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A B S T R A C T   

Achieving a balanced jobs-housing relationship has been treated as a solution to relieve traffic congestion and air 
pollution. Jobs-housing ratio and employment self-containment (ESC) are applied to quantify different levels of 
jobs-housing balance. Though appropriated methods have been analyzed to explore jobs-housing relationship at 
multiple fixed scales, scale dependency problem remains unsolved and resulted in discord about jobs-housing 
relationship. Furthermore, the differences of the jobs-housing balance and ESC by various income groups 
received little attention. This paper proposed a K-medoids clustering method to explore the aggregate multi-scale 
patterns of jobs-housing ratio and ESC by higher, medium, and lower-income groups using 2016 longitudinal 
employment household dynamics (LEHD) data. To alleviate the scale effect, individual workers and jobs were 
simulated by Monte Carlo approach according to LEHD data provided within each block. Afterwards, we 
analyzed the jobs-housing relationship within multi-scale units by different aggregated groups. We found jobs- 
housing balance had a positive effect on ESC, while the effect varied by different income groups. Jobs- 
housing balance affects ESC more for lower-income group when the searching radius is <4 km, while beyond 
4 km, jobs-housing balance has more effect on ESC of higher-income group. ESC of medium-income group is least 
affected. Employing the K-medoids clustering method, we classified the four patterns of jobs-housing and the two 
patterns of ESC for each income group. We further identified jobs-housing matched and mismatched areas 
through eight joint patterns of jobs-housing balance and ESC. Our work contributes to understanding of jobs- 
housing balance and commuting by scale variations and income.   

1. Introduction 

The spatial relationships between the distribution of jobs and house 
units determine the demands of journey-to-work trips (Zhou, Yeh, Li, & 
Yue, 2018). Jobs-housing balance has been applied to investigate this 
spatial relationship and estimate the demand within a certain 
geographic area. A balanced area tends to have shorter and less journey- 
to-work trips, while to what extent the balance can be measured by 
employment self-containment (ESC). ESC is the percentage of resident 
workers who live and work locally over the number of resident workers 
living in an area (Cervero, 1996). It reflects realistic journey-to-work 
trips and further indicates if the residential workers tend to work 
locally (Zhou & Yeh, 2021). A high ESC implies less unnecessary trips, 
contributes to less automobile dependency and is more environmentally 

friendly (Curtis & Olaru, 2010; Kelobonye, Mao, Xia, Swapan, & 
McCarney, 2019). Jobs-housing balance policies have been adopted 
with the aim of increasing ESC and decreasing the commuting distance/ 
time. 

However, the complex relationship between the jobs-housing bal
ance and commuting should be acknowledged. Though several studies 
found jobs-housing balance would reduce commuting time (Cervero, 
1989; Levinson & Kumar, 1994; Sultana, 2002; Zhao, Lü, & De Roo, 
2011), others reported minor or no association between jobs-housing 
balance and commuting patterns (Giuliano, 1991; Giuliano & Small, 
1993; Wachs, Taylor, Levine, & Ong, 1993). One possible limitation 
contributed to the inconsistence is the scale dependency problem, 
meaning the metrics to measure jobs-housing balance vary with the 
analytical scales. At regional or metropolitan scale, there is roughly 
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balanced jobs and housing, while at district or neighborhood level, there 
are job-rich areas or worker-rich areas or vice versa. The jobs-housing 
balance also varies by arbitrary boundaries, such as census tracts. To 
avoid the arbitrariness, Peng (1997) pointed out the meso-level was the 
best scale for measuring jobs-housing balance and recommended using 
floating catchment areas centered at traffic analysis zone (TAZ). He 
pointed out that the range calculated from the average distance and the 
standard deviation was an appropriate radius range for the floating 
catchment area. This method was adapted by various research to 
analyze the jobs-housing balance and commuting (Wang, 2000; Anti
pova, Wang, & Wilmot, 2011; Zhao et al., 2011; Stoker & Ewing, 2014; 
Hu & Wang, 2016), but these studies did not provide the analytical 
methods to examine the multi-scale metrics resulted from the floating 
radius. Studies analyzed excess commuting (EC) frame identified the 
scale dependency problem (Small & Song, 1994) and explored the in
fluence of the spatial unit on the EC values systematically. Horner and 
Murray (2002) explored the impact of the spatial scales on the excess 
commuting at 11 different aggregated spatial scales for Boise, ID and 
found that as the size of spatial unit increased, the excess commuting 
tended to decrease, implying a better jobs-housing balance and high 
commuting efficiency, indicating a larger area tends to smooth the 
variations. Niedzielski, Horner, and Xiao (2013) extended the analysis of 
the scale issues for a suit of excessing commuting metrics and found 
while excess commuting was scale dependent, the capacity used, and 
capacity efficiency were independent of the scale. To alleviate the 
spatial dependency, studies employed Monte Carlo simulation to 
generate the random residential and workplace locations (Hu & Wang, 
2015, 2016; Hu, Wang, & Wilmot, 2017). Recently, with the availability 
of big data, such as mobile phone location data, and the smart-card data, 
researchers applied individual data to alleviate the scale dependence 
when examined the jobs-housing balance under EC framework (Huang, 
Hu, Wang, & Li, 2021; Ma, Liu, Wen, Wang, & Wu, 2017; Zhang, Zhou, & 
Zhang, 2017; Zheng, Liu, Guo, & Lei, 2019; Zhou, Yeh, Li, & Yue, 2018; 
Zhou, Yeh, & Yue, 2018). 

EC reveals the overall jobs-housing balance for a study area but fails 
to unveil the local variations that exert influence on individual’s 
commuting pattern. Revealing the local variations, jobs-housing ratio 
and ESC are indicators that can represent the jobs-housing balance at 
local areas under certain spatial scale units (Debenham, Stillwell, & 
Clarke, 2003; Martinus & Biermann, 2018a; Zhou, Yeh, & Yue, 2018; 
Kelobonye et al., 2019). Studies have been done to explore the impact of 
jobs-housing balance on ESC and commuting considering local varia
tions. Zhou and Yeh (2021) explored the effect of multiple spatial units 
(1 km – 3 km grids) on the jobs-housing ratio and ESC by utilizing mobile 
positioning data. They found the 2 km grid was the best ideal spatial unit 
for the analysis of ESC. But Yan, Wang, Zhang, and Xie (2019) indicated 
that jobs-housing balance in one scale of spatial unit revealed limited 
information. Rather than finding the best spatial unit or searching 
radius, they proposed a clustering method that evaluated the aggregate 
patterns of jobs-housing relationship using a multi-scale indicator in a 
series of spatial scales. Their result concluded that the clustering method 
prevailed over the conventional ones with pre-defined search radius or 
grids. Though aggregate patterns reveal more information naturally 
(Yan et al., 2019), few literature examines those of ESC and jobs-housing 
balance systematically. 

Besides the variability of jobs-housing balance across spatial scales, 
the variability of jobs-housing balance were also identified across 
different income groups (Horner & Schleith, 2012; Schleith & Horner, 
2014; Suárez, Murata, & Delgado Campos, 2016) and the commuting 
distance/time (Hu et al., 2017a). The income played a determining role 
in residential location selection, which was driven by the trade-off 
among the commuting cost, the living environment and housing 
affordability. On the one hand, high-income workers are more likely to 
have jobs that required advanced skill, and thus may need to travel 
longer for high-paying jobs. On the other hand, high-paying workers 
have more options to choose where to reside. High-income people who 

work at an inner core of a city can choose a high-rent apartment to avoid 
traffic congestion and save commuting time. In comparison, some other 
high-income people may be longing for the amenity of suburban envi
ronment and choose to locate at suburban with high commuting cost but 
are compensated by spacious houses. Compared with high-income 
workers, low-income workers have relative less options to choose 
where to locate and, in some case, where to work. Low-income workers 
who find low-paying jobs in major urban centers may be priced out due 
to the high cost of either housing or renting, while those who have less 
skilled jobs out of urban centers may have trouble in commuting as the 
scarcity of public transit in suburban areas. Spatial mismatch of skilled 
jobs, affordable housing, and accessible public transit may contribute to 
the less balanced jobs-housing relationship for low-income groups. 
Metropolitan strategic plans have targeted the increasing employment 
in sub-regions to relieve traffic congestion and commuting issues that 
threaten urban sustainability (Martinus & Biermann, 2018). Due to the 
employment complexity, housing affordability, residential choices, and 
commuting cost, high-income workers and low-come workers respond 
differently to these plans. Studies have been done to identify the varying 
effects and proposed corresponding policy suggestions to achieve a 
better jobs-housing balance. Cervero (1996) examined the ratios of jobs 
to employed residents in 23 large San Francisco Bay Area cities during 
the 1980s and found imbalance declined in dormitory regions while 
became worse in job-surplus areas. He applied the number of vehicles as 
a proxy of income and investigated the impact of jobs-housing balance 
on independent index (Thomas, 1969) which measured the ratio of in
ternal commutes to external commutes. The study found that cities with 
higher income were associated with more external commutes, which 
implied a longer commuting. He pointed out high housing prices 
compelled some workers to live in another city. Blumenberg and King 
(2021) re-re visited jobs-housing balance in California cities from 2002 
to 2015. They found the California cities were becoming less self- 
contained and were consonant with Cervero (1996) that cities with 
low costing had higher levels of self-containment. They concluded that 
housing affordability crisis pushed workers and jobs farther apart and 
recommended policies to better match job skills and housing prices to 
characteristics of workers. Both Cervero (1996) and Blumenberg and 
King (2021) explored the impact of income on jobs-housing balance and 
self-containment, but did not further examined how differences were of 
jobs-housing balance by various income groups. Hu et al. (2017) 
analyzed the community variability by wages groups from 1990 to 2010 
in Baton Rouge. He found affluent neighborhoods tended to commute 
more but highest-wage neighborhoods retreated for less commuting. 
The study highlighted that both low-wage workers and highest-wage 
workers tended to have shorter commuting time. But he pointed out 
that the economic commuting distance of low-wage workers might be 
largely associated with poor transport mobility while the highest-wage 
workers were groups who truly enjoyed the efficient commute time. 
Schleith, Widener, and Kim (2016) analyzed jobs-housing balance for 26 
metropolitan regions by different income groups using LEHD data. They 
found higher-income group had long commuting and low jobs-housing 
balance, while the low-income group had shorter commutes and high 
jobs-housing balance. 

Though attention was paid to analyzing the varying jobs-housing 
balance by income groups, few studies investigated that of ESC. Zhou, 
Yeh, and Yue (2018) examined spatial variation of self-containment and 
jobs-housing balance by job types and locations. They found secondary- 
sector workers tended to reside near their workplaces because of rela
tively balanced jobs and housing. Their result showed the correlation 
between jobs-housing balance and ESC was stronger for secondary- 
sector worker than that of tertiary-sector workers. Jobs-housing pol
icies that aimed at high ESC should consider job types. Policies that were 
effective for secondary-sector worker may not be effective for tertiary- 
sector workers. Martinus and Biermann (2018b) investigated self- 
containment across a range of occupations and industry types. They 
found agriculture grouping was the most self-contained industry (ESC >
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65%) with highest percentage of occupations, such as managers, pro
fessional, clerical, and sales living and working within same region. 
Mining industry had the lowest value of ESC (ESC < 5%), reflecting a 
large proportion of commute in/out workers. The large disparity of ESC 
by different occupations and industries indicated that the jobs-housing 
policies and ESC target which focused on increasing local jobs in sub- 
regions needed to consider the skills needed and industry structure of 
the targeted regions. These studies explored ESC from perspectives of 
job and industry types. Yet limited effort has been put into exploring the 
differences in jobs-housing balance and ESC by income groups. 

Literature shows gaps of scale dependency issue and the role of in
come groups in measuring jobs-housing relationship. Identifying these 
gaps, this study asks how scale affects the measurement of jobs-housing 
balance and ESC and then future asks how jobs-housing balance affects 
ESC by different income groups. To answer these questions, this article 
aimed to 1) examine the jobs-housing balance and ESC within multiscale 
units by different income groups and 2) explore the aggregate patterns of 
jobs-housing balance and ESC. For aim 1, we explored the jobs-housing 
balance, ESC, and their relationship within various sizes of floating 
catchment areas (1 km - 10 km radius) by different income groups using 
Monte Carlo simulated individual data derived from the 2016 Longitu
dinal Employment Household Dynamic (LEHD) data. For aim 2, we 

applied K-medoids clustering methods to investigate the aggregate 
patterns of jobs-housing balance and ESC respectively considering in
cremental spatial scales, and further identified the joint-patterns of jobs- 
housing balance and ESC. 

2. Study area 

Cincinnati metropolitan statistical area (MSA), the study area of this 
research, spans Indiana, Kentucky and Ohio (Fig. 1). As estimated by 
United States Census Bureau, Cincinnati MSA ranks 28th by population 
(2,193,676) among 384 MSAs in the nation in 2016, and commuters 
accounted for around 43.84% of the population. The MSA is not static 
entity, the boundary changes as the commuting flows between counties 
changes. The 2010 Standards for Delineating Metropolitan and Micro
politan Statistical Areas (US Office of Management and Budget, 2010) 
indicates the counties in MSAs need to be contiguous and share at least 
25% of commuting flows. From 2003 to 2013, the MSA included 15 
counties, with 3 countries from Indiana, 7 from Kentucky and 5 from 
Ohio (Fig. 1), while after 2013, Cincinnati MSA replaced Franklin 
County, Indiana with Union County, Indiana (Fig. 2). But Union County 
shared a small portion of boundary with Butler County. It is apparent 
that when commuters from Union County travel to work, they inevitably 

Fig. 1. Cincinnati boundary for 2013–2016.  
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travel across Franklin County. It is also the same for commuters who live 
in Butler Country but work in Union County. Though the flows between 
Franklin County and other counties in the metropolitan area are <25% 
of the commuting flows, Franklin County connects the Union County 
and the other counties geographically. The jobs of Franklin County may 
also affect the flows of commuters from Butler County or more counties. 
Considering the geographic location of Franklin County, we decided to 
choose the 2003–2013 boundary for Cincinnati Metropolitan Area, 
which includes Franklin County rather than Union County (Fig. 2). 

3. Data 

The data of jobs and residential workers came from Longitudinal 
Employment Household Dynamics (LEHD) program released by the U.S. 
Census, which provided datasets for studying local economy. LEHD 
Origin-Destination Employment Statistics (LODES) helps users to un
derstand and analyze where people work and where workers live. 
LODES data are state-based and comprise three types: Origin- 
Destination (OD), Residence Area Characteristics (RAC), and Work
place Area Characteristics (WAC) at census block level. OD files provide 
the number of commuting flows from a home census block to a work 
census block. RAC data are job totaled based on home census blocks, 
while WAC data are job totaled by work census blocks. All tabulations 

for these three types are available by job dominance, i.e., primary and 
secondary. The number of jobs applied in this research only includes 
primary jobs, since we assume when measuring how far the job is from 
home, workers are more likely to consider their primary jobs (Schleith 
et al., 2016). OD, RAC, and WAC files include characteristics about 
average monthly earnings (Table 1). We applied lower-income, me
dium-income, and higher-income to differentiate the different income 
groups classified by LEHD. Lower-income group means the income in 
this group is the lowest in the three categories, and higher-income group 
indicates this group has the highest income among the three groups. We 
intended to use them to reveal relative relationships and not to represent 

Fig. 2. Cincinnati boundary for this study.  

Table 1 
LEHD data.  

Data Year Source Format Income 
group  

LEHD 2016 
Census 
Bureau Excel 

Lower 
(23.84%) 

less than $1250/ 
month 

Medium 
(57.73%) 

between $1251/month 
and $3333/month 

Higher 
(18.43%) 

greater than $3333/ 
month 

NLCD 2016 USGS Raster NA   
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the low income (around $25,000 per year) or high income (around 
$100,000 per year) that are generally perceived. The lower-income 
workers and higher-income workers account for 23.84% and 18.43% 
respectively. Most of the workers belong to medium-income group 
(57.73%). We employed RAC, WAC, and OD data to explore the jobs and 
housing balance and calculate ESC. 

Though the LEHD LODES data has been a great resource for trans
portation and regional planning, the limitations should be acknowl
edged. The main data source for LEHD data is state employment- 
insurance (UI) wage records. The UI records are reports filed by em
ployers every quarter for each individual in covered employment 
through Quarterly Census of Employment and Wages (QCEW) Program. 
The data collection method indicates self-employed individuals and in
dependent contractors are not covered (Abowd, Haltiwanger, & Lane, 
2004; Stevens, 2002). The independent contractors include people 
working in ‘gig economy’ with temporary positions and short-term 
commitments, such as uber drivers, delivery drivers, labor jobs and 
etc. Another limitation is the data of the worksite locations for employer 
with multiple worksites. An employer may have multiple worksites 
within a state. Employers with multiple worksites include large corpo
rations with several manufacturing plants (e.g., auto manufacturers), 
school districts with teachers and staff located in different schools, and 
retail establishments with multiple store locations. QCEW asks the 
multi-worksites employer to submit the locations of secondary work
sites, but it is voluntary for some states, such as Ohio, Indiana, and 
Kentucky (Spear, 2011). This means though people work at secondary 
worksites, the work location in LEHD dataset may be the headquarter/ 
primary worksite of the employer. This would lead to the wrong 
commuting flows derived from the LEHD data. 

Another dataset we applied in this study was 2016 National Land 
Cover Database (NLCD), which illustrated 20 land cover types for the 
States, including low intensity, medium intensity, and high intensity 
developed area. The NLCD has a spatial resolution of 30 m * 30 m, and 
each pixel has only one type of land cover type. We extracted the low, 
medium, and high intensity developed areas as the residential areas, and 
medium and high intensity areas as job located areas in each census 
block. Table 1 summarized the data sources used in this research. 

4. Multiscale jobs-housing ratio and employment self- 
containment by income groups 

LEHD provides data of residents, jobs, and origin-to-destination 
flows at census block level. Alleviating the spatial dependency prob
lem, we adopted the Monte Carlo method (Hu et al., 2017; Hu & Wang, 
2016) to simulate individual locations, randomly distributing the resi
dential workers of each block to the selected low, medium, and high 
intensity developed areas (Fig. 3) and allocating the jobs of each block to 
the selected medium, and high intensity developed areas for different 
income groups. Afterwards, we randomly paired the origin (workers) 
and destination (jobs) flows that followed a discrete frequency distri
bution and were consistent with the actual flows between origin and 
destination from LEHD. The simulated residential workers, jobs, and 
individual origin to destination flows were utilized to calculate the jobs- 
housing ratio and ESC for different income groups. 

The jobs-housing balance and ESC at one scale of units reveal the 
jobs-housing relationship at a certain scale, while the multi-scaled 
analysis of aggregate patterns reveals more information of jobs- 
housing relationship across incremental scales jointly. Exploring the 
jobs-housing balance and ESC in multiscale units, we firstly utilized 500 
m tessellation grids as analytical units; secondly, we created buffers 
centered at each grid with radius varying from 1 km to 10 km and finally 
calculated the jobs-housing balance and ESC within each size of buffers. 
We chose the 500 m * 500 m grid as the analytical unit as it was 
approximate to the average size of a block (520 m*520 m) in the study 
area. The jobs-housing index measuring the jobs-housing balance is 
calculated by jobs-workers ratio (JWR), 

JWRir =
Jir − Wir

Jir + Wir
(1)  

r ∈ (1, 2…10), i ∈ (overall, low income,medium income, and high income)

where Jir is the number of jobs within the radius r of i income group for 
each grid, Wir is the number of residential workers within the radius r of i 
income group for each grid. JWRir ranges from − 1 and 1. An area is 
considered as job rich area when the index is approaching to − 1 and is 
considered as resident rich area when the index is approaching 1. In 
contrast, 0 represent the absolute balanced jobs and residential workers. 

ESC measures the percentage of residential workers who work in the 
same area as they live. The higher ESC indicates an area provides 

Fig. 3. Monte Carlo simulated residential locations in blocks.  
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enough jobs that residential workers can find jobs within where they 
live, while the smaller ESC implies the jobs in an area do not meet the 
residential workers’ needs that they need to travel outside of the area to 
find jobs. The ESC is calculated for low, medium, and higher-income 
group as, 

ESCir =
number of workers who work and live in the same area

number of worker living in the area
(2)  

r ∈ (1, 2…10), i ∈ (overall, low income,medium income, and high income)

JWR and ESC were calculated within varying sizes of buffers centered at 
each grid for lower-, medium-, and higher-income groups. 

We applied K-medoids clustering method to explore the aggregate 
patterns considering information with varying sizes (1 km to 10 km) of 
buffers. K-medoids (also called as Partitioning Around Medoids) algo
rithm was proposed by Kaufman and Rousseeuw (1990) which split the 
data set of n objects into K clusters with K as the prior. K-medoids 
clustering minimizes the dissimilarity between the points in this cluster 
and the medoid of the cluster. We used Euclidean distance in this 
research (Yan et al., 2019) to measure the dissimilarity between each 
pair of points. The medoids are selected randomly from the input data 
points at the beginning. The K-medoids clustering was realized by a R 
package: pam. 

Since the number K is a prior, we needed to set it before running the 
clustering algorithm. We used Elbow method to identify the best number 
of K for the clustering of JWR and ESC at multiscale units. Elbow method 
first calculates the total within-cluster sum of square (WSS) and then 
plots the curve of WSS according to the number of clusters. The location 
of a bend (knee) in the plot is considered as the appropriate number K of 
clusters. Increasing the number of clusters will naturally decreases the 
WSS because the smaller the cluster is, the more similar the points in the 
cluster are. But the high number of K is more likely to lead to overfitting. 
The elbow (bend/knee) of the WSS plot identifies the point after which 
the WSS decreases slowly when K increases. We calculated the WSS 
when K ranged from 1 to 10 and plotted the curve of WSS for both JWR 
and ESC. Fig. 4 indicates that the appropriate number of K is 4 for overall 
JWR, and the appropriate number of K is 2 for the overall ESC (Fig. 5). 
We also adopted 4 clusters and 2 clusters for JWR and ESC when 
analyzing the aggregate patterns for different income groups (lower-, 
medium-, and higher-income). The WSS was calculated using the func
tion fviz-nvcluster from the R package clustersim. The workflow of 
exploring the patterns of JWR and ESC is illustrated in the Fig. 6. 

5. Result 

5.1. Aggregated patterns of jobs-housing 

The aggregate patterns of JWR are represented as identified clusters. 

There are 4 clusters (aggregate patterns) identified for the overall jobs- 
housing balance, which are Balanced, Job Rich, Resident Rich-Suburb, and 
Resident Rich-Rural. The boxplots illustrate the distribution of JWR of all 
clusters, and the lines in the chart (Fig. 7) show the average JWR of each 
group at multiscale units. Job Rich cluster is job-oriented areas where 
there are more jobs than residential workers across spatial units. 
Balanced cluster is resident-oriented areas at small size of buffers but 
becomes balanced as the size of spatial units increases, while Residential 
Rich-Suburb and Residential Rich-Rural are resident-oriented areas across 
varying spatial units. The varying JWR at different spatial units reveals 
the spatial dependency in evaluating JWR. According to the boxplots, 
the median of JWR increases as the buffer radius increases, and the 
variation of JWR gradually decreases as the buffer size increases. 
Examining the lines in the chart, the jobs-housing is initially imbalance 
at the smaller size of units but approaches to balanced as the radius 
increases. Job Rich cluster has a relatively high JWR within small radius 
buffers, but gradually approaches to 0, indicating as the size of spatial 
unit increases, the jobs and housing tend to be balanced. The Balanced 
cluster is more resident-oriented at small radius of buffers but turns 
balanced for 5 km to 10 km radius of buffers, implying the numbers of 
jobs and workers are approximate the same after the buffer radius ex
ceeds 5 km. The Resident Rich-Suburb and Resident Rich-Rural clusters 
have low JWR at small size of spatial units, but as the buffer radius in
creases, the JWR of the two groups increases but still fails to reach a 
balanced condition. The Resident Rich-Suburb cluster has a relative 
higher JWR than the Resident Rich-Rural cluster, implying suburb areas 
have more jobs than rural areas. 

Fig. 8 illustrates spatial patterns of JWR clusters. The initial map has 
42,601 grids. But we removed the grids that have no residential workers, 
leaving 23,467 grids in total. Out of all grids, Job Rich cluster accounts 
for 13.94%, Balanced cluster accounts for 15.65%, Resident Rich cluster 
accounts for 32.80% and Resident Rich-Rural accounts for 37.60% 
(Table 2). The Job Rich cluster grids are mainly located at the central 
cities of the metropolitan area, with some scattered in peripheral areas. 
From the southwest to northeast, the Job Rich cluster covers Florence, 
Burlington, Erlanger in Kentucky, Cincinnati, Springfield, Blue Ash, 
Montgomery, West Chester, Mason, and all the way north to Monroe and 
Middletown in Ohio. The scattered Job Rich grids are located at Oxford 
and Harrison in Indiana, Mt. Orab, Georgetown, and Huntington in OH, 
and Crittenden and Williamstown in Kentucky. The Balanced cluster 
encircles the Job Rich cluster. There are relative less jobs in this cluster 
than in Job Rich cluster, but the residential workers living in this area 
can find jobs within certain radii of buffer zones as these areas are 
adjacent to Job Rich cluster. Resident Rich-Suburb cluster is resident- 
oriented areas, encircling Balanced areas. More residential workers are 
in this cluster than jobs across all radii (1 km − 10 km) of buffers 
centered at these grids. In the middle of the metropolitan area, the outer 
boundary of Resident Rich-Suburb cluster approximately corresponds 
with the boundary of urban areas. The rest of the grids constitutes the 
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Resident Rich-Suburb cluster. 
We also identified the JWR patterns for lower-, medium-, and higher- 

income groups (Fig. 8) using K-medoids clustering method. Each income 
group was classified into 4 clusters (Job Rich, Balanced, Resident Rich- 
Suburb, and Resident Rich-Rural) according to the JWR calculated for 
each income group. The JWR patterns of different income groups vary in 
terms of the percentage of and spatial distribution of grids in different 
clusters (Table 2). For higher-income group, the Job Rich cluster 
(12.49%) grids are located at the central cities of metropolitan area and 

barely distribute in peripheral cities. The Balanced cluster grids account 
for 23.65%, encircling the Job Rich cluster. For medium-income group, 
the percentage of Job Rich cluster grids is 20.30%, covering both the 
central cities and peripheral cities. The Balanced cluster of medium- 
income group covers more areas and accounts for 28.80% of all grids. 
Observing the lower-income group, the Job Rich cluster grids are more 
scattered than those of higher-income and lower-income groups. The 
Balanced cluster grids make up 24.68% of all grids, filling up the gapped 
areas between the Job Rich cluster grids. 

Fig. 6. The workflow of this study.  

Fig. 7. The overall JWR of multiscale units.  
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5.2. Aggregated patterns of employment self-containment 

Two aggregate patterns/clusters of ESC were recognized: High 
Matched and Low Matched (Fig. 9). The boxplots in the chart illustrate 
the distribution of ESC in each size of buffers, and the lines represent the 
average of multi-scale ESC for the identified clusters (High Matched and 
Low Matched). Revealed by the boxplots, the median of ESC gradually 
increases from 0.0 to 0.18 as the size of buffer increases, indicating the 
spatial dependency issue in evaluating the ESC. When the size of 

measuring units is small, most of the workers commute out. As a result, 
the ESC is small. When the size of spatial units increases, more per
centage of workers work within the measuring units, and thus ESC in
creases. The result echoes with previous studies (Kelobonye et al., 2019; 
Zhou & Yeh, 2021). Examining the lines in the chart, the ESCs of both 
clusters are roughly same in the small size of spatial units but show 
increasing disparity when the size of spatial units increases. The High 
Matched cluster gradually increases till 0.38 but the Low Matched cluster 
keeps a relatively low values for all sizes of spatial units. The increase of 
ESC implies more internal journey-to-work trips, but the share of the 
internal trips of High Matched area is way higher than that in Low 
Matched area. Comparing the ESC of High Matched and Low Matched 
cluster at varying sizes of spatial units, the result shows that residential 
workers living in the High Matched cluster have more job opportunities 
and tend to work in this residential area, indicating the potential for a 
less commuting distance (Biermann & Martinus, 2020). (See Fig. 10.) 

The two patterns/clusters of ESC display distinct spatial distribu
tions. The High Matched cluster grids are mainly located at the central 
cities of the metropolitan and some places in the peripheral urban areas, 
while the rest of the grids belongs to Low Matched cluster. The High 
Matched cluster has a relative high ESC, which means the residential 
workers living in this area have a relative better access to jobs and 
commute shorter to work. In contrast, most of residential workers living 
in the Low Matched areas need to travel outside of the residential area to 
work. The distributions of High Matched cluster and Low Matched cluster 
vary across different income groups. From higher-income group to the 
lower-income group, the percentage of High Matched cluster grids in
creases from 20.17% to 41.61% (Table 3), and the coverage of the grids 

Fig. 8. The distribution of JWR clusters.  

Table 2 
The percentage of grid in different clusters by low, medium, and higher-income 
group.  

JWR Overall Lower- 
income 

Medium- 
income 

High- 
income 

Job Rich 13.94% 22.10% 20.30% 12.49% 
Balanced 15.65% 24.68% 28.80% 23.65% 
Resident Rich- 

Suburb 32.80% 28.43% 23.98% 30.59% 
Resident Rich-Rural 37.60% 24.79% 26.92% 33.27% 

Comparing 4 clusters of different income groups, the percentages of Job Rich 
cluster grids and Balanced cluster grids increase from higher-income group 
(36.14%) to lower-income group (49.10%). This indicates that lower-income 
group has relative more balanced areas compared with the higher-income 
group. Higher-income jobs are mainly located in the central cities and thus 
the Job Rich area of higher-income group are more concentrated in the central 
cities. Lower-income jobs are distributed more broadly and thus the Job Rich 
grids of lower-income group cover more area. 
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expands from the central cities to all urban areas (within the urban 
boundary). The lower-income group has more grids with higher ESCs, 
implying more percentage of workers of lower-income group commute a 
relative short distance. 

5.3. Joint patterns of jobs-housing ratio and employment self-containment 

We overlayed clusters of JWR and clusters of ESC and then identified 

Fig. 9. The overall ESC of multiscale units.  

Fig. 10. The spatial distribution of ESC by different income groups.  

Table 3 
The percentage of different cluster by different income group for ESC.  

ESC Overall Lower-income Medium-income Higher-income 

High Matched 25.62% 41.61% 27.85% 20.17% 
Low Matched 74.38% 58.39% 72.15% 79.83%  
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7 joint-patterns of JWR and ESC (Fig. 11). We did not choose to run a 
clustering process to identify the joint patterns because JWR and ESC are 
highly correlated (Figs. 12 and 13). It is recommended to conduct 
principal component analysis (PCA) before running the clustering (Vichi 
& Saporta, 2009). But it may lose information at each scale of units and 
have trouble explaining the patterns derived from the factors extracted 
from PCA. We chose to overlay the patterns of JWR and ESC to get joint 
patterns by different income groups. 

Job Rich-High Matched cluster grids have more jobs than workers at 
varying scales, and most of the workers live and work within these grids. 
The more jobs mean more opportunities for residential workers, and it is 
reasonable these areas are classified as High Matched in terms of ESC. Job 
Rich-High Matched areas are mainly located at the central cities, where 
the residential have shorter commuting (Zhou, Yeh, Li, & Yue, 2018). 
Job Rich-Low Matched cluster grids are areas where there are more jobs 
than workers in all proposed scales. However, a substantial number of 
residential workers has trouble finding jobs and need to travel outside to 
work, implying a severe mismatch. The grids are mainly located at In
dian Hills, Milford, and Monroe OH, where are residential locations for 
higher-income workers. Though there is a substantial number of jobs 
around them, but these jobs do not match these skills, and thus they need 
to travel longer to work. These areas are the worst mismatched in the 
metropolitan area, accounting for 3.39% of all grids. 

Balanced-High Matched pattern is similar as the Job Rich-High Matched 
pattern. Though the areas do not have as many jobs as Job Rich area, 
workers living in the Balanced patterns can find jobs within a reasonable 
travel distance, and the ESC is relatively high. The Balanced Rich-High 
Matched area mainly encircles the Job Rich-High Matched area in cen
tral cities. Balanced-Low Matched pattern indicates though the jobs- 
housing is balanced, the actual jobs and workers are mismatched, 
meaning the residential workers need to travel outside of the units to 
work. Grids of this pattern are either adjacent to or encircle the Job Rich- 

Low Matched grids in suburb areas. The mismatch is mainly due to the 
higher-income workers cannot find matched jobs and instead need to 
travel long to work (Hu et al., 2017; Lin, Allan, & Cui, 2016; Stoker & 
Ewing, 2014). Balanced-Low Matched pattern is also severe mismatched 
area, making up 5.49% of all grids (Table 4). 

Resident Rich-Suburb-High Matched pattern illustrates areas where 
there are more workers than jobs in the measuring spatial units (1 km 
− 10 km buffers), and workers still find matched jobs within the area 
where they live. The grids are mainly located at Hamilton, and Mid
dletown in Ohio and some small cities in the peripheral area of the 
metropolitan area. The grids in this pattern account for 4.86% of all 
grids (Table 4). Resident Rich-Suburb-Low Matched pattern describes the 
area where there are more workers than jobs, and a substantial number 
of workers travel long to work. These areas are mostly located at the 
suburb area. As the residential workers dominate these areas, it is 

Fig. 11. The joint-patterns of JWR and ESC by different income groups.  
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Fig. 12. The relationship between JWR and ESC.  
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rational workers commute to job rich areas to work. 
The last pattern is Residential Rich-Rural Low Matched pattern. Only a 

small number of jobs is distributed in the rural area compared with the 
number of residential workers. Workers need to travel out of the resi
dential area to work, resulting in a relative low ESC. This pattern makes 
up most (37.58%) of the grids of the metropolitan area, covering almost 
all rural areas. Resident Rich-Rural-High Matched pattern is not identified 
in the joint patterns. It is understandable that in the rural area where the 
number of jobs is far less than the number of workers, workers need to 
travel out of the measured buffers. 

The spatial distributions of the 7 patterns vary by different income 
groups, largely in patterns of Job Rich-High Matched, Balanced-High 
Matched, and Balanced-Low Matched. The percentage of Job Rich-High 
Matched grids increases from higher-income group (10.34%) to lower- 
income group (19.84%). Besides the increase in percentage, the distri
bution of Job Rich-High Matched grids changes from concentrated 
pattern in the central cities to a fragmented and leapfrog grid pattern. 
This is consistent with the JWR pattern of Job Rich cluster. The lower- 
income group has the most Balanced-High Matched grids among all 
three income groups, implying the lower-income workers have relative 
better matched jobs-housing and ESC. In contrast, the medium-income 
group has the most Balanced-Low Matched grids that distributes in sub
urb areas around central cities. Suburb areas are where most of resi
dential workers reside. The medium-income workers living in suburb 
areas have a relative worse matched jobs-housing and ESC. 

6. Discussion 

Taking the Cincinnati Metropolitan area as a case study, this research 
aimed to examine the jobs-housing balance and ESC in multiscale units 
by income groups and explored the aggregate patterns of jobs-housing 
balance and ESC using LEHD data (2016). Using the Monte Carlo 
simulated individual data, we applied K-medoids to classify 4 aggregate 

patterns of jobs-housing balance and 2 aggregate patterns of ESC and 
resulted in 7 joint-patterns of jobs-housing balance and ESC by each 
income group. The patterns reveal the jobs-housing relationship and ESC 
and unveil spatial distribution of the jobs-housing matched and mis
matched areas by different income groups. Comparing with previous 
studies, our study is improved in three ways. First, the aggregate pat
terns of jobs-housing relationship incorporated more information than 
previous literature. Previous studies analyzed JWR and ESC at a certain 
scale and analyzed the impact on ESC at each scale discretely (Zhou & 
Yeh, 2021; Zhou, Yeh, Li, & Yue, 2018). Our study analyzed aggregate 
patterns of jobs-housing relationship considering various incremental 
scales (1 km – 10 km searching radius) using K medoid clustering 
method. Instead of finding the ‘perfect’ searching radius or scale (Zhou 
& Yeh, 2021), we explored patterns across different scales and identify 
the overall patterns by integrating all proposed scales. Second, our study 
reveals the limitation of only considering one scale when analyzing jobs- 
housing relationships. The result shows the impact of JWR on ESC varies 
as the scale changes. The association increases from around 0.17 to 0.85 
(Fig. 13). Focusing on one scale will neglect the variation on other scales 
and unveil partial information. Third, our study illustrates the differing 
impact of JWR on ESC by higher-income, medium-income, and lower- 
income groups. Our result confirmed the positive effect of JWR on 
ESC (Blumenberg & King, 2021; Ta, Chai, Zhang, & Sun, 2017; Zhou, 
Yeh, & Yue, 2018), but further discloses differences of that on income 
groups. We found that within a 4 km searching radius, JWR affected 
lower-income group more than that of higher-income group (Fig. 12). 
Whereas beyond the 4 km searching radius, JWR affected higher-income 
group more. JWR has least impact on medium-income group among the 
three groups. 

The 4 aggregate patterns of JWR are Job Rich, Balanced, Resident 
Rich-Suburb, and Residential Rich-Rural clusters. The JWR of the 4 pat
terns varies across all the sizes of spatial units and forms distinct spatial 
distributions across the metropolitan area. The JWR curves of Job Rich 
and Balanced have turning points around radius from 5 km to 6 km 
(3–3.5 miles Euclidean distance), after which the JWR of these two 
patterns barely changes. The radius around the turning points corre
sponds to the suitable measuring buffer size in previous studies (Cer
vero, 1989; Deakin, 1989.; Peng, 1997; Wang, 2000; Stoker & Ewing, 
2014). We explored the patterns of JWR at 6 km radius buffers and 
compared the result (Fig. 14) with the aggregate patterns of multi-scale 
JWR (Fig. 8. Overall). Job Rich (19.82%) and Balanced (31.50%) areas 
(Fig. 14) account for over 50% of all grids, which presents a more 
balanced jobs-housing than patterns of clusters formed by considering 
JWR at varying spatial units (29.59%, see Fig. 8 and Table 2 for more 
details). The difference in the patterns indicates the limitation of only 
considering the JWR measured within one scale. With regards to the 
aggregate patterns by different income groups, most of the Job Rich and 
Balanced area are concentrated in central cities for higher-income group, 
while there are more Job Rich and Balanced areas both in central cities 
and peripheral cities for lower-income group. This result is consistent 
with pervious study (Schleith et al., 2016) which revealed the lower- 
income group had relative better jobs-housing balance. 

The 2 aggregate patterns of ESC are High Matched and Low Matched, 
and each pattern has varying values of ESC across the sizes of the spatial 
units. The values of ESC within small sizes of buffers (1 km and 2 km) are 
almost 0, implying workers barely work within 2 km radius buffers. This 
indicates the small sizes of spatial unit may have limitations in evalu
ating ESC in Cincinnati. Zhou and Yeh (2021) applied 2 km grid as a 
suitable unit to evaluate ESC in a case study of Shenzhen. Though 2 km 
grid is a relatively small size of spatial unit to measure ESC for Cincin
nati, it may be a suitable unit to measure Shenzhen. The discrepancy 
may be due to the difference in travel mode, job density, and residential 
density of the two cities. Zhou and Yeh (2021) also pointed out that the 
hypothetical spatial analysis unit of the turning point of ESC in U.S. 
cities may be larger than that of Chinese cities, and our result echoed 
with their conclusion. The ESC increases as the size of the spatial units 
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Fig. 13. The correlation between JWR and ESC.  

Table 4 
The percentage of different joint patterns by different income groups.  

Joint Pattern Overall Lower- 
income 

Medium- 
income 

Higher- 
income 

Job Rich-High Matched 10.54% 19.84% 15.66% 10.34% 
Job Rich-Low Matched 3.39% 2.25% 4.64% 2.15% 
Balanced-High Matched 10.18% 17.40% 11.07% 8.84% 
Balanced-Low Matched 5.49% 7.28% 17.74% 14.80% 
Residential Rich-Suburb- 

High Matched 4.86% 4.37% 1.12% 0.98% 
Residential Rich-Suburb- 

Low Matched 27.93% 24.06% 22.86% 29.61% 
Residential Rich-Rural- 

Low Matched 37.58% 24.79% 26.92% 33.27%  
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increases, but there is no apparent turning point when the radius in
creases from 1 km to 10 km, indicating there may not be a ‘suitable’ 
scale to measure ESC in Cincinnati. Only considering ESC on one scale 
may overlook information at other scales and aggregate patterns 
incorporating ESC at all scales are needed. Looking at ESC patterns (High 
Matched and Low Matched) by different income groups, the lower- 
income group has a highest percentage of High Matched grids, suggest
ing the lower-income workers are more likely to have jobs close to them, 
which is consistent with previous studies(Hu & Schneider, 2017). 
However, the inclinations of having jobs nearby for lower-income 
workers may not imply they choose to find these low-paying jobs, but 
rather be limited by the inadequate transportation access, either lack of 
private cars or public transit service. In Cincinnati, the public transit 
service only covers the core area of the metro (such as Hamilton 
County), while most of suburban area are out of service, specifically 
Resident Rich-Suburb, and Residential Rich-Rural where jobs are deficient. 
Some lower-income workers, such as workers in agriculture and mining, 
may choose to work locally due to the industry nature, but some lower- 
income workers may have to choose jobs nearby due to the unafford
ability of commuting cost and limit of access to transit. 

The joint-patterns of JWR and ESC reveal the relationship between 
jobs-housing balance and ESC and possible commuting issues in Cin
cinnati. Job Rich-High Matched, Balanced-High Matched, and Resident 
Rich-High Matched are the matched areas, accounting for 25.58% of the 
metropolitan areas. The severe mismatched areas are Job Rich-Low 
Matched and Balanced-Low Matched areas, accounting for 7.34% of the 
metropolitan area. Most of the severe mismatched areas are in the 
suburban areas that surround central cities. Though there are relative 
high job opportunities within a reasonable commuting distance, resi
dential workers need to travel long to work. Analyzing the distribution 
of these areas, we found most of the residential workers in the sever 
mismatched area are higher-income earners, who prefer the favorable 
environment in the suburb, but need to work in central cities (Hu et al., 
2017). The joint-patterns of JWR and ESC by different income groups 
further illustrate this preference. The severe mismatched areas of 

higher-income group make up 16.95%, while those of lower-income 
group makes up around 9.53%. 

This study has limitations for future research. First, the patterns of 
clusters revealed the relative distribution of jobs-housing balance and 
ESC for each income group but could not provide the absolute com
parison across different income groups. The clustering method mostly 
depends on the input data, and thus the change of data would result in 
different absolute values and variance of each cluster. Though grids 
from higher-income group and lower-income group were both classified 
as Job Rich cluster, the absolute values and range of these groups were 
not same. Second, we applied K-medoids clustering method to explore 
the aggregated patterns of JWR and ESC but did not compare with other 
methods in depth. We did evaluate the performance of K-medoids and K 
means through Davies-Bouldin’s index (a lower value means a better 
performance) (Martino, Rizzi, & Mascioli, 2018). The K-medoids clus
tering (1.26) outperformed the K means clustering (1.28) for overall 
JWR with four clusters, and the K-medoids clustering (0.21) also out
performed the K means clustering (0.22) for overall ESC with two 
clusters. But we did not compare the clusters classified by these two 
methods as it is not the focus of this research. 

7. Conclusion 

This study examined and visualized the aggregate patterns of jobs- 
housing balance and ESC by different income groups within multiscale 
units and identified the jobs-housing matched areas and mismatched 
areas. The result shows though the balanced jobs-housing is more likely 
to associated with a high ESC, there are severe mismatched areas in the 
metropolitan area which may lead to longer commuting distance and 
severe peak-hour congestion. Higher-income group has relatively more 
jobs mismatch areas than that of lower-income group especially in 
suburban areas. Jobs-housing balance affects lower-income group more 
when the searching radius <4 km, while has more effect on higher- 
income group when searching radius is beyond 4 km. Our result can 
provide insights to planners and policy makers to understand the jobs- 

Fig. 14. The pattern of JWR at 6 km radius buffers.  
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housing relationship and its spatial variation of income groups across 
the metropolitan area. If jobs-housing policies focus on increasing local 
jobs to address congestion and commuting issues, it needs to pay 
attention to those mismatch areas and locate jobs that correspond to the 
needs of different income groups, such as locating low-paying jobs 
within 4 km of lower-income workers. Though lower-income group has 
relatively less mismatch areas, considering the lack of transportation 
access, such as in adequate public transit service in suburban areas, and 
the relative less options of residential choices, the mismatch area may 
affect lower-income workers more than higher-income workers. Policies 
that increase the matched jobs for lower-income workers and the access 
to transportation help reduce inequality of job access. 
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