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Abstract: Social mixing is one of the key objectives of the housing policy in OECD countries. The Low-
Income Housing Tax Credit (LIHTC) program, the largest affordable housing construction program
in the US since 1986, has recently set creating mixed-income communities as one of the standards. As
a project-based program, LIHTC developments are likely to influence residential mobility; however,
little is known about its empirical effects. This study investigated whether new LIHTC projects are
effective at attracting heterogeneous income groups to LIHTC neighborhoods, thereby contributing
to creating mixed-income communities. Using unique individual-level household movement data
combined with origin–destination neighborhood characteristics, we developed zero-inflated negative
binomial (ZINB) models to analyze the LIHTC’s impact on residential mobility patterns in Franklin
County, Ohio, US, from 2011 to 2015. The results suggest that the LIHTC attracts low-income
households while deterring higher-income families, and therefore the program is not proved to be
effective at creating mixed-income neighborhoods.

Keywords: residential mobility; LIHTC; housing policy; mixed income neighborhood; gravity model;
zero-inflated negative binomial model

1. Introduction

In response to worsening spatial separations of rich versus poor households in terms
of income, educational attainment, and jobs [1,2], deconcentrating poverty through creating
mixed-income neighborhoods has been a significant focus of urban and housing policy in a
number of OECD countries [3–5]. The strategy of creating mixed-income neighborhoods
has often aimed for the integration of low-income residents into the community with
greater stability, safety, and opportunity as well as neighborhood revitalization through
attracting higher-income residents while fostering inclusion.

Likewise, in the US housing policy, the poverty concentration has begun to be ad-
dressed as an affordable housing policy problem since the Quality Housing and Work
Responsibility Act of 1998 (QHWRA). Considerable efforts have been devoted to ensuring
the availability of housing in quality neighborhoods for low-income families while attract-
ing more affluent residents to high-poverty areas [6]. At present, deconcentrating poverty
and creating mixed-income communities have become new standards to plan and evaluate
housing programs (for example, housing choice vouchers and low-income housing tax
credits) [7].

Among affordable housing programs, the Low-Income Housing Tax Credit (LIHTC)
is the largest source of support for subsidized housing construction that provides a tax
incentive for private investors to build or rehabilitate affordable housing for low-income
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households. While the program does not have an explicit income-mixing aim, LIHTC
developments are not free from mainstream affordable housing policies. How, then, to
advance the quality of neighborhoods for low-income families? LIHTC developments
basically expand housing choices available to low-income families so that the quality of
neighborhoods for many low-income families are often determined by the LIHTC’s loca-
tion. More active interventions in location decisions (i.e., developments in low-poverty
areas) have been made in accordance with the 2015 court case Texas Department of Com-
munity Affairs v Inclusive Communities Project, Inc (Dallas, Texas) [8]. Beyond the tenants
themselves, LIHTC properties have spillover effects on surrounding public safety and
private investment [9,10], which possibly influences residential mobility patterns, thereby
changing socioeconomic compositions of neighborhoods in urban areas.

Despite a recognition that housing policy (e.g., the LIHTC) induces residential mo-
bility [11,12], relationships between housing policy and household movements remain a
“black box” for researchers and policymakers [13]. The existence of confounding factors
(e.g., budget, environment, and social networks) make it difficult to establish a clear causal
link between housing policy and residential mobility. More importantly, analyses have
been impeded by coarse-grain data. Due to the scarcity of individual household-level
residential mobility data, including data on non-recipients of housing policy, limited atten-
tion has been paid to understanding household movements as a sorting process shaping
the population composition of neighborhoods in relation to housing policy. Most previ-
ous research regarding the LIHTC’s impact on neighborhoods has only focused on the
resulting snapshots of population compositions of neighborhoods before and after the
housing program intervention without considering the process (e.g., residential mobility)
of producing the compositions [14,15]. Some exceptions using microdata relied on housing
sales transaction data that only deduced neighborhood dynamics [16,17].

To fill this gap, this study aimed to understand how the LIHTC affects household
movement and the residential sorting process using individual household-level residential
mobility data. Specifically, we investigated whether new LIHTC projects are effective in
drawing middle- and high-income households into LIHTC neighborhoods so that they
potentially contribute to alleviating the poverty concentration and developing mixed-
income communities. Taking Franklin County, Ohio, US, as a case, gravity models with a
zero-inflated binomial specification were employed to examine the impact of the LIHTC on
residential mobility between 2011 and 2015. Using a gravity model, our analysis attempts
to measure the impacts of the housing policy within the comprehensive migration pattern
(i.e., including non-zero flows) in consideration of neighborhoods’ characteristics.

2. Literature Review

The LIHTC has been the largest federal housing program, providing funding for
almost three million units of affordable rental housing in the US since its inception in
1986 [18]. The program’s primary goal is to increase the supply of affordable housing for
lower-income households [19,20]. The Omnibus Reconciliation Act of 1989 encourages the
private sector to provide LIHTCs in hard-to-service neighborhoods by providing more tax
credits, for example, in areas with qualified census tracts (QCTs) that have more than half of
households earning less than 60% of area median income (AMI) and difficult development
areas (DDAs) that have more expensive development costs than household incomes [21].
Since 2000, state finance housing agencies began giving incentives to LIHTC projects in
QCTs, which have been criticized for concentrating LIHTC projects in high-poverty and
majority-minority neighborhoods [21,22].

Beyond the welfare impact on tenants living in LIHTC units, scholars have hoped for
spillover effects, revitalizing communities and creating mixed-income neighborhoods by
attracting diverse residents [7]. The LIHTC, as a place-based program, induces changes in
neighborhoods, which in turn might attract some new residents while discouraging oth-
ers [9,23,24]. Although little empirical evidence exists on how the LIHTC affects residential
mobility patterns, studies regarding the spillover effects of LIHTC projects on surrounding
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neighborhoods provide initial clues about how the LIHTC may result in the inflow and
outflow of residents across income levels. The empirical literature on the LIHTC thus far
has found mixed results about its effect on neighborhood changes in housing values, public
safety, and composition of residents.

First, the LIHTC has heterogeneous effects on surrounding housing prices depending
on where LIHTC projects are located. Positive effects on housing values were found when
LIHTC developments enhanced a neighborhood’s amenities by replacing deteriorated
buildings and vacant lands in lower-income areas [9,10,25,26]. Koschinsky reported that
the positive effects might be driven by housing sales in poverty pockets within more affluent
areas [27], and Woo et al. argued that the LIHTC exerted a stimulating effect in Cleve-
land, which had a stagnant housing market [24]. Conversely, in affluent neighborhoods,
LIHTC developments can be conceived as undesirable due to the influx of lower-income
households and their negative tax-to-service rate [24]. Studies found a negative impact on
sales prices of houses near LIHTC projects in Charlotte [17] and Philadelphia [28], both of
which have rapidly appreciating housing markets. Diamond and McQuade also found that
LIHTC developments caused house price declines of 2.5% in neighborhoods with higher
median incomes and a majority white population [16].

Second, prior studies examining the impact of the LIHTC on public safety produced
conflicting results. LIHTC developments may contribute to decreasing crime by removing
blight and adding more eyes on the street [19,26], as they attract a greater police presence
and have security systems in place [29]. Freedman and Owens found that LIHTCs bring
significant reductions in violent crime to most impoverished neighborhoods at the county
level [29]. Diamond and McQuade found that LIHTC projects contribute to lower crime
rates in low-income neighborhoods and do not appear to increase crime in high-income
areas [16]. However, a large body of research examining relationships between crime and
public housing suggests that the concentration of the disadvantages of large developments
likely contributes to small crime increases in surrounding neighborhoods [30].

Third, while reports contend that LIHTC developments trigger the flow of residents in
and out of neighborhoods, altering the residential composition, the directions remain uncer-
tain. Studies that found positive effects argued that the LIHTC makes a distressed minority
neighborhood more attractive to diverse households by removing blight, repopulating a
community, and/or attracting other investments and improvements [26,31]. Diamond and
McQuade found that homebuyers purchasing properties near newly completed LIHTC
units have slightly higher incomes and non-black shares than the local average in lower-
income areas [16]. Similarly, examining changes in the racial composition of tracts in which
LIHTC developments were located, Horn and O’Regan found that neighborhoods with
high minority concentrations experienced declines in the minority share over time [15].
In lower-poverty neighborhoods, studies suggested that LIHTC developments contribute
to “white flight” based on fear and concern of the influx of “undesirables” into affluent
neighborhoods [24,32]. Woo et al. found that LIHTC developments increased housing
turnover rates even more in high-income neighborhoods [24], and Diamond and McQuade
found that higher-income households in affluent neighborhoods were willing to pay more
to live further away from LIHTC units [16]. Conversely, Freedman and McGavock found
little evidence that higher-income households leave neighborhoods in response to LIHTC
developments [23].

Findings generally indicate that LIHTC projects have contributed to revitalizing
distressed neighborhoods by increasing housing prices, lowering crime rates, and attracting
diverse residents. However, it remains uncertain whether improvements have been in
accordance with the outflow of low-income residents from revitalized neighborhoods,
which may be part of the gentrification process. Furthermore, given that a growing number
of LIHTC projects are located in suburban low-poverty tracts [33,34], the impact on affluent
neighborhoods, whether LIHTC projects trigger outflow of higher-income residents and/or
inflow of lower-income residents, needs to be examined. The study fills the knowledge
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gap by analyzing the effects of LIHTC on residential mobility across income levels using
individual household-level movement data.

3. Materials and Methods
3.1. Study Area

This study analyzed the impact of LIHTCs on residential mobility in Franklin County,
Ohio, US, during a 5-year LIHTC deployment period (2011–2015). Franklin County, Ohio’s
state capital, is among the fastest-growing counties in the US and had a population of over
1.3 million as of 2019. Franklin County has experienced persistent suburbanization and eco-
nomic and racial segregation (west vs east and north vs south divides) throughout the last
several decades, following a national trend [2,35]. Northwestern parts of the county have
consistently lower rates of unemployment, with white and middle-income neighborhoods,
while southern Franklin County, especially the southeast, has a concentration of African
Americans and low-income families [36]. A recent study also reported a deepening gap and
increasing polarization in housing prices and neighborhood values around the Franklin
County region based on housing transactions data [37]. Accordingly, the provision of af-
fordable housing has become an increasingly serious concern in Franklin County [38]. The
Ohio Housing Finance Agency (OHFA) has promoted mixed-income development since
1997 and recently reconfigured the Qualified Allocation Plans to incentivize affordable
housing development in economically flourishing neighborhoods [39].

Since 1987, a total of 249 LIHTC projects have been supplied in Franklin County. A
total of 32 projects placed in service from 2011 to 2015 provided about 1,902 housing units,
of which approximately 98.9% housed low-income households. Approximately 70% of
these projects were newly constructed, whereas the average during the same period in the
state of Ohio was 53%. More than half of these projects were located in QCTs (56%), which
was a higher share than the state average (42%). None of the projects were provided in
DDAs. There were two projects specifically targeted for the homeless. A total of 25 census
tracts that introduced LIHTC projects between 2011 and 2015 were in distressed conditions
relative to the state. These tracts had a higher poverty rate (27.6%) than the county average
(16.5%) as of 2011. However, 8 out of 25 census tracts were below the average poverty rate.

3.2. Data
3.2.1. Longitudinal Residential Mobility Data

We used data from the Data Axle Historical Consumer Database (previously In-
foGroup) to construct a longitudinal database on residential location changes for a cross-
section of the population between 2011 and 2015. The Data Axle data are of high temporal
resolution (i.e., updated monthly) and comprise a unique micro dataset of 155 million
households in the US [40]. The data come with households’ addresses at a census tract
level and socioeconomic statuses such as annual income, household head age, marriage
status, and ownership status. A unique identification number (household ID) assigned
to each household enables linking records over time so that we can capture household-
level residential mobility patterns from one census tract to another [13]. Researchers are
increasingly using the data to examine residential mobility at a fine-grain scale in relation
to neighborhood change [13], neighborhood type [41], and location preferences [42].

To construct matrices of the household movement at the census tract level, we first
merged residential location data in Franklin County for 2011 and 2015 by household ID,
retrieving the data for 339,461 households (74.7% of the total number of households in
the county [43]). The under-coverage rate of 25.3% in the study area is higher than that
of the national average (15.4%) identified by Kennel and Li [44]. A Pearson correlation
coefficient of the number of households between the Data Axel dataset and 2011–2015
American Community Survey (ACS) five-year estimates is 0.97 (p < 0.001), which reveals
that the dataset is less likely to suffer from selection bias. We then identified a total of
41,030 households (12.1% of the matched households) that changed their addresses from
one census tract to another. We limited the scope of our analysis to intra-county residential
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mobility patterns because different factors influence households’ movement decisions
depending on the scales of the move (e.g., inter-county vs. intra-county) [13,45,46]. In
fact, the literature suggests that a large portion of residential mobility occurs within a
county [47]. According to the 2007–2011 ACS 5-year estimates, among 289,277 households
that moved in the past year in Franklin County, 186,773 (64.6%) moved within the county,
83,432 (28.8%) moved from a different county in Ohio, and 19,072 (6.6%) moved from
a different state. The 5-year period (2011–2015) was selected to reduce the possibility
that movement flows were compounded by changing neighborhood characteristics that
resulted from the moves [48], while securing enough household movement numbers to
identify intra-county residential mobility patterns.

Constructing our dependent variable (the number of moves between neighborhoods
by income) necessitated categorizing households into different income groups. We defined
households earning twice the county median household income as high-income groups and
households below two-thirds of the median income as low-income groups. The rest were
defined as middle-income groups. While there are currently several legislated income limit
standards (e.g., HUD defines under 50% of the median family income as very low income
and under 80% as a low-income family), we followed the scheme that has been adopted in
prior studies [46,49]. We then pooled each group’s moves into an origin–destination matrix
that described the total number of moves from one census tract to another, between 2011
and 2015 within Franklin County, even if these were zero. We excluded neighborhoods
with fewer than 10 residents or 0 median housing value. In the origin–destination matrix,
75,900 unique origin–destination pairings connected 276 census tracts in Franklin County.

3.2.2. Neighborhood Composition Data

We used the total housing units, share of owner-occupied, share of white popula-
tion, share of families with children, and housing values from 2007–2011 ACS 5-year
estimates [50] to describe the socioeconomic composition of neighborhoods at a census
tract level. Following the assumption that a household decided to move considering cur-
rent or previous neighborhood status, 2007–2011 ACS data were employed to describe
neighborhood characteristics before the move occurred (we assessed the household move-
ments between 2011 and 2015). We retrieved the number of housing unit data from both
2007–2011 and 2011–2015 ACS to calculate the growth rates of the number of housing
stocks [49]. We confirmed that the census tract boundaries of the county had been relatively
persistent during the 5 years, without significant changes (i.e., split, merge). We also ob-
tained the Urbanization Perceptions Small Area Index (UPSAI) as a proxy for neighborhood
classification into urban, suburban, and rural from the US Department of Housing and
Urban Development (HUD). The data were based on the 2017 American Housing Survey
asking respondents to describe their neighborhood as urban, suburban, or rural at a census
tract level adjusted using the machine learning technique [51]. The census tract level data
were then joined to the origin–destination matrix for a gravity model.

3.2.3. LIHTC Data

We used data from the HUD on LIHTC projects completed in Franklin County during
1987–2019. The data provided information on each project, including addresses, total
low-income units, construction type, and placed-in-service years. Following the approach
adopted by Nilsson and Delmelle [46], we examined the impact of new LIHTC projects
completed within ±2 years of the research period, namely from 2009 to 2017, on house-
holds’ decisions to move. We assume that the impact of new LIHTC projects on households’
decisions to move was limited within ±2 years encompassing the announcement of devel-
opment to spur investments. To control the potential impact of the existing LIHTC units,
the number of units supplied before the 2-year time window (LIHTCs constructed before
2009) was calculated and utilized. We geocoded the locations of LIHTC projects and then
attributed them to the corresponding census tract.
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3.3. Model and Operationalization of Variables

We identified the impact of new LIHTC projects on relocation decisions across census
tracts by household income levels using gravity models with a zero-inflated negative
binomial (ZINB) specification. Gravity models, analogous models of Isaac Newton’s theory
of universal gravitation, are popular for analyzing residential mobility patterns at various
spatial scales [52,53]. The models has been criticized for their endogeneity and the absence
of theoretical foundations and dynamics [54], and alternative approaches such as network
modeling [55] and agent-based models [56] have been proposed. Other econometric models
have been proved to have their own advantages. For example, multinomial discrete choice
models allow for explaining location choice from individual characteristics of movers.
Difference-in-difference models can assess the policy impact caused by the implementation
of new facilities. However, in our view, gravity models are better suited to capture detailed
spatial structures that influence residential mobility. By incorporating all possible origin–
destination combinations (even zero-flow observations), gravity models can address spatial
effects which neighborhoods can have on leaving the current location and choosing a new
one, without difficulties in sampling and defining the reference category in other models.

The simplest version of gravity models consists of two factors, mass and distance,
based on the assumption that migration flows are driven by attractive forces between
neighborhoods (often reflected by population or GDP) and impeded by the costs (or
frictions) of moving from one neighborhood to another. We adopted the number of housing
units in origin and destination as mass variables. While the distance generally refers to the
physical distance calculated as the Euclidean distance between centroids of neighborhoods,
similar to the approach adopted by Bakens et al. [48], we extended the concept to encompass
socioeconomic distances between neighborhoods. We measured socioeconomic distances
by calculating the difference in a socioeconomic attribute between the neighborhoods of
origin and destination as follows:

Dij = Sj − Si (1)

where S is the household share of each socioeconomic characteristic in origin i and desti-
nation j. The socioeconomic distances were calculated for: the share of owner-occupied;
share of white population; share of families with children; housing values; share of new
LIHTC units for low-income households among the total housing units. This method
of conceptualizing—measuring differences between neighborhoods—measures to what
extent socioeconomic differences act as barriers to migration [48,57,58] on the one hand,
and allows our models to examine to what extent people value the socioeconomic character-
istics of the destination relative to the origin, on the other hand [59]. A positive coefficient
of the socioeconomic distance variables corresponds to a preference tendency toward a
neighborhood with a higher attribute value. For example, if the coefficient of “the distance
of white population” was positive, we said that households preferred to move to neighbor-
hoods with a higher share of white population compared to neighborhoods they had lived
in. Conversely, a negative coefficient suggested a preference for living in neighborhoods
with a smaller white population, which revealed that the racial difference served as a
barrier to move. Therefore, it was assumed that differences in LIHTC units may act either
as preferred amenities or additional barriers (disamenities) to migration. We considered
the varying effects by the project size [17] by calculating the proportion of LIHTC units
among the total housing units in a neighborhood. We also included quadratic terms (D2

ij)
for the socioeconomic distance variables to check for potential non-linear relationships.

In addition to mass and distance variables, the housing stock growth rate between 2011
and 2015 in the destination neighborhood was included as a control variable. As LIHTC
control variables, (1) the share of LIHTC units completed before the movement decision
was made (1988–2009) among the total housing units and (2) the dummy variable of new
LIHTC projects designed to target homeless households in both origin and destination
were included. These two variables controlled for the impact of the existing LIHTC units
as well as a potential tendency to avoid homeless-targeted projects compared to other
LIHTC projects. Due to the scarce information about the impact of homeless-targeted
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units, we operationalized it as a dummy variable to be 1 if a unit exists. Controlling
for unobserved neighborhood characteristics, we included the UPSAI indicating to what
extent an origin or a destination neighborhood was considered urban or suburban by
its residents. We included fixed effects to account for income group-specific unobserved
characteristics that impact mobility. Table 1 shows descriptive statistics for the variables
in our models. The mean distance variable values were all zero because differences in all
pairs of neighborhoods generated perfectly symmetrical distributions of the variables.

Table 1. Descriptive statistics of model variables.

Variables Description Min. Max. Mean. Std. Dev.

Dependent variables

High income
The number of moves of households between 2011
and 2015 whose annual income exceeded twice the

county median household income
0 42 0.09 0.63

Middle income

The number of moves of households between 2011
and 2015 whose annual income was between

two-thirds and twice the county median household
income

0 43 0.21 0.89

Low income
The number of moves of households between 2011

and 2015 whose annual income was lower than
two-thirds of the county median household income

0 39 0.23 0.8

Independent variables

Number of housing units Total number of households in the origin.
Logarithmized in the models. 572 7561 1884 883.5

Physical distance Absolute distance between the centers of origin and
destination. Logarithmized in the models. 0.48 44.0 14.1 7.1

Dij Share owner occupied Difference in shares of owner-occupied housing
units between destination and origin −0.98 0.98 0 0.33

Share white population Difference in shares of white population between
destination and origin −0.98 0.98 0 0.37

Share families with children Difference in shares of families with children
between destination and origin −0.69 0.69 0 0.16

Housing value Difference in housing value between destination and
origin. Logarithmized in the models. −3.99 3.99 0 0.69

Share LIHTC units
(±2 years)

Difference in shares of LIHTC units placed between
2009 and 2017 among the total housing units

between destination and origin
−0.23 0.23 0 0.03

Control variables

Existing LIHTC units
(−2 years)

Share of LIHTC units placed before 2009 among the
total housing units in origin and destination 0 1 0.03 0.09

Homeless-targeted LIHTC
(±2 years)

Dummy variable of LIHTC project that specifically
targets homeless households placed between 2009

and 2017 in origin and destination (1 if yes)
0 1 0.01 0.12

Housing stock growthj
growth rate of the number of housing stocks

between 2011 and 2015 in destination −0.2 0.41 0.02 0.07

Neighborhood fixed effects

Urban: share of responses that they live in
urban areas 0 1 0.38 0.34

Suburban: share of responses that they live in
suburban areas 0 0.83 0.02 0.08

Source: Data Axle (2021), US Census Bureau (2011; 2015), and HUD (2021). Quadratic terms (Dij
2) for all socioeconomic distance variables

(Dij) were included.
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To estimate the count data (the number of moves between census tracts) in our study,
we used zero-inflated negative binomial (ZINB) models. As a modified Poisson model,
the ZINB effectively accounts for problems in modeling count data with overdispersion
(the variance is greater than the mean) and excessive zeros [60,61]. The ZINB specification
considers two groups within the population: (1) a group with strictly zero counts and (2)
a group with a non-zero probability of counts greater than zero. These two groups are
modeled using a logit regression and negative binomial regression, respectively, within the
ZINB framework [62]. Coefficients in the logit part and corresponding coefficients in the
negative binomial part generally have opposite signs due to the logit part predicting the
chance of belonging to the “strictly zero group.” The probabilities of a zero count and a
positive count can be specified as Equations (2) and (3), respectively, as follows [61]:

Pr
(
Mij = 0

)
= πij +

(
1− πij

)( α−1

α−1 + µij

)α−1

(2)

Pr
(
Mij
)
=
(
1− πij

)Γ
(
Mij + α−1)

Mij!Γ(α−1)

(
α−1

α−1 + µij

)α−1(
µij

α−1 + µij

)Mij

(3)

where πij is the logistic link function that the probability of a move being in the always zero
group and the conditional mean (µij) that is linked to an exponential function of a set of
explanatory variables is defined as:

µij = exp (a0 + a1lnPi + a2lnPj + ∑
k

a3klnXik + ∑
k

a4klnXjk + blndij) (4)

In the analysis, we used (1) the overdispersion test to see whether the negative
binomial model was preferable to the Poisson model and (2) the boundary likelihood ratio
test to examine whether the ZINB was superior to the negative binomial model [63,64]. We
used the log-likelihood and Akaike information criterion (AIC) to evaluate our models’ fit.

Based on matrices separately defined for each income group, we estimated the model
for all of the groups together to compare the results across the different income groups.
Thus, the total number of observations was 227,700 (75,900 × 3). The LIHTC-related
variables interacted with an income group dummy, with an assumption that the impact
of the other variables was homogeneous across the groups. As robustness checks, we ran
models separately for each group to examine if the different impact of all of the variables by
income group changed the direction of the results. We also applied alternative definitions
of income levels and different definitions of new LIHTC units using varying time windows
to check the robustness of the results. Variance inflation factors (VIF) in all of the models
were lower than 2, except for a few quadratic terms, which confirmed no multicollinearity
problem in our models. R 3.5.0. was used for the ZINB models and visualization.

4. Results
4.1. Visualization of Household Movement Patterns by Income Levels

Before we dive into gravity models, we began by visualizing household movement
patterns to explore the effectiveness of new LIHTC units in attracting diverse income
groups into LIHTC-deployed neighborhoods. Figures 1–3 show the number of moves
of the three different household income levels, high, middle, and low, respectively, in
Franklin County between 2011 and 2015. The moves between census tracts higher than
five were emphasized for visual clarity. The light purple dots in the maps indicate the
existing locations of LIHTC projects (1987–2010), while bigger black dots represent newly
developed LIHTC projects between 2011 and 2015. Around six new LIHTC projects are
located in suburban neighborhoods. As shown in Figure 1, residential movements of high-
income households occurred significantly within Upper Arlington, Dublin, and New Albany,
which are traditionally high-income and rich suburban neighborhoods located in Franklin
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County. There were scarce movements of high-income households toward lower-income
neighborhoods or LIHTC-deployed census tracts as demonstrated in Figure 1. Middle-
income households (Figure 2) had residential mobility patterns all over the place in the
suburban areas of the Franklin County. In contrast, low-income households had relatively
more movements within urban core areas, including downtown Columbus, as shown in
Figure 3. We also saw movement flows of low-income households to LIHTC development
areas in Figure 3. Despite the wide coverage, movement destinations of low-income
households were generally low-income (light grey areas) and underserved neighborhoods.
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4.2. Gravity Model Results

The results of the ZINB model are summarized in Table 2. The overdispersion test (α)
and boundary likelihood ratio test indicated that our dependent variables were overdis-
persed and had excessive zero counts, which justified using the ZINB over the Poisson and
negative binomial models.
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Table 2. Zero-Inflated Negative Binomial regression results.

Variables All Movers
Estimate (SE)

Negative binomial (Intercept) −15.98 (0.23) ***
Middle income 0.74 (0.02) ***
Low income 0.74 (0.02) ***
Number of housing unitsi (log) 1.1 (0.02) ***
Number of housing unitsj (log) 1.11 (0.02) ***
Physical distance (log) −1.3 (0.02) ***
D Share owner occupied 73.86 (4.97) ***

Share white population −5.04 (5.87)
Share family with child 37.78 (4.27) ***
Housing value (log) 18.23 (5.22) ***
Share LIHTC units -2 years

High income −4.85 (0.96) ***
Middle income −2.46 (1.12) *
Low income 2.04 (1.04) ***

D2 Share owner occupied −52.71 (4.06) ***
Share white population −182.54 (5.55) ***
Share family with child −4.79 (3.93)
Housing value −261.16 (7.41) ***
Share LIHTC units -2 years

High income −124.88 (12.47) ***
Middle income −70.93 (14.58) ***
Low income 73.35 (13.02) ***

Existing LIHTC unitsi -2 years
High income −3.67 (0.35) ***
Middle income −0.98 (0.39) ***
Low income 1.22 (0.37) ***

Existing LIHTC unitsj -2 years
High income −11.83 (0.61) ***
Middle income −1.72 (0.64) ***
Low income 1.73 (0.61) ***

Homeless targeted LIHTCi (1 if yes)
High income 1.67 (0.19) ***
Middle income 0.67 (0.23) ***
Low income −0.08 (0.22) ***

Homeless targeted LIHTCj (1 if yes)
High income 2.24 (0.25) ***
Middle income 0.7 (0.29) ***
Low income −0.46 (0.27) ***

Housing stock growthj 2.65 (0.1) ***
Neighborhood fixed effects Yes

Logit (Intercept) 2.85 (1.11) *
Number of housing unitsi (log) −0.75 (0.13) ***
Number of housing unitsj (log) −0.48 (0.12) ***
Physical distance (log) 1.76 (0.13) ***

Fit statistics Variance/mean 3.46
Overdispersion (α) 1.36 (z = 16.5) ***
Boundary likelihood ratio test (χ2) 6630.2 ***
Log Likelihood −80,960
AIC 163,996.2
Observations 227,700
Nonzero-observations (%) 23,463 (10.3%)

***, **, * denotes statistical significance at the 1%, 5% and 10% significance level.

We found a strong positive impact of the physical distance between neighborhoods in
the logit part, which revealed a strong barrier exerted by the physical distance in terms
of movement possibilities. Conversely, the strong negative coefficients of the number
of housing units indicated that the households moved within populous neighborhoods.
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Similarly, in the corresponding negative binomial portions, the distance had a significantly
negative effect on the number for residential mobility. A large number of housing units
contributed positively to the degree of residential mobility between two neighborhoods.

When considering socioeconomic distance variables, we found that movers were
more likely to move to neighborhoods with relatively higher shares of owner-occupied
homes, families with children, and higher median housing values. The share of the white
population was insignificant. However, the moves were deterred by larger socioeconomic
differences between the origin and destination as indicated in all of the significantly nega-
tive coefficients of squared terms of the socioeconomic distances. That is, the relationships
between socioeconomic distances and the number of movers exhibited concave or inverted
U-shapes, revealing that most households moved to and from neighborhoods that were
alike in terms of the socioeconomic characteristics.

Regarding the control variables, negative relationships were found between the flows
of high- and middle-income groups and the existing LIHTC projects, both in the origins
and destinations. The higher-income groups were neither pushed out by nor pulled in
by the existing LIHTC units. In contrast, there were positive relationships between low-
income movers and the existing LIHTC projects in the origins and destinations, while the
coefficient for a destination was slightly higher. It demonstrated that low-income movers
were more likely to move to neighborhoods with existing LIHTC projects compared to
other groups. Housing stock growth in destination neighborhoods significantly increased
the number of move-ins.

After controlling for all of the other potential determinants, the variables of interest
(the difference in the share of new LIHTC units and its squared term) indicated a linearly
positive relationship with moves of low-income households. Conversely, the high-income
group had a linearly negative relationship with new LIHTC projects. The middle-income
group showed a similar trend as the high-income group with a lower magnitude. That is,
low-income households valued neighborhoods with more new LIHTC units than those
they had lived in while a higher share of new LIHTC units in destinations served as barriers
to their higher-income counterparts.

4.3. Robustness Check

To check our model’s robustness, we ran the model separately for each income group.
We also conducted the same analysis in Table 2 with alternative definitions of income levels
and different time windows of LIHTC projects. Overall, the model appeared to be robust;
the resulting coefficients and model performance tests remained qualitatively the same
with minor differences in magnitude.

First, we ran the separate models for each group to examine whether the differential
impact of variables that did not interact in the model reported in Table 2 on each income
group changed the results (Table 3). While the directions of socioeconomic distance
variables were different from the combined model, the results supported the models with
all of the income groups: new LIHTC units are preferred by low-income movers in a
linearly positive shape while preventing high- and middle-income movers from moving in.
It is notable that low-income groups tended to prefer neighborhoods with smaller white
populations, families with children, and lower housing values, which was the opposite
of the combined model. The distance variable of the white population was significantly
positive for both high- and middle-income groups.
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Table 3. High-income vs. Middle-income vs. Low-income moves.

Variables High-Income Middle-Income Low-Income
Estimate (SE) Estimate (SE) Estimate (SE)

Negative binomial
(Intercept) −14.71 (0.53) *** −17.18 (0.35) *** −14.64 (0.32) ***
Number of housing unitsi (log) 1.08 (0.05) *** 1.1 (0.03) *** 1.08 (0.03) ***
Number of housing unitsj (log) 1 (0.05) *** 1.36 (0.03) *** 0.98 (0.03) ***
Physical distance (log) −1.61 (0.03) *** −1.32 (0.02) *** −1.19 (0.02) ***
D Share owner occupied 50.41 (8.21) *** 74.17 (4.55) *** −0.31 (3.99)

Share white population 78.04 (14.22) *** 34.8 (6.08) *** −7.77 (4.21)
Share family with child 47.31 (6.35) *** 3.03 (3.77) −9.36 (3.64) *
Housing value (log) 105.54 (8.99) *** 16.17 (4.96) ** −50.71 (4.27) ***
Share LIHTC units ±2 years −36.64 (10.34) *** −14.86 (5.19) ** 0.93 (3.28)

D2 Share owner occupied −10.85 (6.47) −19.46 (3.71) *** −41.53 (3.35) ***
Share white population −353.04 (18.07) *** −147.43 (6.19) *** −69.88 (3.8) ***
Share family with child 34.39 (5.42) *** 2.73 (3.49) −39.51 (3.54) ***
Housing value −155.48 (12.82) *** −182.63 (7.82) *** −149.94 (5.68) ***
Share LIHTC units ±2 years −117.77 (19.22) *** −73.51 (10.13) *** 68.11 (4.93) ***

Existing LIHTC unitsi −2.85 (0.4) *** −1.07 (0.17) *** 0.9 (0.1) ***
Existing LIHTC unitsj −8.96 (0.69) *** −0.86 (0.21) *** 1.12 (0.09) ***
Homeless targeted LIHTCi (1 if yes) 1.69 (0.22) *** 0.78 (0.13) *** −0.1 (0.1)
Homeless targeted LIHTCj (1 if yes) 2.87 (0.3) *** 0.65 (0.15) *** −0.02 (0.1)
Housing stock growthj 4.91 (0.23) *** 3.52 (0.15) *** −0.15 (0.15)
Neighborhood fixed effects Yes Yes Yes
Logit
(Intercept) 4.48 (3.94) 5.04 (2.59) −0.25 (1.25)
Number of housing unitsi (log) 0.01 (0.5) −1.32 (0.33) *** −0.44 (0.12) ***
Number of housing unitsj (log) −0.65 (0.42) −0.42 (0.26) −0.26 (0.14)
Physical distance (log) −1.58 (0.29) *** 2.1 (0.35) *** 1.67 (0.12) ***
Fit statistics
Variance/mean 4.54 3.72 2.76
Overdispersion (α) 1.33 (z = 6.51) *** 1.24 (z = 13.52) *** 1.27 (z = 14.55) ***
Boundary likelihood ratio test (χ2) 1532.8 *** 1587.8 *** 1835.6 ***
Log Likelihood −13,950 −29,060 −34,200
AIC 27,760.9 58,166.9 68,459.8
Observations 75,900 75,900 75,900
Nonzero-observations (%) 3641 (4.8%) 9015 (11.9%) 10,807 (14.2%)

***, **, * denotes statistical significance at the 1%, 5% and 10% significance level.

We then defined the low-income and high-income groups more strictly: (a) the low-
income group was those who earned less than 60% and 50% of the county’s median house-
hold income and (b) high-income movers were those who earned 2.5 times and 3 times
more than the county’s median household income (Table 4). By doing so, we attempted to
examine whether the low- and high-income groups in the final model are homogeneous
in terms of mobility patterns. The results were similar in both definitions. The difference
in the share of newly built LIHTCs had linearly negative associations with the flows of
middle- and high-income groups and a linearly positive relationship with low-income
movers. It is notable that the coefficients for the low-income group with stricter definitions
were higher than that with the original definition, and the coefficients for the high-income
group with stricter definitions were lower than in the model in Table 2. Furthermore, we
used (c) the different definitions of newly built LIHTCs for another robustness check: ±1
year (2010–2016) and ±0 year (2011–2015) that the move occurs. The results were also
similar in both cases. Regardless of the different definitions of new LIHTC projects, the
difference in the share of newly built LIHTCs had a linearly negative relationship with high-
and middle-income groups and a linearly positive relationship with low-income movers.
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Table 4. Robustness checks on model in Table 2.

Variables All Movers
Estimate (SE)

(a) Low-Income definition Low-income (<67%) Low-income (<60%) Low-income (<50%)
D Share LIHTC units

High income −4.85 (0.96) *** −4.87 (0.96) *** −4.9 (0.96) ***
Middle income −2.46 (1.12) * −2.72 (1.1) −2.66 (1.09) *
Low income 2.04 (1.04) *** 2.38 (1.04) *** 2.87 (1.05) ***

D2 Share LIHTC units
High income −124.88 (12.47) *** −125.44 (12.48) *** −126.4 (12.5) ***
Middle income −70.93 (14.58) *** −65 (14.35) *** −57.66 (14.12) ***
Low income 73.35 (13.02) *** 77.84 (13.05) *** 84.87 (13.1) ***

(b) High-Income definition High−income (>x2) High−income (>x2.5) High−income (>x3)
D Share LIHTC units

High income −4.85 (0.96) *** −5.74 (1.22) *** −5.61 (1.6) ***
Middle income −2.46 (1.12) * −2.66 (1.34) * −2.85 (1.69)
Low income 2.04 (1.04) *** 2.01 (1.28) *** 1.97 (1.65) ***

D2 Share LIHTC units
High income −124.88 (12.47) *** −151.37 (16.08) *** −173.88 (21.83) ***
Middle income −70.93 (14.58) *** −72.23 (17.63) *** −75.58 (22.93) ***
Low income 73.35 (13.02) *** 72.69 (16.51) *** 72.11 (22.14) ***

(c) Timing definition of LIHTC ±2 yr window ±1 yr window ±0 yr window
D Share LIHTC units

High income −4.85 (0.96) *** −5.63 (1.1) *** −5.32 (1.5) ***
Middle income −2.46 (1.12) * −2.82 (1.28) * −2.7 (1.69)
Low income 2.04 (1.04) *** 1.82 (1.18) *** 1.79 (1.57) ***

D2 Share LIHTC units
High income −124.88 (12.47) *** −171.91 (17.4) *** −279.13 (25.06) ***
Middle income −70.93 (14.58) *** −100.93 (20.13) *** −125.27 (28.06) ***
Low income 73.35 (13.02) *** 82.49 (17.79) *** 84.66 (25.32) ***

***, **, * denotes statistical significance at the 1%, 5% and 10% significance level.

5. Discussion and Conclusions

Our empirical findings suggested that LIHTC projects influenced citywide residential
mobility patterns and that the impact varied across income levels. Neighborhoods with a
relatively higher share of new LIHTC units were shunned by higher-income households
looking for new residences while being preferred by low-income households. Thus, new
LIHTC units might have been an amenity for low-income groups while being a disamenity
for higher-income groups. The results aligned with the prior study [16], which found
that homebuyers purchasing properties surrounding newly completed LIHTC units had
lower incomes than the local average in higher-income areas. Our analysis revealed the
presence of Nimbyism against the findings of Freedman and McGavock [23]. Housing
prices increased and high housing turnover in deprived neighborhoods reported in earlier
studies [16,17] were likely in accordance with inflow of low-income households with a
relatively higher earning, rather than part of the gentrification process [24] that replaced
lower-income residents by inflow of affluent residents. The results demonstrated that new
LIHTC projects, to some extent, contributed to alleviating poverty concentration in lower-
income neighborhoods, but that their contribution to income mixing was questionable
because higher-income households are less likely to move into neighborhoods with new
LIHTC projects. In our analysis, however, the existing LIHTC projects did not necessarily
function as a push factor for middle- and high-income groups, although they were not
pulled into neighborhoods with a higher share of existing LIHTC units. While the results
were possibly compounded by the concentrated location of LIHTC units in lower-income
neighborhoods, the results suggested that LIHTC units did not push higher-income house-
holds out of the neighborhood in the long term. In that sense, it calls for continued efforts
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to alleviate immediate opposition to new LIHTC developments, especially in affluent
neighborhoods (i.e., creative design approaches, campaigns, and mixed-income units).

Regardless of income level, households moved to affluent neighborhoods with more
homeowners and higher housing values in addition to a preference toward neighborhoods
with similar socioeconomic characteristics as those they used to live in. These results
supported and were well-aligned with existing arguments that residential mobility is
largely restricted by budget and housing market conditions [65,66], with a greater degree
of homophily (i.e., the tendency for people to be attracted to those who are similar to
themselves) [57,67]. The results also suggested the presence of underlying structural
barriers sorting income groups into specific neighborhoods.

Our analysis had several limitations that must be addressed in future studies. First,
the moves of low-income households include the moves of LIHTC tenants, which possibly
exacerbates the positive impacts of new LIHTC developments on the low-income group.
Second, the model did not capture the dynamics of neighborhood changes during the
time period of interest. While we assumed that there were no substantial changes in
neighborhoods to avoid endogeneity problems in our gravity models, there could have
been an interdependent impact of mobility on neighborhoods. In particular, a trend of
gentrification and depreciation could have compounded the impact of LIHTC units pre-
dominantly located in lower-income neighborhoods. Third, census tracts, a spatial unit of
the analysis, might have been too large to examine LIHTC’s impact on the surrounding
neighborhood. In earlier studies, less than one mile around LIHTC units was defined
as a neighborhood [9,17]. Future work will require a more sophisticated method of op-
erationalizing LIHTC variables with more disaggregated datasets and linking them to
intrinsic characteristics of housing as well as to micro-surroundings. Lastly, although our
results were robust, this study may not be generalizable to other US cities across time.
We suggest that future studies need to conduct a panel analysis to examine whether the
patterns discovered in the analysis were consistent across time and to explore other cities,
LIHTC contexts, and household types.

Nevertheless, this study offers two significant academic contributions. First, from
a methodological perspective, we demonstrate that gravity models can be useful for un-
derstanding residential mobility patterns within a smaller geographical scale, such as a
neighborhood or city. Our study adds empirical evidence for using gravity models to ana-
lyze intra-urban residential mobility, considering the interdependent relationship between
the origin and destination. Second, this study provides evidence that the current LIHTC
housing policy impacts, heterogeneously, peoples’ decisions to move by income level, and
therefore does not necessarily induce the creation of mixed-income neighborhoods that is
one of the main goals of US affordable housing policies [7]. Our analytical approach offers a
scientific framework to understand the impact of place-based housing policy on household
movement and neighborhood dynamics, thereby helping city officials, policymakers, and
planners to formulate supplemental programs and strategies to overcome the current
housing policy’s shortcomings.
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