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Chapter 9

Distributions: Population, Sample
and Sampling Distributions

In the three preceding chapters we covered the three major steps in gathering and describing
distributions of data. We described procedures for drawing samples from the populations we
wish to observe; for specifying indicators that measure the amount of the concepts contained in

the sample observations; and, in the last chapter, ways to describe a set of data, or a distribution.
In this chapter we will expand the idea of a distribution, and discuss different types of distri-

butions and how they are related to one another. Let us begin with a more formal definition of the
term “distribution”:

A distribution is a statement of the frequency with which units of analysis (or cases) are as-
signed to the various classes or categories that make up a variable.

To refresh your memory, a variable can consist of a number of classes or categories. The vari-
able “Gender”, for instance, usually consists of two classes: Male and Female; “Marital Communi-
cation Satisfaction” might consist of the “satisfied”, “neutral”, and “dissatisfied” categories, and
“Time Spent Viewing TV” could have any number of classes, such as 25 minutes, 37 minutes, and a
number of other values. The definition of a distribution simply states that a distribution tells us how
many cases or observations were seen in each class or category.

For instance, a sample of 100 college students can be distributed in two classes which make up
the variable “Ownership of a CD Player”. Every observation will fall either in the “owner” or “non-
owner” class. In our example, we might observe 27 students who “own a CD player” and a remain-
ing 73 students who “do not own” a CD player. These two statements describe the distribution.
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There are three different types of distributions that we will use in our basic task of observation
and statistical generalization. These are the population distribution, which represents the distribu-
tion of all units (many or most of which will remain unobserved during our research); the sample
distribution, which is the distribution of the observations that we actually make, after drawing a
sample from the population; and the sampling distribution, which is a description of the accuracy
with which we can make statistical generalization, using descriptive statistics computed from the
observations we make within our sample.

Population Distribution
We’ve already defined a population as consisting of all the units of analysis for our particular

study. A population distribution is made up of all the classes or values of variables which we would
observe if we were to conduct a census of all members of the population. For instance, if we wish to
determine whether voters “Approve” or “Disapprove” of a particular candidate for president, then
all individuals who are eligible voters constitute the population for this variable. If we were to ask
every eligible voter his or her voting intention, the resulting two-class distribution would be a popu-
lation distribution. Similarly, if we wish to determine the number of column inches of coverage of
Fortune 500 companies in the Wall Street Journal, then the population consists of the top 500 com-
panies in the US as determined by the editors of Fortune magazine. The population distribution is
the frequency with which each value of column inches occurs for these 500 observations. Here is a
formal definition of a population distribution:

A population distribution is a statement of the frequency with which the units of analysis or cases that
together make up a population are observed or are expected to be observed in the various classes or catego-
ries that make up a variable.

Note the emphasized phrase in this definition. The frequency with which units of analysis are
observed in the various classes of the variable is not always known in a population distribution.
Only if we conduct a census and measure every unit of analysis on some particular characteristic
(that is, actually observe the value of a variable in every member of the population) will we be able
to directly describe the frequencies of this characteristic in each class. In the majority of cases we
will not be in a position to conduct a census. In these cases we will have to be satisfied with drawing
a representative sample from the population. Observing the frequency with which cases fall in the
various classes or categories in the sample will then allow us to formulate expectations about how
many cases would be observed in the same classes in the population.

For example, if we find in a randomly selected (and thus representative) sample of 100 college
undergraduates that 27 students own CD players, we would expect, in the absence of any informa-
tion to the contrary, that 27% of the whole population of college undergraduates would also have a
CD player. The implications of making such estimates will be detailed in following chapters.

The distribution that results from canvassing an entire population can be described by using
the types of descriptive indicators discussed in the previous chapter. Measures of central tendency
and dispersion can be computed to characterize the entire population distribution.

When such measures like the mean, median, mode, variance and standard deviation of a popu-
lation distribution are computed, they are referred to as parameters. A parameter can be simply
defined as a summary characteristic of a population distribution. For instance, if we refer to the fact
that in the population of humans the proportion of females is .52 (that is, of all the people in the
population, 52% are female) then we are referring to a parameter. Similarly, we might consult a
television programming archive and compute the number of hours per week of news and public
affairs programming presented by the networks for each week from 1948 to the present. The mean
and standard deviation of this data are population parameters.

You probably are already aware that population parameters are rarely known in communica-
tion research. In these instances, when we do not know population parameters we must try to ob-
tain the best possible estimate of a parameter by using statistics obtained from one or more samples
drawn from that population. This leads us to the second kind of distribution, the sample distribu-
tion.
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Sample Distribution
As was discussed in Chapter 5, we are only interested in samples which are representative of

the populations from which they have been drawn, so that we can make valid statistical generaliza-
tions. This means that we will restrict our discussion to randomly selected samples. These random
probability samples were defined in Chapter 6 as samples drawn in such a way that each unit of
analysis in the population has an equal chance of being selected for the sample.

A sample is simply a subset of all the units of analysis which make up the population. For
instance, a group of voters who “Approve” or “Disapprove” of a particular presidential candidate
constitute a small subset of all those who are eligible voters (the population). If we wanted to deter-
mine the actual number of column inches of coverage given to Fortune 500 companies in the WSJ we
could draw a random sample of 50 of these companies. Below is a definition of a sample distribu-
tion:

A sample distribution is a statement of the frequency with which the units of analysis or cases that
together make up a sample are actually observed in the various classes or categories that make up a
variable.

If we think of the population distribution as representing the “total information” which we
can get from measuring a variable, then the sample distribution represents an estimate of this infor-
mation. This returns us to the issue outlined in Chapter 5: how to generalize from a subset of obser-
vations to the total population of observations.

We’ll use the extended example from Chapter 5 to illustrate some important features of sample
distributions and their relationship to a population distribution. In that example, we assumed that
we had a population which consisted of only five units of analysis: five mothers of school-aged
children, each of whom had differing numbers of conversations about schoolwork with her child in
the past week.

The population parameters are presented in Table 9-1, along with the simple data array from
which they were derived. Every descriptive measure value shown there is a parameter, as it is com-
puted from information obtained from the entire population.
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But we know that a sample will contain a certain amount of sampling error, as we saw in
Chapter 5. For a refresher, see Table 5-6 in that chapter for a listing of all the samples and their
means that would be obtained if we took samples of N = 3 out of this population. Table 9-2 shows
just three of the 125 different sample distributions that can be obtained when we do just this.

Since the observed values in the three samples are not identical, the means, variances, and
standard deviations are different among the samples, as well. These numbers are not identical to the
population parameters shown in Table 9-1. They are only estimates of the population values. There-
fore we need some way to distinguish between these estimated values and the actual descriptive
values of the population.

We will do this by referring to descriptive values computed from population data as param-
eters, as we did above. We’ll now begin to use the term statistics, to refer specifically to descriptive
indicators computed from sample data. The meaning of the term statistic is parallel to the meaning
of the term parameter: they both characterize distributions. The distinction between the two lies in
the type of distribution they refer to. For sample A, for instance, the three observations are 5, 6 and
7; the statistic mean equals 6.00 and the statistic variance is determined to be .66. However, the
parameter mean and parameter variance are 7.00 and 2.00, respectively. In order to differentiate
between sample and population values, we will adopt different symbols for each as shown in Table
9-3.

One important characteristic of statistics is that their values are always known. That is, if we
draw a sample we will always be able to calculate statistics which describe the sample distribution.
In contrast, parameters may or may not be known, depending on whether we have census informa-
tion about the population.

One interesting exercise is to contrast the statistics computed from a number of sample distri-
butions with the parameters from the corresponding population distribution. If we look at the three
samples shown in Table 9-2, we observe that the values for the mean, the variance, and the standard
deviation in each of the samples are different. The statistics take on a range of values, i.e., they are
variable, as is shown in Table 9-4.

The difference between any population parameter value and the equivalent sample statistic
indicates the error we make when we generalize from the information provided by a sample to the
actual population values. This brings us to the third type of distribution.
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Sampling Distribution
If we draw a number of samples from the same population, then compute sample statistics for

each, we can construct a distribution consisting of the values of the sample statistics we’ve com-
puted. This is a kind of “second-order” distribution. Whereas the population distribution and the
sample distribution are made up of data values, the sampling distribution is made up of values of
statistics computed from a number of sample distributions.

Probably the easiest way to visualize how one arrives at a sampling distribution is by looking
at an example. We’ll use our running example of mothers’ communication with children in which
samples of N = 3 were selected. Figure 9-1 illustrates a model of how a sampling distribution is
obtained.

Figure 9-1 illustrates the population which consists of a set of scores (5, 6, 7, 8 and 9) which
distribute around a parameter mean of 7.00. From this population we can draw a number of samples.
Each sample consists of three scores which constitute a subset of the population. The sample scores
distribute around some statistic mean for each sample. For sample A, for instance, the scores are 5,
6 and 7 (the sample distribution for A) and the associated statistic mean is 6.00. For sample B the
scores are 5, 8 and 8, and the statistic mean is 7.00. Each sample has a statistic mean.

The statistics associated with the various samples can now be gathered into a distribution of
their own. The distribution will consist of a set of values of a statistic, rather than a set of observed
values. This leads to the definition for a sampling distribution:

A sampling distribution is a statement of the frequency with which values of statistics are
observed or are expected to be observed when a number of random samples is drawn from a given
population.

It is extremely important that a clear distinction is kept between the concepts of sample distri-
bution and of sampling distribution. A sample distribution refers to the set of scores or values that
we obtain when we apply the operational definition to a subset of units chosen from the full popu-
lation. Such a sample distribution can be characterized in terms of statistics such as the mean, vari-
ance, or any other statistic. A sampling distribution emerges when we sample repeatedly and record
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the statistics that we observe. After a number of samples have been drawn, and the statistics associ-
ated with each computed, we can construct a sampling distribution of these statistics.

The sampling distributions resulting from taking all samples of N=2 as well as the one based

Chapter 9: Distributions: Population, Sample and Sampling Distributions



126 Part 2 / Basic Tools of Research: Sampling, Measurement, Distributions, and Descriptive Statistics

taking all samples of N=3 out of the population of mothers of school-age children are shown in
Table 9-5.

These sampling distributions are simply condensed versions of the distributions presented
earlier in Tables 5-1 and 56. In the first column we can see the various means that were observed. The
frequency with which these means were observed is shown in the second column. The descriptive
measures for this sampling distribution are computed next and they are presented below.

The first such measure computed is a measure of central tendency, the mean of all the sample
means. This is frequently referred to as the grand mean, and it is symbolized like this:

From the values in the sampling distribution we can also compute measures of dispersion.
Using the difference between any given statistic mean and the grand mean, we can compute the
variance and the standard deviation of the sampling distributions, as illustrated in columns 4, 5 and
6 of Table 9-5. In the fourth column we determine the difference between a given mean and the
grand mean; in column five that difference is squared in order to overcome the “Zero-Sum Prin-
ciple”, and in column six the squared deviation is multiplied by f to reflect the number of times that
a given mean (and a given difference between a statistic mean and the grand mean, and the squared
value of this difference) was observed in the sampling distribution. As you see, the descriptive
measures in a sampling distribution parallel those in population and sample distributions. To avoid
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the confusion that may be caused by this similarity we will use a set of special terms for these
descriptive measures. The variance of a sampling distribution will be referred to as sampling vari-
ance and the standard deviation of the sampling distribution will be called the standard error. Table
9-6 provides a listing that allows for an ready comparison of the three main types of distributions,
what the distributions consist of, and the labels of the most frequently used descriptive measures.

Maintaining these different symbols and labels is important. Whenever we see, for instance, M
= 4.3, we know that 4.3 is the mean of a population, and not the mean of a sample or sampling
distribution. Furthermore, whenever the term sd is used we know that the measure refers to the
variability of scores from a sample; whenever the term std error is encountered we know that refer-
ence is being made to dispersion within a distribution of statistics.

The Utility of a Sampling Distribution
By now it should be clear how a sampling distribution might be constructed. However, ques-

tions about the utility of doing so may remain. Why do we bother to construct sampling distribu-
tions, particularly sampling distributions of means? There are three reasons for constructing sam-
pling distributions of means. In a nutshell, these sampling distributions give us insight into sam-
pling error; they give insight into probability; and they allow us to test hypotheses.

Sampling Distributions as Distributions of Sampling Error
In Chapter 5 we encountered the term sampling error when we discussed random sampling.

When we draw random samples from a population there are no guarantees that the sample will
indeed be exactly representative of the population. As seen earlier in this chapter it is quite possible
that there will be differences between sample characteristics and population characteristics. In fact,
sampling error can be defined as the discrepancy between the parameter of a population and the
corresponding statistic computed for a sample drawn randomly from that population.

One way of looking at Table 9-5 is as an illustration of sampling error. It shows a listing of all
the sample statistic means that were computed when all possible samples of a given size were drawn
from the population. Most of these different statistic means show a certain amount of discrepancy
with the population mean; some means show larger discrepancies, others show smaller ones (see
column 4). The sampling distribution that result when we take all samples from a given population
is therefore also the distribution of the amounts of sampling error that we encountered as we drew
those samples.

Sampling Error and the Standard Error
We know that sampling error is unavoidable, even when we sample randomly. However, let

us assume for a moment that we could randomly sample without committing sampling error. In
that case, for all the samples that we would draw from a population, there would be no discrepancy
between the statistic computed for each sample and the population parameter. Each sample mean
would be exactly equal to the population mean. Since all the entries in the sampling distribution
would be identical, the sampling distribution would have a mean equal to the population mean.
The sampling variance and the standard error are measures of dispersion of a set of statistics about
the mean of the sampling distribution of those statistics. As all entries in this distribution are exactly
equal to the mean, it follows that under these conditions we would observe the sampling variance
and standard error to be equal to zero. A zero standard error indicates that there is no sampling
error, which is correct given our original assumption of sampling without error.

If we assume small amounts of sampling error, the observed statistics will be quite similar to
one another, but not identical. This means that they will be quite similar to the population param-
eter. As a consequence, the resulting sampling distribution would have a non-zero sampling vari-
ance and standard error, but both will be quite small, since all statistics are similar to the population
parameter. As increasing amounts of sampling error are introduced, the differences between the
individual sample statistics and the population parameter will increase, and the sampling variance
and standard error will be larger.
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Factors Affecting Sampling Error
The preceding section makes it quite clear that the amount of sampling error encountered

determines the size of the sampling variance and the standard error, making the standard error a
convenient way of estimating sampling error. But another question arises. What determines the size
of the sampling error itself? Briefly, sampling error is determined by (1) the population variance;
and (2) the sample size.

Population Variance. The larger the population variance, the larger the sampling error. If you
think about it for a moment, you’ll probably see why this is the case. A population distribution with
a small variance has its scores more tightly clustered around the population mean. This means that
any random sample drawn from this population is likely to contain many observed values which
are close to the population mean. The mean of such a sample (and the means of others like it) will
then be close to the population mean, and there will be little sampling error.

The effect of population variance on sampling error can be demonstrated by contrasting the
sampling distributions associated with three different populations A, B and C, which have different
variances. These population distributions, along with their parameters and the resulting sampling
distributions, are shown in Table 9-7.

Population A has the smallest parameter variance; all the scores are closely lumped together.
Consequently the sampling distribution shows little variability. The mean of any sample drawn
from Population A cannot be smaller than 6, nor can it be larger than 8. It follows, then, that all other
sample means have to be between these two extremes and that they also must be quite similar to the
true population parameter. The fact that the means are close to one another and close to the popula-
tion mean is reflected in the standard error value of .44.

In the sampling distribution associated with Population B the sample means are somewhat
more dispersed. The highest and lowest possible sample means in this population are 5 and 9,
reflecting a sampling error or -2.00 and +2.00, respectively. The standard error for this distribution is
1.00. The third population distribution has the greatest dispersion of scores; the scores here range
from 3 to 11. Its sampling distribution reveals the greatest dispersion of sample means and conse-
quently, with 2.00, the greatest standard error.

Sample Size. The second factor which determines the magnitude of the sampling error is the
size of the sample drawn from the population. The general rule of statistical generalization that we
have already developed in Chapter 5 is that increased sample size reduces the sampling error, all
other things remaining equal. Again, this phenomenon can be illustrated simply with an example. If
we go back to Table 9-5, we can see the sampling distributions that result when we take samples of
two different sizes. If we look at the various sample means that are observed when N = 2 and when
N = 3, we see that, as sample size increases, a larger proportion of the sample means will fall near the
true population mean.

Let us look, for instance, at the proportion of sample means that have a discrepancy from the
parameter which does not exceed +1.00 or -1.00. Column 2 in Table 9-5 shows that, when N = 2, 19 of
the 25 samples have means that fall within this range. These 19 sample are 76% of the possible
sample means. When N = 3, however, the proportion of samples with means that fall within the
same range is equal to 105/125, or 84%. As sample size increases, a greater proportion of sample
means will fall closer to the true parameter.

Table 9-5 also contains the sampling statistics for these two sampling distributions. These are
simply a more precise way of stating the same information: When N = 2, the sampling variance
equals 1.00, as does the standard error. When N = 3, the sampling variance equals .672 and the
standard error is .819, reflecting the increased clustering of sample means around the population
mean, and thus less sampling error.

Yet another way of illustrating this phenomenon is through a graph, as in Figure 9-2. The
curve representing the sampling distribution based on samples of N = 2 is a distribution with rela-
tively “thick” tails, indicating that, proportionally, sample means with large deviations from the
population mean occur relatively frequently; certainly proportionally more frequently than they do
in the sampling distribution based on samples of N = 3 which has clearly “thinner” tails. Again,
these shapes reflect that, when N = 2, only 76% of the sample means will be between 6 and 8 inclu-
sive; when N = 3, 84% fall within this interval.

If we take into consideration both population variance and sample size, then it is relatively
easy to understand that sampling error will be minimized in large samples taken from populations
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that have little variability. Relatively larger amounts of sampling error can be expected as sample
size decreases and/or the population variance is larger.

Figure 9-2 also illustrates an important point that has already been presented in Chapter 5. The
two sampling distributions depicted in this figure are symmetrical distributions. Recall that a sym-
metrical distribution means that overestimates of the population statistic of a particular size or
magnitude are just as likely to occur as underestimates of the same size. The important implication
of this phenomenon is that sample means are considered to be unbiased estimators of the popula-
tion mean. This means that the most probable value for the sample statistic is the population statis-
tic, regardless of the amount of sampling error. Figure 9-2 illustrates this clearly. Both sampling
distributions have 7.00, the population M, as their most frequently occurring sample mean.

Sampling Distributions as Distributions of Probability
Perhaps the most important reason for constructing sampling distributions is that they can be

interpreted in terms of the probability associated with the various statistics that are obtained when
we sample randomly.
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Table 9-8 presents the two sampling distributions we have encountered earlier, along with the
probabilities associated with the various means. For the first sampling distribution, based on samples
of N=2, we can note that a total of nine different means were observed. A mean of 5.00 was observed
only once, 5.50 was observed twice, etc. Once we sum all the occurrences of the various outcomes
we note that there were a total of 25 occurrences associated with 9 different outcomes. The probabil-
ity of any outcome is simply the ratio of that outcome’s frequency to the total frequency, so we
divide the frequency of each of the outcomes by 25 to get the 9 probabilities associated with each
value of the mean. For example, the probability of obtaining a mean of 5.00 is computed by dividing
its one occurrence by 25, giving a probability of .04. By the same reasoning the probability of observ-
ing a mean of 7.00 would be equal to 5 out of 25, or .20.

In addition to predicting the probability of obtaining a single outcome, we can also predict the
probability of obtaining a range of outcomes by simply summing the probabilities of the individual
outcomes contained within that range (see the section on “Probability” in Chapter 6).

For example, the probability of obtaining a sample mean not more than one point away from
the true population mean of 7.00 when we take samples of N = 2 (that is, to obtain a mean of 6.00,
6.50, 7.00, 7.50 or 8.00) would have an associated probability of .12 + .16 + .20 + .16 + .12 = .76.

For the sampling distribution based on samples of N = 3, the probability of obtaining a sample
mean within the same range would be equal to .08 + .12 + .144 + .152 + .144 + .12 + .08, = .84. This
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means that if we were to take a sample of N = 3 out of the population consisting of the values 5, 6, 7,
8, and 9, we would have an 84% chance of drawing a sample whose mean would be within 1.0 point
of the true population mean, and that we would have a 16% chance of observing a sample mean
more than 1.0 away from M.

Sampling Distributions and Hypothesis Testing
The ability to assign probabilities to the various values of means is extremely important. It

means that we can make a probabilistic statement about the amount of sampling error that we may
have obtained in drawing any sample. For instance, if we were to draw a sample of 2 observations
out of the population and if we then obtained a mean of 5.00 from this sample, we would consider
that a relatively unusual event. Why? Because according to the sampling distribution based on
samples of this size, a mean of 5.00 had only a 4% chance of occurring. We would have expected to
observe a value like 6.5, or 7, or 7.5, because these outcomes are much more likely. If we obtain a
mean of 5.00, we can say that it is relatively unlikely (but not impossible) that the population mean
is really 7.0.

This kind of probability statement will be of critical importance when we begin to test hypoth-
eses. As we saw in Chapter 3, one way that we can test a relationship is to observe differences in a
variable between two groups (a comparative hypothesis). As an example, let us assume that we have
a research hypothesis (HA) that mothers in rural communities communicate with their children
about school with a different frequency than do urban mothers.

The associated null hypothesis (H0) is that the two populations of mothers communicate with
equal frequency. We will also assume that we know the population mean for the communication
variable among urban mothers (an unlikely event, but bear with us). But we do not know not the
variable’s mean for rural mothers. So we will have to draw a sample from that population and
compute a sample mean to serve as our best estimate of the unknown population parameter for
rural mothers. If the urban and rural populations communicate equally frequently, we expect the
mean of the sample drawn from the population of rural mothers to be equal or nearly equal to the
population mean for the urban mothers.

If we find a sample mean for rural mothers that is near the population mean for urban moth-
ers, we will conclude that the null hypothesis appears to be a fair description of reality—the urban/
rural distinction does not seem to produce differences in communication frequency beyond those
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that can likely be attributed to sampling error in the rural sample. The key word in the previous
sentence is “likely”. This is a probability statement, and the evidence for making it can be obtained
from a sampling distribution.

But suppose the sample mean for rural mothers is quite different from the population mean
for urban mothers. There are two reasons why this might occur. The first is sampling error—per-
haps the population means for both rural and urban mothers are really the same, but because of
sampling error we’ve gotten one of the improbable sample means. The second reason is that the
population means themselves are really different. In this case, we’ve gotten a reasonable (i.e., prob-
able) estimate of the population mean for rural mothers, and it happens to be different from the
population mean for urban mothers. This situation would argue for our rejection of the null hypoth-
esis, or, put another way, it would provide evidence in favor of our research hypothesis.

How do we decide which one is really the true situation? Unfortunately, we have no direct
way of telling, so we are forced into a kind of betting game. What we will do is figure the odds of
being right or wrong, and when these odds (that is, probabilities) are sufficiently unfavorable to the
Null hypothesis, we will reject the null hypothesis. As the difference between the population mean
and the sample mean increases, the probability of the difference being due to sampling error de-
creases. At some arbitrary point we will conclude that it’s just too improbable that sampling error
was the cause of the difference, and conclude that something else must be causing the difference
between the sample mean for rural mothers and the population mean for urban mothers.

If all other things are equal (and they will be, if we have drawn a good, unbiased, random
sample of rural mothers), then the urban/rural difference must be the cause of the difference in the
amount of communication.

We’ll investigate hypothesis testing in much more detail in Chapter 11. For right now, the
important thing to remember is that the sampling distribution gives us the basic probability infor-
mation that we need to distinguish between the null and the research hypothesis.
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Other Sampling Distributions
Any statistic which we compute from sample observations is part of a sampling distribution

for that statistic; we don’t need to restrict ourselves to sampling distributions of means. For ex-
ample, we could compute sample variances and construct a sampling distribution of variances. An
example of such a sampling distribution is presented in tabular form below in Table 9-9, and in
graph form in Figure 9-3.

The sampling distribution which results when we collect the sample variances of these 25
samples is different in a dramatic way from the sampling distribution of means computed from the
same samples. The sampling distribution of variances is not a symmetrical distribution. The distri-
bution is positively skewed. If we compute the mean of all the observed sample variances we obtain
an average of 1.00, well below the true population variance of 2.00. This lack of symmetry tells us
that sample variances are biased estimators of population variance. The average variance is not the
most probable variance found in the sampling distribution.

Furthermore, we can see that the nature of the bias is to underestimate the population vari-
ance. An inspection of Figure 9-3 and Table 9-9 illustrates this point: sample variances which under-
estimate the true population variance occur with greater frequency than those that overestimate the
population variance.

In the process of carrying out communication research we will frequently estimate a population’s
mean and variance with sample statistics. The sample mean will be an unbiased estimator of the
population parameter, but we will have to “adjust” for the sample variance’s tendency to underesti-
mate. Again, we’ll defer the details of how to do this until a later chapter.

The difference between the sampling distributions for the mean and for variance illustrate two
things: first, all sampling distributions are not identical; second, we have to know the “shape” (actu-
ally, the mathematical formula) of the sampling distribution so that we can see if it is biased, and to
correct for any bias that is present.

Summary
In this chapter we have presented a discussion of three important and related distributions.

The reason for discussing them is that they feature prominently in the testing of hypotheses. The
first of these three distributions is the population distribution, which is made up of all units of
analysis in the population, and represents the frequency of occurrence of every value of a particular
variable in the whole population, whether it is actually observed by a researcher or not. The popu-
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lation distribution is described by parameters.
The second type of distribution is the sample distribution, which is made up of a sampled

subset of units from the population. The values in the sample distribution are actually observed by
the researcher. Descriptive values are called statistics when they are computed from a sample distri-
bution. Sample distributions are subject to sampling error, which is random in nature, but which
produces, purely by chance, differences of varying magnitude between sample statistics and the
corresponding population parameters.

This then brings us to the third type of distribution: the one which results when all possible
samples from a population are drawn, and a descriptive statistic such as a mean or a variance is
computed for each sample. Such a distribution of statistics is called a sampling distribution. This
distribution can be used to compute estimates of the sampling error based on the dispersion of the
sample statistics, such as the standard error of a statistic.

The distribution can also be used to compute the probability of finding a statistic different
from a given population parameter, simply as a result of sampling error. This probability informa-
tion can be used to test hypotheses.

Sampling distributions can thus be seen as central to hypothesis testing. However, construct-
ing sampling distributions following the method we outlined in this chapter can be proven to be
totally impossible under conditions normally encountered in hypothesis testing. Therefore, the next
chapter will introduce you to a methodology which greatly facilitates describing sampling distribu-
tions.
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