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Abstract: It has become increasingly important in spatial equity studies to understand activity 

spaces—where people conduct regular out-of-home activities. Big data can advance the 

identification of activity spaces and the understanding of spatial equity. Using the Los Angeles 

metropolitan area for the case study, this paper employs geotagged Twitter data to delineate 

activity spaces with two spatial measures: first, the average distance between users’ home 

location and activity locations; and second, the area covered between home and activity 

locations. The paper also finds significant relationship between the spatial measures of activity 

spaces and neighborhood spatial and socioeconomic characteristics. This research enriches the 

literature that aims to address spatial equity in activity spaces and demonstrates the applicability 

of big data in urban socio-spatial research.  
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1. Introduction  

There is a growing interest at the intersection of two fast-evolving research fields: one is spatial 

equity in activity spaces and the other is the urban application of big social data. An emerging 

research field of spatial equity focuses on activity spaces, which describes the spatial ranges that 

people reach to conduct various out-of-home activities through habitual movements (Sherman, 

Spencer, Preisser, Gesler, & Arcury, 2005). Research on activity spaces expands conventional 

research on spatial equity from one’s home and workplace locations to a broader spatial context. 

Disparities in activity spaces among population groups are commonly observed, but there is no 

consensus on how to explain the disparities. One reason is the limited number of studies due to 

data constraints: studies on activity spaces tend to use conventional data sources, such as travel 

or activity surveys. Such data sources usually suffer from constraints such as limited volume, 

incompleteness, or lack of temporal information. Emerging big data can significantly expand the 

sample size and allow in-depth and expansive research on activity spaces.    

An increasing amount of research has used big social media data, such as Twitter data, to 

measure human dynamics in the interplay between physical and social configurations in cities. 

Social media data have significant advantages over conventional data sources in activity space 

research (Lee, Davis, Yoon, & Goulias, 2016; Longley, Adnan, & Lansley, 2015), because the 

former tend to be much larger in size, more up-to-date, and at a finer spatial and temporal 

granularity (Ye & Liu, 2018). However, social media data also have well-known limitations. 

Therefore, it warrants further exploration regarding to what extent social media data are 

applicable in socio-spatial research and how to explain different results yielded by social media 

data compared to conventional data.   

Synergizing the two research fields, this paper employs geotagged Twitter data to delineate 

activity spaces and investigates the association between the spatial range of activity spaces and 

neighborhood characteristics in the Los Angeles metropolitan area. To do so, first, we estimate 

two spatial measures of activity spaces: (1) the distance between users’ home location and 

activity locations; and (2) the area covered between home and various activity locations. Second, 

we investigate the relationships between activity spaces and neighborhood-level socioeconomic 

and spatial characteristics. Our findings, on the one hand, confirm some existing knowledge in 

this field and, on the other hand, raise new questions for future exploration. The findings enrich 

the growing empirical literature on activity spaces and provide a proof of concept using 

geotagged social media data to investigate spatial inequity.  

The paper is organized as follows. We first review three streams of literature: first, the 

application of social media data in socio-spatial research; second, the evolution of activity space 

research; and third, neighborhood characteristics that are associated with activity spaces. We 

then describe the data sources, the two spatial measures of activity spaces, and the analysis 
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framework. After presenting the results, we summarize the limitations of this study and conclude 

the paper by discussing the results and identifying future research needs. 

2. Literature Review 

2.1. Social Media Data in Socio-spatial Research  

Social media data have drawn great attention in socio-spatial research in recent years. One 

reason is their unprecedentedly large volume and spatial-temporal details that can reflect human 

dynamics (Shaw, Tsou, & Ye, 2016). Moreover, social media data expand research scope in 

urban studies and urban geography through reflecting multifaceted daily life. There is an 

“intensifying relationship between geography and digitality deserving of further conceptual, 

methodological, and empirical attention” (Ash, Kitchin, & Leszczynski, 2018, p. 36). Social 

media users share experiences and self-representations at their interested or concerned 

geographic locations. The users’ uneven digital footprints reveal their socio-spatial relations 

(Chua, Servillo, Marcheggiani, & Moere, 2016; Indaco & Manovich, 2016). Therefore, analysis 

based on social media data can help illustrate the interaction of urban spatial functions and 

individual socioeconomic status (Indaco & Manovich, 2016) and, thus, reveal spatial inequity.  

Among various social media platforms, Twitter is most commonly used in academic research 

due to its open-data policy: it provides a set of Application Programming Interface (APIs) for 

data query and streaming. Researchers can acquire location information of geotagged tweets. 

When posting a tweet, a Twitter user can share his/her location information such as a place name 

at different spatial scales (e.g., country, state, county, city, neighbourhood, and Point of Interest) 

(Martín, Li, & Cutter, 2017). Geotagged tweets provide geographic footprints of Twitter users 

and offer new opportunities for location-based research, including activity space studies (Jiang, 

Li, & Ye, 2019). 

Applying social media data to investigate spatial inequity has emerged in recent years, 

particularly on human mobility (e.g. Hasan, Zhan, & Ukkusuri, 2013; Liu, Huang, Li, & Wu, 

2017) and spatial segregation (e.g. Shelton, Poorthuis, & Zook, 2015). Empirical research on 

activity spaces can also benefit from the inexpensive and exhaustive social media data (Lee et 

al., 2016). 

2.2. Evolving Research on Activity Spaces 

Activity spaces describe the spatial ranges that individuals reach to conduct various daily 

activities. Horton and Reynolds (1971) are among the first to examine activity spaces, and they 

suggest that “an individual’s activity space is defined as the subset of all urban locations with 

which the individual has direct contact as the result of day-to-day activities” (p. 37). Activity 

spaces are multi-dimensional. Some researchers emphasize its spatial and temporal dimensions 

(Hägerstraand, 1970; Kwan, 1998; Yu & Shaw, 2008), while others identify various 
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measurement dimensions, such as the extensity, intensity, diversity, and exclusivity of activity 

spaces (D. Wang, Li, & Chai, 2012). 

Examining activity space expands the scope of spatial inequity research by revealing complex 

human dynamics manifested in space. Before the introduction of activity spaces, conventional 

spatial inequity research focuses on home or workplace locations, overlooking many other places 

where people conduct regular activities and interact with others. These other places reflect where 

people shop, entertain and socialize, and examples include coffee shops, grocery stores, libraries, 

and public parks. Jones and Pebley (2014) argue that characteristics of home locations cannot 

represent the social environments to which people are exposed, and therefore activity places need 

to be examined.  

In recent years, researchers have started to use activity spaces to investigate spatial inequity, such 

as segregation (D. Wang & Li, 2016; D. Wang et al., 2012; Wong & Shaw, 2011) and social 

exclusion (Schönfelder & Axhausen, 2003). Using Twitter data for 50 cities, Q. Wang, Phillips, 

Small, and Sampson (2018) find that residents of primarily black and Hispanic neighborhoods 

are far less likely to visit nonpoor or white middle-class neighborhoods than residents of 

primarily white neighborhoods.  

The methodologies and data sources used to identify activity spaces evolve, particularly with the 

growing availability of new data sources and the advancement in computational powers. 

Conventional data sources for activity space research are travel diaries (Buliung & Kanaroglou, 

2006; Farber, O'Kelly, Miller, & Neutens, 2015; Schönfelder & Axhausen, 2003; D. Wang et al., 

2012; Wong & Shaw, 2011) and activity diaries (Jones & Pebley, 2014; F. Li & Wang, 2017; D. 

Wang & Li, 2016). Emerging data sources include GPS data (Raanan & Shoval, 2014), cell 

phone data (Järv, Müürisepp, Ahas, Derudder, & Witlox, 2015; Silm & Ahas, 2014; Yip, Forrest, 

& Xian, 2016), mobile phone apps (Palmer et al., 2013), and social media data (Huang & Wong, 

2016; L. Li, Goodchild, & Xu, 2013; Q. Wang et al., 2018; Jiang et al., 2018).  

Social media data have certain advantages in activity space research. To track activity locations, 

researchers need detailed information of a person’s daily activities, and therefore the studies that 

use conventional data sources or new data sources from mobile phone apps generally have small 

sample sizes: a few thousand, or even hundred. The limited number of samples can hardly 

represent the millions of residents in a metropolitan area. Comparatively, the studies that use 

social media data have much larger sample sizes. 

Spatial measurements of activity spaces have also evolved. They can be grouped into three 

categories: point, distance, and area. Point measures include nodes (Jones & Pebley, 2014) and 

kernel density of activities (L. Li et al., 2013; Tan, Kwan, & Chai, 2017). Distance indicators 

include trip length (Farber, Páez, & Morency, 2012), gyration radius (Luo, Cao, Mulligan, & Li, 

2016), and space-time path (D. Wang et al., 2012). Areal measures include minimum convex 

polygons (Wong & Shaw, 2011) and standard deviational ellipse (Buliung & Kanaroglou, 2006; 
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Järv et al., 2015). Some of the above measures have been improved to include transportation 

networks (R. Li & Tong, 2016).  

Because of the multi-dimensional nature of activity spaces, different measures can be of distinct 

characteristics. Jones and Pebley (2014) reveal varying social characteristics of activity spaces 

between the point and the area measures. A few studies apply a combination of the spatial 

measures: point, distance, and area (Dijst, 1999; Huang & Wong, 2016; Schönfelder & 

Axhausen, 2003), but these studies rarely explore how the measurement outcomes differ. This 

research will focus on activity spaces identified by two spatial measures: the average distance 

between home and activity locations, and the area of standard deviational ellipses covering home 

and various activity locations.   

 

2.3. Activity Spaces and Neighborhood Characteristics 

In addition to delineating activity spaces, this research takes a further step to examine 

neighborhood characteristics that are correlated with the two spatial measures of activity spaces. 

There is no consensus on exactly what these characteristics are or whether these characteristics 

affect activity spaces, and a major reason is the complex mechanisms of people’s daily activities 

(Jones & Pebley, 2014). Some of the complexity might be associated with the bidirectional 

causal relationship: for example, preferences for out-of-home activities might incentivize people 

to choose neighborhoods in or near activity centers, and naturally, such spatial proximity can 

encourage out-of-home activities. Although the relationships are complex, research generally 

suggests that socioeconomic and spatial characteristics of neighborhoods are associated with 

activity spaces, as reviewed in the following.  

Socioeconomic characteristics, such as income and race/ethnicity, can affect activity spaces. It is 

commonly expected that individuals with higher socioeconomic status have more financial and 

transportation resources as well as greater travel needs, and thus they have larger activity spaces. 

However, the empirical results are mixed. It is observed that high-income residents have larger 

activity spaces in Los Angeles (Sastry, Pebley, & Zonta, 2002) and in Montreal, Canada (Farber 

et al., 2012). Nevertheless, in Washington D.C., residents of the poorest neighborhoods need the 

longest distance to travel to activity locations (Huang & Wong, 2016; Luo et al., 2016). 

Similarly, socioeconomically privileged residents have smaller activity spaces in both Hong 

Kong (D. Wang & Li, 2016) and Beijing, China (D. Wang et al., 2012). A possible reason is that 

privileged residents retreat to avoid social interaction with other people (D. Wang et al., 2012). 

Race and ethnicity also affect activity spaces, and again the effects are mixed. In Estonia, 

Russian-speaking minorities have smaller activity spaces than the Estonian-speaking majority 

(Järv et al., 2015). But in Los Angeles, African Americans have larger activity spaces than other 

racial groups, including whites (Jones & Pebley, 2014). In Chicago, African Americans and 

Hispanics have larger activity spaces than whites and Asians (Luo et al., 2016). A possible 
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explanation is that minorities in segregated neighborhoods need to seek opportunities or services 

in larger areas: segregated neighborhoods lack appropriate jobs (Kain, 1968), grocery stores 

(Walker, Keane, & Burke, 2010), social services (Allard, 2008), or green space (Byrne & Wolch, 

2009), and therefore residents need to conduct daily activities in large activity spaces. 

Neighborhood socioeconomic characteristics, such as the poverty rate and the employment rate, 

reflect social ties and social networks (Hu, 2019; Weinberg, Reagan, & Yankow, 2004), which in 

turn are associated with activity spaces (Carrasco, Hogan, Wellman, & Miller, 2008; Carrasco & 

Miller, 2009; Silm & Ahas, 2014). Social interactions motivate social activities. Axhausen 

(2007) builds a conceptual framework in which the size of the activity space is positively 

correlated with the size of social networks.  

Spatial characteristics of neighborhoods play important roles as well, and again empirical results 

are mixed. Among the few common spatial variables, distance to the Central Business District 

(CBD) is commonly examined. Living further away from the CBD enlarges activity spaces in 

Xining, China (Tan et al., 2017) and Montreal, Canada (Farber et al., 2012). Nevertheless, the 

distance does not affect activity spaces in Chicago, U.S. or Beijing, China (Tana, Kwan, & Chai, 

2016), and it even reduces activity spaces in Chicago (Luo et al., 2016). Other spatial 

characteristics examined in empirical research include the density of population and/or 

employment (Tan et al., 2017; Tana et al., 2016), road density (Tana et al., 2016), and access to 

transit (Tan et al., 2017).  

In summary, empirical literature does not provide a generally accepted conclusion on the 

relationship between activity spaces and neighborhood characteristics. The number of empirical 

studies is limited, and these studies use various measurements of activity spaces, as reviewed in 

section 2.2. Additionally, most of the studies that try to model activity spaces rely on travel 

surveys or activity surveys, which can have very different sampling frameworks and thus varying 

empirical implications. The few studies that use social media data rely on selected 

neighborhoods (e.g. Huang & Wong, 2016) or descriptive analysis without simultaneous 

controlling for possible explanatory factors (Luo et al., 2016). The mixed results of the limited 

number of studies call for further investigation. 

Still, the existing research reveals the importance of socioeconomic and spatial characteristics in 

investigating activity spaces, and it informs our research to model the relationship between 

neighborhood characteristics and activity spaces.  

 

3. Data and Methodology 

3.1. Study Area 
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The study area is the Los Angeles metropolitan area, which is chosen because of its fragmented 

urban spaces and diverse demography (Clark, Anderson, Östh, & Malmberg, 2015). The two 

factors combined can create heterogeneous activity spaces across space and across population 

groups. The study area has five counties: Los Angeles, Orange, Riverside, San Bernadino, and 

Ventura. Downtown Los Angeles is the main activity center.  

The spatial unit of analysis is the census tract. With the average of about 4,000 residents (U.S. 

Bureau of the Census, 1994), the census tracts can be used as a proxy of neighborhoods. We 

focus on activity spaces of residents in urbanized census tracts, which are defined in this research 

as those with a population density greater than 100 per square mile and the area size smaller than 

50 square miles (Figure 1). We remove large but sparsely populated census tracts because 

measures of their activity spaces can be distorted by the large geography. Section 3.3. details the 

measurements. As a result, the study area has 3,802 urbanized census tracts. Still, activity spaces 

of residents in these 3,802 census tracts are decided based on Tweet locations in all 3,915 census 

tracts: residents in the urbanized census tracts conduct activities in the whole region. 

 

 

Figure 1 Study Area and Twitter User Densit 

 

3.2. Data 

We rely on five major data sources. 1) geotagged Twitter data in the whole Year of 2015, which 

allow us to identify the home and activity locations of individual Twitter users; 2) the U.S. 

Census 2011-2015 5-year American Community Survey (ACS) (U.S. Bureau of the Census, 

2017a), which provide census tract-level socioeconomic data; 3) the 2015 Longitudinal 
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Employer-Household Dynamics (LEHD) block-level employment data (U.S. Bureau of the 

Census, 2017b), which are aggregated to the census tracts; and 4) the shapefiles from the Census 

Topologically Integrated Geographic Encoding and Referencing data (U.S. Bureau of the 

Census, 2017c), which inform spatial features of neighborhoods. 5) the Smart Location Database 

with the block-group level built environment data (U.S. Environmental Protection Agency, 

2013), which are aggregated to the census tracts.  

The Twitter streaming API was used to collect geotagged Tweets in the Los Angeles 

metropolitan area between January 1st and December 31st in 2015. Every tweet has several 

metadata fields, including the latitude, longitude, username, the timestamp when the tweet was 

created. Only geotagged tweets—those with geographic information (latitude and longitude)—

are used in this research. There were over 560,000 unique Twitter users and 20 million 

geotagged tweets in the study area during the study period.  

3.3. Defining Home Census Tracts and Activity Spaces 

3.3.1. Defining Home Census Tract 

We define the home census tract as the tract where a Twitter user posts most of his/her tweets in 

2015; the method is introduced in Jiang et al. (2019). We use the home census tract instead of a 

specific location for two reasons. First, the location (e.g. latitude and longitude) where a Twitter 

user posts the tweet constantly change, and hence it is almost impossible to decide the exact 

location where a user sends most tweets without pre-defining spatial boundaries. Therefore, we 

use the census tract to define neighborhood boundaries, and we define the census tract where a 

Twitter user posts most tweets as the home tract. As a result, the census tract centroid is the 

proxy of the user’s home location. Second, we are more interested in neighborhood 

characteristics, which represent the average experience of individual residents in the same 

locations.   

We remove non-human users (bots) who are defined as those that post tweets from a utility that 

are considered as non-humani. We also remove visitors who are defined as those who tweet in 

the study area within ten consecutive days but not in the rest year. Finally, we remove the users 

who post fewer than twelve tweets—(less than one tweet per month on average) —to reduce the 

potential bias. 

As a result, we identify 87,063 Twitter users who provide valid information to delineate their 

activity spaces. The sample size is much greater than that based on conventional surveys. Figure 

1 also shows that the distribution of these 87,063 Twitter users can fairly reflect the population 

distribution: high concentration in the center of the Los Angeles city and parts of northern 

Orange County, and dispersed distribution in the suburbs.  
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3.3.2. Defining the Activity Space 

Activity spaces are described based on two measures—the average distance and the average 

spatial area of standard deviational ellipses. We estimate the two measures for individual Twitter 

users first and then estimate the average for all Twitter users residing in the same census tract.  

Distance measure of activity space 

We first calculate the average distance of a Twitter user from his/her home tract to all the tracts 

where the user tweets (Equation 1).  

𝐷𝑖 = ∑ (𝑑𝑖𝑗 ∗ 𝑤𝑖𝑗/𝑀)
𝑚

𝑗=1
                                         (1) 

Where Di denotes the average activity distance of Twitter user i. m denotes the number of tracts 

that user i tweets (including the home tract). dij denotes the distance from the home tract of user i 

to the user’s activity tract j. If the activity occurs outside of one’s home tract, the distance is 

estimated as the Euclidian distance between the home and the activity tract centroids. If the 

activity occurs in the home tract, the distance is estimated as half of the radius of the circle with 

the area size of the home census tract. wij denotes the number of days that the user i has activity 

in tract j, serving as the weight. The weight can reflect the frequency of visiting an activity 

location. M denotes the total number of activity days for user i (M=∑ 𝑤𝑖𝑗

𝑚

𝑗=1
).   

After we calculate the average activity distance of individual Twitter users, we calculate the 

average activity distance of all users residing in the same home tract (Equation 2) 

𝐷 = ∑ (𝐷𝑖)
𝑛
𝑖=1 /𝑛                              (2) 

D denotes the distance measure of activity space for a census tract. n denotes the number of 

Twitter users i living in the census tract with a valid average activity distance (from Equation 

(1)). The method weights the activity distance of each qualified Twitter user equally, and thus 

the resultant average distance of a census tract is not distorted by the tweet frequency of 

individual users.  

Area measure of activity space  

The standard deviational ellipse is used to estimate the activity space area. The ellipse is a 

centrographic method to measure the geographical distribution of a set of points (Yuill, 1971). 

We calculate the area of the one-standard deviational ellipse for each Twitter user based on the 

user’s geotagged tweets during the study period. The two axes of the ellipse are one standard 

deviation of the x-coordinates and y-coordinates from the geographic center of all activity 

locations. As a result, about 63 percent of the activities of individual Twitter user i fall in the 
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ellipse. The angle of rotation indicates the direction of the point distribution by catching the 

largest amount of points (Wong and Lee, 2005).  

After calculating the area of the one-standard deviational ellipse for each individual Twitter user 

i, we calculate the average area of all Twitter users living in the same home tract (Equation 3).  

𝑆 = ∑ (𝑆𝑖)
𝑛
𝑖=1 /𝑛               (3) 

Where S denotes the area measure of activity space for a census tract. Si denotes the area of the 

one-standard deviational ellipse for user i. n denotes the number of users in the tract. 

Limitations of the distance and the area measurements 

The area and the distance measures of the activity space have different spatial implications. A 

longer activity distance does not necessarily mean a larger activity space. For example, for two 

persons with an identical average distance to activities, the person whose activities are spread in 

different directions from the home tract would have a larger activity space than the person whose 

activities are clustered in the same direction from the home tract. Moreover, the area measure is 

affected by the boundary effects: the activity area is naturally constrained if the home tract is 

close to the boundary of the study area, such as the tracts along the coastal line. In this case, 

activity opportunities are geographically limited towards inland but still within reasonable travel 

distance. Hence, the activity space area could be small because the direction of the activity space 

is relatively constrained.  

In the following regression analysis to examine the determinants of activity spaces, we control 

for the size and shape (area and radius measures) of the home census tracts to partially mitigate 

their effects on the physical configuration of activity spaces. The control is the most direct and 

feasible way to address the geometry variance of the home census tracts in the regression 

analysis. 

3.4. Conceptual Framework 

We use the following regression model to investigate the correlation between activity spaces and 

neighborhood characteristics.  

Activity space = f (socioeconomic characteristics, spatial characteristics) 

The dependent variables are activity space distance (estimated in Equation 2) and activity space 

area (estimated in Equation 3). Socioeconomic variables include race/ethnicity, education, age, 

poverty level, and employment status. Spatial characteristics include the size of the census tract, 

distance to downtown Los Angeles, population density, employment density, and road network 

density. Descriptive statistics of these neighborhood characteristics are presented in Table 1. 
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Table 1 Neighborhood Characteristics  

 

 

 

 

 

 

 

 

 

 

 

 

 

The model captures the socioeconomic and spatial characteristics of neighborhoods. We use 

neighborhood socioeconomic characteristics to represent Twitter users’ human-related individual 

characteristics. By definition, the census tracts are designed to be homogeneous and to represent 

the general features of residents in the tracts (U.S. Bureau of the Census, 1994). Using the 

census-travel generalized indicators, although masking variation in individual characteristics in 

the same census tracts, can better capture the behavioral commonalities of population groups.  

Spatial characteristics represent the human-made built environment in which a Twitter user lives 

and the spatial connection for the user to reach different parts of the study area. 

4. Spatial Measures of Activity Spaces 

Figures 2 and 3 visually present the distance and the area measures of activity spaces. Both 

activity space distance and area tend to be smaller for Twitter users closer to the center of the 

study area than for those farther away. Generally, census tracts in the core of Los Angeles 

County and north Orange County, which are the most urbanized and of the highest density, have 

the smallest activity spaces, whereas census tracts that are larger and farther away from 

downtown Los Angeles tend to have larger activity spaces.  

  Mean Std Dev 

Socioeconomic Characteristics   

% Hispanic 45.5 27.7 

% Black 6.4 10.6 

% Asian 12.6 14.3 

% 18-29 years old 18.0 7.2 

% 30-49 years old 27.7 5.6 

% Bachelor’s Degree or higher 28.3 19.6 

% in Poverty 17.3 12.1 

Spatial Characteristics   

Distance to Downtown (km) 44.6 38.8 

POP per km2 4115.3 3811.8 

EMP per km2 2972.0 9371.3 

Road Network Density  19.7 6.2 

Census Tract Radius (km) 0.9 0.7 

Census Tract Area (km2) 3.9 9.9 
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Figure 2 Distance Measures of Activity Space (Unit: kilometer) 

 

 

 

 

Figure 3 Area Measures of Activity Space (Unit: square kilometer) 

 



 

13 
 

The distance and the area measures of activity spaces are correlated to a certain extent. Visual 

inspection of Figures 2 and 3 shows relatively similar spatial patterns. The Pearson correlation 

coefficient between the two measures is statistically significant at 0.827. 

The mode of activity distance of the 3802 census tracts is 6-7 km, and the mode of activity area 

is 300-350 km2. About 20.3 percent of census tracts have an average activity distance shorter 

than 5 km, and the percentage reaches 79.4 percent at the 10 km benchmark. About 15.7 percent 

of census tracks have an average activity space area smaller than 250 km2, and the percentage 

reaches 46.6 percent at 500 km2 and 85.2 percent at 1000 km2. 

 

5. Activity Spaces and Neighborhood Characteristics 

This section reports the estimated association between neighborhood characteristics and activity 

spaces. Because of the uneven distribution of Twitter users, we use the ratio of the number of 

Twitter users to the census tract population as the sampling weight. We also tested the models 

that directly use the number of Twitter users as the weight. The regression results are similar in 

terms of the explanatory power and the direction of the coefficients, albeit the significance levels 

of a few variables slightly change. 

Some independent variables are correlated. For example, we removed the variable of the share of 

Hispanics because of its high correlation with education and the poverty rate (correlation 

coefficients of 0.83 and 0.56, respectively). We keep all the neighborhood characteristics that 

have significant correlations with the two spatial measures of activity spaces. In the final models, 

the correlation coefficients among all independent variables are below 0.5, and all the VIF 

(Variance inflation factor) scores are lower than 3.5. The diagnoses suggest that our regression 

modeling results do not suffer from multicollinearity.  

Table 2 Modeling Activity Spaces (standardized coefficients) 

 Distance Area 

 Coeff Std 

Coeff 
Sig Coeff Std Coeff Sig. 

Socioeconomic Characteristics       

% Black 0.026 0.063 *** 2.060 0.050 *** 

% 18-29 years old 0.059 0.164 *** 4.096 0.114 *** 

% 30-49 years old 0.013 0.032  3.738 0.094 *** 

% Bachelor’s Degree or higher 0.049 0.243 *** 5.325 0.265 *** 

Spatial Characteristics       

Distance to Downtown (km) 0.053 0.454 *** 4.717 0.410 *** 

POP per km2 -0.000 -0.094 *** -0.014 -0.125 *** 

EMP per km2 0.000 0.390 *** 0.001 0.305 *** 

Road Network Density  0.027 0.045 ** 2.983 0.050 *** 
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Census Tract Radius  0.447 0.068 ***    

Census Tract Area    6.833 0.141 *** 

Intercept 2.276  *** 60.223  *** 

R2  0.343   0.332  

(Note:  *** = p<0.01; **= p<0.05; * = p<0.1) 

 

Table 2 shows the coefficients, the standardized coefficients, and the significance levels of the 

variables. The neighborhood characteristics can explain 34.3% of the variation in activity 

distance and 33.2% of the variation in activity area.  

Neighborhood socioeconmic characteristics are significantly correlated with the spatial measures 

of activity spaces. A greater share of black residents is associated with a larger activity space in 

terms of both distance and area, consistent with existing literature. One percent increase in the 

share of the black population is associated with 0.026 km increase in activity distance and 2.060 

km2 increase in activity area. Adults aged between 18 and 29 tend to have larger activity spaces; 

one percent increase is associated with 0.059km increase in distance and 4.096km2 increase in 

area. Similarly, an increasing share of adults aged between 30 and 49 is associated with larger 

activity spaces. Highly-educated persons also have large activity spaces: one percent increase is 

associated with 0.049km and 5.325km2 increase in activity spaces. 

Spatial characteristics also have significant associations with activity spaces. Residents in 

neighborhoods that are farther away from downtown Los Angeles have larger activity spaces: 

one kilometer difference is associated with 0.053km and 4.717km2 change. Even though the Los 

Angeles region has a strong polycentric structure, downtown Los Angeles still affects people’s 

activity patterns. Residents in neighborhoods with greater road network density tend to have 

larger activity spaces; they have greater access to the transportation network that connects to 

many activities.  

We infer that many activities are conducted at residences—meeting friends or families at their 

homes: living in places of high population density reduces the distance and area measures of 

activity spaces, but living in places of high employment density does not. We conduct further 

tests that separate employment of retail and service jobs, which we assume are common activity 

locations for their customers. However, a higher density of retail and service jobs is still 

positively correlated with activity spaces. Therefore, we suspect that people conduct activities in 

many places other than service/retail locations.  

Inspecting the standardized coefficients, we observe that spatial characteristic of the distance to 

downtown Los Angeles has the greatest effect on both activity measures. This observation is 

consistent with some previous studies (e.g. Huang & Wong, 2016). Proximity to the main 

activity center plays a large role in activity spaces.  
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6. Limitations 

Although the two spatial measures of activity space based on Twitter data are in many ways 

consistent with our expectation and with the results of previous studies using other data sources, 

using social media data to delineate activity spaces has the following limitations.  

First, the geotagged Twitter users cannot represent the whole population: users and their usage of 

social media can be constrained or self-selected (Ye & Liu, 2019). Not everyone tweets; about 

22 percent of the U.S. population has used Twitter (Perrin & Anderson, 2019). Many Twitter 

users do not tweet at their regular activity locations, e.g. workplaces, and not every Twitter user 

shares their locations of all tweets. In fact, the tweets with geographical identification (i.e. 

geotagged) are not routinely available; they comprise only a small share (1 to 2 percent) of all 

tweets. 

 

Twitter is disproportionally used by different population groups, as examined in a few studies 

(Jiang et al., 2019; L. Li et al., 2013; Malik, Lamba, Nakos, & Pfeffer, 2015). A recent Pew 

Research Center survey revealed that 62 percent of Twitter users are between 18 and 29 years 

old, 49 percent are blacks and Hispanics, while only 21 percent are whites (Perrin & Anderson, 

2019). In other words, Twitter data and analysis results based on the data over-represent youth 

and racial/ethnic minorities. This over-representation in a way is good news. They complement 

much existing research which uses data that under-represent these population groups (Goyder, 

2019). Therefore, the “best practice” might be a mixed approach to utilize both conventional 

surveys and big social media data. For example, in a recent study by Martin et al. (2019) 

confirms the value of integrating Twitter data and survey data for hurricane evacuation 

assessment. Of course, the “best practice” requires improved methodologies to filter social media 

data and to generate appropriate sampling weights to expand the social media “samples” to the 

population. 

Second, individual information of Twitter users is not available, and therefore we cannot control 

for or test the effects of individual characteristics, such as race, income, and education. While 

Twitter users’ gender and race/ethnicity might be identifiable based on the user-provided first 

name and last name in their Twitter account (Longley et al., 2015; Mislove, Lehmann, Ahn, 

Onnela, & Rosenquist, 2011), the quality of such information and the accuracy of the methods 

are still questionable. Nevertheless, without personal characteristics, our regression results are 

still robust. We test the regression models with different independent variables and different 

measures of activity spaces. The regression results are similar. 

Third, the analysis detects correlation instead of causality, and the results are context-sensitive. 

We detect that spatial characteristics have significant associations with activity spaces, but it will 

take a leap of faith to claim that changing spatial characteristics can improve equity in activity 
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spaces. Furthermore, the study area of Los Angeles is unique in many ways, and therefore results 

cannot be readily generalized or used for prediction in other places. 

Additionally, our research scope is limited. We investigate spatial equity based on the two spatial 

measures of activity spaces. We acknowledge that the measurements capture substantive equity, 

which is only one form of equity (Hay, 1995). We compare the equity outcome, but we do not 

intend to examine how the spatial (in)equity in activity spaces is associated with spatial 

(in)equality, which is “a transitional economic reality necessary for … economic progress” 

(Gaile, 1984, p. 223). The examination is beyond the scope of this research.  

Despite the limitations, using social media data to delineate and model activity spaces is an 

advancement in research on spatial inequity. The social media data allow us to detect locations 

where people conduct activities beyond the conventionally examined home and workplace 

locations. The sample size is large: in this research, we use data from more than 80,000 unique 

Twitter users, and the sample size is much larger than that of conventional surveys. In addition, 

such large samples can capture the behavior of population groups that are not easily accessible 

and hence difficult to be involved in conventional surveys, particularly those under-represented 

neighborhoods. Social media allows a more natural and direct sharing of information as opposed 

to surveys in which the subjects feel that their behavior is monitored. Moreover, our research 

framework can potentially apply to emerging geotagged data, such as Yelp and Transportation 

Network Company (e.g. Uber and Lyft) data, although they provide different information on 

other aspects of human activities. 

7. Conclusion 

This research employs Twitter data to delineate users’ activity spaces and to investigate how the 

two spatial measures of activity spaces—the average distance to activities and the area size of 

activity spaces—are associated with neighborhood socioeconomic and spatial characteristics. 

The results show that social media data can be used to reveal spatial inequity of activity spaces 

within a metropolitan area and that both socioeconomic and spatial characteristics have strong 

correlations with the inequity. 

Activity spaces identified using social media data, on the one hand, confirm existing knowledge 

in this field and, on the other hand, raise new questions for future exploration. The results 

confirm the findings of larger activity spaces for young people and blacks but smaller activity 

spaces for residents living in places of high population density. Meanwhile, questions that have 

not been fully examined emerge. We observe large activity spaces for residents living in 

neighborhoods with high employment density. Because the literature on activity spaces is still 

rapidly evolving, our research contributes to the growing literature by generating findings worthy 

of future exploration.  
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The results have policy implications. Two spatial characteristics—the distance to downtown and 

population density—consistently have significant relationships with activity spaces. Therefore, 

increasing the supply of high-density housing in the downtown area can cluster activity 

opportunities and hence potentially improve social exposure and reduce segregation. 

The paper documents the feasibility of using social media data for activity space analysis. Future 

research can compare our case-study area of Los Angeles and other cities/regions since Twitter 

data are widely available. Future research can also fuse social media data with other types of 

data, such as POI (point of interest) data, to investigate how different types of places attract 

intensive activities, particularly of diverse population groups. We also suggest future research to 

investigate how the sentiment of tweets might affect activity spaces; such investigation is 

practically impossible through conventional surveys. 
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