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Hypothesis Testing III: Counts
and Medians"

Radiology research involves comparisons that deal with the presence or absence of
various imaging signs and the accuracy of a diagnosis. In this article, the authors
describe the statistical tests that should be used when the data are not distributed
normally or when they are categorical variables. These nonparametric tests are used
to analyze a 2 X 2 contingency table of categorical data. The tests include the x?
test, Fisher exact test, and McNemar test. When the data are continuous, different
nonparametric tests are used to compare paired samples, such as the Mann-
Whitney U test (equivalent to the Wilcoxon rank sum test), the Wilcoxon signed rank
test, and the sign test. These nonparametric tests are considered alternatives to the
parametric t tests, especially in circumstances in which the assumptions of t tests are
not valid. For radiologists to properly weigh the evidence in the literature, they must
have a basic understanding of the purpose, assumptions, and limitations of each of
these statistical tests.

© RSNA, 2003

The purpose of hypothesis testing is to allow conclusions to be reached about groups of
people by examining samples from the groups. The data collected are analyzed by using
statistical tests, which may be parametric or nonparametric, depending on the nature of
the data to be analyzed. Statistical methods that require specific distributional assump-
tions are called parametric methods, whereas those that require no assumptions about
how the data are distributed are nonparametric methods. Nonparametric tests are often
more conservative tests compared with parametric ones. This means that the test has less
power to reject the null hypothesis (1). Nonparametric tests can be used with discrete
variables or data based on weak measurement scales, consisting of rankings (ordinal scale)
or classifications (nominal scale).

The purpose of this article is to discuss different nonparametric or distribution-free tests
and their applications with continuous and categorical data. For the analysis of continu-
ous data, many radiologists are familiar with the t test, a parametric test that is used to
compare two means. However, misuse of the t test is common in the medical literature (2).
To perform t tests properly, we need to make sure the data meet the following two critical
conditions: (a) The data are continuous, and (b) the populations are distributed normally.
In this article, we introduce the application of nonparametric statistical methods when
these two assumptions are not met. These methods require less stringent assumptions of
the population distributions than those for the t tests. When two populations are inde-
pendent, the Mann-Whitney U test can be used to compare the two population distribu-
tions (3). An additional advantage of the Mann-Whitney U test is that it can be used to
compare ordinal data, as well as continuous data. When the observations are in pairs from
the same subject, we can use either the Wilcoxon signed rank test or the sign test to replace
the paired t test.

For categorical data, the x? test is often used. The x? test for goodness of fit is used to
study whether two or more mutually independent populations are similar (or homoge-
neous) with respect to some characteristic (4-12). Another application of the x? test is a
test of independence. Such a test is used to determine whether two or more characteristics
are associated (or independent). In our discussion, we will also introduce some extensions
of the x? test, such as the Fisher exact test (13,14) for small samples and the McNemar test
for paired data (15).
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CATEGORICAL DATA

In many cases, investigators in radiology
are interested in comparing two groups
of count data in a 2 X 2 contingency
table. One of the most commonly used
statistical tests to analyze categorical data
is the x? test (16). If two groups of sub-
jects are sampled from two independent
populations and a binary outcome is
used for classification (eg, positive or neg-
ative imaging result), then we use the x>
test of homogeneity. Sometimes radiolo-
gists are interested in analyzing the asso-
ciation between two criteria of class-
ification. This results in the test of
independence by using a similar 2 X 2
contingency table and x? statistic. When
sample sizes are small, we prefer to use
the Fisher exact test. If we have paired
measurements from the same subject, we
use the McNemar test to compare the
proportions of the same outcome be-
tween these two measurements in the
2 X 2 contingency table.

xZ Test

The x? test allows comparison of the
observed frequency with its correspond-
ing expected frequency, which is calcu-
lated according to the null hypothesis in
each cell of the 2 X 2 contingency table
(Eq [A1], Appendix A). If the expected
frequencies are close to the observed fre-
quencies, the model according to the
null hypothesis fits the data well; thus,
the null hypothesis should not be re-
jected. We start with the analysis of a 2 X
2 contingency table by considering the
following two examples. The same x? for-
mula is used in both examples, but they
are different in the sense that the data are
sampled in different ways.

Example 1: test of homogeneity between
two groups.—Omne hundred patients and
100 healthy control subjects are enrolled
in a magnetic resonance (MR) imaging
study. The MR imaging result can be clas-
sified as either “positive” or “negative”
(Table 1). The radiologist is interested in
finding out if the proportion of positive
findings in the patient group is the same
as that in the control group. In other
words, the null hypothesis is that the
proportion of positive findings is the
same in the two groups. The alternative
hypothesis is that they are different. We
call this a test of homogeneity. In this
first example, the two groups (patients
and subjects) are in the rows, and the two
outcomes of positive and negative test
results are in the columns. In the statis-
tical analysis, only one variable, the im-
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TABLE 1
x? Test of Homogeneity
Positive MR Negative MR
Participants Imaging Result Imaging Result Total
Patients 50 50 100
Control subjects 28 72 100
Total 78 122 200

Note.—Data are the number of participants. x? statistic, 10.17; P = .001. The null hypothesis is
that the two populations are homogeneous. We reject the null hypothesis and conclude that the
two populations are different.

TABLE 2
X2 Test of Independence

MR Imaging Findin
Presence of Contrast 9ing 9

Enhancement Malignant Mass Benign Mass Total
Enhancement 14 3 17
No enhancement 3 45 48

Total 17 48 65

Note.—Data are the number of masses. x? statistic, 34.65; P < .001. The null hypothesis is that
contrast enhancement of a renal mass at MR imaging is not associated with the presence of a
malignant tumor, and the alternative hypothesis is that enhancement and malignancy are associ-
ated. We reject the null hypothesis and conclude that the presence of contrast enhancement is

associated with renal malignancy.

aging result (classified as positive or neg-
ative), is considered.

The results in Table 1 show that 50
patients and 28 control subjects are cate-
gorized as having positive findings. The
x? statistic is calculated and yields a P
value of .001 (17). Typically, we reject the
null hypothesis if the P value is less than
.05 (the significance level). In this exam-
ple, we conclude that there is no homo-
geneity between the two groups, since
the proportions of positive imaging re-
sults are different.

Example 2: test of independence between
two variables in one group.—A radiologist
studies gadolinium-based contrast mate-
rial enhancement of renal masses at MR
imaging in 65 patients (18). Table 2
shows that there are 17 patients with en-
hancing renal masses, with 14 malignant
masses and three benign masses at patho-
logic examination. Among the 48 pa-
tients with nonenhancing renal masses,
three masses are malignant and 45 are
benign at pathologic examination. In
this example, the presence or absence of
contrast enhancement is indicated in the
rows, and the malignant and benign
pathologic findings are in the columns.
In this second example, only the total
number of 65 patients is fixed; the pres-
ence or absence of contrast enhancement
is compared with the pathologic result
(malignant or benign). The question of

interest is whether these two variables are
associated. In other words, the null hy-
pothesis is that contrast enhancement of
a renal mass is not associated with the
presence of a malignant tumor, and the
alternative hypothesis is that enhance-
ment and malignancy are associated. In
this example, the x? statistic yields a P
value less than .001. We reject the null
hypothesis and conclude that the pres-
ence of contrast enhancement at MR im-
aging is associated with renal malignancy.
One potential issue with the x? test is
that the x? statistic is discrete, since the
observed frequencies in the 2 X 2 contin-
gency table are counts. However, the x>
distribution itself is continuous. In 1934,
Yates (12) proposed a procedure to cor-
rect for this possible bias. Although there
is controversy about whether to apply
this correction, it is sometimes used
when the sample size is small. In the first
example discussed earlier, the x? statistic
was 10.17, and the P value was .001. The
Yates corrected x? statistic is 9.27 with a P
value of .002. This corrected x? statistic
yields a smaller x? statistic, and the P
value is larger after Yates correction. This
indicates that the Yates corrected x2 test
is less powerful in rejecting the null hy-
pothesis. Some applications of Yates cor-
rection in medicine are discussed in the
statistical textbook by Altman (19).
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TABLE 3
Fisher Exact Test for Small Samples

Positive Negative

CcT CcT
Participants Result Result  Total
Patients 10 10 20
Control subjects 4 16 20
Total 14 26 40

Note.—Data are the number of participants.
(Two-sided) Fisher exact test result, P = .10.
For small samples, the Fisher exact test is
used. The null hypothesis is that the two pop-
ulations of patients and control subjects are
homogeneous at CT—that is, they have the
same number of positive results. We retain
the null hypothesis because the P value does
not indicate a significant difference, and we
conclude that these two groups are homoge-
neous. If we incorrectly used the x? test for
this comparison, the conclusion would have
been the opposite: x* = 3.96, P = .04.

TABLE 4

McNemar Test for Paired
Comparisons: Angiography versus
CT Results in the Diagnosis of
Coronary Bypass Graft Thrombosis

Positive Negative
Angiography Angiography
CT Result Result Result Total
Positive 71 30 101
Negative 13 86 99
Total 84 116 200

Note.—Data are the number of CT results.
McNemar 2 result, 5.95; P = .02. The P
value indicates a significant difference, and
therefore, we reject the null hypothesis and
conclude that there is a difference between
these two modalities.

Fisher Exact Test

When sample sizes are small, the x>
test yields poor results, and the Fisher
exact test is preferred. A general rule of
thumb for its use is when either the sam-
ple size is less than 30 or the expected
number of observations in any one cell of
a 2 X 2 contingency table is fewer than
five (20). The test is called an “exact” test
because it allows calculation of the exact
probability (rather than an approxima-
tion) of obtaining the observed results or
results that are more extreme. Although
radiologists may be more familiar with
the traditional x? test, there is no reason
not to use the Fisher exact test in its
place, given the ease of use and availabil-
ity of computer software today.

In example 1, the P value resulting
from use of the x2 test was .001, whereas
the P value for the same data tested by
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TABLE 5

Incorrect Use of the x? Test for
Paired Data for the Evaluation of
Angiography versus CT (when paired
data are incorrectly treated as
independent)

Positive  Negative
Modality Result Result Total
CcT 101 99 200
Angiography 84 116 200

Note.—Data are the number of results. For
the x? test with the assumption of two inde-
pendent samples, P = .09. We would incor-
rectly conclude that there is no significant
difference between these two modalities.

using the Fisher exact test was .002. Both
tests lead to the same conclusion of lack
of homogeneity between the patient and
control groups. Intuitively, the P value
derived by using the Fisher exact test is
the probability of positive results becom-
ing more and more discrepant between
the two groups. Most statistical software
packages provide computation of the
Fisher exact test (Appendix B).

Example 3: Fisher exact test.—A radiolo-
gist enrolls 20 patients and 20 healthy
subjects in a computed tomographic (CT)
study. The CT result is classified as either
“positive” or “negative.” Table 3 shows
that 10 patients and four healthy subjects
have positive findings at CT. The null
hypothesis is that the two populations
are homogeneous in the number of pos-
itive findings seen at CT.

In this example, the sample sizes in
both the patient and control groups are
small. The Fisher exact test yields a P
value of .10. We retain the null hypoth-
esis because the P value does not indicate
a significant difference, and we conclude
that these two groups are homogeneous.
If we use the x* test incorrectly, the P
value is .05, which suggests the opposite
conclusion—that the proportions of pos-
itive CT results are different in these two
groups.

McNemar Test for Paired Data

A test for assessment of paired count
data is the McNemar test (15). This test is
used to compare two paired measure-
ments from the same subject. When the
sample size is large, the McNemar test
follows the same x? distribution but uses
a slightly different formula. Radiology re-
search often involves the comparison of
two paired imaging results from the same
subject. Ina 2 X 2 table, the results of one
imaging test are labeled “positive” and

“negative” in rows, and the results of an-
other imaging test are labeled similarly in
columns. An interesting property of this
table is that there are two concordant
cells in which the paired results are the
same (both positive or both negative) and
two discordant cells in which the paired
results are different for the same subject
(positive-negative or negative-positive).

We are interested in analyzing whether
these two imaging tests show equivalent
results. The McNemar test uses only the
information in the discordant cells and
ignores the concordant cell data. In par-
ticular, the null hypothesis is that the
proportions of positive results are the
same for these two imaging tests, versus
the alternative hypothesis that they are
not the same. Intuitively, the null hy-
pothesis is retained if the discordant pairs
are distributed evenly in the two discor-
dant cells. The following example illus-
trates the problem in more detail.

Example 4: McNemar test for paired
data.—There are 200 patients enrolled in
a study to compare CT and conventional
angiography of coronary bypass grafts for
the diagnosis of graft patency (Table 4).
Seventy-one patients have positive re-
sults with both conventional angiogra-
phy and CT angiography, 86 have nega-
tive results with both, 30 have positive
CT results but negative conventional an-
giographic results, and 13 have negative
CT results but positive conventional an-
giographic results. The McNemar test
compares the proportions of the discor-
dant pairs (13 of 200 vs 30 of 200). The
P value of the McNemar statistic is .02,
which suggests that the proportion of
positive results is significantly different
for the two modalities. Therefore, we
conclude that the ability of these two
modalities to demonstrate graft patency
is different.

Some radiologists may incorrectly
summarize the data in a way shown in
Table 5 and perform a x? test, as discussed
in example 1 (21). This is a common mis-
take in the medical literature. In example
1, the proportions compared are 101 of
200 versus 84 of 200. The problem is the
assumption that CT angiography and
conventional angiography results are in-
dependent, and thus, the paired relation-
ship between these two imaging tests is
ignored (2,21). The x? test has less power
to reject the null hypothesis than does
the McNemar test in this situation and
results in a P value of .09. We would
incorrectly conclude that there is no sig-
nificant difference in the ability of these
two modalities to demonstrate graft pa-
tency.

Hypothesis Testing Ill: Counts and Medians - 605
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HYPOTHESIS TESTING BY
USING MEDIANS

The unpaired and paired ¢ tests require
that the population distributions be nor-
mal or approximately so. In medicine,
however, we often do not know whether
a distribution is normal, or we know that
the distribution departs substantially from
normality.

Nonparametric tests were developed to
deal with situations where the popula-
tion distributions are either not normal
or unknown, especially when the sample
size is small (<30 samples). These tests
are relatively easy to understand and sim-
ple to apply and require minimal as-
sumptions about the population distribu-
tions. However, this does not mean that
they are always preferred to parametric
tests. When the assumptions are met,
parametric tests have higher testing
power than their nonparametric counter-
parts; that is, it is more likely that a false
null hypothesis will be rejected.

Three commonly encountered non-
parametric tests include the Mann-Whit-
ney U test (equivalent to the Wilcoxon
rank sum test), the Wilcoxon signed rank
test, and the sign test.

Comparison of Two Independent
Samples: Mann-Whitney U Test

The Mann-Whitney U test is used to
compare the difference between two pop-
ulation distributions and assumes the
two samples are independent (22). It does
not require normal population distribu-
tions, and the measurement scale can be
ordinal.

The Mann-Whitney U test is used to
test the null hypothesis that there is no
location difference between two popula-
tion distributions versus the alternative
hypothesis that the location of one pop-
ulation distribution differs from the other.
With the null hypothesis, the same loca-
tion implies the same median for the two
populations. For simplicity, we can re-
state the null hypothesis: The medians of
the two populations are the same. Three
alternative hypotheses are available: (a)
The population medians are not equal,
(b) the population median of the first
group is larger than that of the second, or
(c) the population median of the second
group is larger than that of the first. If we
put the two random samples together
and rank them, then, according to the
null hypothesis, which holds that there is
no difference between the two popula-
tions medians, the total rank of one sam-
ple would be close to the total rank of the
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TABLE 6
Mann-Whitney U Test for Ordinal
Data

Score
Fat
Saturation <25 25-75 >75 Total
No 8 14 2 24
Yes 3 12 7 22
Total 11 26 9 46

Note.—Data are scores from T2-weighted fast
spin-echo MR images obtained with or with-
out fat saturation. Wilcoxon rank sum test,

= .03. The null hypothesis is that the me-
dian scores for the two types of MR images
are the same. We reject the null hypothesis
and conclude that they are not the same. If
we incorrectly used the x? test, we would
conclude the opposite: x> = 5.13, P = .08.

other. On the other hand, if all the ranks
of one sample are smaller than the ranks
of the other, then we know almost surely
that the location of one population is
shifted relative to that of the other.

We give two examples of the applica-
tion of the Mann-Whitney U test, one
involving continuous data and the other
involving ordinal data.

Example 5: Mann-Whitney U test for con-
tinuous data.—The uptake of fluorine 18
choline (hereafter, “fluorocholine”) by
the kidney can be considered approxi-
mately distributed normally (23). Let us
say that some results of hypothetical re-
search suggest that fluorocholine uptake
above 5.5 (percentage dose per organ) is
more common in men than in women. If
we are only interested in the patients
whose uptake is over 5.5, the distribution
is no longer normal but becomes skewed.
The Figure shows the uptake over 5.5 in
10 men and seven women sampled from
populations imaged with fluorocholine
for tumor surveillance. We are interested
in finding out if there are any differences
in these populations on the basis of pa-
tient sex.

We can quickly exclude use of the t test
in this example, since the fluorocholine
uptakes we have selected are no longer
distributed normally. The null hypothe-
sis is that the medians for the men and
women are the same. By using the Mann-
Whitney U test, the P value is .06, so we
retain the null hypothesis. We conclude
that the medians of these two popula-
tions are the same at the .05 significance
level, and therefore, men and women
have similar renal uptake of fluorocho-
line. If we had incorrectly used the t test,
the P value would be .02, and we would
conclude the opposite.

Male Patients Female Patients
Uptake  Rank | Uptake Rank

5.50 1 5.63 2
5.65 3 6.39 7
5.71 4 7.67 12
5.74 5 9.21 14
5.75 6 9.86 15
6.58 8 10.18 16
6.59 9 13.89 17
7.33 10

7.40 11

8.41 13

Mann-Whitney U test result for continuous
data (fluorocholine uptake over 5.5 [percent-
age dose per organ| in human kidneys), P =
.06. We retain the null hypothesis that there is
no difference in the medians, and we conclude
that the fluorocholine renal uptake in men
and women is similar at the .05 significance
level (the marginal P value suggests a trend
toward a significant difference). If we had in-
correctly used the t test, we would have con-
cluded the opposite: P = .02.

Example 6: Mann-Whitney U test for or-
dinal data.—A radiologist wishes to know
which of two different MR imaging se-
quences provides better image quality.
Twenty-four patients undergo MR imag-
ing with a T2-weighted fast spin-echo se-
quence, and 22 other patients are imaged
with the same sequence but with the ad-
dition of fat saturation (Table 6). The im-
age quality is measured by using a stan-
dardized scoring system, ranging from 1
to 100, where 100 is the best image qual-
ity. The null hypothesis is that the me-
dian scores are the same for the two pop-
ulations. In the group imaged with the
first MR sequence, the images of eight
subjects are scored under 25, those of 14
subjects are scored between 25 and 75,
and those of two subjects are scored
above 75. In the group imaged with the
fat-saturated MR sequence, there are
three, 12, and seven subjects in these
three score categories, respectively.

In this example, each patient’s image
score is classified into one of three ordi-
nal categories. Since the observations are
discrete rather than continuous, the f test
cannot be used. Some researchers might
consider the data in Table 6tobea 2 X 3
contingency table and use a x statistic to
compare the two groups. The P value cor-
responding to the x? statistic is .08, and
we would conclude that the two groups
have similar image quality. The problem

Applegate et al
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TABLE 7
Wilcoxon Signed Rank Test for Paired Comparisons of Ring Enhancement
between Two Spin-Echo MR Sequences

MR Sequence*

Absolute
T1- Fat-saturated Value of
Case No. weighted T1-weighted Difference’ Difference¥ Rank®
1 45 43 -2 2 5
2 45 42 -3 3 8
3 49 47 -2 2 5
4 50 47 -3 3 8
5 49 48 -1 1 3
6 44 50 6 6 13.5
7 42 98 56 56 20
8 49 47 -2 2 5
9 39 44 5 5 11
10 42 42 0 0 1.5
11 44 54 10 10 18
12 47 53 6 6 13.5
13 42 53 11 11 19
14 45 54 9 9 16.5
15 44 48 4 4 10
16 41 47 6 6 13.5
17 45 54 9 9 16.5
18 50 47 -3 3 8
19 51 51 0 0 1.5
20 42 48 6 6 13.5

Note.—Wilcoxon signed rank test, P = .02. The null hypothesis is that the median of the paired
population differences is zero. The Wilcoxon signed rank test result indicates a significant differ-
ence, and therefore, we conclude that the enhanced fat-saturated T1-weighted MR sequence
showed ring enhancement better than did the conventional enhanced T1-weighted MR sequence.
If we had incorrectly used the paired t test, the P value would be .07, and we would have had the
opposite conclusion. Like the t test, the sign test produced a P value of .50, and the conclusion
would be that the two sequences are the same.

15.

* Data are image quality scores on MR images after contrast material administration.

T Difference in enhancement values between MR sequences.

* Rank of the absolute values of the differences; when there is a tie in the ranking, an average
ranking is assigned—for example, rank 16.5 rather than ranks 16 and 17 for the tied case numbers
14 and 17; and rank 13.5 for the four cases (6, 12, 16, and 20) that compose ranks 12, 13, 14, and

is that the three image quality score cat-
egories are only treated as nominal vari-
ables, and their ordinal relationship is
not accounted for in the x2 test. An alter-
native test that allows us to use this in-
formation is the Mann-Whitney U test.
The Mann-Whitney U test yields a P
value of .03. We reject the null hypothe-
sis and conclude that the median image
scores are different.

Comparison of Paired Samples:
Wilcoxon Signed Rank Test

The Wilcoxon signed rank test is an
alternative to the paired t test. Each
paired sample is dependent, and the data
are continuous. The assumption needed
to use the Wilcoxon signed rank test is
less stringent than the assumptions
needed for the paired f test. It requires
only that the paired population be dis-
tributed symmetrically about its median
(24).

The Wilcoxon signed rank test is used
to test the null hypothesis that the me-
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dian of the paired population differences
is zero versus the alternative hypothesis
that the median is not zero. Since the
distribution of the differences is symmet-
ric about the mean, it is equivalent to
using the mean for the purpose of hy-
pothesis testing, as long as the sample
size is large enough (at least 10 rankings).

We rank the absolute values of the
paired differences from the sample. With
the null hypothesis, we would expect the
total rank of the pairs whose differences
are negative to be comparable to the total
rank of the pairs whose differences are
positive. The following example shows
the application of the Wilcoxon signed
rank test.

Example 7: paired data.—A sample of 20
patients is used to compare ring enhance-
ment between T1-weighted spin-echo
MR images and fat-saturated T1-weighted
spin-echo MR images obtained after con-
trast material administration (Table 7).
We notice that the image quality scores
on fat-saturated T1-weighted spin-echo

MR images in case 7 is 98, which is much
higher than the others. As a result, the
difference in values between the two se-
quences is also much higher than that for
the other paired differences. It would be
unwise to use a paired f test in this case,
since the t test is sensitive to extreme
values in a sample and tends to incor-
rectly retain a false null hypothesis as a
consequence. The nonparametric tests
are more robust to data extremes, and
thus, the Wilcoxon signed rank test is
preferred in this case. The null hypothe-
sis states that the median of the paired
MR sequence differences is zero. The Wil-
coxon signed rank test provides a P value
of .02, so we reject the null hypothesis.
We conclude that the fat-saturated MR
sequence showed ring enhancement bet-
ter than did the MR sequence without fat
saturation. If we had incorrectly used the
paired t test, the P value would be .07,
and we would have arrived at the oppo-
site conclusion.

Comparing Paired Samples:
Sign Test

The sign test is another nonparametric
test that can be used to analyze paired
data. Unlike the Wilcoxon signed rank
test or the paired t test, this test requires
neither a symmetric distribution nor a
normal distribution of the variable of in-
terest. The only assumption underlying
this test is that the data are continuous.
Since the distribution is arbitrary with
the sign test, the hypothesis of interest
focuses on the median rather than the
mean as a measure of central tendency.
In particular, the null hypothesis for
comparing paired data is that the median
difference is zero. The alternative hy-
pothesis is that the median difference is
not, is greater than, or is less than zero.
This simplistic test considers only the
signs of the differences between two mea-
surements and ignores the magnitudes of
the differences. As a result, it is less pow-
erful than the Wilcoxon signed rank test,
and a false null hypothesis is often not
rejected (295).

SUMMARY

Hypothesis testing is a method for devel-
oping conclusions about data. Radiology
research often produces data that require
nonparametric statistical analyses. Non-
parametric tests are used for hypothesis
testing when the assumptions about the
data distributions are not valid or when
the data are categorical. We have dis-
cussed the most common of these sta-
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tistical tests and provided examples to
demonstrate how to perform them. For ra-
diologists to properly weigh the evidence
in our literature, we need a basic under-
standing of the purpose, assumptions,
and limitations of each of these statistical
tests. Understanding how and when
these methods are used will strengthen
our ability to evaluate the medical litera-
ture.

APPENDIX A

The x? formula is based on the following

equation:
(Fo — Fe)?
2 = _

X 2[ Te , (A1)
where Fo is the frequency observed in each
cell, and Fe is the frequency expected in
each cell, which is calculated by multiply-
ing the row frequency by the quotient of
the column frequency divided by total sam-
ple size.

APPENDIX B

Examples of statistical software that is easily
capable of calculating x* and McNemar sta-
tistics include SPSS, SAS, StatXact 5, and
Epilnfo (Epilnfo allows calculation of the
Fisher exact test and may be downloaded at
no cost from the Centers for Disease Control
and Prevention Web site at www.cdc.gov).
Other statistical Web sites include fonsg3
det.uva.nl/Service/Statistics.html, department
.obg.cuhk.edu.hk/ResearchSupport/WhatsNew
.asp, and www.graphpad.com/quickcalcs

608 - Radiology - September 2003

/Contingencyl.cfim (all Web sites accessed
January 30, 2003).
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