral disparities across the groups.
[image: Line graph depicting values for three groups across various clustering variables. The x-axis lists variables like "Activity Frequency," "Safety," "Age," and "Occupation," while the y-axis represents values from 0 to 1. The lines for Group 1, Group 2, and Group 3 follow similar patterns, with fluctuations in values for each variable.]FIGURE 7 | Feature importance comparison across groups for clustering results.Cluster analysis identified three groups of users with notable differences. There are obvious differences in the preferences and behavior patterns of the various groups in terms of the use of public space. These differences are not only attributable to basic demographic characteristics but are also closely related to the form, functional layout, and accessibility of the public space in the cities along the Grand Canal in Shandong. From the perspective of urban/rural planning and social behavior, the following part systematically explains the behavior characteristics of the three groups of people and their relationship with environmental factors, emphasizing the spatial logic of “respondents environment interaction.”
4.1.1 Young and middle-aged local residents with high accessibility preferences
Group 1 is composed mainly of young and middle-aged local residents, with high activity frequency (0.72). Their preferred environmental factors are cleanliness (1.00), safety (1.00), and convenience (0.99). Members of this group have high requirements for the public space environment, and they pay great attention to the infrastructure and their quality of life.
In terms of transportation mode, more people in Group 1 walk (0.09) rather than travel by motor vehicle (0.04) to access public spaces, and most of them visit public spaces regularly.
Group 1 respondents prefer to use waterfront spaces with clear functions, easy accessibility, and open vistas. They usually choose to access riverside spaces with both leisure and commuting functions.
In terms of the purpose of the activity, Group 1 members prioritize physical exercise (0.09) and meeting friends (0.01), indicating that physical exercise and social interaction are the main motivations for this group of people to access public space.
The spatial behavior distribution of this group is highly consistent with the characteristics of the ribbon spatial structure along the Grand Canal. In cities along the canal, such as Dezhou, Linqing, Liaocheng, and Jining, residential areas and employment areas are often connected by the canal in a linear distribution, which is conducive to the combination of exercise and commuting for this group.
The behavioral patterns of Group 1 are indicative of daily users whose spatial utilization is strongly shaped by the rhythms of work and the routines of everyday life. Their high attention to safety, cleanliness, and spatial order reflects their trust and dependence on urban infrastructure.
4.1.2 Retired and middle-aged individuals with a strong interest in cultural engagement
Group 2 comprises mainly middle-aged and elderly people, especially retired residents, with similar numbers of males and females. In terms of their preference for environmental factors, cleanliness (1.00) and convenience (0.98) are highly valued, indicating that the respondents of this group value environments that are both clean and easily accessible. Safety (0.98) is also one of the important features, while catering facilities (0.91) and rest facilities (0.90) are also valued. This indicates that Group 2 members are inclined more toward convenient facilities and infrastructure that can enhance comfort and happiness.
The transportation modes of this group are more diversified, with walking (0.10) and cycling (0.07) being the main modes of transportation, indicating that Group 2 respondents are concerned about the accessibility of the urban walking system. Interviews revealed that this group of people usually use walking or cycling to indirectly achieve their physical exercise goals.
Different from Group 1, whose preference is for waterfront spaces, the members of Group 2 prefer other types of public space (0.22). The trends of their activity objectives indicate that the members of this group have greater interest in physical exercise (0.06), meeting friends (0.02), and cultural activities (0.01).
This result is consistent with the on-site interviews, with older respondents indicating high dependence on facilities such as dining, leisure, and cultural participation in public spaces. They strongly prefer spaces with historical or cultural symbolic importance, such as historic blocks and green spaces with cultural activities.
The preferred type of public space for this group has a commonality, i.e., cultural facility intensive areas. In the public spaces along the Jining Canal, historical attractions coexist with modern leisure facilities, forming a spatial complex that combines “cultural memory + comfortable experience.” The development of these spaces is suitable for low-intensity activities such as slow walking and stopping experiences that accord with the behavioral needs of this group.
From the behavioral perspective, Group 2 demonstrates characteristics emblematic of the “Communicative User” typology. Group 2 members are more inclined to achieve social interaction, emotional comfort, and cultural identity in public spaces, and therefore have a higher sensitivity to cultural atmosphere, convenience, and facility completeness. The low-intensity walking mode and preference for cultural participation indicate that Group 2 members are more concerned with the context and meaning that public spaces can provide.
4.1.3 Diverse transportation respondents with mixed spatial preferences
Group 3 has a relatively diverse composition that includes both tourists and local residents. The members of this group attach great importance to rest facilities (0.91) and tourism facilities (0.89), and they prefer public spaces that provide a relaxing environment and rich entertainment. Their use of public space is more exploratory and diverse, and the frequency of activities is not fixed. They often experience the changes brought by different spaces at different times.
The transportation mode adopted by Group 3 members is usually walking or cycling (0.07), and the proportion that drives to access the public space is very low (0.02). Typically, members of this group explore public spaces in a relaxed way and avoid complex transportation choices.
This group is more inclined to engage in activities in areas with dense green spaces and tourism facilities, especially focusing on the completeness of spatial facilities and visual quality. There is high demand for the overall atmosphere of the space, together with visual and sensory experience it provides.
Group 3 members prefer waterfront areas that combine ecological and tourism functions, especially those with strong openness and easy accessibility. This type of space emphasizes landscape coherence and the tourist experience, which is a core node of a city’s “soft attraction.”
The behavioral patterns of Group 3 members are characterized predominantly by experiential tendencies. Their spatial use does not rely on daily commuting or long-term settlement, but is driven mainly by novelty, environmental diversity, and short-term convenience. Compared with Group 1 and 2 members, their behavior patterns emphasize the flexibility and sensory stimulation of public spaces, showing higher spatial fluidity and freedom of choice.
Cluster analysis clearly identified three groups of public space users with significant differences in behaviors and preferences, whose characteristics are highly consistent with the spatial structure and functional layout of cities along the Grand Canal, providing a basis for group division in subsequent differentiated planning.
4.2 Association rule analysis results
4.2.1 Analysis of the association between location visits and respondents groups based on association rule mining
The dataset consists of various location types, including riverside spaces and public green spaces, and the characteristics of these locations as perceived by respondents, such as cleanliness, aesthetics, safety, and other facilities. Initially, the visits to different locations did not exhibit any clear patterns related to respondent type. Therefore, to delve deeper into the connections between respondents’ groups and the locations they frequent, we applied association rule mining techniques.
4.2.2 Data transformation and methodology
Continuous variables in the dataset were binarized using a threshold-based method, where the threshold was set at 60% of the range between the minimum and maximum values of each feature. This means that if a particular feature’s value exceeded 60% of the difference between the minimum and maximum values plus the minimum value, the feature was considered “True” (i.e., the respondents visited that type of location or exhibited that characteristic); otherwise, the feature was marked as “False”.
The environmental features involved in this study are largely dependent on the subjective perceptions of the respondents, which often exhibit a distribution pattern of “moderate preference with the highest proportion.” The threshold of 60% broadly corresponds to the subjective evaluation range of “good to excellent,” which is four points or above on the Likert scale. It can effectively distinguish whether the scene is strongly recognized by users and is consistent with the general public’s judgment criteria for the quality of public spaces. This study verified through pre-experiments that the binarization results at the 60% threshold highly match the grouping features of other machine learning models such as K-means clustering, further supporting the rationality of this threshold.
The primary goal of this transformation was to identify specific relationships between respondents and the locations they visit, focusing on the patterns of associations that emerge when considering specific attributes of the locations such as cleanliness, aesthetics, and safety. The association rules revealed several notable relationships between these location features and the respondents’ preferences (Table 4).
TABLE 4 | Binary association rules between locations and features.	Antecedent	Consequent	Support (%)	Confidence (%)	Lift
	(Riverside Space)	(Cleanliness)	40.30	100.00	1.00
	(Riverside Space)	(Aesthetics)	40.30	100.00	1.00
	(Riverside Space)	(Special Trip)	40.30	100.00	1.00
	(Public Green Space)	(Safety)	42.43	93.82	1.04
	(Public Green Space)	(Cleanliness)	42.93	94.91	1.04
	(Public Green Space)	(Aesthetics)	42.11	93.09	1.07
	(Public Green Space)	(Convenience)	40.63	89.82	1.03
	(Public Green Space)	(Rest Facilities)	43.09	95.27	1.01


4.2.3 Key findings from the association rules
4.2.3.1 Environmental perception and emotional connection
Respondents associated waterfront spaces with the features of cleanliness, aesthetic value, and social activities, indicating a strong emotional and perceptual bond between them and such environments. The perfect confidence level (1.0) between Riverside Space and Cleanliness indicates that cleanliness is a fundamental expectation, and might even be prerequisite for people to be willing to approach such spaces. Similarly, the improvement value between Riverside Space, Cleanliness, and Aesthetics is 1, highlighting people’s overall perception of waterfront space as “beautiful and orderly.” This shows that visitors to waterfront areas are often emotionally driven, seeking psychological recovery, a beautiful experience, and social vitality.
4.2.3.2 Functional use and safety awareness in public green spaces
Public green spaces are often perceived through a more functional and pragmatic lens. The association between Public Green Space and Safety (confidence: 0.94; lift: 1.04) shows that safety plays a critical role in determining whether individuals choose to engage with these areas. The strong correlation with rest facilities indicates that such respondents pay more attention to comfort, convenience, and predictability. They prefer to choose a safe, pleasant, and relaxing environment rather than an exploratory or visually impactful space.
4.2.3.3 Activity purpose and behavioral typologies
The association rules also reveal the specific preferences of respondents in terms of the purpose of their activities. For riverside spaces, the strong link between “Riverside Space” and “Special Trip” (support = 40.30%, confidence = 100.00%, lift = 1.00) indicates these areas primarily attract intentional visits, likely driven by their scenic and cultural significance. In public green spaces, the dominant association with “Rest Facilities” (support = 43.09%, confidence = 95.27%, lift = 1.01) highlights their role as functional zones for relaxation, complemented by high confidence in safety (93.82%) and cleanliness (94.91%).
Association rule mining revealed strong correlations between different public space types and environmental attributes as well as usage behaviors, providing an accurate attribute matching basis for spatial function optimization.
4.3 Correlation analysis results
This study conducted in-depth analysis of the correlations between various variables in relation to urban and rural planning, and the results are presented in the form of a heatmap for clearer understanding of the relationships between these variables (Figure 8). The correlation coefficients range from −1.0 to +1.0, where +1 indicates perfect positive correlation, −1 indicates perfect negative correlation, and 0 indicates no correlation. Several key insights can be drawn from analysis of the heatmap.
[image: Correlation heatmap showing relationships between variables: Safety, Cleanliness, Aesthetics, Convenience, Heritage Preservation, Canal Promotion, Rest Facilities, Entertainment Facilities, Tourism Facilities, Public Green Space, and Residence Tourist. Positive correlations are in red, negative in blue, ranging from 1.00 to -0.20. Darker reds indicate higher positive correlations, while darker blues indicate higher negative correlations.]FIGURE 8 | Correlation matrix diagram of different environmental factors and spatial locations.Aesthetics and Cleanliness: The substantial correlation (0.73) between Aesthetics and Cleanliness indicates that aesthetically pleasing environments are often perceived as cleaner. This relationship suggests that enhancing the aesthetic appeal of public spaces, through landscaping or design, might improve the perception of cleanliness, thereby attracting more respondents.
Safety and Cleanliness: The strong positive correlation (0.61) between Safety and Cleanliness suggests that locations perceived as safe tend also to be viewed as clean. This interdependence highlights the importance of integrating safety features, such as lighting and surveillance, within well-maintained areas to enhance the perception of cleanliness and safety.
Convenience and Aesthetics: The moderate correlation (0.57) between Convenience and Aesthetics underscores the link between accessibility and the visual appeal of public spaces. The ease of access to spaces enhances their perceived aesthetic value, highlighting the need for urban planners to prioritize both accessibility and visual quality in the design of public areas.
Rest Facilities and Tourism Facilities: The strong correlation (0.45) between Rest Facilities and Tourism Facilities implies that public spaces with sufficient rest amenities are more likely to be associated with tourism-oriented features. This relationship suggests that the development of tourism infrastructure should prioritize the inclusion of comfortable resting spaces alongside other tourism facilities to enhance the overall visitor experience.
Correlation analysis quantified the strong positive correlations between key environmental factors such as aesthetics-cleanliness and safety-cleanliness. The strong correlation between aesthetics and cleanliness provides a new perspective for the coordinated optimization of aesthetics and cleanliness in the planning of public spaces along the Grand Canal waterfront. This discovery breaks through the limitations of traditional planning where the two are designed separately, and can guide planners to simultaneously embed dynamic cleaning management nodes in waterfront landscape creation, improving the overall perceived quality of the space. The findings of the correlation analysis provide valuable guidance for urban planning, particularly in terms of facility layout and functional optimization, offering empirical support for better integration of spatial elements in urban development.
4.4 Validation
4.4.1 Model validation methods
This study employed various model validation techniques to ensure the reliability and effectiveness of the results of the machine learning analysis, including cluster quality assessment, multimethod cross-validation, spatial distribution validation, and population preference statistical validation (Figure 9). The clustering quality evaluation used the contour coefficient and elbow method to determine that three was the optimal number of clusters for the K-means clustering. By comparing the clustering performance under different standardization methods, Normalizer was selected as the optimal standardization method (Table 3). Multimethod cross-validation combines clustering analysis, association rule mining, and correlation analysis to cross-validate the relationship between user behavior and environmental factors. For example, strong correlation was confirmed between cleanliness and safety in both the association rules and the correlation analysis.
[image: Flowchart depicting a data analysis process: Selection of normalization methods leads to K-means clustering, then extraction of group characteristics. This is followed by cross-validation with multiple methods. Two branches: spatial distribution validation and comparison of group preference scores. They converge into assessing consistency of behavior-environment association, and finally output reliable conclusions.]FIGURE 9 | Flowchart of model validation process.4.4.2 Respondents’ preferences and spatial distribution
Using kernel density analysis in GIS, we compared the distinct public space respondents’ groups identified through clustering analysis with the actual spatial distribution of public spaces (Figure 10). The results reveal strong spatial correlation between the preferences of the three groups of respondents and spatial characteristics such as cleanliness, safety, and aesthetics. For example, the members of Group 1 prefer safety and cleanliness, and they tend to frequently visit parks and green spaces near the city center, while Group 2 members enjoy cultural activities and are more likely to choose waterfront areas with historical and cultural importance. This finding is further supported by field observation data, confirming that our machine learning model accurately captures the actual preferences of public space respondents.
[image: Twelve maps show nuclear density distributions for different groups in a city area with km scales. Each map has red sample points, blue water systems, and varying shaded densities labeled from 0.00038 to 0.019. Panels (A) to (L) depict different spatial distributions and density clusters, highlighting areas with higher concentrations of sample points amidst the city's layout.]FIGURE 10 | Nuclear Density Distribution of the three groups of respondents in the studied cities. Nuclear Density Distribution of Group 1 in (A) Dezhou, (B) Linqing, (C) Liaocheng, and (D) Jining Nuclear Density Distribution of Group 2 in (E) Dezhou, (F) Linqing, (G) Liaocheng, and (H) Jining Nuclear Density Distribution of Group 3 in (I) Dezhou, (J) Linqing, (K) Liaocheng, and (L) Jining.4.4.3 Group-specific preferences and perceptions of public space facilities
The analysis of public space facility preferences among Groups 1, 2, and 3 reveals marked differences across various indicators, including safety, cleanliness, aesthetics, convenience, heritage preservation, cultural atmosphere, canal promotion, canal knowledge, leisure facilities, dining facilities, entertainment facilities, and tourism facilities (Table 5).
TABLE 5 | Group behavioral preference statistics.	Serial number	Safety	Clean liness	aesthetics	Convenience	Heritage
preservation	Cultural
atmosphere	Canal
promotion	Canal
knowledge	Leisure
facilities	Dining
facilities	Entertainment
facilities	Tourism
facilities
	1	3.86	3.86	3.78	3.79	3.70	3.30	2.78	3.05	3.72	3.66	3.59	3.66
	2	4.89	4.86	4.79	4.77	4.04	3.44	3.00	3.16	4.26	3.99	3.86	4.00
	3	4.62	4.51	4.46	4.50	3.99	3.59	3.39	3.42	4.16	3.89	3.86	3.91


Among the three groups, Group 1 consistently exhibited the lowest scores across all environmental indicators. Moderate preferences were observed for safety (3.86) and cleanliness (3.86), indicating a certain level of concern for fundamental environmental conditions. However, relatively low demands were recorded for functional facilities such as leisure facilities (3.72) and dining facilities (3.66). Additionally, Group 1 assigned notably low scores for canal promotion (2.78) and cultural atmosphere (3.30), suggesting limited interest in cultural dissemination and environmental ambiance.
In contrast, Group 2 demonstrated the highest scores across all environmental attributes, particularly for safety (4.89), cleanliness (4.86), and aesthetics (4.79), indicating extremely high expectations for the basic quality of public spaces. This group also showed substantial demand for convenience (4.77) and heritage preservation (4.04). The relatively high scores for leisure facilities (4.26) and tourism facilities (4.00) further emphasized their strong emphasis on spatial comfort and cultural enrichment.
Group 3 presented intermediate scores across the indicators, while still maintaining relatively high preferences for safety (4.62) and cleanliness (4.51), reflecting considerable concern for basic environmental quality. The score of cultural atmospheres (3.59) and heritage preservation (3.99) in this group was higher than that in Group 1, indicating a certain degree of need for cultural experience. Moreover, Group 3 exhibited notable preferences for leisure facilities (4.16) and entertainment facilities (3.86), highlighting a tendency toward seeking recreational and entertainment functions.
Based on the analysis results of the three groups of data, the different groups show notable differences in their functional needs and environmental perception of public space. These differences are largely consistent with the results obtained through clustering analysis, thereby further validating the effectiveness and reliability of the clustering outcomes.
5 DISCUSSION
5.1 Innovation of the study
The application of a machine learning model to public space planning has proven to be an efficient method, which can analyze complex datasets and identify patterns that are difficult to detect using traditional methods (Dabra and Kumar, 2023; Koutra and Ioakimidis, 2023; Riva et al., 2024; Schmitt et al., 2024). For example, traditional methods usually rely on qualitative means such as questionnaire surveys and field observations, which have limitations when dealing with large-scale datasets or revealing the complex relationships between multiple variables. This study expanded the technical boundary of urban spatial analysis by introducing K-means clustering, association rule mining, and correlation analysis algorithms.
In recent years, some studies have tried to apply machine learning to the analysis of urban public space use. However, most such studies focused on the broader urban environment (Riva et al., 2024; Alkhereibi et al., 2025; Durowoju et al., 2025; Robi and George, 2025), or on a specific functional space such as green space or street vendors (Barreda Luna et al., 2022; Piras et al., 2024). Compared with most other related existing studies, the innovation of this study lies in its comprehensive analysis method, which integrates aesthetic value, cultural atmosphere, accessibility, and other factors, focusing on China’s unique Grand Canal cultural heritage corridor. Additionally, this study divided the respondents into different behavioral preference groups through cluster analysis to deepen the understanding of the characteristics of public space use, which is still a rare approach in related research conducted in China.
5.2 Limitations of the study
Although the application of machine learning to urban planning has realized many advantages, this study had some limitations. One of the main problems is the dependence on questionnaire data, which might have sample bias or include inaccurate information provided by the respondents. Although it was hoped that the sample would include a sufficient number of a wide variety of people, time and resource limitations meant that it was difficult to fully cover all social strata and regional types, especially low-income groups and migrant workers. Therefore, the data might not fully represent the public space use characteristics of the sample area (Delnevo et al., 2023). Additionally, the subjective expression of environmental perception by respondents might have certain bias, sometimes resulting in over glorification or underestimation of specific spatial features that could affect the objectivity of the data.
There are still several ethical limitations regarding the process of data collection and machine learning model application in this type of research. First, although the questionnaire survey followed the principle of voluntary participation, owing to the timeliness of on-site research, some respondents might not have had sufficient understanding of the purpose of the data. Especially among the elderly population, there are differences in their understanding of digital technology, which might lead to implicit informed consent bias. Second, the results of machine learning models depend on the representativeness of the input data. The proportions of different socioeconomic groups in the sample might have been imbalanced, resulting in bias in the model’s preference recognition of marginalized groups, which in turn might have affected the fairness and inclusiveness of policy recommendations (Liu and Li, 2025; Liu et al., 2025).
5.3 Comparative analysis and integration with traditional methods
There are many advantages to using machine learning methods in urban public space research. Most related studies use machine learning because of its high data processing efficiency (Plunz et al., 2019; Rossetti et al., 2019). Because when processing large amounts of data, the cost of manual data processing might be too high for a study to be feasible. However, it must be recognized that the combination of machine learning methods and traditional urban planning survey methods is more effective (Hamarash et al., 2024). Traditional methods, such as manual surveys and field observations, continue to play an irreplaceable role in capturing qualitative insights, local context, and community-specific knowledge that might be overlooked in purely data-driven analyses (Lak et al., 2020).
Integrating machine learning techniques with conventional approaches can thus result in a more holistic and scientifically grounded planning process. For example, K-means clustering facilitates the identification of groups of respondents based on behavioral similarities across multidimensional datasets, offering a data-driven perspective on spatial usage segmentation. Although these models are statistically significant, they still need to be interpreted contextually through field interviews and observations to ensure their social and cultural relevance (Smith et al., 2023).
Similarly, association rule mining can reveal the nonlinear relationships between environmental characteristics and user behaviors, which are often difficult to identify by traditional descriptive statistical methods. Without field verification, these associations might be misread or could lack practical application value.
This study confirmed that traditional methods such as on-site interviews and questionnaire surveys are indispensable in the sociocultural context. Therefore, it is very important to build a collaborative model between machine learning and traditional methods. Such an approach not only uses the analysis ability of machine learning processing and structured complex urban data, but also uses traditional methods to provide interpretation depth, which not only improves the accuracy of urban planning decision-making but also enhances its social legitimacy and practical feasibility.
5.4 Spatial design guidelines for different visitor groups based on data-driven insights
Guidelines for Group 1: For high accessibility groups, it is recommended to add “barrier-free passages” and “high-frequency cleaning routes” in green areas within city centers to enhance the coverage of accessibility facilities, and improve the cleanliness and convenience of public spaces. Additionally, the layout of facilities should be optimized by integrating walking indices to ensure that the locations of walkways and public amenities best meet the needs of the population. Data analysis results derived from machine learning models can help identify areas with high crowd density, enabling dynamic adjustment of cleaning frequencies and facility layouts.
Guidelines for Group 2: For cultural engagement groups, it is advisable to establish “Canal Cultural Display Nodes” and “Traditional Art Experience Spaces” in historical riverside districts. This design would not only satisfy the cultural needs of the group but also enrich the respondents’ cultural experience through enhanced landscape preservation and cultural storytelling. In spatial planning, GIS and machine learning analysis results can be used to flexibly adjust the frequency and form of cultural activities based on crowd density and the cultural and historical context of the area, thereby enhancing the respondents’ sense of involvement and belonging.
Guidelines for Group 3: For respondents using multiple modes of transportation, it is recommended to establish “shared bicycle parking points” and “green shuttle buses” around large parks, together with supporting facilities such as rest areas and tourist information stations. This would not only meet the needs of various modes of transportation but also enhance the convenience of the respondents. By integrating GIS-based kernel density analysis, dynamic analyses of traffic flow in densely visited areas and changes in visitor behavior can be conducted, allowing adjustments to be made to the layout of transportation facilities and rest areas, thereby improving the efficiency of public space utilization.
6 CONCLUSION
6.1 Summary of findings from the machine learning models
This study demonstrated the effectiveness of machine learning models in elucidating public space usage and visitor preferences along the Grand Canal. By employing K-means clustering, we identified three distinct visitor groups with varying preferences for factors such as cleanliness, safety, and cultural experiences. Association rule mining uncovered notable correlations between public space features and respondents’ behavior, providing valuable insights for urban planners. Furthermore, correlation analysis highlighted the impact of environmental factors such as cleanliness and safety on respondents’ engagement with those spaces.
The machine learning model revealed the potential to promote the transformation of urban spatial planning. Data-based insight can effectively improve the design quality and functional adaptability of public space, assist urban planners make more scientific and reasonable decisions in resource allocation, and ensure that intervention measures can better meet the diverse needs of different groups.
6.2 Implications for spatial policy, design, and future research perspectives
6.2.1 Policy and design impact
Based on machine learning analysis of three types of group behavior characteristics and spatial preferences, a differentiated intervention system with precise adaptation can be constructed for urban public spaces along the Grand Canal to improve the efficiency and inclusiveness of public space use.
For the group comprising mainly young and middle-aged local residents who value convenience and safety, the environmental department should require the establishment of barrier-free access networks and dynamic clean paths in urban green spaces and open spaces along the Grand Canal. Specifically, a linkage adjustment mechanism between cleaning frequency and peak usage can be established based on the crowd density thermal data generated by machine learning models. The frequency of cleaning during the morning commuting period on weekdays should be increased, and the spatial coupling between trails and public facilities should be optimized through walking indices to ensure that the basic needs of this group for safety, cleanliness, and convenience are systematically met.
For the group comprising mainly middle-aged and elderly residents who value cultural experience, policymakers should designate canal cultural protection and utilization demonstration areas in historical districts along the Grand Canal, and organically integrate traditional art experience spaces with aged-friendly facilities. This suggestion echoes the strong correlation between cultural identity and spatial selection discovered in this research, by strengthening the cultural symbolic meaning of space through landscape narrative and dynamic cultural activities, and enhancing the sense of belonging and participation of this group.
For the experiential group that includes tourists and local residents, urban public space design should focus on strengthening the functional integration of waterfront ecology and tourism corridors. Rest stations, smart tourism information kiosks, and shared transportation hubs should be integrated to form a one-stop comprehensive service system. This layout needs to match the multimode travel characteristics and exploratory behavior preferences of the group, dynamically monitor the distribution of pedestrian flow through GIS kernel density analysis, optimize the spatial configuration efficiency of facilities, and ultimately achieve the dual goals of ecological landscape protection and tourism experience improvement.
6.2.2 Future research and tools
To promote intelligent planning and management of public spaces along the Grand Canal, this study proposed potential technological solutions for further research in the future, aiming to upgrade the model from data-driven analysis to dynamic governance. It is recognized that a planning and management system should be built to integrate prediction, decision-making, and monitoring, and break through the limitations of traditional static planning. Through integrated application of advanced algorithms and intelligent tools, the speed of response of public spaces to changes in user needs and the adaptation accuracy of heritage protection could be improved.
It is recommended that a multidimensional prediction system based on Long Short-Term Memory neural networks be developed in the future, with a focus on incorporating exogenous variables such as seasonal fluctuations and cultural and tourism policy adjustments, to dynamically predict the spatial use intensity and preference transfer patterns of the three groups. This model could decompose historical data into time series and strengthen the weights of key influencing factors such as holiday effects through attention mechanisms, thereby providing a quantitative basis for forward-looking adjustments in facility layout.
It is recommended that the spatial analysis function of GIS be integrated with the clustering results and association rule database of this study, and an interactive platform with a scene simulation function be developed. The core module should include a user behavior simulation engine and a visual decision-making interface. The user behavior simulation engine could output the marginal impact on satisfaction of different groups by inputting planning variables such as adding cultural nodes and optimizing accessible paths. The visual decision-making interface could present the spatial spillover effects of intervention measures through heat maps and network correlation graphs, thereby providing a verifiable evidence chain for planners.
It is recommended to deploy IoT sensor networks in key public spaces along the Grand Canal to collect real-time environmental parameters such as cleanliness, light intensity, and crowd density data. By training lightweight machine learning classifiers to perform real-time parsing of data, an automatic warning mechanism could be constructed. When cleanliness is deemed to be below the threshold or when the population density exceeds the safe range, the system could trigger a graded response, and through measures such as scheduling cleaning personnel and initiating flow restriction guidance, achieve a management mode transition from passive response to active intervention.
These tools and strategies would transform static planning into adaptive, user-centric governance, ensuring public spaces along the Grand Canal balance heritage preservation, functional efficiency, and diverse user needs. They will promote the evolution of public space planning for the Grand Canal from a static blueprint to an adaptive governance system, ultimately achieving collaborative optimization of cultural heritage protection, functional efficiency improvement, and meeting diverse user needs.
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