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ABSTRACT
There seems to be a pervasive notion that "you can prove anything with statistics." This is only true if you
use them improperly. In this workshop we'll discuss things that people often overlook in their data
analysis, and ways people sometimes "bend the rules" of statistics to support their viewpoint. We will also
discuss ways you can make sure your own statistics are clear and accurate. I will include examples from
medicine, education, and industry.
This paper presents material covered in a workshop at the Third International Applied Statistics in
Industry Conference in Dallas, TX, June 5-7, 1995. The hypertext version of the workshop is available on
the World-Wide Web (WWW) at the following location:
http://www.execpc.com/~helberg/pitfalls/

The problem with statistics
We are all familiar with the disparaging quotes about statistics (including "There are three kinds of lies:
lies, damned lies, and statistics", attributed to either Mark Twain or Disraeli, depending on whom you
ask), and it's no secret that many people harbor a vague distrust of statistics as commonly used. Why
should this be the case? It may be assumed that those of us at this conference take our work seriously and
value the fruits of our efforts. So, are all those people just paranoid about statistics, or are we as
statisticians really kidding ourselves as to our importance in the cosmic scheme of things?
It may be helpful to consider some aspects of statistical thought which might lead many people to be
distrustful of it. First of all, statistics requires the ability to consider things from a probabilistic
perspective, employing quantitative technical concepts such as "confidence", "reliability", "significance".
This is in contrast to the way non-mathematicians often cast problems: logical, concrete, often
dichotomous conceptualizations are the norm: right or wrong, large or small, this or that.
Additionally, many non-mathematicians hold quantitative data in a sort of awe. They have been lead to
believe that numbers are, or at least should be, unquestionably correct. Consider the sort of math
problems people are exposed to in secondary school, and even in introductory college math courses: there
is a clearly defined method for finding the answer, and that answer is the only acceptable one. It comes,
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then, as a shock that different research studies can produce very different, often contradictory results. If
the statistical methods used are really supposed to represent reality, how can it be that different studies
produce different results? In order to resolve this paradox, many naive observers conclude that statistics
must not really provide reliable (in the nontechnical sense) indicators of reality after all. And, the logic
goes, if statistics aren't "right", they must be "wrong". It is easy to see how even intelligent, well-educated
people can become cynical if they don't understand the subtleties of statistical reasoning and analysis.
Now, I'm not going to say much about this "public relations crisis" directly, but it does provide a
motivation for examining the way we practice our trade. The best thing we can do, in the long run, is
make sure we're using our tools properly, and that our conclusions are warranted. I will present some of
the most frequent misuses and abuses of statistical methods, and how to avoid or remedy them. Of course,
these issues will be familiar to most statisticians; however, they are the sorts of things that can get easily
overlooked when the pressure is on to produce results and meet deadlines. If this workshop helps you to
apply the basics of statistical reasoning to improve the quality of your product, it will have served its
purpose.
We can consider three broad classes of statistical pitfalls. The first involves sources of bias. These are
conditions or circumstances which affect the external validity of statistical results. The second category is
errors in methodology, which can lead to inaccurate or invalid results. The third class of problems
concerns interpretation of results, or how statistical results are applied (or misapplied) to real world
issues.
Sources of Bias
The core value of statistical methodology is its ability to assist one in making inferences about a large
group (a population) based on observations of a smaller subset of that group (a sample). In order for this
to work correctly, a couple of things have to be true: the sample must be similar to the target population in
all relevant aspects; and certain aspects of the measured variables must conform to assumptions which
underlie the statistical procedures to be applied.
Representative sampling. This is one of the most fundamental tenets of inferential statistics: the observed
sample must be representative of the target population in order for inferences to be valid. Of course, the
problem comes in applying this principle to real situations. The ideal scenario would be where the sample
is chosen by selecting members of the population at random, with each member having an equal
probability of being selected for the sample. Barring this, one usually tries to be sure that the sample
"parallels" the population with respect to certain key characteristics which are thought to be important to
the investigation at hand, as with a stratified sampling procedure.
While this may be feasible for certain manufacturing processes, it is much more problematic for studying
people. For instance, consider the construction of a job applicant screening instrument: the population
about which you want to know something is the pool of all possible job applicants. You surely won't have
access to the entire population--you only have access to a certain number of applicants who apply within
a certain period of time. So you must hope that the group you happen to pick isn't somehow different
from the target population. An example of a problematic sample would be if the instrument were
developed during an economic recession; it is reasonable to assume that people applying for jobs during a
recession might be different as a group from those applying during a period of economic growth (even if
one can't specify exactly what those differences might be). In this case, you'd want to exercise caution
when using the instrument during better economic times.
There are also ways to account for, or "control", differences between groups statistically, as with the
inclusion of covariates in a linear model. Unfortunately, as Levin (1985) points out, there are problems
with this approach, too. One can never be sure one has accounted for all the important variables, and
inclusion of such controls depends on certain assumptions which may or may not be satisfied in a given
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situation (see below for more on assumptions).
Statistical assumptions. The validity of a statistical procedure depends on certain assumptions it makes
about various aspects of the problem. For instance, well-known linear methods such as analysis of
variance (ANOVA) depends on the assumption of normality and independence. The first of these is
probably the lesser concern, since there is evidence that the most common ANOVA designs are relatively
insensitive to moderate violations of the normality assumption (see Kirk, 1982). Unfortunately, this offers
an almost irresistible temptation to ignore any non-normality, no matter how bad the situation is. The
robustness of statistical techniques only goes so far--"robustness" is not a license to ignore the
assumption. If the distributions are non-normal, try to figure out why; if it's due to a measurement artifact
(e.g. a floor or ceiling effect), try to develop a better measurement device (if possible). Another possible
method for dealing with unusual distributions is to apply a transformation. However, this has dangers as
well; an ill-considered transformation can do more harm than good in terms of interpretability of results.
The assumption regarding independence of observations is more troublesome, both because it underlies
nearly all of the most commonly used statistical procedures, and because it is so frequently violated in
practice. Observations which are linked in some way--parts manufactured on the same machine, students
in the same classroom, consumers at the same mall--all may show some dependencies. Therefore, if you
apply some statistical test across students in different classrooms, say to assess the relationship between
different textbook types and test scores, you're introducing bias into your results. This occurs because, in
our example, the kids in the class presumably interact with each other, chat, talk about the new books
they're using, and so influence each other's responses to the test. This will cause the results of your
statistical test (e.g. correlations or p-values) to be inaccurate.
One way to try to get around this is to aggregate cases to the higher level, e.g. use classrooms as the unit
of analysis, rather than students. Unfortunately this requires sacrificing a lot of statistical power, making a
Type II error more likely. Happily, methods have been developed recently which allow simultaneous
modeling of data which is hierarchically organized (as in our example with students nested within
classrooms). One of the papers presented at this conference (Christiansen & Morris) introduces these
methods. Additionally, interested readers are referred to Bryk & Raudenbush (1988) and Goldstein (1987)
for good overviews of these hierarchical models.
Errors in methodology
There are a number of ways that statistical techniques can be misapplied to problems in the real world.
Three of the most common hazards are designing experiments with insufficient power,ignoring
measurement error, and performing multiple comparisons.
Statistical Power. This topic has become quite in vogue lately, at least in the academic community;
indeed, some federal funding agencies seem to consider any research proposal incomplete unless it
contains a comprehensive power analysis. This graph will help illustrate the concept of power in an
experiment. In the figure, the vertical dotted line represents the point-null hypothesis, and the solid
vertical line represents a criterion of significance, i.e. the point at which you claim a difference is
significant.
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Recall that there are two types of errors which can occur when making inferences based on a statistical
hypothesis test: a Type I error occurs if you reject the null hypothesis when you shouldn't (the probability
of this is what we call "alpha", and is indicated by the cross-hatched region of the graph); a Type II error
occurs if you don't reject it when you should (the probability of this is called "beta", and is indicated by
the shaded area). Power refers to the probability of avoiding a Type II error, or, more colloquially, the
ability of your statistical test to detect true differences of a particular size. The power of your test
generally depends on four things: your sample size, the effect size you want to be able to detect, the Type
I error rate (alpha) you specify, and the variability of the sample. Based on these parameters, you can
calculate the power level of your experiment. Or, as is most commonly done, you can specify the power
you desire (e.g. .80), the alpha level, and the minimum effect size which you would consider
"interesting", and use the power equation to determine the proper sample size for your experiment. (See
Cohen, 1988, for more details on power analysis.)
Now, if you have too little power, you run the risk of overlooking the effect you're trying to find. This is
especially important if you intend to make inferences based on a finding of no difference. This is what
allows advertisers to claim "No brand is better at relieving headaches (or what have you)"--if they use a
relatively small sample (say 10 people), of course any differences in pain relief won't be significant. The
differences may be there, but the test used to look for them was not sensitive enough to find them.
While the main emphasis in the development of power analysis has been to provide methods for assessing
and increasing power (see, e.g. Cohen, 1991), it should also be noted that it is possible to have too much
power. If your sample is too large, nearly any difference, no matter how small or meaningless from a
practical standpoint, will be "statistically significant". This can be particularly problematic in applied
settings, where courses of action are determined by statistical results. (I'll have more to say about this
later.)
Multiple comparisons. This is a particularly thorny issue, because often what we want to know about is
complex in nature, and we really need to check a lot of different combinations of factors to see what's
going on. However, doing so in a haphazard manner can be dangerous, if not downright disastrous.
Remember that each comparison we make (assuming we're using the standard hypothesis testing model)
entails a Type I error risk equal to our predefined alpha. We might assign the conventional value of .05 to
alpha. Each comparison we make has a (1 - .05) = .95 probability of avoiding a Type I error.
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Now suppose we have 12 process variables, and we want to see what the relationships are among them.
We might be tempted to calculate the 66 possible correlations, and see which ones turn out to be
statistically significant. Here's where the fun begins: in the best-case scenario, where the comparisons are
independent (not true for this example, but we'll assume it for the sake of argument), the probability of
getting all the comparisons right is the product of the probabilities for getting each comparison right. In
this case that would be (.95)^66, or about .03. Thus your chance of getting all 66 comparisons right is
almost zero. This figure shows the probability of getting one or more errors based on how many
comparisons you make, assuming a per-comparison alpha of .05.

In fact, if you were to take 12 completely uncorrelated variables (that is, take a sample from each of 12
uncorrelated variables) and calculate the set of 66 correlations, you should expect to see about 3 spurious
correlations in each set. (Note that this is the best-case scenario--if you allow for dependence among the
separate tests, the probability of errors is even greater.) This figure shows the expected number of errors
based on number of comparisons, assuming a nominal alpha of .05.
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So, suppose you calculate your correlations and discover that 10 of them seem to be significant. You'll
have a tough time sorting out which ones are real and which are spurious. Several strategies can be used
to overcome this problem. The easiest, but probably the least acceptable, is to adjust your alpha criterion
(by making it smaller) so that the "familywise" error rate is what you'd like it to be. The problem with this
strategy is that it is impractical for large numbers of comparisons: as your alpha for each comparison
becomes smaller, your power is reduced to almost nil. The best strategy, but usually an expensive one, is
replication--rerun the experiment and see which comparisons show differences in both groups. This is not
quite foolproof, but it should give you a pretty good idea which effects are real and which are not. If you
can't actually replicate, the next best thing is a technique called cross-validation, which involves setting
aside part of your sample as a validation sample. You compute the statistics of interest on the main
sample, and then check them against the validation sample to verify that the effects are real. Results that
are spurious will usually be revealed by a validation sample.
Measurement error. Most statistical models assume error free measurement, at least of independent
(predictor) variables. However, as we all know, measurements are seldom if ever perfect. Particularly
when dealing with noisy data such as questionnaire responses or processes which are difficult to measure
precisely, we need to pay close attention to the effects of measurement errors. Two characteristics of
measurement which are particularly important in psychological measurement are reliability and validity.
Reliability refers to the ability of a measurement instrument to measure the same thing each time it is
used. So, for instance, a reliable measure should give you similar results if the units (people, processes,
etc.) being measured are similar. Additionally, if the characteristic being measured is stable over time,
repeated measurement of the same unit should yield consistent results.
Validity is the extent to which the indicator measures the thing it was designed to measure. Thus, while
IQ tests will have high reliability (in that people tend to achieve consistent scores across time), they might
have low validity with respect to job performance (depending on the job). Validity is usually measured in
relation to some external criterion, e.g. results on a job-applicant questionnaire might be compared with
subsequent employee reviews to provide evidence of validity.
Methods are available for taking measurement error into account in some statistical models. In particular,
structural equation modeling allows one to specify relationships between "indicators", or measurement
tools, and the underlying latent variables being measured, in the context of a linear path model. For more

6 of 12

1/9/08 3:58 PM

Pitfalls of Data Analysis

file:///Users/ianarmstrong/Desktop/monitoring%20report%20...

information on structural equation modeling and its uses, see Bollen (1989).
Problems with interpretation
There are a number of difficulties which can arise in the context of substantive interpretation as well. We
go through all these elaborate procedures, chew up time on the mainframe, generate reams of output-eventually, we have to try to make some sense of it all in terms of the question at hand.
Confusion over significance. While this topic has been expounded upon by nearly every introductory
statistics textbook, the difference between "significance" in the statistical sense and "significance" in the
practical sense continues to elude many statistical dabblers and consumers of statistical results. There is
still a strong tendency for people to equate stars in tables with importance of results. "Oh, the p-value was
less than .001--that's a really big effect," we hear our clients say. Well, as I pointed out earlier,
significance (in the statistical sense) is really as much a function of sample size and experimental design
as it is a function of strength of relationship. With low power, you may be overlooking a really useful
relationship; with excessive power, you may be finding microscopic effects with no real practical value. A
reasonable way to handle this sort of thing is to cast results in terms of effect sizes (see Cohen,
1994)--that way the size of the effect is presented in terms that make quantitative sense. Remember that a
p-value merely indicates the probability of a particular set of data being generated by the null model--it
has little to say about size of a deviation from that model (especially in the tails of the distribution, where
large changes in effect size cause only small changes in p-values).
Precision and Accuracy. These are two concepts which seem to get confused an awful lot, particularly by
those who aren't mathematically inclined. It's a subtle but important distinction: precision refers to how
finely an estimate is specified (akin to number of decimal places given, e.g. 4.0356 is more precise than
4.0), whereas accuracy refers to how close an estimate is to the true value. Estimates can be precise
without being accurate, a fact often glossed over when interpreting computer output containing results
specified to the fourth or sixth or eighth decimal place. My advice: don't report any more decimal places
than you're fairly confident are reflecting something meaningful. Thus, if your standard error of a mean is
1.2, there's no sense in reporting the third or fourth decimal place of the estimated mean--it will only lull
the unwary into a false sense of security.
Causality. I don't think anything has caused as much mischief in research and applied statistics as unclear
thinking about causality. Assessing causality is the raison d'être of most statistical analysis, yet its
subtleties escape many statistical consumers.
The bottom line on causal inference is this: you must have random assignment. That is, the experimenter
must be the one assigning values of predictor variables to cases. If the values are not assigned or
manipulated, the most you can hope for is to show evidence of a relationship of some kind. Observational
studies are very limited in their ability to illuminate causal relationships. Take, for example, an
hypothesized relationship between number of health-care visits and socioeconomic status (SES), i.e. the
higher your SES, the more you visit the clinic. There are three possible explanations for this: one is that
people with high SES have the means to pay for frequent clinic visits (SES -> visits); another is that
people who visit their doctor frequently are in better health and so are able to be more productive at work,
get better jobs, etc. (visits -> SES); the third is that something else (e.g. size of city) affects both clinic
visitation and SES independently (larger cities have more clinics and offer better paying jobs), making
them go up and down together (visits <- X -> SES).
I want to point out here that this factor of causal inference (i.e. random assignment) is the key regardless
of the statistical methodology used. We've all had it drummed into our heads that "correlation is not
causation". Unfortunately, some people seem to interpret that as implying that correlation (and regression)
can't be used for causal analysis; or worse, that experimentally oriented statistical designs (e.g. ANOVA)
are necessary and sufficient conditions for causal inference. Neither of these interpretations is correct; if
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you assign values to a predictor variable (e.g. by manipulating drug dosages), it is perfectly legitimate to
use a correlation coefficient or a regression equation to generate inferences about the effectiveness of the
drug. Conversely, if you're measuring relationships between political affiliation and self-esteem, it doesn't
matter what sort of elaborate ANOVA design you put together--you still won't have a warrant for making
causal statements about what causes what, since you aren't assigning people to political parties.
Now, of course, many of the things we might wish to study are not subject to experimental manipulation
(e.g. health problems/risk factors). If we want to understand them in a causal framework, we must be very
cautious. It will require a multifaceted approach to the research (you might think of it as "conceptual
triangulation"), use of chronologically structured designs (placing variables in the roles of antecedents
and consequents), and plenty of replication, to come to any strong conclusions regarding causality.
Graphical Represenations. There are many ways to present quantitative results numerically, and it is easy
to go astray (or to lead your audience astray, if you are less than scrupulous) by misapplying graphical
techniques. Tufte's book, The Visual Display of Quantitative Information, gives a wealth of information
and examples on how to construct good graphs, and how to recognize bad ones. I'll present a few of these
examples here.
One of the principles Tufte introduces to indicate the relationship between the data and the graphic is a
number he calls "the Lie Factor". This is simply the ratio of the difference in the proportion of the graphic
elements versus the difference in the quantities they represent. The most informative graphics are those
with a Lie Factor of 1. Here is an example of a badly scaled graphic, with a lie factor of 14.8:

(from Tufte, 1983, p. 57)
Another key element in making informative graphs is to avoid confounding design variation with data
variation. This means that changes in the scale of the graphic should always correspond to changes in the
data being represented. Here is an example which violates this principle:

8 of 12

1/9/08 3:58 PM

Pitfalls of Data Analysis

file:///Users/ianarmstrong/Desktop/monitoring%20report%20...

(from Tufte, 1983, p. 61)
Notice that from 1973-1978, each bar in the graph represents one year, whereas for 1979 each bar
represents only one quarter. Also notice that the vertical scale changes between '73-'78 and the four
quarters of '79. It is very difficult to determine from this graph what the real trend is due to the confusion
between the design variation and data variation.
Another trouble spot with graphs is multidimensional variation. This occurs where two-dimensional
figures are used to represent one-dimensional values. What often happens is that the size of the graphic is
scaled both horizontally and vertically according to the value being graphed. However, this results in the
area of the graphic varying with the square of the underlying data, causing the eye to read an exaggerated
effect in the graph. An example:
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(from
Tufte, 1983, p. 69)
This graph has a lie factor of about 2.8, based on the variation between the area of each doctor graphic
and the number it represents.
And, one more point about graphs: be sure to include enough context to make the graph meaningful. For
instance, one may be tempted to draw unwarranted conclusions based on this graph:

(from Tufte, 1983, p. 74)
However, if one looks at the data in context, the pattern becomes less cut-and-dried:
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(from Tufte, 1983, p. 74)
Clearly, there are other forces at work on the traffic situation besides the stricter enforcement. This
information would be completely missed if all you had to look at was the former graph.
Summary
In this paper I've discussed some of the trickier aspects of applied data analysis. Here are the important
points in condensed form:
Be sure your sample is representative of the population in which you're interested.
Be sure you understand the assumptions of your statistical procedures, and be sure they are
satisfied. In particular, beware of hierarchically organized (non-independent) data; use techniques
designed to deal with them.
Be sure you have the right amount of power--not too little, not too much.
Be sure to use the best measurement tools available. If your measures have error, take that fact into
account.
Beware of multiple comparisons. If you must do a lot of tests, try to replicate or use crossvalidation to verify your results.
Keep clear in your mind what you're trying to discover--don't be seduced by stars in your tables;
look at magnitudes rather than p-values.
Use numerical notation in a rational way--don't confuse precision with accuracy (and don't let the
consumers of your work do so, either).
Be sure you understand the conditions for causal inference. If you need to make causal inference,
try to use random assignment. If that's not possible, you'll have to devote a lot of effort to
uncovering causal relationships with a variety of approaches to the question.
Be sure your graphs are accurate and reflect the data variation clearly.
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