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ABSTRACT 

Some of the problems in dealing with regression analysis are described from 
the psychostatistics analytical viewpoint. A case study and a brief history 
antecede the covering of these fixations of regression: stepwise is unreliable; with 
enough independent variables, R2 becomes 1; if R2 is less than .5, then it is too 
smali to discuss; but you had a control group; but you did not have a control group; 
and regression analysis is not as sophisticated as ANOVA. The conclusion is 
~ade that sometimes the treatment of choice for these pl'oblems is to become a 
psychostatistical analysand of one trained.in multivariate analysis. 

INTRODUCTION 

Although modem clinical researchers in psychology frequently hate to admit 
it, some things Freud said often are true. "We may therefor'e distinguish a .... 
species of regression: ... a temporal one, in so far as it is a regression to older 
psychic formations" (1938, pp. 496-497). Even when old scholars learn new 
statistical tricks, they too often regress when stressed by having to use or review 
them. Like any defensive regression, the juvenile formations reused are in the 
form of material introjected without having been understood or logically 
processed. Before dealing with these frequent fixations, and before reciting a 
little history of regression analysis, let us recount one episode showing the 
neurotic compulsion of this regression. · 

A researcher came to one of us with some data he had developed from an 
experimental study in a clinic population. He had used a "waiting list/holding 
group as attention placebo" comparison group. Having a large number of subject 
variables (MMPI scores, plus) and a small N of observations (about 12 subjects 
per group) he felt the need for statistical consultation. The consultant suggested 
examining these data using multiple regression. The researcher, knowingly, 
pointed out that since these were "experimental" data (perhaps projecting his 
secret pride onto the computer), you had to use analysis of variance (ANOV A). 
The consultant: "Yes, but ANOVA is just a special case of multiple regression." 
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The researcher: "Yes, I know that, but these are 'experimental' data." The 
consultant not being without clinical skills himself referred the analysand to 
another consultant. 

BRIEF HISTORY 

In the 1920's and 30's R.A. Fisher, and his colleagues, students and followers, 
began the development of "designed experiments." The linear regression model 
for data analysis was known, but its use_ as a data analytic strategy was 
prevented by computational problems. The time necessary to compute a re
gression analysis with 10 variables and 400 observations on an electronic desk 
calculator is measured in working-days (Cohen & Cohen, 1975). 

If, rather than attempting these outrageous computations (which would have 
been even worse on the mechanical calculators of the time), it was discovered that 
if the data were collected in very specific ways so that the independent variables 
were degenerate(had the values of only O or 1; "dummy" variables), then general 
solutions to the characteristic equations of the regression model could be used to 
analyze data. These general solutions are the familiar formulae for sums-of
squares. Thus we see that ANOV A was a computational convenience of a 
juvenile science. 

In about 1965 the electrifying computational capability of large electronic 
computers became available to almost every serious researcher. One. cannot 
imagine any researcher in a U.S. university that does not have ready access to 
more computing capability than R.A. Fisher fantasized while watching the agri
studies grow. 

The number crunchers �rote easy-to-use programs for regression analysis, 
but got few users. The main advantages from computers to psychology researchers 
for many years were two: the dubious advantage of easily computing large 
numbers of univariate ANOV A's or t's on related dependent variables and the 
programs for ANOV A's for designed studies ending up with unequal cell n's: This 
last is of passing interest in that the line taken by many programs is to compute 
the regression analysis and pnnt the results in the desired ANOVA format. 

·Another effect of high ·speed electronic computers· was the use of a series
computation of near approximations to the actual significance level of an 
inferential summary statistic such as F, t, or Chi-square. This helped begin the 
development beyond Hypothesis Testing Theory, but that is another story (See 
Lawlis & Peek, 1979). 

ADVANTAGES OF REGRESSION 

The use of designed experiments in the laboratory is not too difficult. If a rat 
dies, you can get another of almost identical genetic and developmental 
background. In the golden days of yore, before human subjects committees freed 

· the lowly intro student, return appointments for matched designs were practical.
But designed experiments, other than completely randomized designs with one
classification of subjects, never did well in clinical studies.
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For one thing, patients do untoward things like dropping therapy or missing 
appointments. Nor can we believe that many, if any, ever got even 30 patients 
together to match them on pre-treatment status. · 

Lindquist's (1953) "Graeco-Latin Square" design with unequal cell n's was 
impossible. Likely analysists developed a likely set of unlikely fix-its: the bogus 
observation made equal to the cell means, the subject "randomly dropped prior to 
analysis," and the "run 5 more in treatment A." 

The doubtful procedures of the median split (One point on a scale. with a 
standard error of measurement of 5 points will give a constant additive effect?) 
and the Hi-Lo groups(Take out the varying middle, leave in the narrow extremes, 
and inflate your linear association?) were developed to let the researcher ask if a 
subject attribute effected treatment outcome. The attribute was conceptually 
continuous, measured at a goodly number of discrete points along the continuum, 
and then forced into a degenerate -dummy variable. Clinicians who denied the 
dichotomy of depressed versus normal in psychological assessment batted not an 
eye to throwing away measured information for science. Since 1965, or there
abouts, they have been unnecessarily throwing away precision in measurement 
to get precision in research. Why not use regression analysis to examine 
continuous and classification variables in the same analysis? Why not? Because 
of the regression over regression. 

FIXATIONS OF REGRESSION 

Fixation 1: Stepwise is Unreliable 

Everyone introjected during graduate.school years that stepwise regression 
produces results guaranteed to be spurious and unreliable. It maximizes pre
dictive variance. 

Why else would one do research? Do we not always want to maximize our 
prediction of the phenomena we attempt to describe? We have taken the position 
that statistics, even the revered inferential ones, do not prove anything (Lawlis & 
Peek, 1979); they can only guide us in forming opinions about the quality of our 
description of nature. Some inferential statistical procedures are intended to 
guide us in forming a descriptive model of nature'~ operation: exploratory 
procedures. Others are intended to guide us in evaluating the goodness of fit of our 
model to nature's operations: confirmatory procedures. 

The careful researcher (as opposed to the significance hunter) is often faced 
with the problem of many variables and few subjects (See Myth 2 below before 
saying ''ah-ha"). One alternative, a gift from the computer, is the 100 simul
taneous t-test procedure. 

The better al tern a ti ve is the careful use of stepwise regression. The first step is 
often to insist that only those potential independent vaiables (IV's) that have a 
sufficiently good significance level on their own (say p < .1) are to even be 
considered. Or, usually better, the researcher limits the potential IV's to those 
having a pla:usible theoretical or logical association to the phenomena; the grab
a-bunch-of-variables shotgun usually only hits significant trash . 
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The 100 t approach suffers from repeated error rate problems. Given 100 IV's 
with population correlations with the dependent variable (DV) equal zero, we 
expect 5 of them to have signi~cance levels less than or equal t~ .05 due to the 
operations of random sampling (unless the randomization has been spoilt by 
"drop a subject," "run another," or the "bogus observation"). But once one of 
them has reached such a value of significance· level, if another is correlate_d 

. highly at all with it, the probability of its spuriously having a significance level 
less than .05 approaches the sure event. 

"But wait! You just said to screen potential IV's b'y their separate significance 
levels." 

The stepwise regression either partials out the correlation betwe~n succeeding 
IV'sorpartitionsitbetween them withoutredundancy. Thusthesureeventofthe 
second wrong opinion for the importance of an uncorrelated IV is eliminated. 
Even better is the guidance of the significance level associated with the whole 
squared multiple correlation, R2. This lets us form opinion on the collection of 
IV's as a group in one analysis.2 

Of course the resulting R2 capitalized on chance associations in the data. How 
many designed experiments capitalize on chance subject assignment to get nice 
fat F's? But since the issues.of error rate and validity shrinkage always surface 
with anal-retentive hemorrhoidal research types, one can ·apply the shrinkage 
formula Ras indicated PRN. 

Fixation 2: With enough IV's, R2 Becomes 1 

The full version of this fixation is that if you use enough IV's, R2 will become 
1.00 and, of course, this will be significant. Regression over regression here is 
caused by an absence ofreality contact. True, when k, the number ofIV's, equals 
(N-1), R2 = 1.00. But before saying "ah-ha" consider the "rollowing: 

F= R2 / k (1) 

(1-R2) I (N-k-1) 

When R2 is 1.00, what is (1-R2)? What is zero times (N-k-1)? The result of division 
by zero is undefined; there i~ no F when R2 equals 1.00. · 

"Picky, picky," you say. Lets try the situation where R2 just approaches 1.0. 
Consider the following: 

N=30 
k =28 

R2 = .96, R ~ .98 

F= .96/ 28 
= 0.85 

.04/1 

26 

(2) 



REGRESSION OVER REGRESSION 

With df of 28 and 1 and F of 0.85, p > .5. 
No careful researcher would examine 28 IV' s with 30 subjects unless using the 

28 t approach. Consider a careful researcher who lucks into a '}l2 of .96 with 
sufficient observations (for an exploratory study says 3 observations for each IV): 

N=84 
k =28 

R2 = .96, R = .98 

F = .96/28 
= 46.75 

.04/55 
(3) 

With df of28 and55 andF of46.75, p< .001. Using a 10 observationperIVrate,F 
becomes 230.35. 

The reason to use multiple variables is to get higher R2's. The few useful 
relationships producing a large amount of .. predicted variability with few 
variables have rarely been found. These are called "classical studies." If we are to 
wait for classical studies, why are so many non-classical ones published? 
Phenomena of interest in clinical settings are complex. Why should not our 
theories be complex? 

Another point needs making here. One great advantage in using regression 
analysis in non-experimental empirical studies, rather than forcing the data into 
psuedo-designed experiment format, is the flexibility with unequal group n's. Say 
you have a sample °from a clinical population each member of which either has or 
does not have one of several symptomatic attributes (a similar argument can be 
made for none-some-marked as a classification variable). Unless you use some 
forcing technique (e.g., median split) you will either havJ! unequal n's .or a 
probably dishonest research assistant. If you equalize n's you end up with our old 
expediency, the "bogus subject" or other sampling horrors. If you just give the 
data to the computer, you end up with regression analysis looking like F-tests, but 
without /3's to guide interpretation. With regression analysis, you control the 
choice of group membership coding (dummy versus contrast versus polynomial) 
.and with the extra statistics most programs print(e.g., 13·for entry of non-entered 
variables) can watch the suppression caused by the bias of the unequal Ns.3 

Let us sum up the relationship.between the size of R2, the N of observations, 
the smallness of the significance level; and the num her of IV' s. Given a too small 
N, as IV' s increase the R2 increase is offset by the significance level becoming 
bigger. Given a suitable, N, R2 and significance level both look better as the 
number of IV's increases, and the heuristic value of the theoretical model also 
increases. 

Fixation 3: If R2 is Less Than .5, Then It is too Small to Discuss 

One of us hopes that this misstatement be true. If it were, then he would have 
some basis for not reading more than about 30% of the journals to which he 

27 



MULTIVARIATE EXPERIMENTAL CLINICAL RESEARCH 

subscribes. Just to get a benchmark, consider a 2 x 2 designed experiment with iO 
subjects per cell, Nbeing 40. Let us suppose the total variability is 1,000 and both 
main effecis and the interaction were associated with Fs having a significance 
level of exactly .05. R2 for these data would be only .25. In order to get, in this 
design, an R2 of .5, the three effects, if equal would have to have associated 
significance levels less than .005. 

Meehl's (1955) classic argument was that the utility of results must be 
evaluated on the marginal increase the data provide over what is already known. 
His argument was aimed at applying the data to problems and decisions 
affecting the lives of real people. We agree. Given an R2 of .35 in a model 
describing the differential benefit of Ellis' (1962) therapy over short term 
dynamic therapy, we would not wish to scrap those therapists leaning to the 
dynamic. On the other hand, we would be interested in further exploration of the 
patient attributes that improved the prediction of successful outcome above the 

· group membership variable alone, even if the increase in predicted variability
was only 10%. Increasing this to 20%, and cross-validating would give some real
utility in assigning patients to therapists.

Fixation 4: 8ut You Had a Control Group

Fixation 5: But You Didn't Have a Control Group

While neither of us have gotten regression to both of these positions from the 
same person at the same time, we hope to do so.We would get pleasure telling and 
retelling the story for 7 years. We suspect that the trauma that causes the fixation 
of methodological libido of these types occurs in the developing graduate 
students' second methodology course. Perhaps the Bates�n, Jackson, Haley, and 
Weakland (1956) theory of the etiology of schizophrenia is a suitable metaphor. 
The students register for a course in "Advanced Experimental Design" or 
"Research Design: 507," buy texts with these phrases prominent in the titles 
(Winer, 1971; Kirk, 1968), and then are placed in a bind by receiving a course in the 
statistical analysis of data from designed studies. 

· Logically, statistical analysis should" not begin until all of the data have been
collected. This provides a convenient logical distinction between "statistical 
analysis" and "experimental" or "study design." 

The optimal progression in study design is to develop a research question 
("hypothesis") for which you want to form an opinion. Consider your measure
ment �chnology, subject selection, experimental manipulations, methods for 
controlling or accounting for known sources of confounding variability, and axes 
you wish to grind on the side, and then come up with your study's procedure. 
Based upon this you then can describe what the data matrix will probably look 
like, and then plan your statistical analysis. 

In this day of computers you will only very rarely have to go back and change 
your design. One exception is that you may need to increase your N or n's. 
Regression analysis can model almost any design you are likely to fantasize.

Whether or not you need a control group depends on the question asked. If the 
question is of the form "Is this irreversible manipulation better than nothing," 
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you must have one, if your human subjects committee will let you have one. 
Nowadays we are more likely to ask "Is this irreversible manipulation better than 
routine care." The design problem with comparison groups6 ·is that group 
membership is confounded with received manipulations. All systematic 
differences between groups can appear to be attributable to the manipulation. 
Because of the flexibility regression procedures have in dealing with "covariates," 
it is the analysis of choice when true control (e.g., matching littermates from 
homogeneous recessive parents) is impossible, as it almost always is in clinical 
studies. · 

This problem is obviously avoidable when the manipulations are reversible or 
partially so. Then the powerful "crossover" designs can be used. Enduring 
subject attributes are not then confounded with the manipulation. Variable 
subject attributes that are systematic within the groups (e.g., the "placebo;' effect 
of beginning any type of treatment) can be arranged to be related to the order-of
treatmen t IV rather than to the type-of:.treatment IV (e.g., a Latin square design). 
It is only the idiosyncratic subject by order-of-�eatment interaction effects that 
confound the manipulations. Also you might find treatment potentiation, where 

. one followed by the other does better than you would expect from the effect of 
either alone or in some other order. 

In any case, neither the data nor the ANOV A computation formulae nor the 
regression calculations know if the data came from a control group or not. The 
meaning of a group membership variable depends solely on the procedural rules 
you use to map observations into variable values. Nothing more. 

Fixation 6: Regression Analysis is not as Sophisticated ( or Powerful) as ANOV A 

Groan. This brings us back to the emotional denial of the cognitive fact that 
ANOV A is a special case of regression analysis. Since the infantile symptoms of 
researchers, reviewers, and editors who regress to this fixation prevent their 
following the algebra of constructing a simplified X matrix in a regression model 
and ending up with the computational formulae for ANOV A, we retreat to the 
following expressions: 

Correlation-squared = Predictive variance 

Total variance 

F-ratio = Predictive variance+ "Error" variance

"Error" variance 

Total variance = Predicted variance+ "Error" variance 

(4) 

(5) 

(6) 

They both express the saID:e relationship within the data. Saying 25% of the fruit 
are apples in a brown bag containing 100 apples and oranges is the same thing as 
saying that the bag has 25 apples and 75 oranges. 

The problem here is that the correlation coefficient and the topic of regression 
are routinely covered in the psycho-statistical developmental stage of Graduate 
Stat: 501, while the analysis of data from designed experiments with ANOV A is 
the conflict worked through in the stage of Research Design: 502. 

29 



MUL TIVARIATE EXPERIMEN TAL CLINICAL RESEAR CH 

CONCLUSION 

-We would not write a case note on the statistical health of clinical researchers,
reviewers, and editors just to document weakness. Our diagnosis is not without 
therapy recommendation. 

If you feel that you have _statistical fixations� which you sometimes regress, 
then treatment by a fellow psychologist specializing in statistical analysis "is 
indicated. For those statistical analysands who fear the therapist's couch, be 
assured that most analysts trained in the multivariate school of statistical 
analysis prefer variable-to-variable association rather than free-association and 
are usually _more interested in covariation than cohabitation with their 
analysands. 6 

FOOTNOTES 

1We shall use the phrase "designed experiments" to refer to the practice of designing data 
collection. procedures to match the requirements of specific statistical analyses. For 
example, the forcing of equal cell n's in a factorial designed study. 
2 Those insisting may use the possible, but petty, special procedures for handling R2's from 
stepwise procedures instead of what the computer prints. 
3Say, as you might e·xpect, that most of your paranoid subjects are also schizophrenic and 
most of your markedly guilty subjects are depressed. This wiil produce a correlation 
between the coded group membership variables, so that the covariability they both share 
with the dependent variable and with each other, will have to be attributed to one or the 
other or shared between them. 
40ne of us once saw one of his professors in graduate school emerge from a lab, and joyfully 
announce to a colleague that the data were coming out right, then rush off to tell his 
coinvestigators. The research assistant, following him from the lab, told us about the 
performance of the very first subject. 
5 True control groups, where the subjects are taken through all of the procedures in the study 
except the one that will hopefully prove to be effective, are often dangerous to patients, and 
are properly rare in present clinical research. 
6Dr. Joel R.,Butler, who did not really help us in reviewing the conceptualization in this 
paper, wanted to add his warning that most statistical analysts were anal expulsive, this 
paper being an example. 
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