DEVIATING FROM
THE MEAN: THE DECLINING
SIGNIFICANCE OF SIGNIFICANCE

MICHAEL D. MALTZ

Most of the methods we use in criminology to infer relationships are based on mean
values of distributions. This essay exploresthe historical origins of thisissue and some
counter productive consequences. relying too heavily on sampling as a means of
ensuring "statistical significance "; ignoring the implicit assumptions of regression
modeling; and assuming that all data sets reflect a single mode of behavior for the
entire population under study. The essay concludes by suggesting that we no longer
"make do " with the standard methodologies used to study criminology and criminal
justice, and recommends developing categories that more accurately reflect behavior
and groupings than the ones we currently use; looking at alternative sources of data,
including qualitative data such as narrative accounts; and developing alternative
methods to extract and analyze the data from such sources.

Most of the statistical methods in use in criminology today are based
in whole or in part on comparing the value of a sample-derived statistic
with a standard. In an experimental situation, at test is used to compare
the experimental sample's mean with the mean for the control group; in
an analysis of variance, an | test is used to compare a number of different
means; in aregression model, the value of abetaweight iscompared with
zero. In fact, the very term deviance implies that there is a norm--of
behavior-to which we compare others' behavior. Although we recognize
that different people have different standards of behavior that are just as
vdid as our own, with the implicit understanding that a great deal of
variation in behavior is permissible, when it comes to our statistical
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methods, we are not quite so tolerant: Most statistical analyses are based
on means.

The reason for thisis partly historical and goes back to the origins of
statistical analysis. The tension between what | call "reificationn of the
mean" and a (Statistical) accommodation of variation is one of long
standing and is till being played out today in the criminological (and other
social science) literature. | attempt herein to explain the origins of this
tension and the impact it has had on theory-building in criminology.

This essay continues the discussion about researchin criminology in
the November 1993 issue of the Journal of Research in Crime and
Delinguency. In the editor's introduction, Fagan (1993, p. 38 1) wrote of
the paradox "where our methods grow morepowerful and precise aswe
move ever further away from our data and the complex realities they
represent." Responses in that issue to this paradox were quite thoughtful
and dealt with the development of theories in criminology, the methods
used to test those theories, and the data analyzed by those methods. Asan
unabashedly quantitative researcher, | have aso tried to deal with these
issues but from adifferent standpoint than the authorsin that issue. | find,
however, that my own concerns strongly resonate with those of
Braithwaite (1993) in his concern for the need to deal with specific
contexts rather than attempt to generalize to all situations; McCord (1993)
in her addressing the same topic as well as the limitations of regression
and the need to go beyond testing theories; and Sampson (1993) in hiscall
for methods that incorporate dynamic contextualism and narrative
positivism.

| first describe the historical origins of the research paradigms and
methods used in the social sciences. The vaidity of some of their original
assumptions is then scrutinized, pointing out some of the problems of
thesemethods and research paradigms. | then show how the assumptions
still permeate criminological research to this day, calling into question
some of the findings. | conclude by suggesting that we reconsider using
methods that are based primarily on estimating the mean of a distribution
and use and develop methods that accommodate diversity.

DISCOVERING AND REIFYING THE MEAN

One of the more interesting chapters in the history of statistics
concerns how the normal distribution was first derived and developed,
based on the needs of ocean navigation. In the 17th and 18th centuries,
astronomical observations were being used to develop navigation tables.
Astronomers were confronted with the problem of reconciling many
different (and somewhat inconsistent) observations of the same object
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(e.g., the moon, the North Star) to determine its exact current location
and to predict its exact future location. The observations were
inconsistent because of inherent errors in the observations caused by,
inter alia, variation in the optical characteristics of the atmosphere,
mechanical hysteresis(i.e., play) inthe measuring instruments, and human
error. Consequently, there was aneed to devel op methodsto reconcile the
measurements and improve the ability to predict the location of the moon,
stars, and planets for navigational purposes.

Stigler (1986, pp. 55-6 1) recounts how Legendre, building on the
work of Euler, Mayer, Boscovich, and Laplace, developed the method of
least squares (i.e., minimization of the sums of squares of the error terms
in a system of linear equations) as a means of combining error-laden
measurements to provide a solution to the equations. Thisline of research
also established that if errors from the true value were distributed
normally, then the arithmetic mean was the estimate that minimized the
mean square error (Porter 1986, p. 96). Because astronomical
observations were (generally) distributed normally, there was a good fit
between the theoretical basis for the method and the empirical redlity, p.
Selecting the arithmetic mean as the "true" value of a set of normally
distributed observations minimized the mean square error. The proof by
Laplace in 1810 of the centra limit theorem, showing that the mean of a
series of measurements with independent errors would be normally
distributed (Stigler 1986, pp. 137, 143), solidified the concept that this
curve was the distribution to use when one had error-laden data.

As a consequence, the normal distribution became known as the
"error law" and the bell-shaped curve became indelibly associated with
errors. It is no wonder that when similar curves were found in other
situations, the processes that generated them were considered to consist
of a mean value plus err or terms, that is, a "true" value plus unwanted
deviations.

Thisis exactly what happened in the middle of the 19th century. In
1844, the Belgian astronomer Adolphe Quetelet showed that this same
error law distribution applied to the distribution of human physical
features, such as height and girth: " This surprising testimony to the power
of the method of celestial mechanics bolstered Quetelet's longstanding
clam that the social sciences could do no better than to imitate the
physical" (Porter 1986, p. 100). Even further, he took this similarity of
distributions to signify that these variables had a true value exemplified by
the mean, and that deviations from that value were errors: He wrote, "One
may ask if there exists, in a people, un homme type, aman who represents
this people by height, and in relation to which al other men of the same
nation must be considered as offering deviations' (quoted in Hacking
1990, p. 105).
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Quetdl et al so used these techniquesintheanalysisof judicial statistics.
He saw in the relative constancy of "mora statistics,” for example,
conviction rates, the equivalent of a natural law. In other words, he
concluded that there was an innate " penchant au crime" shared by al; that
therewas such an entity as the "average man," or even more to the point,
the "average moral man" (I'homme moyen morale). That is, he felt that
"[i]f anindividua at any given epoch of society possessed all the qualities
of the average man, he would represent all that is great, good, or
beautiful" (quoted in Stigler 1986, p. 17 1). This was apparently a direct
consequence of hisinterpreting the variation in individual characteristics
as exemplifying error, in much the same way that an astronomical
observation would consist of the true value corrupted by errors in
measurement.

Emile Durkheim also saw in such distributions error rather than
natural variation, concluding that there were socia laws that acted on al
individuals "with the same inexorable power as the law of gravity"
(Hacking 1991, p. 182; see also Duncan 1984, p. 99). For example, he
wrote of "suicidogenetic currents' in society, as if there was an innate
propensity of the same magnitude for suicide within every individua
(Hacking 1990, p. 158).

Others, especialy Francis Galton, criticized this approach. He saw
variation as natural and desirable and criticized those who focused on
averages as being "as dull to the charm of variety as that of the native of
one of our flat English counties, whose retrospect of Switzerland was
that, if its mountains could be thrown into its lakes, two nuisances would
be got rid of at once" (Galton 1889, quoted in Porter 1986, p. 129). Yet
Galton's view was not shared by most of the socia scientists of the time.
In fact, there was widespread belief that those far from the mean were
deviant in the pejorative sense of the word, that they were "errors."
Statistics was not seen so much as the science of variation (Duncan
1984, p. 224) as it was the science of averages.

Thus, with some exceptions, the zeitgeist at the turn of the century
was to use statistics to estimate mean values and to consider the residuals
of those estimates to be errors. That is, it was believed that statistical
variation reflected not potentially beneficia diversity but, rather, unwanted
deviations from the "true" value, exemplified by the mean.?

Accounting for Variance: The Experimental Paradigm
It was recognized that the mean value of a group could be changed

by changing the conditionsimposed on it. Different interventions could be
tested to see what effect they had on outcomes. The drawback to
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conducting these tests was the lack of arationa basis to determine how
large a group had to be tested to determine whether it was theintervention
or just random fluctuationsthat changed the mean value. The experimental
paradigm proposed and promoted by Sir Ronald A. Fisher in the 1920s
addressed this issue. It was the first practical application of the analysis
of variance, which Fisher used in the design of agricultural experiments,
to be given awide audience, as it was in his 1935 classic, The Design of
Experiments (Fisher 1935; see Gigerenzer 1987, p. 19).

Groups were to be compared, some given treatments (the
experimental groups), another not (the control group). Groups were
needed because individual units (persons, plots of land) had inherent
variation, caused by different factors that were not held constant (e.g.,
rainfdl, soil fertility, and sunlight in the case of agricultural experiments),
as well as by the experimental treatment (e.g., type of seed or fertilizer).
The experimental design permitted the researcher to test the hypothesis
that the difference in outcomes between the experimental and control
groups was attributable to the treatment and not to extraneous factors.

Fisher's book and methodology revolutionized the way experiments
were conducted. The concepts of random sampling and of selecting a
sample size on the basis of the expected extent of variation in the data
weregreat stepsforward and permitted the rationalization of experimental
design. Inferences could be made about the entire population using a
sample, the size of the sample being determined by the expected variance
and the degree of confidence desired in the results. Thus methodology in
the social sciences borrowed from the agricultural sciences, as well as
astronomy.

The overwhelming acceptance of statistical methods in the socia
sciences may also have been encouraged by the finding by Meehl (1954)
that clinical judgments are inferior to actuaria or statistical judgments in
awide variety of domains (Faust 1984).2 This led, in part, to an increase
in the authority accorded a quantitative analysis over a qualitative one. It
reinforced the belief that statistical analyses of surveys were superior to
case history methods in attitude research, an issue studied by Stouffer in
1930 (Bennett 198 1, p. 135).

WEAKNESSES IN THE STATISTICAL METHODS

These advances in and testimonials to statistical methodology led
socia scientists to collect and analyze data using the new statistical tools.
Y et the tool s had anumber of weaknesses that were unrecognized, at |east
initidly, by the social scientistswho used them. They include overreliance
on hypothesis testing, the reliance on the asymptotic normality of
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sampling distributions, reliance on the robustness of regression, and the
manner in which we validate the models that result from our analyses.
Each is discussed below.

Hypothesis Testing and Statistical Significance

Although hypothesis testing is a mainstay of social science research,
it has a number of deficiencies. One is the lack of inclusion of an
aternative hypothesis, or the consideration of Type 11 errors;* these were
concepts that came from Neyman and Pearson and were subsequently
incorporated into ahybrid system of inferential statistics that continuesto
plague students to this day (Gigerenzer 1987, p. 21). Others include:

. Too much attention ispaid to the "ritualistic reliance on statistical significance"
(Mason 1991, p. 344). In 1962, the editor of the Journal of Experimental
Psychol ogy stated that he was strongly reluctant to publish paperswhose "results
were significant [only] at the .05 level, whether by oneor two-tailed test!"
(quoted in Gigerenzer 1987, p. 21). This had the unfortunate consequence of
rewarding researchers "for the exorcism of the null hypothesis, rather than for
a careful experimental design or a phenomenological preanalysis' (Gigerenzer
1987, p. 23).

. The assumptions on which statistical significance tests are based-that the
group(s) under study are random samples of a larger population—are often not
met. Very often the samples are samples of convenience. And as Freedman,
Pisani, Purves, and Adhikari (1991, p. 506) underscore: "If atest of significance
is based on a sample of convenience, watch out." Yet social scientistswho dea
with samples of convenience often use significance tests.

*  The meaning of significance is not well understood. In fact, there have been
cases of researchers, with dataon afull population, sampling it just so that they
could apply the asymptotic normality property to the mean of the sampling
distribution-as if, by the magic of statistical analysis, using fewer data points
would provide more useful findings than those obtainable using all the data.

. It changes the focus of research from measurement to the analysis of numbers,
resultingin a"marriage between sophisticated statistics and naive proceduresfor
measurement” (Gigerenzer 1987, p. 23). As Duncan (1984, p. 207) questioned,
"lsit really credible that social scientistsin 1965 already knew how to measure
2,080 distinct sociological quantities?' (emphasisin the original).

. As McCord (1993, p. 412) points out, researchers mistakenly try to find more
support for their theories by using alarger N. Lieberson (1985, p. 105) notes,
"One does not really improve a situation with poor data by increasing the 'N'
and then hoping to deal with more variation." Despite the Journal of
Experimental Psychology's dictum, not all small-sample experiments should be
thrown out because of the lack of statistical significance. Mosteller (1981, p.
881) describes an experiment conducted in 1747, with sailors afflicted with
scurvy. A physician administered one of six treatments-vinegar, seawater, cider,
vitriol elixir, citrus fruit, and nutmeg-to two sailors each, for atotal N of 12.
Only the two who ate the citrus fruit were cured, in just afew days, leading the
physician to believe that he had found the cure, which is alogical conclusion.®
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But thisresult is doubtless not significant at the .05 level. [What would be the
fate of a crime analyst who told the police chief, "We only have two cases in
which the victim was dismembered; thisistoo small an N to infer a pattern™?|®

. Statistical significance does not imply substantive significance, and most
researchers know this-but this does not stop them from implying that it does.
In other words, there are (conceptually) Type | and Type |l errors that
distinguish statistical significance from substantive significance: not all
statistically significant findings are substantively significant, and not all
substantively significant findings are statistically significant. It has been
suggested that it would be better to use the word discernible or distinguishable’
instead of significant in describing statistical tests, because these tests are
designed to estimate the probability that one parameter (e.g., a sample mean)
can be distinguished from another.

Why all this focus by researchers on statistical significance, despite
these well-known faults with it? The problem confronted by researchers
is how to draw inferences from a large data set, and the only inferences
with which most are familiar are those relating a sample to a parent
population. The problem thus is one of inference and interpretation.
Statistical significance refers only to inferences beyond the sample at
hand, to some (often hypothetical) popul ation from which the sample was
drawn. If the group under study is not arandom sample, it does not mean
that inferences cannot be drawn, but only that they will not be related
statistically to a parent population: one can still calculate standard errors
and withinand between-group variance, and make confidence statements,
but using descriptive statistics, not inferential statistics. The validity of
making inferences beyond the sample at hand then must be based on the
arguments of the researcher and not on the sampling distribution.

In summary, the experimental design proposed by Fisher permitted
arational determination of sample size, and it made use of variance rather
than just discarding it as error. It provided researchers with an
unequivocal procedurefor making inferences from equivocal dataand has
been instrumental in moving the socia sciences onto a more logical and
quantitative footing. Y et the use of statistical significanceis so often used
ingppropriately that, in all too many cases, it isameaningless exercise (or,
at the very least, its meaning is not the one claimed by the researchers).
But one implicit assumption about the nature of the variance did carry
through from the past: that there was one "true" value for the outcome,
and if the different mediating factors (i.e., theindependent variables) were
precisely known and measured, this true value could be calculated.
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Sampling Distributions

One of the advantages of Fisher's experimental paradigm was the
ability to take a random sample of a population and, regardiess of the
shape of the population distribution, calculate the sample mean and be
confident that it was arbitrarily close to the true mean (the larger the
sample, the closer the sample mean to the true mean). For example,
Figure 1(a) depicts the income distribution of a hypothetical sample that
is bimodal, with about half of the population having incomes distributed
around $4,000 and the other haf with incomes distributed around
$16,000, with the overall mean value around $10,000.

According to sampling theory, if this were a random sample drawn
from a parent population, the sample mean would be close to the actual
population mean, its closeness depending on the sample size. Not only
that, but were we to take numerous random samples (of the same size)
from this population, the means of the different samples would be all
nestled about the true mean and distributed approximately normally, as
depicted in Figure 1(b). The fact that the sample means are normally
distributed (given a sufficiently large sample size) means that, if
comparisons are to be made of two different distributions, one can
determine the likelihood that the two population means are within a
specified range of each other, with a level of confidence determined by
the sample sizes.

It is often considered too difficult to consider the actual population
distribution, especialy when (as in this example) the distribution is
irregular. As a consequence, analysts often focus on the comparison of
the sample means without really investigating the nature of the
distributions from which they were generated. But relying on the sample
mean alone can be very mideading: note that, for the given example, the
mean valueis held by very few members of the sample. One wonders, in
acase like this, about the advisahility of using the mean as a "measure of
central tendency"—since there is no central tendency!

To make this point more concrete, consider the case of an
experimental intervention that is to be evaluated using two samples,
experiment and control, randomly selected from a parent population.
Supposethat the outcomes of the experimental group were distributed as
in Figure 1(a) and the outcomes of the control group were distributed as
in Figure 1(c), in which the distribution of incomes is roughly unimodal.
Suppose aso that neither the means nor the variances of the two samples
are (statistically) significantly different from each other, so that the
sampling distribution in Figure 1(b) applies to both.2 According to
accepted doctrine, the null hypothesis cannot be rejected, leading to the
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Figure 1: Data from a Hypothetical Experiment

conclusion that the experiment had no effect. Yet if one goes beyond
merely testing the null hypothesis and considers the sample distributions,
not just the distribution of sample means, one would see that the
experiment had a (substantively) significant effect, decreasing the
outcomes for one segment of the sample and increasing outcomes for
another segment. That is, one can look at experimental data not only in
terms of testing hypotheses, but in terms of generating hypotheses as
well.

This type of problem was apparently at the root of the disagreement
between the late Hans Zeisel (1982a, 1982b) and Peter Rossi and Richard
Berk (1982): Rossi, Berk, and Lenihan (1980; see aso Berk, Lenihan, and
Rossi 1980) eval uated an experiment in which ex-offendersin Georgiaand
Texas were randomly assigned to a treatment group---that was given
financial aid for aperiod of timeto help the ex-offendersin their transition
to the outside world--or to a control group that was not given such aid.
After afinding of no differenceinincome earned after release from prison
between the two groups, Berk et al. (1980) analyzed the data further.
They found that there was evidence to suggest that one subgroup of
offenders was helped by the transitional aid (i.e., earned more than
expected), but another group of offenders did not take advantage of the
financia "breathing room" and used the transitional aid as an excuse for
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not working. Zeisel (1982a) contended that this runs counter to the logic
behind the experimental paradigm, which relies on the difference of
sample means, whereas Rossi and Berk (1982) maintained that the
experimental paradigm does not prevent an analyst from examining the
data at greater length to extract additional findings.

Focusing only on the hypothesis that the means are different is
another form of reification of the mean: it ignoresall characteristics of the
population distribution other than the mean. In some sense, sampling is
equivalent to squinting at an object instead of opening one's eyes fully; it
permits the viewer to see some broad features, for example, the mean.
However, this is done at the expense of missing the details, the very
features that make research an exciting art rather than a formulaic
"science.”

Implicit Assumptions of Regression

Experimentalists collect their own data and have control over
experimental conditions and data, but other social scientists do not have
control over the variables they use. They more often use data from field
settings, questionnaires, and official records, and employ
quasi-experimental or correlational designs. As a consegquence, much of
the work in criminology consists of attempting to control for variation in
the population under study by doing multivariate regression analyses, that
is, by attempting to account for part of the variation in outcomes by it to
the variation in independent variables. There are a number of problems
with the way regression has been applied in the analysis of social
phenomena.

. When the number of independent variables is large, analysts often use the
shotgun approach to find which of the collected variables are key ones. That is,
the dataare regressed against as many independent variables as are available, and
those that are the most statistically significant are selected. Freedman (1983)
has shown the flaws in this approach: he simulated some random uncorrelated
data, ran a regression and found some relationships, eliminated the weaker
covariates from the regression equation and produced an even better model than
before-and all with data that had no inherent relationship.®

. Lieberson (1985) describes an even more fundamental flaw in regression
analysis, assuming that the functional relationship between variables is
symmetric. That is, a positive correlation between variables A and B implies
that increasing variable A causes variable B to increase and that decreasing
variable A will cause variable B to decrease. Thiswould only be true if variables
A and B did not interact with other variables that, in turn, affect A and B; ina
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social system, thisisvirtually never the case.

. Regression analyses, for the most part, imply linear (or log-linear) models. But
no one would call offending, for example, alinear process. The rationale that
makes it justifiable to employ linear models for nonlinear phenomena is that,
if afunctional relationship among variablesisfairly well behaved (i.e., itsslope
iscontinuous) in the neighborhood of apoint, it can be approximated by alinear
function in that neighborhood. That is, continuous processes are linear "in the
small." This leads to the use of regression in one form (linear) or another
(log-linear, logistic, etc.). Abbott (1988) argues that this use implies a
(mistaken) belief in a"general linear reality."

. In studies that have used these forms of regression, rarely are the method's
inherent assumptions (e.g., Malinvaud 1970, p. 82) tested against the datato see
if they are met (Freedman 1991 a, p. 305). Moreover, theimplicit assumption
of linearity is sometimes sorely stretched, as when it is assumed that the same
regression equation can be used to relate homicide rates to a number of
independent variables (Ehrlich 1975) over the four decades from 1930 to 1970.
Such aformulation disregards the possible nonlinearities introduced by a world
war, civil rightslegislation, theincreasing availability of handguns, urbanization,
changes in internal migration patterns, the growth in automobile ownership,
improvements in medical technology and emergency room procedures, and
other such "nonlinear" factors.

. The reason given for disregarding the assumptions of regression analysisis that
regression is considered a "robust" method of analysis; that is, it can withstand
substantial violationsof itsassumptionsand still produce useful results. However
robust it is, no method can or should be used without determiningthe extent to
which it can be used; yet this does not occur very often.

. How the variables are entered into the regression equation can affect the
outcome, especially when using nonlinear, log-linear, or logistic regression. For
example, Ehrlich's (1975) log-linear model of homicide incorporated the
probability of arrest, rather than the probability of avoiding arrest. This can
make a substantial difference, especially when modeling deterrence: the
probability of arrest increases by 100% when it doubles from 1% to 2%; but to
the offender the probability of avoiding arrest changesimperceptibly, from 99%
to 98%.

. Although regression methods downplay theimportance of the mean by showing
how its variation can be attributed to the independent variables, these methods
till reify mean values. Consider the output of these methods: coefficients and
their corresponding t statistics. Thus there is an implicit assumption that the
same regression equation (and its beta weights) applies to every member of the
group under study. This assumption should be tested; see the Unimodality
section below.

Thus there are many valid criticisms of the use of regression in the
social sciences, especially Lieberson (1985) and Freedman (1991a,
1991b). Y et many researchers seem to pay no attention to them because
the number of papers in which regression is misused has not diminished
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since the criticisms were first discussed. The fault may lie with the way
we teach statistics in graduate schools (Mason 1991) and the often
counterproductive suggestions of referees ("Instead of using OLS here,
try logit") who were trained in these graduate schools.

Model Validation

Regression modeling is often misused in another way. Freedman
(1985, p. 348) notes:

In social-scienceregression analysis, usually theideaisto fit acurveto the data,
rather than figuring out the process that generated the data. As amatter of fact,
investigators often talk about "modeling the data." This is almost perverse:
surely the object is to model the phenomenon, and the dataare interesting only
because they contain information about that phenomenon. Whatever it isthat
most socia scientists are doing when they construct regression models,
discovering natural laws does not seem to be uppermost in their minds.

Models areoften validated by randomly splitting the population under
study and using one of the subpopulations, the estimation or construction
sample, to develop the model-by determining which independent variables
are significantly associated with the outcome variable(s), and therelative
weight assigned to each independent variable. This model is then applied
to the other subpopulation, the validation sample, to see how well the
model predicts the outcome for this sample.

This technique does not actually vaidate a moddl. First, it does not
test the model's inherent construct validity: if the process under study is
actually nonlinear, but is modeled as a linear process, then the resultant
model will not be the best model of the process but the best linear modd.

Second, a model that fits the validation sample as well as the
construction sample is not necessarily a validated model. For example,
suppose that the two subpopulations are exactly alike (e.g., pairs of
identical twins). In this case, the two samples will obvioudly give identical
results. And just as obvioudly, this would not validate the model because
the identica results would occur regardless of the validity of the model.

The split-sample validation technique validates the fact that the
statistics of the two subpopulations are sufficiently similar that they
cannot be distinguished. That is, validation using asplit sample may only
show that the random assignment procedure used to split the population
did, infact, split it into two indistinguishable subpopul ations. Although this
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procedure "can provide a useful antidote to overfilling” (Berk 1991, p.
319), it does not validate the model.

A more useful approach was taken by Berk (1991, p. 321) in
attempting to validate amodel built from datain one jurisdiction by testing
it with datafrom another jurisdiction. He found this procedure to be useful
in documenting the strengths and weaknesses of the origina model, but
"there was no simple or straightforward way to determine how well the
model fared in the new dataset.... [M]uch rested on difficult judgment
cals." In other words, model validation cannot always be based on an
off-the-shelf technique and a set of rules.

PROBLEMSWITH THE RESEARCH PARADIGM

Aside from problems with specific methods, there are also problems
with the research paradigms within which these assumptions are
imbedded. In particular, there is a strong bias (perhaps a legacy of the
editorial stance of the Journal of Experimental Psychology) to sample all
populations regardless of the need to do so. In addition, implicit in the use
of regression models is the belief that the distribution under study is
unimodal: that is, it has only one point around which cluster all members
of the population. These issues are discussed below.

Sampling and " Connectivity"

The statistical methodologies of the social sciences, as discussed
earlier, are based in large measure on sampling, permitting the use of
significancetests. By relying so much on sample-based data, however, we
implicitly reject the possibility of examining phenomena that cannot be
studied by random sampling. In criminology, co-offending behavior isone
phenomenon that cannot be studied using random samples.

That juveniles commit offenses more often with others than by
themselves was detailed by Shaw and McKay (1969); see also Hindelang
(1976) and Zimring (1981). But if a population of juvenile offenders is
sampled, most of the relationships among the co-offenders will not be
captured in the sample. Even acursory review of juvenile offense records
would show numerous instances of three or four individuals charged
concurrently with the same offense; Reiss (1986, 1988) shows how this
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penchant among juveniles for co-offending affects crime rates and
criminal careers. In particular, to investigate co-offending among
juveniles, Reiss and Farrington (1991, p. 368) studied "all the boys then
[in 1961-62] aged eight or nine who were on the registers of six state
primary schools within a one mile radius’ of the study's research office
in London [emphasisadded]. They showed how co-offending varied, inter
dia, with age of offender and with offense types; tracking their
co-offending behavior would not be possible in a random sample.

This problem with sampling relates to the implicit assumption of
sampling theory, of the independence of dl individuasin the sample; that
is, knowledge of A's behavior has no effect (statistically) on B's behavior.
But we know that they are not always independent in criminology-and
other social sciences as well (Abbott 1988, p. 178). In fact, Coleman
(1990, pp. 318-20) considers one of the most important factors in
studying a socia system to be the closure among its actors, that is, their
interrel ationships.

Moreover, not only do offenders act jointly and nonindependently, but
offenses can be related to each other aswell. Consider what occursin the
conduct of field experiments in crime prevention or control, in which the
count of events serves as the outcome measure. For example, suppose
that some of the more active offendersin acommunity are responsiblefor
about 300 burglaries ayear, arate not out of the ordinary (Chaiken and
Chaiken 1982). This means that burglaries are not committed
independently, which is a key assumption for making inferences from a
random sample. A reduction in burglaries by 300, which might be
statistically significant under the assumption of independence, would not
necessarily be significant given the connected nature of the events. The
problem here is in the unit of analysis chosen: Perhaps we should be
counting offenders, not offenses. Although we normally do not know
who commits which offense(s), it may be possible to make reasoned
estimates.™®

Organized crime and white-collar crime are two other areas where
sampling unduly restricts the view of the phenomenon under study.
Organized crimes differ from common crimes specifically because they
are connected (Maltz 1990); similarly, the scams committed by
white-collar offenders are amenable to study as network phenomena
(Waring 1992).

Unimodality

A focus on the mean of a population contains an implicit assumption
that the population all acts about the same. This assumption of unimodality
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is reflected not only in assumptions about the popul ations under study but
is also reflected in the way categories are constructed and in our
expectations about the efficacy of treatments. These assumptions are
explored in this section.

Unimodality and models. Regression models implicitly assume that
thereisamean value for each of the variables and that the individual cases
cluster around this mean in a multivariate normal distribution.* This
formulation of the model impliesthat only one mechanism isworking, that
the cases under study represent variations on a single theme, ignoring the
possibility that "important subsets are inappropriately being merged as
though they represented homogeneous populations® (McCord 1993, p.
413). Therefore, many studies ignore the possibility that individuals may
cluster into different types, each with different motivationa patterns and
different behavior patterns: all too often al individuals are thrown into the
same hopper and analyzed (implicitly, if not explicitly) asif they are of the
same general type-the computerized crank is turned, coefficients are
obtained, and a new "model" is generated or another theory tested.”? This
puts the modeling cart before the data horse.

Regression analyses produce coefficients for a single equation that
"explains' the contribution of each variable. These tests purport to show
which single value of coefficient is best according to some criterion (e.g.,
minimum mean square error, maximum likelihood), irrespective of thefact
that there may be two distinct values corresponding to two different types
of individua. Studies using these analytic methods, whether they are of
birth cohorts (e.g., Wolfgang, Figlio, and Sellin 1972) or releasees (e.g.,
Rossi, Berk, and Lenihan 1980), analyze different types of individuals
(white-collar offenders, petty thieves, sex offenders, violent offenders) as
if the same regression model can accommodate all of them. As Sampson
and Laub (1992, p. 71) point out, there are dangers in "relying on
measures of central tendency that mask divergent subgroups.”

Consider acohort of prisonersthat haswithinit ahomicidal pedophile
like John Wayne Gacy, a junk bond swindler like Michael Milken, a
streetgang leader like Jeff Fort, and an organized-crime capo like John
Gotti, aswell asthe usual assortment of armed robbers, drug dealers, and
petty thieves. Assuming, a priori, that they are al governed by a single
behavioral pattern is absurd on its face. This has no more merit than
studying a cohort of cancer patients solely on the basis of their having
entered the hospital in the same year: the causes and course of bone,
breast, colon, lung, and skin cancer are quite different from each other
and should be investigated separately. Similarly with criminality, some
may be driven by family deficiencies that can be treated by treating the
family; others may be driven by peer-related motivations or environmental
factorsthat are amenable to treatment by changing their environment; still
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others may have deep-rooted psychological or physiological problemsthat
manifest themselves in violent behavior, that may not even be treatable.
Y et instead of considering these types separately, they are usually grouped
together in one regression "model."

Grouping them together implies that there is only one mechanism
operating, and that individuals or crimes can be seen as varying around the
mean va ue that defines that mechanism. In other words, the assumption
is implicitly made that the data are unimodal, that there is one "grand
unified theory” of crime or criminal behavior. Thisisanother aspect of the
problem of reification of the mean discussed earlier, abeit in amultivariate
context. If it is actually the case that more than one mechanism is
operating (and that the study variables can actually be used to distinguish
these modes), then we are modeling a multimodal situation with a
unimodal model of the process(es). To use the same metaphor as Galton,
but bringing it closer to home, thisis equivalent to fitting the (multimodal)
Sierra Nevada with a (unimodal) model of Mount Whitney.

Although there are certainly benefits to grouping them together—for
example, to test a treatment that may be effective for a variety of
problems—doing so also masks potential effects. The fact that a graph of
age of onset of criminaity (for most types of crime) is similar for
populations in different contexts and from different countries may be
interesting (Gottfredson and Hirschi 1990), but what it shows more than
anything else is that crime is a young person's game—just as a similar
graph of age of onset of cancer (for most types of cancer) would show
that cancer is an old person's disease. The fact that most (or even all)
offenders lack self-control (Gottfredson and Hirschi 1990) may aso be
interesting, but it is no more helpful than the observation that all cancer
cells multiply uncontrollably. In neither case is this finding as helpful as
would be a more intensive analysis of similar cases.

Unimodality and categorizing data. Unimodality is also manifestedin
the way data are categorized. Social scientists tend to employ categories
that are almost cartesian in nature, with sharply defined edges that do not
overlap. But there are often culturally biased visions of reality implicit deep
within in these categories. For example, we use terms like dropout,
minority, broken homes, lower class, working mothers, and even age,
school, and education level as if they are unitary phenomena,
notwithstanding the fact that some intact homes are so stressful that a
broken home is awelcome alternative;*® that a 20-year-old single mother
with three children is not comparable to a 20-year-old coed;* that schools
affect individuals differently, depending on their temperaments and on
family interactions (Hinde 1988, p. 375); and that some schoolsare so bad
that the only rationa act is to drop out.
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These categories can be considered idealized cognitive models (or
ICMs; see Lakoff 1987, p. 68ff) that contain within them stereotypes,
often based on the culturally imbedded assumptions about their meaning.
With regard to school, for example, is the individual's school a place
where students exchange ideas—or exchange drugs; where students meet
and enjoy friends—or where they cannot go to the bathroom for fear of
being assaulted? One ICM may be more common in schools attended by
the children of those who collect the data, the other more common in
schools attended by those who furnish the data.

Crime categories also draw upon | CMs, despite the fact that we know
that they are legal, not behavioral, categories. Thirty years ago Sellin and
Wolfgang (1964, p. 42) underscored the fact that the variation within
crime categories is almost as great as the variation among categories and
developed the crime seriousness index to account for this variation. Yet
we still use these categories to assess programs, predict offender
dangerousness, and set sentences. Frohmann (199 1) has shown how
prosecutors try to fit rape cases into ICMs (or typifications), to decide
whether to press charges.

We cannot call ourselves social scientists if we ignore the
considerable differences within categories that putatively reflect one
activity or phenomenon. This does not mean that because every individual
or case issui generisthat generalizations cannot be made—after all, finding
patterns in data is the stuff of science. But it suggests that the
generdizations should be made on the basis of the known variation within
the categories, rather than on the basis of the ICMs and other prior
(mis)conceptions we carry with us.

Unimodality and outcomes. Another potential problem with the
assumption of unimodality is associated with Martinson's (1974)
conclusion that "nothing works" in corrections. This finding was based
on an analysis of experiments that were evaluated, for the most part, by
standard methods-that is, comparing means. Palmer (1978) pointed out,
however, that admost half of the studies had positive or partly positive
findings—for some types of offenders. That no treatment was shown to
work across the board should have been expected—different folks may
require different strokes.

Summary. The methods and interpretations currently in vogue in
criminology and criminal justice research, which make implicit
assumptions of unimodality, have anumber of problems. They engender
apredisposition to ignore multiple modes of behavior, to treat all situations
as having common origins, to embrace a single cognitive mode! of redlity,
and to overlook any treatments that do not apply to the whole population.
Although studies based on mean values are often quite useful, especialy
as afirst step, they should not be considered the only focus of statistical
analyses.
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TOWARD BETTER DATA AND METHODS

Thus far we have seen that methods considered to be "tried and true"
are often "tried and found wanting." Not always. many researchers,
including myself, have employed tests of significance, sampling,
regression, and model validation techniquesto great benefit. But they have
often been employed without regard for their limitations and have
contained the implicit assumption that the data they study represent a
single phenomenon. It sometimes appears that criminol ogists have grown
accustomed to focusing only on certain types of data; and there seemsto
be asimilar mindset on using only those methods that are readily available
in statistical packages.™ It is possible to broaden our consideration of the
nature of the data we collect and the way we choose to analyze them. In
particular, | discuss the nature of the data we choose to collect and
highlight one or two analytic methods that can be used to deal with such
data.

Sdlecting Variables

Stark (1987, p. 894) decriesthe fact that much current social science
research seems to have "lost touch with significant aspects of crime and
delinquency. Poor neighborhoods disappeared [from the socia science
literature] to be replaced by individual kids with various levels of family
income, but no detectable environment at all.... Yet through it al, social
scientists somehow still knew better than to stroll the streets at night in
certain parts of town or even to park there." There are two interesting
aspectsto this quote. Thefirst relates to how and why we select variables
for inclusion in our analyses. When we "round up the usua variables' to
characterize an individual® or a community,*” we may realize that we are
missing some important characteristics, that we may have a one- or
two-dimensional picture of the entity we are studying, but go on anyway:
better to do something with the information we have available than to do
nothing at all.*®

Variable selection asasampling process. We should consider why we
are collecting such data in the first place: normally to characterize the
important attributes of, for example, a delinquent. | suggest that we
consider these data to be the output of a sampling process, not the
sampling discussed earlier, but sampling in the information theoretic
sense, asis involved in the digital recording of sound. In this process, the
acoustic waveform generated by a musician is sampled and digitized to
permit compression of the waveform for storing and transmitting it more
efficiently. It is reconstituted at the receiving end, and the triumph of this
technology is that the output sounds the same as the original input.
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In social science, we also attempt to sample in thisway, by selecting
variables that we hope will fully characterize an individual. But few would
say that thereis sufficient information in these variablesto recongtitute the
individuals from which they were sampled. This is not to say that this
reconstitution process is impossible: consider the skilled clinical
psychologist, social worker, psychiatric diagnostician (or even novelist)
who, in perhaps two pages of narrative, is able to describe an individual
in sufficient detail that he or she would not only be recognizabl e to another
observer, but one might even be able to forecast how the individua would
react to different stimuli.

It isnot beyond the realm of possibility, therefore, to suggest that one
might be able to capture the essence of an individual (and the significant
aspects of his or her life course) in a two-page narrative "sample." If
narratives can do a better job of it than our standard variables, this may
suggest that we need to concentrate our methodological efforts not on
developing new statistical algorithms but, rather, on how to extract from
such narratives their important features in ways that permit
subsequent—and perhaps, eventually, even quantitative—analysis (Sampson
1993, p. 430).°

Using observational data. Another means of getting amore complete
picture of a situation is to collect more meaningful types of data. For
example, studies of decision making in juvenile court often consider age,
race, age at first arrest, prior record, and type of offense as affecting
sentence type and length. All of these data are available from official
documents. Observing a juvenile hearing, however, might suggest
additional variables: did the parent(s) attend, how wasthe juvenile dressed,
what was his or her demeanor, was she or he respectful to the judge, is
the judge inclined to be lenient because she or he handed down fairly
harsh dispositions in earlier cases, and so on. | suspect that inclusion of
variables such as these would considerably reduce the unexplained
variation in outcomes. The problem with this is, of course, that there is
no easy way to collect such data without an observer being there, so too
often the researcher makes do with the available datainstead of collecting
more relevant data. But looking under the lamppost will not help us to
understand the phenomena under study.

Using contextual data. The second aspect of the Stark quote points
out that the context is al-important in giving an individua clues asto (in
his example€) a neighborhood's dangerousness. Braithwaite (1993, p. 384)
stresses the overwhelming importance of context "in deciding whether a
crime will occur”; and context is not necessarily handled by adding
"community” variables. It is possible, however, to use data from other
(i.e., noncriminal justice) agenciesin other waysto understand the context
of the criminal justice data. A rationalefor and ameans of combining such
datais given in Maltz (1994).
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Text can aso provide context. A great deal of contextual information
is carried in the choice of words, including complicity, socia status, and
power relationships, whether in oral histories (Bennett 1981), interviews
(Briggs 1986), wiretaps (Shuy 1993), or trials (Frohmann 1991,
Matoesian 1993). This information needs to be made explicit, and
linguigtic analysisof such narratives(e.g., presentenceinvestigations) may
be vaduable for this purpose.® This would, in some sense, be a
combination of clinical and statistical judgment and should be much more
useful in making predictions than statistical analyses of the usual data.

Life Course Analysis and Longitudinal Data

Events and experiences occurring to an individual through his or her
lifecourse (e.g., Bennett 1981; Farrington 1988; Robins and Rutter 1990;
McCord 1992; Sampson and Laub 1993) also can provide a rich source
of information for analysis. It isnot just the nature of the events occurring
to an individua but when they occur that matters. It makes an enormous
differencein anindividua's propensity for criminality, for example, if she
or he suffered physical abuse from a parent at age 2 or at age 14, or fell
behind his or her school cohort in first grade or tenth grade. Gottfredson
and Hirschi (1990) forcefully make the point that the early influences on
children have strong implicationsfor their self-control and, therefore, their
potential for criminality. The saying, "As the twig is bent, so grows the
tree," is relevant here: we need to develop and employ methods that
describe when and how the twig is bent.

Longitudina research isnot without itsown pitfalls. Collinearity isone
particularly troublesome problem (McCord 1993, p. 417). Moreover,
because the information characterizing an individua is arrayed over time,
different expedients have been used to manipulate the data into a more
managesble form. At least two different methods have been used by
researchers; the first method isto "clump” the data over time, the second
isto fit the data into smooth and well-behaved chronological patterns of
events.

Clumping. When anumber of events occur over a period of time, and
the number and time period vary from person to person, a researcher
would like to be able to (a) take cognizance of the variation in number and
time period, and (b) relate the extent of variation to the characteristics of
the individuals. One means of doing thisisto count the number of events
within afixed period of time and use this as the variable describing the
frequency and timing of events. Thisis how Farrington (1993) dealt with
the variation in offenses in the group of youths he studied: variables like
"number of offenses between ages 10-14" were used. Whether most of
the offenses occurred at age 10 or age 14 was not noted, nor was
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whether the interoffense time was increasing or decreasing, nor was the
seriousness of theoffenses.* Similarly, in the study by Wood et al. (1993)
of the effect of moving (i.e., changing residences) on youths
development and behavior, they did not look at when the moves took
place in the children'slives, or the length of time between moves; rather,
they looked at the number of moves.

Thus a great deal of potentialy relevant information concerning the
events under study is compressed into just a few categories. This is
understandable from the standpoint of the researcher; she or he wants to
find out, at least initialy, if there is an effect and may not be overly
concerned with the finer structure of the events, how the effect varies
from individud to individual.

Smoothing. A second method of summarizing event data over timeis
to make assumptions about the chronological patterns they generate and
fit them into specific patternsthat are more easily manipulable. The choice
of pattern most often used isthe one generated by a Poisson process (Cox
and Isham 1980), one in which the rate of event occurrence is on average
constant. But even if the occurrence rate is constant, agiven individud's
pattern is not expected to be regularly spaced for the same reason that
tossing a fair coin is not expected to produce a sequence of alternating
heads and tails.

When the events in question are crimes or arrests, the rates are
known as lambda and mu, respectively (Blumstein, Cohen, Roth, and
Visher 1986), and can be estimated by dividing the number of eventsin
atime period by the length of thetime period. However, a Poisson model
can fit virtually any pattern of events, so any offender's sequence of
arrests can be modeled by a (constant) mu. Thus this method of
summarizing chronological data does not do a good job of distinguishing
between increasing and decreasing interarrest times, either, and aso
masks potentially relevant information.? In fact, even though longitudina
data show much promise in terms of finding causal mechanisms in
criminal behavior, the analytic methods that are brought to bear on
analyzing the data are, for the most part, quite limited. One aternative to
using analytic methods is to depict the events and processes occurring in
alife coursein atime line (e.g., Post, Roy-Byrne, and Uhde 1988; Maltz
forthcoming), and let the viewer infer patterns, as Tufte (1990, p. 50)
suggests (see the Displaying Data section below).

Multimodal Analysis

In studying life courses, one quickly becomes aware that single
explanations often do not work. In some cases, the same stimulus (e.g.,
military service) will produce different responses (e.g., turning somelives



Maltz/ DECLINING SIGNIFICANCE OF SIGNIFICANCE 455

around, disrupting others' lives) and the same response (e.g., terminating
a criminal career) can be produced by different stimuli (e.g., marriage,
becoming aparent, employment, an inspiring teacher) (Sampson and Laub
1993, p. 222; Farrington 1993, p. 366). Thusdifferent types of individuals
react differently to external influences. Genetic and environmenta factors
aso have a substantial influence on development. One means of
distinguishing among the different types is to determine whether al
members of the group being studied can be grouped together, or whether
they can be clustered into different subgroups.

One method of doing thisisto perform a cluster analysis of the data,
which is useful in making distinctions among individuals based on the
traits they share in common.% Cluster analysis has not been used to any
great extent in criminology in the past. (Some exceptions are Hindelang
and Weis [19721, Schwendinger and Schwendinger [1985], and Fagan
[1989].) This seems to be changing, especialy in the literature on
developmental problemsand delinquency, where someuseful comparisons
with other methods have been made. Hinde and Dennis (1986) show how
categorizing cases "provides evidence for relations between variables not
revea ed by correlational methods"; Magnusson and Bergman (1988) show
how a"systematic relationship of aggressiveness to adult criminality and
to adult alcohol abuse disappeared completely" when a small group of
subjects with severe adjustment problems was analyzed separately from
the rest of the subjects; and Farrington, Loeber, and van Kammer (1990)
show that different types of delinquency problems are part of "different
causal chains or different devel opmental sequences leading to offending.”

Whether or not the variablesin a particular study reflect one or many
modes is not necessarily the issue: to my mind, it is aways worth testing
data to see if the data appear to be multimodal or unimodal. Although it
may turn out to be true that one "grand unified theory" of crime or
criminal behavior will explain everything we need to know, one should not
make this assumption apriori and analyze the data asif thiswere the case;
more effort should go into testing this hypothesis.

Other Methods ofAnalysis

In addition, there are a number of worthwhile methods that are
ignored by social scientists, although thisischanging. Abbott (1988) notes
that there are alternatives to the straitjacket of what he terms "general
linear reality”; he cites, in particular, the methodologies associated with
demography, sequentia analysis, and network analysis.

Recently there have been more and more instances of new methods
being brought to bear on problems of crime and justice. They include
those used in ecology, epidemiology, ethnography, event history and
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survival analysis, sociolinguistics, life course analysis, geography and
computer mapping, markov models and processes, and simulation
methods. The number of studies using these methods is growing; many
have their own limitations that need not be detailed here. Textbooks that
have attempted to go beyond the standard statistical techniques, including
Coleman (1964) and Greenberg (1979), have not met with much success
in the past; perhaps this will change in the future.

Displaying Data

As Wild (1994) notes, 'We seem to be heading for an erain which the
primary language for promoting the human understanding of data will be
sophisticated computer graphics rather than mathematics." No one who
has seen the superb examples of data displays in Tufte's (1983, 1990)
books can ignore their relevance to this prediction and to the arguments
presented herein. Although for the most part researchers attempt to
samplify the presentation of their data, Tufte (1990, p. 37) takes the
opposite approach: "Simplicity of reading derives from the context of
detailed and complex information, properly arranged. A most
unconventional design strategy isrevealed: to clarify, add detail." Hefeds
that standard statistical analyses hide too much from the analyst: to quote
Tufte (1990, p. 50) again, "High-density designs aso allow viewers to
select, to narrate, to recast and personalize data for their own uses. The
control of information is given over to viewers, not editors, designers, or
decorators [or, | would add, programmers and statisticians]. Data-thin,
forgetful displays move viewers toward ignorance and passivity and, at
the same time, diminish the credibility of the source. Thin data rightly
prompts suspicions: "What are they leaving out? Is that really everything
they know? What are they hiding? Is that &l they did?'

Although Tufte focuses for the most part on how information is
displayed in tables and charts, his examples are instructive for statistical
analysis aswell. The next frontier in statistical analysis may well bein the
development of better ways of displaying data, ways that would permit
analysts and not algorithms to infer patterns from the data. This has been
shownto be useful in analyzing geographica crime patterns (e.g., Harries
1980; Rengert and Wasilchick 1985; Roncek and Pravatiner 1991) and has
also been taken up by police departments where computer-based crime
mapping is being used for tactical analysis (Block 199 1; Maltz, Gordon,
and Friedman 1990). These display techniques can be adapted to other
criminal justice areas as well, tolet the data speak for themselves instead
of being filtered through a statistical algorithm.
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CONCLUSON

In this essay, | suggest that we can and should do a great deal to
improve the state of research in criminology and crimina justice.
Collecting a large data set, pouring it into a computer, and turning an
andytic crank may provide results that are statistically significant and,
perhaps, even worthy of publication, but more can be done with the data
we collect to improve the state of our knowledge about crime and its
correction. Part of the reason for this, | have argued, is historical-we
have been conditioned to assume that a single data set will produce a
single pattern that can be characterized by mean values. This implicit
assumption of unimodality—one mode of behavior for the entire population
under study—is also found in our assumptions about the unitary influence
of various processes (e.g., schooling) on all individuals and in our search
for treatmentsthat benefit all individuals. Measures should be taken to test
these assumptions. Data sets should be analyzed to see if more than one
type of individua is contained within the data, if more than one mode of
behavior appears to be manifested, if more than one outcome might result
from a treatment.

We have made do with the assumptions and limitations of standard
statistical techniques because, up until only very recently, we have had no
redigtic alternativesfor analyzing large datasets. To handle them, we have
had to employ inexact models whose primary virtue is that they are
tractable. But we no longer have to "mode the data" The increased
avalability of high-speed, high-capacity computers and excellent data
analysis and graphics programs means that we can let the data speak for
themselves.

Further, we should consider the possibility that the data we currently
collect and the categories we currently use may be lacking, and attempt
to collect different kinds of data, using more relevant categories,
recognizing full well that this may require the application of judgment on
the part of the data collectors. We should also do more research into how
we can extract data from the richer sources that are at our disposal, the
narrative accounts that provide a much clearer picture of offenders,
offenses, and communities than do the standard types of data that are
used in criminological research. We will go much further toward
understanding the problems of crime if we relinquish our death-grip on
our old beliefs and open ourselves to new methods and paradigms.

The goal of this essay isto provoke thought and debate, preferably in
that order. It will be of little value if it does not promote discussion. But
it is my hope that we begin to make more penetrating observations of the
entireresearch process, what we choose to collect and why, and what we
do with what we collect.
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NOTES

1. Notethat thisinterpretation arguesfor determinism and against free will; as Hacking (1990, p. 116)
putsit, "if there were statistical laws of crimeand suicide, then criminals could not help themselves."

2. Hacking (1990, p. 120) suggests that the movement toward eugenics was adirect consequence of this
statistical interpretation of variation. It isinteresting to speculate on theimpact thishad on the
development of the concept of the master racein Nazi Germany, in which genetic purity wasto be striven
for.

3. Theassertion that statistically based judgments are better than clinically based assessments may not
hold to the same extent now that it did when it wasfirst reported. In the past, clinicianswererarely given
useful information on outcomes that woul d be necessary for them to gauge the consequences of their
decisions; one of themagjor deficienciesinthe criminal justice systemisthislack of feedback (e.g., to
judges). Furthermore, even when statistical feedback is provided, Gottfredson and Gottfredson (1988)
showed that it is not aforegone conclusion that theinformation will be used. More recent studies (Fong,
Lurigio, and Stalans 1990; Bunn and Wright 1991), however, have shown that the judicious combination
of judgmental and statistical information can be used to improve the ability of cliniciansto forecast
outcomes.

4. InaTypel error, thenull hypothesisisfasely reected (afaseaarm); inaType 11 error, thenull
hypothesisisfasely accepted (amissed detection). A related factor, statistical power (Cohen 1988, 1990;
Weisburd 1993), is useful in determining the extent to which astatistically significant findingis
practically significant.

5. Mosteller notesthat evidence asto the efficacy of citrusfruit in curing scurvy wasfirst demonstrated in
1601, 146 years earlier, and the British Navy did not implement thefindings until 1795, 48 years after the
experiment!

6. Bayesian statisticswould provide more useful inferencesin these cases.

7. Alfred Blumstein, persona communication. It iswith some degree of ambivalencethat | continueto use
theword "significance” herein, but theword istoo deeply imbedded in theliterature to be extricated at
thispoint.

8. The mean for the experimenta sampleis 9,927 and standard error of the sasmplemeans, for N =350, is
307; for the control sample the mean is 9,887 and the standard error of the sample means, again for N = 350,
is256.

9. According to Freedman (1983, p. 152), this often occurs"in acontext where substantive theory iswesk.
To focus on an extreme case, supposethat in fact thereis no relationship between the dependent variable
and the explanatory variables. Even so, if thereare many explanatory variables, the R2 will behigh. If
explanatory variableswith small t statistics are dropped and the equation refitted, the R2 will stay high
and the overdl Fwill become highly significant.”

10. Oneway of obtaining an estimate of thisisto speak with police detectives, to find out the degree of
connectivity they see among offenses. Although they are not statisticians, they do have afed for this; they
often seeaburglary, purse-snatching, or robbery problem diminish drastically with the arrest of one or
twoindividuals.

11. Of course, regression methods can accommodate heteroskedasticity becausethey are"robust,” but
rarely isthe extent of heteroskedasticity reviewed to seeif it is possible that more than one phenomenonis
included in the data.

12. | do not intend thisto be ablanket indictment of al who use statistical packages; much of theresearch
employing themisinsightful and reliable. No one can dispute, however, that many studies apply
statistical methods without due concern for their applicability.

13. AsMcCord (1990, p. 120) notes, "living in discordant homes with two parents could be more
damaging than living in homeswith solo mothers," and Farrington (1993, p. 388) states, "early separation
fromaparent (usually afather) was harmful to boysfrom average or high-income families but beneficia to
boysfrom low-income families™

14. Rutter (1989) pointsout that age reflects at least four developmental componentscognitive level,
biological maturity, duration of experiences, and types of experiences-in addition to biologica and
chronological components (Sampson and Laub 1992, p. 81; 1993, p. 253).

15. Asregression, then factor analysis, then LISREL, then structured equation modeling found their way
into the more popular statistical packages, it wasinteresting to see the proliferation of studiesthat used
these techniques. The pioneers may have found problemsfor which the methods were uniquely apt, but
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those who followed often used them without really considering whether they were appropriate-see
Blalock (1991, p. 329).

16. For example, race, age, SES, family income, education level, prior record, age a first arrest, number of
adultsin the household, number of siblings.

17. For example, percentage owner-occupied housing, percentage single-parent househol ds,
unemployment rate, racial/ethnic composition, income distribution, age distribution.

18. Thelist of social indicator variables suggested by Felson (1993, p. 407) also speaksto theissue of
broadening the type of information we consider relevant.

19. Narrativesare helpful in other criminal justice contexts aswell. Detectives maintain that they need to
read case narrativesin order to understand the nature of the offense; seeMaltz et a. (1990, p. 102). Perhaps
their cognitive models of crimeswould be better asameans of categorizing crimesthan the legal categories
Wenow use.

20. Infact, analysisof tria transcripts may give amideading impression. Conversationa anaysisfocuses
on not just thewords and their meanings but on the pauses and intonations in the speech events
(Gumperz 1982). Such verbal and nonverbal cues are sensed (and perhaps acted upon) by judges and
jurorsbut do not find their way into trial transcripts.

21. Thisisnot to say that researchersdo not first inspect the datato determine which variables might best
characterize the data. In other words, the category " Offenses 10- 14" may have been chosen becauseit
characterized the cohort's behavior better than, say, "Offenses 11-15" or some other means of aggregating
thedata

22. Of course, the vaue of amethod depends on the usesto which it isto be put. If the purposeisto
analyzetheflow of offendersthrough asystem (i.e., for criminal justice research purposes), then the

Poi sson approximation may be more than adequate. If, however, the purposeisto understand why some
offendersterminate their offending careersearlier than others (i.e., for criminology research purposes), then
this approximation may be less than adequate.

23. Cluster analysis should be distinguished from arelated method, factor analysis. In factor analysis, data
are anayzed to determine how variables can be classified into groups; whereas, in cluster analysis, data
are analyzed to determine how individuals can be classified into groups.
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