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THE PECKING ORDER

Clogg is not very explicit about his reasons for writ-
ing his paper. One could wonder whether it is fruitful
and appealing to stage a contest between disciplines
about who contributed most to the development of
statistics. Throughout the paper I perceive a slight
irritation that the contribution of the social sciences
is denied or belittled by statisticians. This is surely
incorrect for those who play the favorable roles in
Clogg’s examples. It is probably correct for others, but
I do not know for how many.

Clogg’s paper can certainly help to enlighten those
who were simply unaware of the developments cited
by him. It remains to be seen, however, whether those
newly enlightened statisticians, as well as those who
already knew about the developments, will change
their views.

This brings me to what I consider to be the latent
structure, or hidden agenda, of the paper. This is the
academic pecking order of disciplines. Even within
mathematics, abstract topology and functional analy-
sis are generally perceived to have a higher status
than statistics. Within the domain of mathematical
statistics, The Annals of Statistics enjoys a higher
reputation than, say, Biometrics or Psychometrika.
Among disciplines, mathematics, physics and bio-
chemics have a better image among the outsiders than
sociology or psychology.

The soft sciences cannot boast of spectacular
achievements like sending astronauts to the moon or
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I thank the discussants for their stimulating com-
ments, many of which I judge to be consistent with
the themes in my paper. The discussants cover several
areas of statistical methodology that I either neglected
or did not emphasize enough, provide more evidence
for the claim that the context of social research has
had a major effect on statistical methodology and give
alternative points of view concerning how particular
methodologies have developed. I agree with almost all
of the points they make and so will confine myself to
just a few remarks.
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BARTHOLOMEW

I strongly agree that the social sciences place new
demands on statistical methodology, particularly in

giving a patient another heart. In their relatively short
history as academic disciplines, they have made less
visible progress in areas like personnel selection, teach-
ing methods, structure of organizations, ethnic tension
and deviant behavior. Perhaps the nonbelievers in the
usefulness of systematic empirical research in the so-
cial and behavioral sciences form a majority. They are
found both within these disciplines, and in the ranks
of the “harder” sciences. It may well be that in both
camps one shares a feeling that a positivistic research
style is not suitable in the study of human beings.
Formal models, of course, never catch the full rich-
ness and variation of human behavior and human feel-
ings. It is equally true, however, that formal models of
mechanics never fully catch the movements of real
objects. In both cases, the abstract model can only be
an approximation. Everybody knows and accepts that
engineers can work with such approximations. In the
study of human behavior it is rather more common to
detect feelings of “it cannot be done, and, even if it
could, for ethical reasons it should not be done.” The
book by Bartholomew (1973, section 1.3) contains some
interesting thoughts on this issue in the context of
applying stochastic process theory to social phenom-
ena. Unlike the correctness of proofs or computer pro-
grams, this is an area where each individual has a
personal value system that is seldom changed by dis-
cussion. Nevertheless, it may be useful to sometimes
reflect on such matters, and the stimulating paper by
Professor Clogg gave me an opportunity to do so.

areas such as measurement and measurement error,
modeling correlated observations and latent variables.
Bartholomew is right to refer to multiple correspon-
dence analysis and recent advances in sampling theory
as cases in point. The contrast between the natural or
hard sciences and the social or behavioral sciences,
insofar as statistical methodology is concerned, is very
important to both his and my arguments. I tried to
contrast the natural science setting with the social
science setting a bit in my paper; also see Clogg and
Dajani (1991).

HOLLAND

I was not hopping mad when I wrote the paper, but
it is true that my tolerance for foolishness is so low
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that it could not be estimated with the fanciest of
probit models.

Holland and I obviously have slightly different
points of view on the development of the log-linear
model. I tried to give a balanced view of this controver-
sial subject and would be quite amenable to placing
equal mass on each of the three main support points
(Chicago, Harvard, Chapel Hill), with more than a little
left over to spread around on others.

Holland’s points about so-called causal models, the
logical status of latent variables and whether variables
can be causal need to be studied carefully. Holland is
both an expert and an iconoclast on these subjects.
Holland is right to ask serious questions about the
principles of causation that may or may not apply to
the models (and computer programs) that form the
backbone of much contemporary methodology for so-
cial research. It seems to me that our best method-
ologists are taking Holland’s arguments about these
matters very seriously at the present time.

We do not know how to measure intelligence, but we
all think that there is such a variable. Until the human
genome project tells us otherwise, it is reasonable to
think of intelligence as a latent variable and to act
accordingly when we develop statistical models. Now
surely intelligence is a causal variable for some out-
comes; for example, intelligence is one of the many
causes of social mobility. Social scientists are not so
interested in how the measurement of intelligence with
latent variable models relates to Plato’s theory of
forms. But they are very interested in designing better
ability tests and checking results in “causal models”
that incorporate notions of measurement error and
summarize how either a social scientist or a policy
maker tends to think.

MANSKI

I very much appreciated Manski's discussion of econo-
metrics and statistics. That is an area that I should
have said much more about, in part because economet-
ric thinking is so commonplace in sociology and demog-
raphy as well as in economics. His point that “the
various methodological disciplines form a complex so-
cial network, with strong relationships in some dimen-
sions and weak ones in others” is undoubtedly correct.

Many quantitative sociologists lean more on econo-
metrics than on statistics, if I may be permitted to
separate the two. Why is this the case? Manski hints
at the answer when he explains why economists prefer
econometric models over all-purpose tools for data anal-
ysis taught so much in statistics. In short, econometric
models (or sociological models borrowed from econo-
metrics) are designed to answer economic questions (or
sociological questions), and they do so by bringing
prior knowledge or existing theory to bear on the prob-

lem of fitting models to data. (This prior knowledge
need not be of the Bayesian variety, but of course
much of our best social research uses prior knowledge
and is therefore Bayesian in some sense, sans the
messy integrals.) Many of the standard methods
taught in statistics courses on data analysis are not
used so much in social research because they answer
questions that are only moderately correlated with the
questions that researchers ask.

MOLENAAR

Molenaar adds the handling of missing observations
and the development of statistical software as key exam-
ples where the social science effect (in terms of individu-
als involved, scientific questions asked or data-analysis
needs) has been “remarkable.” I agree wholeheartedly.

I appreciate also Molenaar’s comments on the philo-
sophical underpinnings of statistical modeling in social
science. Readers of this journal might not realize that
statistical thinking is still not universally endorsed in
sociology or in social research. Statistical modeling is
often associated with logical positivism, and the latter
is not a politically correct term in some circles. The
association is so strong at the present time that those
who criticize positivism are usually criticizing the idea
that statistical models can be applied to human or
social behavior. On this matter I would like to say
for the record that the complement of positivism is
negativism. A rigorous proof of this assertion can be
done without measure theory. Readers not interested
in the proof would do well to evaluate the output of
social research done without statistical foundations.
That stuff has high variance—perhaps mean-squared
error is the better term—and progress is hard to spot.

Molenaar asks a very hard question: Why did I write
the paper? I spent 7 years editing something or other,
and the same question has popped into my mind more
than once, but always about someone else’s paper! I
did not have a bad day in Sunday School. My main
motive was not so much a concern with the pecking
order, nor did I have anything special to contribute to
the endless debate about natural or hard sciences ver-
sus social sciences. Rather, I think statisticians should
pay more attention to the interplay among statistics,
mathematics and the sciences, including the social sci-
ences. My paper was about the importance of the
interplay, to borrow terminology from Holland. I think
most statistics graduate students go through their
programs having studied about 10 books and perhaps
a score of articles in statistics journals. They simply
do not have much of a chance to see the interplay,
except that with mathematics, much less appreciate
it. This is a sad state of affairs, and it ought to be
corrected.
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FINAL NOTE

I sit on the fence between the social science areas
with which I am familiar (sociology and demography)
and statistics. The discussants are in similar positions;
they just sit on the fence on different sides of the
statistics field. They are on higher posts than I: they
sit on the corner posts. It is gratifying to learn that
other fence sitters have viewpoints that are generally
consistent with my own. The main conclusion to draw
from my article and their comments is that statisti-
cians in the middle of the field would do well to come
to the fence for greener grass. And I wish that more
social scientists would at least look through the fence.
Their failure to do more of that deserves at least as
much commentary. The interplay among fields is very
important for all concerned. Finally, I think we would
all agree that it is fun to sit on the fence.
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