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Mobile device location data (MDLD) can offer a new perspective on measuring 

accessibility. Compared with the traditional accessibility measures, MDLD is capable 

of capturing people’s preferences with the observed locations. This study proposes a 

job accessibility measure based on the identified home and work locations from 

MDLD, evaluating the job accessibility by the proportion of workers identified 

working in zones within a certain time threshold. In the case study on the Baltimore 

region, the job accessibility from the MDLD-based measure is compared with the 

results from a widely-used traditional measure. Then, generalized additive models 

(GAM) are built to analyze the socio-demographic impact on job accessibility from a 

MDLD-based measure and a traditional measure, with a feature-to-feature comparison. 

Finally, the socio-demographic characteristics of regions where there are major 

disparities between the job accessibility from the traditional measure and the MDLD-

based measure are also evaluated from the Student's t-test results. 
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Chapter 1: Introduction 

1.1 Background  

Improving accessibility is one of the ultimate goals of transportation planning [1], as 

the availability of meaningful, affordable, and accessible opportunities such as 

healthcare, employment, food, and education are critical to the well-being of any family 

and individual. Social inequalities and social exclusion to a large extent result from 

accessibility inequalities [2, 3]. In the field of urban planning, job accessibility is a 

critical subject to study among all those different types of accessibility, as a key index 

to understand the problems such as the spatial mismatch of jobs and housing [4, 5], and 

urban form [6], etc. 

One of the earliest definitions of accessibility is “the potential of opportunities for 

interaction”, by Hansen in 1959 [7]. Over the past few decades, many definitions of 

accessibility were proposed, mainly defining accessibility in terms of opportunities and 

travel impedance or resistance. Higher accessibility means more options to fulfill 

activity needs and lower generalized costs (travel time, monetary cost, etc.) to reach 

these options [8]. Traditional accessibility studies usually use land-use data in terms of 

population or employment, as a proxy for measuring the attractiveness of destinations 

[9], and rely on model estimates of travel time (or distance) as an indicator of 

impedance. Challenges in accessibility studies stem from the requirement of detailed 

knowledge of activity locations, transportation networks, and individual travel 

behaviors [9]. When it comes to job accessibility, cumulative opportunity measure, also 
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known as isochronic measure, contour measure, or proximity count, counting the 

number of jobs that can be reached within a given time threshold, is so far most widely 

used by land use and transportation practitioners [11]. The advantage of this measure 

is related to its high operationalization and interpretability for both researchers and 

policymakers, while the most significant disadvantage of this approach is the 

negligence of individual choices and preferences, considering all jobs are accessible as 

long as they can be reached [12, 13]. 

As a new data source, mobile device location data, MDLD in abbreviate, offers a novel 

paradigm for measuring and analyzing accessibility. MDLD typically records the 

unique device identifier, the geographic coordinates, and the timestamp for each of the 

location records, from various sources including Global Positioning Service (GPS) 

devices, cellular networks, Bluetooth, and Wi-Fi, etc. In accessibility studies, 

specifically, there are two inherent strengths make MDLD have great potential:  first, 

observed location trajectories extracted from MDLD reveal where travelers choose to 

go and how they get there every single day.  Therefore, land-use proxy, revealed-

preference survey, or destination choice model are less relied on or not even needed. 

Second, the high spatial and temporal resolution, much larger sample size, and 

continuous observations day after day in MDLD to a large extent remove previous data 

constraints. With traditional accessibility measures such as the number of jobs 

reachable within a certain travel time budget (e.g., 20 minutes), a low-income 

neighborhood next to downtown could be considered a place with high accessibility to 

jobs, even if no one from the community really works downtown. Based on observed 
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destinations in MDLD, accessibility can be measured with greater accuracy, especially 

for underserved communities.    

1.2 Research Objective 

The objective of this study is to develop a zone-level job accessibility measure based 

on the MDLD data as the proportion of workers observed working in zones within a 

certain time threshold. The home and work locations of workers should be identified 

based on MDLD, revealing actual individual choices and preferences, while the 

proposed measure still stays easy to interpret. In addition, the results from the 

traditional and proposed measures should be compared, and the confounding socio-

demographic effects on job accessibility should be analyzed.  

1.3 Research Approach  

In order to fulfill the research objective, the research approach of this study is identified 

as the following four steps: (1) evaluate the state-of-the-practice accessibility measures 

as well as the state-of-the-art methods based on MDLD data, and identify the key 

research gap from the literature review; (2) employ a suitable algorithm to identify 

home and work locations from the MDLD data, as the data input for the new measure; 

(3) propose an MDLD-based accessibility measure and both geographically and 

statistically evaluate the differences between job accessibility measured by the 

traditional and the proposed methods; and (4) analyze the impact of zone-level socio-

demographics on job accessibility measured by the traditional and the proposed 

methods respectively with the Generalized Additive Model (GAM) and T-tests, then 

conduct a feature-by-feature comparison. 
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1.4 Outline 

The rest of the thesis is organized as follows. In Chapter 2, the literature review on the 

state-of-the-practice accessibility measures, as well as the state-of-the-art methods of 

home and work location imputation and accessibility studies based on MDLD data is 

conducted. In Chapter 3, the MDLD used in this study, which is obtained from multiple 

leading providers, is described. In addition, the skim matrices produced by a statewide 

activity-based model, as well as other supplement datasets including LEHD Origin 

Destination Employment Statistics (LODES) data and American Travel Survey (ACS) 

data are also introduced. In Chapter 4, the methodology of the home and work location 

imputation, as well as the definition of the MDLD-based job accessibility measure are 

demonstrated. The traditional measure selected as a comparison is introduced. The 

feature engineering process, model selection, and application for the socio-

demographic impact study are also included. In Chapter 5, the job accessibility results 

of the case study from the MDLD-based measure, as well as the results from the 

traditional measure are presented, and the difference is statistically compared. The 

generalized additive models are employed on those two results respectively to evaluate 

the socio-demographic impact, and a feature-by-feature comparison is conducted. 

Besides, the socio-demographic characteristics of regions whose job accessibility has 

major disparities between the traditional measure and the MDLD-based measure are 

also evaluated from the results of T-tests. Chapter 6 offers conclusions about this study, 

contributions this study make, and suggestions for future research. 
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Chapter 2: Literature Review 

2.1 Accessibility 

2.1.1 Importance of Accessibility 

For all groups of individuals, the availability of opportunities such as employment, 

healthcare, food, and education, etc., which are essential for healthy living, should be 

studied and considered in the decision-making of public policies. Researchers have 

suggested that approaches such as benefit-cost analysis and multi-criteria analysis do 

not fully address equity concerns in the development and evaluation of public policies 

[17, 18]. Research also shows that the more vulnerable segments of the population 

suffer more from insufficient transportation services such as longer travel times, higher 

pollution exposure, and accident risks [19].  

Accessibility, the ease with which any land-use activity can be reached from an origin 

given a specific transportation system [20], can reveal valuable information about the 

availability of social and economic opportunities for people in a particular 

neighborhood or population segment [12]. The contribution of accessibility inequalities 

in producing social inequalities and social exclusion has been highlighted in the 

literature [2, 3, 17]. Therefore, improving accessibility and spatial equity of 

opportunities are considered in evaluating land-use or transportation policies and 

prioritizing relevant projects, for instance, analyzing the inadequacies of transportation 

service and providing evidence on disparities among neighborhoods [21]. As a result, 

many planning agencies around the world have focused on, or at least taken the 
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relationship between accessibility and equity into consideration in their planning 

processes [21, 22].  

2.1.2 Accessibility Measures 

Graphical techniques are utilized in the early stage of accessibility studies [23, 24]. In 

this approach, the distribution of the proportion of opportunities accessible by time is 

represented by a cumulative distribution curve. These curves theoretically can be 

created for different study areas, modes, or socio-demographic groups, but the 

comparison is difficult in practice. As a results, single-value measures of accessibility 

are mostly applied.  

Table 2-1. Summary of accessibility measures 

Measure 

category 

Infrastructure-

based 

Location-based Person-

based 

Utility-

based 

Example travel time; 

travel speed; 

level-of-

service 

number of 

opportunities 

within given 

time; 

gravity measures 

space-

time 

prism 

logsum 

Transportation 

component 

Y Y Y Y 

Land-use 

component 

N Y Y Y 

Time component P P Y P 

Person 

component 

N N Y Y 

Simplicity Y Y N P 

a. “Y” = Yes, “N” = No, “P” = Possible. 

Single-value measures of accessibility traditionally depend on four main components: 

(1) land use, representing the spatial distribution of opportunities; (2) transport, 
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representing the travel impedance to reach opportunities; (3) time, representing 

people’s schedule as well as time constraints related to the availability of opportunities; 

and (4) person, representing people’s needs and abilities to participate in activities [12, 

25]. Focus on different components of accessibility has led to various indicators and 

methodologies for measuring accessibility, which can be divided into four categories 

[12], summarized in Table 2-1.  

The first is the infrastructure-based measures, such as “average travel speed” or “level 

of congestion”, which mainly measure mobility, describing the network performance 

or level of service [26, 27]; the second is the location-based measures, such as “number 

of opportunities accessible within 20 minutes”, which quantify the accessibility of 

locations at macro scale, describing the accessibility to the spatially distributed 

opportunities [28-31]; the third is the person-based measures, such as “number of 

activities an individual is able to participate in a certain time”, describing individual-

level accessibility based on individual’s spatial and temporal constraints [32-34]; and 

the fourth is the utility-based measures, such as logsum, measuring the economic 

benefit of accessing spatially distributed opportunities [9, 35, 36]. Infrastructure-based 

measures have the advantage of simplicity and interpretability, but such measures only 

cover the transport component of accessibility and are unsuitable for social analysis or 

economic assessment of land-use change. Location-based measures, such as 

“cumulative opportunity numbers” or gravity-based measures, cover both transport and 

land use components, but they are insensitive to the person component of accessibility 

[37, 38]. In addition, there are issues related to spatial aggregation, definition of 

attractiveness measure, and the construction of the friction coefficient [39]. Person-
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based and utility-based measures theoretically better capture all accessibility 

components, but they become complex and require more individual-level observations. 

Another dimension of the classification of accessibility is active and passive 

accessibility. Active accessibility refers to the easiness of the people in a certain zone 

to do their tasks, while passive accessibility refers to the easiness of the places to be 

reached by the users in a certain location [40]. This study is focused on active 

accessibility. 

 2.1.3 Job Accessibility 

Job accessibility is a critical subject to study among all those different types of 

accessibility in the field of urban planning, and equity of job accessibility is always the 

research focus.  

Levinson (1998) [41] established an ordinary least squares regression model to analyze 

the socio-demographic effect on the commuting duration, based on a regional travel 

survey. Although the data is limited at that time and the model is relatively simple, the 

findings are valid, that people who live in job-rich places and people who work in 

housing-rich areas have shorter commuting times. Hernandez (2017) [42] evaluates the 

accessibilities with the cumulative opportunity measure and analyzes the job 

accessibility of three income groups: low, mid, and high. The limitation of this work is 

that it only focuses on public transport accessibility, while the usage of public transport 

may be different across the different income groups. Deboosere et al. (2018) [13] also 

evaluated job accessibility by public transport with the cumulative opportunity 

measure. The time threshold is calculated as the average commute time, and along with 
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calculating accessibility to all kinds of jobs, accessibility to low-income jobs is also 

discerned. Owen et al. (2015) [43] consider job accessibility from a temporal aspect, 

evaluating transit systems by “continuous accessibility”, which is calculated every 

minute continuously in a period of time. Hu [44] estimates job accessibility for the poor 

in Los Angles, and the results show poor job seekers do not face spatial mismatch which 

means the poor who live in the city still have higher job accessibility than poor who 

live in the suburban. The limitation of this study is that the accessibility is fully based 

on automobile drivers, while due to insufficient data, access by public transit, which 

could be the main access for the poor is not calculated.  

2.2 Mobile Device Location Data 

2.2.1 Summary of Mobile Device Location Data 

Table 2-2. Mobile Device Location Data for Mainstream Use 

MDLD Example Spatial 

Coverage 

Temporal 

coverage 

Frequency 

of 

collection 

Accuracy 

GPS 

data 

GPS-based 

travel survey; 

GPS Data 

without User 

Recall 

Low Low High High 

Cellular 

Data 

Call Detail 

Record 

(CDR); 

sightings 

High High Low Low 

LBS 

data 

Smartphone 

activities 

High High Low High 

The mobile device location data for mainstream use in transportation research can be 

categorized into three types: Global Positioning System (GPS) data, Cellular Data, and 
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Location-based Service (LBS) data. Table 2-2 summarizes the comparison between 

their spatial coverage, temporal coverage, and sample rate. 

GPS data has been helping on enhancing travel surveys since the late 1990s [45, 46]. 

The earliest way of collecting GPS data was by in-vehicle GPS loggers, which record 

the location data usually at one-second interval when the vehicle is moving and stops 

recording when the vehicle stops [47]. This method is efficient and convenient for 

users, but it can only record the in-vehicle part of a trip without any information about 

the off-vehicle part. To obtain non-vehicle travel activities such as walking or biking, 

some later travel surveys introduced wearable GPS loggers [48, 49]. In recent years, 

advanced GPS-based surveys collected GPS data from smartphone applications 

running background, which is more portable than wearable GPS loggers [50]. Besides 

those GPS-based travel surveys with user recall as ground truth information, there is 

also GPS data without user recall which is widely used for estimating the real-time 

traffic speed and travel time [51, 52]. 

The cellular data mainly includes Call Detail Record (CDR) and sightings. The CDR 

data is more frequently used, which records the location of the cellphone tower when 

users have a call [53-55]. The sightings data is less used, but it has higher spatial 

resolution than CDR because the location of the cell phone user is imputed by 

triangulation of multiple towers [53]. The cellular data is also widely used for 

understanding individual human mobility patterns [54-56]. 

Location-based Service (LBS) data gets more attention as smartphones become 

popular. LBS data records location data by smartphone applications from multiple 
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sources, such as Bluetooth and Wi-Fi, as well as GPS and cellular networks, based on 

the best accuracy currently available [53]. It provides users’ exact location with high 

accuracy and low location recording interval (LRI). Thus LBS data is the most popular 

location data in the current stage for both research on human mobility, and commercial 

data markets [60-62]. 

The most significant advantage of the GPS-enhanced travel survey data is the 

frequency of collection, as it keeps collecting data with a low recording interval that 

neither cellular data nor LBS data are comparable because they can only collect 

location information when users are using the related services.  On the other hand, the 

shortage of GPS-enhanced travel survey data comes from its low spatial and temporal 

coverage, as those surveys are usually just conducted in a small region covering a small 

number of respondents. On the contrary, cellular data and LBS data have much higher 

spatial and temporal coverage since a much higher percentage of users will call, text or 

use location-based services on their phones almost every day. In summary, multiple 

sources of MDLD can provide observed information about the chosen destinations and 

offer a new perspective in human mobility study. 

2.2.2 Home and Work Location Identification based on MDLD 

Although MDLD contains more frequent and accurate location records than traditional 

travel surveys, in most cases it does not have the ground truth information as reported 

in the surveys, such as travel mode, trip purpose, and users’ home and work locations, 

etc., which are crucial components for many fields of transportation study such as travel 

demand modeling, traffic assignment, and accessibility study as well. To study the job 
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accessibility, home and work location is the basis of further analysis [63]. Firstly, the 

geographic coordinates (latitudes and longitudes) are usually grouped as people’s 

potential activity centers by rule-based methods [64, 65] or clustering methods [66, 67]. 

Then the classification of the types of those identified activity centers is always based 

on context-based methods and behavior-based methods [70]. As its name suggests, the 

context-based methods recognize the types of activity centers based on their 

surrounding contexts, such as land-use characteristics and types of point-of-interest 

(POI) nearby [72, 73]. 

The behavior-based methods are the most widely used for identifying the categories of 

activity centers, such as home and work locations. As the name suggests, it focuses on 

behaviors of activity centers, such as time of arrival, dwelling time, and frequency of 

the observations, etc. [74]. Specifically, for the identification of home and work 

locations, they are always considered as the where people spend most significant times 

[68, 69] with the most frequent visits [70, 71] as well during nighttime and daytime, 

respectively. Pan (2021) [15] proposed a framework that for identifying the home 

locations, both the overall hours and nighttime hours spent are considered, and for 

identifying the work locations, a temporal similarity ratio is specifically introduced to 

prevent identifying places which are close to home locations with frequent visits by 

people as the work locations. In summary, the behavior-based methods are most 

applicable for identifying the home and work locations based on MDLD, which rarely 

contains any personal information. 



 

 

13 

 

2.2.3 Accessibility Study based on MDLD 

Accessibility studies based on different types of MDLD emerged in the past few years. 

García-Albertos et al. (2019) [10] utilizes CDR data to calculate the attraction mass of 

each zone and evaluated the accessibility hourly to consider the temporal changes. 

Results show that the accessibility is subject to change in peak hours and off-peak 

hours. Moya-Gómez et al. (2018) [75] uses TomTom, which contains historical speed 

for the road network based on users’ average travel time, to calculate the travel 

impedance, and geotagged Tweets to calculate the attractiveness of destinations. This 

study focuses on dynamic accessibility as well. Zhang et al. (2021) [76] utilizes 

passively collected location data to measure the zonal accessibility by average travel 

time to opportunities and evaluated the relationships with the median household 

income. Although the model is relatively simple, it is shown that the mid-income group 

has the longest travel time to work, and the low-income group shows the longest travel 

time to food and healthcare. 

2.4 Research Gap 

As the literature shows, the most widely used state-of-the-practice measure of job 

accessibility is the cumulative opportunity measure, which suffers from the lack of 

accurate and detailed individual-level data, in particular the high-quality MDLD data. 

Moreover, the current research on the socio-demographic effects on job accessibility is 

mostly limited to dividing the population into several demographic groups and 

visualizing their average value of accessibility, while there is no literature evaluating 

the confounding socio-demographic effects on job accessibility via relatively 
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comprehensive models. This study aims to fill this gap by proposing a job accessibility 

measure based on home and work locations identified from high-quality Mobile Device 

Location Data and applying it along with the traditional cumulative accessibility 

measure on a regional dataset to compare their performances. In addition, generalized 

addictive models are built on those two results respectively to evaluate the confounding 

socio-demographic impact, and a comprehensive feature-by-feature comparison is 

conducted. 
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Chapter 3: Data 

3.1 Mobile Device Location Data 

The mobile device location data used in this study is obtained from multiple leading 

data providers in the United States covering the whole year of 2020. Each raw location 

sighting from MDLD records an anonymized unique device identifier (ID), the 

geographic coordinates (latitude and longitude), the timestamp, and accuracy 

(estimated positioning error, in meters), etc. To better describe the high quality of the 

MDLD, a set of metrics are employed in terms of sample consistency and population 

coverage (i.e., monthly active users and regularly active users), temporal consistency, 

and coverage (i.e., data frequency and active local hours), and location accuracy. The 

definition and statistics of those quality metrics from the one-month raw sighting data 

panel in 2020 are listed in Table 3-1.  

Table 3-1. Definition and Statistics of Quality Metrics of MDLD 

Quality Metrics Definition Statistics 

Monthly  active 

users (MAU) 

The number of devices with at 

least one sighting in a month. 

270,601,232 devices 

Regularly active 

users (RAU) 

The number of devices with at 

least seven days of at least ten 

daily sightings in a month 

68,016,290 devices 

Data frequency The average daily number of 

sightings for RAUs 

234.4 sightings/day 

Active local hours The average daily number of 

local hours observed for RAUs 

6.4 hours/day 

Location accuracy The average positioning 

accuracy of RAU devices 

15 meters 
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The 270,601,232 monthly active users, which means a national sampling rate of more 

than 80% on a monthly basis, together with the 68,016,290 regularly active users, 

which means a sampling rate of more than 20% regarding temporally consistent 

devices, indicate the great sample consistency and massive population coverage. The 

average of 234.4 sightings and 6.4 local hours observed per day for the RAUs show 

high temporal consistency and coverage, which is crucial for the imputation of home 

and work locations. And the average positioning accuracy of 15 meters ensures the 

strong reliability of location sightings for RAUs. 

3.2 Skim matrix from Maryland Statewide Transportation Model   

A skim matrix produced by the Maryland Statewide Transportation Model version 2 

(MSTM2) [14], is utilized to measure the zone-to-zone travel time as the impedance. 

MSTM2 is a statewide activity-based model (ABM) developed for the Maryland State 

Highway Administration (SHA) for the needs of statewide long-range planning, 

intercity travel, and planning for rural areas [14], while it covers not only Maryland, 

but also Washington D. C., Delaware, and parts of Pennsylvania, Virginia, and West 

Virginia. The off-peak highway skim is selected to best estimate the maximum 

reachable area within a certain time threshold. 

3.3 LEHD Origin Destination Employment Statistics   

The Longitudinal Employer Household Dynamics (LEHD) Origin Destination 

Employment Statistics (LODES) [58], produced by the LEHD program at the U.S. 

Census Bureau, provides information on workers’ residential locations and 
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employment locations for jobs covered by State unemployment insurance reporting and 

federal worker earnings records [59]. 

This study utilizes two sets of LODES data: (1) Workplace Area Characteristic (WAC) 

data, where jobs are totaled by their employment Census Blocks, for the calculation of 

the cumulative job opportunities as the traditional job accessibility. Since the locations 

which can be reached from the Baltimore region within a given time threshold include 

not only locations from the State of Maryland, but also from the surrounding states, the 

WAC data of the District of Columbia, Delaware, New Jersey, Pennsylvania, Virginia, 

and West Virginia are also collected and combined with the WAC data of Maryland, 

to ensure the accuracy and completeness of the calculation. (2) Residence Area 

Characteristic (RAC) data, where workers are totaled by their home Census Blocks, for 

the calculating of the sampling rate for workers, and feature construction of the 

generalized additive models to evaluate the socio-demographic impact on those two 

job accessibility measures. The RAC data provides information on the number of 

workers categorized by age groups, earning groups, industry types, race, ethnicity, 

educational attainment, and genders, which all contribute to the features of the socio-

demographic impact. The RAC data is collected for the Baltimore region, the subject 

area for the case study, containing 1,945 Block Groups in total. 

3.4 American Community Survey 

As another essential data source for the sampling rate calculation and feature 

construction of the generalized additive models, the 2019 American Community 

Survey (ACS) 5-year estimates [77] conducted by the United States Census Bureau is 
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utilized as well. The population, proportion of urban areas, and proportion of housing 

units occupied by renters, are included at the census block group level in the collected 

ACS data. The ACS data is also collected for the 1,945 Block Groups of the Baltimore 

region. 
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Chapter 4: Methodology 

4.1 Methodological Framework 

Figure 4-1 presents the methodological framework of this study. There are three major 

components: home and work location identification, job accessibility calculation, and 

socio-demographic impact analysis. In the home and location identification, the pre-

processed Mobile Device Location Data works as the input of the location 

identification algorithm, and the outputted results are validated against LODES and 

ACS data introduced in chapter 3. In the job accessibility calculation, the MDLD-based 

measure and traditional measure are performed separately to obtain two sets of job 

accessibility results. Finally, in the sociodemographic analysis, generalized additive 

models are constructed to study the confounding effects of various features on both the 

MDLD-based and traditional job accessibility. 

 

Figure 4-1. Methodological Framework 
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4.2 Job Accessibility Measure 

4.2.1 Traditional Job Accessibility Measure 

The traditional job accessibility measure employed in this study, which works as a 

baseline for comparison, is defined as the cumulative number of jobs within a certain 

time threshold, which is calculated as: 

𝐴𝑖
𝑇𝑟𝑎𝑑 = ∑ 𝐽𝑗𝑓(𝑡𝑖𝑗)

𝑗

, 𝑓(𝑡𝑖𝑗) = {
1 𝑖𝑓 𝑡𝑖𝑗 ≤  𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

0 𝑖𝑓 𝑡𝑖𝑗 >  𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
 

where 𝐴𝑖
𝑇𝑟𝑎𝑑 denotes the traditional job accessibility of zone 𝑖, 𝐽𝑗 denotes the number 

of jobs in zone 𝑗, which is collected from the latest 2019 LODES data where jobs are 

totaled by their employment locations. 𝑡𝑖𝑗 denotes travel time from zone 𝑖 to zone 𝑗, 

which is obtained from the highway skim matrix estimated by MSTM2, a statewide 

activity-based model. 𝑓(·) is the binary impedance function, yielding 1 if 𝐽𝑗  can be 

reached within some travel time threshold 𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑, and 0 otherwise. The scale of 

𝐴𝑖
𝑇𝑟𝑎𝑑  is a positive integer, and the larger 𝐴𝑖

𝑇𝑟𝑎𝑑  indicates the better traditional job 

accessibility of zone 𝑖.  

As suggested in literature review, this cumulative opportunity measure is most widely 

used in the traditional measure of job accessibility, which takes into account all the job 

opportunities within the reachable zones while does not consider whether workers 

actually work in those zones, as a result of lacking the person-level information. 
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4.2.2 MDLD-Based Job Accessibility Measure  

The MDLD-based job accessibility measure proposed in this study is defined as the 

proportion of workers identified working in zones within a certain time threshold, 

which is calculated as: 

𝐴𝑖
𝑀𝐷𝐿𝐷 =

∑ 𝑊𝑖𝑗𝑓(𝑡𝑖𝑗)𝑗

𝑊𝑖
, 𝑓(𝑡𝑖𝑗) = {

1 𝑖𝑓 𝑡𝑖𝑗 ≤  𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

0 𝑖𝑓 𝑡𝑖𝑗 >  𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
  

where 𝐴𝑖
𝑀𝐷𝐿𝐷  denotes the MDLD-based job accessibility of zone 𝑖 , 𝑊𝑖  denotes the 

number of workers identified living in zone 𝑖 , 𝑊𝑖𝑗  denotes the number of workers 

identified living in zone 𝑖  and working in zone 𝑗 . The workers’ home and work 

locations are identified solely from the MDLD by a behavior-based method, which is 

introduced in next section. 𝑡𝑖𝑗 denotes travel time from zone 𝑖 to zone 𝑗, and 𝑓(·) is the 

binary impedance function, yielding 1 if 𝐽𝑗  can be reached within some travel time 

threshold 𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑, and 0 otherwise. The 𝑡𝑖𝑗 is also obtained from the skim matrix by 

MSTM2. Therefore, when 𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 is set the same, the range of zones considered in 

the MDLD-based measure are exactly the same as in the traditional measure, which 

makes the results more comparable. The scale of 𝐴𝑖
𝑀𝐷𝐿𝐷  is theoretically any value 

between 0 and 1, which means nobody actually works in considered zones when 

𝐴𝑖
𝑀𝐷𝐿𝐷 =0, and all workers work in considered zones when 𝐴𝑖

𝑀𝐷𝐿𝐷 =1. The larger 

𝐴𝑖
𝑀𝐷𝐿𝐷indicates the better MDLD-based job accessibility of zone 𝑖.  

The MDLD-based measure aggregates observed person-level information into zone-

level accessibility. Instead of considering all the job opportunities within the reachable 
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zones available to people living in each region, as what the traditional measure does, 

the MDLD-based measure examines how many workers are actually working in those 

zones, or in other words, how many jobs in the reachable zones are actually accessed 

by workers living in each regions. Thus, it is argued that the MDLD-based measure is 

able to better capture people’s individual preferences, and reflect more realistic job 

accessibility. 

4.3 Home and Work Location Identification 

4.3.1 Data Preprocessing 

For the purpose of data quality control, before implementing the actual location 

identification algorithm, data preprocessing is applied to the raw sightings data to 

address two dimensions of data quality assessment: consistency and accuracy [78], 

which includes the following steps: (1) deleting invalid data with unreasonable 

attributes, for instance, missing or negative values for geographic coordinates; (2) 

deleting duplicated data with the same timestamp and only keep the sighting with the 

smallest positioning error; (3) deleting low-accuracy data with the positioning error 

greater than 150 meters [15] considering the accuracy requirements of home and work 

location identification; and (4) ordering the data by timestamps to make sure the 

sighting records for each device are in the time sequence.  

In addition to the quality control, all the location sightings are encoded into geohash 

zones, which is a public domain geocode system, to improve the computational 

efficiency of the tremendous amount of MDLD. Instead of geographical coordinates, a 

geohash aggregates locations into rectangular cells with 12 levels of precision. 
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Specifically, the level-6 geohashes with a cell size of 1.22 km × 0.61 km, and the level-

7 geohashes with a cell size of 153 m × 153m (i.e. each level-7 geohash identifies one 

of 32 sub-cells of a level-6 geohash), are utilized in this study for the home and work 

location identification. 

4.3.2 Home Location Identification 

Based on the preprocessed MDLD, this study employs a behavior-based method with 

a set of heuristic rules to identify the home and work locations of individuals included 

in the data sample. As suggested in the literature [14], most of the time, especially at 

nighttime, people stay at their home, and for some regular hours during daytime, people 

stay at their workplace. Based on 2017, 2018, and 2019 American Time Use Survey 

(ATUS), the nighttime window is defined as 9:00 p.m.–5:59 a.m., when more than 80% 

of workers stay at home for some time. 

For home location identification, first, for each individual, the level-6 geohash zones 

are kept as his/her home location candidates only if: (1) they are observed half of the 

total observed days or more in a month (at least three days), and (2) they are observed 

average of two hours or more in those observed days. This filter is for excluding 

individuals with rare observations. Second, the home location candidate with the most 

observed number of nights is identified as the level-6 geohash zone of the home 

location. If a tie exists in the most observed number of nights, the tied candidate with 

the most observed number of hours during the nighttime is identified, and if a tie still 

exists, the tied candidate with the most number of sightings during the nighttime is 

identified. Then for better spatial resolution, inside the level-6 geohash zone of the 
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home location, the same identification procedure is repeated to find the level-7 geohash 

zone of the home location with the most observed number of nights, the most observed 

number of hours, and the most observed number of sightings during the nighttime. 

The parameter, 2 as the minimum average hours in observed workdays, is set based on 

the Pearson correlation between the identified number of residents in MDLD and the 

reported population over 16 in ACS at the county level, which is higher than 0.95. 

4.3.3 Work Location Identification 

Similar to the home location identification, for each individual, the work location starts 

with a filter that only keeps the level-6 geohash zones as his/her work location 

candidates if: (1) they are not the same as his/her home location (2) they are observed 

half of the total observed workdays or more in a month (at least three workdays), and 

(3) they are observed average of two hours or more in those observed workdays.  

There is a fact that those individuals living close to the boundaries of level-6 geohash 

zones could be observed spending a significant amount of time in the neighboring level-

6 geohash zones of their home location. Thus, in order to avoid identifying such 

neighboring geohash zones as their work locations, while still being able to identify the 

actual work locations that are close to home, a temporal similarity is utilized to further 

identify the work location candidates, defined as: 

𝑆𝑖 =
𝐻𝑖

ℎ

𝐻𝑖
 

where 𝑆𝑖 denotes the temporal similarity of work location candidate 𝑖, 𝐻𝑖
ℎ denotes the 

number of unique hours with observations in both level-6 geohash zone of the home 
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location and work location candidate 𝑖 during the month, and 𝐻𝑖 denotes the number of 

unique hours with observations in work location candidate 𝑖 during the month.  

Since the actual work location is supposed to have a relatively small temporal similarity 

with the home location, the work location candidates are further filtered by keeping 

zones with the 𝑆𝑖 ≤ 0.6. Then, the work location candidate with the most observed 

number of workdays is identified as the temporary level-6 geohash zone of the work 

location. If a tie exists in the most observed number of workdays, the tied candidate 

with the most observed number of hours during the workdays is identified, and if a tie 

still exists, the tied candidate with the most number of sightings during the workdays 

is identified. Finally, for better spatial resolution, inside the level-6 geohash zone of the 

work location, the same identification procedure is repeated to find the level-7 geohash 

zone of the work location with the most observed number of workdays, the most 

observed number of hours, and the most observed number of sightings during the 

workdays. 

Those parameters, including 2 as the minimum average hours in observed workdays, 

and 0.6 as the temporal similarity threshold, are set based on the Pearson correlation 

between the identified number of workers in MDLD and the reported number of 

workers in LODES at the county level, which is higher than 0.95. 
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4.4 Model Analysis of Socio-demographic Impact  

4.4.1 Generalized Additive Model 

The Generalized Additive Model (GAM), developed by Hastie and Tibshirani in 1990 

[80], is a popular statistic model used for modeling and analyzing the relationship 

between the dependent variable and the independent variables. The advantages of 

GAM over the standard linear regression model estimated from ordinary least squares 

(OLS) include: (1) the responsible variable Y may follow various distributions other 

than Gaussian distribution, such as Poisson distribution or Binomial distribution; (2) it 

is not limited to fitting the linear relationships, while flexible for handling the nonlinear 

relationships by spline functions [81]. The structure of GAM can be formulated as: 

𝑔(𝑌𝑖) = 𝛽0 +  ∑ 𝛽𝑚 ∗ 𝑋𝑚𝑖

𝑀

𝑚=1

+ ∑ 𝑓𝑛(𝑋𝑛𝑖)

𝑁

𝑛=1

+ 𝜀𝑖 

where 𝑌𝑖 denotes the dependent variable in block group 𝑖, as the analysis is at block 

group-level in this study, 𝑔(. )  denotes the link function, 𝛽0  denotes the overall 

intercept of the model, 𝛽𝑚 denotes the 𝑚𝑡ℎ coefficient of 𝑋𝑚𝑖, which denotes the 𝑚𝑡ℎ 

independent variable with fixed effects in block group 𝑖, 𝑀 equals to the total number 

of variables with fixed effects, 𝑓𝑛(. ) denotes the non-parametric smooth function for 

𝑋𝑛𝑖, the 𝑛𝑡ℎ independent variable with nonlinear effects in block group 𝑖, 𝑁 equals to 

the total number of variables with nonlinear effects, and finally, 𝜀𝑖 denotes the error 

term. 
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Based on the testing of various combinations of the distribution of dependent variables, 

and the smoothing functions of handling the nonlinear effects, the optimal model inputs 

are selected with the smallest Akaike Information Criterion (AIC). As a result, the 

distribution of dependent variables in this study are assumed to follow the Gaussian 

distribution, thus the link function 𝑔(. ) is the identity links; the independent variable 

with nonlinear effects is the random effects across different counties, thus the smooth 

function 𝑓𝑛(. ) is smoothers with parametric terms penalized by a ridge penalty [82]. 

The GAMs are performed with the open-source package “mgcv” in R developed by 

Simon Wood [83]. The smoothness selection method used here is Restricted Maximum 

Likelihood Estimation (REML), which is supposed to have fewer under-smoothing and 

overfitting issues [84]. 

4.4.2 Variables 

Table 4-1 lists the variables used in this study. The dependent variables are the job 

accessibility calculated from these two measures, i.e., the MDLD-based measure 

𝐴𝑀𝐷𝐿𝐷, and the traditional measure 𝐴𝑇𝑟𝑎𝑑. The following three aspects are considered 

to have confounding effects on job accessibility: (1) the basic features of each block 

group, such as the population density, the job occupation density, and if it is in urban 

areas, etc.; (2) workers’ socio-demographic characteristics, such as workers’ race, age, 

gender, education level, and earnings, etc., which may indicate social inequality issues 

if the disparities exist; (3) workers’ industries, which are highly possible to contribute 

to the differences in job accessibilities, as for jobs in different industries, either the 

geographical distribution or the normal working behaviors differ from each other. 



 

 

28 

 

Therefore, various independent variables related to these three aspects are included in 

this study, and summarized in Table 4-1. Several variables are excluded from the 

models by the multicollinearity check, as their variance inflation factor (VIF) values 

are greater than 10.0. 

Table 4-1. Dependent and Independent Variables Used in the GAM Model 

Variables Description 

Dependent Variables 

𝐴𝑀𝐷𝐿𝐷  The MDLD-based job accessibility (the proportion of 

workers identified working in zones within a certain 

time threshold) 

𝐴𝑇𝑟𝑎𝑑  Traditional job accessibility (the cumulative number 

of jobs within a certain time threshold) 

Independent Variables 

Block Group-Related  

Population density Population density (103 people/mile2) 

Worker density Worker density by residence (103 workers/mile2) 

Job density Job density (103 jobs/mile2) 

Urban The proportion of urban areas 

Rent The proportion of renter occupied housing units 

Workers’ Socio-Demographic 

White The proportion of White workers 

African American The proportion of African American workers 

Asian The proportion of Asian workers 

Hispanic The proportion of Hispanic workers 

Bachelor Degree The proportion of workers with educational attainment: 

Bachelor's degree or advanced degree 

Male The proportion of male workers 

Earning_0_15k The proportion of workers with earnings $15000/year 

or less 

Earning_15k_40k The proportion of workers with earnings $15001/year 

to $40000/year 

Earning_40k_more The proportion of workers with earnings greater than 

$40000/year 
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Age_younger_29 The proportion of workers age 29 or younger 

Age_30_54 The proportion of workers age 30 to 54 

Age_55_older The proportion of workers age 55 or older 

Workers’ Industry  

Natural Resources and 

Mining 

The proportion of workers in agriculture, forestry, 

fishing, hunting, mining, quarrying, and oil and gas 

extraction sectors 

Utilities The proportion of workers in utilities sector 

Construction The proportion of workers in construction sector 

Manufacturing The proportion of workers in manufacturing sector 

Trade The proportion of workers in wholesale trade and retail 

trade sectors 

Transportation and 

Warehousing 

The proportion of workers in transportation and 

warehousing sector 

Information The proportion of workers in information sector 

Financial The proportion of workers in finance, insurance, real 

estate, and rental and leasing sectors 

Professional and 

Business Activities 

The proportion of workers in professional, scientific, 

technical services, management of companies and 

enterprises, administrative and support, and waste 

management and remediation services sectors 

Educational Services The proportion of workers in educational services 

sector 

Health Care and 

Social Assistance 

The proportion of workers in health care and social 

assistance sector 

Arts, Entertainment, 

and Recreation 

The proportion of workers in arts, entertainment, and 

recreation sector 

Accommodation and 

Food Services 

The proportion of workers in accommodation and food 

services sector 

Other Services The proportion of workers in other services (except 

public administration) sector 

Public Administration The proportion of workers in public administration 

sector 

a. Italic texts: variables are dropped due to multicollinearity. 
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Chapter 5:  Results 

This chapter presents the results of employing the proposed methodological framework 

by a case study in the Baltimore region, which is the 20th most populated Metropolitan 

Statistical Area in the United States with over 2.8 million residents [16]. First, the home 

and work locations are identified based on February 2020 Mobile Device Location 

Data, considering the outbreak of COVID-19 in March 2020 in the U.S. leads to a 

dramatic change in human behaviors, especially in people’s commuting patterns. The 

sampling rate for entire residents and workers are calculated to evaluate the spatial 

consistency of location identification results, and block groups with a higher than 1% 

sampling rate for both residents and workers are included to reduce the low-sampling 

biases. Second, the job accessibility calculated from traditional and MDLD-based 

measures are presented and preliminarily compared in terms of their geographical 

distribution and basic statistics. Third, the results of GAMs are presented to compare 

the socio-demographic impact on the general performance of these two job accessibility 

measures, and specifically, student T-tests are performed to study the socio-

demographic characteristics of regions whose job accessibility has major disparities 

between the two measures. 

5.1 Results of Home and Work Location Identification 

5.1.1 County-Level Location Identification Results 

As the geographic scope of the case study, the Baltimore region includes the 

jurisdictions of seven counties: Anne Arundel County, Baltimore County, Carroll 
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County, Harford County, Howard County, Queen Anne’s County, and Baltimore City 

[85]. The home and work identification results are aggregated to the county level, and 

the sampling rate for residents (number of individuals identified with home locations 

in each county/ total population reported by 2019 ACS), and for workers (number of 

workers identified with home locations in each county/number of workers reported by 

2019 LODES), are shown in Figure 5-1.  

 

Figure 5-1. County-level sampling rate for residents and workers 

As shown, the sampling rates for both residents and workers are all above 15% in seven 

counties, which represents the high spatial representativeness and consistency at the 

county level. It can be observed that the sampling rate of residents is always slightly 

higher than the sampling rate of workers. The reasons might be (1) the total population 

used to calculate the sampling rate is different, that for residents it is reported by ACS, 

while for workers it is reported by LODES; (2) the number of workers reported by 

LODES includes workers who do not have a fixed work location and who work at 

home, while they are not considered in this study of job accessibility.   



 

 

32 

 

5.1.2 Block Group-Level Location Identification Results 

Since both the job accessibility measure and the socio-demographic impact analysis are 

performed at the census block group-level, similar to the county-level sampling rate, 

the block group-level sampling rates are also calculated to evaluate the performance of 

location identification at a finer geographic resolution. The Baltimore region includes 

1,945 block groups in total, and 100% of them have workers identified living in there 

in the MDLD sample, which indicates a wide spatial coverage of MDLD. 

Table 5-1 shows the summary statistics of block group-level sampling rates. The 

average sampling rate for all the residents is 19.36%, and for workers is 17.91%, which 

indicates high sampling rates for both residents and workers. It also shows a similar 

pattern to the county-level sampling rate, that the sampling rate of residents is slightly 

higher than the sampling rate of workers. The 25th percentile of the sampling rates for 

residents and workers are as high as 14.19% and 13.67% respectively, showing that 

most of the block groups are identified with a much higher sampling rate than the 

traditional survey. 

Table 5-1. Summary Statistics of Block Group-Level Sampling Rates 

Sampling Rate (%) Residents Workers 

Mean 19.36 17.91 

SD 8.93 8.08 

Min. 3.77 1.52 

25th percentile 14.19 13.67 

50th percentile 17.54 16.63 

75th percentile 22.07 20.23 

Max. 80.87 98.82 
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(a)                                                                 (b) 

Figure 5-2. Block Group-Level Distributions (a) Number of Residents from MDLD 

and ACS, and (b) Number of Workers  from MDLD and LODES 

The block group-level distributions of residents and workers identified from MDLD 

are compared with that of the 2019 ACS 5-year population estimates [58] and 2019 

LODES7 Residence Area Characteristic data [77] in Figure 5-2. It shows that the 

residents and worker identification results have similar spatial distributions with both 

ACS and LODES, which have strong Pearson correlation coefficients of 0.813 and 

0.836 respectively. 
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(a)                                                                 (b) 

Figure 5-3. Block Group-Level Sampling Rate in Baltimore Region for (a) Residents, 

and (b) Workers 

Finally, yet importantly, the spatial distribution of the sampling rate for residents and 

workers is visualized in Figure 5-3. It can be observed that overall, the block groups in 

the urban areas, such as Baltimore City, Columbia, and Annapolis, etc., show relatively 

higher sampling rates for both residents and workers, yet in most of the other areas, the 

sampling rate is still higher than 10%. The spatial distribution indicates the high 

geographical coverage and consistency of MDLD. 

In summary, the results of home and work location identification are able to verify the 

robustness of the identification algorithm, and more importantly, the results are 

sufficient to work as the data foundation for studying the proposed job accessibility 

measure. 
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5.2 Results of Job Accessibility 

5.2.1 Geographical Distribution of Traditional Job Accessibility 

Firstly, the traditional job accessibility, i.e. the cumulative number of jobs in zones 

within a certain time threshold, is calculated for all the block groups in the Baltimore 

region. Here, 𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 is set as 15 minutes, 20 minutes, and 30 minutes, respectively, 

for comparison. Figure 5-4 shows the geographical distribution of the traditional job 

accessibility results. For a better comparison between different measures with different 

time thresholds, the results are divided into five groups with every 20th percentile.  

The figures show that with the traditional job accessibility measure, the block groups 

with high job accessibility are concentrated close to downtown Baltimore City, while 

almost all of the areas further from downtown Baltimore have low job accessibility. 

The pattern is simple because the number of jobs in Baltimore City is dominant in this 

region.  

It can also observed that there is a “belt” towards the southwest of Baltimore City, 

which are block groups along the main highways I-95 and US-1, are showing a 

relatively higher job accessibility from the traditional measure. It is too hypothetical, 

since the higher accessibility simply comes from more zones reachable within a certain 

time threshold from those regions close to highways.  

Moreover, based on the horizontal comparison among the three figures, it can be found 

that with the increase of the time threshold, the high-job-accessibility regions (80th – 

100th percentile) move towards the southwest of Baltimore City. The reason is the 
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greater time threshold makes those regions take into account not only downtown 

Baltimore City but also more areas in Washington D.C., which is another concentration 

in terms of the number of jobs, as the reachable zones.  

Most importantly, no matter what the time threshold is set to, the traditional job 

accessibility results always show strong geographical homogeneity, that the zones next 

to each other always have very similar job accessibility, since the zones reachable 

within a certain travel impedance are always similar. Thus, those results are hardly able 

to reveal individual or zonal characteristics, which is the major drawback of the 

traditional measure. 

 

(a)         
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(b) 

  

(c) 

Figure 5-4. Traditional Job Accessibility for Block Groups in Baltimore Region with 

time threshold as (a) 15 minutes, (b) 20 minutes, and (c) 30 minutes 
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5.2.2 Geographical Distribution of MDLD-based Job Accessibility 

The MDLD-based job accessibility, i.e. the proportion of workers identified working 

in zones within a certain time threshold, is also calculated for the same region at block 

group-level. Similarly, 𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 is also set as 15 minutes, 20 minutes, and 30 minutes, 

respectively, for comparison. Figure 5-5 shows the results in five groups by every 20th 

percentile as well. As shown, there are several notable differences compared with the 

results from the traditional job accessibility measure.  

First, block groups close to some smaller well-developed towns with relatively rich job 

opportunities, such as Westminster and Annapolis, still show relatively high job 

accessibility, although they are not close to downtown Baltimore. The reason could be 

these well-developed towns are able to provide sufficient job opportunities for workers 

living there, thus most of the workers in these regions choose to work nearby. 

Second, the regions close to main highways are not showing higher job accessibility 

any more, which implies that there is little correlation between how many zones are 

reachable within a certain time threshold, and whether people will choose to work in 

those zones. 

Third, with the increase of the time threshold, block groups in the southwest of 

Baltimore City no longer turn into high-job-accessibility regions, while there is an 

obvious transformation in the traditional job accessibility results. The reason might be 

even though the greater time threshold will include more zones in Washington D.C., 

seldom people who live in the southwest of Baltimore City will actually choose to work 
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in D.C. Considering the second and the third differences, a further assumption will be 

that simply expanding the range of the reachable zones will not necessarily improve 

job accessibility as much as the traditional measure suggest, especially for those areas 

that are already close to somewhere with a large number of job opportunities, because 

people naturally tend to choose jobs that are closer, if not considering other complex 

factors affecting where to work.  

Finally, yet importantly, instead of maps with several clear equipotential lines, like 

what traditional accessibility results show, MDLD-based job accessibility results show 

geographical heterogeneity in many areas. Specifically, some zones next to the high-

job-accessibility regions still show relatively low job accessibility, indicating that 

social inequity might exist in those areas, which is crucial to the development and 

evaluation of public policies. 

To summarize, compared with traditional measure, the MDLD-based measure provides 

less hypothetical results which better reveal individual preferences of people living in 

each zone. The disparities in the results from those two measures is illuminating for 

people to understand job accessibility from a different perspective. To further 

investigate the confounding factors affecting the job accessibility calculated from those 

two measures, results of GAMs and T-tests are demonstrated in section 5.3. 
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(a)         

 

(b) 
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(c) 

Figure 5-5. MDLD-based Job Accessibility for Block Groups in Baltimore Region 

with time threshold as (a) 15 minutes, (b) 20 minutes, and (c) 30 minutes  

 

5.2.3 Statistical Comparison 

The job accessibility results are compared statistically as well. Table 5-2 shows the 

summary statistics of traditional and MDLD-based job accessibility for block groups 

in the Baltimore region with different time thresholds. As shown, the absolute values 

of both traditional and MDLD-based job accessibility get higher with the increase of 

the time threshold, which is intuitive. Another notable statistic is the coefficient of 

variance (CV), which decreases with the increase of the time threshold, showing a 

reduction in terms of statistical dispersion for both traditional and MDLD-based job 

accessibility. Nevertheless, the reasons behind might be different. For the traditional 



 

 

42 

 

measure, the overlap of the accessible areas between block groups becomes larger when 

the time threshold increases. Hence, the proportion of the same job opportunities in 

those overlapped areas gets higher when calculating the cumulative number of jobs, 

which makes the variance of the traditional job accessibility decrease. For the MDLD-

based measure, there is a fixed upper limit, i.e. when the geographical boundary is 

farther than the farthest identified work location of the workers living in each zone, the 

proportion of workers working in zones within the time threshold will be 1. Therefore, 

the MDLD-based job accessibility will keep approaching 1 as the time threshold 

increases, and the variance will decrease as well. 

Table 5-2. Summary Statistics of Traditional and MDLD-based Job Accessibility for 

Block Groups in Baltimore Region 

Measure Traditional MDLD-Based 

Concept Cumulative number of jobs 

(×103 jobs) 

Proportion of workers 

Time Threshold 

(Minute) 

15 20 30 15 20 30 

Mean 251.9   427.2   801.6 0.6188 0.7273   0.8554   

SD 161.4 238.3 338.2 0.1506 0.1391 0.1026 

CV 0.641 0.558 0.421 0.243 0.191 0.120 

Min. 1.757 2.394   11.85   0.0278 0.1600   0.3120   

25th percentile 88.06 192.0   642.1   0.5223 0.6405   0.8025   

50th percentile 251.7   503.1   877.2   0.6226 0.7394   0.8696   

75th percentile 417.0   620.2   1063 0.7207 0.8283   0.9314   

Max. 554.1 791.6 1330 1.0000 1.0000 1.0000 
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5.3 Socio-Demographic Impact Analysis  

5.3.1 GAM Outputs of Job Accessibility 

To reduce the disparities caused by the different choices of time thresholds, the Pearson 

correlation coefficient between the job accessibility results based on traditional 

measure and MDLD-based measure are calculated with time thresholds as 15, 20, and 

30 minutes, respectively. The results with the time threshold of 20 minutes have the 

highest correlation coefficient of 0.711, compared with 0.670 when the time threshold 

is 15 minutes and 0.669 when the time threshold is 30 minutes. Thus, the GAM model 

analysis will be based on the results with the time threshold of 20 minutes. 

Table 5-5 reports the estimation results of the GAMs. The Goodness-of-fit indexes 

(adjusted R squares) is 0.554 for the MDLD-based job accessibility, and 0.743 for the 

traditional job accessibility, indicating the data is well fitted by GAMs. The Goodness-

of-fit for the MDLD-based job accessibility is lower than that for the traditional job 

accessibility. The reason might be: the individual preferences for the job will be 

affected by more complex factors besides the socio-demographics inferable from the 

dataset, for instance, interpersonal relationships with co-workers, and prospects of 

his/her future development, which are not able to be captured by the covariates in this 

study. Thus, the MDLD-based job accessibility is more difficult to predict than the 

traditional job accessibility by the socio-demographic variables. 

For a clearer comparison, the estimation results listed here include the estimated 

parametric coefficient for the linear fixed effects, effective degrees of freedom for the 

nonlinear effects, and the significance codes for both linear and nonlinear effects. The 
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detailed results including the standard error and P-value of each variable are listed in 

Appendix A. If the P-value is less than 0.1, the variables are considered statistically 

significant and marked by the significance codes.  

Table 5-3. Estimation Results of the Generalized Additive Models for Job Accessibility 

(𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 20 𝑚𝑖𝑛) 

Dependent Variables 𝐴𝑀𝐷𝐿𝐷 𝐴𝑇𝑟𝑎𝑑 

Parametric coefficients: 

 Estimate  Estimate  

(Intercept) 3.49E-01 * -1.12E+05  

Independent Variables     

Block Group-Related     

Population density 9.69E-07  -6.34E-01  

Worker density 3.84E-07  8.47E-02  

Job density -2.53E-07  2.81E-01  

Urban 9.19E-02 *** 1.85E+05 *** 

Rent 4.70E-02 *** -2.32E+04  

Workers’ Socio-Demographic     

African American -1.33E-01 *** 7.59E+04 . 

Asian 5.36E-02  4.28E+05 *** 

Hispanic -5.41E-02  -3.53E+05 *** 

Bachelor Degree 3.90E-03  -2.29E+05  

Male 2.51E-01 ** 3.13E+05 ** 

Earning_0_15k 8.14E-02  -2.68E+05 . 

Earning_40k_more -4.53E-01 *** -3.75E+05 *** 

Age_younger_29 -1.78E-01 * -1.07E+05  

Age_55_older 2.39E-01 ** -2.61E+05 ** 

Workers’ Industry     

Natural Resources and Mining -2.31E+00 ** -6.38E+05  

Utilities 9.05E-01  1.65E+06  

Construction -4.94E-01 * 2.45E+04  

Manufacturing 2.55E-01  7.79E+05 * 

Trade 2.95E-01  8.95E+05 *** 
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Transportation and Warehousing 2.88E-01  1.12E+05  

Information 1.10E+00 ** 1.88E+06 *** 

Financial 2.60E-01  -5.67E+04  

Professional and Business 

Activities 

4.45E-01 ** 1.11E+06 *** 

Educational Services 6.53E-01 *** 1.05E+06 *** 

Health Care and Social Assistance 6.03E-01 *** 1.34E+05  

Arts, Entertainment, and 

Recreation 

-3.63E-01  7.61E+05  

Accommodation and Food 

Services 

4.89E-01 * -4.17E+04  

Other Services -2.70E-02  -8.10E+05 * 

Smooth Terms     

 e.d.f.  e.d.f.  

s(County) 5.865 *** 5.947 *** 

Model Fit     

R-sq.(adj) 0.554  0.743  

-REML -1698.9  23652  

a. Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’0.05 ‘.’ 0.1 ‘ ’ 1. 

b. s() refers to a spline function. 

Among the block group-related variables, the proportion of urban areas consistently 

shows a significant positive effect on both MDLD-based and traditional job 

accessibility, which means the people living in urban areas generally have more job 

opportunities nearby, and they are able to work closer to home as well. It agrees with 

what is shown in Figure 5-4 and Figure 5-5, that overall the block groups close to 

Baltimore City - most of which are urban areas - have higher job accessibility, while 

most of the rural areas show relatively lower job accessibility for both of the job 

accessibility results. The disparity occurs in terms of the proportion of renter-occupied 

housing units, which has a strong positive influence on the MDLD-based job 

accessibility, while not being significant on the traditional job accessibility. The 
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MDLD-based measure captures the fact that in this study area, renters are more likely 

to have shorter commute times, because the convenience of getting to the workplace is 

one of the most important factors when people choose where to rent, while it is not 

necessarily the case for where to buy a property. The difference regarding the 

effectiveness of this variable also shows the advantage of the MDLD-based measure, 

i.e. the capability of revealing individual preferences. 

Two variables related to workers’ socio-demographics show consistent influence on 

both results: the positive effect from the proportion of male workers, which might 

indicate there is potential gender inequality in terms of job accessibility, and the 

negative effect from the proportion of workers with earnings greater than 40000$ a 

year, the reason of which may be that high-income workers prefer to live in the 

suburban area for the better environment, while jobs with high earnings always 

concentrated in the urban cities. Most of the other variables related to socio-

demographics show different impacts on job accessibility from the two measures, 

though. The proportion of workers with earnings less than 15000$ a year has a negative 

impact on the traditional job accessibility, which means workers in the low-income 

group are less likely to live in the urban cities because of the high cost of living. 

Considering the negative impact from the high-income group, based on the collinearity, 

a further inference is mid-income workers are more likely to live in the urban city and 

have high job accessibility with the traditional measure. The difference in the impact 

of the race distribution is notable: the proportion of African American workers shows 

a negative influence on the MDLD-based job accessibility. Alternatively, there is a 

positive influence on traditional job accessibility, indicating that neighborhoods with 
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greater portion of African American people have higher traditional job accessibility. A 

possible explanation may be in this region, a large proportion of the people living in or 

close to Baltimore City are African American, and as a result, they have high job 

accessibility based on the traditional measure. However, it is possibly not so easy for 

them to find jobs in Baltimore City; thus, many of them have to work farther from 

where they live. Hence, they are more likely to have low job accessibility from the 

MDLD-based measure. Again, this difference is likely to prove the benefit of the 

MDLD-based measure: reflecting the actual individual preference. In addition to the 

African American, the proportion of Asian workers also has a positive influence on the 

traditional job accessibility, while the proportion of Hispanic workers has a negative 

influence, indicating they generally live far from Baltimore City in this case study.  

Another major disparity occurs in age groups: the proportion of workers age 55 or older 

has a positive effect on MDLD-based job accessibility, while it has a negative effect 

on traditional job accessibility. This disparity can be explained by that the elder workers 

always live far from the urban cities, so they have low job accessibility by the 

traditional measure. However, they may have the need and the ability to choose a closer 

job even living in relatively rural areas. Moreover, the proportion of workers age 29 or 

younger shows a negative effect on MDLD-based job accessibility, indicating that the 

cost to live close to their workplace might not be affordable to most of the young 

workers who just started their careers. This difference shown in the modeling results 

also comes from the individual preference incorporated in the MDLD-based measure. 
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Regarding the workers’ industry, there is no variable showing a completely opposite 

effect, i.e. significantly positive on one and negative on the other. The proportion of 

workers in information, professional, scientific, technical services, management of 

companies and enterprises, administrative and support, waste management and 

remediation services, and educational services sectors presents a significantly positive 

impact on both MDLD-based and traditional job accessibility, indicating workers in 

these industries always live in urban areas where these jobs are also concentrated. 

Besides, the proportion of workers in the health care and social assistance sectors also 

has a positive effect on MDLD-based job accessibility. On the other hand, the 

proportion of workers in agriculture, forestry, fishing, hunting, mining, quarrying, oil 

and gas extraction, and construction sectors have a negative effect on MDLD-based job 

accessibility. In other words, workers in these industries always have to travel longer 

to their work. Finally, The proportion of workers in manufacturing, wholesale trade, 

and retail trade has a positive impact on the traditional job accessibility, as the density 

of these industries is always higher in cities. 

As for the nonlinear effects across counties, the estimated degrees of freedom (e.d.f.), 

which is 5.865 and 5.947 respectively for MDLD-based and traditional job accessibility 

are both largely greater than 1.0, suggesting the substantial unobserved heterogeneity 

among counties have been well captured by the nonlinear spline functions in GAMs. 

5.3.2 T-tests of block groups with major disparities 

In addition to the above analysis of the socio-demographic impact on the general 

performance of both job accessibility measures, researchers and policymakers may also 
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be interested in the regions whose job accessibility has major disparities between the 

traditional measure and the MDLD-based measure. For example, what kind of regions 

have job accessibility significantly overestimated or underestimated by the traditional 

measure, compared with the job accessibility from the MDLD-based measure? In this 

study, the traditional and MDLD-based job accessibility results are firstly converted to 

the percentile in the study area. Then, the “regions with traditionally overestimated 

job accessibility” is defined as the block groups whose percentile of traditional job 

accessibility is 33.3% or higher than their percentile of MDLD-based job accessibility, 

and the “regions with traditionally underestimated job accessibility” is defined as 

the block groups whose percentile of traditional job accessibility is 33.3% or lower than 

their percentile of MDLD-based job accessibility. 

 

Figure 5-6. Geographical Distribution of Regions with Traditionally Overestimated 

and Underestimated Job Accessibility 
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Figure 5-6 shows the geographical distribution of regions with traditionally 

overestimated and underestimated job accessibility. There are 135 block groups 

classified into regions with traditionally overestimated job accessibility, which is 6.9% 

of the total number of block groups; and 97 block groups are classified into regions 

with traditionally underestimated job accessibility, which is 5.0% of the total number 

of block groups. Consistent with the comparison between Figure 5-4 and Figure 5-5, 

the major overestimation by the traditional job accessibility measure happens in those 

block groups located in the southeast of Baltimore City. Being close to Baltimore City 

leads to high job accessibility from the traditional measure, while the revealed low 

proportion of short-commute-time workers leads to low job accessibility from the 

MDLD-based measure. Also similarly to the findings in section 5.2.2, some block 

groups close to several well-developed towns, such as Westminster and Annapolis, 

show major underestimation by the traditional job accessibility measure, as they are far 

from the big city, but revealing a high proportion of short-commute-time workers. 

Table 5-4. T-test results of block groups with major overestimation and 

underestimation of job accessibility with traditional measure (𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 20 𝑚𝑖𝑛) 

  Traditionally 

Overestimated 

Traditionally 

Underestimated 

 Mean Variation  Variation  

Dependent Variables      

𝐴𝑀𝐷𝐿𝐷  7.27E-01 -6.26E-02 *** 1.07E-01 *** 

𝐴𝑇𝑟𝑎𝑑  4.27E+05 2.37E+05  *** -1.73E+05 *** 

Independent Variables      

Block Group-Related      

Population density 7.03E+03 1.21E+03 . -1.68E+03 ** 

Worker density 3.16E+03 5.72E+02 . -8.38E+02 ** 

Job density 2.27E+03 3.42E+03 . -3.00E+02  
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Urban 8.58E-01 1.13E-01 *** -6.53E-02 . 

Rent 3.35E-01 5.29E-02 * 6.65E-02 * 

Workers’ Socio-

Demographic 

     

White 5.85E-01 -1.25E-01 *** 1.14E-01 *** 

African American 3.45E-01 1.14E-01 *** -1.07E-01 *** 

Asian 4.87E-02 1.00E-02 . -8.57E-03 * 

Hispanic 4.58E-02 7.81E-05  1.18E-02 ** 

Bachelor Degree 2.47E-01 -2.09E-02 *** 6.53E-03  

Male 4.78E-01 -9.07E-04  7.38E-03 . 

Earning_0_15k 2.03E-01 3.41E-04  -1.38E-03  

Earning_15_40k 2.86E-01 2.31E-02 * -1.03E-02  

Earning_40k_more 5.10E-01 -2.34E-02 . 1.17E-02  

Age_younger_29 2.23E-01 1.63E-02 * -1.56E-03  

Age_30_54 5.26E-01 4.94E-03  -1.09E-02 ** 

Age_55_older 2.51E-01 -2.12E-02 *** 1.25E-02 * 

Workers’ Industry      

Natural Resources and 

Mining 

1.93E-03 -9.39E-04 *** 2.80E-04  

Utilities 3.62E-03 -1.94E-05  9.20E-06  

Construction 5.45E-02 -3.45E-03  6.85E-03 ** 

Manufacturing 4.03E-02 -1.32E-03  3.32E-03 . 

Trade 1.32E-01 -3.94E-03  7.10E-03 ** 

Transportation and 

Warehousing 

4.16E-02 5.95E-03 *** -1.11E-03  

Information 1.71E-02 -3.80E-04  1.68E-04  

Financial 5.39E-02 -3.74E-03 * 8.92E-04  

Professional and 

Business Activities 

1.76E-01 7.02E-03 ** -4.33E-03  

Educational Services 1.07E-01 -3.41E-03  -7.56E-03 ** 

Health Care and Social 

Assistance 

1.63E-01 4.66E-03  -1.13E-02 ** 

Arts, Entertainment, 

and Recreation 

1.75E-02 8.21E-05  -3.43E-04  

Accommodation and 

Food Services 

8.37E-02 -2.41E-03  6.64E-03 *** 

Other Services 3.55E-02 -2.51E-03 ** 5.28E-03 *** 
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Public Administration 7.26E-02 4.41E-03 . -5.88E-03 ** 

a. Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’0.05 ‘.’ 0.1 ‘ ’ 1. 

To quantitatively compare the differences in the mean of the socio-demographic 

variables from the total population in the study area, the one-sample T-tests are 

conducted respectively for block groups with traditionally overestimated and 

underestimated job accessibility. The T-test results are presented in Table 5-4. The 

positive values in the Variance column suggest that the mean of those independent 

variables in those block groups with traditionally overestimated or underestimated job 

accessibility are larger than the mean of the entire population in the study area, while 

the negative values mean smaller. Based on the variance and the significance codes, 

the profiles of these two groups can be drawn: those regions located in urban areas with 

high population density and job density, where many renters live, and workers lived 

there are more likely to be African American and Asian, and younger than 29 years 

old, but not White and not older than 55, without a Bachelor or advanced degree, 

earning between 15000$-40000$ a year, and more likely to work in transportation and 

warehousing, professional and business activities, and public administration industries, 

the job accessibility of these regions have higher chance to be overestimated by the 

traditional job accessibility measure. On the other side, those regions located in rural 

areas with low population density, where there are also many renters, and workers 

living there are more likely to be white and Hispanic males, aged older than 55, while 

less likely to be African American and Asian, and they are more likely to work in 

industries of construction, wholesale and retail trade, accommodation and food 

services, but less likely to work in educational services, healthcare, and social 
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assistance, and public administration industries, the job accessibility of these regions 

have a higher chance to be underestimated by the traditional measure.  

In summary, compared with the traditional job accessibility measure, the MDLD-based 

measure, which reveals the actual individual preferences, is able to better capture the 

disparities of job accessibility between different socio-demographic groups, and it may 

help researchers and policymakers on the awareness and understanding of social 

inequality. 
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Chapter 6:  Conclusion and Discussion 

6.1 Research Summary 

This study evaluates the state-of-the-practice accessibility measures as well as the state-

of-the-art methods based on MDLD data. The key research gap is identified from the 

literature review, and an MDLD-based measure is proposed to evaluate the job 

accessibility based on the identified home and work locations. The socio-demographic 

impact of job accessibility from the MDLD-based measure is also analyzed, and 

compared with the results from a traditional job accessibility measure. 

First, a behavior-based method is employed to identify home and work locations with 

only MDLD information, at the geographic scale of the Baltimore Region, which is the 

subject area of the case study. The location identification results are validated against 

the reported data from ACS and LODES, which reach a high average sampling rate and 

high Pearson correlation coefficient with the validation data for both residents and 

workers at the block group-level. 

Second, the block group-level job accessibility is calculated from the proposed MDLD-

based measure, as well as a traditional cumulative opportunity measure, and the results 

are compared at a different set of time thresholds. A noticeable spatial heterogeneity is 

found in the results from the MDLD-based measure, in comparison to the severe spatial 

homogeneity shown in the results from the traditional measure, which demonstrated 

the major advantage of the MDLD-based measure, the capability of revealing 

individual preference. 
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Then, a generalized additive model is built, where not only various kinds of features 

with fixed effects but also the random effects across different counties are considered, 

to evaluate the socio-demographic effect on job accessibility from the MDLD-based 

and traditional measures. The data is well fitted by the GAMs, and a feature-by-feature 

comparison shows that the socio-demographic effects are different between the 

MDLD-based and traditional job accessibility. Some features especially feature related 

to racial distribution, show counterintuitive relationships with job accessibility by 

traditional measure, while the results of MDLD-based job accessibility are more 

consistent with people’s knowledge. In addition, for those regions whose job 

accessibility has major disparities between the MDLD-based and traditional measure, 

T-tests are conducted respectively and results indicate that the socio-demographic 

characteristics of the regions with traditionally overestimated and underestimated job 

accessibility are almost completely opposite, which indicate that for some zones under 

certain conditions, the job accessibility from the traditional measure is significantly not 

in agreement with people’s individual preferences. Social inequality problems may 

exist especially in those regions whose job accessibility is traditionally overestimated.  

6.2 Research Contribution  

The main contributions of this study can be summarized into three folds: (1) 

methodology and comprehensive comparison process; (2) uniqueness of the data; (3) 

application potential. 
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6.2.1 Methodology and Comparison 

This study examines state-of-the-practice accessibility measures as well as the state-of-

the-art methods for processing MDLD data. Based on the literature review, this study 

proposes a novel job accessibility measure based on the imputed home and work 

locations from MDLD, which is more capable of capturing people’s individual 

preferences than the traditional measure.  

The comparison of the geographic distribution of job accessibility in Baltimore region 

show that the results from the MDLD-based measure is more granular, which present 

a strong spatial heterogeneity with distinctions within neighboring communities, better 

reflecting worker’s actual destination for work than the results from traditional 

measure.  

The comparison of the GAM results shows that there are significant differences in the 

socio-demographic effects on the job accessibility measured by the MDLD-based and 

traditional measures, in terms of the proportion of renters, race, age and earning 

distributions, and workers’ industries, suggesting that people who live in areas with 

large number of job occupations nearby, and people who actually work in those areas, 

could be two different subgroups of the population. Moreover, the T-tests results 

present clear socio-demographic characteristics of regions with considerable 

discrepancies in job accessibility between the traditional measure and the MDLD-based 

measure, suggesting that the job accessibility of people with some certain socio-

demographic features have higher chance to be strongly overestimated by the 

traditional measure, and with some other socio-demographic features, people’s job 
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accessibility is more likely to be underestimated by the traditional measure, indicating 

that there could be underlining social inequality problems on these population groups. 

In summary, the proposed MDLD-based job accessibility measure can better reveal 

people’s individual preferences, and the comparison against the results from traditional 

measure indicates that for many regions and population groups, the job accessibility 

from the traditional measure is not consistent with people’s actual destination for work 

revealed by the MDLD-based measure. 

6.2.2 Uniqueness of the Data 

This thesis presents the first study that utilizes high-quality mobile device location data 

with wide spatial and temporal coverages to systematically study accessibility. The 

MDLD used in this study is obtained from multiple leading providers of passively 

collected passenger travel data, covering over 15% of the U.S. population. The case 

study is based on data from Feb 2020, while the original dataset has a temporal 

coverage of the entire 2019, 2020, and 2021, which provides great potential for the 

longitudinal comparison. 

In addition to the MDLD, this study also utilized skim matrices produced by a statewide 

activity-based travel demand model MSTM2 to measure the zone-to-zone travel time 

as the impedance, for the higher estimation accuracy.  

6.2.3 Application Potential 

The new measure proposed in this study is developed using a real-world mobile device 

location dataset and applied to the Baltimore region for case study purposes. Although 
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a tremendous amount of MDLD is processed, the methodological framework achieves 

high computational efficiency and the proposed measure keeps high interpretability, 

which is important to both researchers and policymakers. The MDLD and the publicly 

available data used to generalize the traditional measure can both be expanded to the 

national population. 

6.3 Discussion and Future Research Directions 

With the individual preference information included, the MDLD-based accessibility 

measure shows the capability of more precisely identifying the accessibility across 

regions with different characteristics, compared with the state-of-the-practice 

accessibility measure. It is worth mentioning that the goal of the proposed MDLD-

based measure is not to fully deny the performance of the traditional measure. The 

traditional measure is still valuable on a larger scale, as it is still true that overall, the 

places with a greater number of opportunities have higher accessibility, which is 

supported by the positive correlation between the results from the MDLD-based 

measure and the traditional measure. The value of the MDLD-based measure is 

allowing researchers and policymakers to evaluate the accessibility from a different 

point of view, especially for those regions where some social inequity problems are 

covered by the high accessibility from the traditional measure, and neglected by people 

as a result. 

The limitation of this study and the correlated future research directions may come 

from the following aspects: (1) the mobile device location data used in the study might 

not be able to precisely represent the population-level behavior, since the sampling rate 
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varies at finer geographic resolution such as block group-level, also the natural sample 

bias exists in MDLD. Additional weighting and validation can be further conducted to 

better address this issue; (2) the traditional measure compared in this study, although 

widely used, is relatively simple. The other more complex measures could be evaluated 

and compared since they leverage richer information and might have better 

performance than the cumulative opportunity; (3) the study is conducted on a regional 

scale, while the accessibility is affected by geographic locations and regional social, 

humanity, and economic situation. The proposed methodology and the comparison 

process can be applied on a larger scale such as statewide and nationwide levels, to 

evaluate the heterogeneity across different regions. 
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Appendices 
 

Appendix A. Detailed Results of the Generalized Additive Models for MDLD-based Job Accessibility 

(𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 20 𝑚𝑖𝑛) 

Dependent Variables 𝐴𝑀𝐵 

Parametric coefficients: 

 Estimate Std. Error t value  Pr(>|t|) 

(Intercept) 3.49E-01 1.71E-01 2.0370 4.18E-02 

Independent Variables     

Block Group-Related     

Population density 9.69E-07 7.93E-07 1.2226 2.22E-01 

Worker density 3.84E-07 1.84E-06 0.2087 8.35E-01 

Job density -2.53E-07 2.34E-07 -1.0815 2.80E-01 

Urban 9.19E-02 1.02E-02 9.0397 3.96E-19 

Rent 4.70E-02 1.15E-02 4.0810 4.68E-05 

Workers’ Socio-Demographic     

African American -1.33E-01 3.10E-02 -4.2914 1.87E-05 

Asian 5.36E-02 6.44E-02 0.8323 4.05E-01 

Hispanic -5.41E-02 8.02E-02 -0.6741 5.00E-01 

Bachelor Degree 3.90E-03 1.19E-01 0.0329 9.74E-01 

Male 2.51E-01 8.63E-02 2.9095 3.67E-03 

Earning_0_15k 8.14E-02 1.22E-01 0.6686 5.04E-01 

Earning_40k_more -4.53E-01 7.58E-02 -5.9798 2.69E-09 

Age_younger_29 -1.78E-01 9.65E-02 -1.8427 6.55E-02 

Age_55_older 2.39E-01 7.40E-02 3.2215 1.30E-03 

Workers’ Industry     

Natural Resources and Mining 7.50E-01 -3.0793 2.11E-03 7.50E-01 

Utilities 7.84E-01 1.1544 2.49E-01 7.84E-01 

Construction 2.32E-01 -2.1316 3.32E-02 2.32E-01 

Manufacturing 2.44E-01 1.0434 2.97E-01 2.44E-01 

Trade 1.84E-01 1.6035 1.09E-01 1.84E-01 

Transportation and Warehousing 2.26E-01 1.2718 2.04E-01 2.26E-01 

Information 3.93E-01 2.7983 5.19E-03 3.93E-01 

Financial 2.27E-01 1.1419 2.54E-01 2.27E-01 

Professional and Business Activities 1.64E-01 2.7110 6.77E-03 1.64E-01 

Educational Services 1.75E-01 3.7420 1.88E-04 1.75E-01 

Health Care and Social Assistance 1.70E-01 3.5432 4.05E-04 1.70E-01 

Arts, Entertainment, and Recreation 3.91E-01 -0.9296 3.53E-01 3.91E-01 

Accommodation and Food Services 2.17E-01 2.2500 2.46E-02 2.17E-01 

Other Services 2.90E-01 -0.0932 9.26E-01 2.90E-01 

Smooth Terms     

 e.d.f. Ref.df F p-value 

s(County) 5.865 6 45.35 <2e-16 

Model Fit     

R-sq.(adj) = 0.554 Deviance explained = 56.2% 

-REML = -1698.9 Scale est. = 0.0083763 
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Appendix B. Detailed Results of the Generalized Additive Models for Traditional Job Accessibility 

(𝑡𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 20 𝑚𝑖𝑛) 

Dependent Variables 𝐴𝐶𝐽 

Parametric coefficients: 

 Estimate Std. Error t value  Pr(>|t|) 

(Intercept) -1.12E+05 2.30E+05 -0.4874 6.26E-01 

Independent Variables     

Block Group-Related     

Population density -6.34E-01 1.04E+00 -0.6079 5.43E-01 

Worker density 8.47E-02 2.42E+00 0.0350 9.72E-01 

Job density 2.81E-01 3.08E-01 0.9128 3.61E-01 

Urban 1.85E+05 1.34E+04 13.7867 3.57E-41 

Rent -2.32E+04 1.52E+04 -1.5279 1.27E-01 

Workers’ Socio-Demographic     

African American 7.59E+04 4.08E+04 1.8630 6.26E-02 

Asian 4.28E+05 8.49E+04 5.0456 4.98E-07 

Hispanic -3.53E+05 1.06E+05 -3.3481 8.30E-04 

Bachelor Degree -2.29E+05 1.56E+05 -1.4677 1.42E-01 

Male 3.13E+05 1.14E+05 2.7526 5.97E-03 

Earning_0_15k -2.68E+05 1.60E+05 -1.6763 9.39E-02 

Earning_40k_more -3.75E+05 9.98E+04 -3.7560 1.78E-04 

Age_younger_29 -1.07E+05 1.27E+05 -0.8397 4.01E-01 

Age_55_older -2.61E+05 9.74E+04 -2.6804 7.42E-03 

Workers’ Industry     

Natural Resources and Mining -6.38E+05 9.88E+05 -0.6455 5.19E-01 

Utilities 1.65E+06 1.03E+06 1.5959 1.11E-01 

Construction 2.45E+04 3.05E+05 0.0803 9.36E-01 

Manufacturing 7.79E+05 3.21E+05 2.4253 1.54E-02 

Trade 8.95E+05 2.42E+05 3.6913 2.30E-04 

Transportation and Warehousing 1.12E+05 2.98E+05 0.3751 7.08E-01 

Information 1.88E+06 5.17E+05 3.6449 2.75E-04 

Financial -5.67E+04 3.00E+05 -0.1891 8.50E-01 

Professional and Business Activities 1.11E+06 2.16E+05 5.1337 3.15E-07 

Educational Services 1.05E+06 2.30E+05 4.5887 4.77E-06 

Health Care and Social Assistance 1.34E+05 2.24E+05 0.6002 5.48E-01 

Arts, Entertainment, and Recreation 7.61E+05 5.14E+05 1.4792 1.39E-01 

Accommodation and Food Services -4.17E+04 2.86E+05 -0.1458 8.84E-01 

Other Services -8.10E+05 3.81E+05 -2.1251 3.37E-02 

Smooth Terms     

 e.d.f. Ref.df F p-value 

s(County) 5.947 6 160.5 <2e-16 

Model Fit     

R-sq.(adj) = 0.743 Deviance explained = 74.8% 

-REML = 23652 Scale est. = 1.4501e+10 
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