
























Leaving 

What are the happiest days for a graduate student? My second 
happiest day was the day I joined this department. I have 
reserved the first place for the day I will graduate. 

- Lukas Makns, 1991 Ph.D. graduate 

What happens when you graduate? As 
nearly as we can determine, all of the 
students who have received M .S. and 
Ph.D. degrees from the School of 
Statistics in the past five years 
currently hold jobs that depend to 
some extent on the training they 
received in our program. 

About half of the M.S. graduates are 
employed in industry, and the other 
half have jobs in government or 
universities: many stay right here in 
the Twin Cities, taking advantage of 
the opportunities that arise in the 
Cities' high-technology business 
environment. While starting pay for a 
statistics M .S. is quite high, the precise 
nature of the available jobs varies 
widely. 

Twenty students have received the 
Ph.D. degree from the School of 
Statistics in th e past five years. 
T hirteen of these are now assistant or 
associate professors, at California, 
Duke, Idaho, Michigan, Northern 
Illinois, Ohio State, and other 
universities. The other seven are 
employed at prestigious research and 
consulting firms: Rand Corporation, 
Bellcore, IBM, Merck Sharp & 
Dohme, Eli Lilly, Daewoo, and CN A 
Insurance. 
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I work with a team of internal AT&T consultants. We may 
analyze the activities of a specific marketing program like 
"Reach Out America" or "Calling Cards." These acti~uzties 
might include developing data flow diagrams; generating 
automation proposals; creating analytical tools; cleaning, 
summanzing, and interpreting data; and implementing 
solutions ultimately intended for client maintenance and 
control 

-Carne Roach, 1986 lvl.S. graduate 

Since I received my degree in 1983, I have been employed by 
Afedtronic, Inc., a biomedical engineering firm located in 
Fridley, Minnesota. lvledtronic produces pacemakers, heart 
vahJes, drug pumps, catlzeters, and other medical devices. I 
was first employed by the Clinical Evaluation Department to 
design clinical tnals of medical devices in preparation for 
market approval by tlze FDA and to analyze the resulting 
data. Currently, I am working as a clinical study manager in 
tlze Ventures Division conducting research on a new product. 
I lzave the functions of my previous position in addition to tlze 
administrative tasks of managing the actual clinical trials and 
overseeing the computer support and regulatory procedures for 
the pro;ect. 

- Nlelzssa Martinson, 1983 M.S. graduate 

Right now I'm working for a mushroom CO'mpany. For the last 
year we haw been developing a computer system for the 
growers to use to collect their data. You wouldn 't belt'eve all the 
data they look at in order to grow a crop of mushrooms. The 
next phase is to start analyzing it and projecting yields before 
they happen, and fun things like that. 

- Lisa Schmitz, 1985 NIS. graduate 

I presently work as a self-employed statistical consultant for a 
variety of clients. The problems I handle range from an analysis 
of energy savings in retrofitted homes to evaluating the 
reliability of a psychological test. For any given pro;ect, I may 
be helping a client organize raw data into a workable 
computen'zed medium, or meeting un'th a client to explain in 
non-statistical terminology the results and conclusions of the 
analyses I pe,jormed. 

- Jessica Shaten, 1988 A1.S. graduate 



The Faculty 

Some of the best-known statisticians in the world are on the 
faculty at the University of Minnesota. Their research 
interests range from the philosophy of inference (What exactly 
is a probability? How sh(JU/d we make conclusions from data?) 
to statistical computing, covenng a broad spectmm of areas in 
between. Here is wluzt they have to say about themselves. 

Donald Berry 

Ph.D., Yale University, 1971 

I am excited by questions of strategy 
selection: If I know this today, I can 
take any one of these actions that lead 
to various possible states of infor­
mation and opportunities tomorrow­
what should I do? An example is the 
so-called two-armed bandit problem: 
There are two medical treatments 
available for use in a clinical trial. 
Much information is present about the 
first treatment and little is known 
about the second. The second is not as 
likely to be successful in the short run, 
but if it is successful it is much more 
likely to be effective in the long run 
than the first could ever be. Is it worth 
taking a chance and experimenting 
with the second? The answer 
obviously depends on the actual 
available information and the various 
types of information that the 
experimentation can yield. It also 
involves some very difficult ethical 
issues of human experimentation. 

An important ingredient in any such 
process is formulating what "I know." 
The research of colleagues like David 
Lane, Jim Dickey, and Kathryn 
Chaloner is important in assessing 
available information in terms of 
probabilities. This is an instance of the 
ways in which School faculty enhance 
each other's research. 

I've also had the privilege and pleasure 
of working with a number of Ph.D. 
and M.S. students on statisti cal 
decision problems. Most research of 
this sort involves at least some 
mathematics, and many of my 
students have taken advantage of the 
School's extensive computer 
resources. 
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I like to teach graduate courses in 
statistical inference, decision making, 
and sequential design of experiments 
(such as the above-named two-armed 
bandit). M y research has been 
supported by the National Science 
Foundation and the National 
Institutes of Health. 
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Selected Publications 
Berry, D.A. and B. Fristedt (1985), 

Bandit Problems: Sequential Allocation 
of Expennients (London: Chapman 
and Hall). 

Berry, D.A. (1989), ed., Statistical 
Methodology in the Pharmaceutical 
Sciences (New York: Marcel 
Dekker). 

Berry, D.A. (1990), "DNA 
Fingerprinting: vVhat Does It 
Prove?," Clzance, 3, (3), 15-36. 
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Christopher Bingham 

Ph.D., Yale University, 1964 

Most of us are to some extent slaves to 
the clock. We wake up, eat meals, go 
to work or school, and go to bed at 
roughly the same time each day. It is 
thus no surprise that many 
physiological indices-blood pressure, 
heart rate, hormonal levels, alertness, 
to name only a few-vary rhyth­
mically with a period of 24 hours. 
\ i\That some find surprising is that this 
rhythmicity persists even in a constant 
environment with no time cues-for 
example, deep in a mine without a 
clock- although the period may shift 
to, say, 25 hours or 23 hours. In fact 
there is evidence for endogenous 
circadian (about a day) rhythms in 
many organisms, from the unicellular 
to humans. Even in an environment 
with a 24-hour period, individual 
periods can become desynchronized 
and deviate from 24 hours. 

Understanding biological rhythms is 
an important part of the field of 
chronobiology, the study of biological 
time patterns. The statistical analysis 
of time patterns is chronobiometry, and 
is one of my current active interests. In 
this work, I use regression, time series 
analysis, and multivariate analysis. 

The findings of chronobiology have 
important implications for medicine, 
agriculture, and ecology. An incorrect 
diagnosis of hypertension may result 
from ignoring the time of day when 
blood pressure is measured. The 
disturbance of physiological rhythms 
may be an important diagnostic clue of 
disease. Because the susceptibility of 
tumors to chemotherapy can vary 
rhythmically, the timing of a treat­
ment can affect the efficacy of the 
therapy. T he time of day a plant is 
inoculated with a pathogen can affect 
the development of a disease. 
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Among the many statistical problems 
of chronobiometry are period 
estimation, wave form description, 
discrimination on the basis of chrono­
biological end points, and the design 
of experiments that efficiently include 
time as a factor. 

Selected Publications 
Bingham, C . and S.E. Fienberg 

(1982), "Text book analysis of 
covariance- is it correct?,'' 
Biometrics, 38, 747-753. 

Bingham, C., B. Arbogast, G. 
Cornelissen, J-K. Lee, and F. 
Halberg (1982), "Inferential 
statistical methods for estimating 
and comparing cosinor 
parameters," Clmmobiologia, 9, 397-
439. 

Bingham, C ., G . Cornelissen, E. 
Halberg, and F. Halberg (1984 ), 
"Testing period for single cosinor: 
Extent of human 24-h 
cardiovascular 'synchronization' on 
ordinary routine;' Clzronobiologia, 
11, 263-274. 
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Kathryn Chaloner 

Ph.D., Carnegie-Mellon 
University, 1982 

I am interested in Bayesian statistics 
and I like to do research on methods of 
Bayesian data analysis and Bayesian 
experimental design. 

Experimental design is all about 
choosing what kinds of data to collect, 
and how much of each kind. The 
theory of Bayesian decision making 
provides a framework for thinking 
about experimental design as a 
decision problem. One particular 
problem that I have worked on, 
together with Kinley Larntz, is 
experimental design for logistic 
regression experiments. We showed 
that by carefully specifying and using 
a probability distribution representing 
the knowledge of the experimenter 
prior to collecting data, we could 
choose the levels of the explanatory 
variables much more easily, and 
therefore conduct more efficient and 
informative experiments. 'vVe also 
developed software for choosing such 
a design. Our work in Bayesian design 
has been supported by a grant from the 
National Science Foundation. 

In addition, I have developed Bayesian 
methods of analyzing the residuals in 
a regression and analyzing variance 
components. Since the results of a 
Bayesian data analysis are essentially 
graphical , this research involves 
intensive computation, for which I 
rely on a DEC workstation and a 
..\tlacintosh. I am also collaborating 
with colleagues in biostatistics on 
AIDS research . 

Selected Publications 

Chaloner, K. (1984 ), " Optimal 
Bayesian experimental design for 
linear models;' Annals of Statistics, 
12, 283-300. 

Chaloner, K. (1987), "A Bayesian 
approach to the estimation of 

varian ce components in the 
unbalanced one-way random 
model," Teclmometncs, 29, 323-337. 

Chaloner, K. and K. Larntz (1989), 
" Optimal Bayesian design applied 
to logistic regression experiments," 
Journal of Statistical Planning and 
Inference, 21, 191-208. 
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Dennis Cook 

Ph.D., Kansas State 
University, 1971 

Several years ago the R ussians 
inadvertently dropped one of their 
satellites in central Canada. Naturally, 
the U.S. and Canadian governments 
thought it might be a good idea to 
recover the debris, and they launched 
a joint effort to do so. Finding the 
debris turned out to be rather difficult. 
Although they had an idea of its 
general location, it could still have 
been scattered over several hundred 
square miles. Much of the debris was 
eventually located by measuring the 
level of radiation while flying over 
probable locations. Unusually high 
radiation levels might indicate the 
presence of debris. 

Locating satellite debris is an example 
of a problem for which the solution 
hinges on identifying anomalous 
characteristics of data. In some cases 
we may have a pretty good idea of the 
type of anomaly to expect, as in the 
satellite problem, w here higher 
radiation was the anomaly. In other 
cases we may not know what to expect, 
but we look for anomalies anyway 
because we do know that important 
scientific advances often come from 
the unexpected. For example, 
physicists t race the first evidence for 
the existence of quarks back to an 
anomaly that went unnoticed at the 
time, in the data from Millikan's 
famous oil-drop experiment. 

The area of statistics that deals with 
identifying anomalies in data is called 
diagnostics. I spend a lot of my time 
thinking about diagnostic problems 
because I find dealing with the 
unexpected to be exciting and a lot of 
fun. How do we look for strange 
behavior in data? How do we decide 
what is usual and what is truly 
unusual? What should we do when we 
find something unusual? Answering 
these kinds of questions often involves 
developing new mathematical tools. 
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Graphs are also very important in my 
work. Developing new graphical tools 
is a particularly exciting area because 
recent advances in computer tech­
nology now allow me to display data 
in three dimensions. And being able 
to "see" data in four dimensions is 
not far off. 

1 have enjoyed working with a 
number of M.S. and Ph.D. students 
on diagnostic problems. Most of these 
students made extensive use of the 
School's computing facilities. I also 
enjoy teaching, particularly regression 
and experimental design. My research 
has been supported by grants from the 
National Science Foundation, the 
.:--Iational Institutes of Health, and the 
\1onsanto Company. 

Selected Publications 

Cook, R.D. and S. Weisberg (1982), 
Residuals and Influence in Regression 
(London: Chapman and Hall). 

Cook, R.D. (1986), "Assessment of 
local influence" ( with discussion), 
Journal of the Royal Statistical Society, 
Series B, 48, 133-169. 

Cook, R.D. (1987), "Parameter plots 
in nonlinear regression," Bio­
metrika, 74, 669-679. 



James Dickey 

Ph.D .• University of Michigan, 
1965 

Traditionally, statistical theory has 
been concerned with the problem of 
choosing a function of experimental 
data to use as an automatic decision 
rule or formal inference procedure. 
Such a function would usually be 
evaluated by its performance in an 
imagined long sequence of inde­
pendent repetitions of an experiment. 
Probability typically enters the 
analysis as a description of the 
imagined long-run behavior. 

I am interested in probability, more 
broadly, as a language for expressing 
expert opinion- for example, articu­
lating uncertainty about the safety of a 
nuclear power plant design; about the 
future of economic series such as 
commodity prices or a consumer price 
index; or about the longevity of road 
surfaces. Expert opinion probability 
models range in structure from jointly 
consistent or "coherent" probabilities 
for a finite number of events to a 
multivariate predictive density 
represented as an average of a multiple 
regression sample density. 

The problems I am working on 
include: (i) using computers to elicit 
expert probabilities, with continual 
feedback of model implications for 
coherence of elicited values or model 
rejection; (ii) foundational issues 
regarding formal inference methods; 
(iii) uses of expert probability 
distributions in statistical data 
analyses; (iv) predictive use of models 
constructed from expert opinions; (v) 
questions of computational feasibility, 
algorithms, computing capacity and 
efficiency, and parallel processing and 

supercomputing. My research in these 
and other areas has been supported in 
the U .S. by the National Institutes of 
Health and by the National Science 
Foundation, and in the U.K. by 
British government agencies. 

Selected Publications 

Dickey, J.M., A.P. Dawid, and J.B. 
Kadane (1986), "Subjective­
probability assessment methods for 
multivariate-t and matrix-t models." 

In Goel, P.K. and A. Zellner, eds., 
Bayesian Inference and Decision 
Techniques: Essays in Honor of Bruno 
deFinetti, 177-195. 

Dickey, J. M. and P.H . Garthwaite 
(1988), "Quantifying expert 
oprn10n in linear regression 
problems," Journal of the Royal 
Statistical Society, Series B, Vol. 50, 
No. 3, 462-474. 

Dickey, J.M. and F.R. Lad (1990), 
"The fundamental theorem of 
prevision," Statistica, Vol. 50, No. 1, 
15-38. 
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Morris Eaton 

Ph.D., Stanford University, 
1966 

Given the current demographics, 
retirement policies, and investment 
practices of Americans, what can we 
expect the financial demand on social 
security to be in the year 2000? 

This is an example of the "statistical 
prediction problem": You have some 
data and a statistical model, and you 
must predict a quantity not yet 
observed. Over the past few years, 
much of my research has been directed 
at various forms of this problem. 

In some simple, low dimensional 
statistical problems, classical statistical 
procedures seem to predict fairly well. 
However, in more realistic situations 
when complex, high dimensional 
statistical models are often employed, 
there is now some evidence to suggest 
that current prediction methods are 
suspect. I am working on problems 
related to the effect of dimensionality 
on standard prediction methods. The 
ultimate goal of my research is to 
develop better predictive methods. 
Philosophically, my approach to the 
prediction problem is based on ideas 
associated with Bayesian methods and 
statistical decision theory. 

My previous research in multivariate 
statistical analysis has given me many 
of the mathematical tools necessary for 
my work in prediction. In particular, 
applications of group theory in 
statistics is a recurring theme in my 
publications. Much of my research has 
been supported by grants from the 
National Science Foundation. 
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Selected Publications 
Eaton, M .L. (1983), J.vfultivariate 

Statistics: A Vector Space Approach 
(New York: Wiley). 

Eaton, M .L. (1986), "Admissibility in 
prediction problems, I : general 
theory," University of Minnesota 
School of Statistics Technical 
Report no. 482. 

Eaton, M .L. (1989), Lectures on 
Applications of Group Theory in 
Statistics (Hayward, CA: The 
I nsti tute of Mathematical 
Statistics). 
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Seymour Geisser 

Ph.D., University of North 
Carolina, 1955 
Director, School of Statistics 

In most statistics departments, there is 
an enormous emphasis on testing 
hypotheses and estimating parameters 
in courses on statistical inference and 
applied statistics. I firmly believe that 
this emphasis is largely misplaced 
because it fosters the illusion that so­
called statistical hypotheses com­
pletely refJect the scientific 
possibilities or crit ical physical 
mechanisms, and that parameters are 
always existent entities. For most 
situations this is simply not true. "vVe 
look at a set of potential frameworks 
and choose the one that best suits our 
needs, although we are fairly certain 
that the one chosen is not the true one. 
The proper term for this activity is 
"model selection," and most often it is 
done with a particular purpose in 
mind- namely, predicting future 
observables generated from the 
process under scrutiny. 

Predictivism, which directs inference 
and decision toward potential 
observables (whether in the past or 
futu re), thus deserves at least as 
prominent a place in statistical theory 
and practice as estimation. A major 
technical difference between 
prediction and estimation, as I see it, is 
that prediction uses inferences 
(preferably framed probabilistically) 
about a finite number of unobserved 
values, whereas estimation, aside from 
inferring about the possible values of a 
physical constant, pertains either to a 
function of an infinite number of 
hypothetical observables or to a 
completely unobservable and possibly 
nonexistent entity. It seems to me that 
the finite number should take 
precedence in statistical instruction 
and application, since, in th is sense, 
estimation is a limiting case of 
prediction. 

My research has been directed toward 
implementing this philosophical 
stance wherever statistics can be 
applied in univariate and multivariate 
problems. This includes problems of 
comparisons, model selection, 
classification, diagnostics, calibration, 
regulation, the proportion of values 
falling in a defined set, growth curves, 
discordancy assessment, perturbation 
analysis, robustness, and sample reuse. 

My work has been supported at 
various times by the U.S. Army, the 
National Science Foundation, and the 
National Institutes of H ealth. 

Selected Publications 
Geisser, S. and J. Cornfield (1963), 

"Posterior distributions for 
multivariate normal parameters," 
Journal of the Royal Statistical Society, 
Series B, 25, 368-376. 

Geisser, S. (1975), "The predictive 
sample reuse method with 
applications," Journal of the 
American Statistical Association, 70, 
320-328. 

Geisser, S. and W. Johnson (1985), 
"Estimative influence measures for 
the multivariate general linear 
model," Journal of Statistical 
Planning and Inference, 11, 33-56. 
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Charles Geyer 

Ph.D., University of 
\.Vashington, 1990 

Spatial statistics, narrowly defined , is 
the study of stochastic processes in 
Euclidean spaces, like the locations of 
trees in a forest or patches of land and 
water in a satellite image. Broadly 
defined, it covers any stochastic 
process with dependence more 
complicated than a time series, like the 
inheritance of genetic traits over 
generations of a family tree or like the 
network of social interactions in a 
community. 

Some of my work in this area deals 
with two endangered species: the 
Asian wild horse and the California 
condor. Both are extinct in the wild 
and are now bred in captivity so that 
wild populations can be established 
again when suitable habitat can be 
provided and the population size is 
large enough. Good management of 
the breeding program, avoid ing 
inbreeding and loss of rare genes, 
requires statistical genetics, because 
factors such as the relatedness of wild­
caught founders of the population and 
the fraction of each founder's genes 
that have passed down to the current 
population cannot be directly 
observed, only estimated. 

These problems, like many others in 
spatial statistics, involve massive 
calculation because there are no exact 
formulas for the things we want to 
calculate. The best computational 
methods for such problems, the so­
called "bootstrap" and "Monte 
Carlo" methods, simulate the 
stochastic process of interest in the 
computer, and do statistics on the 
simulations to get the desired answers. 
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Some of my work in this area deals 
with maximum likelihood estimation 
in hard problems where the likelihood 
cannot be calculated exactly and 
where there are inequality constraints 
on the parameters. This work allows 
us to use likelihood methods for 
problems that were considered 
unapproachable just a few years ago 
and has interesting connections with 
time series, Markov chains, 
asymptotics, and optimization theory. 

Selected Publications 
Geyer, C., E.A. Thompson, and O.A. 

R yder (1989), "Gene survival in the 
Asian wild horse (Equus 
przewalskii): II. Gene survival in 
the whole population, in subgroups, 
and through history," Zoo BioloifY, 8, 
313-329. 

Geyer, C. (1991 ), " Constrained 
maximum likelihood exemplified 
by isotonic con vex logistic 
regression;' Journal of the Amen'can 
Statistical Association, 86, 717~724. 

Geyer, C. and E.A. Thompson 
(forthcoming), "Constrained 
Monte Carlo maximum likelihood 
for dependent data" (with 
discussion), Journal of the Royal 
Statistical Society, Series B. 



Birgit Grund 

Ph.D., Humboldt University, 
Berlin, 1987 

A surprising number of real life 
problems are based on discrete data: 
they vary from medical diagnosis 
(Given the yes/no answers of a 
psychological test, does a certain 
person need medical help?, or Which 
treatment is appropriate for different 
kinds of hip fractures?) to sociological 
studies (Do male and female high 
school students have the same 
opportunities/interests to get a higher 
education?). Solutions often require 
reliable density estimates-my main 
field of research. 

Density estimation follows the general 
principle of statistics: Use any 
information you can get! The basic 
shape of the density, the number of 
modes (the more you know), the more 
efficient you can approximate the true 
function, provided your information 
is right! 

I enjoy investigating nonparametric 
techniques for both discrete .and 
continuous data. Here we try to avoid 
any model assumptions and "let the 
data speak" instead. I like the idea of 
squeezing out of the data any 
information you might need, and I am 
fascinated by the broad variety of 
creative solutions in this field. 

Surely, nonparametrics is not the only 
universal answer to all statistical 
problems. You have to pay a high price 
for removing assumptions: serious 
data-dependent inference requires a 
large data pool. Particularly in high­
dimensional models, the sample size 
problem is of vital interest. 

In my current work I focus on kernel 
estimates for densities and regression 
curves. I am studying issues such as 
the interactions of dimension, data 
sparseness, and smoothness in 
determining the behavior of kernel 
estimates; the efficiency of bandwidth 
choice procedures; methods to decide 
whether parametric or nonparametric 
fits should be used. 

Selected Publications 
Grund, B. and P. Hall (1991), "On the 

performance of kernel estimators 
for high-dimensional, sparse binary 
data," CORE Discussion Paper No. 
9124. 

Grund, B. (1991), "Kernel estimators 
for cell probabilities," CORE 
Discussion Paper No. 9101. 

Grund, B. and W. Hardie (forth­
coming), "On the choice of kernel 
regression estimates: A discussion," 
Statistical Science. 
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Douglas Hawkin~ 

Ph.D., University of 
Witwatersrand, 
South Africa, 1969 
All of nature involves some 
unpredictable "random" variability, 
and manufacturing is no exception. It 
is inevitable, for example, that the 
diameters of the bolts holding auto 
engines together will vary, but it 
would be catastrophic if bolts too thin 
to hold the engine together were used 
in your car. So long as the variability is 
within set limits, the process making 
the bolts is said to be "in statistical 
control"; but when it exceeds these 
limits the process is called "out of 
control." 

Quality control (QC) involves two 
distinct methods for dealing with 
manufacturing problems: detection, 
where the object is to check whether 
the diameters of the bolts being used 
are within the acceptable tolerances; 
and pre'Uention, where the object is to 
control the process so that the 
variability in the diameters never 
becomes unacceptably large. At the 
heart of the problem is the random 
variability from bolt to bolt. Statistical 
methods are essential for its resolution; 
and these methods constitute the 
discipline of statistical quality control. 

Although QC was born in the U.S. in 
the 1920s, American industry largely 
ignored it for decades. After World 
War II, American advisers introduced 
QC to Japanese industry, where it took 
hold and speeded the recovery of 
industry there. Today, American firms 
are adopting QC methods and are 
moving from the end of the process 
(for example, detecting batches of TVs 
with unacceptable levels of defects) 
back through the manufacturing 
operation (adjusting the machines 
making the TVs so that fewer of them 
have defects) back to the design phase 
(designing TVs so that they are 
inherently less prone to defects). All of 
these steps involve major statistical 
components. 
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My own work in this area has been 
partly methodological and partly 
appbed. The applied work has focused 
on improving the quality of plant 
operation, primarily in chemical 
industries. Methodologically, I have 
developed new ways of processing 
measurements to ascertain more 
reliably and quickly when they go 
"out of control." These new methods 
are starting to be used in operating 
plants, where they are expected to lead 
to lower variability and higher quality 
of production. 

Selected Publications 
Hawkins, D.M. and L.P. Fatti (1986), 

"Variable selection in hetero­
scedastic discriminant analysis," 
Journal of the American Statistical 
Association, 81, 496- 500. 

Hawkins, D.M . (1987), "Self-starting 
cusum charts for location and 
scale;' The Statistician, 36, 299-315. 

Hawkins, D.M. (1989), discussion of 
"Flexible parsimonious smoothing 
and additive modeling," Techno­
metrics, 31, 31-34. 
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David Lane 

Ph.D., University of 
California, Berkeley, 1975 

The research problems I have enjoyed 
the most for the last several years 
center around developing an 
inferential technology I call Bayesian 
metamodeling. Suppose a panel of 
experts has been convened to evaluate 
a body of evidence bearing on some 
question of public policy. There may 
be different streams of evidence that 
point in different directions, and the 
sources of evidence can take many 
forms, from "hard" data to hunches 
based on professional lore and personal 
experience. The experts' task is to 
evaluate the strength of each of the 
streams of evidence and then to 
integrate these evaluations into an 
answer to the overall problem. How 
are they to proceed? 

The challenge is to design procedures 
that simultaneously satisfy two 
fundamental dicta enunciated by two 
of the greatest inferentialists of this 
century: R.A. Fisher's "never throw 
information away!" and Bruno 
deFinetti's "don't contradict your­
self!" To satisfy Fisher's dictum, I try 
to develop techniques to elicit opinions 
from the experts and to incorporate 
their opinions with other sources of 
information into explicit, shared 
knowledge bases. To operate with 
such a knowledge base while obeying 
deFinetti's dictum, I use subjective 
probability to express the experts' 
collective uncertainty, so we can rely 
on the theory of coherent inference to 
guarantee consistent reasoning as the 
different evidential streams are 
evaluated and merged. 

The construction of Bayesian 
metamodels is intensely interactive 
research, requiring close collaboration 

with experts in the relevant subject 
areas. I am now working on several 
such projects in adverse drug reaction 
causality assessment and medical 
decision making. In addition, I have 
recently begun another project, which 
involves predicting the lifetime 
distribution of the next generation of 
Americans, in collaboration with the 
Center for Population Analysis and 
Policy here at Minnesota. My work on 
these projects has been supported by 
various foundations and corporations. 

Selected Publications 
Lane, D. A. (1989), "Subjective 

probability and causality 
assessment," Journal of Applied 
Stochastic Models and Data Analysz~·, 
5, 53-76. 

Lane, D.A. and T. Hutchinson (1989), 
"Assessing methods for causality 
assessment of suspected adverse 
drug reactions," Journal of Clinical 
Epidemiology, 42, 5-16. 

Lane, D .A. (1990), "Conglom_er­
ability, coherence and countable 
additivity," in Geisser, S., J.S . 
H odges, S.J. Press, A. Zellner, eds., 
Bayesian and Likelt!zood J.vf ethods in 
Statistics and Econometncs (Elsevier: 
North-Holland, 1990), 91-102. 
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Kinley Larntz 

Ph.D., University of Chicago, 
1971 
Chair, Applied Statistics 

My goal is to improve the practice of 
statistics. To do this I am working in 
three distinct areas: understanding the 
small-sample properties of statistical 
procedures, developing optimal design 
strategies for nonlinear problems, and 
implementing large-scale social 
experiments. 

Many statistical procedures can be 
justified in theory only when they 
employ large sample sizes. But how 
large a sample size is large enough? 
And can we adjust the procedure so 
that it can be used for smaller sample 
sizes in practice? My studies of small 
sample characteristics range from 
giving rules for applying a chi-squared 
test in contingency tables to 
establishing confidence limits for 
arbitrary nonlinear regress10n 
functions. 

Experimental design is fundamental 
to the practice of statistics. Supported 
by a National Science Foundation 
grant, Kathryn Chaloner and I are 
applying the principles of optimal 
design to nonlinear problems. 
Applications include determining the 
di! u tion levels for blood tests, 
establishing ingredient mixtures in 
animal feed to optimize growth, and 
designing stress tests for electrical 
components. Development of optimal 
experimental designs for these 
situations depends heavily on intensive 
computing methods, which have only 
recently become available. With 
future improvements in computing 
power, optimal design procedures will 
become standard statistical practice. 
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In the last two decades federal agencies 
have begun using experiments to 
study social problems. I am helping 
the National Institute of Justice carry 
out an experiment to determine the 
best police response to incidents of 
domestic violence. This randomized 
experiment is currently being 
conducted by five police departments 
throughout the country. 

Selected Publications 
Larntz, K. (1978), "Small sample 

comparisons of exact levels of chi­
squared goodness of fit statistics," 
Journal of the American Statistical 
Association, 73, 253-263. 

Larntz, K. and K. Koehler (1980), 
"An empirical investigation of 
goodness of fit statistics for sparse 
multinomials," Journal of the 
Ameni:an Statistical Association, 75, 
336-344. 

Larntz, K. and K. Chaloner (1989), 
"Optimal Bayesian design applied 
to logistic regression experiments," 
Journal of Statistical Planning and 
Inference, 21, 191-208. 
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Bernard Lindgren 

Ph.D., University of 
Minnesota, 1949 
Having come to realize, years ago, that 
accessible and useful concepts of 
mathematics and statistics were poorly 
communicated to those who needed 
them, l began directing all of my 
scholarly effor ts to education-in 
particular, to writing textbooks. My 
department, with its emphasis on 
current, important, and fundamental 
researc h , offers me an ideal 
environment in which to write with an 
awareness of new contributions to 
knowledge. Alongside the tedium 
involved in preparing and publishing 
textbooks, there are intellectual 
challenges as well: developing logical, 
gradual sequences of topics; preparing 
stimulating and instructive problems 
and examples; explaining sophis­
ticated concepts in simple ways; and 
(perhaps most challenging) intro­
ducing new or different ideas into 
traditional materials, in the face of the 
'' t his-i s-the-way- I -I earned-it'' 
mentality of many college teachers. 

Selected Publications 
Lindgren, B. (1976), Stati.stical Theory, 

3rd ed. ( ew York: Macmillan). 
Lindgren, 8., G. McElrath, and D.A. 

Berry (1978), Introduction to 
Probability and Statistics, 4th ed. 
(New York: Macmillan). 

Lindgren, 8. and D.A. Berry (1981), 
Elementary Statistics (New York: 
Macmillan). 
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Thomas Louis 

Ph.D., Columbia University, 
1974 
Head, Biostatistics 

I am continually excited by the fruitful 
interplay between statistical theory 
and applications. In my research, I 
balance the two, with my theoretical 
work motivated by applications. 
Usually the applications benefit. 

Let me give you one example. Many 
states collect data on the annual 
incidence of diseases such as cancer. 
These data report the rates for small 
areas, such as counties, so that the 
public health authorities can identify 
possible "hot spots" that deserve 
further study. Such studies include 
looking for environmental contami­
nants. Variation in observed rates 
results from many influences, some 
that we can identify and some that we 
cannot. For example, the incidence 
rate of lung cancer depends on a 
person 's age, gender, smoking 
behavior, and many other personal 
and environmental factors. We can 
adjust rates for some of these and then 
are left with unexplained variation. 
This is called sampling variance, and is 
akin to the variation you see when you 
flip a coin 10 times, measure the 
relative frequency of heads, and then 
do it again and again. 

Areas with relatively small populations 
exhibit more sampling variation than 
do populous areas, setting up the 
possibility that an observed rate is 
extreme when the underlying cancer 
process is actually not extreme. 
Statisticians have developed methods 
of adjusting individual rate estimates 
by shrinking them towards a common 
value, where the amount of shrinkage 
depends on the heterogeneity in 
observed rates and the population base 
for the small area. These so-called 
"empirical Bayes estimates" have 
been shown to be better than the area­
specific estimates, and their use has 
reduced the rate of misidentifying hot 
spots. Empirical Bayes methods have 
made important contributions to a 
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wide variety of applications, including 
screeni ng chemicals for carcino­
genicity, detecting groundwater 
contamination , and setting auto­
mobile insurance rates. 

The theory underlying empirical 
Bayes is challenging on both 
foundational and technical levels. 
I mplementation and evaluation 
depends on modern computing 
hardware and algorithms. My effec­
tive collaboration on such applications 
depends on sophisticated under­
standing of the scientific and practical 
issues, so I can tune the general theory 
to the specific situation. Though I 
would not need knowledge of the 
application to develop statistical 
theo ry, I ' m hoo ked on the 
combination. 
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Louis, T.A., H .V. Fineberg, and F 
Mosteller (1985), " Findings for 
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Annual Review of Public Health 6 
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(1986), "Explaining discrepancies 
between longitudinal and cross­
sectional models,'' Journal of Chronic 
Diseases, 39, 831-839. 

Louis, T.A. and N. Laird (1987), 
"Empirical Bayes confidence 
intervals based on bootstrap 
samples" (with discussion), Journal 
t,h9i;rtan Statistical Association, 
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Frank Martin 

Ph.D., Iowa State University, 
1968 

A local electric utility company that 
supplies many thousands of 
households with electricity is revising 
its billing scheme. One of the key 
factors in the new scheme will be the 
"peak electrical usage" of a house­
hold-the highest rate of electricity 
consumption during the billing 
period. Accurately measuring peak 
usage, however, requires constant 
monitoring of a household's electricity 
usage and is expensive; the company 
can only measure the peak usage on a 
sample of area households. Many 
things are already known about each 
household- its monthly electric bill, 
the approximate age of the dwelling, 
etc. The utility wants to use the 
relationship between these quantities 
and peak usage to: a) find a useful 
predictive relationship between these 
known quantities and the peak usage, 
and b) choose which households to 
sample in order to optimize the process 
of estimating the peak usage. 

As director of the Statistical Clinic, I 
spend much of my time working on 
problems such as the one outlined 
above- problems which range from 
race discrimination (is there statistical 
evidence that discrimination is 
occurring?) to assessing the specific 
causes of lake acidification. I enjoy 
supervising the student consultants in 
the Clinic as they work with university 
researchers. 

Selected Publications 

Martin, F , J. Frazer, et al. (1984), 
"Accounting fo r measurement 
errors in bald eagle reproduction 
surveys," Journal of Wildlife 
Management, 48, 595-598. 

Martin, F., A. Bender, et al. (1986), 
"Epidemiologic study of Holstein 
dairy cow performance and 
reproduction near a high voltage 
direct-current powerline," Journal of 
Toxicology and Environmental Health, 
19, 303-324. 

Martin, F., E. Gorham, J. 
Underwood, and J .G. Ogden 
(1986), "Natural and anthropogenic 
causes of lake acidification in I ova 
Scotia," Nature, 324, 451-453. 
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Glen Meeden 

Ph.D., University of Illinois, 
1968 

For the past few years I have been 
interested in fini te population 
sampling. One of th e attractive 
features of this area is the discrete 
nature of most of the problems. This 
allows one to address the basic 
statistical issues without worrying 
about mathematical complications. In 
particular it permits one to compare 
the freq uentist and Bayesian 
par~digms in an important yet simple 
settmg. 

Finite population sampling is one area 
where everyone agrees that the 
statistician must make use of prior 
information. As a Bayesian I find it 
somewhat disappointing that Bayesian 
methods are not used more in practice. 
The problem is that for a large 
population, and real populations are 
often large, it is quite difficult to 
specify sensible prior distributions. On 
the other hand a frequentist using such 
techniques as stratification has a 
straightforward method of using 
certain types of prior information. I 
have been interested in the problem of 
incorporating various levels of prior 
information into the analysis in a 
Bayesian-like way without actually 
specifying a prior distribution. 
Although this sounds contradictory, it 
is possible. In some cases, when little 
prior information is available, it leads 
to a noninformative Bayesian justifi­
cation of many of the usual frequentist 
methods. In other cases, when more 
prior information is present, it leads to 
sensible procedures for problems 
where no convenient frequentist 
method is available. 
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Meeden, G . and M. Ghosh (1983), 
"Choosing between experiments: 
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296-305. 
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"Admissible estimators for the total 
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of Statistics, 12, 675-684. 
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Bayesian approach to interval 
estimation in finite population 
sampling," Journal of the Amen·can 
Statistical Association. 
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Gary Oehlert 

Ph.D., Yale University, 1981 

I enjoy applied statistics. I enjoy being 
part of projects which interpret data to 
answer important questions. Some of 
the questions on which I have worked 
~nclude: How do we interpret and 
improve tests for mutagenic com­
pounds? Is the ozone layer being 
depleted? Is acid rain on the increase? 
Is the greenhouse effect already at 
work? How accurately can we now 
estimate the historic acidity of lakes? 

Real applied problems rarely admit 
standard statistical solutions. There is 
always something unusual or unique. 
Each problem is a new challenge with 
a new blend of theory and 
methodology (both old and new), and 
new computing techniques to 
implement the methodology may be 
required. Consider, for example, the 
problem of detecting trends in 
temperature. Data are available for 
nine atmospheric levels for various 
time periods at over 500 stations 
unevenly spread around the world, 
and most stations have incomplete 
data. One theoretical question is 
"How do you model such data?': 
Clearly, data values close in time or 
space are correlated, and this needs to 
be accommodated. Fitting the model 
to the data is a methodological 
problem. What technique should be 
used? What attributes-standard 
errors, for example- will the 
estimates have? Can we assess how 
well the model fits? How can we 
summarize the results in a pleasing 
graphical fashion? Finally, the 
computer must be programmed to 
efficiently process a mountain of data 
using a new model and fitting 
technique. 

The joy of applied statistics is that it 
allows you to combine many aspects of 
statistics with a field such as 
meteorology. And that combination 
~an'_t be beaten. (By the way, data 
md1cate that the atmosphere is 
changing in a "greenhouse effect" 
pattern, but the error around the 
estimates is still very large.) 
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Oehlert, G .W., B.H. Margolin, and 
B.J. Collings (1981), "Analyses for 
binomial data, with application to 
the fluctuation test for 
mutagenicity," Biometrics, 37, 775-
794. 

Oehlert, G.W. (1986), "Trends in 
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Journal of Geophysical Research, 91, 
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Oehlert, G.W. (1988), "Interval 
estimates for diatom inferred lake 
pH histories," Canadian Journal of 
Statistics, 16, 51-60. 
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Ronald Pruitt 

Ph.D., University of 
California, Davis, 1987 

I am a recent addition to the faculty at 
Minnesota: I received my Ph.D. in the 
spring of 1987 and came to Minnesota 
that fall. I am still learning about 
statistics and finding out what k inds of 
problems interest me the most. 

I am intrigued by the combination of 
Bayesian and nonparametric statistics, 
a combination which many people 
think of as somewhat contradictory. 
Bayesians try to incorporate as much 
information as possible when solving a 
problem, and in nonparametrics we 
try to remove as many assumptions as 
possible. But in many problems only 
vague information is available - this is 
when trying to combine the two 
methods is appropriate. In problems of 
this type, nonparametric methods are 
appropriate, since not much is known; 
but if we have any information, we 
should make use of it, since it may 
have more importance than in a 
problem where a lot is known. The 
satisfactory incorporation of ideas 
from both of these methods poses some 
very difficult problems. 

H ere is another related type of 
problem: Suppose we are trying to 
estimate the center of a distribution. If 
we knew the form of the distribution, 
then we would know a good way to 
estimate the center (the sample mean, 
for example, if the distribution were 
normal). But we don't know the form 
of the distribution. One solution is to 
try to decide which estimator to use 
based on the form of the sample 
distribution. This is an example of 
data-adaptive inference. I n these 
problems we again have vague 
knowledge in some sense; here we try 
to let the sample data lead us toward 
sensible solutions. 
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William Sudderth 

Ph.D .• University of 
California. Berkeley. 196 7 
Chair, Theoretical Statistics 

Imagine yourself at a casino with $100 
but in need of $1,000 by morning. The 
question is not whetlier to gamble, but 
how to do so to maximize the 
probability of obtaining your goal. 
This is an example of a stochastic 
control problem. Other examples are 
how to invest retirement funds in the 
stock market to maximize the chance 
of accumulating a given fortune by 
retirement age, and how to select 
treatments for a sequence of patients to 
maximize the expected number of 
successes. 

I like to think about concrete control 
problems like these, and I also enjoy 
studying the associated mathematical 
problems-some of which are quite 
delicate and require advanced 
mathematical machinery. I also like to 
think about the foundations of 
probability and statistics. My favorite 
approach to the foundations is that of 
Bruno deFinetti, who suggested 
defining probability in terms of 
gambling odds. As you can see, my 
two areas of interest are not unrelated. 

My work has been supported by 
grants from the National Science 
Foundation. 
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Sudderth, W. and D. Heath (1989), 

"Coherent inference from 
improper priors and from finitely 
additive priors;' Annals of Statistics, 
17, 907-919. 

Sudderth, W. and A. Weerasinghe 
(1989), " Controlling a process to a 
goal in finite time," Mathematics of 
Operations Research, 14, 400-409. 

Sudderth, W., A. Maitra, and R. 
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problems with unbounded 
utilities," Transactions of American 
Mathematical Society, 320, 543-567. 
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Luke Tierney 

Ph.D., Cornell University, 
1980 

Many statistical techniques can be 
used effectively only with the aid of a 
computer. One example is the 
calculation of posterior distributions 
based on a sample of data. Another is 
the use of dynamic graphics- moving 
plots- to explore relationships among 
several variables. My research is 
directed towards developing such 
techniques and making them available 
in a modern computing environment. 

This research involves a number of 
different activities. At one extreme it 
requires developing new approx­
imations and numerical techniques 
for computing probabilities. The 
techniques must be accurate enough to 
produce useful results but must also 
be fast enough to be useful in an 
interactive computing environment. 
At the other extreme is research on 
the computing environments and 
computing languages required to 
support modern statistical computing. 
To support a flexible class of models for 
data, a language has to allow functions 
(representing, for example, the mean 
of one variable as a function of 
another) to be used as data objects. 

This leads to the use of functional 
programming techniques and 
languages. For dynamic graphics, it is 
important that several different kinds 
of plots be able to handle basic 
operations, such as adding a data point, 
in a plot-specific way. Object-oriented 
programming methods are useful for 
supporting this combination of 
methods and data objects . This 
research makes use of many recent 
developments in numerical analysis 
and computer science. The statistical 
applications of results from these fields 
often raise new and challenging issues, 
and in some cases lead to contributions 
to these fields that are useful outside of 
a statistical context. 
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Sanford Weisberg 

Ph.D., Harvard University, 
1973 

Company S has designed a new 
mechanical heart valve designed to 
improve the health of people with 
heart disease. How can we tell if the 
new valve works, if it is safe, and if it 
is better- or at least not worse- than 
any existing products? To answer 
questions like these, we need to collect 
information: how long will the valve 
last, how strong is the material used to 
make it, what is the chance of the valve 
causing complications, what is the 
increase in life expectancy in patients 
who get the valve/ Statisticians figure 
out how to collect the information to 
answer these questions, then figure 
out how to analyze it, and finally we 
figure out how to present it so that the 
conclusions to be reached are clear and 
truly represent the data. 

That statisticians can play a role in 
virtually every area of human affairs 
makes our subject exciting and 
challenging. In the last few years, I 
have worked on projects to equitably 
apportion the cost of a garbage­
burning power plant to local 
taxpayers; to monitor the quality of air 
emissions from a large industrial 
facility; to study sex ratios in offspring 
of deer as a function of dominance 
(dominant females tend to have more 
female offspring); to devise a statistical 
sampling plan to monitor gas tanks at 
service stations for leaks; to study 
nitrogen fixation of various types of 
plants; to study the strength and other 
properties of waferboard as a function 
of the manufacturing conditions; and 
to study changes in the diets of senior 
citizens over the last 20 years. 

In addition to my interests in applying 
statistics to a wide array of practical 
and important problems, I maintain a 

regular program of research into 
statistical methodology. My main area 
of research is called statistical 
diagnostics, which consists of methods 
designed to help the analyst discover if 
models or assumptions made in an 
analysis are consistent with the data 
actually observed. If so, then an 
analysis may be reasonable and useful. 
If not, then either the models, the 
assumptions, or the data are called into 
question. Most recently, I have been 
working on graphical diagnostics that 
make use of the dynamic capabilities of 
computer graphics workstations. 
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Weisberg, S. and R.D. Cook (1982), 
Residuals and Influence in Regression 
(London: Chapman and Hall). 
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Some Useful Information 

Should you apply? 

To qualify for admission to the M.S. 
program, you should be familiar with 
linear algebra and multivariate 
calculus, have some experience with 
computer programming, and have 
some knowledge of undergraduate­
level probability and statistics. Your 
previous academic record should be 
strong (this usually means a grade 
point average of 3.5 or above on a 4-
point scale). If your native language is 
not English, you must take the Test of 
English as a Foreign Language 
(TOEFL) and score at least 550. If you 
meet these qualifications and are 
interested in our program, we 
encourage you to apply. 

How to apply 

You should apply well before your 
anticipated entry date. Graduate 
School deadlines for application 
submission are as follows: to enter in 
the fall quarter, J uly 15; to enter in the 
winter quarter, October 25; and to 
enter in the spring quarter, December 
15. It is best to enter in the fall quarter, 
since many course sequences start 
then and continue through the year. 

Application forms for admission and 
financial aid provide instructions 
about what you must do to apply. You 
can obtain these forms from the 
School of Statistics, 270 Vincent Hall, 
University of Minnesota, 206 Church 
St. S.E., Minneapolis, Minnesota 
55455. Before your application can be 
considered, the Graduate School 
requires official transcripts of previous 
academic study, T OEFL examination 
results if your native language is not 
English, and an application fee. In 
addition, the School of Statistics 
requires two letters of recom­
mendation (three if you apply for 
financial aid) and st rongly encourages 
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you to take the Graduate Record 
Examination. Transcripts should be 
sent to the Graduate School, while 
letters of recommendation and test 
results should be sent directly to the 
School of Stat istics. 

Financial aid 
Assistantships and Fel1owships 

To be considered for financial aid, you 
must apply by February 1 on the 
financial aid application form from the 
School of Statistics. There are two 
primary types of financial aid, 
fellowships and assistantships. 
Fellowships are awarded by the 
Graduate School, and the competition 
to win them is very keen. They carry 

no duties and for 1991-92 carry a 
stipend of $9,800 plus full tuition. The 
fellowship lasts for one year, but the 
School of Statistics guarantees that the 
recipient will be awarded an assist­
antship for an additional three years of 
study, assuming there is satisfactory 
progress towards the Ph.D. degree. 

About 15 new students per year are 
awarded assistantships, which carry 
teaching or research duties (about 12 to 
15 hours per week for a half-time 
assistantship). The stipend for a half­
time assistantship in 1991-92 is 
anticipated to be more than $8,500 
plus full tuition and health insurance. 
As with fellowships, the School 
guarantees a further three years of 
assistantships to new assistants who are 
entering first-year students, assuming 
satisfactory progress. 

If you have any other questions 
about graduate study in the School 
of Statistics, please contact the 
Director of Graduate Studies (270 
Vincent Hall, University of 
Minnesota, 206 Church Street S.E., 
Minneapolis, Minnesota 55455-
phone number 612-625-8046) 
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factlities, and employment witlwut regard to race, 
colo1; creed, religion, national origin, sex, age, marital status, 

disabtlity, public assistance status, veteran status, or 
sexual orientation. 



T HE UNIVERSITY OF MINNESOTA 

FOUNDED IN THE FAITH THAT WE ARE ENNOBLED 

BY UNDERSTANDING 

DEDICATED TO T HE ADVANCEMENT OF LEARNING 

AND T H E SEARCH FOR TRUTH 

DEVOTED TO T HE INST RUCTION OF YOUT H 

AND T HE WELFARE OF T HE STATE. 

The University af 1\lli11nesota is cr;mmitted /q the policy that all perso11s shall 
have equal acces, to its programs,fadl,iies, and employment without regard to 

rate, religiOn, color, sex, na.ticm.al on'gtft, handicap, age, or 1.-1ettran status. 

Duign: A . J Pearso11 

Cover Photograpl1y: James J Jeddelo/2 

/??()s 




