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This article identifies a set of serious theoretical mistakes appearing with troublingly 
high frequency throughout the quantitative political science literature. These mistakes are all 
based on faulty statistical theory or on erroneous statistical analysis. Through algebraic and 
interpretive proofs, some of the most commonly made mistakes are explicated and illus- 
trated. The theoretical problem underlying each is highlighted, and suggested solutions are 
provided throughout. It is argued that closer attention to these problems and solutions will 
result in more reliable quantitative analyses and more useful theoretical contributions. 

One of the most glaring problems with much quantitative political sci- 
ence is its uneven sophistication and quality. Mistakes are often made but 
rarely noticed. In journal submissions, conference presentations, and stu- 
dent papers, problems occur with even more frequency. Having observed 
this situation for a few years, I noticed several patterns. First, the same 
mistakes are being made or "invented" over and over. Second, to refer a 
substantively orientated political scientist to an article in Econometrica, The 
Journal of the American Statistical Association, or even Political Methodol- 
ogy is to give advice that either is not helpful or is not followed. These 
problems are more than technical flaws; they often represent important theo- 
retical and conceptual misunderstandings.' However, in most cases, there 
are relatively simple solutions that can reduce or eliminate bias and other 
statistical problems, improve conceptualization, make the analysis easier to 
interpret, and make the results more general. 

In order to address these concerns, this paper presents proofs and 
illustrations of some of the most common statistical mistakes in the politi- 
cal science literature, along with theoretical arguments and suggested 

*An earlier version of this article first appeared at the annual Political Science Method- 
ology Society conference, Berkeley, California, July, 1985. I appreciate the comments from 
the participants at that meeting, particularly those of Christopher Achen and Nathaniel 
Beck. Thanks also to my colleagues at New York University, particularly Larry Mead, 
Bertell Ollman, and Paul Zarowin. Arthur Goldberger, Herbert M. Kritzer, AM R. Mc- 
Cann, Charles M. Pearson, Lyn Ragsdale, the editors, and the anonymous reviewers were 
also very helpful. 

I An example of a minor technical mistake is using ordinal level independent variables 
with statistics that assume interval level data. I refer to this as "minor" because it usually 
(although not always) has little substantive consequence and because it does not represent a 
conceptual misunderstanding. 
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corrections. It specifically omits problems with the newest and fanciest 
statistical techniques for two reasons. First, the problems considered be- 
low form the theoretical and statistical foundation to the more sophisti- 
cated methodologies; finding and filling cracks in the foundation should 
logically and chronologically precede the painting of shingles and shut- 
ters. Second, the great variety of newer techniques are being used by 
relatively few political scientists; thus, any criticism of the new techniques 
will apply only to a small audience. Although important, I will leave the 
newer techniques for a future paper. 

For each quantitative problem, I describe (1) the mistake, (2) the proof, 
and (3) the interpretation. The proofs, appearing in footnotes or appendices 
when excessively technical, are formal versions of, as well as algebraic or 
numerical evidence for, the assertions made in my discussion of the mis- 
take. Emphasis here is on the intuitive, so generality is often sacrificed in 
order to improve conceptual understanding. The final section includes a 
brief summary and gives implications of mistakes in the context of proposed 
solutions. Some sections are too brief to be divided into this triad and are 
therefore combined. This sort of methadological retrospective has been 
done in other disciplines, but although we can learn from some of these, 
most do not address problems specific enough to political science research. 
(See, for example, Leamer, 1983a; Smith, 1983; Friedman and Phillips, 
198 1; and Hendry, 1980; Gurel, 1968).~ 

Over three decades ago, Darrell Huff (1954) explained, in a book by 
the same name, How to Lie With Statistics. Because of the systematic 
precision required, we should realize by now that it is a lot harder (know- 
ingly or not) to lie (and get away with it) with statistics than without them. 

Regression on Residuals 

The Mistake. Suppose that y were regressed on two sets of independent 
variables XI  and ~ 2 . ~  The coefficients to be estimated are in the parameter 
vectors p l  and P2 in model 1: 

E(Y IXl,X2) = X I P I  +X2P2 (1) 

The standard and appropriate way to estimate P I  and pz in model 1 is by 
running a multiple regression of y on XI  and X2. The result 

j l = X l b l  +Xzbz+e (2) 

' I  do not cite every methodologically flawed political science work in this paper because 
the purpose here is to improve future research and to facilitate critical reading of all research. 
There is little gained by berating those on whose research we are trying to build. 

The word "regressed" is sometimes misused. Reading a regression equation from left to 
right, we say, "the dependent variable is regressed on the independent variables." In the text, y 
is the dependent variable; X ,  and X I  each represent a set of several independent variables. 
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is the least squares (LS) estimator. The sample estimates in equation 2 are 
used to infer to the population parameters in equation 1.  

Now consider an (incorrect) alternative procedure, called here the re- 
gression on residuals (ROR) estimator. This is a method of estimating p I and 
Pz often "invented" by first regressing y on XI,  resulting in this equation: 

where by is the first ROR estimator. 

We then regress e l ,  the residuals, on the second set of explanatory variables, 
X2, yielding 

where b; is the second ROR estimator. 

The mistaken belief is that b; from the second regression in equation 
4 is equal to bz from equation 2; that is, since we have "controlled" for XI 
in equation 3, the result is the same as if we had originally computed 2. As 
is demonstrated in the proof appearing in appendix A, this is not true. 
The ROR estimator by in equation 3 is a biased estimate of P I ,  since the 
equation does not control for Xz. This is the well-known omitted vari- 
ables bias.4 Since el-the residuals from equation 3 and the dependent 
variable in equation 4-is calculated from the biased ROR estimator by, 
it too is biased. Thus, it follows that b; is also biased, since it is calculated 
from the regression of the biased e l  on the second set of explanatory 
variables x ~ . ~  

The Interpretation. Except for two very special cases, the ROR estima- 
tor is not the same as the ordinary least squares estimator and by itself has 
no useful interpretation. b* is also a biased estimate of P in model 1. In 
order to estimate p l  and pz correctly in model 1, both sets of variables XI  
and X2 should be put in the regression simultaneously. This gives an esti- 
mate ( b l )  of the influence of XI  on y (controlling for Xz), and an estimate 
(bz) of Xz on y (controlling for XI). 

An implication of this result is that one should not make too much of 
any interpretation of the residuals from a regression analysis. If it appears 
from an analysis of the residuals that some variable X3 is missing, then X3 
may be missing, but it is not possible to draw fair conclusions about the 

"he bias does not occur when either pz = 0 or XI  and X2 are uncorrelated or both. 
'Sometimes this process is continued: The second set of residuals e2 is regressed on 

another set of explanatory variables, X,, producing another ROR estimator and another set of 
residuals. This process has been extended to many stages. but I only consider the first two in 
the text. In the multi-stage ROR estimator, the bias is confounded even further. 
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influence of X 3  on y unless X 3  were actually measured and the full equa- 
tion were estimated. 

An example is Achen's (1 979) result that "Normal Vote" calculations 
are inconsistent: the Normal Vote was determined by a two-step process, 
roughly analogous to using the ROR estimator. 

In the statistical literature, the ROR estimation procedure is called 
"stepwise least squares." However, "stepwise regression" is very different 
from this procedure-although it is no less problematic.6 

The Race of the Variables 

In this section, the use of standardized coefficients ("beta weights"), 
correlation coefficients (Pearson's correlation), and R ("the coefficient of 
determination") are challenged. In most practical political science situa- 
tions, it makes little sense to use these statistics. They do not measure what 
they appear to; they substitute statistical jargon for political meaning; they 
can be highly misleading; and in nearly all situations, there are better ways 
to proceed. 

The Race (1): Standardized Fruit 

The Mistake: Apples, Oranges, and Perceptions. Imagine a situation 
where a researcher wanted to explain y, the number of visits to the doctor 
per year. The explanatory variables were X I ,  the number of apples eaten per 
week, and XZ, the number of oranges eaten per week. The multiple regres- 
sion equation was then estimated to be: 

6Stepwise regression (which has been called "unwise regression" [Leamer, 19851 or 
might be called a "Minimum Logic Estimator"), allows computer algorithms to replace 
logical decision processes in selecting variables for a regression analysis. There is nothing 
wrong with fitting many versions of the same model to analyze for sensitivity. After all, the 
goal of learning from data is as noble as the goal of using data to confirm a priori hypothe- 
ses. However, some a priori knowledge, or at least some logic, always exists to make 
selections better than an atheoretical computer algorithm. Edward Leamer ( 1  983b, p. 320) 
has noted, "Economists have avoided stepwise methods because they do not think nature is 
pleasant enough to guarantee orthogonal explanatory variables, and they realize that, if the 
true model does not have such a favorable design, then omitting correlated variables can 
have an obvious and disastrous effect on the estimates of the parameters." At the very least, 
stepwise regression, even if occasionally useful for special purposes, need not be presented 
in published work (see Lewis-Beck, 1978). The use of stepwise regression has caused an 
additional curious mistake. It is often said that the order in which variables are entered into 
a regression equation influences the values of the coefficients. A cursory look at the equa- 
tions used in the estimation (or at a sample computer run) will show that this is wrong. 
What does change is dependent upon the order variables are entered is the marginal in- 
crease in the R' statistic. 
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For every additional apple one eats per week, the average number of visits 
to the doctor per year decreases by one and a half. For each additional 
orange one eats, they decrease by one quarter of a visit. 

This hypothetical researcher now would like to make a statement 
about the comparative worth of apples and oranges in reducing doctor 
visits. He then asks the resident political science methodologist whether 
she can help him compare apples and oranges. The methodologist says that 
the answer depends upon the researcher stating his question more pre- 
cisely. If the researcher means: "I have only enough money for one apple or 
one orange, and I want to know which will make me healthier," then the 
answer is probably the apple. But suppose an apple costs 50 cents, while an 
orange costs only five cents. In this case, the researcher might ask, "What is 
the best use of my last dollar?" Here the decision would have to be in favor 
of the orange: For one dollar spent on two apples, doctor visits would 
decrease by about three, whereas the same dollar spent on 20 oranges 
would decrease doctor visits by five on average. 

Assuming the question is stated precisely enough, these comparisons 
make some sense. But they make sense only because there is a common unit 
of measurement-a piece of fruit or an amount of money. Suppose then that 
the researcher told the methodologist that he had torn off the computer 
printout just prior to the last coefficient estimate. The real equation, he 
explained, includes X3, the respondent's perception of doctors as beneficial, 
measured on a scale ranging from 1 (not beneficial) to 10 (very beneficial). 
The estimated equation should have appeared as this: 

i=  10 - 1.5XI - o.25X2 + 2x3 (6) 

The researcher now asks whether this means that perceptions are "more 
important" than apples. After all, he says, 2 is greater than 1.5. Any 
methodologist worth her 8087 chip would object to this, she asserts. In 
fact, were one to take this comparison to its logical extreme, one would 
conclude that perceiving doctors as more detrimental is more health- 
producing than eating an apple. Although both regressors seek to explain 
the same dependent variable, they are neither measured on, nor can they 
be converted to, meaningfully common units of measurement. 

This is precisely the point: Only when explanatory variables are on 
meaningfully common units of measurement is there a chance of compari- 
son. If there is no common unit of measurement, there is no chance of 
meaningful comparison. 

However, there is another sense in which even "common-unit" com- 
parisons are unfair. The apple coefficient, for example, represents the effect 
of apples (holding constant the influence of oranges and perceptions). The 
estimated coefficient for oranges has a different set of control variables 
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(since it includes apples and not oranges). This may make a comparison 
between apples and oranges more difficult, if not logically impossible. 

The Mistake Continued: Standardized Fruit. Convinced about not 
comparing unstandardized coefficients, our hypothetical researcher pro- 
poses using the standardized coefficients on his computer printout. The 
methodologist retorts that, if it is of little use to compare apples and percep- 
tions, then it is of considerably less use to compare standardized apples and 
standardized perceptions. Standardization does not add information. If 
there were no basis for comparison prior to standardization, then there is no 
basis for comparison after standardization. 

A relatively common rebuttal is that for explanatory variables with 
unclear or difficult-to-understand units of measurement, standardized co- 
efficients should increase interpretability. The problem is that if the origi- 
nal data were meaningless, then the standardized regression coefficients 
are precisely as meaningless; if standardized coefficients do not add infor- 
mation, they certainly do not add meaning. "To replace the unmeasurable 
by the unmeaningful is not progress" (Achen, 1977, p. 806). 

Using a superscript "s" to denote standardized variables, I present the 
results for our hypothetical case:' 

We now must interpret equation 7 to mean, for example, that as we eat one 
additional standard deviation of apples, the number of visits to the doctor 
decreases by nine tenths of a standard deviation-not a very appealing 
conceptualization. 

Three observations: First, standardizing makes the coefficients sub- 
stantially more difficult to interpret. Second, standardization still does not 
enable us to compare this first effect to the one-half standard deviation 
increase in doctor visits resulting from a one standard deviation increase 
in perceptions of doctors. 

Third, and most serious, while the original coefficients are estimates of 
the relationships between the respective explanatory variables and the de- 
pendent variable (controlling for the other explanatory variables), the stan- 
dardized variables are measures of this relationship as well as of the variance 
of the independent variable. Since researchers are typically interested in 
measuring only the relationship, or at least interested in the two separately, 

'There are two methods that can produce the same standardized coefficients: (1) stan- 
dardize each of the original variables (subtract the sample mean and divide by the sample 
standard deviation) and run a regression on these standardized variables; or (2) run a regres- 
sion and multiply each unstandardized coefficient by the ratio of the standard deviation of 
the respective indepe~dent variable to the standard deviation of the dependent variable. 
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it makes little sense to use standardized variables. A simple numerical proof 
will demonstrate this point.' 

The Proof: Imagine a simple experiment where only three observa- 
tions on one dependent and one independent variable are taken. The ob- 
servations are y' = (5, 5, 6) and X'  = (2, 4, 4). Calculated from these three 
observations with a constant term included, the regression is: 

and the standardized coefficients are: 

y S =  0.50XS 

Suppose further that another year went by, and another data point was 
collected on y (9.5) and on X (20). Because this random draw worked out 
well, the unstandardized coefficients in equation 8 do not change at all with 
the introduction of this additional observation. However, the new observa- 
tion increases the sample standard deviation of X from 1.16 to 8.39 (which is 
what one would generally expect as n increases). Although this did not 
change the original coefficients in equation 8, the standardized coefficient 
nearly doubles in the four observation case (compare equations 9 and 10): 

Under situations with different variances of the independent variables 
but identical relationships, the standardized coefficient is constrained only 
to have the same sign as the unstandardized coefficient. Standardized 
coefficients may be either under- or over-estimates. This intuitive proof 
extends directly to situations with multiple independent variables. 

The Interpretation. In summary, standardized coefficients are in gen- 
eral (1) more difficult to interpret, (2) do not add any information that may 
help to compare effects from different explanatory variables, and (3) may 
add seriously misleading information. The original, unstandardized coeffi- 
cients are meaningful and are not subject to these problems, although they 
generally cannot be compared for importance. 

There are two important qualifications to these points. First, if one 
must include a variable that is difficult to interpret as a control, then 
perhaps standardizing just this variable would capitalize on the standard- 
ized coefficient's simpler descriptive properties (Blalock, 1967a). This par- 
tial standardization procedure is certainly better than standardizing all 

' k r n  and Mueller (1976) also show that changes in the covariances of the included 
variables and of the variances of the included and excluded variables in a system of equations 
also affect the standardized (but not the unstandardized) coefficients. 
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the  variable^.^ Second, some argue that standardized measures seem to be 
the more natural scale for variables like test scores.1° For example, Har- 
gens (1976) argues that standardized coefficients can sometimes be struc- 
tural parameters. Although Kim and Ferree (1981) successfully refute 
most of this argument on theoretical grounds, there is one sense in which it 
may be correct for some studies. To make this point, it is useful to consider 
a very different type of standardization commonly used and generally 
accepted in economic studies of time series data. 

The raw consumer price index (CPI,) is not usually included in regres- 
sion models for two reasons. First, the series is nonstationary and may, there- 
fore, lead to spurious findings. Second, for example, an increase in the price 
of a typical market basket of food from $10.00 to $1 1.00 is likely to have 
more of an influence on any dependent variable than if the increase were 
from $100.00 to $10 1.00. For both of these reasons, the proportional change 
in CPI, is used; this "standardized" measure is commonly called the infla- 
tion rate. l '  In this case, the standardized variable is usually considered more 
natural and substantively meaningful than the "unstandardized" CPI, . 

In a similar manner, subtracting the sample mean from a variable under 
analysis and dividing it by the sample standard deviation may be the more 
natural measure for some concepts, particularly for some psychological 
scales and attitudinal measures. In part, it may even be a matter of personal 
taste and custom (Blalock, 1967b). However, decisions about whether each 
variable is to be standardized should be made and justified on an individual 
basis rather than "a habitual reliance on the standardized coefficients" (Kim 
and Ferree, 198 1, p. 207). Just as we should not routinely calculate propor- 
tional changes for every variable in a time series analysis, variables in cross- 
sectional analyses should not be automatically standardized. 

A more important and final point is that most times scholars are not 
interested in finding out which variable will win the race. Most often it is 
theoretically "good enough" to say that even after controlling for a set of 

'If the dependent variable is too difficult to understand, then I would give up on the 
regression, collect better data, or try to figure out a more meaningful interpretation. 

''AS an example of the problem this sometimes causes, consider the Educational Testing 
Service's (ETS's) standardized Graduate Record Examination (GRE). University admission 
offices across the country make important decisions based in part on small differences in 
scores on this exam, whereas ETS reports that the GRE can only correctly distinguish 
students who are more than one hundred points apart (on a scale from 200 to 800) two out of 
three times (i.e., a 66% confidence interval!). Perhaps if this score were not standardized or if 
there were a more meaningful substantive interpretation, we would be better prepared to use 
GREs for admission decisions. 

' I  The most intuitive way to calculate the inflation rate is as (CPI, - CP1,- I)/CPI,.I, but a 
nearly exact measure, which for technical reasons is actually better and is used most every- 
where, is log(CP1,) - log(CP1, I). See King and Benjamin (1985) for a political application. 
































