Riostatis ics & Epid-m'ngy

Marc B.Schenker, MD, MPH

It is apparent to anyone who reads the medical literature
today that some knowledge of biostatistics and epidemi-
ology is a necessity. This is particularly true in occupa-
tional and environmental health, in which many of the
findings are based on epidemiologic studies of subjects
exposed to low levels of an agent. Research has become
more rigorous in the arca of study design and analysis,
and reports of clinical and epidemiologic research con-
tain increasing amounus of statistical methadology, This
Appendix provides a brief introduction to some of the
basic principles of biostacistics and epidemiology.
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Data collected in medical research can be divided
into three types: nominal (categorical), ordinal, and
continuous.

Nominal (categorical) data are those that can be
divided into two or more unordered categories, such as
gender, race, or religion. In occupational medicine, for
example, many outcome measures, such as cancer rates,
are considered separately for different gender and race
categories.

Ordinal data are different from nominal dara in that
there is a predetermined order underlying the catego-
ries. Examples of ordinal data include clinical severiry,
socioeconomic status (SES), or ILO (International
Labor Office) profusion category for pneumoconiosis
on chest radiographs.

Both nominal and ordinal data are examples of dis-
crete data. They take on only integer values.

Continuous data are data measured on an arithmeric
scale. Examples include height, weight, blood lead
levels, or forced expiratory volume. The accuracy of the
number recorded depends on the measuring instru-
ment, and the variable can take on an infinite number
of values within a defined range. For example, a per-
son’s height might be recorded as 72 inches or 72.001
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inches or 72.00098 inches depending on the accuracy
of the measuring instrument,

Summarizing Data

Once research data are collected, the fisst step is to
summarize them. The two most common ways of sum-
marizing data are measures of location, or central ten-
dency, and measures of spread, or variation.

A. MEASURES OF CENTRAL TENDENCY:

1. Mean—The mean (%) is the average value of a set of
interval data observations. It is computed using the fol-
lowing equation:

n
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where # is sample size and x; is a random variable, such
as heighe, withi=1,.. ., 7

The mean can be strongly affected by extreme values
in the data. If a variable has a faitly symmetric, or bell-
shaped, disttibution, the mean is used as the appropri-
ate measure of central tendency.

2. Median—The median is the “middle” observation,
or 50th percentile; that is, half che observations lie
above the median and half below. It can be applied ro
interval or ordinal data. When there is an odd number
of observarions, the median is metely the middle obser-
vation. For example, for the following series of observa-
tions of subjects” weights (in pounds): 124, 138, 139,
152, and 173, the median is 139. When there is an
even number of observations, the median is the mean of
the two middle numbers. Using a similar example of
subject weights, for the following series of weights: 124,
138, 139, 152, 173, and 179, the median is (139 +
152)/2 = 145.5. The median does not have the mathe-
matical niceties of the mean, but it is not as susceptible
as the mean to exrreme values. If the variable being
mcasured has a distribution thar is asymmetric or
skewed—thar is, if there are a few extreme values at one
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Figure A-1. Frequency distribution of subjects by
blood lead category.
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end of the distribution-~the median is a better descrip-
tor than the mean of the “center” of the distribution.

3. Mode—The mode is the most frequently occurring
observarion, It is used rarely, excepr when there are a
limited number of possible outcomes.

4. Frequency distribution—In discussing measures
of lacation or spread, we often refer to the frequency
distribution of the data. A frequency distribution con-
sists of a series of predetermined intervals (along the
horizontal axis) together with the number (or percent-
age) of observations whose values fall in that interval
(along the vertical axis). An example of a frequency dis-
tribution is presented in Figure A-1.

B. MEASURES OF VARIATION:

1. Range—The range is the simplest measurement of
variation and is defined as the difference between the
highest and lowest values. Disadvantages of the range
are that it is sensitive to a single extreme value, and it
tends to increase in value as the number of observations
increases. Furthermore, the range does not pravide
information about the distitbution of values within the
set of data. The interquartile range (25-75th percen-
tiles) is sometimes used because it is less influenced by
extreme values,

2. Variance—The sample variance (s%) is a measure of
the dispersion about the mean arrived at by calculating
the sum of the squared deviations from the mean and
dividing by the sample size minus 1. The equation for
deriving sample variance is as follows:

n —
2,0 -5
§2 = L=

n-1

Variance can be thought of as the average of squared
deviations from the mean, or more simply, variance

tells you how spread out the distribution of the observa-
tions is.

3. Standard deviation—The sample standard devia-
tion (s) is equal to the square root of the sample vari-
ance. Basically, it tells you how tightly clustered all
the observations are around the mean of a set of
data.

See Table A1 for examples of the calculation of
mean, median, mode, variance, and standard deviation.

Variability in data may be a result of the natural dis-
tribution of values or of random factors produced by
errors in measurement. The varsiance or standard devia-
tion does not distinguish between different sources of
variability.

Table A-1. Calculation of mean, median, mode,
variance, and standard deviation (n = 10 workers).

x;= Number of Years of Exposure to Asbestos.

Worker X =% bg-x?
1 X, =40 -2 484
2 X, =45 -17 289
3. X =50 -12 144
4, X, =50 -2 144
5, X =6.0 02 004
6. X, =65 +03 0.09
7. % =70 +08 064
8, X=75 +13 169
9, %5 =80 +18 3.4
10. Xio=85 +23 529
Total: Ix=620 B(x-x2=216
Mean: ¥ = £20 6.2
10

Varlance = Z(x-x)%{n-1)=21.6/9=24
Standard deviation =v2.4= 155
Median:
1. Order the observations from lowest to highest.

2. Median="%4 [[g—] observation + [[g—] + 1]

observation | = 1/2{5th observation + 6th observation)

3. Therefore, median="{6.0 +6.5) =6.25

Mode:
Most commonly occurring observation is 5.0, because it occurs
twice and all other observations occur once.



Sample versus Population
Descriptive Statistics

The dlescriptive statistics discussed thus far are sample
estimates of true population values or parameters.
Because we usually do not have the resources to meas-
ure the variables of interest on entire populations, we
instead select a sample from the population of interest
and then estimate the population mean from the sam-
ple mean or the population variance from the sample
variance. The population mean usually is represented
by the Greek letter B and the population variance by
the Greek lecter % One almost never knows the true
population values for these paramerers and is almost
always conducting sample surveys to estimate them.

The Normal Distribution

The most important continuous probability distribu-
tion is the normal, or Gaussian, distribution, also
known as the bell-shaped curve. Many quantitative vari-
ables follow a normal distribution, and it plays a central
role in statistical tests of hypotheses. Even when one is
sampling from a population whose shape departs from
the normal distribution, under certain general condi-
tions, it still forms the basis for statistical testing of
hypotheses.

We often transform data to make them more nor-
mal in distribution. The normal distribution has sev-
eral nice properties that make it amenable to statistical
analysis, and variables that follow a normal distribu-
tion are for that reason preferred. For example, in
occupational exposure studies, the log dose often is
used rather than the actual dose because the log dose
more closely approximates a normal distribution. A
particular normal distribution is defined by its mean
and variance (or standard deviation). Two normal dis-
eributions with different means but the same variance
will differ in location bur not in shape (Figure A-2).
Two normal distributions with the same mean but dif-
ferent variances will have the same location but differ-
ent shapes or “spreads” about the mean value (Figure
A-3). Note that the normal distribudion is unimodal

Figure A-2, Two normal distributions with different
means but identical standard deviations.
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Figure A-3. Two normal distributions with identical
means but different standard daviations.

{has one value occurring most frequently), bell-shaped,
and symmetric about the mean,

The population encompassed by one standard devia-
tion (G) on either side of the mean in 2 normally dis-
wibured population will include approximately 67% of
the observations in that population (Figure A—4); the
population between 26 on either side of the mean will
include approximately 95% of the observations; and
that between 3c on either side of the mean encom-
passes more than 99% of the observations in the popu-
lation (see Figure A—4). This praperty of the normal
distribution is particularly useful when a researcher or
clinician Is trying to identify patients with high or low
values in response to a certain test. If one knows the
mean for that particular test and has 2 good estimare of
what the standard deviation is, the range within which
one would expect (let us say) 95% of patients to fall can
be determined, and a patient with values outside this
range might need to be examined further.

To use this property of the normal distribucion, the
sample should be large enough to provide reasonably
certain estimates of the mean and standard deviation.

Example I: If the mean hematocrit value in a clinical
population is 429 with a standard deviation of 3%—
and assuming hematacrit values follow a normal dis-
tribution—aone would expect 95% of the clinic popu-
lation to have hematocrit values between 42% + (2x
39) or (36, 48)%. A patlent falling outside this range
could be identified for further testing.

Another principle relevant to the normal distribu-

tion is the central limit theorem, which helds that no
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Figure A-4. Standard normal distribution.
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maccer what the underlying distribution of x, the partic-
ular variable of interest, the sample mean () will have a
normal distributon if the sample size (n) is large
enough. Thus, if # itsclf comes from a population with
a mean value i and population standard deviation s,
then % (calculated from a sufficiendy large sample of
size #) will have 2 normal discribution with the same
population mean |l and a smaller population standard
deviation equal to o/¥n. One then can test hypothescs
concerning the sample mean ¥ because it is known to
have a normal distribution, and its mean and standard
deviarion are also known. The standard deviation of % is
called the standard error of the mean (SEM).

Because one is usually concerned with estimating the
true population mean p from the sample mean % it is
important to know how good an estimate the sample
mean is of the true mean. Every time a sample of size # is
selected from the population and % is caleulated, a differ-
ent value for ¥ will be obtained and thus a differen esti-
mate of pt. If this were done over and over again and
many ¥ values were generated, the ¥ values themselves
would have a normal distribution centered on with stan-
dard deviation equal to o In practice, one daes not
calculate several % values to estimate Jt; only one is calcu-
lated. The SEM quantifics the certainty with which this
one sample mean estimates the population mean. The
certainty with which one estimates the population mean
increases with sample size, and it can be seen that the
standard error decreases as n increases. It also can be seen
that the standard error increases as o increases. This
means that the more variability in the underlying popula-
tion, the more variable will be the estimate of . The
“true” SEM is 6/N#, and the sam ple estimate of the stan-
dard error of the mean is s/n, where s is the sample stan-
dard deviation. An investigator wanting a more precise
estimate of the mean (smaller SEM) could either increase
the sample size 7 or try to decrease o,

Many investigators summarize the variability in
their data with the standard error because it is smaller
in value than the standard deviation. However, the
standard error does not quantify variability in the popu-
lation; it quantifies the uncertainty in che estimate of %,
the population mean. An investigator describing the
population sampled should use the standard deviation
to describe that population. The SEM is used in testing
hypatheses about the population mean.

Example II: Suppose that blood lead is measured in
20 patients, Assume that the sample mean (%) equals
20 ug/dL and that the sample standard deviation (s)
equals 5 ug/dL with a sample size (n) of 20. If blood
lead has a normal distribution in this sample, one
would expect 95% of the population to lie within 2s of
the mean, Thus, If the investigator's sample was a
representative one, 95% of the population will have
blood leads between 20 + (2 x 5) (i.e, between 10and

30 pg/dL). These numbers quickly summarize the dls-
tribution and give the reader a range against which
to compare the reader's own patients. However,
investigators often summarize their data with the
mean and the standard error of the mean and report,
“Blood lead in this sample population was 20 * [2 x
(5A20)1.” This would lead a reader to believe that
95% of blood lead values are expected to fall between
17.8 and 22.2 pg/dl. if one did not know the differ-
ence between the standard deviation and the stan-
dard error of the mean. In reality, 17.8 and 22.2 ug/dl.
describe a quantity known as the 95% confidence
interval for the true mean blood lead ; it does not
describe a range of expected values. The reader of the
report usually wishes to compare a patient’s blood
lead with an expected range of values for blood lead,
that is, the mean £ 2s.

INFERENTIAL STATISTICS

In general, there are two steps to be followed in dara
analysis. The first is to describe the data by using
descriptive statistics such as the mean, median, vari-
ance, and standard deviation, The second step is to test
specific hypotheses that were formulated before con-
ducting the research project. This is done by formulat-
ing a null hypothesis and an alternative hypothesis,
where the null hypothesis is “no difference exists” and
the alternative hypothesis is “difference exists.”

An example of a null hypothesis might be, “There is
no difference in pulmonary function between groups of
underground miners and surface minets.” The alterna-
tive hypathesis would be, “There is a difference between
the two groups.”

Once the hypotheses are formulated, the appropriate
statistical test can be performed. Some of the most
commonly used methods are discussed below.

The Case of Two Groups: The t-Test

In many instances an investigacor s interested in com-
paring two groups to determine whether they differ on
average for some continuous variable. For example, an
investigator might be interested in determining whether
exposure to organic solvents has an effect on psychomo-
tor performance such as reaction time. To do this, one
would select a sample of a group of industrial painters
who are exposed to such solvents and compare their test
pecformances with those of a group of workers not
exposed to such solvents. Obviously, even if there are
truly no differences beeween two employee graups in
how they perform on such a test, the sample mean test
scores probably will be unequal simply because of ran-
dom fluctuarion.

The main question is, “Are the differences larger
than one would expect by chance if there truly is no dif-



ference in the reaction times?"—that is, do the samples
come from one underlying population, not two? The
null hypothesis in this situation is that the true mean
reaction trime in the painter group cquals the true mean
reaction time in the nonpainter group.

The alternative hypothesis is that the underlying
true means are unequal. This is usually called a zwo-
sided alternative hypothesis because we are not specify-
ing the direction of the inequality. In the example, aver-
age reaction time in the painter group might be faster
or slower than average reaction time in the nonpainter
group. Differences in either direction are examined by
testing the null hypothesis.

The appropriate statistical test in this situation is the
two-sample #-test. Two independent samples have been
drawn; thar is, the individuals in one sample are inde-
pendent of the individuals in the other. The rtest has
the following form:

e Xy-X,
T SE(x;~X3)

where %, is the sample mean in group 1 and %, is the
- sample mean in group 2.

Note that the numerator is the difference of sample
means, and the denominator is the standard error of
this quantity. Dividing by the standard error standard-
izes the difference in sample means by the variability
present in the data. If the difference in the means was
very large but the data from which it was calculated
were highly variable, the f-statistic would reflect this
and would be adjusted accordingly.

Use of the #statistic assumes thar the rwo samples
have the same underlying population variance 5,% Thus
a pooled estimate of the variance is calculated and sub-
stituted into the fstatistic. This pooled estimate 5,,2 has
the following form:

2 (n.,—‘l)sfl—s—(nz—ﬂsz2

§. =
P {ny+my-2)

Therefore, the two-sample rstatistic is as follows:

X=Xy

Note that the pooled estimate of the variance is sim-
ply a weighted average of the variances from sample 1
and sample 2. Thus, if one sample is much larger than
the other, more weight is given to its estimate of o?
because it is assumed to be more reliable given that it is
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based on a larger sample size. Note further that if the
two samples are of equal size, the pooled variance is
simply the sum of the two sample variances divided by
2. From the format of the #test, one can see thar if the
two sample means are similar in value, the numerator of
¢ will be close to zero—and consequently, the value of #
would be small—leading to the conclusion that the null
hypothesis is true and thar there is probably only one
underlying distribution from which the two samples
come. If one obtains a large value for the rstatistic, it is
likely that the two samples come from two different
underlying distributions, and one therefore would want
to reject the null hypothesis.

How large does ¢ have to be to reject the null hypoth-
esis? Tables of the t-statistic indicate what value of ¢
would cause the null hypothesis to be rejected. Even
when the null hypothesis is true and there really is no dif-
ference between the groups being compared, there is, the
possibility that a large value of ¢ might occur owing to
random chance alone. One would like the probability of
this occurrence to be small, that is, less than 5%.

To find the proper cutoff value of # (to reject the
null hypothesis) for a particular study, ic is necessary to
know the number of degrees of freedom. The degrees of
freedom are equal to (7, + 1, — 2). This may be thought
of as the number of observations that are free to vary
once the mean is known. Once the degrees of freedom
are known, the value of ¢ may be obtained from the ¢
table and compared with the #-statistic calculated in the
study. If the study #-statistic is larger than the tabled
cutoff value, one can conclude thar this is unlikely to
have happened under the null hypothesis, which is
therefore rejected.

Bear in mind that the alternative hypothesis was the
two-sided alternative, meaning that the two group
means were simply different but not specifying the
direction of the difference. Consequently, in the s-table,
two cutoff points actually are obtained because both
very large negative and very large positive values of zare
of interest. The sdistribution is symmenic, so the two
cutoff points are simply £¢. If the study rvalue is larger
than +¢ or smaller than — the null hypothesis is
rejected.

Example [IT gives the flavor of the #test and how it
is used.

Example lll: Two-sample t-tests, The following tabu-
lation presents the mean change In plasma cholines-
terase concentration from baseline levels for 15 pesti-
cide applicators and 14 unexposed controls.

Mean Decline Standard

N {%) Deviation
Applicators 15 25 11
Controls 14 10 8




794 | APPENDIXA

Do the data present sufficient evidence from which
to conclude that the mean decline in cholinesterase is
different for the two groups?

The null hypothesis is that there is no difference in
cholinesterase change between the two groups. The
alternative hypothesis is that there is a difference in
cholinesterase change between the two groups.

First calculate s %

2 _ {m—1)s? +(n, —1)s?

P (n+ny—-2)

5

_(15-1)11* +(14-1) 82
(15+14-2)

=90.21

Substitute into the formula for t:

25-10

B

Therefore, t=4.25and df=n,+n,-2=27.

The study t-value of 4.25 with 27 degrees of free-
dom is compared with the tabled t value of +2.05,
which has a 5% chance of occurring when the null
hypothesis is true, Because +4.51 is larger than +2.05,
the null hypothesis is rejected; that Is, there is a statis-
tically significant difference in the mean change in
plasma cholinesterase from baseline between the
two study groups. In other words, this difference is
uniikely to have occurred by chance.

This result also can be expressed as the confidence
interval or maximum range of the true change in
cholinesterase. In this case, the 95% confidence inter-
val is 16.5-33.5. Stated another way, the probability
is approximately 0.95 that the true mean decline in
plasma cholinesterase concentration in the applica-
tors is within the range 16.5-33.5,

Paired t-Test

The preceding discussion concerns the two-sample &
test and is appropriate for the situation in which two

independent groups are being compared. Another com-
mon situation occurs when there are paired samples;
that is, the two observations are not independent of one
another.

For example, suppose thac a researcher is measur-
ing change in pulmonary function [e.g., forced expi-
ratory volume in 1 second (FEV)] over a work shift
and there are 20 subjects in the study (see the exam-
ple below). The researcher would measure FEV,
among the subjects before and after the work shift.
Clearly, the before and after measurements are not
independent, and one would like to take advanrage
of the fact that all individual (nonexposure) charac-
teristics have been controlled. To do this, the differ-
ence in FEV, (before — after) is calculated for each
subject. Because the difference is the only observa-
tion made per subject, the dara set now has gone
from 40 observations (2 per subject) to 20 observa-
tions (1 per subject). If there is no effect of work
shift on FEV|, one would expect the difference in
FEV, for each subject to be small in value or close to
zero. If the null hypothesis is not true and work shift
exposure does change FEV|, the differences will not
be close to zero. The #-statistic calculated in this situ-
ation is known as the paired t-statistic and has the
following form:

t=— 2
(SD/‘\/;)

where D = & = average difference and
n

sp = standard deviation of dlfferences.

The appropriate null hypothesis is that the true
mean of the differences is zero, and the appropriate
alcernative hypothesis is that the true mean of the dif-
ferences is not zero. Again, it is a two-sided alternative,
and one is looking for large positive or large negative
differences. Small absolute values of the #statistic
would indicate that the null hypothesis is probably
true, and large absolute values of £ would lead to rejec-
tion of the null hypothesis. One goes to the #table or
computer program to determine how large a value of ¢
is necded to reject the null hypothesis. To obrain the
correct value, one needs ro know the appropriate
degrees of freedom. In the paired ¢ situation, there are
n — 1 degrees of freedom, or the number of pairs
minus one.



Common Errors in Use of the t-Test

EXAMPLE: Paired t-test

A study of painters involved measuring pulmonary func-
tion (FEV, liters) at the beginning (A} and end (B) of a work
shift. The results were as follows:

Case# A, B, D=(A-B) (D,-D) (D,-D}
1 314 301 0.13 010 0010
2 285 280 0.05 002 0,000
3 250 230 0.20 017 0029
4 301 315 014 -017  0.029
5 155 155 000  -003 0001
6 221 215 0.06 003 0001
7 281 268 0.13 010 0010
8 325 334 -009  -012 0014
9 266 256 010  -007 0029
10 195 190 0.05 -002 0,000
1 350 346 0.04 001 0.000
12 395 406 -0 -014  0.020
13 410 390 0.20 017 0029
14 360 356 0.04 001 0,000
15 280 290 -010  -013 0017
16 250 250 000  -003 0001
17 210 216 -006  -009 0,008
18 370 361 009 006 0004
19 292 286 0.06 003  0.001
20 331 342 -0n -0.14 0020

054 0.198

0.027
=1.18

D
t= =
(sDI‘\/;) 0.102/~/20

Compare the calculated t of 1.18 to the tabled t of 2.093.
Since the calculated t is less than the tin the table, the null
hypothesis {of no change in function over work shift) is not
rejected.

A common mistake made with the ¢-test is known as
the nmultiple-comparison problem. The problem arises
when an investigaror has several groups to compare and
proceeds to compare them in groups of two, using the
r-test each time. In other words, group 1 is compared
against group 2 using the rtest, then group 2 against
group 3, then group 1 againsr group 3, and so on. The

BIOSTATISTICS & EPIDEMIOLOGY / 795

problem with proceeding in this fashion is that overall
there is ore than 2 5% chance of erroneously rejecting
the null hypothesis even though there is only a 5%
chance of making this mistake with each individual
comparison. This increased probability of making 2
mistake occurs because multiple tests increase the likeli-
hood that an error will occur, Thus the chance of erro-
neously rejecting a null hypothesis is greater than the
5% risk of mistakenly rejecting each comparison taken
by itself, even if all the hypotheses are true. There are
many ways of adjusting for this situation, known as
multiple-comparison procedures, What is imporeant to
remember is that if one does enough of such two-group
comparisons, the probability of rejecting the null
hypothesis incorrectly at least once increases with the
number of such comparisons made and can be quite a
bit greater than 5% unless the investigator uses an
appropriate adjustment for multiple comparisons.

Analysis of Variance (ANOVA)

When the variables under study are continuous in
nature and there are more than two groups being stud-
ied, the investigator usually is concerned with whether
the means in the groups are different from one another.
An appropriate statistical method to answer this ques-
tion is to use analysis of variance (ANOVA).

Suppose that one were studying three groups of
workers occupationally exposed to three different gases.
One might want to test whether the particular gases
affect mean FEV| levels differently in the three groups.
In this example, individual FEV, values would be
adjusted for nonexposure determinants (i.e., age, gen-
der, height, or race), The null hypothesis is chat the
group means for FEV are equal, that is, that a particu-
lar exposure has no effect on FEV, values. Obviously,
there will be differences between the sample means in
each group owing to random Huctuations in FEV,
amonyg individuals.

Are the differences observed in the sample means
merely a result of random fluctuations, or are they a
consequence of true differences in FEV, caused by the
gas exposures? To answer this question, one examines
whether the data are consistent with the assumption
that the gas exposure has no effect and that the three
groups are really random samples from the same under-
lying population. The null hypothesis assumes thar any
observed differences in the sample means and standard
deviations are due simply to random sampling
ANOVA tests this null hypothesis by estimating the
true population variance in two different ways and
comparing these rwo estimates of the variance, If the
three samples do indeed come from the same underly-
ing population, these two estimates of the variance will
be very close in value. If the three samples do nor all
come from the same underlying population, these nwo
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estimates will be further apart in value, and this varia-
tion is what one hopes to detect.

Certain statistical assumptions are made when an
ANOVA test is performed on a set of data: (1) It is
assumed that groups have been randomly assigned to
receive the treatment or exposure and that the groups
are independent; {2) the underlying variance (6?) in each
group is assumed to be identical (even though the true
group means may be different and the sample variances
may differ slightly); and (3) the random variable under
study—for example, FEV,—has a normal distribution.

Conceptually, the methad of ANOVA proceeds as fol-
lows: Once the null hypothesis is formulated, the sample
variance () is computed within each exposure group, and
each of these & estimates is unaffected by differences
among the group means, These ¢ estitnates are averaged to
obtain one “within group” variance estimate. The values of
the individual exposure group means then are used to
arrive at a second “between group” variance estimate of o2
In this “berween group” estimate of %, differences (or
variability) among the group means will affect the overall
estimate of o For example, if a particular gas exposure has
no effect on FEV,, both estimates of 62 should be similar.
To test the null hypothesis, a statistic known as the F sta-
tistic is calculated. The value of Fis simply the ratio of the
“between group” variance estimate to the “within group”
variance estimate, Because both numbers estimate the
same parameter (o%), if the null hypothesis is true, the
value of F should be close to 1. If Fis significantly larger
than 1, you should reject the null hypothesis and conclude
that the exposure groups are different with regard to FEV],

How does one determine how large F must be in
order to reject the null hypothesis? Because of random
Huccuations in the duta, it is possible thac a large F statis-
tic might resule even when the null hypothesis is true.
However, one would like the chance of this happening to
be very smull. Tables of the F stacistic are available o
assist the investigaror in selecting a value of F against
which the F statistic calculated from the dara can be
compared. The tabled value of Fis one that would occur
less than approximately 5% of the time if the null
hypothesis were true. If the F statistic calculated from the
researcher’s data is larger than the one found in the table,
the results are less than 5% likely to have occurred by
random chance, even if the null hypothesis (no difference
in sumple groups) is true. Because the observed results
therefore are very unlikely to have happened by chance
under the null hypothesis, the researcher is justified in
rejecting the null hypothesis and saying that there is a
difference among the groups. The 5% curoff point is an
arbitrary one, and depending on the individual situation,
one could set the cutoff ac one or 10%; however, the
conventional cutofF point is 5%.

When one is studying more than two groups and the
data involved are continuous (e.g,, FEV, or blood lcad
concentracion) and the question of interest is whether the

groups all come from the same underlying population—
that is, have the same mean for the variable of interest—
ANOVA is the most appropriate method to use for ini-
tial testing of the null hypothesis. If one fails to reject the
null hypothesis with the F statistic, no further tests of the
null hypothesis are necessary. There are no differences
among groups. On the other hand, if one performs
ANOVA on the data and rejects the null hypothesis,
then differences in the outcome (FEV; or blood lead
level) among the study groups associated with the partic-
ular exposure may exist. One then can use multiple-com-
parison tests to identify exactly which group or groups
are significantly different.

This is a simplified discussion of ANOVA meant
only to introduce the concept of this important statis-
tical method. We have not provided enough derails
for the reader to be able to perform this test accu-
rately. The purpose is to identify situations in which
ANOVA is appropriate as an initial analytic procedure
(see References).

Analyzing Rates & Proportions:
The Chi-Square Test

Tn preceding sections we described methods of analysis
for continuous types of data. This section begins a dis-
cussion of the analysis of categorical data. The follow-
ing table of cigarette smoking history and lung cancer
cases and controls (persons without cancer) presents an
example of categorical data.

Lung Cancer Controls
Cigarette smokers 450 225
Nonsmokers 20 25
Total 470 450

[t is immediately apparent, without doing any statis-
tical tests, that there is an association of cigarerte smok-
ing and lung cancer. The row variable, cigarette smok-
ing, is associated with the column variable, lung cancer.
A simple calculation of the proportions of lung cancer
cases and control cases who smoked confirms this asso-
ciation. Of the lung cancer cases, 450/470 = 95.7%
smoked cigaretces, whereas 225/450 = 50% of the con-
trols smoked cigarettes.

However, suppose that the table was of mesothe-
lioma (a very rare type of lung cancer) and cigarette
smoking, and the following results were obtained:

Mesothelioma Controls
Cigarette smokers 80 200
Nonsmokers 40 104

Total 120 304




In this example, the ratio of cigarette smokers to
nonsmokers among the mesothelioma cases (80/120 =
66.6%) and the controls (200/304 = 65.8%) is nearly
the same, with approximately twice as many smokers as
nonsmolkers for both the case and control groups. In
this case, one would say thac there is no association
between the column variable (mesothelioma) and the
row variable (cigarette smoking). The null hypothesis in
this example would be that there is no association
berween mesothelioma and cigarette smoking, and one
could not reject the null hypothesis owing to the simi-
larity of the proportions of smokers in the mesothe-
lioma and the control groups.

Most situations with categorical data are not as
clear-cut as these two examples. In most cases, one can-
not simply “eyeball” the data to determine whether the
two variables are independent or not, The statistical test
one uses to determine whether or not there is an associ-
ation in such dara is known as the chi-square test, Exam-
ple IV is a sitvation in which the chi-square test is

applied.

Example IV: Three groups of farm workers are stud-
jed for the occurrence of new skin rashes during the
growing season. The three groups are involved in
growing and harvesting (1) grapes, (2) citrus crops,
and (3) tomatoes. The workers are followed for the
growing season, and the occurrence of new rashes in
the three groups is compared to determine if there is
an association between exposure (crop) and out-
come (rash).

Crop 1, N = 100

Crop 2, N = 200

Crop 3, N = 200

Exposure (Crop)

Response 1 2 3 Total
Rash 30 40 32 102
Norash g0 0 e 3%
Total 100 200 200 500

The null hypothesis in this situation is again the
hypothesis of “no difference,” only it is phrased as no
association berween the row variable (rash) and the col-
umn variable (crop).

One can quickly compute from the table that the per-
centage working on crop 1 with a rash is 30/100 = 30%;
on crop 2, it is 40/20 = 20%; and on crop 3, it is 32/200
= 16%. By just quickly observing the dara, one might
think that crop 1 is different from crops 2 and 3. How-
ever, the null hypothesis is that there is no association
berween crop worked and rash development. Thus the
question is whether the observed differences in response
are simply a resulc of random variation in the data or are
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larger than one would expect by chance alone if the null
hypothesis were true. To test this, a chi-square statistic is
calculated, As with the #test and Fetest, one determines
whether this chi-square value is unlikely to have occurred
by chance alone under the null hypathesis. The calcula-
tion of the chi-square involves first determining an
“expected” value for each cell in the table. The expected
value is the value one would “expect” to see in the cell if
there were no association between row (rash) and column
(crop exposure) variables, that is, that value one would
“expect” to see if the null hypothesis were true. The
expected value is obtained as follows.

According to the null hypothesis, we would expect
the same proportion to develop a rash in each group.
If this is crue, the best estimate of the expected pro-
portion with rashes in each exposure group comes
from the overall information given by the toral num-
ber of wotkers with rashes divided by the total num-
ber of workers in the study; that would be 102/500 =
0.204. Then, for crop 1, one expects that 0.204 of the
100 people in crop exposure group 1 will develop
rashes, that is, 20.4 people; for crop 2, one expects
that 0.204 of the 200 people working with crop 2 will
develop rashes, that is, 40.8 people; and for crop 3,
one expects that 0.204 of the 200 people will develop
rashes, that is, 40.8 people. In otfu:r words, because
under the null hypothesis there is no association
between exposure and percentage developing a rash,
one expects the same percentage to respond favorably
(or unfavorably) in each group. The expected propor-
tion of workers not developing rashes is obtained in
the same manner. The best estimate of the proportion
not developing a rash in each group is the toral num-
ber not developing a rash divided by the toral number
of workers, which equals 398/500 = 0.796. This gives
an expected frequency of 100 x 0.796 = 79.6 working
with crop 1 not developing rashes, 159.2 working
with crop 2 not developing rashes, and 159.2 working
with crop 3 not developing rashes. Pucting the
expected values in parentheses alongside the observed
values, the table now looks like this:

Exposure (Crop)

Response 1 2 3 Total
Rash 30(204) 40(40.8)  32(40.8) 102
No rash 70(79.6) 160(159.2) 168(159.2) 398
Total 700 200 200 500

To test the null hypothesis, one looks at the
observed and expected numbers in each cell to sec how
close ragether the two values are. If the values are close
together, one may decide that the null hypothesis is
true. IF they are very different, one may decide thar the
null hypothesis is not true. To decide whether the
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observed and expected values are close together, the chi-
square statistic is calculated. It has the following form:

n 2
2 _ (0, —E;)
a-3|es]

I=1

where £ is the expected value in cell 4 O; is the
observed value in cell 7, £ = 1,. .., n and 7 is the num-
ber of cells in the table.

Large chi-square values indicate a lack of agreement
between observed and expected values; small chi-square
values indicate close agreement.

How does one determine what constitutes a large chi-
square value? As in the preceding discussions about # and
Fltests for continuous data, one consults a table of chi-
square values. The table identifies the chi-square value
that would occur less than 5% of the time if the null
hypothesis (no association) were true, and this is com-
pared with the study chi-square value, If the study-chi
square is larger than the wble cutoff value, the null
hypothesis is rejected because this is known to occur less
than 5% of the time when the null hypothesis is true. If
the study chi-square value is smaller than the table cut-off
value, the null hypothesis is not rejected. Alternatively,
one could calculate the exact probability, or P value, of
the study chi-square statistic. To use the chi-square tables,
the degrees of freedom are needed to select the proper
value from the table. The degrees of freedom in the chi-
square situation are equal to (number of rows — 1) x
(number of columns — 1), When there are two rows and
three columns in a table, the degree of freedom is (2 - 1)
% (3 — 1), which equals 2 degrees of freedom. One thing
to remember is that the chi-square statistic works only
when the sample is sufficiently large. A rule of thumb is
that the chi-square test yields good resulrs when the
expected values in each cell are greater than or equal to 5.

Calculating the chi-square statistic for the preceding
example, the following results are obrained:

x2 70 -79.6)* (160 —159.2)*

79.6 159.2
8- 159.2)* (30 —20.4)*
159.2 20.4
{40 — 40.8)* {32-40.8)*
40.8 40.8
=8.08

The mbled value of chi-square to which the calcu-
lated value is compared is 5.99. Because 8.08 is larger
than 5.99, the null hypothesis is rejected.

Calculating the chi-square stadstic is only one
method for analyzing caregorical data. It is, however,

one of the most common statistical tests found in the
medical literature.

The P-Value & Statistical Significance

An important quantity in all statistical hypothesis tests is
the P-value. The P-value is the probability of observing a
pardicular study result (e.g., #statistic caleulated from
study data) by chance alone when the null hypothesis is
really true. In the examples thus far, the P-value of the
test statistic actually has been used without calculating its
exact value. The procedure has been to calculate, for
example, a #statistic from the study data. A computer
program then would compare the r-statistic observed
with the £statistic known to have a P-value of 5%.

If the value of the ¢-statistic computed for the sam-
ple is smaller than the 5% value, the null hypothesis is
not rejected. When the computed sample #-statistic has
a value larger than the 5% P-value, the null hypothesis
is rejected. The exact P-value of the sample #-statistic
also can be obtained from tabulated values so that one
can report P-values less than other cutoff values, for
example, 1% (P < 0.01). When the P-value is less than
5%, the result is commonly referred to as being srazisti-
cally significant. However, statistical significance may
not be the same as clinical or public health significance
because the former is affected by the size of the study
population and may reflect differences that have no
biologic importance,

Another way to express the statistical significance of
an observed result is the confidence interval (CI). The
CI provides a range and the probability that this range
includes the true population mean, For example, 2 95%
Cl is calculated as the sample mean plus or minus two
standard errors of the mean. The CI is interpreted as
giving a 95% probability of including the ¢rue popula-
tion mean. A 99% CI is the sample mean plus or minus
three standard errors of the mean,

It should be noted that the width of the CI will
decrease as the sample size increases; that is, we are
more confident of knowing the true population mean
when it is estimated from a larger sample. The degree of
certainty is also inversely related to the width of the
confidence interval. For example, we can be more pre-
cise (narrower CI) in estimating the 95% CI than the
99% CI for the same sample size.

The CI is generally preferred to the P-value because
it gives the range of values observed with a select level of
statistical confidence (e.g., 95%) and not just a single
determination of whether the observed result is above
or below the P-value,

The researcher in a typical study is interested in
comparing an exposed group to a control group and
using the observed difference in proportions or mean
values to estimate the effect of the exposure. For exam-
ple, let's say one is interested in determining delta (3),



where § equals the true mean value of sperm concentra-
tion among workers exposed to heavy metals minus the
true mean value of sperm concentration in unexposed
workers. One then wishes to test whether 8 = 0; that is,
one may wish to determine whether the (true) propor-
tion with disease from one exposure is equal to the
(truc) proportion with disease under a second cxposure
or control. One can then calculate & as the difference
between these two proportions, again testing to see
whether 8 = 0.

Even if the treatment and control groups in the
study are truly being sampled from one underlying
population (i.e., if there is no real difference berween
treatment and control), some differences berween the
two groups will occur by chance alone, If the observed
difference in sample means or proportions has a small
probability of occurring by chance alone (assuming no
true underlying difference), then the null hypothesis
thar 8 = 0 is rejected. The “rule” for deciding how small
chat probability has to be before rejecting the null
hypothesis is known as the level of significance of the sta-
tistical test and is designated as alpha (at).

Thus the procedure in a typical study is to formulate
a null hypothesis (Hg), and usually,

Hoi g = Ha
alsowrittenasHy: 8 = py -~ py; = 0

for example, H: mean sperm concentration with expo-
sure 1 (heavy merals) = mean sperm concentration with
exposure 2 (no exposure), or

Heipr -p2 =0
alsowrittenasHy: 8 = py - p2 = 0

in other words Hy: proportion with disease in exposure
(P,} = propartion with disease in exposure (P,).
The (two-sided) alternative hiypothesis is

Hat g # g
alsowrittenasHp: 8 = g - py 2 0

that is, H,: the mean sperm concentrations are not
A
equal under treatments 1 and 2, or

Hai Py # P2
also writtenas Hp: 8 = py ~py # 0

thart is, Hy: the proportions with disease are not equal
under treatments 1 and 2 (P, = P,).

After completion of the study, sample estimates of 1
(or p) are calculated for the two exposure groups. The
probability is calculated that a difference as large as the

BIOSTATISTICS & EPIDEMIOLOGY | 799

one observed in the study would occur if the null
hypothesis were true. This probability is the P-value of
the test. If the P-value is less than o (the significance
level), the null hypothesis is rejected. If the P-value is
not less than o, the null hypothesis is not rejected. A CI
also can be calculated for proportions as it can be for
means, and one can determine the probability that the
true proportion is within the calculated CI.

THETYPES OF N iTAKES ONE CAN
MAKE IN DC G A RESEARCH STUDY

There are two main categories of errors one can make
in deriving inferences from a typical research study.
They are known as zype Tand type Il errors,

Type | Error

A type [ error occurs if one decides to reject the null
hypothesis and declare the two groups different when
in fact they really are from the same underlying popula-
tion. Type I error is equal to the significance level o,
and the significance level must be established before the
study is conducted. Thus ¢ equals the probability that
one will reject the null hypothesis when the null
hypothesis is true, that is, when the investigator decides
what chance of making this kind of mistake is accept-
able and sets the o level accordingly. For example, an
investigator may decide that it is extremely important
not to declare that a disease (e.g., cancer) is associated
with an exposure unless there is overwhelming evidence
of an association from the study. In this case, the a
level might be set at 1% instead of 5%, where 5% is the
value for ot used in most studies.

Type If Error

A type II error occurs if a researcher decides not to
reject the null hypothesis wheu, in fact, there is a differ-
ence between the two groups; that is, a true difference
between the two groups has been missed. Type IT error
is usually designated by [3.

In a research study, the type II error is not a single
value. If the null hypothesis is false, this means that out-
comes seen in the exposure group are not equivalent to
those seen in the control groups that is, 8 is not equal to 0.
There are an infinite number of values that this difference
could take on. For each value of the differcnce 8 between
the exposed and concrol groups, there is a different value
for the type II error. If one is interested in determining
the probability that one would miss a true difference
berween exposure and control groups, the exact value of
the difference being examined must be specified, Once
this is done, the probability that one would fail to reject
the null hypothesis given the true nonzero difference
between the two groups can be calculated.
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The Power of a Study

One of the most important quantities calculated for 2
research study is the power of a particular study. The
power is the probability that one will correctly reject
the null hypothesis when the null hypothesis is truly
false. In other words, the power is the probabilicy of
correctly recognizing a true difference between the twao
groups. The power of a study is actually the comple-
ment of the type IT error B, that is, power = | —f. Thus
the power of a study is different for every different value
of B thar occurs. To calculate the power, one must
specify a particular alternative. Power is particularly
important when one is evaluating a negative study—a
study that finds no difference between the groups.

Suppose that the power of a specific study is 40%.
This means that the researcher has only a 40% chance
of discerning that a true difference exists berween the
exposure groups. Therefore, if no difference berween
exposure groups is found and the power of the study is
reported as 40%, a reader might wonder whether that
particular study had any real chance of finding a differ-
ence between exposures even if the exposures were truly
associated with the different outcomes, In practice, it is
much more common to use 80% or 90% for the power
of a study so that you have a reasonably good probabil-
ity of detecting a difference between exposures if one
truly exists.

The power of a statistical test is determined or
affected by three quantities: (1) the magnitude of the
type [ error o, (2) the size of the exposure effect § the
researcher s interested in detecting, and (3) the sample
size of the study. Quantities (1) and (2) can be used to
estimate the sample size needed in a study for a speci-
fied study power.

As the size of the type I error becomes smaller, the
power of the study likewisc becomes smaller, Remem-
ber, the type [ error is the probability of incorrectly
declaring a difference when none actually exists. As it
becomes less likely to make this mistake (i.e., o is
smaller), it becomes less likely the null hypothesis will
be rejected in general, and power involves correctly
rejecting the null hypothesis.

When a study is set up to look for a very large expo-
sure effect 8, it is relarively easy to detect this large
effect, and the chances are great that the null hypothesis
will be correctly rejected. The opposite occurs when
one is looking for a very small &. Thus power increases
as § increascs.

As sample size increases, the variability of the meas-
ure of exposure effect decreases. Consequently, the test
stacistic increases in value, making it easier to exceed the
cutoff point for rejecting the null hypothesis. This
increases the chances of correctly rejecting the null
hypothesis, and so power increases as sample size
increases.

A handy table for remembering the quantities dis-
cussed in this section is shown below:

Hytrue Hytrue
(no difference) (difference exists)
H, study Correct Type Il error
(declare no difference) decision B
Hgreject | Typelerror Power
(declare a difference) a -
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~I.LEPIDE OLOGY

Epidemiology is the study of the distribution and deter-
minants of health- and disease-related conditions in
populations. [t is concerned with both epidemic (excess
of normal expectancy) and endemic (always present)
conditions.

The basic premise of epidemiology is that disease is
not randomly distribuced across populations. Not only is
it importanc to know what sort of disease a particular per-
son has, but it is also necessaty to know what sort of per-
son has a particular disease. While the practice of much of
occupational medicine is concerned with the pathogenesis
(development) of disease and the treatment of individuals
with diseases, the focus of occupational epidemiology is
on groups of individuals—with or without diseases—in
an attempt to infer the causes that precede specific disease
conditions and to determine what occupational or other
lifestyle factors can be manipulated to climinate specific
diseases or reduce the prevalence of the disease.

There are three major types of epidemiologic stud-
ies: descriptive, analytic, and experimental.

Descriptive epidemiologic studies characrerize person,
place, and time: (1) Person: What are the characteristics
of people who get a particular disease (e.g., age, race,
gender, occupation, socioeconomic status, immune sta-
tus)? (2) Place: Where do they live, work, or travel (e.g,,
international, national, and local comparisons; urban



Table A-2. Measures of mortality.
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Number of deaths in year

(all causes)

Crude death rate =

x 1000

Total population
e.g., US 1977 = 8.8 + 1000 populatlon or 878.1 + 100,000 population

Number of deaths from

Cause-specific death rate =

specific cause in year

x 100,000

Total population

e.g, cancerin US 1977 = 178,7 + 100,000 population

Number of deaths among
persons of specified

age group in year

Age —specific death rate =

Population in specifled

% 100,000
age group

e.g, cancer in age group 1-14 years =4.9 + 100,000

Number of deaths among
children younger than 1 year of age

in year

Infant mortality rate =

X 1000

Number of births in year

e.g., US 1977 = 14.1+ 100,000 live births (12.3 for whites; 21.7 for blacks and others)

versus rural populations; climate; altitude)? (3) Time:
When does the illness occur (e.g., temporal variation,
seasonal fluctuations)? Descriptive studies are not used
to test hypotheses but nevertheless are powerful tools
for characterizing disease distributions and associations.

Analytic studies atcempt to determine the etiologic fac-
tors associated with a disease by calculating estimates of
risk: (1) What exposures do people with the disease have
in common (e.g.,, smoking, exogenous hormane use,
diet, exposure to radiation or asbestos)? (2) How much is
disease risk increased by such exposures (using relative
risk as the measure of excess risl? (3) How many cases
could be avoided if the exposure were eliminated (using
attributable risk as the appropriate measure)? Analytic
swdies involve testing specific hypotheses.

Experimental studies involve a search for strategies for
altering the natural history of diseasc. Examples of
experimental studies are intervention trials to reduce
risk factors, screening studies aimed at identifying the
carly stages of disease, and clinical trials of different
treatment modalities to improve prognosis.

MORTALITY & MORBIDITY

The two basic measures of disease in 2 population are
mortality (deach) rates and morbidity (disease) rates.

Table A~2 provides examples of different types of mor-
tality rates and how each is calculated, Morbidicy is
measured by calculating either prevalence or incidence
rates. Prevalence is the number of existing cases of a dis-
ease at a given time divided by the population at risk for
that disease at that time, This result is commonly mul-
tiplied by 100,000 to derive the prevalence ratwc per
100,000 population.

For purposes of etiology, the incidence rate is a more
important measure of morbidity and is equal to the
number of new cases of a discase occurring over a
defined interval divided by the midinterval population
at risk for that disease (multiplied by 100,000).

While worldwide mortality data are available—at var-
ious degrees of precision depending on the quality of
death registration systems—incidence rates can be calcu-
lated only for those diseases for which there are popula-
tion-based registries or for which special studies have
been conducted. The National Cancer Institute has a
program of cancer registries around the United States
that provides information on cancer incidence covering
approximately 10% of the U.S. population. Accurate
enumeration of the population at risk—available from
Census data—is vital for deriving valid estimates of both
mortality and morbidity rates. Rates can be specific to
any subgroup of interest, defined by age, gender, race, or
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other characteristics. For example, the age-adjusted inci-
dence rate for cervical cancer among white women in the
United States was 8.7 per 100,000, compared with 11.1
per 100,000 among black women and 15.8 per 100,000
among Hispanic women. One must remember that in
calculating a rate, the events in the numerator must be
drawn from the population specified in the denominator;
that is, those in the denominator must be at risk for the
disease, Thus, for cervical cancer, men would not be
included in the denominator.

Some problems to keep in mind about current dis-
ease data sources include the following;

1. The only complete cause-specific disease registry is
for deaths, and the cause-of-death assignment on
the death certificate is often inaccurate. In addi-
tion, for a disease whose case-fatality ratio is low
(i.e., a disease unlikely to result in death when it
occurs), the death rate is a gross underestimate of
the incidence of the condition in the community.
An example of this is nonmelanoma skin cancer,
which has a high incidence but low mortality rate.

2. Morbidity reports, even when legally mandated, as
is the case for certain infectious diseases (e.g., tu-
berculosis and sexually transmitted diseases), often
are incomplete because of severe underreporting.

3. Complete and accurate population-based morbid-
ity registries are limited in geographic coverage.

ADJUSTMN NT OF RATES

In atrempting to compare disease rates across popula-
tion groups or assessing changes in rates over time, the
effect of differential age distributions in two popula-
tions whose rates are being compared should be raken
into account, Disease risk almost always is a function of
age; differences in crude rates (i.e., rates not adjusted
for age) across populations may reflect age differences
rather than differences in occupational or environmen-
tal factors of interest.

Age-specific rates are not subject to this drawback,
provided the range in each age group, or age stratum, is
relatively narrow. It is cumbersome, howevcr, to com-
parc rates among populations across many age strac,
Age adjustment or standardization provides a summary
measure of disease risk for an entire population that is
not influenced by variations in age distribution.

There are two methods for age adjustment: a direct
method, which applies observed age-specific rates of
deach or disease to a standard population, and an indi-
rect method, which applies age-specific rates of death or
disease from a standard population to the age distribu-
tion of an observed population. In discussing the meth-
ods for adjusting rates, cancer will be used as the disease
of interest.

The direct method of age adjustment is appropriare
when each of the populations being compared is large
enough to yield stable age-specific rates. For example,
the direct method is used for comparison of cancer rates
over time in the United States. Crude mortality rates
showing a dramatic increase in cancer over the past few
decades would seem to provide strong evidence of a
cancer epidemic. It needs to be ascertained, however, o
what extent the aging of the country’s population has
contributed to the apparent epidemic or to what extent
other factors, such as an increase in cancer-causing
agents in the environment, might be responsible.

The first three columns of Table A-3 show the
actual age distributions of the U.S. population in 1940
and 1970, the percentage of the population in each
group in the two periods, the corresponding number
of actual cancer deaths, and the age-specific death
rates. Crude death rates per 100,000 population were
120.2 for 1940 and 163.2 for 1970, an increase of
more than 30%. Comparison of the age-specific rates,
however, shows only minor increases between the two
time periods. It should be noted that the percentage of
the population in all age groups over 40 was higher in
1970 than in 1940.

To remove the variable effect of age using the direct
method of adjustment, a “standard” population is cho-
sen. The number of people in each age group of the
standard population then is multiplied by the appropri-
ate age-specific rate in each of the study populations,
This generates the number of deaths or cases of disease
one would expect in each age group if the populations
had similar age distributions. The expected number of
deaths or disease cases then is summed over all age
groups, the sum is divided by the total standard popula-
tion, and the result is multiplied by 100,000. The
choice of a standard population is arbitrary; it might be
the combined population of the two groups whose rates
are being compared, only one of those populations, or
any other population.

In our example, the standard was the combined
population of the United States in 1940 and 1970,
shown in column 5 of Table A-3. The age-specific
rates for each period (column 4) were applied for each
age group to the standard population, yielding the
expected number of deaths shown in column 6. Age-
adjusted rates then are calculated by dividing the sum
of expected deaths for each period by the total stan-
dard population. The resulting adjusted rates are
139.8 per 100,000 for 1940 and 149.9 per 100,000
for 1970. Thus the magnitude of the increase in the
crude rates has been reduced from about 30% to 7%.
It can be concluded that age is an important factor in
the increased cancer rates in the United States,
although age alone does not entirely explain changes
over time.
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Table A-3. Age adjustment by direct method, using cancer mortality data for the United States, 1940

and 1970.
' — —
Number of Age-SpecificDeath Standard Expected Number
Actual Population CancerDeaths  RatesPer 100,000  Population ° of Cancer Deaths
Age Group (1 (2) (3) (4) (3) {6)
1940 .
<40 87,737,828 66.7 10,283 11.72 217,093,330 25443
40-49 17,053,068 130 18,071 105,97 41,149,961 43,607
50-59 13,100,511 100 33,279 254,03 34,177,557 86,821
60-69 8,534,997 6.5 43,686 511.85 24,143,606 123,579
70-79 4,073,514 3.1 38,160 936.78 13,352,179 125,080
80+ 1,139,143 0.9 14,721 1,292.29 4,934,355 63,766
Totals 131,639,062 1000 158,2007 334,850,988 468,296%
1970
<40 129,355,501 63.7 16,096 12.44 217,093,330 27,006
40-49 24,096,893 11.9 26,075 108.21 41,149,961 44,528
50-59 21,077,046 10.4 61,143 290.09 34,177,557 99,146
60-69 15,608,609 7.7 90,099 577.24 24,143,606 139,367
70-79 9,278,665 4.6 88,826 957.:1 13,352,179 127,821
80+ 3,795,212 1.9 49,333 1,299.87 4,934,355 64,140
Totals 203,211,926 100.0 331,572 334,850,988 502,008}

1Crude death rate = [sum of column 3 + sum of column 1] x 105 = 163.2 per 100,000 papulation. Age-adjusted death rate = [sum of cal-

umn 6 + sum of column 5] x 10°=149.9 per 100,000 population.

Crude death rate = [sum of column 3 + sum of column 1] x 10% = 120.2 per 100,000 population. Age-adjusted death rate = [sum of col-

umn 6 + sum of column 5] x 10° = 139.8 per 100,000 population.

When the group of interest is relatively small and
thus likely to have unstable age-specific rates, it is
more appropriate to use the indirect than the direct
method of age adjustment. This is commonly the situ-
ation with investigation of cause-specific mortality in
an occupational cohort. The indirect method is
employed frequently to compare the cancer incidence
or follow-up expericnce of a study group with that
expected based on the experience of a larger popula-
tion or patient series. With the indirect method, the
age-specific rates from a standard population are mul-
tiplied by the number of person-years at risk in each
group in the study series. The number of observed
deaths then is compared with the number expected by
means of a ratio.

The standardized mortality ratio (SMR) is an exam-
ple of indirect standardization. In calculating an SMR,
the age-specific rates from a standard population (e.g.,
county, state, or country) are multiplied by the person-
years ar risk in che study population (e.g., industry
employees) to give the expected number of deaths. The
observed number of deaths divided by the expected
number (times 100) is the SMR (see the example in
Table A~4). An SMR also may control for time-specific
mortality rares by indirect standardizarion.

Thus the equation foran SMR s as follows:

X aq
MR = | ———x100
? [25("1)}(

- Observed %100
Expected

where g, is the number of people with a specific cause of
death in the ith stratum of age, and E(a)) is the expected
number of deaths based on the age-specific rates in the
reference population,

The result is multiplied by 100, so when observed
deaths equal expected deaths, the SMR is 100, and the
differences from 100 represent the percentage differ-
ence in mortality in the study population compared
with that of the reference population.

Indirect standardization also may be used to adjust
incidence rates for age or other factors. Thus incident
cases of a disease within a workplace could be expressed
as the standardized incidence ratio (SIR), as follows:

SIR= Observed number of new cases %100
Expected number of new cases
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Table A-4. Age adjustment by indirect method in
computation of standardized mortality ratio (SMR).

Observed Person USPopulation Expected
Age Deaths  Years Rates{per10®) Deaths

[Years) {1) {2) (3) =(2)x(3)
20-29 1 5,000 206 0.1
30-39 0 15,000 227 0.3
40-49 4 60,000 453 2.7
50-59 2 40,000 943 38
60-69 12 70,000 2244 15.7
L Obs=19 LExp=22.6

SMR = [Z Obs/Z Exp]x 100=[19/22.6]100 =84

Although it is most common to adjust rates for age
and time, the direct and indirect methods of adjust-
ment can be used to adjust for population differences in
other factors as well, such as gender, race, socioeco-
nomic status (SES), and stage of disease.

Design Strategies for Analytic &
Experimental Stu es

Descriptive epidemiology provides disease rates for
different groups. It identifies segments of the popula-
tion—Dby age, gender, occupation, marital status, geo-
graphic area of residence, or other parameters—whose
unique experience suggests etiologic hypotheses wor-
thy of pursuic through rigorous analytic studies.
Descriptive epidemiology tells who gets the disease
where and when and is the basis of analytic epidemiol-
ogy, which, in turn, focuses on specific questions,
such as the following:

* What exposure do people with the disease have in com-
mon as compared with people without the disease?

* Why does exposure induce or promote disease?
* How much is disease risk increased by such exposure?

* How many cases might be avoided were the exposure
eliminated?

The last question addresses the ultimate objective of
epidemniologic research: to identify risk factors so that
intervention might either prevent the occurrence of the
diseasc (primary prevention) or lead to early detection
(secondary prevention),

The rhree basic strategies for analytic epidemiology
are (1) the cohort study, (2) the case-control study, and
(3) the experimental study (clinical trial),

Cohort and case-contral studies are observational:
The investigator does not cantrol exposure or modify
behavior of the study subjects. In the expcrimental
study, the investigator intervenes by introducing treat-

menc or other exposutes to study their impact on the
disease experience.

TYPES OF EPIDEMIOLOGIC STUDIES
1. The Cohort Study

In the design of a cohort study, a disease-free group of
individuals (a cohort) characterized by a common expeti-
ence or exposure of interest is identified and followed for-
ward over time, or prospectively, to determine whether
disease occurs at a rate different from that in a cohort
without the exposure. The relative risk (RR) of disease
associated with the exposure then can be calculated:

__Incldence rate in the exposed group
~ Incidence rate in the nonexposed group

A frequently cited example of the prospective cohort
design is the follow-up study of British physicians
whose smoking habits were ascertained by means of a
mailed questionnaire. The doctors were grouped
according to smoking habits, and cheir deaths were sub-
sequently monitored. Lung cancer rates for those
exposed to various levels of smoking then were com-
pared with the rates for nonsmokers by means of the
relative risk. Other examples of cohort studies include
investigations of long-term cancer incidence among
atomic bomb survivors exposed to varying degrees of
radiation and deaths among British coal miners.

Theoretically, the prospective cohort study is ideal
because the hypothesized cause or exposure precedes the -
effect or disease. It is also valuable because disease rates and
relative risks can be calculated directly, provided that a
suitable comparison group is built into the study or is oth-
erwise available for calculation of rates in the nonexposed
population, In addition, the exposure of interest can be
recorded accurately at the time of exposure; it is not based
on recall of past events, This approach has been popular in
occupational studies in which the disease experience of
workers exposed to putatively hazardous substances has
been compared with that of other workers without the
exposure or compared with that of the general population.

In practice, however, because of the expense, the time
involved, and the number of subjects required, the model
prospective cohort study is relatively rare. To avoid some
of these constraints, a historical cohort study mighe be
done, whereby a group of persons who in the past experi-
enced an exposure of interest is identified, and their dis-
ease record up to the present is investigated. An example
is the follow-up of mortality among insulation workers
exposed to ashestos. The population of union insulation
workers in the 1940s was identified, and their cause-spe-
cific morrality rates through the 1970s were determined,
Mortaliry rates for lung cancer and other causes in this



Table A-5. Presentation of data from a
cohort study.

Disease
Present Absent
wore { Ne ¢ oo

population were tabulated and compared with those
expected on the basis of mortality rates for all U.S. men.
Because the historical cohort study is really a retrospec-
tive approacly, the terms cohort stucy and prospective study
should not be used synonymously.

Measures of Association in a Cohort Study

Measures of association illustrate the statistical relation-
ship between two or more variables, and three impor-
tant measures of association will be discussed using the
symbols and numbers provided in Tables A-5 and A-6.
Let us assume that one is doing a study of smokers and
nonsmokers and following themn to see who develops
lung cancer over a defined period of time.

A. RELATIVE RisK

Relative risk (RR) is the risk of disease among people
exposed to a factor relative to the risk among people not
exposed and is a measure of the strength of association
between an exposure and a disease.

_ _ Disease rate in the exposed population
" Disease rate in the nonexposed popuiation

a 63
_atb _10% _
T e 7 =9

c+d 10°

An RR greater than 1 implies a positive association
of the disease with the exposure of interest; an RR less
than 1 implies a negative association (or protective
effect) berween the disease and the exposure.

Table A-6. Example of data collected in a cohort
study of lung cancer and smoking.

Deveiop | Do Not Develop
Lung Cancer |  Lung Cancer
Smokers 63 99,937 100,000
Nonsmakers 7 99,993 100,000
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The results in the preceding example suggest that
the risk of lung cancer among smokers is nine times
greater than the risk for nonsmokers. RR is important
for testing etiologic hypotheses.

B. ATTRIBUTABLE RISK

Antributable risk (AR) is the rate in the exposed popula-
tion minus the rate in the nonexposed population,

AR=-—2___%_
a+b c+d
63 7 56

It indicates the rate of occurrence of death or disease
that is caused by a specific exposure factor.

Of the 63 lung cancer deaths that occur annually
among 100,000 smokers, 56 (89%) are attriburable to
smoking, Because a disease may have muldple risk fac-
tors that interact with each other, the sum of ateibut-
able risks may be greater than 100%.

AR can be an important tool for counseling individ-
uals with specific risk factors because it helps give an
idea about the amount of disease that could be avoided
by reducing risk factors in individuals.

C. POPULATION ATTRIBUTABLE RiSK PERCENTAGE

Population attributable risk (PAR) percentage is the pro-
portion of a disease in a population related to (or
“attributable to™) a given exposure,

paR~_PeBR=1)
Po(RR—-1)+1

where P, is the proportion of the population exposed to
the risk factor, and RR is relative risk.

Assuming that 40% of the population smokes (P,)
and that the relative risk (RR) of lung cancer associated
with smoking is 9, then

04(9-1)+1 4.2

That is to say, 76% of cases of lung cancer in the
general population are atcriburable to smoking. PAR is
important for public health policy and planning, that
is, in estimating what percent of cases in a population
could be eliminated by removing an exposure.

2. Case-Control Study

The case-control study is a frequently used design in
analytic epidemiology. It determines the risk facrors
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associated with a particular disease by comparing a
group of subjects who have the disease (cases) with one
or more groups composed of subjects who do not have
the disease (controls). Risk factors scudied may be per-
manent, such as gender or race; they may be current,
such as present drug use; or they may be historical, such
as previous employment. The difference in the fre-
quency distribution of che risk factors between the case
and control groups is examined, and the magnitude of
the association of these factors with the disease under
study is estimated.

Case-control studies are a commonly used design in
occupational epidemiology to evaluate multiple expo-
sures associated with a single ourcome. For example, an
investigator may be interested in the many occupational
and nonoccupational causes of lung cancer. Conversely,
a study of many health outcomes associated with a sin-
gle exposure or workplace would best be investigated
using a cohort design. ,

The case-control study is always retrospective. The
investigaror starts by identifying diseased and nondis-
eased individuals (i.e., the effect) and looks backward
for the presence or absence of exposures (i, the
causes) in these individuals.

For example, to study the relationship between asbes-
tos exposure and mesothelioma, a case-control study
would compare the history of asbestos exposure in a
group of mesothelioma patients with the history of asbes-
tos exposure in a group of subjects who do not have
mesothelioma. The cohort study, in contrast, first identi-
fies a group of disease-free individuals dassified for
absence or presence of the risk factor or exposure of inter-
est and then follows these individuals over time to com-
pate the incidence of diseasc in the exposed and unex-
posed groups. A cohort study of the relationship between
asbestos exposure and mesothelioma first would dassify a
group of nondiscased persons according to their asbestos
exposure and follow them to determine whether the
asbestos-exposed subjects had a higher incidence of
mesothelioma over time than the nonexposed subjects,

Case-control studies gencrally can be done more
rapidly and less expensively than cohort studies. The
time required to complete the study is the time needed
to assemble the necessary data; the investigator does not
nced to wait for cases of the discase to appear. This usu-
ally results in lower costs because fewer study personnel
and subjects are necessary to test a hypothesis.

For example, suppose that half the general popula-
tion is exposed to a risk factor (e.g., cigarette smoking)
and half is not. If a disease (e.g., lung cancer) has an
annual incidence rate of 100 per 100,000 in the
exposed population and 10 per 100,000 in the nonex-
posed populatien, a study of 100 cases and 100 controls
probably would reveal the increased risk of disease asso-
ciated with exposure to the factor. Uncovering 100

cases of disease in a cohort study would mean following
10,000 exposed people for 10 years. The more rare the
disease, the greater the relative advantage of the case-
control study.

Source & Selection of Cases

In defining a case, the diagnostic criteria should be clear
and permit selection of a homogeneous group of cases.
For example, in cancer studies, microscopic confirma-
tion of the presence of disease and clearly defined crite-
ria for classification by a pathologist of the type of can-
cer greatly enhance the validity and generalizability of
the study findings. The case group usually is composed
of (1) all persons with the disease seen at a particular
medical facility or group of facilities in a specified
period or (2) all persons with the disease found in a
community ot in the general population in a specified
period. Whatever the source of the cases, they should be
newly diagnosed (or incident) cases of the disease,
Inclusion of prevalent (diagnosed in the past) cases will
increase the sample size but can complicate analysis and
interpretation of results. Prevalent cases are “survivors”
and therefore may not be representative of all people
who develop a given disease, Inclusion of prevalent
cases inadvertently may identify factors that result from
the disease rather than factors that are causally related
to its development.

Source & Selection of Controls

The four most common sources of the control group are
(1) the general population, (2) hospitl patients, (3) rela-
tives of cases, and (4) associates or friends of cases.

The general population control group is appropri-
ate if all or most cases occur in a specific geographic
area—for example, a county—because in this situation
the controls represent the same target population as the
cases. Using general population controls, however, pre-
sents certain problems: potentially lower response rates
than from other types of control groups and from the
case group, differing quality of information if the
interview setting differs for the cases and the controls,
and higher costs for obtaining information.

The hospital patient control group is selected from
patients at the same hospital or clinic that the cases
actended. This control group may share the selective
factors that influenced the cases to come to a particu-
lar hospital or clinic, such as residence, echnicity, or
income. These patients (the controls) are readily
available, often have the time to accommodate study
interviewers, and can be more cooperative. The dis-
advantage of the hospital control group is that it is
composed of people with an illness who may differ
from the general population with regard to factors



often associated with disease, such as smoking habits
and/or drug use. In addition, the factors that cause
patients to atrend a particular hospiral may not be the
same for all diseases. For example, a hospiral with a
nartional reputation for treating Hodgkin disease may
have patients with this disease from all over the coun-
try, whereas its population of coronary disease
patients may come only from che region surrounding
the hospital; thus the two patient groups may differ
greatly. Similarly, healthy people attending a hospi-
tal screening clinic may differ markedly in ethnic,
socioeconomic, or other factors from the inpatient
population of that hospital. One consideration in
selecting controls is whether to draw them from the
hospital’s entire patient population or to exclude
patients who have diseases related to exposure factors
under study. For example, in a case-control study of
the relationship between lung cancer and smoking, it
would seem logical to exclude from the control group
persons who have emphysema because emphysema is
related to smoking, the exposure factor under study.
There also may be the problem of a lack of knowl-
edge of whether facrors being studied are related to
diseases present in hospital controls. Selecting con-
trols with differing types of diseases would minimize
this problem.

Spouses and siblings are the relatives used most
commonly as controls because of similarity in ethnicity
and environment with the case group. Moreover, sib-
ling controls genetically are similar to the cases. Spousal
controls are appropriate if there is an approximately
equal number of male and female cases, and the age
range of cases is such that a high proportion of spouses
are likely to be alive. When siblings are the controls,
one sibling should be selected per case; using all avail-
able siblings would result in the control group having
many characteristics related to family size, which may
confound any observed associations between the expo-
sure factor and the disease. [n contrast, cases with no
siblings would have to be excluded from the study (for
lack of an equivalent control), which may result in
biased study results.

A control group of associates of cases such as neigh-
bors, coworkers, friends, or schoolmates has the advan-
tage of being composed of generally healthy individuals
who are similar to the case group with regard ro lifestyle
characteristics; for example, neighborhood controls are
usually of the same SES as the cases. However, such
assoclates might be more similar to cases than members
of the general population with respect to risk factors
under investigation, thus impairing the ability of the
study to detect true differences in exposure berween
people with and without disease. Other disadvantages
of associates as controls arc the effort necessary to iden-
tify them, a response rate different from that of cases,
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and probable variations in the quality of informarion
obtained from cases and controls.

Sampling

Once the source of the control group has been deter-
mined, one must decide on the method of selecting the
controls. Either all eligible individuals are selected from
a specific group—although this is usually not required—
or a sample is selected, Whenever sampling is employed,
its protocol should be defined and adhered to through-
out the sampling period, Examples of common sam-
pling strategies are (1) random sampling, (2) systematic
sampling, and (3) paired sampling,

In random sampling, each member of the source
group has an equal chance of being represented in the
control group. For example, all individuals might be
assigned a number, and the sample would be selecred
using a table of random numbers.

In systematic sampling, the source group for con-
trols is assumed to have an ordered sequence, and every
nth individual is selected. As long as the sequence of the
source group is not related to an important study vari-
able (e.g., age), the resulting characteristics of a system-
atic sample are similar to those of a random sample.

In addition to random or systematic sampling, a
popular method of selecting controls is paired sam-
pling, In paired sampling, one or several controls are
selected for each case based on a predefined relationship
to the case, For example, if hospital controls are used,
the person who was admitted immediately before or
after the case might be chosen for the control group.
The investigator may choose to select for each case one
or more controls who are individually matched with the
case on characteristics such as gender, age, or SES—
which, if not controlled, might lead to spurious associa-
tions in the final results, For example, as a ncighbor-
hood control, the resident of the nearest dwelling to the
right of the case’s house who is of the same gender and
age (+5 years) as the case might be selected. Such
matching at the outset of the study is one way of taking
into account any variables known to be associated with
both the disease and the exposure of interest.

Sources of Bias

Bias must be acknowledged as a potenal issue for
nearly every type of epidemiologic study design. It is
defined as a systematic error in the design, execution, or
analysis of a study that results in an erroneous estimate
of the effect of an exposure of interest to the risk of an
outcome or disease.

While bias is more common in case-control studies,
it also may occur in cohort studies; for example, infor-
mation about outcome measures may be obtained dif-
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ferently in exposed and unexposed subjects. However,
the underlying principle is the same: Any difference in
the waty informarion is obtained from the study groups
may bias the results of the study.

There are two main categories of bias to be aware of:
selection bias and information bias (or measurement
error),

A. SELECTION BIAS

The appropriate control group should be chosen judi-
ciously because when a systematic error is made in the
selection of one or more study groups, selection bias
may result. Under the null hypothesis, cases and con-
trols have been equally “exposed” to the study facror,
Therefore, selection of the cases and controls must use
similar eligibility criteria to ensure that both groups are
comparable and therefore more likely to be representa-
tive of the same underlying population so that if we
refect the null hypothesis and determine that cases dif-
fer from controls on the study factor, it is not because
we selected them to be different by using a biased pro-
cedure. Because the case group usually is chosen first,
selection bias is avoided by a careful choice of the
appropriate control group.

As an example of how selection bias can occur, sup-
pose thar the study is abourt the relationship between
Alzheimer disease and previous exposure to lead. The
case group is chosen from the inpatient population of a
private hospital and the control group from the outpa-
tient clinic of the same hospital. Once the cases and
conrrols are selected, it is discovered that they differ
dramatically with respect to SES—the inpatient popu-
lation being predominantly upper middle class and the
clinic population predominantly lower dlass. Thus, if
the scudy finds chat the cases and controls differ in
terms of prior lead exposure, it would not be known
whether this is a true difference or whether the differ-
ence is a consequence of other factors related to SES.

Selection bias also can occur if the control group is
compased of people who volunteer for the study, because
volunteers differ in significant ways from nonvolunteers;
for example, they may be more educated, more active in
community affairs, or less likely to be smokers.

p. INFORMATION BIAS

In interviewing study subjects about past exposures or
events, the interviewer who knows the disease status of
the individual (case or control) may pose questions
unconsciously or probe for answers in a different man-
ner, commonly referred to as interviewer bias. For
example, in a case-control study of factors related to
lung cancer, an interviewer might pursue in greater
depth questions concerning asbestos exposure when
obtaining work or environmental histories from cases
than from controls.

To avoid this bias, the procedure used to collect
information should be identical for cases and controls,
Ideally, the dara collector is unaware of the hypotheses
being tested and whether the subject is a case or con-
trol; however, in collecting information of a medical or

_personal nature, it is often difficult to avoid learning of

the person’s disease status. Every effort therefore must
be made to keep interviews as comparable as possible
(e.g., place, length, and formar of questionnaire;
attempts to gain cooperation and accurate informa-
tion; and other aspects of the interview), and each
interviewer should sce an equal number of cases and
controls.

Another source of information bias can occur when
a study subject is asked to recall past exposures or events
because recall might depend on the person’s current
disease status. For example, a person with lymphoma is
more likely to recall remote exposure to pesticides than
a control subject without cancer. To minimize recall
bias in this instance, cne might try to obtain indepen-
dent verification of previous exposure. It is also advan-
tageous to use information recorded before the time of
diagnosis wherever possible. In using data from inter-
views in which the case has a serious illness and the
control has no, the items on which cases and controls
can be compared with the greatest confidence are those
least subjecr to recall bias. For example, prior surgery is
a mote objectively reported event than prior drug use.

Misclassification of study subjects also can bias study
results owing to inaccuracies in the methods by which
data are gathered from study subjects or methods by
which information is abstracted from various sources,
Misclassification bias comes in twa forms—differential
and nondifferential. Differential misclassification that is
related to disease or exposure status can lead to the
appearance of a relationship between exposure and dis-
ease where one does not truly exist, or perhaps more
unsettling, it can mask a true association. Nondifferen-
tial misclassification is not related to exposure or disease
status and tends to attenuate any association between
exposure and disease.

Confounding

The phenomenon of confounding is another explanation
for an apparent association between an exposute and a
disease and also may cause no association to be observed
when a true association exists. As with bias, confounding
may occur in any type of analytic epidemiologic study.
By definition, a factor that is associated with the exposure
of interest and is also an independent cause of the disease
being studied is a confounder, When confounding
occurs, an observed association berween an exposure and
a disease is in fact due wholly or in part to the association
of the exposure with the confounding factor, which, in
turn, is itself a cause of the disease. If the suspected con-



founder is not differentially associated with the exposed
subjects or is not a cause of the disease, it cannot be con-
sidered 2 confounding factor.

An example of a confounding factor is cigarerte
smoking in a study of an occupational exposure and
lung cancer. Cigarette smoking is a known cause of
lung cancer. If the cigarette smoking prevalence were
greater (or less) in the population exposed to the occu-
pational exposure agen, failute to control for smoking
in the study design or analysis would lead to an appar-
ently greater (or lesser) association between the occupa-
tional exposure and lung cancer,

Analysis of Case-Control Studies

Data from the case-control study are conventionally
arrayed so that cases and controls can be compared on
exposure to a hypothesized etiologic factor:

Disease Status
Cases Controls
Yes a b
Exposure No c d
a+c b+d

The incidence of disease among the exposed and
nonexposed cannot be calculated by using case-control
data because the cascs and controls in the study rarely
reflect the true proportions of diseased and nondiseased
persons in the population. [The investigator usually
selects roughly equal numbers of cases (# + ¢) and con-
wols (4 + &) in the study, whereas there are likely to be
many more nondiseased than diseased people in the
general population.] Therefore, the relative risk (RR) of
disease associated with exposure cannot be calculated
directly in a case-control study, as it was for the cohort
study, However, an estimate of the RR, known as the
odds ratio (OR), can be calculated if the proportion of
diseased people in the general population is small com-
pared with the proportion of nondiseased (almost
always true). Recall that the true RR using data from a
cohort or incidence study is as follows:

RR=2ath
L

c+d

where 4 is the number of cases among the exposed
group in a cohort study, & is the number of noncases
among the exposed group, ¢ is the number of cases
among the nonexposed group, and 4 is the number of
noncases among the nonexposcd group.

In a cohort study, as in the general population, « is
very small relative to 4. Similarly, ¢ is very small relative
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to 4. Thus, in the general population (and the usual
cohort study), /(2 + b) = alb and ¢/(c + d) = c/d. Con-
sequently, the formula for relative risk reduces to

Q.

I

= odds ratio (estimated

ainjo|e
o
n

relative risk)

Example: One hundred men with lung cancer and 100
controls are interviewed regarding smoking history:

~ Cases Controls
Smokers 'l 80 "
Nonsmokers i 20 70
| 100 100
Odds ratio = 29 - 80X70 _ 5600 _ .
be 30 x 20 600 ‘

Because the OR is an estimate of RR, one can con-
clude that these data show a ninefold increased risk
of lung cancer in smokers compared to nonsmokers,

PAR (i.e., the proportion of all instances of the dis-
ease in the population that can be attributed to the
exposure of interest) can be estimated from case-control
studies by using the following equation:

paR=—POR-1)
p OR-1)+1

where p is the proportion of the population with expo-
sure of interest [estimated from controls as & + (6 + )],

and OR is the estimated RR (OR) associated with the

characteristic.

Matched Case-Control Studies

Controls frequently are selected in a case-control study so
as to be individually macched to the cases as to character-
istics such as age, gender, race, or SES that are known to
be related to the disease. Matching helps to make the two
groups similar with respect to factors other than the
exposure of interest in the study and thus serves to reduce
the likelihcod of spurious associations. The investigator
must be careful not to overmatch, that is, to match cases
and controls on factors related to the exposure of interest;
overmatching can attificially reduce—and may even
eliminate—true exposure differences between diseased
and nondiseased individuals in the study. 1t should be
obvious that cases and controls cannot be compared in
the analysis with respect to any characteristics on which
they have been matched.
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The data in 2 matched-pairs analysis are organized as
shown below:

Controls
Exposed Not exposed
Cases { Exposed i 5
i Notexposed | t u

where r is the number of pairs in which both case and
control are exposed to the factor (concordant), s is the
number of pairs in which the case but not the control is
exposed to the factor (discordant), ¢ is the number of
pairs in which the control but not the case is exposed to
the factor (discordant), and # is the number of pairs in
which both case and control are not exposed to the fac-
tor (concordant),

To compute the OR (estimated RR) for a matched-
pairs study, only the discordant pairs enter into the
calculation:

Odds ratio= -:—

wheret=0

Example: One hundred seventy-five children age 5-15
years admitted to hospital in 1968 with acute asthma
were matched on age, gender, race, and date of
admission to 175 controls. All children in the study or
their parents were interviewed regarding personal
habits and home characteristics during the month pre-
ceding admission, The results regarding environmen-
tal tobacco smoke (ETS) exposure were as follows:

Controls
YesETS NoETS  Totals
Cases | YesETS | 10 57 67
{ NoETS | 25 95 108
' T 152 187

These data show that children who have asthma
have a 2.3 times greater odds of environmental
tobacco smoke exposure than do children without an
acute asthma admission. Show the calculation for
how you arrived at the answer by way of example.

3. The Experimental Study

The experimental study is the rype of design most
familiar to clinical investigators, but it is rarely encoun-
tered in occupational epidemiology. Unlike the cohort
and case-control studies, which are observational in
nature—that is, the investigator observes exposed indi-

viduals for the development of disease or diseased indi-
viduals for past exposures—in an experimental study,
the investigator manipulates exposures and studies the
impact on disease. The intervention can occur at differ-
ent points in the natural course of the disease. Subjects
are normally randomly assigned to che different inter-
ventions in an experimental study. Ideally, study out-
comes also should be determined by individuals blind
to the exposure status of the subjects.

Experimental clinical trials often are undertaken
among individuals with the same disease who are
assigned to different treatment groups. An example is the
Carotene and Retinol Efficacy Trial (CARET) study, in
which men with asbestos exposure, who are at increased
risk of lung cancer, were randomly assigned to receive
beta-carotene or a placebo. The study was undertaken to
determine whether beta-carotene decreases the risk of
developing lung cancer.

Alternatively, intervention might occur in the form
of a screening program offered to one group of people
ac risk of disease and not to another similar group. An
example of this type of intervention study is the
National Cancer Instirute’s Cooperative Screening for
Early Lung Cancer Program. Men aged 45 years and
older with a history of heavy cigarette smoking were
assigned to a dual-screcned group receiving chesr radio-
graphs and sputum cytologic testing or to a group
receiving only chest radiographs. The objective was to
determine whether the addition of sputum cytologic
testing to regular chest radiography resulted in earlier
detection and improved lung cancer survival.

CAUSAL ASSOCIATION

An epidemiologic study may demonstrate an associa-
tion that is not valid because of chance, bias, or con-
founding, as discussed previously. If the association is
believed to be valid—thar is, the disease occurrence is
in fact not equal among the exposed and unexposed
subjects—and the observed association cannot be
explained by chance, bias, or confounding, the investi-
gator must consider whether the data support a cause-
and-effect associarion.

This process invalves consideration of the study
itself and all existing data on the subject. Factors that
should be considered in evaluating whether an associa-
tion is causal include (1) the strength of the associa-
tion, (2) whether dose-response relationships are present,
(3) consonance with existing knowledge (i.e., other
studies demonstrating the same finding), (4) biologic
plausibility (i.e., whether there is a proposed biologic
mechanism), and (5) the temporal sequence of events
(i.e., cause precedes effecr).

While uncertainties always will exist following an
epidemiologic study, action on the findings of a study



will depend in part on how strongly the data support a
causal association and on the need for action versus the
consequences of obtaining more data.
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Epidemiology Software

Epi Info 6, Epi Map 2, www.cdc.gov/eptinfo/Epi6/EI6.hirm
(Epi Info is designed for public health professionals. It is
cusy to use and comes free from CDC. The package in-
cludes word processing, data management, and epidemio-
logic analysis programs. Epi Map is a program for dis-
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playing counts or rates on geographic maps. For PC
only.).

EpiCalc 2000,:www.brixtonhealth.com/ (An easy-ta-use statistical
calcularor; can be customized for languages other than En-
glish. For PC. Available for free with other epidemiologic and
statistical progrnms.). .

Vitalnet, www.chdp.com/viraine/index.htm/ (A data-analysis pro-
gram for analysis of mortality and population data, Ir pro-
vides the data analysis/data dissemination infrastructure fora
national, stae, o city. Runs locally or over the Interner).

The R Project for Stadistical Computing, R 2.2.1, www.r-project.org/
(R is a free sofoware environment for statistical computing
and geaphics. It compiles and runs on a wide variety of UNIX
placforms, Windows, and Mac O8.)
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