1822

JOURNAL OF APPLIED METEOROLOGY

Parallels between Statistical Issues in Medical and
Meteorological Experimentation

K. RUBEN GABRIEL

Department of Mathematics, University of Rochester, Rochester, New York

(Manuscript received 19 May 1998, in final form 6 May 1999)

ABSTRACT

The methodology of experimentation, randomization, and statistical analysis in weather modification has many
parallels in clinical trials, such as the need for randomization, and the question of inclusion or exclusion of
units assigned to be treated but not actually treated. There also are considerable differences, mainly in the
definition of units, where the obvious choice of a single patient is in contrast with the highly problematic
definition of a cloud or storm, and in the ethical aspects. This paper highlights some of these parallels and
differencesin the hope that looking at one’s own problemsin adifferent context may enhance one’s understanding.
It may also reconcile experimenters to their need for statistics: as the Hebrew saying goes, ** Tzarat rabim, hatz
nehama’ (the misfortune of many is half a consolation).

DEDICATION

It has been my good fortune to have worked with meteorologists who had an appreciation of what statistics
could do for them and even seemed to get pleasure from understanding it. Such was Graeme Mather: not only
did he seek and heed statistical support for his seminal work in cloud seeding, but he conveyed a sense of
enjoying the cooperation and intellectual exchange. When we collaborated, | was challenged to propose and to
justify new methods of analysis—asin exploring Nelspruit rainfall by means of biplotsand linear models (Gabriel
and Mather 1986) and in a joint attempt, by e-mail, to apply QQ-plots to the study of detailed differences
between the rain distributions of seeded and unseeded storms—and | was gratified to see his intelligent and
useful application of these analyses. Graeme not only made his own important contributions but also had a
singular gift of making others feel that he understood and appreciated them. It is appropriate to dedicate the
following paper to him, not only because | have learned much of what | write about from collaborating with
him and other like-minded meteorologists, but also because he was present when | delivered the initial version
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in Bari, Italy, in 1996 and was generous in expressing his appreciation. | miss him.

1. Introduction

Weather modification experiments take years to com-
plete; involve use of statistical designs that include con-
trols, randomization, and covariates; and are summa-
rized by statistical analyses. Yet such experiments have
not generally established clear treatment effects despite
the cloud seeders’ freguent conviction that they had af-
fected clouds and precipitation. Thisfailure hastempted
the meteorol ogists to blame the statisticians: How could
their calculations miss the dramatic results of our cloud
seeding?

There are parallel experiencesin medical research, as
shown by a review of 53 published surgical studies,
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each of which compared an innovative procedure with
astandard. Table 1 shows that among the well-designed
trials none of the results were encouraging whereas
among the poorly designed trials most results appeared
to be encouraging. Does it follow that careful experi-
mentation impedes good surgery, or does it suggest that
many published claims arise from poor experimentation
rather than from good medicine? The parallel with
weather modification is striking, as it would be for any
field in which treatment effects must be evaluated
against a background of random variability. It is easy
to produce ‘‘encouraging findings” by cutting corners
in scientific rigor.

Methodological and statistical issuesin research have
paralelsin many different fields, and the solutions pro-
posed in one are often instructive for workersin others.
Meteorologists may find it interesting to compare their
concerns with those of medical scientistsand vice versa
This paper encourages such comparison by illustrating
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TaBLE 1. Degree of control vs degree of investigator enthusiasm
in 53 surgery studies.

Degree of investigator
enthusiasm about results

Marked Moderate None Total

Experimental design

Controls, randomized 0 3 3 6
Controls, not randomized 10 3 2 15
No controls, not randomized 24 7 1 32
Total 34 13 6 53

Source: Gilbert et al. (1977).

parallels in experimental design, bias, randomization,
and statistical analysisin cloud seeding experimentsand
in medical experiments on patients, usually referred to
as‘‘clinical trials.”” The examplesthat are presented are
very simple, but, except for one hypothetical example,
they are al real.

2. Some concerns of ethics and of science

Before comparing the techniques of experimentation
and analysis in weather modification and in medical
treatment one must consider the ethical issuesinvolved,
both in the experimentation itself and in applying its
results.

Experimenting with human subjects is obviously dif-
ferent from experimenting with clouds or storms. In-
dividua rights that must be safeguarded in the former
have no immediate counterpart in the latter, except in
so far as concerns the effect of cloud seeding on people
if it creates hail, or floods, or other adverse effects. The
requirement of informed consent is accepted as the pa-
tients' right but there are no parallel rights for the pop-
ulations potentially affected by weather modification,
though there have been a few cases of litigation.

Application of the results of experiments, on the other
hand, has close parallels between medical treatment and
weather modification. It is just as much an ethical im-
perative to apply knowledge gained from a weather ex-
periment in a policy to alleviate a drought, as it is to
apply knowledge from clinical trials to a practice that
reduces patients' suffering. The emphasis on the one or
the other presumably hasto do with one culturefocusing
more on the community and another on the individual.
While Thailand has instituted a Royal Rainmaking Bu-
reau that attempts to relieve food shortages for the pop-
ulation at large, the United States has put far greater
emphasis on supporting the medical establishment’s at-
tempts to cure patients as individuals.

Issues of ethics are also connected with the phase of
experimentation. The ethical issues are much more acute
when the experimental results have immediate appli-
cability than when the results are arelatively early step
in building up an understanding whose practical appli-
cation may be feasible only at a much later time. Much
weather experimentation is concerned with basic sci-
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ence: What effect does introduction of a glaciogenic or
hygroscopic agent have on any feature of the clouds?
Many clinical trials, on the other hand, are focused on
finding out whether a drug, or intervention, will have
a specific effect, usually on survival. The findings of
clinical trials often translate directly into decisions on
treatment of future patients. The findings of cloud seed-
ing experiments, on the other hand, do not translate
simply into weather modification policies. It is a long
way from an experiment’s showing that cloud seeding
augments radar reflectivity in a cloud to gauging the
economic benefit of a seeding operation, or even to
knowing whether it would produce more precipitation
to the ground.

Of course, some medical experiments also have the
characteristics of basic science, such as pharmacokinetic
studies and bioequivalence trials, and some meteoro-
logical experiments are testing the practical application
of atechnique, such as those of fog dispersal at airports
and of reduction of hail damage. By and large, however,
clinical trials and weather modification experiments dif-
fer in the phase of acquiring knowledge and application
to which they are directed. That is one reason why they
differ in the urgency of the ethical issues they raise.

3. Experimental units and treatment allocation
a. The nature of experimentation

The nature of an experiment is manipulation with a
view to observing whether an effect results. That pro-
cess involves experimental units, treatments that are ap-
plied to them, responses that are observed, and methods
by which the effect is evaluated.

Some experiments are by trial and error, adapting a
search for suitable treatments in promising directions,
whereas other experiments are designed and executed
according to a rigorous protocol that permits confir-
mation or rejection of an apriori hypothesis. In the study
of drugs, what is known as phase |, and possibly phase
I, consists of adaptive experiments that *‘ check safety
and establish a dose at which studies in men may be
undertaken,” whereas phase-1ll experiments are de-
signed for ““proving efficacy to a sceptical regulator”
(Senn 1997, p. 2). In weather modification, adaptive
experiments with instruments and burners and obser-
vation of individual cloud’s apparent reactions precede
experiments that are designed to confirm the efficacy of
a seeding technique in a given time and place.

Adaptive experimentation is a learning experience
that usually cannot be evaluated objectively. Designed
experiments, by contrast, are tightly controlled ‘** black
boxes’ with a protocol that is planned ahead of time
and continued unchanged to completion, when the re-
sults are analyzed by already planned statistical meth-
ods, including significance tests. [See aso Mielke
(1995), who refers to the two types of experiments as
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exploratory and confirmatory, terms that | prefer to ap-
ply only to the analyses.]

The distinction between adaptive and designed ex-
perimentsis crucial. The current discussion by a stat-
istician is mostly about the latter and stresses the need
for rigor in their planning, execution, and analysis.
There is no doubt that designed experiments are of
paramount importance in testing medical treatments
before sanctioning their use, and the rigor of their
design and execution is insisted on by the regulatory
agencies. Their appropriate role in current weather
research is much less clear and is monitored by peer
review. Isit time for designed experiments to test the
effectiveness of techniques of cloud seeding? Would
it be better to devote more effort to adaptive exper-
iments that search for any meteorological signatures
of various advertent and inadvertent influences? This
paper can only refer to that issue, not resolve it, but
it must point out that it is not appropriate either to
apply the rigor of designed experimentation to adap-
tive probes or to ignore statistical rigor in an exper-
iment designed to test a hypothesis.

b. Definition of experimental units

The basic unit used for experimentation is much eas-
ier to define in medicine, where it usualy is an indi-
vidual, than in meteorology, where it may be something
as elusive as a cloud. Kempthorne (1980), comparing
research on the weather with agricultural research, says
that in the former

the experimental unit is, at best, a combination of atime
point or brief interval with a fuzzy “pig” flying in the
sky. The *“pig” is not at al well-defined as regards
boundaries. It has a very obscure and uncertain life over
time. It is here as a definite, perhaps, region of space at
timet,; at timet, + X, it is somewhere else in space; we
may not even be able to identify it as being the after-
cursor (c.f., pre-cursor) of the cloud we think we have
seeded. How can we possibly claim to have an analog
of our real pig experiment. . .?

Weather experimenters must spend much more effort
on objective definition of their experimental units than
must medical researchers. Basically, they have a choice
of either providing an operational definition based on a
sophisticated evaluation of radar echoes—as, for ex-
ample, in the experiments in Texas (Rosenfeld and
Woodley 1989), Illinois (Changnon et al. 1995), South
Africa (Mather et al. 1997), Thailand (Silverman et al.
1999; Woodley et al. 1999), and Mexico (Bruintjes et
al. 1999)—or of rough and ready simplifications such
as the precipitation on rain gauges in a well-defined
target during awell-defined period such as a 24-h day—
as, for example, in Israel (Gabriel 1967) or Tasmania
(Miller et al. 1979).
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c. Inclusion and exclusion of units

Clinical trials usually address the efficacy of a treat-
ment under fairly well specified conditions. Their pro-
tocols therefore include rigid criteria for inclusion and
exclusion. A study of postoperative thrombosis, for ex-
ample, ‘‘excluded [patients] if they were under 18 years
of age, were having arevision of a previous (surgery),
were alergic to [etc., etc.] ...” (Francis et al. 1992).
The well-known randomized study of the effect of as-
pirin on heart disease (Steering Committee of the Phy-
sicians' Health Study 1989), considered only men; that
was straightforward, though probably unfair to women
about whom the study provided no information. It often
is not obvious who is a (potential) patient in aparticular
medical context. Nor is it self-evident what meteoro-
logical unit is most relevant to obtaining a desired
weather modification. One needs to balance the attempt
to narrow down the study to arelatively homogeneous
sample against the hope that the study’s conclusionswill
be widely applicable.

Asin clinical trials, weather experiments require a
clear protocol as to which potential units are to be
“enrolled’” in the experiment. Thus, the randomized
Grossversuch 111 on hail prevention experimented
only on days with favorable hail forecasts (Schmid
1967). The 1989 Illinois experiment is an instance in
which elaborate criteriawere laid down to decide that
a cloud was to be included if ‘it had a) a cloud top
just passing 20,000 feet, with potential for reaching
30,000 feet and beyond; b) acumulus congestus (hard,
blocky) appearance; c) [to] be at least 2 kilometers
in diameter; and d) little or no vertical tilt"” (Chang-
non et al. 1993).

Actual inclusion, subjection to treatment as planned,
and continuation to follow up observation, is not quite
the same as what is defined in the protocol. In the post-
operative experiment above, for example, some enrolled
patients declined to participate or withdrew before sur-
gery, and others withdrew or were otherwise lost to the
study after having been allocated a treatment or having
started with it. Excluding the former caseswas not going
to bias the analysis, but excluding the latter might have
biased it if one of the treatments would have influenced
more patients to withdraw than the other. In general,
there is a problem of whether the analysis should be of
all those **intended to be treated’’ or only of those treat-
ed and observed “‘per protocol.” The biases that can
arise from excluding the ‘‘noncompliers’ depend on
whether the treatment might have affected noncompli-
ance with the protocol [Senn 1997, chapter 11; see also
Oakes et a. (1993) for a study examining the effects of
noncompliance on possible biases].

The parallel problem in weather modification occurs
in the temptation to exclude units assigned to be seeded
if they present no suitable clouds. The effect of such a
procedure can be illustrated by the alternating target
estimate (Gabriel 1999):
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precipitation on target when seeding allocated to target itself

precipitation on target when seeding allocated to other target

which was used, with various adjustments, to estimate
seeding effects on two targets seeded alternately. In Pug-
lia, this estimate was found to be negative and close to
significance for experimental days on which seeding
was not carried out (List et al. 1999). Because there
could be no effect of treatment without seeding, this
negative estimate was evidence of a selection bias that
islikely to have occurred in the following manner. Seed-
ing was not carried out when there were no clouds on
the allotted target, even if there were clouds on the other
target. No wonder those days produced a negative es-
timate of ““ seeding effect.” Conversely, a positive bias
must have occurred on seeded days, because such seed-
ing was carried out only when there were clouds on the
allotted target, even if there were none on the other
target.

d. More on selection bias: Examples

Limiting analyses to units actually treated, however
intuitively appealing, is a source of positive bias and
must be avoided. This type of bias is subtle enough to
confound many experimenters and may be worth be-
laboring by means of the following imaginary ‘** medical
experiment.” Imagine pairs of fraternal twins and ran-
dom selection of one twin from each pair for atreatment
intended to increase height; the response Y that is re-
corded after treatment is how much taler the treated
twin is than the untreated twin. If the treatment were
ineffective, the expected (i.e., overall average) differ-
ence E(Y) would be zero, whereas E(Y) would be pos-
itive if the treatment were effective. Three experimental
designs are considered: D1 to use all twin pairs, irre-
spective of sex; D2 to exclude al pairs in which the
selected twin was female; and D3 to exclude all pairs
in which either twin was female, that is, to include only
twin males.

For simplicity, assume all males to be 175 cm tall
and all females 165 cm, and let the proportion in each
sex be 1/2 and the two twins' sexes be independent (as
they are in fraternal twins). Table 2 then gives the dis-
tribution of the twin pairs, their heights, and the dif-
ferences Y under the hypothesis of no treatment effect.
It also shows which types of twins are included under
each of the three designs and with what probabilities.
Last, it showsthe value of the expected height difference
E(Y) under each of the designs. This is simply the av-
erage of the Ys over the types of twin pairs included.

Experiments using designs D1 or D3 are unbiased
because they have E(Y) = 0, which is the correct mean
under the null hypothesis; an experiment with design
D2 will be biased because it has E(Y) = 5, which is

TABLE 2. The expectation of a variable under different
experimental designs.

Pair of twins Experimental design
Selected twin Other twin . Probability of choosing
Height .
) such a pair
difference
Sex Height Sex Height Y DI D2 D3
M 175 M 175 0 0.25 050 1.00
M 175 F 165 10 0.25 050 O
F 165 M 175 -10 0.25 0 0
F 165 F 165 0 0.25 0 0
Expected mean height difference E(Y) 0 +5 0

wrong. The reason for the bias of design D2 is that its
selection of twin pairs depends on a covariate (the sex
of the treated twin) that is related to the response (the
height difference). Making the example more realistic
by allowing for variation of male and female heights
would not change the conclusion, because the expected
bias depends only on the means and not on the vari-
ability.

The analogy with a cross-over rainfall enhancement
experiment is immediate. Instead of observations on
pairs of twins, think of observations on apair of targets;
instead of atwin selected for treatment, think of atarget
selected for seeding; instead of gender, think of cloud-
iness, with M indicating presence of suitable clouds and
F their absence; and think of 175 and 165 as amounts
of precipitation on the two targets, the former occurring
on ‘““M" days (with suitable clouds on target), the latter
on “F” days (without such clouds on target). Design
D1 then enrolls al days, design D3 enrolls only days
with suitable clouds on both targets, and design D2
enrolls only days with suitable clouds on the selected
target (which is precisely what experimenters are often
clamoring to do). Design D2 is seen to yield a biased
cloud seeding experiment.

A separate issue is that unbiased design D3 will usu-
ally give greater precision than will unbiased design D1,
because D3's units are more homogeneous. Conclusions
from D3 will, however, be of less general applicability
than conclusions from a D1 experiment.

These warning examples show the danger of bias re-
sulting from the inclusion of units being dependent on
the allocation of treatment. To avoid such biases, def-
initions of units and their enrollment must be indepen-
dent of the treatment assigned. Thus, in the Whitetop
experiment, the envelope containing the assignment
““was opened only after we had completed all actions
and decisions relating to designation of an experimental
day’’ (Braham 1979, p. 60). A possible alternative way
of excluding unsuitable units is to sift them out ex post
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facto by a criterion that is independent of the treatment,
as was attempted in the analyses of the Israel and Puglia
experiments, which excluded days that had had no pre-
cipitation at stations in a buffer zone.

If the treatment did affect selection, even indirectly,
it might entail bias. The reason one may still, despite
these potential sources of bias, sometimes use units
whose definition depends on responses is because they
may be physically meaningful. An example is defining
acloud over its lifetime, even though the persistence of
the cloud might be affected by seeding.

On the other hand, some criteria of exclusion are so
clearly independent of treatment that the excluded units
can be omitted from the analysis without risk of bias.
Thus, patients lost because of accidents or other events
unrelated to the study can surely be excluded (Senn
1997, section 11.2.3), as can weather units during which
the seeding equipment was not available (Gabriel 1967).
A less obvious criterion of exclusion is one depending
on concomitant measures such as the absence of pre-
cipitation in an area adjacent to the targets but never
targeted for seeding. Its justification in the rain en-
hancement experiments in Israel and in Puglia was that
the adjacent area ‘‘was chosen for this classification
because it can hardly ever be affected by seeding op-
erations. . . and hence. . . is most unlikely to introduce
bias” (Gabriel 1967, p. 97; List et a. 1999).

e. Treatments and comparison

Treatments in clinical trials are compared either with
other treatments (innovative to standard) or to lack of
treatment. The latter comparisons run the risk of being
biased by what is called the placebo effect and consists
of the well-known optimistic effect of the very existence
of atrial on both patients and medical personnel. Trials
therefore usually assign placebos (inert substances) to
the patients not receiving the treatment. Moreover, when
possible, both patients and attending physicians, as well
as technicians who observe and evaluate patient re-
sponses, are blinded to whether the treatment assign-
ment to a particular patient has been active or placebo.
Experimenters go to great lengths to ensure patient
blindness to treatment, even to the extent of boring holes
in the crania of all patients in a Parkinson’'s disease
study, so patients did not know whether they had re-
ceived brain surgery (New York Times 1999). The other
aspect of blinding is easier, that of having patients’ lab
tests, X-ray scans, and so on assessed in ignorance of
the identity and treatment of the patients. Elaborate ad-
ministrative arrangements ensure this blindness and
identify patients’ treatment only at the stage of the final
analysis. Sometimes this is not possible, as in a study
of the effect on blood clotting of using an anticoagulant
versus using an external massaging device; and there
then is an inevitable problem of possible bias (Francis
et al. 1992).

Almost all weather experiments have compared seed-
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ing, usually with silver iodide (Agl), with lack of seed-
ing, though one could compare different seeding tech-
niques, such as glaciogenic versus hygroscopic, or high-
er versus lower dosages (Gabriel and Changnon 1982),
or seeding on one target versus seeding on another.
Comparisons of seeding with no seeding might be sub-
ject to placebo effects of the turbulence introduced by
penetration of aircraft and release of materials, as well
as by the inevitable bias of the people who record and
review observations. To avoid these biases, some ex-
periments have used flares with sand on occasions as-
signed not to be seeded, and thereby blinded the ob-
servers on the aircraft to the distinction between seeding
and not seeding (Woodley et al. 1982; Changnon et al.
1995). For the same reason, interpreters of radar scans
were blinded to the occasions Agl was used; it was not
enough to remove the dates from the radar scan records,
which would have paralleled the way X-rays are as-
sessed in clinical trials, because meteorologists might
well have been able to identify some of the dates from
the radar scan. Execution of such a blinded protocol is
administratively difficult, especially in cloud seeding. It
is, for example, not easy to assign Agl or sand (placebo)
flares to a particular seeding run without the pilot and
seeding officer being aware of what is loaded on the
aircraft.

f. Randomization

To protect against any unforeseen sources of bias, the
actual assignment of treatment to each unit must be done
at random, that is, according to a probability process.
One way to do this is by randomizing the assignment
after the unit has been designated, essentially by opening
an envel ope containing the random assignment. Another
way is to create a sequence of randomizations ahead of
time, sequester it so as not to influence the selection of
units, and only make it available, one assignment at a
time, after each new unit has been designated. In clinical
trials, patients who arrive and present with certain con-
ditions are first definitively enrolled, and only then is
their assignment randomized by calling in at a prepro-
grammed computer. One meteorological exampleisthe
Swiss Grossversuch |11 in which forecasts of potential
hail occasions were used to enroll days as experimental
units, and then the top envel ope was chosen from a stack
that had been prepared randomly with **ja” or ““nein”
cards, and seeding was carried out if the envelope con-
tained aja card. In the Israeli experiments, on the other
hand, the list of random assignments could be published
ahead of time because no days of the rainy season were
to be initially excluded, and seeding allocation could
not affect the subsequent exclusion of days that had no
rain in an always unseeded zone.

Randomization not only protects against bias but also
provides a probability model that allows the assessment
of the chance of various outcomes under particular as-
sumptions regarding treatment effects. It allows the cal-
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culation of significance levels under the null hypothesis
of no effect, as well as the estimation of power under
hypotheses of effects of given magnitudes. In this re-
spect there is no difference between clinical trials and
weather experiments, because the probabilities depend
on the stochastic manner in which randomization is car-
ried out, not on the medical or physical world to which
they are applied.

g. More on the need for ““black box’’ experimentation

Research workers are continually learning more and
want to incorporate their new findings into the ongoing
research, adapting treatments and observations as they
go. Can that type of adaptive experimentation be con-
sistent with the methodology of evaluating the results
of designed experiments?

If the change in definition is driven by the observa-
tions in the earlier part of the experiment, applying it
to the earlier data obviously biases the results. Some
such issues arose during the execution of the Israel |
experiment, as follows. A change in seeding line from
that originally planned was requested by the pilots who
wanted to stay within sight of the coastline. This change
was judged unlikely to produce an important change in
treatment effect and was therefore incorporated in the
experiment, as were changes in the hours of starting and
ending each experimental day. On the other hand, a
proposed change of target boundary lines to exclude the
coast and the Jordan Valley was resisted because it was
driven by observations on the earlier part of the exper-
iment, and thus might have introduced a bias (Gabriel
1967).

Changesthat are driven by observationsduring earlier
parts of adesigned experiment must be avoided because
they can create bias. If such changes are crucial, the
original experiment must be terminated and a new ex-
periment designed. If the new technique is really su-
perior to the older one, why should its effects be diluted
by analyzing them with the results of the older tech-
nique? At the very least, the experiment should be an-
alyzed within separate stratafor the different techniques.
Whether or not the parts can be analyzed jointly, as
strata of one study, ismoot. Evenif they can be analyzed
jointly, this method reguiresthe experiment to belength-
ened. An analysis after a single change increases the
number of tests from one to three: one test of the pre-
change effects, a second of the postchange effects, and
a third test of the difference between them. To obtain
reasonable power for each test, the experiment would
need to be prolonged very considerably. Allowing more
than one change augments the number of tests yet more
and requires impossibly long experiments.

Returning to medical examples, it is useful to quote
an experience at the University of Rochester School of
Medicine.

| just finished participating in a clinical trial in which,
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half-way through (but without any knowledge from any
analysis of the available data) a new version of the treat-
ment under test became available. Should we scrap the
“half trial”’ and start a new one? The decision was made,
based on the assumption that the effectiveness of the new
device was identical to that of the old version—an as-
sumption the [physicians] felt strongly about—to con-
tinue but to introduce a new stratum, consisting of all
patients recruited when the new device was available
(treatment and control). So the experiment was length-
ened to yield extra power and a stratified analysis was
done. Of course, we also tested the secondary hypothesis
of whether the two versions differed in their effective-
ness, but that was largely “‘for show’ since little power
was available. . .. But if the change of the protocol had
been based on results from analyzing the early part of
the trial, | wouldn’t have known how to proceed.

(W. J. Hall 1996, personal communication)

Adaptive experimentation must be separated from
confirmatory analysis. Research workers who feel they
must continually learn and adapt their techniques cannot
ask for statistical confirmation. Decisions on treatment
and/or policy may impose the choice between betting
on the research workers' most recent ideas or insisting
on designed experiments with adherence to rigorously
defined protocol. The tension between subject-area sci-
entists and statisticians is that between inspiration and
skepticism, and it isadifficult task to maneuver between
them.

4. Responses and covariates
a. Definition of the response

Inclinical trialsitisoften difficult to define aresponse
that is both meaningful and readily measurable. Some
responses, such as death or survival, are fairly straight-
forward. But survival for how long? Cancer treatments
are often assessed in terms of 5-yr survival, but for slow-
developing cancers, 10-yr survival may be more rele-
vant. An alternative is to define the response in terms
of length of survival. That definition, however, depends
not only on the disease and treatment that are the subject
of the study but on other causes of death aswell, so the
response may be defined in terms of length of remission.
That definition raises another problem: What should be
done with people who die from other causes while in
remission? How long would such a person have been
in remission if they had not died from the other cause?
Such problems have generated a branch of statistics
called survival analysis (Cox and Oakes 1984), which
applies not only to data of human survival but also to
data of product endurance, and might be useful for the
analysis of lifetimes of meteorological phenomena such
as storms, clouds, or echoes.

Other clinical trials focus on recovery, on cessation
of symptoms, and so on and are fraught with problems
of definition. For example, in clinical trials of analgesics
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the response must be pain, something that is very dif-
ficult to measure objectively. An attempt to do so for
postsurgical patients is to compare the patients' self-
evaluations some time after receiving the analgesic (or
placebo) with their self-evaluations before receiving it
(Cox et al. 1980). There is some analogy here with the
use of damage claimsin assessing hail prevention trials.

In weather experiments, the choice of responseisfair-
ly straightforward when experimental units are defined
by an area and a period, largely because the rationale
for those units is that precipitation measurements are
available for them (such as networks of rain gauges and/
or hail pads). For units such as clouds or storms, on the
other hand, the responseis usually acomplex evaluation
of radar records, as in Illinois (Changnon et al. 1995)
and Thailand (Silverman et al. 1999; Woodley et al.
1999), and attempts are even being made to trace the
hail and rainfall from a storm by tracking its path with
the help of sophisticated computer interpretation of ra-
dar records (Berthoumieu et al. 1999).

b. Surrogate responses

The clinical outcome of atrial on survival, or on the
onset of acquired immunodeficiency syndrome (AIDS),
may take a long time and great cost to observe. To
reduce duration and cost, therefore, trials often use sur-
rogate endpoints such as the reduction of cholesterol
levels or CD4 cell counts, respectively. This approach,
however, runs the risk of being misleading if the effect
of treatment on the surrogate is not the same as on the
clinical outcome. Thus, trials on heart disease have
shown that treatments did reduce cholesterol levels but
did not reduce mortality, and trials on human immu-
nodeficiency virus therapy have shown effective reduc-
tion of CD4 counts without a corresponding improve-
ment of survival (Fleming and DeMets 1996).

There are obvious analogies with weather modifica-
tion. Possible increases in precipitation do not translate
simply into economic benefits, and there is much un-
certainty in translating augmented radar reflectivities
into increased precipitation on the ground, and afortiori
into economic benefits. [Studies of some of these re-
lationships have been attempted for some time (e.g.,
Changnon et al. 1977).]

Surrogate responses may be relevant to understanding
the science underlying the treatment effects such asin
phase-1l screening trials (Fleming and DeMets 1996)
and in basic meteorological research. But one needs be
careful in extrapolating findings on surrogates to the
really intended effects.

The concept of surrogation is carried even further
when the experimental units are laboratory animalsrath-
er than human subjects. The ethical problems of car-
rying out experiments on people make it important to
obtain as much information as possible from such uses
of animal surrogates, albeit finding effects on animals
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is not conclusive about the existence of similar effects
on humans.

Parallels in weather experimentation are simple ex-
periments in clouds, such as that of Langmuir and
Schaefer, aswell as some laboratory and computer mod-
el experiments. Unfortunately, no other unequivocal ex-
periments with clouds have been possible, and the re-
duction of scale from the cloud to the laboratory is too
large to alow ready transference of problems and re-
sults. There is more hope from computer models that
reproduce properties of clouds as closely asis possible
within the realm of what is understood of atmospheric
physics (Orville 1996). Given the similarity of the mod-
elstoreal clouds, it becomes of interest to see the effect
of simulated seeding on the models (Yin et al. 1999)
and to study such things as the differential reaction to
different methods of seeding (Levin et al. 1999). It is
well, however, to keep in mind that the behavior of these
models may be no more conclusive of the behavior of
clouds than the reaction of rats is conclusive of the
reaction of humans.

c. Multiplicity of responses

There usually are several responses that may be rel-
evant to any one study. An experiment designed for hail
reduction might also be analyzed as though it had been
a precipitation enhancement experiment, as was done
with Grossversuch 111 (Schmid 1967). In the analysis
of precipitation, the analysis may focus on initiation of
precipitation as well as on amount of precipitation, and
on the growth or lifetime of a cloud. Radar echo may
be considered a relevant measure, as is precipitation on
the ground. The response may be measured immediately
after seeding, after a delay, or after each of several de-
lays. Precipitation on the ground may be measured by
several networks of rain gauges.

Investigators who test effects on many responses, say
one hundred, can expect, when the treatment has no real
effect at al, to find that some five of the responses are
significant at 5%. They are likely to be tempted to pub-
lish those responses, conveniently forgetting the non-
significant 95 or so. This response multiplicity bias can
be avoided only if a single response, or a specified few
responses, are chosen ahead of time or at least inde-
pendently of the data. It is not easy to persuade re-
searchers to do so, because there are so many possible
effects they would like to study. One way to maintain
the integrity of the analysis is to adjust the level of
significance to take account of the number of analyses
planned beforehand (Multicenter Diltiazem Post-Infarc-
tion Trial Research Group 1988). Awareness of how
much this adjustment reduces the level may also dampen
the investigators' enthusiasm for testing too many hy-
potheses.

There is great temptation to focus the analysis on a
response that is found to be *‘promising”’ during the
experiment, but if the response is not chosen at the
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design stage, one may easily bias the analysis by letting
the data guide its choice, that is, by effectively choosing
to analyze the **'most promising’’ of the many available
response measures. Experimenters often find it difficult
to see how this potential bias applies to their study, but
they should think of the analogy of how frequently some
‘““coincidence’” seems to occur in life, especially when
one ignores the much greater frequency of a particular
coincidence not occurring.

d. Covariates

Covariates are measures available for the experimen-
tal units that are (i) unrelated to treatment allocation,
and the most obvious instances are measurements taken
prior to alocation, such as baseline medical observa-
tions or weather records taken prior to cloud seeding.
Covariates can improve the efficiency of an experiment
if they are (ii) correlated with the responses, such as
baseline measures with similar response measures after
treatment and preseeding radar reflectivities with post-
seeding reflectivities. They improve efficiency because
they allow treatment comparisons to be made between
experimental units that are similar to one another, that
is, between units that have similar covariate values but
different treatments. They do so at the design stage by
allowing the units to be grouped into relatively homo-
geneous subgroups (blocks, strata), and at the analysis
stage by adjusting the responses for the covariate values
(analysis of covariance, ratio statistics). Either way, they
serve to reduce the noise against which the treatment
signal is to be evaluated.

Clinical trials have obvious covariates in sex and age
at enrollment, because these traits are related to most
responses and are unaffected by treatments. Thus, (ii)
men respond to pain differently from women, and the
young survive longer than the old, but (i) sex and age
at enrollment are unaffected by medical treatments. It
has been suggested, however, that covariates are of
doubtful usefulness in adjusting statistical analyses of
clinical trials because the enrollment is usually limited
to a very homogeneous group of patients in which cor-
relations with covariates are very low (Beach and Meier
1989). The situation may be similar in weather exper-
iments with cloud units, or storm tracks, because it is
difficult to find covariates that are sufficiently highly
correlated with their response and yet unaffected by the
treatment (see, e.g., Changnon et al. 1993, chapter 6;
Bradley et al. 1980). An exception is the reanalysis of
the South African glaciogenic flare seeding experiment
(Silverman 1999) in which the postseeding radar echoes
(responses) were usefully regressed on preseeding ech-
0es (covariates).

Covariates have been very useful in adjusting anal-
yses of weather experiments whose response was target
area precipitation in a fixed time period. The best co-
variates have been precipitation in nearby areas, pref-
erably upwind. In choosing them, one must compromise
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between closeness to the target, which yields (ii) high
correlation, and sufficient separation to ensure (i) they
cannot be affected by seeding aimed at the target. Also,
there is hope for the development of better covariates
calculated by introducing prior datainto physics models
that might be honed to give close predictions to sub-
sequent responses.

Some variables need elaborate and lengthy working
up of measurements and therefore become available
only after the treatment has been applied. Such variables
can serve as covariates so long as they are calculated
independently of the treatment allocations, possibly by
ensuring that the persons calculating them are blind to
the allocations. It is, however, not always obvious
whether a potential covariate might be affected by treat-
ment. In medicine there is the temptation to use the
amount of medication, or the length of time the medi-
cation was administered; in weather modification there
is a similar temptation to use the duration of seeding.
The only way these can be legitimate covariates is if
the decision on amount or duration of treatment is made
blindly to the treatment assigned. In medicine this sit-
uation happens when the doctor regulates the amount
of medication without knowing whether the patient re-
ceives treatment or placebo, and in cloud seeding it
happens when the decision to terminate seeding a unit
is made in ignorance of whether it is being seeded with
Agl or with sand. A more subtle concern arises if the
response depends on a storm’s length, but seeding might
prolong a storm, so the length does not qualify as a
covariate. Again, ‘“‘time of initiation” of seeding may
be a poor covariate because it is not well defined on
occasions assigned to not seeding, or assigned to be
seeded but with conditions changing by the disappear-
ance of clouds that were assigned to be seeded.

5. The statistical design of an experiment

The statistical design of an experiment defines the
alocation of the treatments to the units in terms of a
model that will guide the analysis.

a. Blocking and stratification

The units might be grouped into relatively homoge-
neous blocks or strata, so that much of their variability
is between these groups and little remains within the
groups. If the treatments can be expected to have the
same effects in all groups, that is, if group differences
and treatment effects are additive, experimental results
can be analyzed by making treatment comparisonswith-
in each block or stratum and averaging these compar-
isons for overall estimates of the common effects.
Grouping might be carried out prior to treatment, in
which case randomization should be made within the
groups (see section 5f, below), or it might be imple-
mented only at the stage of analysis. Either way, it is
a valuable feature of an experimental design provided
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the blocks or strata are relatively homogeneous so that
within-group comparisons are subject to less variability
than overall comparisons would have been in an un-
grouped design.

Blocking has been effective in medical research, es-
pecially in laboratory experiments in which there are
day-to-day, week-to-week, or interlaboratory differenc-
esin calibration of instruments. Blocking by day, week,
or laboratory then reduces variability and yields avalid
design provided that treatment effects are constant over
days, weeks, or laboratories. Thus, a surgical interven-
tion may be expected to be equally effectivein al hos-
pitals and from year to year, so astudy could be blocked
by hospitals and/or by years. Blocking has yet to be
found useful in weather modification because it is dif-
ficult to create homogeneous groups of meteorological
units and even more difficult to assume cloud seeding
to have the same effect in al of them. ““I would defi-
nitely question anyone's ability to collect experimental
units into relatively homogeneous blocking when it
comes to cloud classification, related cloud seeding ap-
plications, and resultant effects,” (T. Henderson 1996,
personal communication).

b. Treatment—group interaction

If different groups of units are affected differently by
the treatments, this is referred to as treatment—group
interaction, or nonadditivity. It then makes no sense to
pool the results from different groups, and the experi-
ment really consists of several subexperiments. It there-
foreisnecessary, whenever differential treatment effects
are suspected, to subdivide the data so that one may
expect areasonably constant effect within each division.

An example of treatment-group interaction in medical
research is the difference found between the Diltiazem-
related reduction in cardiac events among patients with-
out pulmonary congestion and the corresponding in-
crease in such events among those with pulmonary con-
gestion (Multicenter Diltiazem Post-Infarction Trial Re-
search Group 1988). In weather modification, the data
of several experiments were broken down by covariates
such as cloud-top temperature and wind direction (Ga-
briel and Baras 1970) and by such synoptic criteria as
cold fronts and air masses (Changnon et al. 1993, chap-
ter 4), because it was suspected that the effect of cloud
seeding might interact with these groupings. In the latter
Israeli experiments, data were analyzed separately for
days with and without desert dust, because it was sur-
mised that the effect of seeding changed with the pres-
ence of such dust (Rosenfeld and Nirel 1996).

c. Cross-over experiments

A design that has been much used in medical research
is that of using units repeatedly, crossing over from a
period with one treatment to a period with another. The
potential saving in units required for an experiment
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makes this design very attractive, but concerns with
carry-over of effects limit its usefulness (Hills and Ar-
mitage 1979; Senn 1993, 1997, chapter 17). This kind
of design has been used in weather modification by
means of alternation of target areas, each one being
seeded on some occasions and compared with the other,
which then serves as a control (Moran 1959; Gabriel
1967). Recent discussions of the cloud seeding exper-
iments in Israel and Puglia have raised the possibility
of differential effects on the two targets (Gabriel and
Rosenfeld 1990). If that were so, it would vitiate the
rationale of this design, which is tailored to estimate a
common effect.

d. Multicenter trials

Clinical trials are often carried out simultaneously in
several medical centers so asto accumulate enough units
within a reasonable length of time (Senn 1997, chapter
14). The advantages of such pooling of resources are
obvious, but it is justified only if treatment—center in-
teraction is negligible. Unfortunately, the power of de-
tecting such interaction from the data is usually very
low, so the validity of inferences from multicenter trials
often cannot be verified.

The idea of multilocation weather experimentation
has been raised by W. L. Woodley (1999, personal com-
munication) with a view to rapid accumulation of an
adeguate amount of data on a cloud seeding technique.
The possibility of doing so will depend on how rea-
sonable it is to assume that the technique will have
similar effects at different locations. The meteorological
experience with cross-over designs suggests, however,
that effects may be suspected to vary even between
nearby areas, and a fortiori between distant locations.

In either kind of experimentation, the rationale of
multicenter studies hinges on the existence of com-
munality of effects in the different centers; otherwise,
there is no point in running the several centers' trials
together. As of now, there appears to be more justifi-
cation to assume common treatment effects on patients
at different centers than common cloud seeding effects
on clouds at different locations.

e. Restricted randomization

Given blocking or stratification, the treatments must
be randomly assigned to the units within each separate
block or stratum rather than to all experimental units at
once. With small blocks, however, this requirement may
result in unbalanced assignments, with most or all of a
block’s units receiving the same treatment. If, for ex-
ample, the blocks had two units each, simple random-
ization of treatments A and B would assign AA or BB
to about half of the blocks, and these would provide no
information on treatment effects. This result might be
avoided by allowing only balanced assignments; that is,
each block of two units would be randomly assigned
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either AB or BA (AA and BB not being assigned at al).
That, however, could violate blindness because once the
experimenters knew that the first unit of a block had
received A they could conclude ahead of time that the
second unit would receive B, and vice versa. Without
blindness there might be selection bias, as in the case
of avery sick patient not being enrolled because it was
known placebo would be assigned, or a day with alow
chance of rain not being included because it was known
seeding would be assigned.

One way to reduce this kind of imbalance in an ex-
periment with small blocks is to use restricted random-
ization. An example is the current hail prevention ex-
periment at Agen, France (Berthoumieu et al. 1999) in
which allocation of treatment A or B is randomized as
follows. When the nth unit comes up for randomization,
if the difference between numbers of earlier allocations
to A and to B was less than 2, randomize with proba-
bility 1/2 for A; otherwise, if there were more alloca-
tionsto A than to B, randomize with probability 1/3 for
A; otherwise, if there were fewer allocations to A than
to B, randomize with probability 2/3 for A.

6. Statistical analysis

The method of analysis must be part of the initial
design; that is a necessary condition for the validity of
statistical inferences. If the method of analysis were
chosen so as to highlight features first observed during
the experiment, the resulting calculations of tests and
confidence intervals would be devoid of probabilistic
meaning.

a. Rerandomization

Given the design and sufficient knowledge of the dis-
tribution of the response and how it could be changed
by the treatments, methods of mathematical statistics
could be used to derive statistical tests of maximum
power. Thus, Neyman advocated a class of procedures,
referred to as C(«) tests, that would be optimal if, among
other things, treatment increased the response variable
proportionately to its untreated value; no one, however,
has ever produced any evidence that cloud seeding ef-
fectsare of that type. Indeed, most weather modification
experiments are designed and analyzed with little reli-
able knowledge of response distributions and treatment
effects, so that the methods of optimizing power are of
doubtful relevance. To quote Kempthorne (1980), *‘1 do
not attach high value, vis-&vis weather modification, to
work on the mathematics of testing hypotheses on var-
ious mathematical distributions, though again this may
be useful with regard to suggesting test statistics that
one will examine viathe experiment randomization dis-
tribution.”

It is now generally accepted in meteorology, espe-
cially since the forceful advocacy of John Tukey (Tukey
et al. 1978), that valid statistical inferences necessitate
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rerandomization analysis or large sample approxima-
tions of such analyses (Gabriel and Feder 1969; Tukey
et a. 1978; Mielke 1985; Gabriel 1999). [For discus-
sions of particular statistical techniques the reader is
referred to Dennis (1980); Wegman and DePriest
(1980); Mielke (1985); Gabriel (1999); and numbers 10
and 11 of the 1979 volume A8 of Commun. Sat. Theory
Methods.]

Medical studies make greater use of distributional
assumptions and of statistics that have optimal prop-
erties under these assumptions. Are distributions of
medical variables so much better known, or less given
to extremes than those of the weather; is the kind of
effect of treatment so much better understood; or are
there also doubts in medical research about the justifi-
cation of using statistical techniques that are optimal
only under special conditions?

b. Satistics that exploit features of the design

In the absence of trustworthy assumptions about dis-
tributions and effects in weather experiments, it is rea-
sonable to use statistics that are intuitively appealing
and exploit the variance reduction features of the ex-
perimental design. Such are analyses of covariance and
ratios of responses to covariates, because these tech-
niques allow the adjustment of responses to covariates
(Moran 1959; Gabriel and Feder 1969; Gabriel 1999).
Regression methods, including generalized regressions
with various links, are similarly used in medical statis-
tics to take out the influence of covariates such as age
or baseline measures, and many medical analyses use
nonparametric or semiparametric modeling that utilizes
only limited assumptions.

c. Length of an experiment

Clinical trials are designed to run long enough to give
sufficient chance (power) of discovering areal treatment
effect if there is one. The required power depends on
the needs and purposes of the experiment. Thisrequire-
ment translates into the number of suitable patients re-
quired and the time it will take to enroll, treat, and
follow them up. In weather experiments with a cross-
over design of daily units, experience shows that about
5 yr are needed for 90%—-95% power of finding a 5%
significant result if the true seeding effect is a 15%
increase of rainfall (Gabriel 1999). Other experimental
designs, such as those with a single target and control,
require considerably more time, as does the detection
of effects of less than 15%. Shorter experiments might
be possible if covariates were available that would se-
riously reduce the variability of the adjusted responses.

d. Early termination of an experiment

An important issue is the temptation to peek at the
intermediate results of experiments and declare a sig-
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nificant outcome as soon as the calculations indicate a
P value of, say, 5% or less. The probability that such
calculationswill show a P value lessthan 0.05 sometime
before the experiment has run its planned courseis con-
siderably greater than 5%, so this peeking strategy can
greatly bias the conclusions and has been generally dis-
couraged by statisticians.

In clinical trials, the temptation to peek is motivated
not only by curiosity and the wish to reduce the cost of
experimentation, but also by the ethical obligation to
announce the effectiveness of a new treatment as soon
as possible, and, on the other hand, to abort trials when
concerns arise about the safety of the treatments. In the
well-known trials of azidothymidine (AZT) treatment
of AIDS patients some years ago, intermediate results
suggested greater survival for those receiving the drug.
This finding was announced and the trials had to be
terminated because once a treatment has been consid-
ered effective it becomes unethical to continue an ex-
periment that administers placebo to some patients.
There had been much soul searching about this decision
among the investigators, who had to weigh the advan-
tage of administering AZT to then current patients if it
really was effective against the disadvantage for future
patients of having less reliable information about AZT
from asample of reduced size. In retrospect, thedecision
about AZT appears to have been wrong, but the judg-
ment call, at that time, may well have been just.

Statisticians have now devised moreflexiblerulesthat
permit some peeking at intermediate points without bi-
asing the decision. As an illustration, consider annual
peeks at a 3-yr experiment. An overall 5% significance
level could be ensured by the following O’ Brien—Flem-
ing (1979) rule: If the first year’'s results exceeded the
0.06% significance level the trials would be terminated
and significance declared; otherwise, if the second
year’s results exceeded the 1.51% significance level the
trials would be terminated and significance declared;
otherwise the trials would be carried on to their 3-yr
conclusion and significance declared if the results ex-
ceeded the 4.71% level. This rule is attractive because
it does allow the trials to be terminated after one year
if the first year's results are very strongly indicative of
an effect; it further allows the trials to be terminated
after the second year if the results up to that time are
strongly indicative; yet its chance of attaining signifi-
cance at the end of the three years is amost as high as
that of an ordinary no-peek 5% rule. [This and other
rules are described by Piantadosi (1997), chapter 10.]

A similar strategy might be considered for some
weather modification experiments, though the impor-
tance of early decision may not be as great there asin
medicine. Unfortunately, considerations of early ter-
mination of weather experiments have been driven by
apparent lack of success rather than overwhelming early
success. Early termination of an experiment is at times
indicated when intermediate results, such as those in
Puglia after some 85% of the planned units had been
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observed, show that it is highly unlikely that signifi-
cance could be achieved by carrying out the experiment
to itsintended end (List et al. 1999). Similar problems
in medical research have been discussed under the head-
ing of stochastic curtailment (see, e.g., Davisand Hardy
1990).

A difficult call is how to evaluate the results of ex-
periments that have been terminated prematurely for
reasons that did not depend on its observations, such as
exhaustion of funds. It is appealing to evaluate them as
though they had been planned for the length they ac-
tually ran, but that presumes onereally issuretheresults
had no effect on the termination. Can one really ever
be surethat if the early results had been more promising
the policy makers would not have been prevailed on to
support additional years of experimentation? This area
is obviously a gray one.

e. Exploratory analyses

Experiments yield large collections of data that may
contain clues about detailed treatment effects. Sifting
through such data can yield ideas and suggestions, but
also entails the danger of invalid inference when a ser-
endipitous observation is treated as though it confirmed
an anticipated phenomenon. Noticing one drug out of
a hundred having an apparent effect does not mean the
same as finding the same effect on the one particular
drug on which it was expected. L ocating increased pre-
cipitation at any one out of a hundred locations in the
target does not have the same evidential value asfinding
it at the one location that had a priori been predicted to
be the most likely place to be affected by seeding.

Dredging data from adaptive or designed experiments
for clues and new ideas is referred to as exploratory
data analysis, as distinct from the confirmatory analysis
that tests an a priori hypothesis by methods laid down
in the initial design. The latter is subject to rigorous
formulation by mathematical statistics that permit valid
probabilistic statements on significance tests and con-
fidence intervals. The former is an a posteriori exami-
nation of the data that may provide ideas about the
phenomena under study. Applying significance and con-
fidence statements to exploratory analysesis a common
and insidious pitfall and easily leads to the propagation
of type-l errors, that is, to false declarations of signif-
icance when there really is no effect.

The data accumulated in clinical trials include de-
mographic information about the patients as well as nu-
merous secondary outcome variables and seemingly in-
numerable laboratory data, all of which may have rel-
evance to the trials' objectives. They may provide in-
valuable help in suggesting unanticipated associations
of treatments with a variety of responses (Viagra was
studied for its effect on the heart when its effect on
another organ was noticed) and possibly also interac-
tions with various groupings. Such suggestions, how-
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ever, need to be tested independently by experiments
designed for that response.

Weather experiments similarly accumulate details of
synoptic conditions, measurements aloft and on the
ground, radar scans, seeding logs, and so on, all of which
are possibly relevant to the effectiveness of cloud seed-
ing. These data can suggest new ideas, asin the example
of cloud-top temperature windows in which glaciogenic
seeding appeared to be effective (Gabriel and Baras
1970); they can also modify old ideas, as in explaining
apparent negative effects of seeding by the presence of
desert dust (Rosenfeld and Nirel 1996). They may sug-
gest that an apparently unsuccessful experiment con-
tained asubset of occasionswith highly successful seed-
ing, and they may equally suggest that some claimed
effects of seeding might be purely chance results of
shifting weather systems (Rangno and Hobbs 1993,
1995; see, however, Gabriel 1995; Mielke 1995). All
these, however, have to be viewed as merely suggestive,
and attachment of calculations of ‘““ significance levels”
does not raise them to the level of confirmatory evi-
dence. That level can be obtained only by designing and
carrying out a new study.

Thereisagray areaof cross-confirmation by statistics
and subject area, when data of doubtful statistical sig-
nificance are combined with an uncertain rationale from
the subject science. Critique of the statistics is muted
by the supposed strength of the science, and the doubts
of the subject-area scientists countered by the supposed
strength of the statistics. There are no hard and fast rules
to resolve such situations, and impassioned argumen-
tation is no help. Nor can there be a recipe on how to
deal with a statistical finding that is not supported by
any reasonable medicine or physics, as the case may be.
When such situations are met, doubts must prevail until
they are resolved by further experimentation.

Another gray area is the confirmation of the explor-
atory findings in one experiment by those of another
experiment. Another experiment may, indeed, provide
some confirmation if the conditions and definitions are
the same, but how does one know whether they are?
Confirmation by especially designed experiments is
much more convincing.

Given the concernsthat have been voiced about merg-
ing strata in one experiment when it is doubtful that the
effects are the same in all strata, it is difficult to be
comfortable with meta analyses that implicitly assume
effects to be equal over space, seasons, techniques,
agents, and so on. Ambitious but naive techniques of
pooling results should not replace intelligent compari-
sons of separate results. [For critical discussions in the
medical context see Oakes (1993) and Senn (1997, chap-
ter 16).]

The wide-ranging possibilities of exploratory data
analysis can be afruitful source of ideas and hypotheses,
but precisely because they are so wide ranging, they
cannot either confirm any hypothesis or reject it. The
fundamental idea of scientific inference is that prefor-
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mulated hypotheses must be tested on independent data,
and that idea does not allow a posteriori customtailoring
of hypotheses to fit a given dataset.

7. Analysis of operational data:
Historical comparisons

Much information is gleaned from the analysis of data
collected in the course of medical practice and in the
course of commercial seeding operations. The ever-pre-
sent question is how much credence can be given to
inferences from such *‘historical” data. No one would
deny the validity of inferring the reduction of mortality
as aresult of the spread of better health practice, even
though the data are nonexperimental, but there is great
doubt about the causal interpretation of a recently ob-
served correlation between the use of Aspartame and
the frequency of brain tumors. Then there is global
warming: Is it a continuing trend, and is it caused by
human activities? It is difficult to be sure of the causal
interpretation of historical connections, but it is impos-
sible to ignore such evidence, especially when rigorous
experiments are unavailable or impossible. The most
extensive data on cloud seeding operations are probably
those of 250-odd project seasons of a large number of
nonrandomized projects carried out by Atmospherics,
Inc.

Every project has been analyzed by using some type of
statistical methodology. Many of these evaluations have
been conducted by federal agencies, universities, state
and county groups, program sponsors, and a few private
statisticians. Most of these analyses ‘‘suggest’” positive
results. . . . Does any of it contain anything of real value?
... | lean toward *‘yes.” How confident am | in this
belief? Probably about as confident as anything | happen
to believe, given the realization that very few decisions
I make on any subject are based on a randomized ex-
periment. (T. Henderson 1996, private communication)

An example of the problems that recur with nonex-
perimental data is that of the treatment of prostate can-
cers—a frequent question is whether radiation is better
than surgery, or vice versa. Each of them is highly rec-
ommended by its practitioners (Brendler and Walsh
1992; Epstein and Hanks 1992). The statistics of ex-
tensive follow-ups of patients who received one or the
other treatment show the general survival rate to be
somewhat greater after surgery. But the decisions as to
which patients get surgery and which receive radiation
are made by physicians, whose usual practiceis to rec-
ommend the more radical treatment, that is, surgery, for
younger and stronger patients, and to recommend ra-
diation for older and weaker patients. No wonder that
the statistics show better results for surgery patients!

Bias might be reduced by basing the statistical ad-
justments on independent assessments of stage and se-
verity, that is, by assessments not carried out by the
patients physicians. It may, however, not be possible



1834

to do this routinely in a nontotalitarian society. It there-
fore remains extremely difficult to make a definitive
comparison of surgery and radiation, even though huge
amounts of prostate cancer data have been accumulated
by practitioners of each therapy. In the absence of ran-
domized assignment of treatment, it may never be pos-
sible to be certain which is better.

The parallels with weather modification research are
obvious. The assessment of the effect of cloud seeding
during nonrandomized operations is based on compar-
isons with historical data and/or data from other areas.
How can one ever know whether the difference between
the operational precipitation and that in other placesand
other times is due to seeding? An obvious source of
bias is that seeding operations usually occur after a
drought and address the most affected area. It is only
to be expected that the seeding period has relatively
high precipitation in comparison with the preceding pe-
riod. Cases of similar *‘ regression to the mean’ are also
well known in medical studies (Senn 1997, section 3.5).

Datafrom cloud seeding operations must be used very
circumspectly, and can never have the same evidential
weight as do data from randomized experiments. This
fact has been well known and documented since the
early days of weather modification in the 1960s (Ney-
man 1977), and it is well understood that operators can-
not produce conclusive evidence of the effect of their
operations. The dilemmafor operatorsisthat their fund-
ing often depends on seeding on every available oc-
casion, so they can never leave an occasion unseeded,;
as a result, they cannot produce reliable evidence on
whether their seeding is effective. A possible *‘com-
promise” is to design experiments that can be piggy-
backed on operations by randomization of differential
dosages and/or agents (Gabriel and Changnon 1982).

8. Practical relevance of experimental findings

a. Technological innovation and the time lag to
experimental confirmation

Returning to the example of cancer therapies, it had
been of interest to consider another treatment option,
that of brachytherapy, in which minute pellets of irra-
diated gold, palladium, or other metals are implanted
into the organ about the location of the cancer. Radiation
then emanates from inside the organ and isfocused more
directly on the cancer, with fewer harmful side effects
on surrounding organs. It continues for afew months—
the half-life is some 60 days—by the end of which it
is hoped that the cancer is destroyed.

In the early 1990s, however, the statistics available
on brachytheraphy showed a very low 10-yr remission
rate. Such statistics could be calculated only some 10
years or more after treatment and therefore at that time
were available only for patients who had been treated
in the 1970s and early 1980s, when implantation re-
quired a major operation and placement of pellets was
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very inaccurate. By the early 1990s, however, irradiated
pellets could be placed without surgery, using real-time
imaging of the organ, and their implantation at the can-
cerous site was much more precise (Nori 1993). Were
the statistics available at that time relevant to this newer
method of implantation? Probably not, and they were
therefore not relevant to the choice of this treatment at
that time.

Similar concerns arise in the study of cloud seeding
technologies. Are the results of studies of glaciogenic
seeding by Agl relevant to the present possibilities of
hygroscopic seeding? The intended physical effect is
very different, so why should the observed effects on
the ground be the same? Are statistics about applica-
tions of technology always irrelevant, because they re-
late to past performance rather than to present capa-
bilities?

b. cientific confirmation and practical decisions

Serious doubts persist regarding the effectiveness of
cloud seeding for augmenting precipitation, especially
with glaciogenic material, and yet some seeding oper-
ations may be economically justified. Why not risk a
relatively small outlay on seeding clouds if it is con-
sidered at al plausible that it will result in increased
precipitation or reduced hail, both of which are of con-
siderable economic value. After al, other business de-
cisions are also made without *‘proof” that they will
turn out to be profitable; economic choices generally
are decisions under uncertainty.

The accepted relation between proof and application
is very different in medicine. Administration of a treat-
ment is contingent upon rigorous demonstration of its
effectiveness. Drugs cannot be marketed unless they
have been found to be significantly effectivein clinical
trials. Patients are permitted to choose a treatment not
if they are convinced of its efficacy but only if that
efficacy has been confirmed by rigorous experimenta-
tion.

The standards for scientific demonstration are very
distinct from those for taking action. In meteorology it
is accepted that the latter are determined by market forc-
es. Seeding operations can be conducted absent scien-
tific proof. In medicine, by contrast, it is accepted that
drugs and treatments be made available only if there
has been scientific confirmation of their effectiveness.
The difference between the public attitudes toward sci-
ence and policy in these two areas shows that this is
not a matter of scientific method or principle but a re-
flection of what aspect of life one wants protected by
governmental and judicial regulation. Evidently, people
feel less need to be protected from possibly futile in-
terference with the weather than from possibly unavail-
ing medical treatment.
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