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Why Small Is Better: Advancing the Study of the
Role of Behavioral Contexts in Crime Causation

Dietrich Oberwittler and Per-Olof H. Wikstrom

Abstract In this chapter we argue, both from a theoretical (Situational Action
Theory) and methodological (homogeneity of environmental conditions) point of
view, that small environmental units are preferable to large in the study of environ-
mental effects on crime.

Most empirical research in the field of communities and crime utilizes fairly
large spatial units of several thousand residents, such as U.S. census tracts or even
clusters of census tracts, thus evoking doubts about internal homogeneity. If geo-
graphical areas are heterogeneous in their environmental conditions, associations
between structural conditions, social organization, and outcomes such as crime may
be clouded or rendered insignificant. On the other hand, due to common financial
restrictions, choosing more units often (but not necessarily) imply fewer subjects
per units which may cause a ‘small number problem’, that is, that the predic-
tion of events as rare as crime will lose precision (compared to the use of larger
units with more subjects). The question then is how small can you go before this
potential problem outweighs the benefits of more homogeneous areas? This chapter
assesses the added value of using very small area units in a community survey on
environmental influences on crime. This survey was carried out in 2005 as part
of the Peterborough Adolescent and Young Adult Development Study (PADS+)
and covers the UK city of Peterborough and some rural surroundings. For the pur-
pose of this study, we used the smallest administrative unit which subdivides the
city, isolating 550 areas with about 300 residents each. We sampled an average of
13 respondents per unit for a total sample of 6,600 respondents. Multilevel analyses
and Raudenbush and Sampson’s (1999) ecometric approach are applied to compare
the aggregate-level reliability of survey scales on this very small geographical level
to the larger spatial level conventionally used for geographical analysis. The results
show a considerable increase in between-neighborhood variance, reflecting a higher
degree of homogeneity and statistical power for detecting particularly moderate to
weak area-level effects. We use the collective efficacy scale and its subscales to
illustrate these results.
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Introduction

The role of the social environment is probably one of the least understood aspects
of crime causation. One important reason for that is the lack of well-developed
theoretical models of how social environments influence individual acts of crime
and the development of crime propensity. Another important reason is the lack of
well-developed methodologies to study and measure the influence of social envi-
ronments on individual acts of crime and the development of crime propensity
(Wikstrom 2007a).

A major aim of the Peterborough Adolescent and Young Adult Development
Study (PADS+) is to advance theory and methodology in the study of crime causa-
tion, with a particular focus on the role of the social environment. A specific aim of
this chapter is to advocate, on theoretical and methodological grounds, the advan-
tages of using small area units to study the effects of the social environment on
human development and action.

PADS+ is based on a newly developed theoretical framework, the Situational
Action Theory (see Wikstrom 2004, 2005, 2006, 2007a, 2007b, 2007c; Wikstrom
and Treiber 2007, 2008) which is specifically designed to address the role of the
interaction between individuals and the social environment in crime causation. The
cornerstone of the theory is that individual actions (like acts of crime) are an out-
come of how people perceive their action alternatives and (on that basis) make
choices when confronted with the particularities of behavior-settings. A behavior-
setting may be defined as the part of the environment which an individual, at a
particular moment in time, can access with his or her senses, including any media
present (Wikstrom 2006).

According to the theory, only those individual and environmental characteristics
that (directly or indirectly) influence how people perceive action alternatives and
make choices are relevant to the study of crime causation. That is, those individ-
ual characteristics and experiences, and features of the environments to which an
individual is exposed, which (directly or indirectly) influence whether or not he or
she sees acts of crime as action alternatives and his or her choice to act upon such
perceptions are relevant factors in a theory of crime causation.

In brief, the theory proposes that crimes are moral actions (actions which are
guided by rules about what it is right or wrong to do) and have to be explained as
such. It further proposes that individual differences in morality (moral values and
emotions) and ability to exercise self-control, on the one hand, and the moral con-
texts (applicable moral rules and their enforcement and sanctions) of the behavior-
settings in which individuals take part, on the other, interact to determine what
action alternatives an individual will perceive, what choices he or she will make
and, consequently, what kind of action will follow (e.g., an act of crime). Individual
differences in crime involvement are thus, according to the theory, an outcome of
differences in individuals’ characteristics and experiences (morality and ability to
exercise self-control) and their exposure to particular behavior-settings (their moral
contexts). In other words, the theory proposes that some kinds of individuals in
some kinds of settings are more likely to commit crimes than others, depending on



2 Why Small Is Better 37

the interaction of their morality (and ability to exercise self-control) and the moral
contexts to which they are exposed. Individuals’ exposure to behavior-settings is,
according to the theory, not only directly relevant to their moral actions but also
(in the longer term) to the development of individual characteristics related to their
crime propensity (their morality and ability to exercise self-control).

This implies that individuals’ exposure to behavior-settings, and changes over
time in their exposure to behavior-settings, are key in understanding their crime
involvement, and changes over time in their crime involvement (i.e., individual
crime trajectories) because they affect the development and change of individuals’
crime propensities and exposure to environmental inducements and, particularly, the
interaction between the two.

The Situational Action Theory’s strong emphasis on the role of the social envi-
ronment (and its changes) in individuals’ involvement, and changing involvement,
in crime, highlights the need to adequately measure relevant aspects of the social
environment, and its changes. Therefore a specific aim of PADS+ is to utilize
better techniques (i) to measure relevant characteristics of the social environment
(behavior-settings) and (ii) to measure individuals’ exposure to different social envi-
ronments (their activity fields) than have been previously used in longitudinal stud-
ies of individuals’ crime involvement and its development and changes.

Since the theory proposes that human development and action is influenced by
the behavior-settings in which individuals take part, it is crucial to develop methods
to measure units that approximate behavior-settings. Because behavior-settings are
the parts of the social environment the individual can access with his or her senses,
these units have to be geographically small. Since the theory also proposes that it is
the moral context of behavior-settings that influences an individual’s moral action, it
is important to develop measures that tap into the moral context of the studied units.
In other words, the theory implies that we need to develop measurements which
capture the moral context of small units which approximate behavior-settings to
adequately study the role of the environment in crime causation.

The theory also proposes that it is the behavior-settings to which an individual
actually is exposed that are of relevance to his or her development and actions.
An individual does not, for example, only act and develop in the area surrounding
his or her place of residence (i.e., his or her neighborhood). Thus we also need to
develop techniques to measure individuals’ exposure to different behavior-settings
(within or outside their neighborhoods). The configuration of settings to which an
individual is exposed within a certain period of time may be referred to as his or her
activity field for that period (see further, Wikstrom 2005, 2006). To measure activity
fields we have developed a space-time budget technique which measures an indi-
vidual’s hourly exposure, over a specific time period, to different kinds of behavior-
settings, i.e., his or her activity field (Wikstrdm and Ceccato 2004; Wikstrom and
Butterworth 2006).

In this chapter, we will deal only with the problems related to advantages and
disadvantages of using small units of analysis in ecologically oriented research. The
equally important problem of measuring individuals’ exposure to behavior-settings
(through the space-time budget technique) will be dealt with elsewhere.
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The ‘Unit of Analysis’ Problem

The unit of analysis is rarely a problem when we study individuals. An individual is
defined by his or her body and when we study individuals we study characteristics
of their bodies (e.g., weight and height) or internal to their bodies (e.g., values and
emotions). Deciding on the best unit of analysis is also relatively uncomplicated
when we study action (such as acts of crime) because actions! are always taken by
individuals (an aggregate cannot act’) and therefore action is linked to the individual
(and to the individual as a unit of analysis). To study the influence of individual char-
acteristics and experiences on action is therefore usually straightforward in regards
to the basic unit of analysis (i.e., the individual).

However, the unit of analysis problem becomes much more complex when we
introduce the environment and particularly when studying environmental influences
on human action (such as acts of crime). There is no simple universal criterion to
define the boundaries of ‘the environment’ (or of what it consists). The environment
has to be defined in relation to something. What is a valid unit of environment
depends on the nature of the research.

If the research question concerns the study of environmental influences on action,
it is reasonable to argue that the valid unit of analysis is the part of the environment
(the behavior-setting) in which an individual actually takes part. However, this is
further complicated by the fact that individuals are not environmentally stationary
but move around in space and are therefore likely to be exposed to a range of differ-
ent kinds of settings (a generally neglected problem and one we will not deal with
further in this chapter).

Most studies of the role of the environment in crime causation operate on an
aggregate level, that is, the outcome variable represents aggregated data of indi-
vidual acts of crime occurring in a geographic unit (and sometimes some or all of
the predictors are aggregates of individual characteristics, such as mean income or
percent from a particular ethnic background). Using aggregates of action as out-
come variables (and, in addition, also using aggregates of individual characteristics
as predictors) when trying to assess the environmental impact on individual action
introduces numerous analytical problems.

To draw conclusions about causes of crime from aggregate associations between
environmental characteristics and acts of crime, one has to be able to justify at
least the assumption that the aggregate relationship holds up at the individual level
(because, strictly speaking, it is not possible to argue for a causal relationship at
the aggregate level, i.e., between aggregates). For example, if one studies the rela-
tionship between the level of informal social control and frequency of crime at the
area level of analysis and finds a relationship between people’s stated willingness to
intervene to prevent crime (e.g., percent willing to intervene) and crime (e.g., mean

I Action consists of all movements of the body (e.g., talking or hitting) under the guidance of the
individual (the latter implies the exclusion of reflexes).
2 Although individuals can, of course, act jointly.
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number of crimes committed per resident) it is not justifiable to argue that the mean
is causally dependent on the percent. However, this association may reflect a causal
relationship between individuals’ exposure to settings with a certain level of infor-
mal social control and their decisions in those settings (as a consequence of the
perceived level of informal social control) whether or not to commit acts of crime.

To avoid any misunderstandings, we do not argue that environmental (non-
individual) conditions (such as opportunity or social climate) cannot be the causes
of individual action. However, we do argue that ultimately it has to be shown (on the
individual level) that such environmental conditions are directly linked to individual
actions? (e.g., that individuals who commit more acts of crime actually have been
exposed more often to settings with poor informal social control, and crucially, that
their acts of crime actually have occurred in such settings).

A common problem in the study of aggregate relationships is knowing when it is
justified to argue that an aggregate relationship reflects a (causal) relationship at the
individual level. There are many important methodological issues to consider when
inferring individual-level relationships from the study of aggregate data (a common
problem in studies of environmental effects on acts of crime); although it is out of
the scope of this chapter to deal with them all, we will mention a few.

In this chapter we will focus on one important problem: the size of the envi-
ronmental unit of analysis. We advocate the (theoretical and empirical) advantages
of using small-scale units of measurement when studying environmental factors in
crime causation. We submit that this is important not only when analyzing data
on the aggregate level (using aggregated data as outcomes) but also when analyzing
corresponding relationship on the individual level. However, the empirical examples
we use in this study only refer to analyses on the aggregate level and are selected to
illustrate methodological points rather than present new substantive findings.

The dominant research tradition in the study of environmental influences on
crime is the study of neighborhoods and crime. The methodological discussions
in this tradition illustrate many problems related to the choice of units of analysis
and, in our opinion, support our view that smaller is generally better.

Neighborhood Studies of Crime and the Unit of Analysis Problem

Notwithstanding different theoretical approaches, various methodologies and often
conflicting results, the terms ‘community’ and ‘neighborhood’ in criminological
research generally imply that areas within cities (or somewhere on the urban-rural

3 Although this is a minimal criterion for causal dependency, it does not imply that such a rela-
tionship is potentially causal. One must also provide a plausible causal mechanism that would
explain why the environmental factor in question would cause (independently or in interaction)
an individual to act in a certain way (e.g., to commit an act of crime). And of course, being able
to manipulate putative causes and show that their outcomes vary as expected is the best way to
demonstrate causal dependency (but rarely a realistic possibility when studying environmental
influences on acts of crime).
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continuum) constitute discernable spatial entities characterized by certain features
of social organization which are relevant for behavior. While the collective social
organization or ‘social climate’ of communities has always been theoretically con-
sidered a relevant characteristic of the behavioral context — for residents or visi-
tors (Shaw and McKay 1942) — survey-based measurement of community social
organization started much later, really progressing only during the last decade,
both theoretically and methodologically (e.g., Kubrin and Weitzer 2003; Sampson
et al. 2002; Wikstrom and Dolmen 2001).

In community or neighborhood-based studies, the problem of defining area size
and boundaries is awkwardly inescapable and is typically solved pragmatically.
Empirical studies usually depend on ‘official’ data regarding the socio-demographic
and physical make-up of neighborhoods, and these data are normally available only
for pre-defined administrative units; therefore, most studies simply use these admin-
istrative units. In the context of U.S. cities, these units represent street blocks, census
blocks groups, or census tracts; in Britain, they represent electoral wards, enumera-
tion districts, or, more recently, output (and super output) areas. Similar definitions
and labels apply for other countries.

The problems connected with the choice of area units are well known in geog-
raphy and other spatially oriented social sciences under the heading ‘modifiable
area unit problem’ (MAUP) and have been debated extensively for decades. While
a review of this debate is beyond the scope of this chapter (see further, Bailey
and Gatrell 1995; Openshaw 1984; Openshaw and Taylor 1981; Reynolds 1998),
it is useful to consider the two basic problems identified and their relevance to the
study of the influence of environmental conditions on human action (such as acts of
crime).

First, the ‘zonation effect’ relates to the difficulty of drawing meaningful bound-
aries within an area which reflect rather than blur the spatial patterns of important
variables. For example, if an ethnic enclave is artificially cut in half by an adminis-
trative boundary such that the residents appear to live in two separate neighborhoods
amongst the native population, indices of segregation will grossly underestimate
the degree of segregation in this ethnic group. Social scientists using census and
other official data are hardly ever in a position to change administrative bound-
aries. However, it seems fair to say that boundaries have often been intentionally
defined to avoid such problems. The question then remains of how successful these
attempts to preserve ‘natural’ patterns have been. Moreover, even if the boundaries
follow ‘natural’ patterns for one dimension of segregation it is not certain it does
so for other dimensions of segregation. However, when the research task is to study
the influence by environmental conditions on human action, this problem is only
relevant insofar as the boundaries of the units under study are drawn in such way
so that they create large within-area heterogeneity in terms of the environmental
conditions under study. Regardless of how boundaries are drawn, the smaller the
units of analysis, the less likely it is that they will be significantly heterogeneous in
their environmental conditions.

The ‘scale effect’ or ‘aggregation effect’ (or ‘aggregation bias’) concerns the sus-
ceptibility of statistical results to changes in the size of units. If the magnitude or even
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the direction of correlations between relevant variables depends on the level of spatial
aggregation employed, results are less than robust and the question of which spatial
level is the most appropriate for analysis then arises. Smith et al. (2000, p. 494), for
example, discuss the possible interaction effects between routine activity variables
and individual risk factors for victimization. A concentration of non-residential land
use in one part of an area may be irrelevant for a household at the other end of this area
if the area is large, or if activity patterns are constrained. McCord’s et al. (2007) recent
study shows that respondents’ perceptions of neighborhood crime and disorder are
in fact systematically linked to the distance from their household to non-residential
areas within their neighborhood. On the whole, therefore, it seems fair to assume that
smaller geographical units are more homogenous, and hence more accurately measure
environments. In other words, smaller is better.

Contrary to the ‘zonation effect’, researchers can often choose between and com-
pare results using different spatial levels such as census blocks versus census tracts.
Some studies have investigated the ‘scaling effect’ or ‘aggregation bias’ by compar-
ing statistical analyses of socio-demographic factors and crime rates on two levels
of aggregation. Ouimet (2000) compared census tracts (averaging 3,500 inhabi-
tants) to groups of census tracts (‘neighborhoods’ averaging 21,000 inhabitants)
in an aggregate-level analysis of crime rates in the city of Montreal (Canada). He
found higher bivariate correlation coefficients, beta-coefficients, and R-squares for
the larger neighborhoods which he suggests is due to inflated random variation in
the smaller census tracts due to low absolute numbers of crimes. However, some
associations, such as that between subway stations and violent juvenile crime, are
stronger and more significant for the smaller census tract level. The effect of land
use patterns on crime may be attenuated by aggregating small area units to larger
but more heterogeneous units as discussed by Smith et al. (2000). Ouimet’s (2000)
decision to use larger ‘neighborhood’ units seems misguided, because by look-
ing exclusively at standardized coefficients, which reflect the amount of variation
around a regression line, he misses the likewise important information contained
in unstandardized coefficients, i.e., how strong a predicted effect is in terms of the
change of units. We will demonstrate this point in the empirical part of this chapter.

Wooldredge (2002) reported a similar comparison based on data from Cincinnati
(USA), which is divided into 129 census tracts and 48 neighborhoods. He employed
multilevel analysis, entering individual data on arrestees on the first level and con-
textual data on the second (tract or neighborhood) level. Two significant area-level
effects were rendered insignificant when switching from the smaller tract to the
larger neighborhood level. However, further tests revealed that the coefficients were
not significantly different. Wooldredge concluded that there were no substantial dif-
ferences between aggregation levels apart for the effects of aggregate sample sizes
(Wooldredge 2002, p. 699).

In the light of these results, Sampson’s (2006, p. 35) comment that ‘empiri-
cal results have not varied much with the operational unit of analysis’ and that
the social stratification of communities is ‘a robust phenomenon that emerges at
multiple levels of geography’ seems warranted. In fact, many survey-based studies
employ relatively large units of analysis such as census tracts (US) or wards (UK)
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which typically encompass 4,000—10,000 residents (e.g., Bellair 1997; McVie and
Norris 2006; Sampson et al. 1997). Only some studies, such as the Seattle Victim-
ization Survey (Miethe and Meier 1994) use smaller units, mainly street blocks. In
Ralph Taylor’s (2001) Baltimore study, some analyses are carried out on the street
block level, although the main focus remains on census tracts.

Statistical Power Considerations in Multi-level Sampling Designs

There is an additional reason why the ‘unit of analysis’ issue is of particular rele-
vance for survey-based community studies on crime causation. In contrast to studies
employing recorded crime data, which usually represent complete samples, survey-
based community studies using random samples of respondents are subject to the
problems of statistically inferring relationships using standard errors and signifi-
cance levels. Considerations of statistical power for hypothesis testing are more
complicated in multi-level studies where respondents are clustered in neighborhoods
(or other social groups) and hypotheses refer not only to individual-level effects
between respondents, but also to aggregate-level effects between neighborhoods or
cross-level effects between individuals and neighborhoods.

Recent methodological research has advanced knowledge concerning statistical
power analysis in complex survey designs (Murrey et al. 2004; Raudenbush 1999).
A detailed technical discussion of this research is beyond the scope of this chapter;
however, it is important for any community-based study working on a restricted
budget to balance the number of neighborhoods, and the number of individual
respondents within neighborhoods, surveyed in order to achieve an optimal sta-
tistical power to test hypotheses of interest (Snijders and Bosker 1999, p. 140).
Consider a study on community-level effects on crime which aims to measure the
social organization of all neighborhoods in a given city. Assume, for example, that
this study has resources to survey 1,000 respondents. These respondents may the-
oretically be allocated to 10 neighborhoods with 100 respondents each, or to 100
neighborhoods with 10 respondents each, or to any other combination of areas and
individuals within areas, depending on the existing levels of administrative units in
the city. Statistical power analysis for this task is complex and depends on the focus
of the hypotheses. However, generally and within certain limits, more statistical
power is gained by choosing more areas with fewer respondents rather than fewer
areas with more respondents (Murrey et al. 2004, p. 424; Snijders and Bosker 1999,
p. 152). This is mainly due to the large incremental increase in statistical power
for detecting significant area-level effects if the initial number of areas is small.
As Snijders and Bosker (1999, p. 140) remark, ‘requirements on the sample size
at the highest level. .. are at least as stringent as requirements on the sample in a
single level design’. Ten, fifty, or even hundred aggregate-level units still represent
a small sample size for multivariate analyses. Using simulation studies, Snijders
and Bosker (1999, p. 152) show that depending on the focus of the hypotheses, as
few as 8—15 respondents per area are sufficient to achieve statistical significance in
multi-level models including area-level effects.
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Taking together the issue of homogeneity of small areas and power consid-
erations for area-level sample size, we are not satisfied with Wooldredge’s and
Sampson’s conclusions that area size does not matter. Instead, we posit that using
smaller units of analysis has important advantages over using larger units. First, the
studies just mentioned clearly evidence differences, even if these were marginal.
Second, both studies started with units of analysis which were already quite large,
and therefore insufficiently homogenous for the measurement of behavioral con-
texts. Hence, the crucial question is whether geographical areas large enough to
encompass 5,000-8,000 inhabitants can approximate behavior-settings which influ-
ence human development and action in any meaningful sense. We would argue they
cannot. Thus, we deem it worth digging deeper into the issue of scale effects in a
multilevel framework which employs very small units of analysis averaging only
300 residents.

The Peterborough Adolescent and Young Adult Development
Study (PADS+)

The Peterborough Adolescent and Young Adult Development Study (PADS+) is
an ongoing Economic and Social Research Council (ESRC) financed longitudinal
study of young people’s development and crime involvement during adolescence
and young adulthood. The study includes 716 subjects randomly selected from a
cohort of young people who were 12 years old in 2003 and living in the city of
Peterborough (UK) or several surrounding villages.

The overall aim of PADS+- is to contribute to a better understanding of the causes
and prevention of young people’s crime involvement by studying (i) the interaction
between individual characteristics and experiences and the features of the social
environments in which young people develop and act and (ii) how these interactions
change and shape criminal involvement over two critical developmental phases:
adolescence and the transition into young adulthood.

The data collected in the Peterborough longitudinal study (PADS+) covers three
main topics: (i) the individual: his and her individual and social characteristics and
experiences (data is collected through an interview, interviewer-led questionnaires
and psychometric tests); (ii) the environment: the characteristics of different small-
area environments of Peterborough (data is collected through a community survey);
and (iii) individuals’ exposure to different environments in Peterborough (data is
collected using a Space-Time Budget technique).

The study has to date (2008) successfully completed five waves of data collec-
tion, with a 98% retention rate by wave five. Data was also collected via a special
community survey in 2005 which covered a random sample of the Peterborough
population and received responses from approximately 6,600 residents. The purpose
was to gather detailed information at a small area level (approximating behavior-
settings) about key environmental characteristics within the city and nearby villages
of Peterborough. The data used in this chapter is taken from the 2005 Peterborough
Community Survey (PCS)
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The Community Survey Data

The PCS was conducted in 2005. The sample is a clustered random sample of adult
residents living in the city of Peterborough and several adjacent villages. Peterbor-
ough has approximately 160,000 inhabitants. Respondents aged 18 and over were
randomly selected from the electoral register, which comprises 104,281 eligible
voters; 4.9% of the adult population in Peterborough is not included in the electoral
register, mainly because of non-British citizenship. In addition, 35% of registered
voters ‘opt out’ which means their address cannot be used for purposes like surveys.
It is generally assumed that those who opt out are more likely to be middle class and
have a better than average education.

The PCS used the smallest available administrative units called ‘output areas’
(OAs). OAs have been empirically derived using individual-level census data and
geographical and physical information to approach homogeneity both in terms of
socio-demographic composition and population size (Martin 2000). OAs, on aver-
age, have around 300 inhabitants. This means that in densely populated areas there
are more smaller OAs than in sparsely populated areas.

We grouped all OAs according to the official ‘Index of Multiple Deprivation’
(IMD) into ‘normal’ and ‘deprived’ OAs. The IMD is an overall index measuring
deprivation in seven domains, including income, employment, education, and health
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(Office of the Deputy Prime Minister 2004). Anticipating a lower response rate
in deprived areas, we randomly selected 22 addresses from ‘normal’ OAs and 33
addresses from ‘deprived’ OAs. Respondents were sent a 20-page questionnaire
and, if needed, a reminder letter. In OAs where we initially received less than 15
respondents, we sent up to four additional reminder letters. The overall response
rate was 53%. By oversampling respondents in deprived OAs and sending up to four
reminder letter to non-responding persons in OAs which lacked a sufficient number
of respondents, we counter-balanced the well-known effect of low response rates in
deprived areas. As can be seen in Fig. 2.1, this strategy worked well in the sense
that the absolute number of respondents does not co-vary with area deprivation. The
average number of respondents per OA was 12.8 (standard deviation 2.7).

In the questionnaire, we introduced questions on the respondents’ residential
areas as follows: ‘We would like you to think about the area within a short walking
distance (say a couple of minutes) from your home. That is the street you live in and
the streets, houses, shops, parks and others areas close to your home’. We intended
for this definition to focus respondents’ answers on the immediate area around their
homes (approximating the size of a behaviour setting).

Analytic Strategy

By asking respondents questions about their immediate area of residence, we intend
to measure collective properties of these local contexts. As with any social science
measurement, however, respondents’ answers will not represent a ‘true’ picture of
their area but will be biased and affected by measurement error to some extent. For
example, a respondent who spends little time in his or her immediate neighborhood
and does not care about his or her neighbors will probably know less about commu-
nity life than respondents who spend more time in their immediate neighborhood
and have more contacts with their neighbors. A very old respondent may evalu-
ate victimization risks differently from a younger respondent or may report less
alcohol-related disorder because he or she seldom leaves his or her home at night.
Some aspects of community life, such as social cohesion and trust among neighbors,
are more subjective and depend on individual experiences, while others, such as the
presence of litter in front gardens, are more objectively measurable, and depend less
on (but are not entirely independent of) respondents’ individual characteristics.

We start with some simple examples to illustrate the accuracy of responses by
exploiting external spatial information. In the questionnaire, respondents were asked
to state whether certain aspects of infrastructure like shops, police stations, etc. were
close to their homes. Figure 2.2 shows the percentage of respondents who reported
the presence of a police station in their local area as well as the actual location
of police stations (symbolized by stars). The close congruence, which was also
found for fire stations (graph not shown), shows that people were quite accurate
in reporting spatial aspects of infrastructure which we are able to check. We also
found, for example, a close spatial match between survey respondents’ frequency
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Fig. 2.2 External validation of respondents’ assessment of the vicinity of police stations

of reporting noisy neighbors and the frequency of police calls regarding nuisance
neighbors (finding not shown). These and other similar tests make us confident that
the respondents reporting of their observable local conditions are largely accurate.
However, in matters concerning latent dimensions of social organization, the same
opportunity for external validation does not exist.

The question then remains as to how we can evaluate the quality of survey data on
contexts and determine the degree to which respondents’ answers reflect the actual
social conditions of their common environment rather than their subjective views.
As in any kind of empirical research, data quality refers to validity and reliability.
Validity is the degree to which data actually measures what it is supposed to mea-
sure, while reliability is the degree to which a measure is consistent (or precise).

Until recently, the reliability of community-level survey data has been generally
neglected, as no standardized statistical tools comparable to scale reliability mea-
sures like Cronbach’s alpha existed. This has changed largely thanks to the ‘eco-
metric’ approach recently developed by Raudenbush and Sampson (1999) which
is specifically designed to assess the reliability of data on collective entities, such
as neighborhoods, schools, or companies. This statistical method is based on the
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idea, analogous to the concept of interrater reliability, that information given by
individuals concerning a common environment is reliable to the extent that it is
concurrent. If all respondents in a neighborhood answer questions identically, their
information is deemed perfectly reliable. On the other hand, if every respondent
gives a different answer, they do not provide a consistent picture of neighborhood
conditions. Raudenbush and Sampson call the consistency of residents’ reports on
their shared environment ‘ecological reliability’.

The same approach can be exploited to address the issue of homogeneity within
area units. If smaller output areas are more homogeneous in terms of environmental
conditions than larger super output areas (which represent clusters of smaller output
areas), then we can expect answers (the subjects’ observations) on the smaller spatial
level to be more similar, and hence more reliable.

Statistically, the measurement of ecological reliability is based on multilevel (or
hierarchical linear) modeling (Hox 2002; Raudenbush and Bryk 2002). One of the
basic features of multilevel modeling is a decomposition into within- and between-
group variance, where the share of the between-group variance represents the degree
of consistency of answers by members of the same group. The more concurrent
the answers from respondents in one area are, the lower the within-group variance,
and the higher the between-group variance. Computed from this variance decom-
position, the intra-class correlation coefficient (ICC) is defined as the share of the
between-group variance of the sum of between- and within-group variance. The
coefficient of ecological reliability called lambda is based on the intra-class coeffi-
cient weighted by the number of respondents, just as Cronbach’s alpha is weighted
by the number of items in a scale. Thus, the ecological reliability increases with
the number of respondents. Finally, using a Bayesian approach, estimates of group-
level values are ‘smoothed’ by pulling them towards the mean of all groups if the
reliability is low due to very few respondents (see below).

One of the important findings from Raudenbush and Sampson’s research is that
a relatively small number of respondents are sufficient to achieve a high reliability
of information on neighborhood conditions. Little incremental improvement of the
ecological reliability is observed beyond 30 or 40 respondents (Raudenbush and
Sampson 1999, p. 9). The fact that ecological reliability is dependent on the number
of respondents is particularly critical in the case of the PCS considering its relatively
low number of respondents per small OA. It is important to determine if an average
of 13 respondents is enough to achieve a reliable measurement of neighborhood
characteristics.

On the following pages, we will use the ecometric approach to assess the reli-
ability of survey scales measuring behavioral contexts in Peterborough comparing
smaller and larger area units. We will try to answer to what extent respondents’
observations represent concurrent and reliable views on their local area and how
much internal homogeneity is dependent on the level of aggregation. The ecometric
approach will enable us to assess the advantage of our sampling design based on
many very small units compared to more conventional designs which use fewer but
larger units. Subsequently, we will then investigate how both levels of aggregation
compare in multi-level regression models which include area-level effects. Here,
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the important question is whether the increase in area-level sample size enhances
the statistical power to detect significant effects.

We start with the smaller spatial units of output areas; in a second step, we com-
pare these results with those from larger spatial units (super output areas) and try
to assess the advantages and disadvantages of our focus on the smaller output area
level. We use the ‘social cohesion/trust’ and the ‘informal social control’ scales
which jointly constitute the ‘collective efficacy’ scale as an example. Incidentally,
the collective efficacy scale can theoretically be viewed as a measure of an area’s
moral context.

Results: ‘Social Cohesion/Trust’ and ‘Informal Social Control’
(Collective Efficacy)

Collective efficacy has emerged as an important dimension in recent community
research, consisting of questions about trust and cohesion among neighbors (social
cohesion) and the capability of neighbors to exert informal social control over mis-
behaving children and adolescents (informal social control). Sampson et al. (1997)
argued, in their seminal paper on the attenuating effects of collective efficacy on
violence in Chicago neighborhoods, that both aspects of collective efficacy — trust
among neighbors and their shared expectation about counteracting disorder and
crime — are so closely associated theoretically and empirically to justify a uni-
fied concept. Other studies and analyses keep these subscales separate or focus
on informal social control (Wikstrom and Dolmen 2001; Silver and Miller 2004;
Taylor 2002). We will do likewise, assessing each scale separately and look to infor-
mal social control as the dependent variable in the final analysis.

The first four items displayed in Table 2.1 were introduced in the questionnaire
as follows: ‘For each of the following, please state if it is very likely, likely, unlikely,
or very unlikely that people in your neighborhood would act in the following man-
ner.” Respondents were asked about the likelihood ‘that your neighbors would do
something about it’ if neighborhood children were skipping school, hanging out on
a street corner or spraying graffiti on a local building or, if they were fighting.

Confirming the results of previous studies, principal component analysis with
oblimin rotation of all nine items yields two closely related dimensions representing
social cohesion/trust and informal social control (Table 2.1). The two dimensions are
clearly correlated (r = 0.45 on the individual level, » = 0.77 on the area level). The
individual-level reliabilities are very high for both sub-scales of collective efficacy
(Cronbach’s alpha = 0.83).

To evaluate the ecological, neighborhood-level reliability of these scales, the first
step within multilevel modeling is to compute ICCs in a so-called ‘empty model’
without any individual-level predictors, comparable to variance decomposition in a
conventional analysis of variance. As reported in Table 2.2, about 19% of the vari-
ance of ‘social cohesion/trust’ and about 11% of the variance of ‘informal social
control’ is due to differences between output areas. Weighted by the number of
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Table 2.1 Principal component analysis of ‘collective efficacy’ scale (individual level, N = 6, 615
respondents)

Dimensions

‘informal social

control’ ‘social cohesion’
(Eigenvalue 4.4, (Eigenvalue 1.3,

Variables 48.5% variance) 14.5% variance) Extraction

Skipping school and hanging out 0.82 0.67

Spray-painting graffiti on a local 0.82 0.71
building

Fight in front of your house 0.77 0.59

Child showing disrespect to an 0.81 0.64
adult

People around here are willing to 0.34 0.57 0.62
help their neighbours

This is a close-knit neighbourhood 0.30 0.58 0.58

People in this neighbourhood can 0.74 0.67
be trusted

People in this neighbourhood -0.84 0.63
generally do not get along with
each other

People in this neighbourhood do -0.81 0.58
not share the same values

Cronbach’s alpha 0.83 0.83

Table 2.2 Variance components of ‘social cohesion/trust’ and ‘informal social control’ scales
(N =518 OAs with N = 6, 615 respondents)

Social cohesion/trust Informal social control
Empty Conditional Empty Conditional
model model* model model*
variance components 0.41126 0.40716 0.81604 0.81235
between respondents (r;j)
explained variance on - 1.0% of 0.41126  — 0.5% of 0.81604
respondent level
between areas (ugj) 0.09878 0.0891 0.10425 0.10042
explained variance on - 9.8% of 0.09878 3.7% of 0.10425
output area level
Icct 19.4% 18.0% 11.3% 11.0%
lambda (‘ecological’ 0.75 0.72 0.61 0.60
reliability)

4 Controlling for socio-demographic composition
b Intraclass correlation coefficient = rij/(uo +71;;)*100

respondents, this ICC translates to lambdas of 0.75 for ‘social cohesion/trust” and
0.61 for ‘informal social control’. Whereas the result for the former scale is very
good, the value for the latter is at best satisfactory. We can interpret these relia-
bility measures as showing that respondents are more concurrent in giving their
impression of social cohesion and trust in their area of residence than assessing the
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likelihood that their neighbors would intervene in situations of child and adolescent
misbehavior.

In the Chicago Project on Human Development in Chicago Neighborhoods’
(PHDCN) community survey (which uses substantially larger area units than
this study), the ICCs reported for the same scales were slightly higher, at 24%
for social cohesion/trust and 13% for informal social control (Raudenbush and
Sampson 1999, p. 8). In a community survey in two German cities using the same
scales (but, again, larger area units), the ICC was 17% for ‘social cohesion/trust’
and 10% for ‘informal social control’, mirroring findings from Peterborough
(Oberwittler 2003).

In a second step, individual-level variables are introduced to the multilevel model
to control for neighborhoods’ socio-demographic composition. If differences in
measurement between neighborhoods are mainly due to socio-demographic vari-
ables, for example, the fact that older respondents answer survey questions differ-
ently than younger respondents, or poorly educated respondents answer differently
than highly educated respondents, this would be reflected in the so-called condi-
tional model. The stronger the effect of individual-level variables, the more the ICC
would be reduced between the empty and conditional model. The second column
in Table 2.2 (‘conditional model’) reveals that socio-demographic variables have
only a very small effect on area-level measurements, reducing the ICC of ‘social
cohesion/trust’ by 10% and the ICC of ‘informal social control’ by 4%. Socio-
demographic variables also have a very marginal effect on within-area differences
between individual respondents (1% for ‘social cohesion/trust’, 0.5% for ‘infor-
mal social control’). This result underlines the fact that perceptions of area social
organization are largely independent of individual socio-demographic factors, and
thus area differences are hardly attenuated if controlling for respondents’ socio-
demographic composition. What really drives area differences in these dimensions
of collective efficacy, then, is the effect of the collective makeup of areas, such as
the concentration of social deprivation. We will turn to these collective dimensions
later.

In the case of Peterborough, an average of four to five output areas constitutes
one super output area. Any additional information gained on the smaller level can be
assessed by aggregating the survey data to the super output area level and comparing
the results from both (Fig. 2.3). If we look to the ecological reliability of the social
cohesion/trust scale, its ICC (share of between-group variance) is only 14% on the
superoutput areas (SOA) level compared to 19% on the smaller OA level, indicating
that SOAs are internally more heterogeneous.*

On the other hand, because there are more respondents per SOA unit, the ecolog-
ical reliability lambda rises from 0.75 to 0.91. The same holds true for the ‘informal
social control” scale. The ICC of ‘informal social control” drops from 11 to 8.5% if

4 However, it should be noted that the super output areas are still generally smaller (averaging
about 1,500 inhabitants) than the units commonly used in ecological studies. We would therefore
expect that the difference in heterogeneity would be even greater had our comparison with OAs
involved larger units than the SOAs.
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Fig. 2.3 ICCs and ecological reliability (lambda) of ‘social cohesion/trust” and ‘informal social
control’, OA and SOA levels compared (N=518 OAs, N=90 SOAs with N=6, 615 respondents)

one move from OA to SOA level; lambda, on the other hand, increases from 0.61 to
0.85.

Thus, one faces a trade-off between the (theoretically important) aim to target
small and homogenous areas approximating behavior-settings and the need for
sufficiently reliable measurements (methodologically important). The mean of 13
respondents per output area certainly marks the lower bound of a reasonable sam-
pling design. In the Chicago survey (PHDCN study), using much larger area units,
the average number of respondents per neighborhood cluster was 26 (Raudenbush
and Sampson 1999). As we will see below, a rather unintended positive side-effect of
lower reliability and larger measurement errors is the reduction in multicollinearity
between neighborhood-level variables.

We can achieve a more detailed picture on the gains in homogeneity on the
smaller OA level by utilizing multilevel analyses to build three-level models where
the variance is more accurately decomposed into shares of variance for each level.
In this model, level 1 represents respondents nested in OAs, level 2 represents OAs
nested in SOAs and level 3 represents SOAs. Figure 2.4 displays the results of this
variance decomposition. For both scales, the larger share of between-group variance
is between the SOAs, with around 30% of the additional variance lying between the
OAs within these SOAs. Thus, the heterogeneity between OAs within one SOA is
lower than the heterogeneity between SOAs. Still, there is a considerable increase
of around 30% in spatial homogeneity.
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Fig. 2.4 ICC’s of ‘social cohesion/trust’ and ‘informal social control’ in three-level models
N = 6,615 respondents nested in N = 518 OA’s nested in N = 108 SOA’s)

Multiple Regression Models with Area Level Predictors

How does the decision to use 518 smaller instead of 102 larger spatial units change
the results of substantive statistical analyses? We will explore this in this final sec-
tion by modeling stepwise multiple regression models on both levels of aggregation
with informal social control as the dependent variable (Tables 2.3 and 2.4). Models
on both levels are kept as similar as possible in order to facilitate the comparison and
to focus on the ‘scaling effect’. These models are pure area-level models because we
are dealing with area-level dimensions of social structure (measured by census data)
and social organization (measured by survey data). However, all survey scales are
empirical Bayes estimates (which ‘smoothen’ unreliable values at the extreme ends
of the distribution) adjusted for individual-level socio-demographic composition, as
recommended by Sampson et al. (1997).

The models are built in three steps. First, only structural (census) variables are
used to predict the outcome. In a second step, observed disorder and area neighbor
contacts are introduced, which are assumed to correlate negatively (disorder) respec-
tively positively (contacts) with expectations for informal social control. In the final
step, the predictive power of the second component of collective efficacy, social
cohesion/trust, is also tested. The ‘R squared change’ value indicates how much the
model improves with each step. We report unstandardized coefficients which can be
easily compared as all predictors have been standardized to a mean value of 0 and a
standard deviation of 1.

Comparing the models at the two levels of aggregation, the first thing which is
clear is that, on the whole, the results are concurrent. No predictor behaves in a
completely different manner or changes signs when moving from the smaller OA to
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Table 2.3 Aggregate-level OLS regression of ‘informal social control’ (N = 518 OAs with N =

6, 615 respondents)

1 2 3
N =518 OAs unst. B t-value  unst. B t-value unst. B t-value
Constant 3.172 3238 3.132  333.495 3.106 362911
deprivation (factor score) —0.096 —-9.896 —0.040 —4.008 —-0.011 —1.192
asian ethnicity (factor score) —0.034 2753 -0.012 —1.126 0.014 1.405
asian ethn. square 0.006 3.639 0.002 1.728 —0.001 =775
fluctuation —0.020 —-2.041 -—-0.014 —1.675 0.003 0.399
fluctuation * deprivation 0.015 1.681 0.011 1.374 0.007 0.942
fluctuation * asian ethn. —-0.015 —-2.147 -0.010 —1.604 —-0.006 —1.192
pop density —-0.070 —5.699 —0.037 —-3.349 -0.016 —1.597
non-residential land use —0.035 —3.430 —-0.018 —2.034 —-0.015 —1.909
R square 0.45
observed (youth) disorder - —0.118 —-11.110 —-0.072 —-7.131
neighbourh contacts - 0.041 5.135 0.011 1.518
neighbourh contacts * depriv. - -0.012 —-1.651 —-0.016 —2.359
neighbourh contacts * asian ethn — 0.015 2.776 0.017 3.570
R square change 0.13
social cohesion - - 0.132  12.085
R square change 0.09
Total adj. R square (F-value) 044 (51.5) 0.58 (58.2) 0.68 (80.4)

bold coefficients: p < 0.05; all predictors are z-standardized

Table 2.4 Aggregate-level OLS regression of ‘informal social control’ (N = 102 SOAs with N =

6, 615 respondents)

1 2 3
N =102 SOAs unst. B t-value  unst. B t-value  unst. B t-value
Constant 3.231  170.520 3.155 153.702  3.109 155.439
deprivation (factor score) —-0.175 —-9.055 -0.074 -3.051 -—-0.026 —1.096
asian ethnicity (factor score) —0.072 —-2.638 —0.019 —0.767 0.033 1.344
asian ethn. square 0.010 2,957  0.004 1.102 —-0.002  —0.761
fluctuation -0.017 —-1.083 -0.019 —1.361 -0.003 —0.252
fluctuation * deprivation -0.015 -0.805 -0.021 —-1.331 -0.011 —0.811
fluctuation * asian ethn. —-0.012 —1.018 0.000 0.038 —0.006 —0.657
pop density —0.042 —2.260 —0.038 —2.340 —0.015 —0.966
non-residential land use -0.014 —-0.768 —-0.018 —1.111 —0.021 —1.542
R square 0.76
observed (youth) disorder —0.129 —5.614 —0.083 —3.756
neighbourh contacts 0.024 1.785  0.005 0.416
neighbourh contacts * depriv. —0.004 —0.260 0.002 0.133
neighbourh contacts * asian ethn 0.020 1.856  0.012 1.260
R square change 0.07
social cohesion 0.146 5.261
R square change 0.04
Total adj. R square (F-value) 0.74 0.81 0.86

bold coefficients: p < 0.05; all predictors are z-standardized
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the larger SOA level (see Table 2.4). Thus Sampson’s assertion that most results are
robust across level of aggregation is at least supported by these empirical findings.
Yet differences are noticeable in the more subtle parts of the models, mainly con-
cerning the moderate and weak predictions. For example, in the first step there are
significant but weak effects of residential stability and land use at the OA level
which are insignificant at the SOA level. There is also a significant interaction effect
between residential instability and Asian ethnicity, suggesting that negative effects
on informal social control are exacerbated if both dimensions go hand in hand. In
the second model, the significant effect of neighborhood contacts as well as its inter-
action term between Asian ethnicity disappears when moving to the larger spatial
level.

It appears, then, that there is a general tendency for weaker, more subtle effects
to disappear when data in analyzed at a higher level of aggregation. This could
be due to watering down the degree of spatial homogeneity by aggregating small
areas. For example, if there are small ethnic enclaves or ‘pockets’ of non-residential
land use, their effect may be masked to the extent of non-significance if they are
lumped together with neighboring areas. More detailed research into geographical
micro-spaces would be needed to elaborate this hypothesis.

There is another, more technical reason why regression models on the lower
level of spatial aggregation yield more nuanced and complex findings. The statis-
tical power to detect significant effects of predictors necessarily increases with the
sample size of area units, which renders the standard errors of coefficients smaller.
This is reflected by higher t-values in the OA models reported in Table 2.3 compared
to the SOA models in Table 2.4. Logically, it is the more subtle effects on the lower
end of significance — like interaction effects typically are — which profit from this
increase in power. An important finding, therefore, is that a sufficient number of
area units are an important requirement for more complex modeling.

Finally, the share of explained variance (R squared) is considerably higher in
models on the larger SOA level than on the smaller OA level. This should, how-
ever, not be interpreted as a decisive advantage, as Ouimet (2000) did, since the
unstandardized coefficients are not affected by spatial aggregation. This effect can
be graphically illustrated in the scatterplots displayed in Fig. 5a and 5b. In both scat-
ter plots, the association between deprivation and expectations for informal social
control are overlaid for both spatial levels, where every dot represents one area. The
steepness of the regression line (the slope) represents the strength of the effect of
deprivation on informal social control. In Fig. 2.5a, the lines are virtually the same,
yet the cloud of dots is much more widely dispersed around the regression line on
the OA level; there are some particularly extreme outliers on both ends of the scale
which ‘disappear’ when the data is aggregated to the larger SOA level. It is important
to understand that although the correlation coefficient and the R squared value are
necessarily much higher at the SOA level due to less random variation, the predicted
effect of deprivation on informal social control (the steepness of the regression line,
formally expressed by the unstandardized beta coefficient) is practically the same.
This is the reason why a focus on correlation coefficients, standardized regression
coefficients, and value of R squared often is unhelpful and even misleading, and why
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Fig. 2.5a,b Scatter plots of the association between area deprivation and informal social control,
OA and SOA levels compared (N = 518 for OAs, N = 108 for SOAs and N = 6,615 for
respondents)

the information carried in the unstandardized beta coefficient is more meaningful if
one is interested in prediction.

However, the Bayesian approach to the estimation of group means does impact
the strength of the relationships at the smaller OA level. The scatter plot on the right
(Fig. 2.5b) displays the same association using the empirical Bayes estimates adjust-
ing for individual socio-demographic composition which we used in the regression
models. As one can easily see, in comparison to the ‘raw value’ on the left side, the
Bayes method ‘pulls’ the extreme values at both ends of the distribution towards the
mean for all neighborhoods, rendering the distribution of the OA level group means
more similar to that of the SOA level. This happens to the extent that outlying esti-
mates of group means are deemed unreliable, which has been shown to be a function
of low sample sizes of respondents within areas. As result of this, the regression
line is rendered flatter than that of the scatter plots using either the raw or the SOA
values. In effect, the empirical Bayes ‘smoothing’ procedure attenuates the empir-
ical association and proposes a more conservative estimate. This can be observed
in the regression models discussed above where the unstandardized coefficient of
deprivation is —0.175 at the SOA level but only —0.096 at the OA level. Generally
speaking, if the number of respondents per spatial unit is very small and estimates
of survey results become too unreliable, the Bayesian method built into multi-level
modeling software will tend to produce very conservative estimates which may in
extreme cases effectively ‘kill’ substantial results. However, the comparison of mod-
els shows that, on balance, more significant effects are observed at the lower spatial
level because the effect of increased statistical power due to a larger number of area
units is stronger than the effect of attenuated reliability of area estimates due to the
smaller number of respondents in areas.
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There is yet another side-effect of using smaller spatial units which enables more
nuanced and complex models and the testing of more differentiated hypotheses.
At the lower spatial level of OAs, there is a much higher degree of randomness
or random variation due to the ‘small number problem’ where a change of one or
two individual values can cause a significant change in rates. While this random
variation or random noise could be viewed as a nuisance, it also has the paradoxi-
cally positive effect of attenuating the problem of multicollinearity which hampers
aggregate data analysis in particular (Land et al. 1990). If independent variables are
strongly intercorrelated, with bivariate correlations greater than » = 0.70, the basic
task of multiple regression analysis (to disentangle the effects of intercorrelated vari-
ables) becomes very difficult. From this perspective, using data on a smaller level of
aggregation, where correlations are generally lower, can actually be advantageous
(Sampson and Raudenbush 1999, p. 625). At the SOA level, correlations between
deprivation, informal social control and social cohesion all surpass 0.80, whereas
they range between 0.60 and 0.80 at the OA level.

Conclusions

In this chapter, we have made a number of arguments about how to advance the study
of the role of the social environment in crime causation. We have, on theoretical
grounds (based on Situational Action Theory), criticized the common practices of
(1) using large area units and (ii) neglecting the importance of individuals’ exposure
to different kinds of environments (within and outside their neighborhoods). We
have advocated the use of small area units (which resemble behavior-settings as
closely as possible) combined with a measure of individuals’ exposure to differ-
ent behavior-settings (within and outside their neighborhoods) to advance empirical
study of the role of the social environment in crime causation. In this chapter, we
focused on exploring the pros and cons of using small area units. The equally impor-
tant problem of measuring individuals’ exposure to different environments will be
dealt with elsewhere.

First, we have shown that differences in subjects’ assessments of the environment
of their immediate area of residence (e.g., social cohesion, informal social control)
are in fact due to area characteristics and largely independent of respondents’ socio-
demographic characteristics, which gives us some confidence that we are actually
measuring environmental features when using small area units.

Second, we have demonstrated that the use of smaller area units produces more
homogenous observations of the environment (as judged by the ICCs), indicating
that the environment of smaller areas tends to be more homogeneous than that of
larger areas. It should be stressed that when we talk about a homogenous environ-
ment in this context we could, in fact, refer to heterogeneous characteristics, such as
ethnic diversity. For example, if all observers agree that an area is ethnically diverse
their observations are homogeneous although this aspect of their environment is
heterogeneous (but homogeneously heterogenic within its area boundaries). This
is an important point because heterogeneity in environmental conditions is often of
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particular interest in the study of the role of the environment in crime causation (e.g.,
diversity in aspects of the area’s population composition or land use). Thus when we
refer to area homogeneity this includes (within-area) homogeneous heterogeneity in
environmental conditions.

In our study, we compared area units averaging 300 inhabitants to area units
averaging 1,500. Many ecological studies use area units averaging between 5,000
and 8,000 inhabitants (and some even more) and we would expect that the observed
gain in area homogeneity using smaller area units would have been even more dra-
matic had our comparison involved such large units (although a city the size of
Peterborough could not have been divided into enough units of this size to allow the
ecometric analyses we have conducted).

Third, we have shown that an additional advantage of using more smaller area
units rather than fewer larger units is an increase in statistical power for detecting
significant area level effects. This result is in line with recent research on power anal-
ysis in multi-level survey designs showing that, in general, maximizing the number
of area units is preferable to maximizing the number of respondents within each
unit.

However, we have also demonstrated that using smaller areas with a lower num-
ber of respondents rather than fewer areas with more respondents inevitably affects
reliability (as judged by the lambdas), which is a methodological disadvantage. In
such case, the researcher must compromise between area homogeneity and relia-
bility. This compromise will preferably be taken based on relevant theoretical and
methodological concerns, such as aiming to approximate behavior-settings without
losing too much in terms of reliability of data.

In this context it should, however, be stressed that there are no reasons, in princi-
ple, why the use of smaller area units should imply lower numbers of respondents.
In practice, this is often the case generally because of financial constraints, which
are a reality in almost all empirical research. It is more expensive, for example, to
conduct a survey which has 30 respondents in each of 300 (small) areas than one
which has 30 respondents in each of 100 (large) areas. However, we have shown that,
on balance, the advantage of having more small areas (which are more homogenous)
outweighs the loss of reliability.

So why is smaller better? Small units of analysis are better on theoretical grounds
because they more closely approximate behavior-settings. Individuals’ actions and
development are only influenced by the environments they can access with their
senses and the part of the environment which individuals can access with their senses
is, arguably, generally small. Small units are also better from a methodological point
of view because smaller units are more likely to be homogeneous in terms of envi-
ronmental characteristics (although it is important to note that these homogenous
environmental characteristics, in fact, can constitute heterogeneity, such as ethnic
diversity or diversity in land use). Small units are also better because using more
small areas provides more statistical power than using fewer large areas, making it
easier to establish statistical significance. The only major drawback we have iden-
tified is that researchers may (purely for financial reasons) have to choose between
the number of units and the number of respondents per unit which they include in
a survey; opting for smaller units will mean they have fewer respondents per unit,
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which will affect the reliability of their estimates. By and large, however, in our
evaluation, in order to advance the study of the role of the environment in crime
causation small is certainly better.
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