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Abstract We sought to apply social disorganization/social capital theory to the prediction of
larceny victimization among community-dwelling residents. Based on social disorganization
theory, we empirically derived an index of “social distance” by calculating averaged differ-
ences in sociodemographic characteristics (social class, stage of life course, size of hometown
of origin) between residents. Our study was based on a postal questionnaire mailed to 1,000
residents of Arakawa Ward, Tokyo, Japan. Based on social capital theory, we also tested if
neighborhood-level social ties could buffer the association between social distance and larceny
victimization. Using multilevel analyses, we found that higher neighborhood-level social
distance was associated with increased larceny victimization, independently of the respon-
dents’ own background sociodemographic characteristics. Additionally, area-level supportive
networks buffered the adverse effect of social distance on larceny victimization. By contrast,
we also found that network size magnified the probability of victimization in neighborhoods
characterized by large social distances between residents.

Keywords Social distance . Crime . Social capital . Multilevel model . Japan

Introduction

Shaw and McKay’s (1942) social disorganization theory remains central to the field of
criminology, with recent theoretical extensions such as Bursik and Grasmick’s (1995)
systemic model and Sampson et al. (1997) theory of collective efficacy. Social disorganization
theory was originally developed to explain variations in the crime rate among neighborhoods
in US cities. The theory posits that, in neighborhoods characterized by marked heterogeneity
of residents’ characteristics (e.g., social class, race/ethnicity), common values are harder to
realize, and interactions among residents as well as effective social control become more
difficult. Such neighborhoods are also posited to suffer from higher crime rates. In previous
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American studies, it is suggested that racial/ethnic diversity in particular is an important factor
driving social disorganization (Green et al. 1998; Massey and Denton 1987; Sampson 1984; South
and Deane 1993). The degree of heterogeneity along additional dimensions such as incomes,
educational attainment, marital status, age, and hometown of origin is similarly hypothesized to
influence the level of interactions between residents (Elder 1999; Fischer 1982; Hipp and Perrin
2009; Simon et al. 1997), and social disorder is increased in such neighborhoods (Hipp 2010).

Evidence on the above findings has mainly accumulated in the USAwhere the population is
marked by considerable diversity, despite the degree of residential segregation. By contrast,
evidence on the interrelationships between resident heterogeneity, social disorganization, and
crime remains spare outside the USA. The purpose of the present study was to provide a
validation of social disorganization theory in a non-US context. We sought to examine whether
the degree of social heterogeneity between neighborhood residents was linked to crime
victimization in Japan. Because heterogeneity by race/ethnicity is extremely low in Japan,
race/ethnicity is not considered to be a major factor in social disorganization in Japanese
society (In fact, the National Census of 2005 revealed that only 1.2 % of people living in Japan
were classified as being of non-Japanese ethnicity.). Hence, the present study focused on
diversity along other social dimensions such as socioeconomic status, hometown of origin,
marital status, age, and presence of children.

Social Capital and Crime

A second strand of theory that we sought to examine was the hypothesized relationships
between social disorganization, social capital, and crime. According to the political scientist
Robert Putnam (1995), social capital consists of “features of social organization such as
networks, norms, and social trust that facilitate coordination and cooperation for mutual
benefit” (1995, p. 67). Close network ties within a group generate higher levels of trust and
give rise to the norm of reciprocity. Trust and reciprocity in turn encourage cooperative
behaviors that translate to the prevention of crime within communities (Putnam 1995, 2000).
In the field of criminology, a wealth of empirical data have demonstrated the relationships
between community stocks of social trust, network connections, social participation, and lower
crime rates (Kennedy et al. 1998; Lederman et al. 2002; Martin 2002; Messner et al. 2004;
Rosenfeld et al. 2001). Researchers have drawn a strong connection between social capital and
social disorganization theory. For example, Sampson (1988, 1995) identified paucity of social
capital as one of the characteristics of local communities that were socially disorganized and
showed that low social ties (friendship networks and social participation) and mistrust
hampered the ability of residents to exert effective social control over unsupervised or
delinquent youths who were at risk of committing crime. Based on Bursik and Grasmick’s
(1995) systemic model, Rose and Clear (1998) demonstrated that residential instability and
racial/ethnic heterogeneity adversely impacted the formation of social capital and thereby the
ability of the community to exercise social control over crime. Using General Social Survey
data, Rosenfeld et al. (2001) found that social capital encouraged both informal and formal
social control and thereby reduced crime victimization. Other researchers noted the conceptual
overlap between social capital and social disorganization, and together, they helped to explain
the effects of neighborhood structural features on crime rates (McCulloch 2003).

Bridging Social Capital and Social Disorganization Theory

One important distinction between social capital theory and social disorganization theory is
that the latter treats residential heterogeneity as an impediment to the realization of common
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values as well as the ability of the community to engage in collective action. In contrast, social
capital theory distinguishes between bonding and bridging forms of social capital (Bellair
2000; Putnam 2000). Bonding capital refers to the network resources generated by residents
who are similar to each other with respect to background characteristics such as social class
and race/ethnicity. Thus, socially organized neighborhoods—as originally described by Shaw
and MacKay—are those with strong bonding capital, characterized by residential homogene-
ity. However, social capital theory also posits that bridging forms of capital—i.e., network
resources generated by residents who are dissimilar to each other in terms of background
characteristics—might be effective from the point of view of crime prevention. At any given
level of social disorganization (i.e., neighborhoods with greater heterogeneity in the compo-
sitional characteristics of residents), we posit that the existence of bridging social capital tends
to buffer the deleterious effects of social disorganization on crime incidence. That is, in
neighborhoods where residents’ diversities are large, social capital has the potential to serve
as a lubricant that unites people who have different social backgrounds. Thus, the second
purpose of the present study was to explore whether social capital buffered influences of social
disorganization—in other words, whether the presence of social capital allowed disadvantaged
neighborhoods to “catch-up” to the level of non-disadvantaged neighborhoods in terms of
crime prevention.

In the present study, we used two types of social network measures as indicators of social
capital. The first is the number of supportive networks within neighborhoods that are engaged
in helping each other on a routine basis and attend neighborhood meetings together. Our
second indicator is the presence of passing acquaintances who greet each other on the street.
The latter can be rephrased as network size in the neighborhood. Having a lot of supportive
networks in socially disorganized neighborhood may connect people who have different
backgrounds and generate efficacy against crime. Broad network size in a socially disorga-
nized neighborhood may function as “weak ties” (Granovetter 1973) and allow the residents
time to foster ties with others in the broader community beyond their small neighborhood
(Hipp 2010).

The Types of Social Characteristics’ Diversity Influencing Crime

The purpose of testing the above ideas using Japanese data is to provide a test of the
generalizability of the findings reported mainly from Europe and America. Especially
American society is characterized by marked heterogeneity of race/ethnicity and social
economic status unlike the situation in Japan. However, because social diversity along
dimensions such as economic disparity has risen markedly in Japanese society during the past
two decades (Kuramitsu 2008; Otake 2005), it is important to conduct research on the effects
of heterogeneity on crime rates in Japan. Income inequality forms one obvious dimension of
social distance among residents in a locality. Income inequality increases crime by creating
strains and conflicts among people and decreasing interactions among neighborhood residents
(Hipp 2007; Morenoff et al. 2001).

While previous studies in Japan reported that wage inequality was associated with rates of
larceny and robbery (Park 1993a, b, 1994), there are few studies examining the effects of
diversity along other social dimensions. Educational disparity contributes to widening the
social distance between residents because schooling contributes to the formation of different
tastes and political opinions and hence less frequent social interactions (Hipp 2010; Bourdieu
1984). Age heterogeneity is yet another dimension of social distance because different birth
cohorts experience different life events that generate distinct attitudes and outlooks (Elder
1999; Hipp and Perrin 2009). Similarly, marital status and presence of children are also
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important factors determining social distance among neighborhood residents. Because people
who are married and parents who have children differ in their life styles and concerns from
those who are single or childless, they form distinct constituencies within a community whose
interests may (sometimes) be at direct variance from each other. For example, women with
young children develop their networks through events mainly at preschool (Small 2008).
Finally, hometown of origin may be a marker for distinct cultural identities (in Japanese
society, associated with different dialects, as well as regional customs and folkways) that may
set residents apart from one another (Wirth 1956a, b).

According to Hipp (2010), the degree of heterogeneity among neighborhood residents (and
hence, the extent of social disorganization of a community) can be operationalized and
quantified according to an index of “social distance,” calculated as the averaged difference
of all pair-wise comparisons of social characteristics among individuals residing within a
geographic boundary. The present study also used the index of social distance in order to
examine the effects of social characteristics’ diversity among residents (i.e., social disorgani-
zation) on crime in Japanese context.

Methods

Data

In 2009,wemailed a questionnaire survey to 1,000 residents ofArakawaWard in Tokyo, Japan. The
Arakawa Ward is located in northeastern metropolitan Tokyo and has a population of 191,207.
Subjects were chosen by a two-stage random sampling from among eligible voters. At first, we
randomly sampled 17 neighborhood areas from all 52 areas in ArakawaWard. In the second stage,
we randomly sampled 60 individuals from each neighborhood area. Finally, 20 people of our sample
were omitted because of move, demise, etc. The response rate was 50.6 % (n=496).

In order to explore the influences of contextual explanatory variables on crime, we
conducted multilevel analyses using both individual- and neighborhood-level data. The present
study’s neighborhood-level unit of analysis was choumoku that is a small areal unit of
neighborhoods in Japan (average areal size of target areas of this survey was 0.17507 km2).
The choumoku is comparable to towns and villages in the USA. In the analyses, we used data
from all respondents by imputing the missing values using a multiple imputation method. As a
result, we had 496 individuals nested within 17 neighborhoods.

Dependent Variable

In the present study, crime victimization was measured by asking whether respondents
experienced the following larceny crimes in their neighborhood in the past 5 years: burglaries,
auto theft, car break-in, and snatching of possessions. Respondents who have experienced at
least one of these were coded as 1 otherwise coded as 0.

Sociodemographic Variables

Perceived social class, educational attainment, size of hometown of origin, age, marital status,
and presence of children were selected as sociodemographic variables. Race/ethnicity of the
study participants was not included because of ethnic homogeneity (=native Japanese) in this
study population (As previously noted, in 2005, only 1.2 % of people living in Japan were of
non-Japanese ethnicity.).
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We measured respondents’ perceived social class as a proxy for household income because
response rates to survey questions inquiring about income are typically very low in Japanese
society (Mizoguchi 1992; Shigekawa 1997). Perceived social class was assessed by asking the
following question: “If current Japanese society is divided into five layers, which group do you
think you belong to?” Responses were selected from one of five predetermined categories (1 =
lowest, 2 = upper lower, 3 = lower middle, 4 = upper middle, 5 = high). We treated perceived
social class as a continuous variable in the analyses. Educational attainment was obtained from
responses to the question asking them to mark one response from six categories as their
educational background (1 = elementary school, 2 = junior high school, 3 = high school, 4 = 2-
year college/technical college, 5 = 4-year college, 6 = graduate school). The educational
attainment variable was treated as a continuous variable in the analyses. Size of hometown
of origin was assessed by responses to the item: “What size city were you living when you
were 15 years old?” Respondents were asked to mark one response out of three categories (1 =
village, 2 = small and medium cities, 3 = metropolis). For marital status, respondents who were
married and living with their spouse at the time of survey were coded as 1 otherwise coded as
0. For presence of children, we coded respondents who had children and were living together
at the time of survey as 1 and zero for those who did not.

In addition, as control variables, we measured sex of the respondents, duration of
residence in the community, and type of housing. For type of housing, detached (free-
standing) homes were coded as 1 otherwise coded as 0 (sex, duration of residency, and
the type of housing were not used for calculating social distance indices described below).

Calculating Social Distance Indices

To calculate the social distance index, each of the individual sociodemographic characteristics
were first transformed into z scores with a mean of 0 and standard deviation of 1. Following
the approach by Hipp (2010), individual-level social distance index was calculated with the
following equation:

sdij ¼ 1

K

XK

K¼1
xik−xjk
� �

ϕK

�� ��

That is where sdij is social distance between individual i and individual j. K represents the K
number of sociodemographic variables being measured. xik and xjk are the value of i’s
sociodemographic variable K and the value of j’s sociodemographic variable K, respectively.
ϕ is the weight assigned to each sociodemographic variable, whereas greater empirical
evidence might allow weighting ϕK differently for each measure; as with Hipp (2010), we
adopted the simplest assumption of weighting them equally. The difference of each
demographic variable between individual i and individual j was calculated, and the average
of them was used as the total social distance between i and j. The above calculation was
applied to all dyads nested within the same neighborhood. Although Hipp (2010) used 11
households derived from micro-neighborhoods as his “neighborhood-level” units and calcu-
lated the above social distances for all pair-wise comparisons among these 11 households, in
the present study, we calculated the social distance for all possible pair-wise comparisons
among people living in the same choumoku.

We used the average of social distance per individual as the individual-level social distance
variable. For the neighborhood-level, we used the average of the individual social distances
within each neighborhood. In the present study, in addition to the above social distance index
using all sociodemographic variables, we also examined indices derived from specific
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background variables such as “social economic status (SES)” (average of social distance of
perceived social class and educational background), “size of hometown of origin,” and “life
stage” (average of social distance of age, marital status, and presence of children).

The theoretically possible minimum value of social distance index is 0. A score of 0 social
distance index means that the respondent shares exactly the same values of sociodemographic
variables as his or her neighbors. We used absolute values of social distances; a high score on the
social distance index means larger differences between the participant and his or her neighbors in
the selected sociodemographic characteristics. Area-aggregated social distance variables indicate
the average degree of homo/heterogeneity among people living in the same neighborhood.

Social Capital Variables

For social capital variables, supportive network and network size were assessed. Supportive
network was measured by responses to two items: “Number of acquaintances who cooperate
with you on a routine basis” and “Number of acquaintances who go to neighborhood events or
meetings with you.” In the analysis, we used the sum of these two items. The size of personal
network was measured by responses to two items: “Number of acquaintances whom you greet
when meeting on the street” and “Number of acquaintances with whom you talk casually.”
Supportive network and network size are scale-free items. In the analyses, because distribu-
tions of this type of scale are power-low distribution or lognormal distribution (Barabasi 2002;
Watts 2003), we translated these network items into natural logarithms. We used these network
indices as individual-level independent variables and their average per choumoku as
neighborhood-level independent variables.

Statistical Analysis

First, we imputed the missing values by using a multiple imputation method. We conducted the
Data Augmentation method based on Markov Chain Monte Carlo (MCMC) using the mi
impute command in STATA, created 20 datasets in which the missing values were imputed,
and conducted our multilevel analyses using these 20 datasets.

Multilevel logistic regression model was used with individual-level as level 1 and the
neighborhood-level as level 2. The software used was STATA. A two-level, random-intercept,
and fixed-slope model was fitted. We conducted two analyses. First, we examined the main
effects of total social distance on larceny victimization at both the individual- and
neighborhood-level, as well as the interaction terms between neighborhood-level social
distance and the two network items. Second, we tested the main effects of each specific social
distance indicator (i.e., “SES,” “size of hometown of origin,” and “life course stage”) on
larceny victimization. In the analyses, individual-level perceived social class, supportive
network, network size, and social distance indices were centered on the group mean, and
those at neighborhood-level were centered on the grand mean. As previously mentioned, in the
analyses, we used 20 datasets in which the missing values were imputed by the Data
Augmentation method. Therefore, for descriptive statistics and odds ratios reported below,
the average values of estimators estimated from each dataset were used.

Results

Table 1 contains the descriptive statistics for individual-level variables. Because multiple
imputed dataset was used, each statistic shows the 95 % confidence interval (CI) instead of
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the standard deviation. Although the mean values of neighborhood-level variables (perceived
social class, supportive network, network size, and social distance indices) were little different
from those of individual-level because they were aggregated values of individual-level
variables, 95 % CIs were different between the levels.

The effects of the total social distance and their interaction effects with network variables on
larceny victimization are shown in Table 2. Although the variance inflation factors (VIF) in
this model were relatively high (the averages of the interaction terms’ VIFs estimated from the
20 datasets were 5.33 for the total SD×supportive network and 4.28 for the total SD×network
size), these values were lower than the recommended threshold value of 6 (Cohen et al. 2003).

As predicted, neighborhood-level social distance was significantly positively associated
with larceny victimization. However, there was no association between individual-level social
distance and larceny victimization. While the effects of neighborhood-level supportive net-
work and network size were not significant, we found a significant interaction between
neighborhood-level social distance and supportive networks. Interestingly, there was a positive
interaction between social distance and network size.

These significant neighborhood-level interaction effects are illustrated in Figs. 1 and 2. The
vertical axes show the predicted probability of larceny victimization when neighborhood-level
social distance and social networks were set to their minimum or maximum values, while all
other independent variables were held at the average values. These figures provide additional
support for the significant interaction effects between social distance and social networks.
Figure 1 suggests that neighborhood-level supportive networks buffer the adverse effects of
social distance on larceny victimization. By contrast, in a neighborhood where residents have a
more extensive web of weak ties, their risk of larceny victimization is increased in the presence
of greater social distance in the neighborhood (Fig. 2).

Next, we examined each specific dimension of social distance (Table 3). Because a full
model that simultaneously involved all specific social distance indices was not statistically
viable (due to multicollinearity), we analyzed each social distance index separately. Again,
although the interaction terms indicated relatively high VIFs, none of them exceeded the
threshold value of 6 recommended by Cohen et al. (2003).

Model 2 in Table 3 shows that social distance based on SES was associated with larceny
victimization. In addition, the interaction effects between SES social distance and social
network indices were marginally significant. This suggests that the adverse effect of larger
social distance based on SES is buffered by supportive social ties and, on the other hand, is
strengthened by mere acquaintanceship social ties. While social distance based on size of
hometown also shows a marginal positive effect on larceny in model 3, its interactions with
network variables were not significant. In model 4, life stage social distance also had
significant main and interaction effects on larceny victimization in the same way as in models
1 and 2.

Discussion

We summarize our key findings. First, all social distance indices (total social distance, SES
social distance, city size of hometown social distance, and life stage social distance) at the
neighborhood-level were independently associated with increased probability of larceny
victimization. That is, neighborhood-level social distance appeared to be associated with
higher risk of larceny victimization independently of the individual’s absolute values of
sociodemographic characteristics. For example, the result for SES social distance is consistent
with previous studies that examined the effects of income inequality on crime victimization in
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Japan (e.g., Park 1993a, b, 1994). The present study additionally demonstrated that neighbor-
hood diversity based on other social characteristics also affected the probability of residents’
crime victimization. Model 4 concerning life stage social distance (i.e., the diversity among

Table 1 Descriptive statistics

Items Mean 95 % CI

Individual-level variables

Perceived social class (1–5) 3.01 (2.92–3.10)

Educational attainment (1–6) 3.91 (3.82–4.00)

City size of hometown (1–3) 2.30 (2.23–2.37)

Age 48.46 (47.32–49.59)

Duration of residency 27.70 (25.98–29.42)

Supportive network 3.99 (3.47–4.51)

Network size 15.77 (13.83–17.71)

Total social distance 0.514 (0.506–0.521)

SES social distance 0.531 (0.517–0.546)

City size social distance 0.526 (0.508–0.545)

Life stage social distance 0.477 (0.464–0.490)

Neighborhood-level variables

Perceived social class 3.01 (2.99–3.04)

Supportive network 3.99 (3.88–4.08)

Network size 15.77 (15.20–16.00)

Total social distance 0.514 (0.511–0.517)

SES social distance 0.531 (0.526–0.534)

City size social distance 0.526 (0.522–0.536)

Life stage social distance 0.477 (0.473–0.482)

Items % 95 %

Sex

Male 46.5 (42.1–51.0)

Female 53.5 (49.0–57.9)

Marital status

Married and living with spouse 57.3 (52.7–61.8)

Other 42.7 (38.2–47.3)

Presence of children

Having children and living together 15.1 (12.0–18.3)

Other 84.9 (81.7–88.0)

Type of housing

Detached 49.9 (45.2–54.3)

Other 50.1 (45.7–54.8)

Larceny victimization

Victimized 14.0 (10.4–17.7)

Non-victimized 86.0 (82.3–89.6)

Individual-level n=496, neighborhood-level n=17
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residents’ age, marital status, and presence of children) also suggests that greater diversity in
residents’ life stage makes the community more disorganized. While diversities in some social
characteristics among residents in Japan are relatively smaller compared to the USA, our
findings confirm that neighborhood social distance also matters in the Japanese context. On the
other hand, we did not find that the individual-level indices of social distance were associated
with individual victimization.

The second major finding of our study is that neighborhood-level supportive networks
buffered the adverse effects of social distance on larceny victimization. In other words, the risk
from social distance becomes potentiated if neighborhoods do not have a lot of supportive
networks. This is consistent with the theory of bridging social capital, which posits that linking
social ties within a community can serve as a “glue” to bring together people who have
different social backgrounds, thereby assisting in the control of crime. Our findings are
consistent with previous studies on the relationship between social disorganization, social

Table 2 Multilevel logistic estimates for the main effect and interaction effects of total social distance on larceny
victimization

Independent variables Dependent variable: larceny victimization

Model 1

Odds ratio 95 % CI

Individual-level variables

Intercept 0.16* (0.03–0.97)

Sex (male = 1, female = 0) 0.51* (0.30–0.89)

Perceived social class 0.92 (0.57–1.50)

Duration of residency 0.99 (0.97–1.02)

Type of housing 1.29 (0.67–2.49)

Total social distance 1.15 (0.11–2.00)

Supportive networks 0.88 (0.57–1.47)

Network size 0.89 (0.61–1.29)

Neighborhood-level variables

Perceived social class 0.26 (0.04–1.68)

Total social distance 1.42* (1.04–1.94)

Supportive networks 1.11 (0.72–1.71)

Network size 0.99 (0.69–1.43)

SD × supportive networks 0.56** (0.36–0.85)

SD × network size 1.51* (1.02–2.24)

Random effect Variance component

Intercept 0.01

Level-1 n 496

Level-2 n 17

SD: social distance
** p<0.01, * p<0.05
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capital, and crime which have explored the importance of strong social ties for crime control
(e.g., Sampson and Groves’s (1989) local friendship networks). On the other hand, the main
effects of neighborhood-level network indices were not statistically significant. This finding is
not consistent with studies which reported that social ties in neighborhood helped to reduce the
number of crime or fear of crime (e.g., Bellair 1997; Ross and Jang 2000; Rountree and
Warner 1999).

Interestingly, we also observed that network size potentiates (rather than buffers) the
deleterious effect of total social distance, SES social distance, and life stage social distance
on larceny risk. That is, in the neighborhood that has many weak social ties, the risk from
social distance was increased. Although network diversity enhances certain positive actions
(e.g., the diffusion of information), it may also increase the opportunity for exposure to crime if
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Fig. 2 Interaction effect of neighborhood-level network size and total social distance on larceny victimization
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people’s social distance is large. Indeed Takagi et al. (2010) have previously shown that
network size at the neighborhood-level positively affected individual burglary victimization,
using Japanese empirical data. Although it was not a study specifically focused on social ties

Table 3 Multilevel logistic estimates for the main effect and interaction effects of each specific social distance
on larceny victimization

Independent variables Dependent variable: Larceny victimization

Model 2 Model 3 Model 4

Odds
ratio

95 % CI Odds
ratio

95 % CI Odds
ratio

95 % CI

Individual-level variables

Intercept 0.18† (0.03–1.03) 0.19 (0.03–1.11) 0.15* (0.03–0.94)

Sex (male = 1, female = 0) 0.50* (0.28–0.87) 0.50** (0.29–0.84) 0.49* (0.28–0.85)

Perceived social class 0.91 (0.57–1.47) 0.90 (0.56–1.44) 0.94 (0.58–1.53)

Duration of residency 0.99 (0.97–1.02) 0.99 (0.97–1.02) 1.00 (0.97–1.02)

Type of housing 1.25 (0.65–2.41) 1.20 (0.64–2.28) 1.23 (0.65–2.32)

SES SD 1.09 (0.37–3.53)

City size of hometown SD 0.54 (0.20–1.45)

Life stage SD 0.31 (0.28–6.60)

Supportive networks 0.90 (0.56–1.44) 0.91 (0.58–1.43) 0.91 (0.57–1.43)

Network size 0.89 (0.61–1.29) 0.90 (0.60–1.33) 0.89 (0.60–1.32)

Neighborhood-level variables

Perceived social class 0.22 (0.03–1.47) 0.21† (0.04–1.20) 0.38 (0.08–1.84)

Supportive networks 0.72 (0.46–1.11) 1.02 (0.60–1.74) 0.69 (0.37–1.29)

Network size 0.97 (0.65–1.47) 0.98 (0.65–1.48) 0.97 (0.66–1.46)

SES SD 1.62* (1.06–2.48)

SES SD × supportive networks 0.56† (0.31–1.01)

SES SD × network size 1.62† (0.94–2.79)

City size of hometown SD 1.37† (0.98–1.92)

City size of hometown
SD × supportive networks

0.72 (0.38–1.34)

City size of hometown
SD × network size

1.10 (0.66–1.84)

Life stage SD 1.70*** (1.34–2.14)

Life stage SD × supportive networks 0.40** (0.23–0.70)

Life stage SD × network size 2.50** (1.30–4.78)

Random effect Variance component Variance component Variance component

Intercept 0.01 0.01 0.01

Level-1 n 496 496 496

Level-2 n 17 17 17

SD: social distance
*** p<0.001, ** p<0.01, * p<0.05, † p<0.10
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among community-dwelling adults, Patacchini and Zenou (2008) showed that criminal be-
havior among teenagers was influenced by their weak ties who were not their friends. They
found that increasing the percentage of weak ties induced more transitions from non-crime to
crime and thus the crime rate in the economy increased. That is, an abundance of weak ties
increases the opportunity to access people who exhibit criminal tendency or who hold
information that is relevant to crime. This may be applicable to the neighborhood context—
i.e., in neighborhoods with an abundance of weak ties, informal social control may be
hampered and the adverse effect of social distance may be magnified due to an increase in
undesirable contacts, interactions, and information.

There are two implications of the present study. First, our findings suggest that the rise in economic
disparities in Japan during the last two decades will have an adverse impact on rates of crime
victimization. Our findings also suggest that crime victimization may also arise because of social
heterogeneity induced by factors other than income andwealth—such as the influx of foreignworkers.

Second, our findings suggest that local social ties can buffer the impact of social distance. In
Japan, a direct relationship between social capital and crime has been empirically hard to
demonstrate. Many studies using Japanese data have failed to detect a relationship between
neighborhood-level social ties and individual-level crime victimization. In the present study,
we focused on the interaction effects between social distance and supportive network, and we
showed that social ties are significantly protective in places where social distance is high.
Research on social capital has been developed primarily in European and American societies
where social diversity is relatively high compared to Japanese society. The present paper
suggests that in Japan, social ties are also important for protection against crime, but they are
important when interacted with local social heterogeneity.

Two limitations should be noted about our study. First, the analyses were cross-sectional and,
hence, we could not exclude the possibility of reverse causality. To some extent, people choose
where to settle, and it is possible that people who wish to live in safety sort themselves into
neighborhoods where they can be surrounded by others who share similar sociodemographic
characteristics (and with whom they can socialize). Prospective studies that take into account
this type of selective mobility would help to strengthen causal inference. The second limitation
of the present study is that the sample was derived from just one metropolitan area in Japan.
That is, our sample was not a representative sample of people in Japan. Our findings may not
generalize to other areas or neighborhoods with different population characteristics.

In summary, we have found an association between neighborhood social distance and
larceny victimization in Japanese society which is characterized by relative homogeneity
compared to American society. Additionally, we have revealed that supportive networks in
neighborhood can potentially buffer the detrimental effects of social distance on crime
victimization (while network size magnifies it).
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