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I have organized my remarks about randomizing under four headings: 
computation, communication, causal inference, and complexity. It is 
hard to think of a more controversial subject than that of randomiza­
tion. My remarks are simpler and more extreme than they ought to be. 
I have put them in a rather bald and definite way in order to draw the 
lines more sharply and to make my message as clear as possible. I do 
not doubt that under extended debate it would be necessary to qualify 
some of the things I have to say, but I would insist on the point that 
I would be offering qualifications, not retractions. 

1. Computation 

It is often said by pure Bayesians that once the likelihood function 
is available knowledge of any randomization scheme used is superfluous 
information. It seems to me that this argument misses an important 
point which I want to illustrate by a simple artificial example. 

Suppose I am presented with an urn in which J am told that there are 
fifty balls and the mixture of white and black balls satisfies one of 
two hypotheses. The first hypothesis is that there are fifteen black 
balls and thirty-five white balls. The second hypothesis is a symmet­
ric image of this one, namely, fifteen white balls and thirty-five 
black ones. I am now told that I can draw with replacement a dozen 
balls, and on the basis of the outcome of the twelve draws state which 
hypothesis I would bet a hundred dollars on at even odds. (I have to 
be willing to make the bet in order to participate in the experiment.) 

I do not know about some Bayesians (I count myself a semi-Bayesian) 
but J certainly know what I would do in this situation. I would insist 
on a thorough mixing of the physical position of the balls in the urn. 
I would want to supervise this physical mixing myself and J would want 
it done in such a way that J beljeved I had approximated a uniform 
distribution (what I mean by uniform distribution here is clear enough 
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from the compact character of the container) for the location of any 
ball in the urn. I find it hard to imagine a sophisticated bettor who 
would not insist on such physical randomization before entering into 
the experiment. llTithout such randomization I would not be able to 
write down the standard likelihood function under each hypothesis for 
the twelve draws. rfuy? Because the li~elihood function I believe 
would depend on the physical distribution of the balls in the urn. If 
I did not physically randomize the positions of the balls, I would use 
a prior with high variance over the possible physical distributions. 
I might feel that I could compute a likelihood function based on this 
prior but I would be uncomfortable doing so. Given that I could reduce 
the variance on my prior enormously by insisting on physical randomiza­
tion, I would strongly insist on doing so. v~at I have proposed to do 
here is go from a prior to a posterior in terms of the physical distri­
bution of the balls in the urn. rbis is a different posterior than my 
posterior based upon the likelihood function used to compute the 
posterior distribution after drawing the twelve balls. Fate also that 
the posterior distribution concerning the physical distribution of the 
balls in the urn is one I achieved without going through the step of 
moving from a prior to a posterior via 8 likelihood function. Nore­
over, since I am sampling with replacement, this act of randomization 
takes place after each draw and is what justifies the independence 
assumption in the sampling that makes the likelihood function for each 
hypothesis so direct and easy to compute. 

Because the main attack against randomization in experimentation 
has come from Bayesians and because I myself accept very much of the 
Bayesian vie~lpoint, it seemf' particularly desirablE to justify 
randomization from a Payesian viewpoint. I take jt that it will be 
more or less accepted that statisticians of the Neyman-Pearson or 
Fisher type require little if any justification. For Bayesians, the 
physical randomization described bas two principal virtues. First, it 
provides an alternative to salI'pling, which is not available, for pass­
ing from a prior with a very high variance on possible distributions 
of physical location to what is essentially a single distribution. The 
importance of physical randomization for Fayesians to change distribu­
tions or, if you ~~ll. to reach a posterior distribution by other meanS 
thap sampljnr has not been adequately recognized. I have pointed out 
elsewhere on several occasions that it is a paradox of Payesian thought 
that random sampling ~nth the computation of a posterior distribution 
via a standard likelihood function is the Single most natural way of 
gaining information for Bayesians. It is difficult for Bayesians to 
incorporate changes in their o~~ opinion or information in the form of 
opinion of others into their prior distributions. (For an extended 
example see Suppes, Macken, and Zanotti, 197P.) PhYSical randomization 
is a fundamental and important method for Bayesians for fixing the 
distribution used in computing the likelihood function. 

The second principal virtue for Payesians about the process of 
physical randomization is that it is a method of introducing a distri­
bution that makes possible si~ple computations. It is also possjble 
to make a stronger claim. If physical randomjzation is not used it js 
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not clear how to incorporate into the likelihood function qualitative 
information that might be part of a Bayesian's beliefs about how the 
balls were put in the urn originally. It is a common vi~w of Bayesians 
that priors that incorporate som~ qualitative aspects of beliefs only 
rather crudely are not a problem, because extensive sampling will make 
such discrepancies unimportant, but When such beliefs center around the 
likelihood function the problem is potentially serious and cannot be 
ignored. Bayesians find it easy to disagree about prior distributions 
but troublesome to disagree strongly about likelihood functions because 
When likelihood functions are differ~nt it is not possible, in general, 
to get convergence of opinion with samplingo Bayesians can live with 
such a state of affairs but it is important to emphasize how fundamen­
tal in practice an agreed-upon likelihood fUnction is This agreed-
upon likelihood function is often due, as in the case g to a 
process of physical randomization. Such randomization can be 
an important component of many kinds of experiments. 

The principles involved in this simple and artificial example apply, 
with the expected complications~ to a wide variety of real examples 
where randomization is current standard practice. On the other hand, 
when a well-defined theoretical model is postulated, randomization is 
often not required. Thus I want to make clear that I do not think that 
randomization is an intensive feature of every possible kind of experi­
mentation. Let us first consider an example in which it is not. 

An in which randomization is not required is provided by an 
ergodic chain whose transition probabilities depend upon a 
single real parameter, say e. By saying that it is Markov 
chain we mean the following things, intuitively ) the 
trials are discrete rather than continuous in nature; the proba-
bility of in a given state on trial n depends on the state 
on trial (3) the number of states is finite; (4) transition 
probabilities are independent of time or trial number and (5) the 
probability of being in state k on trial n is the limit as the 
number of trials increases independent of the initial state 9 ieee the 
state on trial 

It is often not difficult to obtflin the maximum-] ikel:ihood estimate 
of e. Such an estimate then provides us all that we need to know in 
order to test the validity of the postulated ~arkov chain as the theory 
of the phenomenon being observed. The essential point is that randomi­
zation need not enter in any essential way in conducting the experiment 
that tests the theory. We can observe, as is oftE"D the case in many 
different kinds of e7periroents, a single sample path. Given the 
ergodic character of the chain, this single sample path is theoreti­
cally adequate as an empirical test of thE' theory. T}-Ie thpory itself 
then gives us the assumptions about the likelihood function needed to 

actual computations and find the estimate of In particular, 
., an be the initial segment of n trials of a 

of the process Then the 
the 1earnipg parameter e is the number 
for all e 
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is the probability of the sequence of 
when the learning parameter is e. 

By virtue of the fundamental ~arkov property of the process, we have 

Now as an approximation we ignore the probability of the state on the 
first trial and look only at the transitions. This is a reasonable 
approximation when the number of trials is large. So, summing over 
trials we want to maximize 

(3 ) 
n 
II f(am' am_ 1 ;8) • 

m=2 

Let r-T be the number of states in the process; Pi' (e) the proba­
bility of going from state i to state j with patameter value 9; 
n

i
. the observed number of transitions from state i to state j 

ag~regated over trials--and so the ni1 are our experimental data. 
Substi.tuting this notation in (3) we tnen replace (1) by (4). 

(4 ) 

;8) • 

A variety of psychophysical experiments exemplify the kind of applica­
tion just discussed. It is characteristic of such experiments that 
usually more than one subject is used but often no more than five or 
six, and each of these subjects stays in the experiment for a very 
large number of trials, for example, 10,000 would not be unusual. Fach 
subject is often treated as an independent realization of the theory 
and a separate parameter is estimated. In no essential way does 
randomization enter in the selection of subjects. (In other ways, 
randomization can enter, for example, if the presentation of stimuli 
is probabilistic in character, but I am not conSidering that aspect 
in the present discussion.) From the standpoint of concern at the 
moment the point is that randomization is not needed in order to 
provide a well-defined basis for computation, because that is provided 
already by the underlying theory being tested. For those who are 
unhappy with calling such a single Markov process a theory I should 
mention that in the happiest of situations the transition probabilities 
of the process would be derived from general qualitative postulates of 
the theory and not simply be baldly assumed. This is especially true 
when the form of the transition probabilities as a mathematical func­
tion of the parameter 8 is rather complex- We ordinarily are not 
satisfied if there is not some kind of intuitive derivation of such 
complex expressions from relatively simple and plaUSible assumptions 
about behavior of phenomena in the domain under investigation. Notice, 
of course, that if we want to make a strict inference about a given 
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population then we would take the further step of random sampling. For 
example. if we were studying some psycho-acoustical phenomena and 
wanted to conclude with an inference about the population of adults 
with normal hearing we might very well want to concern ourselves with 
taking an appropriate random sample of such adults. In ordinary 
scientific practice in psycho-acoustical work such inferences are not 
made. Rather. detailed studies are made of individual subjects and the 
methodology is similar to that to be found in physics where one does 
not sample. for example. in any agreed-upon fashion from a population 
of particles. moving bodies, etc., according to an explicit sampling 
scheme. 

The second example is conceptually the opposite of the one just 
given. Instead of having one sample path extending over a large number 
of trials, a large number of individuals are sampled and parameters of 
the distribution are estimated. Rere the classica] methodology both of 
Bayesians and non-Fayesians is to use random sampling, and the reason 
is straightforward; the likelihood distribution is based upon the 
assumption of random sampljng. I emphasize the following point in as 
expljcit terms as possible. The assumption of random sampling replaces 
and plays the ro] f" in the likelihooc1 function that the theoretical 
assumption of a Yaryov chain played jn the previous example. Let me 
give a simple example. Suppose my prior distrjbution is a Feta 
distribution on the presence or absence of a given property in a gjven 
environment. I want to draw a sample and obtain as a good Payesian my 
posterior distribution. The absolutely standard way to do this for 
Bayesians is to draw with replacement a random sequence of n objects 
and obtain thereby a posterior di8tribution that is also a Eeta 
distribution. The details are as follows and are very similar to 
those given above but. as I continue to emphasize. the liyelihood 
functjon depends upon the random samplingo 

Let FCa.b) be the prior Beta distributiono 
sample of size n with constant probabilHy e 
presence of the property. Let r be the number 
the posterior distribution of 8 is F(a + r. b 
a brief indication of the proof. The prior 

He) 
(a+b+l)! a b 
------------ e (l - e) • 

alb! 

:Beta 

We now draw a random 
of success, i.e o. 
of successes. Then 
+ n - r) 0 Here is 
distribution is: 

where a.b are nonnegative integers. The like]ihood. when a
1
,.0 •• a

n 
is the sample drawn js: 

and so the posterior is: 

f( I ) ea+r(l _ Q)b+n-r • e a 1,··.,an '--=- U 

where the coefficient has been omitted. 
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To replace this simple and straightforward scheme with nonrandom 
systematic sampling is not impossible by any means, but it is not 
obvious what is the most natural way to proceed, including construc­
tion of the like] ihood function. The ~.reakness of the al ternatives is 
one of the best current arpu~ents for randomization, especially weak­
ness at the level of tecpnical implementation. 

2. Communication 

It can be conceded to "pure" Fayesians that in many situations the 
optimal experimental design relative to tPe prior held by the Payesian 
is a deterministic rather than random design. The recent literature 
of mathematical statistics is full of examples--current working 
practice is another matter. In ar.y case it is not irrational of 
statisticians to recommend to their scientific clients, or irrational 
on the part of the scientists to continue to use, random desigrs. One 
argument is that in designing an experiment one wants to present a 
design and results that are meant to be persuasive, above all, to 
others. It is a favorite maxim of many philosophers of science that 
one of the most important things about science is the con tinned 
critical review of results, both theoretical and experimental, by the 
community of interested and competent workers in a given domain. It 
is for this community that the scientist will use random designs rather 
than deterministic ones. In the case of more applied work the com­
munity is broader but the reasons for randomizing are the same. 

There is, it seems to me, lurking in the background of such 
discussions a skeptical view that is not often enough put on the 
table. If an experimenter uses a deterministic design that is optimal 
from the standpoint of his Bayesian distribution, it is not unlikely 
that some competitive or critical fellow worker will claim that the 
design was biased toward the desired experimental results. It is a 
favorite point in some experimental sciences to emphasize that well­
designed experiments reporting null results are seldom published. 
There is, it is claimed, a natural inclination to bias the design 
toward obtaining favorable results. It can even be said, as it often 
is, that the bias can be unconscious on the part of the experimenter. 
Now the skeptic may reply that an experimenter who will do this will 
also fudge on the application of a proper random design. Yet it seems 
to me that it is exactly the difference between these two cases that 
is important. An experimenter who announces that he has used in his 
desig~ a particular random scheme must ta~e a very deliberate and con­
scious step amounting to a form of scientific perjury to deliberately 
violate the scheme he has chosen in order to bias the design toward the 
experimental outcome he favors. Scientists who may have let their 
unconscious biases go to work on a deterministic scheme will be stern 
~vith themsel ves and their coworkers in deliberately viol ating a random 
design that itself has been deliberately chosen. To put the matter in 
theological terms, permitting an unconscious bias to creep into a 
deterministic sampling scheme is a venial sin, but to deliberately 
violate a chosen random scheme is a mortal one. 
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There is, fro1I' questions of unconscious bias, still anotber 
argument from standpoint of social communication for using rand01I' 
designs. namely, their universality and therefore e8se of communica­
tion> Deterministic optimization of design with respect to a given 
prior distribution requires the elucidation of details that may, in 
fact, he tedious and uninteresting to absorb. Selection of a standard 
random design communicates at once to others the experimental design 
used and it is then possible to move Quickly to the main substantive 
results in the study. It is also important in tbis connection to 
stress that if we use the criterion of minimizing least squares. for 
example. the difference between an optimal deterministic design and a 
straightforward random design will in general be small and. compared 
to other parameters of importance in experimentation, scarcely some­
thing to worry about ~is ease of communication and the relative 
robustness of many standard random designs are important social 
arguments for randomization. 

:. Causal Inferences 

A classic claim about randomizatior. in experimentation has been 
that it guarantees the statistical validity of causal inferences. 
Since Fisher's heyday in the 1920s this has been the of 
the use of randomization in experimental design. It may 
to claim that randomization guarantees validity of a causal inference, 
but the safeguards randomization introduces are powerful ones and not 
easily replaced by Bayesian deterministic alternatives. My purpose 
to amplify and defend this standard claim within an explicit causal 
framework and against some standard Fayesian criticismso I use the 
concepts of prima facie genuine and spurious causes introduced in 
Suppes (1970) and for simplicity restrict discussion to events rather 
than random variables. which are necessary for a probabilistic treat­
ment of quantitative causal effects. I use capital letters for events 
and lower case t' as subscripts to denote the time of occurrence of 
events. (The problem of events that occur over an extended period of 
time is ignored.) In these terws. the event B , is a priwa facie 
~ of event A if and only if t 

t 

(1) e < t , 

(H) P(]3t') > 0 

(iii) P 

occurrence of an event like that raises the probability of 
is sometimes said simply a predictive or diagnostic 
absence of a more substantial causal structure It seems 

to we the term prima facie is better than either predictive or 

An event 
if B is a 

t 

spurious and genuine causes become the important special 
facie oneso 

is a spurious cause in sense one of 
facie cause of and there is a 

and only 
t' and an 



event Ct " such that 

(i) P(Et,Ct ,,) > 0 , 

(ii) P(~tIFt,Ct") = P{At'Ct ,,} , 

A stronger definition is to require a partition of the sample space 
such that for all elements C

t
" of the partition 

(1) P{Pt,Ct ,,) > 0 , 

(ii) P(At'Bt,Ct ,,) = P(At!Ct ,,) • 
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For our purposes here the notion of spurious cause in sense one will 
be the easiest and most direct to apply. In using sense one I have 
relaxed the definition from the earlier formulation so as not to 
require an increase in the probability of A, that is, I have eliminated 
the condition that peA IB C ,,) > P(A IB ,). The reason for this is 
that we are often inter~st~dtin c;ses in tbich the probability is 
actually decreased. 

It is a familiar fact of statistical analysis that if I can loo~ at 
the data after an experiment then I can always find an event , that 
negates the effect of a prima facie cause unless that prima cause 
is a sufficient cause, namely, produces A with probability one. In 
classical statistical methodology such loaking at the data after the 
fact is considered inappropriate and even for Bayesians it is a proce­
dure that must be bandIed with care. This is an important pOlnt and I 
want to be clear about my view of it. It is certainly not inappropri­
ate to look at the data after an experiment or an observational study, 
and to use the data to conjecture new hypotheses. This is an important 
part of scientific methodology in moving from one hypothesis to another 
or from one theory to another, but the explicit and artificial con­
struction of an event r by simply enumerating favorable or unfavorable 
cases is not appropriate and certainly is not sanctioned by Eayesians. 

It is also obvious tbat randomization is no guard against the 
construction of such an event C, if the probabilities in Question are 
not one. 'He may construct a sample by looking at the data, whicb gives 
us a conditional probability that nullifies the prima facie cause and 
makes it spurious. Randomization, on the otber hand, does provide a 
strong safeguard in terms of selection of events prior to observing 
outcomes. It provides a means of averaFing and thus guarant~eing that 
the conditional probability which we are examining is indeed the 
appropriate conditional mean. I want to expand on what I mean by the 
phrase "appropriate conditional mean". The first point is tbat we 
might be able to name an event prior to the experimentation such that 
if we conditionalize on it together with the prima facie cause then we 
would expect an effect, perhaps an effect of this additional condi­
tionalization stron~ enough to nullify the prima facie cause. For 
example, in a medical experiment we might reasonably conjPcture that 
individuals who had no cases of the disease under investigation in tbe 
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three previous generations would show a null effect for the prima facie 
cause of prevention because the disease itself had such a low incidence 
in this sub-population. This is not surprising but is of course a 
result that deviates from our mean result. 

The second point is that deviations from the conditional mean can 
be expected in small samples, but not when the random samples are 
sufficiently large. Much of the i~structjve and entertaining dialogue 
in Fasu (1980) depends on the random samples beinr relatively small. 
Basu's "scientist" confesses he did not randomize the allocation but 
rather tried hard to strike "a perfect balance betwf'en the treatment 
and the control rroups." He would, I am sure, have found his intuitive 
balancing much more difficult if 200 or 500 pairs rather than 15 had 
been the sample size to deal with. 

This second point is also important for an issue in the theory of 
causality: can causes be characterized hy purely probabilistic 
concepts? The definitions given above would suggest a simple affirma­
tive answer. but this would be mistaken--as mistayen as saying that a 
stochastic process has a purely probabilistic characterization. The 
derivation of the laws or equations of most if not all scientifically 
interesting stochastic processes will depend on a variety of substap­
tive empirical assumptions that way be couched in probabilistic 
language but are evidently not definable in purely probabilistic terms. 
A Markov assuwption for a physicaJ process embodies, for example, rich 
hypotheses about the constitutive structure of matter. In other words, 
the concepts used to define events or random variables are not reduci­
ble, but must be brought in from the outside, so to spea¥~ Given, 
however, the concepts we are prepared to consider. rando~ sampling 
with sufficiently large sample sizes can guarantee witDin the given 
framework of concepts to test correctly for any hypothesized genuine 
causes as well ~s prima facie ones. 

It is sometimes maintained by certain methodologists holding an 
extreme position about the necessity of experimentation, that without 
randomization no causal effects can be discovered. Certainly I want to 
resist this claim, as the Markov chain example of the previous section 
makes evident. More generally, it seems pateptly false because we hold 
all kinds of causal beliefs about the world around us that have not 
been established by random experiments. Furthermore, in disciplines as 
distinct as astronomy. economics. and meteorology, valid causal claims 
are supported by evidence but without random sampling. 

It might be thought that What we realJy want is for randomization 
to lead us always to identify genuine causes rather than simply prima 
facie causes. But this is also too stronr a claim. There is nothing 
special about genuine causes from the standpoint of randowization. 
Pandomization is as effective in identifying prima facie causes once 
they are hypothesized as in discovering genuine causes once they too 
are hypothesized. From the standpoint of experimentation and the role 
of randomization, the formation of hypotheses ahout prima facie or 
genuine causes must be a first step. itself independent of random-
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ization. Then the machinery of randomi?ation and well-desiEned 
experiments can be helpful in confirming or disconfirming hypotheses. 

It is also worth noting that randomization seemS particularly 
important in highly empirical studies of causes. This is true, for 
example, of much experimentation in the medical and social sciences. 
In the case of physics it is often the case that the theoretical 
structure is so thoroughly developed and at the level of the experi­
ments considered the causal mechanisms seem to be sufficiently detailed 
and well understood that randomization as an essential componept of 
experimental design is much less necessary. An essential role of 
randomization is to provide a metpod for dealinp- with unnoticed 
extraneous causal variables. Tn the case of physics we often feel 
much more confident that we can control extraneous causal variables 
than we do in the case of medical or psychological experiments. 

A skeptic, however, could certainly question the distinction I am 
making here. The complex maze of experimental equipment used in most 
modern physical experiments is enough to generate doubt about proper 
control of extraneous causal variables. As the saying goes in some 
physical laboratories, "if it works don't ask any questions but put a 
blue ribbon around it" in reference to a complex and fragile piece of 
equipment. A skeptic might also say that we do not sample particles 
or other bits of matter in conducting physical experiments because we 
really make use of the principle of indifference. Ve have no basis for 
thinking one particle is different from another. This is due to the 
fact that we do not have the detailed knowledge of particles or most 
other bits of matter that we do of human beings or other organisms 
where it is easy for us to distinguish between them on the basis of 
salient and readily perceived properties. This argument from ignorance 
as a basis for not being more careful in sampling in physical experi­
ments has not often been made, and T do not intend to pursue it here. 
I am sure that some interestinp- historical cases of physical experi­
ments could be collected in support of it. 

4. Complexity 

The definition of randomness in terms of high complexity, which 
originates in the work of Kolmogorov, Martin-Lof, Cheitin and others, 
suggests that we could replace random design schemes by complex ones. 
Suppose, for example, that in a medical experiment we have 200 pairs of 
blocked subjects. Our original design objective is randomly to assign 
one member to the exp20~mental group. If l<7e use a simple randomization 
procedure there are 2 possible assignments. One of these possible 
assignments would place the first member of each pair hI the experi­
mental group for the first 50 pairs, not so for the next SO, so for 
the next 50, and not so for the final 50. Many experimental scientists 
would be unhappy with these simply described systematic results of a 
random procedure. My proposal is to change the method of constructing 
a sample. First we eliminate from consideration those results that, 
like the example just given, have low complexity. A 1a Kolmogorov and 
others, we meaSure complexity of a sequence by the lengtp of a program 
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in some standard computer language for describing the sequence. I 
shall not enter into the technical details here, but note that for 
practical applications of the kind being discussed, complexity measures 
for large n are not enough. We would need to fix the language in 
advance on intuitive grounds of reasonableness--e.g., it did not encode 
in some bizarre and economical way sequences that in most programming 
Janguages would have long 1n5criptionse Given the chosen language we 
could then throw out the too' say, sequences with iBn lowest com­
plexity measure. Since 2 200- 1 is approximately 2 • we would 
still have approximately 2 sequences. In any case we would then 
choose randomly from the remaining set of sequences, which we could do 
by constructinp the sample sequence from a table of random numbers, but 
then throwing out any constructed sequence Whose complexity was below 
the agreed-upon complexity threshold. Robustness is evident here. The 
exact complexity num~~O chosen as the threshold is not important. 
Elimination of the 2 simplest sequences violates the initial dis­
tribution assumptions, but the viol~tion leaves us with a reasonable 
approximation. and it is not worth the effort to compute with the new 
~ore complex distribution. 

The tension between randomness and complexity is easy to identify_ 
The sampling procedure is random. ~ny sequence is as likely as any 
other. simple or complex. But the result of using the procedure is a 
given sequence whose complexity can be measured. In the standard 
informal statistical usage, randomness is a property of certain 
procedures. complexity a measure of the result. 

It may be desirable to modify random sampling procedures in the 
manner indicated to guarantee complexity of the result, which 
theoretically is guaranteed in the limit. but not for fixed finite 
samples. The virtues of random sampling argued for earlier remain if 
we restrict ourselves to complex results. 
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