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Abstract

:

Transit-oriented development has been a widely accepted tool among transportation planning practitioners; however, there are concerns about the risk of increasing residential property values leading to gentrification or displacements. Therefore, it is critical to provide precise investigations of the relationships between public transit and gentrification. Although numerous studies have explored this topic, few have discussed these relationships based on detailed measurements of gentrification from a regional perspective. This study aims to fill the research gap by measuring the gentrification subcategories through a hierarchical definition based on data in the New York–Northern New Jersey–Long Island areas and applying the transit desert concept as the measurement of transit services. Through multinomial logistic regression and machine-learning approaches, findings indicate that the rate of transit deserts in economically disadvantaged neighborhoods is higher than the others. In addition, the impacts of transit services are significant in gentrification but insignificant in super-gentrification. These findings can advance the knowledge of the role of the transit service in different gentrification progresses. Based on these findings, policymakers need to be careful when allocating public transit budgets and note the effects of these investments on neighborhoods with different socioeconomic statuses.
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1. Introduction


In recent decades, Transit-Oriented Development (TOD) has become one of the most popular policy concepts in the sustainable development toolkit. Based on this concept, authorities have invested in public transportation services to improve mobility and increase accessibility [1,2]. It can reduce greenhouse gas emissions and urban unaffordability issues by providing compact development, convenience, and affordable travel choices [3,4]. At the same time, this concept has received concerns about its disadvantages. The most significant concern is that it leads to gentrification/displacement. Researchers claimed that these developments could increase housing costs and appraisal values for property tax, which might cause gentrification and displacement [5,6]. For instance, public transit facilities can make a community attractive. Residential properties within these neighborhoods could be under high demand for purchases, causing increases in property values [7,8]. However, residents who cannot afford the rising living costs are forced to move out, which is regarded as displacement [9,10,11,12].



Previous studies have noted this debate, but there are two limitations worth noting from previous studies. First, the related study areas mostly were at the city level, and few were from the regional-level perspective [13,14], while, according to the gentrification researchers, it would be better to quantify gentrification progress based on region-level cases, such as metropolitan-level [15,16]. In addition, transportation planners have noticed that macro-level transportation planning and co-operation between local transportation agencies should be critical due to the increased commuting distance [17,18]. Second, previous studies mostly stopped at exploring the relationship between public transit and gentrification for low-income to median–high income populations, while few further dynamically explored the impacts of it on median-high income to high-income, which is called super-gentrification [19,20]. Hence, in terms of this dilemma and research gaps, we want to advance the knowledge on the relationship between public transit and gentrification in different subcategories in this study. There are two research questions:




	
What are the relationships between public transit and gentrification from a macro-level perspective?



	
How do these relationships change during the progress of gentrification?








To answer these questions, we introduced the transit desert concept and gentrification subcategories from previous studies as the macro-level measurements in transportation and gentrification based on the New York–Northern New Jersey–Long Island region [15,21]. The rest of the paper is formatted as follows: First, we reviewed the literature on the relationship between gentrification and public transit. Then, we introduced the data collection and methods in this study. Next, we presented the results of data descriptions, mapping, logistic models, and the gradient boosting decision tree algorithm to quantify the relationships between public transit factors and gentrification. In closing, we summarized the significant findings and policy implications, and this paper ends with a conclusion.




2. Literature Review


2.1. Gentrification and Measurements


Gentrification refers to changes in the sociodemographic and socioeconomic status of residents. It was first used to describe medium-income and educated residents who moved into neighborhoods where the low-income population lived in London [22]. Based on this concept, researchers defined gentrification as associated with advancing infrastructure and revitalizing residential areas, upgrading residential buildings, raising neighborhood consciousness, and upgrading the quality of residents’ lives [23]. They also pointed out that gentrification specifically helped the middle class to improve their living conditions by moving to neighborhoods where costs were low. This process was concluded as an neighborhood economic change that can be a significant sign of gentrification [24]. Previous studies focused on the changes in economic characteristics of residents, while gentrification recently has been regarded as a complex form of neighborhood change that requires the analysis of social, political, and economic conditions. At the community level, it can be seen in the upgrading of community buildings as houses are renovated and new businesses are established [25]. Beyond these physical changes, the significant components of gentrification include the changes in residents’ sociodemographic attributes and physical urban form redevelopments/improvements [6].



Recent studies highlighted the negative impacts of gentrification. During this process, the low-income population may suffer from displacements and relocations, and usually, they must move to neighborhoods with worse access to public services and assets than where they lived [26]. It can lead to myriad issues among the low-income population, including increasing costs of commuting and access to opportunities, which can result in a vicious cycle [27]. In addition, the emerging development type, public–private partnerships, can exacerbate the issues. Developers may highlight the advantages of redevelopments in urban form and life satisfaction while concealing the risks of displacements. Therefore, it is critical to study the factors of gentrification to avoid these negative impacts.



Some debates are worth noting in the previous measurements of gentrification. First, previous studies used binary categories to measure it, while recent studies prefer multilevel measurements [15]. The variations among measurements, especially binary and multilevel measurements, led to different findings and implications [28,29]. Second, some researchers only focused on changes within the central city [30], while some studies called for macro-level study due to the expansions in human activities [15,16]. Third, it is worth introducing other criteria in measuring gentrification instead of economic factors only [6].




2.2. Public Transit and Gentrification


The causes of gentrification are hotly argued. Studies have defined that infrastructure which benefits the quality of daily life can be regarded as the cause, such as recreational infrastructure, public transit facilities, postindustrial redevelopments, and green spaces [31,32,33,34]. Researchers claimed the mechanism of these causes is increasing property tax, forcing those who cannot afford it to move out. Although these facilities aim to improve life quality, they may serve the residents who can afford the increases instead of the existing residents, which can be a source of public service inequality if policymakers do not launch related anti-displacement plans. In addition, the demand for the analysis of these effects raises concerns at the post-pandemic stage because the inequity becomes more serious than before [35,36]. Hence, a clear view of the causes of gentrification should be critical for policymakers, and this study takes public transit as an example since it is a common method of policymakers allocating public services [37].



Public transit is potent for improving the residents’ mobility, but its impacts are debated. Although the benefits of public transit are worth noting, there are arguments that public transit may not be equally beneficial to all population groups. Most studies involving TOD development and gentrification claimed that public transit could promote neighborhood renewal, and improvement in public transit facilities could lead to a rise in property values and potentially price out residents [7,38]. Under this situation, although mobility is increased, the most vulnerable groups might not benefit from these improvements since they were displaced. Moreover, the measurements of public transit in these studies are worth noting. Previous studies used accessibility to public transit services, such as the number of facilities and routes within catchments and the distance to the closest facilities [3,39]. This is criticized because a single measurement may not systematically present the transit services [21]. In addition, some studies highlighted the importance of region-level perspectives [40,41].



Regarding the above reviews, we find that ideal measurements in both gentrification and public transit should contain various criteria and be based on the macro-level/regional perspective. Hence, we applied an approach developed by a research team of New York University [15]. This approach has been validated through community engagement. In addition, we measured public transit based on the transit desert concept. It is based on the supply–demand concept, measuring the transit supply and demand. Then, we calculated the gap between supply and demand as the index measuring whether the local transit service can meet demands [21]. This approach has shown potential in analyzing public transit services across cases and from different scales [42,43]. We referenced the structures of both approaches and made modifications based on the final data collection.





3. Data and Method


3.1. Data


In this study, we chose the New York–Northern New Jersey–Long Island areas of the NY–NJ–CT–PA combined metropolitan statistical area as the study area [44]. This combined metropolitan statistical area includes twelve New Jersey counties, eleven New York counties, and one Pennsylvania county. Overall, there were more than eighteen million people (5.59% of the U.S.) living in this region, with higher median household income ($83,160) than the nationwide status ($68,703 in the U.S. as a whole).



We build the final data collection based on four data sources: the American Community Survey (ACS), the General Transit Feed Specification (GTFS), OpenStreetMap, and the 2014 U.S. Geological Survey. We collected related data at the census tract level and dropped those tracts whose population is less than five hundred. The final data collection contains 4057 census tracts. Moreover, we acknowledged one limitation in the final data collection. Since we captured some data from the open-source dataset, such as GTFS and OpenStreetMap, instead of local authorities directly, the reliability and accuracy could be worth noting. Given these datasets commonly used in previous studies, this concern can be minor.



Table 1 describes the factors to measure gentrification as the dependent variable. These factors are from two domains, socioeconomic and demographics, and housing, including population, education, race, income, in-migrants, employment status, housing prices, rent prices, and density factors [15]. We captured all these variables from ACS in 2010 and 2018.



In addition, Table 1 presents the five criteria for measuring transit supply and four for transit demand. In this study, the independent variable was the transit desert index which is the difference between transit supply and demand [21]. Transit desert indices with a negative value are generally categorized as transit deserts, indicating areas where the existing supply cannot meet public transit demand. Conversely, positive transit desert index values indicate “transit oases” where the existing public transit facilities supply can meet the area’s demand. In this study, we captured the data involving the transit desert on 15 July 2020, from ACS, GTFS, and OpenStreetMap. For the transit supply, we defined the public transit system in the study area, including subway, commuter train, bus/BRT, and ferry routes from GTFS [45]. Built environment factors were captured from OpenStreetMap [46]. The intersections counted each intersection that involved primary roads, secondary roads, tertiary roads, and motorways. The low-speed roads measured in this analysis were limited to 35 miles per hour. The length of bike/pedestrian-friendly roads included tertiary roads, residential roads, bike lanes, and pedestrian facilities. We focused on transit-dependent adults based on four criteria density (i.e., divided by area of census tract) for transit demand. In the following section, we introduced in detail the process to define gentrification typologies, and transit supply and demand.




3.2. Methods


3.2.1. Gentrification Measurement


Gentrification is a complex process composed of sub-processes, but factors such as income, renting rate, race, public transit, and housing value have been considered sufficient criteria to measure gentrification progress [6]. Previous studies have noted the complexity in measuring gentrification progress, and a study has developed a method to quantify gentrification progress in New York metropolitan area [15]. They defined eight categories including not losing low income (low-income), at risk (low-income), ongoing displacement (low-income), ongoing gentrification (low-income), advanced gentrification (moderate to high income), stable exclusion (moderate to high income), ongoing exclusion (moderate to high income), super-gentrification (moderate to high income). Referencing their measurements, we considered eight subcategories of gentrification progress within three income categories: one subcategory of the very low-income group (VLI), three subcategories of the low-income group (LI), and four subcategories of the moderate–high income group (MHI) (Table 2). The reasons for modifications are as follows: First, studies claims that the poor and renters are more sensitive to changes in housing cost than other residents [47]. Therefore, it is worth adding a new category-specific neighborhood with a high rate of renters and low-income residents. Second, the difference between ongoing displacement (low-income) and ongoing gentrification (low-income) is not clear. We decided to merge them.



In detail, the first category is the very low-income group (VLI) which refers to the census tracts with more than 50% of residents as renters and 25% below the poverty rate. For neighborhoods in this type of census tract, a minor economic disruption (e.g., new facilities or investment) can significantly increase the property tax, leading to gentrification.



For the second category, census tracts fall under the low-income group (LI) census tracts if the share of low-income households (below 80% of the county’s Annual Median Household Income) out of all households is larger than the regional median share of low-income households. The three groups, LI—Stable, Not Losing Low Income Households, LI—At Risk of Gentrification and Displacement, and LI—Ongoing Gentrification and Displacement, are used to define the gentrification progress of the tracts.



The transformation point, where a tract once considered an LI tract becomes an MHI tract, is represented by the subcategory MHI—Advanced Gentrification. Under this category, new residents tend to be highly educated. Low-income households are being forced out and leaving the neighborhood. The next phase of gentrification is a more pronounced version of that seen in the LI subcategories. Middle- and higher-income people continue to move in, while low-income households continue to be displaced. As more investment and infrastructure are added to the neighborhood, the degree of gentrification continues to increase. The last typology, Advanced Exclusion, describes a situation where low-income households cannot afford to move in due to high housing prices, and the gentrification process is completed. In this study, we considered the progress from LI—Stable to MHI—At Risk as gentrification, while the progress from MHI—At Risk to MHI—Exclusion is considered as super-gentrification.




3.2.2. Transit Service Measurement


We used the transit desert concept to measure the public transit service. The transit desert concept is based on the supply and demand concept. The transit desert index is the gap between transit supply and demand [21]. We noted the various measurements in transit supply and demand [42,43,48]. In this study, we measured the transit desert as follows: First, we defined transit demand as residents who needed public transit to travel (Equation (1)), and the transit demand is the z-scored transit-dependent adults (Equation (2)). Additionally, we defined transit supply as the ability to move riders using the five criteria (Table 1). Then, the z-scored sum of z-score criteria density represents the comprehensive measurement of transit demand (Equation (3)). The transit desert index is defined as the gap between transit supply and demand (Equation (4)). A larger transit desert index means better public transit services since there is more surplus in transit supply than demand.


Transit-dependent adults = (population age 16 and over) − (population living in group quarters) − (vehicles available) * (national-level carpooling ratio)



(1)






   Transit   demand    = z-scored    Transit   dependent   adults     



(2)






   Transit   supply  =  z-scored    ∑  z-scored   criteria   density     



(3)






Transit desert index = transit supply − transit demand



(4)








3.2.3. Analysis Framework


This study aims to investigate the relationships between public transit services and gentrification progress, and we applied three analyses to achieve the research goal, including statistical/spatial description, regression models, and machine-learning algorithms. Through these analyses, the results can present a comprehensive and robust view of these relationships. First, we observed the rate of census tracts defined as transit deserts. Based on the results, the rates of census tracts defined as transit deserts at categories of gentrification can be calculated. In addition, the results can present a general idea about the locations of transit deserts, locations of gentrification categories, and the relationships between them spatially.



Second, regression models are applied to further identify the relationships. We used RStudio and multinomial logistic regression (“multinom” function of the “nnet” package) to explore the relationships [49]. It is a widely accepted method in modeling categorically dependent variables at multiple levels [50]. Results can contribute to the statistical understanding impacts of public transit on gentrification progress.



In addition, machine-learning algorithms raised research interest in modeling relationships without linear assumptions [51]. Moreover, studies highlighted robustness of these methods compared to regression models [52,53]. In terms of the advantages of machine-learning algorithms and comparing the results between machine-learning algorithms and regression models, we chose X-Gradient Boosting Decision Tree classifier (XGBclassifier). This branching structure allows regression trees to naturally learn the relationships without strict pre-assumption.



To achieve the XGBclassifier, we developed functions on Jupiter Notebook in Python 3.7 through the “statsmodels” and “xgboost” package. We first identified the hyperparameters through cross-validation grid searching. Then, we adopted the “SHAP” method to interpret the results [54]. Finally, it utilizes values from game theory to locally explain the contribution of each factor to the output of a predictive model (Equation (5)):


    SHAP   feature    x  =   ∑   set : feature ϵ set      A  !   p −  A  − 1   !   p !     val    A  ∪  x    −  val   A    )  



(5)




where  p  is the number of features.  A  represents the subset of the feature.  x  is the vector of feature values of an instance to be explained.   val  A    is the prediction for feature values in the set  A .






4. Results


4.1. Distribution of Census Tracts in Different Gentrification Subcategories


We first examined the distribution of census tracts in different gentrification subcategories in total and in the transit desert only. Table 3 presents the statistical description of the gentrification status of all census tracts and those defined as transit deserts. In general, there were 3.7% of census tracts defined as VLI neighborhoods, which indicates that these areas were at extreme risk of being gentrified. In addition, over one-third of census tracts in the study area was defined as low-income neighborhoods (LI), and 19.6% were at risk of being gentrified and ongoing gentrification (LI—At Risk and LI—Ongoing). Moreover, focusing on the MHI neighborhoods, we found that 12.2% were at risk of ongoing exclusion, representing the risk of ongoing super-gentrification [19]. Moreover, the distribution of subcategories in LI and MHI was similar. In this study area, around 60% of neighborhoods were defined as stable, and more than 18% were at risk of gentrification (LI—At Risk and MHI—At Risk).



There are various impacts of public transit on gentrification. Comparing the differences between the distribution of census tracts and transit deserts, we found that there was a higher rate of LI at-risk neighborhoods and a lower rate of LI stable neighborhoods in transit deserts than in the general situation. It indicates that low-income neighborhoods defined as transit deserts should be paid attention to when allocating budgets for improving local public transit services, which is consistent with previous studies [55]. Moreover, focusing on the MHI category, the rate of transit deserts is the same in the MHI—At Risk and MHI—Exclusion subcategories. It indicates that improving the transit service may not be the driver of super-gentrification.




4.2. Spatial Distribution of Census Tracts in Different Gentrification Subcategories


The spatial distribution of census tracts in different gentrification subcategories is worth noting. Figure 1 presents the distributions of the economic/income situations (Figure 1a) and gentrification statuses (Figure 1b). There are four findings worth noting. First, the distribution of economic/income situations resembled concentric circles, with Manhattan as the core gathering of MHI groups. Staten Island, The Bronx, Brooklyn, Queens, Newark, and other boroughs were the second ring where LI groups gathered. The third ring was where MHI groups gathered, including Nassau County, Suffolk County, Fairfield County, Sussex County, and other counties. There were some VLI groups located in Middlesex County. Second, given the distribution of gentrification status, we found that most of the tracts at risk of gentrification or ongoing gentrification were concentrated in New York City (NYC), and some surrounding areas were undergoing gentrification processes, which might be a “ripple effect” [56]. Third, although there can be a ripple effect in general, situations in different boundaries are worth noting. We found that most tracts in the northern part of NYC were experiencing ongoing gentrification. Most tracts in Queens and the southern part of Brooklyn were at risk of gentrification. In addition, gentrification progress from LI to MHI seemed nearly complete, as reflected by the category MHI—At Risk of the tracts in Brooklyn. Finally, focusing on the situation inside NYC, we found that most transit deserts are located in the Upper West Side (UWS) and Harlem neighborhoods. This may be caused by the high transit demand and low accessibility of transit services (e.g., lacking pedestrian and bike lanes).




4.3. Multinomial Logit Regression Results


4.3.1. Relationship between Public Transit and Gentrification Categories


Table 4 presents the results of the multinominal models. Before modeling, we tested for the proportional odds assumption, and all dependent variables passed the test. In the first model, investigating the impacts of public transit factors on general economic groups, the coefficient of transit supply is significantly positive when comparing the VLI and MHI neighborhoods. The results indicate that a one-unit increase in transit supply could be related to an extra 50% possibility of neighborhoods defined as MHI than VLI, while the difference in transit supply between VLI and LI is not significant. At the same time, the impacts of transit demand are significantly negative, indicating that the demand for public transit service in VLI neighborhoods is likely much higher than in LI and MHI neighborhoods. A one-unit increase in public transit demand can be related to a lower possibility of being defined as LI (44%) and MHI (83%) compared to VLI.



In addition, the relationship between gentrification categories and the transit desert index is worth noting. Based on the results, areas with good public transit can be more likely defined as relatively high-income neighborhoods. In detail, compared to VLI, areas with one-unit increases in the transit desert index can be related to an extra possibility of being defined as LI (28%) and MHI (49%).



In summary, both results indicate that neighborhoods with good public transit can be highly likely defined as neighborhoods with the advanced progress of gentrification. These results are consistent with previous studies claiming that public transit in neighborhoods with higher incomes is better than those with lower incomes in general [57,58]. In addition, the results further identified that these mismatches are not only caused by high supply but also significant demand.




4.3.2. Relationship between Public Transit and Gentrification Subcategories


To compare transit service between different gentrification subcategories, we applied another multinomial logistic regression model choosing VLI as the reference (Table 5). First, the results indicate that the transit supply in VLI is less than most subcategories except the LI—Stable, but transit supply is not monotonically non-decreasing when the subcategories keep progressing. It is worth noting that the coefficients increase from LI—At Risk to MHI—Advanced Gentrification while they decrease from MHI—Advanced Gentrification to MHI—Stable. It can support the claim that the impacts of public transit on gentrification progress should be nonlinear.



A similar distribution happened to transit demand. In general, the results indicate that transit demand in VLI is greater than any other subcategories of gentrification progess, and the average coefficient in MHI groups is larger than in LI groups, indicating that MHI transit demand could be smaller than both VLI and LI groups. In addition, it is worth noting that the coefficients are not monotonically non-decreasing with increasing gentrification progress. For instance, both public transit demands in LI—At Risk and MHI—Stable are much smaller than VLI, but the increases in MHI—Stable are more significant than LI—At Risk.



Third, the transit desert index results are similar to the above two results. In general, public transit in most LI group and all MHI group neighborhoods is better than VLI. In addition, it is worth noting that the impacts of the transit desert index should be nonlinear. The coefficient reaches the highest in the MHI—Stable group, followed by the MHI—Advanced Gentrification group, and the difference in averages of the coefficients between LI and MHI groups is insignificant (0.46 vs. 0.54).



To sum up, the subcategories’ results are consistent with the categories’ results, highlighting that public transit in neighborhoods defined as Advanced Gentrification could be better than those defined as VLI. In addition, results mention that the impacts of public transit on gentrification progress should be nonlinear.





4.4. Machine-Learning Classification Results


Figure 2 shows the results of the XGBclassifier. In general, these results indicate that the importance of transit demand in explaining gentrification in both categories and subcategories is higher than transit supply. In addition, a large transit demand has high and positive impacts on determining neighborhoods as VLI, while a large transit supply has high but negative impacts. Also, more transit demand can be related to a lower likelihood of being classified as LI, while less transit demand can be related to lower likelihood of being classified as MHI. At the same time, more transit supply can contribute to a higher possibility of being defined as MHI, but the trend in LI is unclear.



Given Figure 2b, it is worth noting that the impacts of the transit desert index in all three categories are not as clear as the above. We claim that a large number of transit desert indices has high and positive impacts on determining neighborhoods as VLI but negative impacts on MHI neighborhoods; however, the impacts of a median number of indices can be various since the trends are unclear. For the LI neighborhoods, we claim that a small transit desert index can contribute to determining neighborhoods as LI.



Figure 2c,d present the results by subcategories. Similar to the above results, the importance of transit supply is globally lower than demand, but in some cases, the contribution of transit supply is larger than transit demand, including MH—Advanced, LI—Ongoing, and MHI—Stable. In addition, focusing on the impacts of transit demand, we claim that high transit demand could contribute to defining neighborhoods as VLI, LI—At Risk, and LI—Stable, and low transit demand could be related to MHI—Advanced, MHI—At Risk, and MHI—Exclusion. In addition, transit supply in LI—At Risk, LI—Ongoing, MHI—Stable, and LI—Stable neighborhoods could be higher than the others, while in MHI—Advanced neighborhoods, it could be significantly lower. Figure 2d presents the results of the transit desert index. It indicates that a high transit desert index could be related to neighborhoods defined as MHI—Stable and VLI, while a low transit desert index could happen in MHI—Exclusion and all LI group neighborhoods.



In short, the findings indicate that the relationships between public transit and gentrification progress could be myriad. These relationships and the importance of these factors could be various at the different points of gentrification progress. In addition, these findings indicate that the impacts of public transit should change even within the same subcategory in terms of knots in the beeswarm figures.





5. Discussion


Gentrification raises concerns among researchers. Previous studies explored the relationships between gentrification and public transit. At the same time, few considered the relationship between gentrification and transit from a regional perspective and applied a dynamic perspective on gentrification progress. In addition, previous studies focused on whether transportation investment led to gentrification, lacking views of the impacts on gentrification progress. By subdividing the categories of gentrification, we examined the impacts of transit services on gentrification. The results indicate that the rate of neighborhoods defined as very-low-income and low-income groups in transit deserts is higher than the average. In comparison, the rate of moderate–high-income groups is much lower in transit deserts. In addition, the level of public transit service is positively correlated with gentrification, while its impacts are insignificant in the super-gentrification progress. In addition, the leading cause of transit deserts in this study can be high demand besides lacking supply.



Based on these findings, there are policy implications that can be generated. First, local authorities must be aware that public transit could not meet the demands inside NYC and the periphery among low-income neighborhoods. This study identifies transit deserts, most of which are in NYC and the periphery. In addition, the rate of economically disadvantaged neighborhoods (i.e., VLI and LI categories) in transit deserts is higher than in others. These findings are consistent with previous reports [59,60]. Notably, these unmet demands might lead to a vicious circle of low-income households living in neighborhoods where they must spend extra time and money on transportation [61]. Hence, we call local authorities to invest in public transit in these low-income neighborhoods. Still, they should be careful in allocating these budgets to avoid displacement since this study proves transit’s impacts on gentrification progress. To improve the transit service without displacement, we encourage authorities to reference other empirical cases, such as TOD in Pacoima [62]. In addition, it is crucial to co-operate with planning authorities to provide housing credit programs and ensure community engagement during the development [63].



Secondly, the issue of transit demand is more important than the issue of supply. In this study, results prove that the importance of transit demand is higher than transit supply in explaining gentrification progress, demonstrating that the gentrification status of neighborhoods correlated with the transit-dependent populations. Although there are minor differences between results of regression models and machine-learning approaches, it is worth noting that both highlight the general importance of transit demand on gentrification progress. Hence, it would be better for transportation authorities to co-operate with the land use department, using zonings to allocate affordable housing to avoid gathering. For neighborhoods with high transit-dependent populations, local authorities can allocate budgets to improve the service and accessibility of public transit facilities, such as bike lanes and pedestrian lanes.



Thirdly, the transit demand from moderate–high-income neighborhoods should not be ignored. Although this study argues that the transit demand in moderate–high-income neighborhoods is lower than in low-income neighborhoods in general, we identified that there are two subcategories of neighborhoods in the MHI category whose transit demand may be like the low-income one, including MHI—Advanced Gentrified and MHI—At Risk. We note that the transit supply in these areas is also high, but it does not mean that these services can be reduced. Therefore, transportation authorities do not need to improve the transit service in those areas but should keep the existing service to meet the high demand. We also call for future studies to examine the role of public transit in middle-class neighborhoods in attracting residents from driving alone to taking public transit.



In addition, we encourage future studies to reference the study framework applying different methods to explore the impacts of gentrification progress. In this study, the results highlight the complexity and nonlinearity of the relationships between gentrification progress and public transit. These not only happened to the marginal impacts of public transit during gentrification progress but also inside each progress according to the machine-learning results. Therefore, future studies should be aware of these and apply different models to quantify these nonlinearities.



Moreover, future studies need to apply dynamic and regional perspectives on gentrification and transit. In the literature review, we note that the emerging gentrification studies focused on regional analysis, while few studies involving transportation and gentrification noticed it [3,4,15]. This can be caused by lacking efficient approaches and data analyzing regional transportation services. Our study applies dynamic gentrification typologies and transit desert concepts that can be applied in future studies and suggests that future studies consider gentrification and public transit from dynamic and regional perspectives. Since the different relationships occurred within economic groups, it is critical to introduce large-scale and multiple-group analysis.



Finally, we acknowledge the limitations. First, as we mentioned in the data section, there is a limitation in the data collection, and we call for future studies to work with regional databases to deal with this. Second, it would be better to introduce other confounding variables in the regression models [64]. For example, access to public green space and new investments in such amenities should be at play. Future studies should include factors such as these to control for their effects. Third, we applied two approaches to investigate the impacts of public transit on gentrification progress and developed functions to find the best-fit model of XGBclassifier but did not further compare the performance with other machine-learning algorithms. We encourage future studies to consider multiple machine-learning approaches, such as random forest, elastic net, and other approaches for finding the best model.




6. Conclusions


This paper explored the relationship between gentrification and public transit service from a dynamic and regional perspective based on data in the New York–Northern New Jersey–Long Island area. We presented the spatial relationship between gentrification and public transit service and applied regressions and a machine-learning classifier to explore the relationship between gentrification and transit. Results identify the gentrification subcategories of these transit deserts and prove the significance of transit in gentrification progress. Based on the results, we suggested that policymakers need to be careful in allocating public transit budgets. In addition, future studies should explore related topics from a dynamic and regional perspective and consider the nonlinearity in the relationships.
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Figure 1. Results of income categories, gentrification subcategories, and gentrification subcategories located in Transit Deserts ((a) census tracts by income categories; (b) census tracts by gentrification progress; (c) census tracts defined as transit deserts by gentrification progress). 
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Figure 2. SHAP values of XGBDT results. ((a) impacts of transit demand and supply on income categories; (b) impacts of transit desert index on income categories; (c) impacts of transit demand and supply on gentrification subcategories; (d) impacts of transit desert index on gentrification subcategories). 
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Table 1. Variables for gentrification and transit desert measurements.
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Variables by Census Tract

	
Years






	
Gentrification variables

	

	




	
Socioeconomic and demographics

	
Total population

	
2010, 2018




	
Adults (25 years old or older)




	
Adults with a college degree




	
Non-white population




	
Median household income




	
Low-income in-migration




	
Employment density




	
Housing

	
Housing units in pre-1950 buildings




	
Median rent price




	
Median home value




	
Transit desert variables

	

	




	
Transit supply

	
Number of transit facilities (e.g., subway, commuter train, bus/BRT, and ferry routes)

	
2020




	

	
Number of transit routes

	




	

	
Number of intersections

Length of low-speed road

	




	

	
Length of bike lanes and pedestrian

	




	
Transit demand

	
Population age 16 and over

	
2020




	

	
Population living in group quarters

	




	

	
Vehicle ownership

	




	

	
Nationwide carpooling ratio
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Table 2. Categories and subcategories of gentrification.






Table 2. Categories and subcategories of gentrification.





	
Category

	
Subcategory

	
Definitions






	
VLI (Very-low-income group)

	
Highly Vulnerable

	
Rate of renters > 50% and rate of poverty > 25%




	
LI (Low-income group)

	
Stable

	
Low-Income Tract (<regional median household income) and not VLI in 2018




	
At Risk

	
Low-Income Tract and not VLI in 2018

2 out of the 3 of the following are true in 2018:

Has subway/rail station in tract

% of units in pre-1950 buildings > regional median

Employment density > regional median




	
Ongoing

	
Low-Income Tract and not VLI in 2018

Population stable or growing 2010–2018

Loss of LI households 2010–2018 (absolute loss)




	
MHI (Moderate–high income group)

	
Advanced

	
Moderate-to-High-Income (~regional median household income) Tract in 2018

Demographic change between 2010 and 2018 (at least 2 of 3 occurring):

Growth in % college educated > regional median

Growth in real median household income (percent change) > regional median

Lost low-income households




	
Stable

	
Moderate-to-High-Income (~regional median household income) Tract in 2018




	
At Risk

	
Moderate-to-High-Income (~regional median household income) Tract in 2018

2 out of the 3 of the following are true in 2018:

Has subway/rail station in tract

% of units in pre-1950 buildings > regional median

Employment density > regional media




	
Exclusion

	
Low-Income Tract and not VLI in 2018

Population stable or growing 2010–2018

Loss of LI households 2010–2018








Note. This approach referenced the work [15].
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Table 3. Comparison between gentrification categories.
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Gentrification Typology

	
All

	

	
Transit Desert




	

	
Number

	
Percentage

	
Number

	
Percentage






	
VLI—Highly Vulnerable

	
151

	
3.7%

	
26

	
17.9%




	
LI—Stable

	
1233

	
30.4%

	
24

	
16.6%




	
LI—At Risk

	
358

	
8.8%

	
35

	
24.1%




	
LI—Ongoing

	
440

	
10.8%

	
25

	
17.2%




	
MHI—Advanced

	
195

	
4.8%

	
7

	
4.8%




	
MHI—Stable

	
1186

	
29.2%

	
26

	
17.9%




	
MHI—At Risk

	
323

	
8.0%

	
1

	
0.7%




	
MHI—Exclusion

	
171

	
4.2%

	
1

	
0.7%




	
Sum

	
4057

	
100.0%

	
145

	
100.0%
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Table 4. Results of logit models by categories.
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Dependent Variable: Baseline = VLI




	

	
LI

	
MHI

	
LI

	
MHI






	

	
(1)

	
(2)

	
(3)

	
(4)




	
Transit supply

	
0.075

	
0.407 ***

	

	




	
(0.068)

	
(0.073)

	

	




	
Transit demand

	
−0.590 ***

	
−1.823 ***

	

	




	
(0.078)

	
(0.106)

	

	




	
Transit desert index

	

	

	
0.250 ***

	
0.403 ***




	

	

	
(0.089)

	
(0.090)




	
Constant

	
2.832 ***

	
2.913 ***

	
2.325

	
2.033 ***




	
(0.134)

	
(0.141)

	
(0.121)

	
(0.122)




	
Observations

	
4057

	
4057




	
Akaike Inf. Crit.

	
5979.442

	
6094.968








Note: *** p < 0.01.
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Table 5. Results of logit models by subcategories.
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Dependent Variable: Baseline = VLI




	

	
LI Groups

	
MHI Groups

	
LI Groups

	
MHI Groups




	

	
Stable

	
At Risk

	
Ongoing

	
Advanced Gentrification

	
Stable

	
At Risk

	
Exclusion

	
Stable

	
At Risk

	
Ongoing

	
Advanced Gentrification

	
Stable

	
At Risk

	
Exclusion






	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)

	
(7)

	
(8)

	
(9)

	
(10)

	
(11)

	
(12)

	
(13)

	
(14)




	
Transit supply

	
−0.129

	
0.175 **

	
0.288 ***

	
0.514 ***

	
0.308 ***

	
0.612 ***

	
0.430 ***

	

	

	

	

	

	

	




	
(0.084)

	
(0.081)

	
(0.080)

	
(0.086)

	
(0.087)

	
(0.083)

	
(0.103)

	

	

	

	

	

	

	




	
Transit demand

	
−1.192 ***

	
−0.248 ***

	
−0.483 ***

	
−1.078 ***

	
−3.316 ***

	
−1.500 **

	
−2.684 ***

	

	

	

	

	

	

	




	
(0.106)

	
(0.085)

	
(0.089)

	
(0.125)

	
(0.177)

	
(0.125)

	
(0.261)

	

	

	

	

	

	

	




	
Transit desert index

	

	

	

	

	

	

	

	
0.125

	
0.383 ***

	
0.551 ***

	
0.748 ***

	
0.192 **

	
0.814 ***

	
0.421 ***




	

	

	

	

	

	

	

	
(0.097)

	
(0.105)

	
(0.101)

	
(0.103)

	
(0.098)

	
(0.100)

	
(0.114)




	
Constant

	
2.610 ***

	
0.760 ***

	
0.0908 ***

	
−0.119

	
1.377 ***

	
0.241

	
−0.322

	
1.954 ***

	
0.452 ***

	
0.42 1 ***

	
−0.739 ***

	
1.830 ***

	
−0.383 **

	
−0.395 **




	
(0.158)

	
(0.170)

	
(0.166)

	
(0.185)

	
(0.180)

	
(0.174)

	
(0.226)

	
(0.127)

	
(0.146)

	
(0.142)

	
(0.163)

	
(0.128)

	
(0.151)

	
(0.170)




	
Observations

	
4057

	
4057




	
Akaike Inf. Crit.

	
12,422.500

	
13,856.560








Note: ** p < 0.05; *** p < 0.01.
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