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ECOMETRICS: TOWARD A SCIENCE
OF ASSESSING ECOLOGICAL
SETTINGS, WITH APPLICATION

TO THE SYSTEMATIC

SOCIAL OBSERVATION

OF NEIGHBORHOODS

Stephen W. Raudenbush*
Robert J. Sampsont

This paper considers the quantitative assessment of ecological
settings such as neighborhoods and schools. Available adminis-
trative data typically provide useful but limited information on
such settings. We demonstrate how more complete information
can be reliably obtained from surveys and observational studies.
Survey-based assessments are constructed by aggregating over
multiple item responses of multiple informants within each set-
ting. Item and rater inconsistency produce uncertainty about the
setting being assessed, with definite implications for research de-
sign. Observation-based assessments also have a multilevel er-
ror structure. The paper describes measures constructed from
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2 RAUDENBUSH AND SAMPSON

interviews, direct observations, and videotapes of Chicago neigh-
borhoods and illustrates an “ecometric” analysis—a study of bias
and random error in neighborhood assessments. Using the ob-
servation data as an illustrative example, we present a three-
level hierarchical statistical model that identifies sources of error
in aggregating across items within face-blocks and in aggregat-
ing across face-blocks to larger geographic units such as census
tracts. Convergent and divergent validity are evaluated by study-
ing associations between the observational measures and theo-
retically related measures obtained from the U.S. Census, and a
citywide survey of neighborhood residents.

This paper addresses the challenge of assessing the social and physical
properties of ecological settings, especially the neighborhood. Most pub-
lished research on neighborhoods relies on data collected by administra-
tive agencies for other purposes, principally the U.S. decennial census.
Measures gleaned from the census typically cover socio-demographic
factors such as poverty, family structure, unemployment, and racial com-
position. Other sources of administrative data often aggregated to the
neighborhood level include government crime reports (e.g., the FBI’s
Uniform Crime Reports), vital health statistics (e.g., rates of infant mor-
tality; suicide), records of social-service agencies (e.g., public assistance
caseloads), and school records (e.g., dropout rates; average test scores).

Although much can be gained from these administrative sources,
they are not helpful in revealing unofficial behavior (e.g., undetected
crime, disorder) and the social-organizational processes that lie behind
neighborhood demography. Mayer and Jencks (1989) have argued that if
neighborhood effects on social outcomes exist, presumably they are con-
stituted from social processes that involve collective aspects of commu-
nity life. To date, however, theories emphasizing collective processes
such as neighborhood social control and cohesion have rarely been trans-
lated into measures that directly tap hypothesized constructs. Common
sources of administrative data also poorly capture the physical proper-
ties of neighborhoods such as the markings of gang graffiti, the density
of liquor stores, and abandoned cars.

A key focus of this paper is on the statistical methods needed to
evaluate the quality of such ecological assessments. Two data collection
strategies will be considered: (1) the neighborhood survey and (2) the
direct observation of physical conditions and social interactions occur-
ring within neighborhoods. We concentrate primarily on the second ap-
proach, as it is the more novel of the two and illustrates all of the basic
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principles involved in assessing reliability and validity. However, we shall
briefly review work on the neighborhood survey and compare measures
generated from survey work with those derived from direct systematic
observations.

1. FROM PSYCHOMETRIC TO “ECOMETRIC” STANDARDS

It is tempting to describe the problem at hand as the need to understand
“the psychometric properties of ecological measures.” But this awkward
phrasing merely reveals the individualistic bias of modern social science,
underscoring the need to take ecological assessment seriously as an enter-
prise that is conceptually distinct from individual-level assessment. Eco-
logical constructs need not be merely the aggregate of individual ones, and
thus we seek to understand what we call the “ecometric” rather than psy-
chometric properties of ecological measures. We show that “ecometric
assessment,” while borrowing tools from the rich tradition of psychomet-
rics, has its own logic.

Moreover, without a coherent strategy for evaluating the quality of
ecological assessments, a serious mismatch arises in studies that aim to
integrate individual and ecological assessments. The assessment of indi-
vidual differences, building on decades of psychometric research, em-
ploys measures that have withstood rigorous evaluation. This is especially
true of measures of cognitive skill and school achievement, but it extends
as well to measures of personality and social behavior. These measures
have been thoroughly evaluated in many studies; each scale includes many
items; ill-performing items have been discarded; and psychometric prop-
erties have been found to hold up in many settings. Without comparable
standards to evaluate ecological assessments, the search for individual and
ecological effects may overemphasize the individual component simply
because the well-studied psychometric properties are likely to be superior
to the unstudied ecometric ones.

The history of psychometrics is indeed instructive to our case. Be-
ginning in the early years of this century, educational psychologists, stat-
isticians, and others launched a new realm of applied social science destined
to have a profound impact on modern society: the assessment of human
ability and personality. An enormous demand arose for standardized tests
that seemed to offer a meritocratic basis for selecting persons for advanced
schooling, for employment, and for specializations within the armed forces.
The testing movement that resulted made permanent contributions to sta-



4 RAUDENBUSH AND SAMPSON

tistical methodology, including correlational and factor analysis, and pro-
duced a branch of applied statistics called psychometrics that has come to
dominate thinking about the reliability and validity of measurement in
social science.

In contrast, until recently there has been no parallel effort to create
a scientific basis for the methodological assessment of human ecological
settings such as neighborhoods and schools. While there have been many
studies of organizational climate (cf. Pallas 1988), one rarely encounters a
rigorous evaluation of the reliability or validity of such measures, nor are
standard errors of measurement associated with them. Measures of orga-
nizational climate, ironically, have historically been studied psychometri-
cally at the level of the individual respondent rather than “ecometrically”
at the level of the organization, even when the analysis used the organiza-
tion as the unit of analysis in structural models (Sirotnik 1980). As part of
alarger study of individual and ecological correlates of social behavior, we
are engaged in a multipronged effort to assess neighborhoods as important
units in their own right. In approaching the problem of ecometric assess-
ment, we borrow, integrate, and adapt three analytic strategies that are
prominent in modern psychometrics: (1) item response modeling, (2) gen-
eralizability theory, and (3) factor analysis.

Item response models conceive the probability of a correct response
to an item on a test as a function of the ability of the examinee and the
difficulty of the item (Lord 1980; Rasch 1980). Assuming all items repre-
sent the same ability domain, difficult items will be answered correctly
less often than will easy items. Similarly, given the difficulty of the item,
more able examinees will obtain a correct response with higher probability
than will less able examinees. If the model is sensible, it will generate an
interval scale along which every item and every examinee can be located.
A visual examination of this “item map” provides useful clues about the
construct validity of the test, because one can assess whether the empiri-
cally estimated item difficulties conform to cognitive theory regarding the
sources of item difficulty. It is also possible to identify misfitting items
(e.g., difficult items frequently solved by persons of low ability) and mis-
fitting persons (e.g., able persons who frequently miss easy items). Such
analyses form a basis for discarding poor items and assessing the overall
quality of the scale. The analysis produces a measure of scale reliability
and a standard error of measurement for each examinee (Wright and Stone
1979).
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Generalizability theory enables the study of multiple sources of
measurement error in an assessment (Cronbach et al. 1972; Brennan and
Kane 1979). Suppose, for example, that an examinee is asked to write an
essay on Saturday morning and that the essay is rated by a single rater.
Possible error sources would be day of week, time of day, the specific task
(e.g., the topic chosen for the essay), and the rater. A generalizability study
might assess persons on several days of the week and times of day and on
varied tasks, with essays read by multiple raters. Such a study would pro-
vide not only a summary measure of reliability but also an estimate of the
magnitude of each component of error. It would presumably influence
future assessments. For example, if tasks and raters produce large error
variance, future assessments might require essays on several topics, each
to be rated by two raters, thus averaging over task and rater errors, and
achieving an acceptable level of reliability. However, the design of future
assessments would depend heavily upon their use. For example, if the
writing task were used as part of a program evaluation, it might be cheaper
to sample more examinees in each comparison group rather than to hire
more raters or to require more tasks per examinee. A generalizability study
would specify the sample size per group required to achieve a given reli-
ability of the program group mean.

Factor analysis enables a determination of the interrelationships
among measures. Often studies collect data on a fairly large number of
measured variables. However, these variables may in fact reflect variation
in a smaller number of latent variables or factors. Confirmatory factor
analysis enables one to test a priori hypotheses about the associations
between underlying factors and observed variables (Joreskog and Sorbom
1988). Often a factor analysis lays the basis for a parsimonious represen-
tation, and this can be particularly important in the case of ecological
measurement. Typically the sample size of ecological units is small and the
intercorrelations among ecological variables high. Thus a parsimonious
representation of variation at the ecological level may be essential for mean-
ingful analysis and interpretation.

With this backdrop in mind, we now turn to the description of two
forms of ecological assessment that are not yet standard in social science.
We begin with a brief consideration of survey-based measures of ecolog-
ical settings, where experience has accumulated rapidly in recent years.
Building on the survey approach, we then turn to an extended treatment of
the more novel technique of systematic social observation.
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2. ASSESSING SURVEY-BASED MEASURES OF
ECOLOGICAL SETTINGS

The problem of measuring high school climate provides a useful lead-in to
considerations of using survey questionnaires to assess neighborhoods.
Raudenbush, Rowan, and Kang (1991) analyzed national survey data yield-
ing questionnaire responses from 15 to 30 teachers in each of about 400
schools. Dimensions of climate included teacher control over the condi-
tions of instruction, teacher collaboration, and administrative support. Mul-
tiple Likert scale items tapped each of these constructs. The investigators
used a three-level hierarchical statistical model to assess sources of mea-
surement error.

At the first and lowest level of aggregation, item responses within a
given scale varied within a teacher around that teacher’s “true perception.”
The source of variation at this level was item inconsistency. At the second
level, the “true perceptions” on each scale varied among teachers within a
given school around the school’s “true score.” Here the variation reflected
individual variation in perceptions. At the third and highest level of aggre-
gation, school “true scores” varied around a grand mean. This analysis
strategy enabled Raudenbush et al. (1991) to estimate (1) the reliability
with which teacher perceptions vary; but more importantly, (2) the relia-
bility of the school-level measures of each aspect of climate; and (3) the
correlation structure at the teacher level and at the school level among the
three climate dimensions.

The analysis just described was in fact a generalizability analysis,
laying the groundwork for assessing how adding items to each scale or
sampling more teachers per school would increase the reliability of assess-
ment of either persons (teachers) or ecological units (schools). The analy-
sis showed that adding items was far more useful in improving teacher-
level reliability than in improving school-level reliability. Viewing teachers
as raters of the school, school-level reliability relies principally upon the
degree of rater agreement and the number of raters per school. The analysis
thus aids in determining the needed sample size of teachers per school to
achieve a given school-level reliability on each climate dimension and
helps in allocating resources between investing in more data collection per
teacher (through more items) or more teachers per school. The analysis
also involved a multilevel principal components analysis that revealed the
number of reliably varying dimensions of school climate, in addition to,
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and distinct from, the number of reliably varying dimensions of teacher
perceptions. A further extension might have involved multilevel factor
analysis (Muthen 1991, 1997).

A similar logic may be applied to the use of interviews to measure
social organizational aspects of neighborhoods. Sampson, Raudenbush,
and Earls (1997) used a multilevel research design (described below) to
construct and evaluate measures of neighborhood social organization.
Within each of 343 Chicago neighborhoods, between 20 and 50 house-
holds were selected according to a multistage probability sample. The total
sample size was 8,782, with a response rate of 75 percent. Within each
household, a randomly chosen adult was interviewed concerning condi-
tions and social relationships in the local neighborhood. Sampson et al.
(1997) employed a three-level hierarchical model (formally presented in
Raudenbush and Sampson [forthcoming] ) to investigate the statistical prop-
erties of neighborhood measures of social cohesion and informal social
control. The analysis yielded estimates of item inconsistency within each
scale, interrater agreement on each scale, and an overall estimate of the
reliability of measurement of each scale.

This analysis is extended in Table 1, which displays five scales
that tap theoretically relevant aspects of the physical and social proper-
ties of neighborhoods as perceived by Chicago residents. The table also
includes the items composing each scale, the interrater agreement, and
the scale reliability at the neighborhood level. Interrater agreement is
measured by an intraneighborhood correlation coefficient (ICC)—that
is, the ratio of between-neighborhood variance to the sum of between-
and within-neighborhood variance, where the variance attributable to item
inconsistency has been removed. In essence, these ICCs capture the ex-
tent to which assessments of the “ego-defined” neighborhood, as con-
ceived by the individual rater, are correlated within the physical spaces
defined a priori as neighborhoods.

Table 1 reveals that the ICCs are modest, ranging from .13 for in-
formal social control to .36 for social disorder. Because these correlations
are variance ratios, it is clear that in no case does most of the variation in
ratings lie between neighborhoods. The relatively modest ICCs are similar
to those found in other studies looking at contexts such as schools and even
families. Duncan and Raudenbush (1997:10) advise caution in interpret-
ing small ICCs, as effect sizes commonly viewed as large translate into
small proportions of variance in individual outcomes explained by neigh-
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TABLE 1
Selected Variables from the PHDCN Community Survey (8,782 respondents,
343 neighborhood clusters)

Scale ICC Reliability
Social Disorder .36 .89
Litter
Graffiti
Vacant or deserted houses
Drinking in public
Selling or using drugs
Teenagers/adults causing trouble
Perceived Violence .25 .82
Fights in which a weapon was used
Violent arguments between neighbors
Gang fights
Sexual assaults
Robbery
Social Cohesion 24 .80
Close-knit neighborhood
Helpful people
People get along with each other
People share the same values
People can be trusted
Social Control 13 74
Neighbors are willing to do something about:
children skipping school
children painting graffiti
children showing disrespect to adult
someone being beaten or threatened
keeping the fire station open
Neighborhood Decline .18 5
Personal safety worse
Neighborhood looks worse
People in neighborhood less helpful
Level of police protection worse

borhood membership. In fact, neighborhood effect sizes as large as .8 of a
standard deviation difference can give rise to an ICC as low as .14. There-
fore a small correlation among neighbors does not rule out a large effect
size associated with a measured difference between neighborhoods (Dun-
can and Raudenbush 1997:11).
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Although the interrater agreement appears modest, only a moderate
sample size of raters per NC is required to achieve reasonably high inter-
rater reliabilities at the neighborhood level. This association between sam-
ple size of raters and reliability is graphed in Figure 1, for informal social
control (which has the lowest interrater agreement) and social disorder
(which has the highest interrater agreement). The curves for the other three
measures lie between the two curves in Figure 1 because their interrater
agreements are neither as low as that for informal social control nor as high
as that for social disorder. It is clear that sampling 20 raters per neighbor-
hood produces interrater reliabilities ranging from .70 to .90 while 40 rat-
ers yields reliabilities ranging from .83 to .95. The curves make vividly
clear the diminishing returns to investments in raters beyond a given num-
ber to yield acceptable reliability.

Further analysis revealed some redundancy among the scales. For
example, the correlation between social control and social cohesion, dis-
attenuated for measurement error, was r = .88. This result was conceptu-
ally sensible. Informal social control taps the extent to which neighbors
can be relied upon to intervene to protect the public order. Without some
degree of social cohesion, which involves neighbors knowing and trusting

0'8 ‘/——"/‘7
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FIGURE 1. Reliabilities of community survey measures of social disorder and social
control.
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each other and having shared values, informal social control would appear
impossible. And the exertion of such informal control would likely en-
hance social cohesion: people get to know each other by working together
for common goals. The two sets of items appeared closely linked to the
larger notion of collective efficacy (Sampson et al. 1997). Thus the two
measures were combined to create a more parsimonious, reliable, and
readily interpretable measure of an ecological construct with strong theo-
retical connections to crime reduction.

The two examples of ecological assessment just described involved
paradigm examples of generalizability theory. In both cases, measurement
error was decomposed into variation attributable to item inconsistency and
rater inconsistency. This strategy provided the basis for assessing the needed
sample size of raters (and of items, though not emphasized in the second
example) in future studies. The two cases varied from standard generaliz-
ability theory in that multiple measures were simultaneously assessed; in
this way, both analyses are easily amenable to multilevel factor analyses.
The methodology linking latent variable analysis with multilevel model-
ing and the assessment of indirect associations (Raudenbush and Sampson
forthcoming) can be applied to the sort of nested neighborhood-level de-
signs now appearing in the social sciences (e.g., Elliott et al. 1996; Cook
et al. 1997; Brooks-Gunn et al. 1997).

On the other hand, neither of these survey-based examples provided
independent or “objective” assessments of the ecological environment based
on direct observation. Moreover, instead of a serious item response analy-
sis, in both cases Likert-scale (ordinal) responses were treated as interval-
level data. This practice, certainly open to criticism, is widespread and will
often cause little trouble when large numbers of item responses are aggre-
gated to produce a scale score. However, a serious item response analysis
is not only better grounded theoretically, it also produces information rel-
evant to future scale construction and to interpretation of effect sizes (Wright
and Masters 1982). We thus turn to the assessment of direct observational
measures, illustrated with the use of item response analysis. The approach
is similar to that used in the two survey-based measures described above in
that generalizability and factor analysis also come into play.

3. SYSTEMATIC SOCIAL OBSERVATION

Direct observation is fundamental to the advancement of science. With
this in mind, more than 25 years ago in an early volume of Sociological
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Methodology, Albert J. Reiss Jr. (1971) advocated systematic social obser-
vation (hereafter, SSO) as a key measurement strategy for a wide variety
of social science phenomena. Reiss (1971:4) defined systematic observa-
tion to include explicit rules which permit replication. He also argued that
the means of observation, whether a person or technology, must be inde-
pendent of that which is observed. As his main example, Reiss described
systematic observations of police-citizen encounters but noted as well the
general application to physical conditions-and social interactions within
neighborhood settings (see also Reiss 1975). In particular, SSO provides
measures independent of the perceptions of survey respondents and can
tap aspects of the social and physical environment that survey respondents
have difficulty describing accurately. The key disadvantage of observa-
tional methods in neighborhood research, of course, is that they cannot
capture the theoretical constructs that require resident perspectives. Thus,
for example, assessing resident perceptions of social cohesion and social
control (Sampson et al. 1997) requires survey methods. If researchers rely
entirely on observations, there is a danger that they will misinterpret the
significance of observable conditions such as physical disorder, building
conditions, and land use. Nevertheless, when used in conjunction with
survey-based methods, direct observation can provide an independent
source of data that can strengthen inferences about neighborhood social
organization and its consequences. For example, Sampson and Rauden-
bush (1998) have tested the association between social control and cohe-
sion, as tapped by survey methods, and neighborhood disorder, as indicated
by independent observation. This strategy avoids reliance on resident re-
ported disorder, which would possibly create a “same-source” bias.
Despite the potential of observation for providing quantifiable, ob-
jective, and replicable measures of physical and social structure, published
examples of systematic social observation at the neighborhood level are
relatively infrequent. We believe one of the primary reasons has been meth-
odological uncertainty on how to properly conduct and assess systematic
observations. A major exception and an advance in systematic observa-
tional study was provided by the research program of Taylor and col-
leagues in Baltimore (Taylor, Shumaker, and Gottfredson 1985; Taylor,
Gottfredson and Brower 1984; Covington and Taylor 1991). Using obser-
vations conducted by teams of trained raters walking in the neighborhood,
Taylor et al. (1985) assessed 20 percent of the occupied street blocks in 66
Baltimore neighborhoods. They identified two physical dimensions of
neighborhoods that stood out empirically: physical decay and nonresiden-
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tial land use. These two dimensions were reliable in terms of individual-
level standards (e.g., Cronbach’s alpha and interrater reliability) and were
related as expected to independent measures of perceived disorder and fear
of crime derived from neighborhood surveys. A smaller-scale version of
systematic observation based on interviewer ratings in a neighborhood
survey was also used in Taub et al. (1984).

Building on the conceptual framework of Reiss (1971) and the tech-
niques of Taylor and colleagues (1984, 1985), the Project on Human De-
velopment in Chicago Neighborhoods initiated in 1995 a combined person-
based and video-taped approach to collecting systematic observations of
neighborhood social and physical disorder. This substantive focus drew on
considerable theory and past research indicating that physical and social
disorder provide important environmental cues to residents and potential
predators alike (Skogan 1990). After describing the sample design and
data collection, we present a generalizable model for how to properly as-
sess such observational techniques.

3.1. Sample Design

Chicago’s 865 census tracts were first combined into 343 neighborhood
clusters (NCs). The overriding consideration in the formation of NCs was
that they should be as ecologically meaningful as possible, composed of
geographically contiguous census tracts, and internally homogeneous on
key census indicators. The resulting ecological units contained about 8000
people, much smaller than Chicago’s 77 community areas but large enough
to approximate local neighborhoods. Geographic boundaries (for exam-
ple, railroad tracks, parks, and freeways) and knowledge of Chicago’s neigh-
borhoods guided this process.

The 343 NCs in Chicago were then stratified by seven levels of eth-
nic mix and three levels of SES. Within strata, 80 NCs were sampled with
the aim of obtaining a near balanced design, thus eliminating the confound-
ing between ethnic mix and socioeconomic status (SES). However, there
were two empty cells (low SES, predominantly European-American; and
high SES, predominantly Hispanic). Also, the largest stratum was low SES
and predominantly African-American, containing 177 NCs, generally char-
acterized by concentrated poverty, racial segregation, and other forms of dis-
advantage. The final design randomly sampled four NCs within cells that
had at least four, all NCs within cells having fewer than four, with an over
sampling of the largest and most disadvantaged cell.



ECOMETRICS 13

In the first wave of the PHDCN’s longitudinal study, approximately
6500 young people have been sampled and assessed within the resulting
80 NCs. Data gathered by means of the systematic observations and neigh-
borhood survey will provide explanatory variables to be used in conjunc-
tion with information about individual and family characteristics to account
for variation in the developmental trajectories of these young people.

3.2. Instruments and Data

Between June and September 1995, observers trained by the National Opin-
ion Research Center (NORC) drove a sport utility vehicle at a rate of five
miles per hour down every street within the 80 sample NCs. The compo-
sition of the vehicle included a driver, a videographer, and two observers.
The unit of recorded observation was the face-block: the block segment on
one side of the street. For example, the buildings across the street from one
another on any block comprised two separate units of observation. An
advantage of this microlevel of coding is that observations can then be
pieced together to form higher levels of aggregation desired by theory or as
suggested by patterns in the data.

As the NORC team drove down the street, a pair of video recorders,
one located on each side of the vehicle, captured social activities and phys-
ical features of both face-blocks simultaneously. Also at the same time, the
two trained observers—one on each side of the vehicle—recorded their
observations onto an observer log for each face-block. Additionally, the
observers added commentary when relevant (e.g., about unusual events
such as a drug bust) by speaking into the videotape audio. Using these
procedures, the SSO team produced Hi-8 videotapes, observer logs, and
audiotapes for every face-block in each of the 80 sampled NCs. In all,
23,816 face-blocks were observed and video-recorded for an average of
298 per NC.

NORC collected data on 14 variables in the 23,816 observer logs
with an emphasis on land use, traffic, the physical condition of buildings,
and evidence of physical disorder. The observer log data were easily trans-
formed into machine readable data files as they were entered on scannable
forms. By contrast, because of the expense of first viewing and then coding
the videotapes, a random subsample of all face-blocks was selected for
coding. Specifically, in those NCs consisting of 150 or fewer face-blocks,
all face-blocks were coded. In the remaining face-blocks, sample sizes
were calculated to approximate a balanced design as closely as possible in
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order to maximize statistical power for comparisons of NCs. A total of
15,141 face-blocks were selected for videotape coding, for an average of
189 face-blocks per NC. From the videotapes, 126 variables were coded,
including detailed information on physical conditions, housing character-
istics, businesses, and social interactions occurring on each face-block
(NORC 1995). Coders were trained in multiple sessions, including an in-
tercoder reliability training where 90 face-blocks were independently dou-
ble coded, differences resolved, and coding procedures revised. Moreover,
as a check on quality control, arandom 10 percent of all coded face-blocks
were recoded by new observers, and the results compared. This test pro-
duced over 98 percent agreement (for full details see NORC 1995; Carter
et al. 1996).

3.3. Measures and Scales

Given the focus of this paper on methodological issues in evaluating eco-
logical measures, we have selected two scales for illustrative analysis. The
first is a scale intended to capture the level of physical disorder, repre-
sented by items indicating the presence or absence in the street, sidewalk,
or gutter of empty beer bottles; cigarettes or cigars; drug paraphernalia;
condoms; garbage; abandoned cars; and various types of graffiti. Although
some of the scales were measured initially on an ordinal scale, the data
behaved essentially as dichotomous items, coded for analysis as 1 = pres-
ence and 0 = absence of the indicator of disorder.

Table 2 gives the frequency distribution of the items. The variation
in sample size reflects the fact that six of the ten items were taken from the
observation log and thus have nearly complete data. The other four vari-
ables were derived from the videotapes, and are thus based on the reduced
subsample selected for coding. Note that the items behave essentially as
one might expect. Less serious indicators of disorder (presence of ciga-
rettes and garbage) arise more frequently than do indicators that might be
regarded as more serious (drug paraphernalia and condoms) with the pres-
ence of beer bottles arising with moderate frequency. An exception occurs
in the case of graffiti: political graffiti is very rare, though not necessarily
indicative of severe disorder.

The second scale is intended to capture direct evidence of social
disorder. All items were coded from videotape. They include presence of
adults loitering, public drinking, peer gangs, drunken adults, adults fight-
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TABLE 2
Frequency Distribution of SSO Item Responses, Face-Block Level
Variable Category Frequency
Physical Disorder
Cigarettes, cigars on street or gutter no 6815
yes 16758
Garbage, litter on street or sidewalk no 11680
yes 11925
Empty beer bottles visible in street no 17653
yes 5870
Tagging graffiti no 12859
yes 2252
Graffiti painted over no 13390
yes 1721
Gang graffiti no 14138
yes 973
Abandoned cars no 22782
yes 806
Condoms on sidewalk no 23331
yes 231
Needles/syringes on sidewalk no 23392
yes 173
Political message graffiti no 15097
yes 14
Social Disorder
Adults loitering or congregating no 14250
yes 861
People drinking alcohol no 15075
yes 36
Peer group, gang indicators present no 15091
yes 20
People intoxicated no 15093
yes 18
Adults fighting or hostilely arguing no 15099
yes 12
Prostitutes on street no 15100
yes 11
People selling drugs no 15099

yes 12
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ing, prostitutes, and drug sales. In general, indicators of social disorder
are present far less frequently than are indicators of physical disorder
(see again Table 2). Activities viewed as indicative of serious disorder
(prostitution, drug selling, adults fighting) are again especially rare. In-
dicators that are somewhat less severe are also somewhat less rare (drink-
ing alcohol, presence of peer gangs), though they remain very rare. One
item—adults loitering—is the least severe and occurred with much higher
frequency than did any other item.

A simple visible inspection of two scales suggests that the physical
disorder scale will behave better “ecometrically” than will the social dis-
order scale. First, it has more items (10 versus 7). Second, and more im-
portant, the physical disorder items appear to range widely in severity;
several occur with large frequency, several others with modest frequency,
and several are comparatively rare. In contrast, the social disorder indica-
tors all occur with extremely rare frequency except one: adults loitering or
congregating. The concern is that the social disorder scale will be domi-
nated by this single item. Even that item has a low frequency, so that the
overall scale may well lack reliability. In the next section, tools are devel-
oped to more formally test these intuitions.

4. A MODEL FOR UNCERTAINTY IN SYSTEMATIC
SOCIAL OBSERVATION

Let us now consider how to adapt tools found useful in psychometrics to
the problem of evaluating measures of ecological settings, here obtained
through systematic social observation of neighborhoods. First, it will be
desirable to understand how the items function within each construct and
to use this information to build an interval scale for each. In the analogy
with ability testing, each face-block is an “examinee,” each indicator of
disorder is an “item,” and a “correct response” occurs when a face-block
achieves a “yes” on that item. In this setting, item “difficulty” is the se-
verity of the indicator of disorder, and face-block “ability” is its summary
score on the disorder measure.

Second, it is essential to recognize that if the goal is to assess neigh-
borhood clusters (NCs), there will be at least three components of mea-
surement error: (1) item inconsistency within a face-block; (2) face-block
variation within NCs, and (3) temporal variation. Temporal variation is an
obvious problem in the case of measuring social disorder. The probability
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of finding adults loitering or drinking or finding peer gangs hanging out, or
of seeing prostitution or drug deals will clearly depend on the time of day
on which a face-block is observed. Thus it will be necessary to estimate
and adjust for time of day. Fortunately, time of day varied substantially
within every NC because of the time required to complete the observation.
The attempt to model and estimate each component of error variation is
consistent with generalizability theory in psychometrics.

Third, the item response model must allow for randomly missing
data because only a random sample of the face-blocks yielded data coded
from the videotapes. The hierarchical logistic regression model we de-
scribe below makes use of all available data.

Fourth, we are interested in the association between the constructs
of physical and social disorder, adjusting for measurement error. This is
akin to a confirmatory factor analysis in which ten items reflect physical
disorder, seven items reflect social disorder, and the aim is to understand
the association between physical and social disorder conceived as latent
variables or factors.

To achieve these three goals, we formulate a three-level hierarchi-
cal logistic regression model. The level-1 units are item responses within
face-blocks, the level-2 units are face-blocks, and the level-3 units are
NCs.

4.1. Level-1 Model

The level-1 model represents predictable and random variation among item
responses within each face-block. This is a standard one-parameter item
response model and might be termed a Rasch model with random effects.'
However, it will contain two dimensions (physical and social disorder)
rather than the single dimension in classical applications of the Rasch model.

Let Y be an indicator taking on a value of unity if indicator i of
disorder is found present in face-block j of neighborhood k, with ¥;; = 0 if
not; and let u;; denote the probability Yj; = 1. That is,

Y| i ~ Bernoulli ;
E(Yzjk“/«ijk) = Mijk’var(Yzjkll-‘Lijk) = Mijk(l - ,uijk) . (1)
'An important advantage of the random effects approach is that data from all

face-blocks, even those with a zero on every item, contribute to the analysis. In con-
trast, a standard fixed effects Rasch analysis would exclude such cases.
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As is standard in logistic regression, we define 7, as the log-odds of this
probability. Thus we have

_ Mijk
N = log 1 . (2)
- /*Lijk

The structural model at level 1 accounts for predictable variation within
face-blocks across items. It views the log-odds of finding disorder on item
i as depending on which aspect of disorder is of interest (physical or so-
cial) and which specific item is involved. Let D, take on a value of 1 if
item i is an indicator of physical disorder, O otherwise; and let Dy =1 —
D, similarly indicate whether that item indicates social disorder. Then
we have

9 6
Nijk = Dpijk <7ijk + 2 amijmijk> + Dy <7T.sjk + 2 5mijmijk> )
m=1

m=1
(3)

where

Xomijks m =1,...,9 are nine dummy variables representing nine of the ten
items that measure physical disorder (each taking on a value of 1 or 0);
Znije, m = 1,...,6 are six dummy variables representing six of the seven
items that measure social disorder.

In fact, we “center” each X and Z around its grand mean. This en-
ables us to assign the following definitions:

i is the adjusted log-odds of finding physical disorder on a “typical
item” when observing face-block j of NC k;

i is the adjusted log-odds of finding social disorder on a “typical item”
when observing face-block j of NC k;

a,,; reflects the “difficulty” or “severity” level of item m within the phys-
ical disorder scale;” similarly, 6, reflects the “difficulty” or “severity”
level of item m within the social disorder scale.

The interpretation of these coefficients as “difficulty” or “severity” requires
that they be multiplied by —1.
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Using the analogy of educational testing, 7, and 77 are the pair
of abilities being measured and each « and 6 reflects item difficulty. These
item difficulties could, in principle, be allowed to vary across face-blocks
or NCs; however, in the absence of theory that might predict such varia-
tion, they will be held constant in the interest of parsimony. Thus a,,x = a,,
and J,,x = 8,, for all j, k. Note that one item within each scale must serve
as the “reference item” (it is not represented by a dummy variable). This
item is defined to have a difficulty of zero and all other item difficulties are
compared to it.

One benefit of explicitly representing the item difficulties in the
model is that face-block measures of disorder, 7, and 7, are adjusted
for missing data. In the current data set, missing data arise because of the
expense of coding the videotapes, leading to the decision to code just a
random subsample of face-blocks within NCs. Face-blocks not sampled
will have data from the observation log but not the coding log. No bias
arises because the coded face-blocks constituted a representative sample
of face-blocks in the NC. Nevertheless, controlling the item difficulties
enables all of the data collected to be effectively used in the analysis.

4.2. Level-2 Model

The level-2 model accounts for variation between face-blocks within
NCs on latent face-block disorder. Each is predicted by the overall NC
level of disorder and the time of day during which the face-block was
observed:

5
ijk = Bpk + E 0qu(Time)qik + ijk
q=1

5
Tok = B + E 05 (Time) yjp + gy - “4)

q=1

(Time),; forq =1,...,5 are five time-of-day indicators (specifical-
ly, they indicate 7:00 to 8:59 aM; 9:00 to 10:59 AM; 11:00 aM to 12:59 pMm;
1:00 to 2:59 pm; and 3:00 to 4:59 pM, where the omitted group is from 5:00
to 6:59 Pm).

g and 6, are regression coefficients that capture the time-of-day
effects on observing physical and social disorder within NC . In principle,
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these could be allowed to vary over NCs, but for parsimony we shall hold
them constant: 6, = 6,,, and 6, = 6,, for all k. Note that the model allows
different time-of-day effects for the social disorder items than for the phys-
ical disorder items. Driving this decision is the fact that certain observable
social interactions (e.g., adults drinking) are much more likely to occur
later in the day than early in the day while physical evidence such as the
presence of graffiti should not be so sensitive to time of day. The model can
also be elaborated to allow time-of-day effects to vary across items. Thus
the “item difficulties” in equation (3)—the « and 6 coefficients—could be
separately modeled as a function of time of day. We forgo this option to
reduce the complexity of the model, particularly in light of the low fre-
quency associated with many of the items (Table 2). B, and B, are the
“true” scores for NC k on physical and social disorder, respectively, ad-
justing for time of day.

The random effects u,, u,; are assumed to be bivariate normally
distributed with zero means, variances 7,, and 7,,, and covariance 7,,. The
variances will be large when face-blocks vary greatly within NCs on their
levels of disorder.

4.3. Level-3 Model

The third and final level of the model describes variation between NCs,
the key units of measurement, on physical and social disorder. We have
simply

,Bpk = 7[1 + Upk
Bsk =Ys + Uk (5)

where vy, and vy, are the grand mean levels of physical and social disorder
in Chicago neighborhoods and the random effects v, and vy are assumed
to be bivariate normally distributed with zero means, variances w,, and
w,,, and covariance w),. The variances will be large when NCs vary greatly
on their levels of disorder.

Estimation. Combining equations (2)—(5), our task is to estimate the non-
linear mixed model

E(Yjl i) = Prob(Ye = U pp) = i = (1 + exp{—nu})~"  (6)
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with

m=1

5 9
Nij = Dpije (7,, + 2 O (Time) g + D @ Xonije + i + Ui )
gq=1

5 6
+ Dy ('yx + E 0,,(Time); + 2 O Zmijpe + ugx + vsk) . (7)
q=1 m=1

For purposes of illustration in the pages to follow, all model param-
eters were estimated simultaneously by penalized quasi-likelihood or
“PQL” (Breslow and Clayton 1993) using an algorithm described in detail
by Raudenbush (1995) and implemented in Version 4 of the HLM program
(Bryk et al. 1996). The advantages and disadvantages of this approach
relative to alternative approaches are discussed in Appendix A. That ap-
pendix also provides a sensitivity analysis based on a better approximation
to maximum-likelihood estimates.

4.4. Measurement Properties to Be Estimated

The three-level hierarchical logistic regression model described above can
be viewed as an item response model embedded within a hierarchical struc-
ture in which the secondary units of measurement, the face-blocks, are
nested within the units of primary interest, the NCs. It extends the usual
item response model also in allowing for multiple characteristics to be
measured—in this case, physical social and physical disorder, rather than
a single, unidimensional trait—and in allowing for randomly missing
responses.

Fitting the model produces considerable information of interest in
assessing the quality of the measures. The item difficulties have been men-
tioned above and their use in creating and interpreting a scale will be il-
lustrated in the next section. Other key quantities are described below.

Intra-NC Correlations. The variance estimates within and between NCs
yield an estimated “intra-NC correlation” on each measure that expresses
the consistency of disorder across face-blocks. Consider the physical dis-
order items. If we substitute equation (5) into equation (4), we have a
combined model for 7, the latent trait being measured for face-block j of
neighborhood k:

5
ﬂpjk = '}’p + E‘ Opq(Time)qjk + upjk + vpk . (8)
q=
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This leads to the following definition of the intra-NC correlation for phys-
ical disorder:

Cov ( T pjks T pj 'k)
[Var(ﬂ-pjk) * Var(ﬂ-l’./’k)] 1/2

Pncp = Corr(ﬂp/k’ﬂpj'k) =

=—r—. ©)

Here face-block pjk and face-block pj’k are two different face-blocks within
the kth NC. The intra-NC correlation for social disorder is, of course, anal-
ogous. The intra-NC correlation in equation (9) represents the proportion
of variation in the true latent traits that lies between NCs. By definition, such
variation excludes item inconsistency. By conceiving 7;; as a latent vari-
able following a logistic distribution, it is also possible to define an intra—
face-block correlation and an alternative intra-NC correlation that would
incorporate item inconsistency (see Gibbons and Hedeker 1997:1533).°
Large intra-NC correlations imply that face-blocks within NCs are com-
paratively similar and that NCs vary considerably.

NC-level Reliabilities. Closely related to the intra-NC correlation is the
internal consistency reliability of NC measurement. It depends on the
intra-NC correlation but also on the number of face-blocks sampled, the
number of items per scale, and the item difficulties. An approximation to
the reliability for NC &, in the case of physical disorder, is given by

N Var(Bpk) _ wpp
o Var(BApk) % ﬁ + 1

rp
! Jy g Jy Wy

, (10)

where

Api is the internal consistency of the physical disorder measure for NC k;
ny is the average number of items per face-block in NC k (n; = 10 if vid-
eotapes for all face-blocks in that NC are coded);

Ji = the number of face-blocks sampled within NC k;

wy is the average within NC k of u;;(1 — u ;) on physical disorder items.

3The latent trait 77, is what we seek to measure more and more accurately as
we add items to the scale, and the intra-NC correlation indexes the relative importance
of NC variation and face-block variation within NCs on this trait. This is different from
the intra-NC correlation on a measure based on a fixed number of items.
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This conception of internal consistency can be motivated as fol-
lows. Suppose we use only the data from NC k to estimate S3,, and we
regard that estimate as our measure of S, the true level of physical dis-
order in NC k. Equation (10) is then the proportion of the variance in the
estimates that is attributable to variance in the trait of interest; it is also the
correlation between two such estimates derived from independent random
samples of face-blocks. This approach to measurement reliability in an
ecological setting is a direct extension of the approach used by Rauden-
bush et al. (1991) to measure school climate. While they used a three-level
linear model, we extend that methodology to a three-level logistic model
for dichotomous item responses. Appendix B provides the details.

Inspection of equation (10) reveals that reliability will be high when
(1) the between-NC variance w,, is large relative to the within-NC vari-
ance 7,,; (2) when the number of items in scale n, is large; (3) when the
number of face-blocks sampled, J, is large; and (4) when the typical prob-
ability of finding an aspect of disorder in a given face-block—that is u ;jx—
is near .50, at which point wy achieves its maximum.

Face-block Reliability. It may be desirable to measure disorder at a lower
level of geographic analysis, indeed, at the face-block level. Such mea-
sures could be assigned to individuals in a longitudinal study—for exam-
ple, by geocoding their addresses. Reliability at the face-block level is
given by

op T Top

Apik = 1 (11)
w,, + 7,, +
pp T Tpp Wi

and will depend heavily on the number of items and the value of Wik 4 the
average of wy(1 — py) within face-block jk. Here nj is the number of
items assessed in that face-block.

*Equation (11) gives an internal consistency measure for discriminating among
face-blocks in different NCs. An internal consistency measure for discriminating among
face-blocks within the same NC is

Awilhinpjk =
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Interscale Correlation. Of obvious interest is the correlation between
physical and social disorder. This correlation can be estimated at the NC or
face-block level. At the NC level, we have

w,,s
COI'I'(Bpk’ Bxk) = (wpp + wm) 1/2 (12)
while at the face-block level we have
T, T W,
COIT(7T,lik,7T.§jk) = e e (13)

[(Tpp + wpp) * (Txx + wxx)] 1/2

We illustrate application of these ideas in the next section.
5. RESULTS

Tables 3—6 provide the model fitting results. The two scales behave quite
differently, as expected.

5.1. Item Severity

In Table 3 items with negative coefficients have low probabilities of oc-
currence and thus are rarer and, presumably, more “difficult” or “severe”
than are items with positive coefficients. Thus, in the physical disorder
scale, the presence of cigarettes or cigars and garbage on the street or
sidewalk, along with the presence of empty beer bottles, are comparatively
less severe than the presence of gang graffiti, abandoned cars, condoms, or
drug paraphernalia (needles and syringes). Thus item severity conforms to
intuitive expectations. The exception is political graffiti, which is excep-
tionally rare yet not generally regarded as especially severe. A nice feature
of the physical disorder scale is that the item severities vary substantially,
a feature of a “well-behaved” scale.

In contrast, all of the severities in the social disorder scale are
clumped at the severe end except for the item indicating adults loitering or
congregating. This pattern reflects the low frequency of the social disorder
indicators apparent in Table 2 and discussed earlier. Although the item
severities are not well separated, their ordering does correspond to theo-
retical expectation, with adults loitering and drinking alcohol being less
severe than adults fighting, prostitution, or drug sales.
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TABLE 3
Model Fitting Results: Item Difficulty at Face-Block Level
Item Coefficient SE
Physical Disorder
Intercept —2.215 0.225
Cigarettes, cigars on street or gutter 3.456 0.032
Garbage, litter on street or sidewalk 2.431 0.031
Empty beer bottles visible in street 1.126 0.032
Tagging graffiti 0.338 0.036
Graffiti painted over ) (reference item)
Gang graffiti —0.667 0.043
Abandoned cars —1.297 0.046
Condoms on sidewalk —2.569 0.071
Needles/syringes on sidewalk —2.893 0.082
Political message graffiti —5.028 0.269
Social Disorder
Intercept —=7.017 (0.153)
Adults loitering or congregating 3.884 (0.227)
People drinking alcohol 0.590 (0.280)
Peer group, gang indicators present 0) (reference item)
People intoxicated —-0.106 (0.325)
Adults fighting or hostilely arguing —0.512 (0.366)
Prostitutes on street —0.599 (0.376)
People selling drugs —0.696 (0.388)

5.2. Scale Construction

The item maps are displayed graphically in Figures 2 and 3. The horizontal
axis gives scale scores and the vertical axis gives the frequency of NC’s.
The figures include the list of items that compose the scale; distances be-
tween items represent differences in item difficulty. Note the spread of
item difficulties in the case of physical disorder (Figure 2) and the clump-
ing in the case of social disorder (Figure 3). NC scale scores are in the
same metric as are item severities, and the figure suggests that these are
nearly unimodal and symmetric in distribution. Note that this “nice distri-
bution” is defined on the logit scale on which the NC scores are measured.
Indeed, the construction of such a scale is a key goal of the item response
analysis. Differences between NCs in their disorder scores can be inter-
preted unambiguously as expected differences in the log-odds of finding
disorder on a typical item in the scale. The resulting scale is thus mean-
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ingfully interpretable and arguably a linear (interval) scale appropriate for
analysis via standard linear models (Rasch 1980; Wright and Masters 1982;
Lord 1980).

5.3. Time of Day

Table 4 provides estimates of the effects of time of day. One would expect
social interactions in public view to occur with relatively little frequency
early in the morning and more frequently later on. This would presumably
be true of those social interactions indicative of disorder as well, and that
is what the results show. Note that there is a near linear positive trend in
time for social disorder with coefficients of (—0.766, —0.715, —0.363,
—0.057, —0.134, and 0.000) as the day progresses. No such trend is ap-
parent in the case of physical disorder. All other model estimates are ad-
justed for any time-of-day effects.

5.4. Variance-Covariance Components and Related Quantities:
Physical Disorders

Estimation of the variance-covariance components ( Table 5) provides the
necessary data to compute useful indicators of data quality (Table 6). For

TABLE 4
Model Fitting Results: Time-of-Day Effects at NC Level (N = 80)

Item Coefficient SE

Physical Disorder

7:00-8:59 0.213 0.043
9:00-10:59 0.036 0.031
11:00-12:59 0.057 0.036
1:00-2:59 0.073 0.040
3:00-4:59 0.020 0.033
5:00-6:59 0) (reference time)
Social Disorder
7:00-8:59 —-0.766 0.180
9:00-10:59 -0.715 0.115
11:00-12:59 -0.363 0.137
1:00-2:59 -0.057 0.129
3:00-4:59 —-0.134 0.107

5:00-6:59 0) (reference time)




28 RAUDENBUSH AND SAMPSON

TABLE 5
Model Fitting Results: Variance-Covariance Components

Variance-Covariance

Component Estimate SE
(a) Between face-blocks Variance of physical disorder 0.734 0.019
within NCs
Variance of social disorder® — —
Covariance® — —
(b) Between NCs Variance of physical disorder 0.475 0.076
Variance of social disorder 0.981 0.184
Covariance 0.394 0.096

*bVariance and covariance were constrained to zero.

physical disorder, the estimated variance between face-blocks is 0.734,
while the estimated variance between NCs is 0.475. Thus the estimated
ICC for physical disorder (see equation (9) and note 3) is 0.475/(0.475 +
0.734) = 0.39. Thus about 39 percent of the variation in the physical dis-
order of face-blocks is estimated to be between NCs. This fact, when com-
bined with the typical frequency of “yes” responses (Table 2) and the large
number of face-blocks per NC (equation 10), yields a high average relia-
bility of 0.98 (Table 6) at the NC level. Thus the data enable us to distin-
guish among NCs with high reliability. The reliability for distinguishing
among face-blocks within NCs is estimated to be much lower, at 0.36. This
reflects the dependence of the reliability at the face-block level on the
number of items. More items would be required to increase this reliability.

TABLE 6
Some Measurement Properties
Property Physical Disorder Social Disorder
Intra-NC correlations .39 —
Between NC reliability (average) .98 .84
Between face-block reliability (average) .36 —
Level Correlation

Inter-scale Correlation at NC Level .58
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5.5. Variance-Covariance Components and Related Quantities:
Social Disorder

The social disorder scale behaves quite differently. The point estimate of
the variance within NCs for social disorder is zero. This result does not
imply that face-blocks within NCs are homogeneous. Rather, the result
appears to reflect the extreme rarity of “yes” responses of most social
disorder items (Table 2). The data simply are too sparse at the face-block
level to facilitate stable estimation of variance between face-blocks within
NCs. Yet the variation between NCs is quite substantial (& = 0.981),
leading to a respectable NC-level reliability estimate of 0.84. Although the
frequency of indicators of social disorder is rare at the face-block level,
when we aggregate over the many face-blocks within an NC, we are able
to achieve a respectable between-NC reliability.

5.6. Implications for Research Design
Applying the logic of generalizability analysis, we can use our data to

inform the design of new research. Figure 4 plots the expected NC-level
reliability of the two scales as a function of the number of face-blocks
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FIGURE 4. NC reliability as a function of face-blocks sampled (holding constant the
number of items).
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sampled. For physical disorder, there appears to be little point in sampling
more than 80 to 100 face-blocks per NC if the sole aim is to obtain rea-
sonable NC reliability. The same is not true for social disorder. More face-
blocks are required for adequate reliability in measuring social disorder
(as compared to physical disorder).

Physical disorder results provide good news for the next analyses of
the PHDCN data. It is clear that physical disorder can be reliably measured
at much lower levels of aggregation than the NC. Thus it is feasible to
construct physical disorder measures at the level of the block group or
census tract,” creating a measure that is more proximal geographically to
the longitudinal cohort subjects of PHDCN than is the NC. Our results are
less encouraging about the measurement of social disorder at lower levels
of aggregation because of the low frequency of “yes” responses on most
social disorder items.

5.7. Dimensionality

The correlation between physical disorder and social disorder is estimated
to be .58 (Table 6). This is the estimated correlation of the two latent
variables and is therefore automatically adjusted for measurement error in
each. The implication is that physical and social disorder as conceived
here are quite strongly related, although not so strongly as to be viewed as
a single dimension. There is reason to pursue sound measures of each
construct separately. This aspect of the analysis has parallels with confir-
matory factor analysis. Here we have hypothesized multiple indicators for
each of two traits. The data suggest that the two traits are highly related,
but not entirely confounded. In a typical confirmatory factor analysis, fac-
tor loadings would vary while the variance of latent traits would be con-
strained. Here we impose equal loadings while allowing latent trait variances
to vary.

5.8. Convergent and Divergent Validity

Key tests of validity of measurement involve assessing correlations with
theoretically related constructs measured independently. Convergent va-

SIndeed, subsequent analysis showed that the reliabilities of the physical dis-
order at the census tract level were nearly identical to those at the level of the NC even
though there are two to three tracts per NC.
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lidity implies that theoretically linked measures ought to correlate highly.
Divergent validity implies that correlations should be smaller with vari-
ables that are not clearly linked theoretically. Table 7 gives some evidence
about physical and social disorder.

Observed physical disorder is correlated highly with those con-
structs measured in both the community survey (described earlier) and
independent sources (census data, official police records) most theoreti-
cally linked to it. Thus we see that a substantial correlation of r = .71
emerges with perceptions of social disorder as measured in the community
survey. SSO physical disorder also has a moderately strong correlation
with the survey measures of social cohesion and social control (r = —.62
and r = —.55, respectively), in the direction expected. Further tests not
shown indicate that physical disorder also correlates less strongly with
those survey-derived constructs for which it has a weaker theoretical con-
nection (e.g., anonymity, intergenerational ties, organizational density).

Turning next to construct validation with other independent sources,
physical disorder is strongly related to census measures of concentrated
poverty (r = .64), and less strongly with residential stability (r = —.25)
and immigrant concentration (» = .36; see Sampson et al. 1997 for further
details of these census-based factors). As expected, the observed physical
disorder is significantly higher in neighborhoods characterized by poverty
and instability, and in areas undergoing ethnic transition. Furthermore,

TABLE 7
Correlations of Systematic Social Observation Scales with Theoretically Related Vari-
ables from the U.S. Census and Community Survey

SSO:
Physical Disorder Social Disorder

I. Community Survey

Social disorder 1 .65

Social cohesion —.62 -.55

Social control -.55 —.56
IL. U.S. Census

Concentrated poverty .64 .54

Residential stability -.25 —.34

Immigrant concentration .36 21
III. Violence and Crime

Perceived violence .54 .59

Crime victimization 32 33
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physical disorder measured in the SSO is positively and significantly cor-
related with survey perceptions of violence (r = .54) and aggregated re-
ports of victimization (r = .32). These patterns conform to extant theory
on urban disorder and crime (Skogan 1990; Taylor et al. 1985; Sampson
and Groves 1989; Taub et al. 1984).

A similar pattern of correlations appears with respect to social dis-
order. In some cases the magnitude of correlations is a bit smaller than
those involving physical disorder, which may reflect the less sanguine
behavior of the social disorder scale. Nonetheless, the SSO measure of
social disorder has quite robust relationships with theoretically linked
constructs—again whether derived from the neighborhood survey or cen-
sus. Taken together, then, the multiple sources of data provide independent
evidence of both the convergent and divergent validity of SSO measures of
disorder.

6. FINAL REMARKS

As interest in the social sciences turns increasingly to the integration of
individual, family, and neighborhood processes, a potential mismatch arises
in the quality of measures. Standing behind individual measurement are
decades of psychometric research, producing measures that often have
excellent statistical properties. In contrast, much less is known about mea-
sures of ecological settings such as neighborhoods and schools, and the
methodology needed to evaluate these measures is in its infancy. The aim
of this paper has been to move toward a science of ecological assessment
by integrating and adapting tools from psychometrics to improve the qual-
ity of “ecometric” measures. We have used systematic social observation
(Reiss 1971; 1975) linked to neighborhood surveys as a case study in this
effort. The SSO is an especially important case, given the potential utility
of videotaping as an observational strategy in the study of neighborhoods
and other collectivities.

The two measures selected—physical and social disorder—behaved
sufficiently differently statistically to be useful in clarifying how ideas
from item response modeling, generalizability theory, and confirmatory
factor analysis can be integrated to better understand the process of mea-
suring ecological units. In the future, we plan to construct additional scales
from the systematic social observation data, including land use, housing
quality, traffic, advertising of tobacco and alcohol, recreational opportu-
nities, and type of commercial district. The approaches described here can
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be used to evaluate the quality of measures and to build improved scales
for use in the study of neighborhoods and human development. A crucial
question is the causal link between crime and disorder, which is being
addressed elsewhere (Sampson and Raudenbush forthcoming).

While our ecometric analysis borrows from standard psychometric
techniques, it also integrates and otherwise extends them. Thus our ran-
dom effects item response model is embedded in a three-level hierarchical
regression model, enabling estimation of time-of-day effects and of vari-
ability within and between face-blocks. In this way, the item response
analysis is formally incorporated into a generalizability analysis. More-
over, at the second level (between face-blocks) and third level (between
NCs), we estimate the variance and covariance of the two latent variables
(physical and social disorder), thus constructing a simple but multilevel
confirmatory factor analysis. The resulting three-level hierarchical logis-
tic regression model allows for randomly missing data at the level of items
and uses all available information, even from those face-blocks having
zero incidence on all disorder indicators.

The logic of ecological assessment and resulting multilevel error
structure will generally prescribe such combinations and extensions of
standard psychometric techniques. Thus a natural model for survey-based
measures of settings (neighborhoods or schools) would have an ordinal
response model at level 1 (between items within respondents) and would
add two higher levels of variation: between respondents within settings
and between settings. Such a model would be a three-level ordinal regres-
sion model.

Another extension to the approach sketched here would be to take into
account spatial autocorrelation. In this paper, neighborhood clusters have
been treated as independent.® Ongoing work will build spatial associations
into the models presented here. We expect information about spatial de-
pendence to reduce standard errors of measurement, possibly substantially,
and to make it possible to obtain reasonable measures of neighborhood ecol-
ogy even for persons residing in areas sparsely assessed by direct observa-
tion. In the meantime, the results of the present analysis suggest that the
survey and SSO approaches have considerable promise for the reliable and
valid assessment of neighborhood-level social processes.

This assumption is not entirely implausible in the case of the SSO, which
involves a probability sample of 80 NCs from among 343 NCs in Chicago. Many of the
sample NCs are not contiguous to other sample NCs. Nevertheless, a more complete
treatment would model spatial dependence between NCs.
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APPENDIX A

Estimation by Penalized Quasi-likelihood “PQL” has several advantages.
First, computations are fast, an important consideration for the data in this
article, with 23,816 level-2 units and over 300,000 level-1 responses. Sec-
ond, convergence is remarkably reliable, even when the probability of suc-
cess is close to zero (Yang 1998). Third, the methodology is currently
widely accessible.” However, Breslow and Lin (1995) have found that
PQL can produce variance components estimates that are substantially
negatively biased when the true variance component is large. PQL is based
on alinearization of the model—that is, a Taylor-series expansion of w; in
equation (6) around the approximate posterior modes of the random ef-
fects. An alternative approach, which Breslow and Clayton (1993) have
termed MQL, expands w;; around O—that is, in a MacLaurin series for the
random effects, produces even greater bias (see Rodriguez and Goldman
1995). The asymptotic bias is eliminated when the model is estimated by
maximum likelihood (ML) or by Bayesian methods. These approaches,
however, require difficult integrations: the random effects must be inte-
grated to evaluate the likelihood. Hedeker and Gibbons (1994) developed
excellent approximations to ML estimates in the case of two levels by
using Gauss-Hermite quadrature for numerical integration. Gibbons and
Hedeker (1997) extended this approach to three-level models with a single
random effect at level 3. Raudenbush and Yang (1998) developed a high-
order LaPlace approximation to the integral that produced results compa-
rable to those with quadrature based on 20-30 quadrature points (generally
regarded as a large number of points and therefore yielding a good approx-
imation to the likelihood). The LaPlace approach is computationally re-
markably efficient. These results are based on Yang’s (1998) dissertation.
Bayesian estimation can be implemented by the Gibbs sampler (Zeger and
Karim 1991) and is implemented in the most recent version of MLWiN
(Goldstein et al.1998). The Bayesian approach provides perhaps the most
elegant solution, in that all inferences fully take into account the uncer-
tainty about the variance components. However, this solution appears in-
feasible computationally given the size of the data set at hand and the
complexity of the model.

To conduct an analysis of the sensitivity of results arising from bias
associated with PQL, we settled on the higher-order LaPlace strategy. The

"For example, programs HLM, MLWin (Goldstein et al. 1998), and Proc Mixed
(Littel et al. 1996) provide PQL or closely related estimation algorithms).
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general theory, with application to binary response data, is described in
detail by Raudenbush and Yang (1998). The task is first to integrate the
random effects from the joint density of the data and random effects, in
effect, a binomial-normal mixture. The integrand is represented by a sixth-
order Taylor series expansion around the maximizer of this joint density.
The integral then can be seen as equivalent to the expectation taken over a
multivariate normal distribution of the third-order and higher-order terms.
It is therefore possible to evaluate the integral and maximize it using a
Fisher-scoring algorithm.

A comparison of results from PQL and the sixth-order LaPlace
(“LaPlace 6”), yielded the results shown in Table A.1.

We conclude from these results that estimates of item difficulty and
time-of-day effects are essentially insensitive to choice of estimation pro-
cedure. (Note that the magnitudes of the estimated time-of-day effects are
a bit larger under LaPlace 6, as expected given the bias toward zero of PQL
estimates.) Inferences about the ecometric properties of the physical dis-
order scale are also insensitive (ICC of 0.39 versus 0.32 for LaPlace 6,
reliability of 0.98 for both PQL and LaPlace 6). And the interscale corre-
lation estimates are similar, 0.58 versus 0.52. Inferences about ecometric
properties of the social disorder scale are more sensitive (reliability of 0.84
for PQL versus 0.70 for LaPlace 6). LaPlace standard errors are generally
somewhat smaller for physical disorder items and larger for social disorder
items than are the corresponding PQL standard errors. While we are cau-
tiously optimistic that PQL will produce reasonable inferences about eco-
metric properties, we expect that much better approximations to likelihood-
based inference will rapidly become available to researchers over the next
couple of years. We recommend use of these better approximations as they
become available

APPENDIX B

To construct the reliability of NC measures, suppose we conceive the level-1
model (equation 3) as a generalized linear model. In matrix notation, we
have

Nik = Djk7Tjk + Xjka . (Bl)

8The LaPlace 6 algorithm used in computing this sensitivity analysis is avail-
able upon request from the first author (rauden@umich.edu).
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TABLE A.1
Sensitivity Analysis Based on Alternative Estimation Approach

PQL LaPlace 6
Point Estimates Point Estimates
(standard errors) (standard errors)

Item Difficulties: Physical Disorder

Intercept —2.215 —2.044
(0.225) (0.313)
Cigarettes, cigars 3.456 3.689
(0.032) (0.018)
Garbage, litter 2.431 2.541
(0.031) (0.015)
Empty beer bottles 1.126 1.097
(0.032) (0.014)
Tagging graffiti 0.338 0.432
(0.036) (0.020)
Gang graffiti —0.667 —0.663
(0.043) (0.022)
Abandoned cars —1.297 —1.346
(0.046) (0.024)
Condoms —2.569 —2.816
(0.071) (0.053)
Needles/syringes —2.893 —3.028
(0.082) (0.076)
Political graffiti —5.028 —4.823
(0.269) (0.299)
Item Difficulties: Social Disorder
Intercept =7.017 —7.156
(0.153) (0.124)
Adults loitering 3.884 3.968
(0.227) (0.272)
People drinking alcohol 0.590 0.996
(0.280) (0.382)
People intoxicated —0.106 0.386
(0.325) (0.392)
Adults fighting, arguing —0.512 0.147
(0.366) (0.527)
Prostitutes —0.599 0.126
(0.376) (0.400)
Selling drugs —0.696 —0.106
(0.388) (0.505)
Time of Day: Physical Disorder
7:00-8:59 0.213 0.298
(0.043) (0.032)

(Table continues)
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TABLE A.1
Continued.
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PQL
Point Estimates
(standard errors)

LaPlace 6
Point Estimates
(standard errors)

Time of Day: Physical Disorder (Continued)
9:00-10:59

11:00-12:59
1:00-2:59
3:00-4:59

Time of Day: Social Disorder
7:00-8:59

9:00-10:59
11:00-12:59
1:00-2:59
3:00-4:59

Variance-Covariance Components

Top

’f.SS

Tos

Wpp

(I)SS

Dps

Corr (Bs, Bp)
ICC physical
NC Reliab physical
NC Reliab social

0.036
(0.031)
0.057
(0.036)
0.073
(0.040)
0.020
(0.033)

—0.766
(0.180)
—-0.715
(0.115)
-0.363
(0.137)
—0.057
(0.129)
—0.134
(0.107)

0.734
0

0
0.475
0.981
0.394
0.58
0.39
0.98
0.84

0.082
(0.019)
0.055
(0.021)
0.141
(0.025)
0.039
(0.020)

—1.066
(0.173)
—-0.923
(0.091)
—-0.314
(0.116)
—0.091
(0.110)
—0.121
(0.101)

1.070
0

0
0.500
0.515
0.266
0.52
0.32
0.98
0.70

where 7 is the ny by 1 vector consisting of elements 7, Djx is an n;, by
2 matrix of indicators (the first column for physical disorder, the second
column for social disorder), 7 is a 2 by 1 vector of coefficients; X is the
nj by 15 matrix of dummy variables for items; and « is the 15 by 1 vector
of item difficulties (assumed equal across all NCs and assumed known).
Then, applying maximum-likelihood estimation via iteratively reweighted
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least squares, we find the approximate variance-covariance matrix of es-
timates 7 (McCullagh and Nelder 1989:119, eq. 4.18) to be

Vi = Var(#y) = (D Wy Dp)™" (B2)
where W, is a diagonal n;, by nj; matrix with entries p (1 — ;). Given
the structure of Dy and the diagonal nature of W, it is easy to see that Vj
is a 2 by 2 matrix with diagonal entries 1/(n,wp;) and 1/(ngwg), with
n,;« being the number of physical disorder items assessed in face-block jk,
ngj, being the number of social disorder items in that face-block, w,; the
average value of w;i(1 — u ) for the physical disorder items in face-
block jk and wy; the average value of ;i (1 — u;;) for social disorder
items. Next, we reformulate equation (4) as

T = B+ T + uy + (7 — mp) (B3)

where B = (Bpk, Bsk) Ty tjx = (Upji, )", Ty is a 2 by 10 matrix of time-
of-day indicators, and # is a 10 by 1 vector of time-of-day effects, assumed
known. Here uj, ~ N(0, 7). Generalized least squares estimation of 3, then
yields the variance-covariance matrix

Var(By) = [Zm V) ] :

When Vj, =V, for all j, we have
Var(BAk) = J_](T + Vk)

with the first diagonal equal to the sum of the second and third terms of the
denominator of equation (10). That equation thus represents an approxi-
mation that will be accurate when Vj, = V| for all j. Our results, however,
are based on the estimated generalized least squares estimates for each
NC, not on this approximation. The approximation is primarily useful in
revealing the structure of measurement error in the three-level setting.
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