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Introduction to Social Statistics

Why do some states have high homicide rates while in other states the occurrence
of a homicide is very rare? Why are some countries more likely than others to par-
ticipate in environmental treaties? Why do some people feel animals have rights
while others feel animals can be treated as objects? Why do some people know how
the AIDS virus is transmitted and others don’t?

In this text we will explore each of these questions using quantitative methods.
We will try to answer them by developing models that help us understand why
people, states within the US, or countries in the world differ from one another.
In attempting to answer these questions we will introduce the standard tools of
modern quantitative analysis in the social sciences — statistics. Our answers will
always be tentative and never certain. But the scientific method applied by using
statistical tools can help us make better decisions about how the world works.

Of course, this is a statistics text, not a book about homicide or the environment.
The questions we examine are intended to introduce the tools of statistics. Once
you understand the tools, you will be able to see how they can be used to answer
many other questions across a range of issues. Perhaps more important, they can
help you to think critically about research that is presented to persuade — whetber
in a paper from a scientific journal, a technical report from a government agency,
or in a newspaper story.

Each question we pose in the first paragraph is about variation — why do some
people, states or countries differ from others? We attempt to understand that
variation by building models. In quantitative analysis we use the term model in
much the same way as it is used in everyday life. A model is a representation of
something. For example, a model train captures the look of a real train, but in
miniature, and a model apartment shows you what the apartment you are think-
ing of renting might be like. A fashion model shows how you might look wearing
the clothes being modeled.!

In quantitative analysis we build models with numbers. We want to understand
why the things being studied vary — why people are different from one another,
why states differ, why countries differ. Like the models of everyday life, quantita-
tive models are useful if they capture the key features of what we are studying.
But they also simplify reality and can be deceptive if we don’t look at them with a
critical eye.

Building models and using them to understand variation is a central theme in
quantitative analysis. In this text, we explain how models are developed, show how
they can be used to explain variation, and examine how models of variation relate
to the ongoing dialogue that is science. '

- Statistics is intended, in large patt, to deal with models that include some error.
All of our models will be imperfect descriptions of reality, and the difference between
the model and what we observe in the real world is the error in the model. This idea
of error is a bit removed from the everyday sense of model trains, model apartments
and fashion models. But there is an analogy. As makers of model trains strive to
add more and more detail, they are in a sense trying to reduce the error — the dif-
ference between the model and reality. If the actual apartment you rent does not
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~ much resemble the mo del you were shown, you have a sense that things are wrong.

And taking fashion models with very unusual physiques as a representation of the
typical man or woman is clearly an error.

i Since all data include errot, we will discuss the kinds of error that are most import-

" ant in social science data. This is the starting point for understanding how statistics

. allows us to take error into account in our models. As we will see, the error is a

- critically important part of our models, and we will think as hard about the errox

- as we do about the rest of the model.

“What is Statistics?

- What does the term statistics mean? There are two definitions of statistics in the
" typical dictionary (Brown, 1993):

1 the field of study that involves the collection and analysis of numerical facts or
- data of any kind; and
2 - numerical facts or data collected and analyzed.

he first definition refers to the field of study to which this book provides an
introduction. The second definition refers to what, in some sense, statisticians
study — numerical (or quantitative) data. This is the everyday use of the term
atistics — the numbers that are intended to represent some aspect of life. Everyone
counters sports statistics, statistics on cars, statistics on how the economy is doing

e tse of such quantitative data goes back at least to the eatliest city-states. We know
Babylonians and Egyptians collected numerical data on crops, for example.
act the term statistics has its roots in the Latin word for “state” indicating the
orical linkage between the government and numerical data.

a field of study, statistics develops tools that allow us to generate better num-
to-describe the world. As we noted above, all models of the world involve some
r. One of the major concerns in the field of statistics is to understand how error
nter our models and in the numbers that we use to describe the world. By
1derstanding these errors we may be able to reduce them substantially. And even
n.we can’t make them small enough to ignore, statisticians have given us tools
elp us understand how large the errors may be. This allows us to guard against
g decisions that treat what may be error as if it were fact.
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Models to Explain Variation

To understand and use quantitative methods, we must have some sense of the
process of proposing models, criticizing them, and learning from the process.
Generally, a model has the form:

Y=fX)+E : (1.1)

We say this as “Y equals f of X plus E”

Sometimes the equation is shown with a small subscript i after ¥, X, and E. Then
the equation would be Y= f(X;) + E,. This is sometimes done to emphasize that
every observation — every person in a survey, every country in a cross-national study
— can have its own value for Y, X, and E. Of course, two observations may have the
same scores on a variable. Two people might have the same level of education or
income or two states might have the same homicide rate. But X, Y, and E can vary
from person to person even if not every person has a unique value on each of the
variables. We wor’t use the subscripts because they can be confusing when you are
first learning statistics. '

Xand Y can vary across observations, so they are called variables. Y is the depend-
ent variable, the thing we are trying to explain. If we are trying to understand why
states might vary in their homicide rates, then Y would be the homicide rate. If
we are trying to understand who knows that the transmission of AIDS is reduced
by condom use and who doesn’t, ¥ would be each person’s response to a survey
question about AIDS transmission.

X is the independent variable, The equation suggests that the variation in Y across
observations may be the result of variation in X. The equation implies that because X
is different from observation to observation then Y will be different. In explaining
homicide rates we might think that homicide is a result of poverty, so X would be some
measure of poverty in a state. For example, we could use the percent of the state’s popu-
lation below the federal poverty line for X. We might think that a person’s knowledge
about the AIDS virus depends on their gender, so then X would be gender. One
helpful way of remembering the difference between dependent and independent vari-
ables is that the dependent variable depends on changes in the independent variable.

In some fields, terms other than independent and dependent variables are used
to describe the thing we are trying to explain and the thing used to explain it. For
example, for obvious reasons the dependent variable is sometimes referred to as
the “left hand side variable” and the independent variable is called the “right hand
side variable” And sometimes the dependent variable is called the response (because
it is responding to the independent variable) while the independent variable is
called the “carriery” the “predictor variable,” or the “covariate.”

The “f” in the equation is just an abbreviation that covers any way X might
be linked to Y. You may remember “f” from algebra. It means “is a function of”
It says that there is a relationship between X and Y, but it doesn’t say what that
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- relationship will look like. It might be that as X gets larger Y gets larger. That is
~ what our theory of homicide is saying: states with more poverty will have higher
homicide rates. But the “f” by itself is not that specific. It could allow for Y to get
smaller as X gets larger, or for some more complicated relationship. For example,
using just the “f” allows for the possibility that the states with the highest and
~ lowest poverty rates have the lowest homicide rates, with the highest homicide rates
* in the states with an intermediate level of poverty. To actually have a model we can
~ apply to data, we have to be more precise about how X and Y are related.

The E term, often called the residual or error term, suggests that things other than
X cause Y to vary from observation to observation. Thus the equation indicates
" that Y is a function of X, plus an error term. In other words, our model says that
poverty rates are not the only cause of homicide rates; other variables may be causes
- of homicide rates, and these are represented by the “E” in the equation. Just as Y
- and X can be different from person to person or state to state, E can also vary from
- person to person and state to state.

Let’s pursue the example of homicide rates. Figure 1.1 graphs the homicide rate
against the percentage of the population in each state in poverty. This graph is called
" a scatterplot because we are plotting the “scatter” of Y and X. We will discuss scat-
- terplots in more detail in Chapter 5. The poverty data are for 2002, the homicide
data for 2003. The homicide rate is the number of homicides per 100,000 popula-
tion in the state. The poverty rate is the percentage of families whose income was
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Figure 1.1 Relationship between homicide rate and percent of population in poverty
Data source: US Census Bureau (2002, 2003), analyzed with Stata.
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less than the federal poverty line for families. The data are described in more detail
in the applications at the end of the chapter. We usually want the independent and
dependent variable to be for about the same point in time, and the custom is to
have the independent variable be for a slightly earlier point in time than the depend-
ent variable when they are not both for the same time.

Using words instead of letters to form the equation, the model we are proposing is:

homicide rate = f(percent in poverty) + Error (1.2)

The model says that one reason that states vary in their homicide rates is that they
have different levels of poverty. We don’t know that the model is correct. Indeed
as the quote from George Box (see Box 1.1) suggests, all models, including this one,
are wrong. By wrong we mean that no model will predict the data perfectly. But
as the quote from Samuel Karlin suggests, we can learn something from imperfect
models. We do this by looking at the pattern in the scatterplot.

There does.seem to be some tendency for the homicide rate to be higher in the
states with the highest poverty levels. Note also that even though there is some pat-
tern, it is far from perfect. The data points don’t seem to fit any pattern perfectly
even if there is something of a general pattern. States with the most poverty do
seem to have the highest homicide rates. The deviations from the pattern are also
interesting. States like Mississippi (MS) and Louisiana (LA) have higher levels of
homicide than we might expect from their levels of poverty, while Maine (ME) and
South Dakota (SD) have lower levels of homicide than we might expect from our
model. For example, Arizona and Maine have about the same poverty level (13.5
and 13.4, respectively). But the homicide rate for Maine is only 1.2 while for Arizona
the homicide rate is 7.9. So the poverty rate clearly doesn’t predict the homicide
rate perfectly. In the language of the model, the states that are different from the
overall pattern will have large E values, Things in addition to level of poverty are
having an influence on the homicide rate.

All models are wrong. Some models are useful. (George E. P. Box, 1979)

The purpose of madels is not to fit the data but to sharpen the questions. (Samuel
Karlin, 11th R. A. Fisher Memorial Lectures, Boyal Saciety, 20 April 1983)

Both of these quotes from eminent statisticians remind us that models are tools
to aid our understanding. As we develop models we can get lost in the modeling
itself. We should always reflect back on the purpose of building and testing
models: o help us understand the world. Sometimes a model that doesn’t describe
data very well tells us as much or more than a model that fits well.
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To go beyond looking at a scatterplot, we have to be more precise about how
X is related to Y. The shape of the relationship between X and Y is called the
“functional form” of the model. In some software it is called the “linking function”
because it is what links X to Y. The functional form or linking function is a very
important part of the model, one that should be specified, at least tentatively, by
theory. In the poverty/homicide rate example, we might suggest that the link is best
represented by a straight line that indicates that as poverty rates go up, homicide
rates go up. Then f{X) becomes the equation for a straight line:

£(X) = A + (B*X) : (1.3)

We read this equation as “F of X equals A plus B times X.” When working with the
equations, pay attention to where the parentheses are. In solving this equation you
should multiply X times B, then add A. Here f(X) is the function that links X to Y.
The result is a prediction of Y based on X, f(X) is the prediction of Y using X as
the predictor. The equation f(X) is not the same as Y itself unless X can predict Y
perfectly, which wor’t be the case with real data. So there has to be an E in the
equation for Y itself. That is the equation for Y is now:

Y=A+(B*X)+E (1.4)

While this is the simplest and most commonly proposed functional form linking
dependent and independent variables, it is not the only possibility. There is nothing
except more complicated algebra preventing us from saying that the link between
X and Y is a curve rather than a straight line. As we suggested above, we might have
the idea that states at a moderate level of poverty have higher homicide rates than
those at the high and low extremes. This implies a curve that looks like an upside
down letter U. We don’t see this pattern in Figure 1.1, but it might occur for other
variables. But it’s best to start with the simplest models and the straight line is the
simplest model we can have for the relationship between two variables.
Remember, E is still the error or residual term. It implies that we don’t expect all
variation in Y to be predicted by X when we assume that the relationship is a straight
line. By including E we acknowledge that factors other than affluence may explain
honticide rate. The inclusion of E in the model indicates that we don’t expect poverty
rates to predict homicide exactly — not all data points will fall exactly on the line.?
It is useful to think of even this very simple model as having four parts. First there
is the dependent variable, Y, the thing whose variation from observation to observa-
tion (that is from person to person, state to state, country to country or year to year)
we want to explain. In our example, this is the homicide rate. Second is the inde-
pendent variable, X, the thing that we believe can, with its own variation, explain
some of the variation in the dependent variable. In the example, this is the percent
of the population below the poverty line. Third is the functional form (f) that links
the independent variable to the dependent variable. For now we’ll talk only about
straight lines, but more complicated functional forms are often realistic. The key
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point for now is that we are making a statement that says not only that we believe
that the independent variable can predict the dependent variable but also that we
will use a straight line to indicate the link between them. The fourth component
of the model is the error term (B). E describes the difference between the actual
value of Y and what we predicted using X. It takes account of the fact that X does
not perfectly explain Y. The error term is not usually discussed by sociologists or
other theorists, but it is a key issue for statistical theory. Indeed, as will become
clear later, the meaning of any statistical procedure rests on the meaning of the error
term, and statistical analyses are only as sound as our assumptions about the error
term. So our four parts of the model are the dependent variable, the independent
variable, the functional form that links them, and the etror term.

The functional form, Y = A + (B*X) + E, suggests that a straight line describes
the link between X and Y. But what values do we pick for A and B — that is, what
line would we draw to represent the relationship between A and B? We could pick
an A value and a B value by “eyeballing” the data. That is, we could take a ruler and
draw a straight line through the graph and then use methods we learned in high
school algebra and geometry to find the values of A and B for the equation from
the line we drew. But that’s not how we find the line in statistical analysis. Chapter 14
will describe in detail how we pick the line. For now, take our word for it that a good
value to pick for A is 0.59 and for B a good value is 0.36. Figure 1.2 shows the graph
where the line f(X), which for a straight line is A + (B*X), has been drawn in.
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Figure 1.2 Relationship between homicide rate and percent of population in poverty
with prediction line
Data source: US Census Bureau (2002, 2003), analyzed with Stata.
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A is the value we predict for the homicide rate if there were no families living in
poverty in the state — the situation when X equals 0. To see this, look at Equation 1.2.
If X = 0 then B*X = 0, Then the prediction for Y is just A, which for this example
is 0.59. Often the A term in a prediction doesn’t tell us much on its own. Our real
interest is in the B value. Remember the B value tells us how Y changes with X —how
homicide rates change with levels of poverty. That’s the whole reason for doing the
analysis. In this case the A term doesn’t mean much because there are not states at,
or even very close to, a zero poverty rate. So in this example A just gives a reason-
able line to describe the data. If the data included values of zero for X, then A would
be more meaningful.

B says that for every 1-point difference in the poverty rate, the homicide rate
increases by 0.36. (Remember that the poverty rate variable is a percent, so a 1-point
increase is a 1% increase.) Let’s look at what the model predicts for two states, Vermont
and New York. For Vermont, the poverty rate is 9.9% so the model predicts a homi-
cide rate of (0.59 + (0.36%9.9)) = (0.59 + 3.56) = 4.15. For New York, the poverty rate
is 14% so the model predicts a homicide rate of (0.59 + (0.36*14)) = 5.63. Remember,
these are predictions from the model. The predictions usually won’t be exactly right.
For example, the actual difference between the homicide rate for Vermont is 2.3 — 4.15
= —1.85. This means the model predicts too high a homicide rate for Vermont by
about 1.9 points. For New York the difference is 4.9 — 5.63 =—0.73. Here the model
predicts too high by nearly three quarters of a point. Of course, if we had picked
other states, we would see that sometimes the model underpredicts.

Let’s look at what the model is saying for a few states. Table 1.1 shows the values
of ¥, X, f{iX) and E for a few states. For California, X = 13.1. We multiply this by B,
which is 0.36 and get 0.36*13.1 = 4.72. Then we add A, which is 0.59, so (0.59) +
4,72 = 5.31. This is what we predict the homicide rate for California to be based
on the poverty rate, The E for California is then the actual homicide rate minus
the prediction. Then E= 6.8 — 5.31 = 1.49. We can see that for California the predic-
tion was pretty close, but it underestimated the homicide rate slightly. For Nevada
the prediction also underestimated the homicide rate. The actual rate was 8.8 and
the predicted rate was 3.79, so the actual rate was about five points higher than
what the model predicted. Note that positive values of E mean that the model under-
estimates the value for that state, while negative values indicates that the model
overestimates the homicide rate.

Table 1.1 Poverty rate, homicide rate, predicted value and error for selected US states

State X: (% in poverty) Y; (Homicide rate) FX,)=A+ (B*X;) E;

California 13.1 6.8 5.31 1.49
New York 14.0 4.9 5.63 —0.73
Nevada 8.9 8.8 3.79 5.01
Vermont 9.9 2.3 4.15 —-1.85
Oklahoma 14.1 5.9 5.67 0.23
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In Figure 1.2, we see the same thing by noticing that the line, which repres-
ents the model’s prediction, is very close to the data point for California (CA),
but pretty far away from the data point for Nevada (NV) and Vermont (V).
Underestimates mean that the state is above the line and the E value for that state
will be positive. Overestimates mean that the state is below the line and the E value
will be negative.

Explaining Variation

Variation explained is a central concept in many applications of statistics. Social
scientists are concerned with why people, social institutions, communities, cultures,
nations and other units of social analysis vary from one to another. We want to know
why some people are rich and others are poor, why some nations have a high quality
of life and others do not, why some social movements succeed while others fail. In
the model just presented, we want to explain why states vary in their homicide rates.
In most discussions, we’ll actually talk about variance explained rather than vari-
ation explained. Both the terms “variance” and “variation” have precise definitions
in statistics, as we’ll see in Chapter 4. Until we get there and see the definitions, we’ll
use the term variation in its everyday sense — variation means that things differ
from person to person or country to country.

It is important to remember that the term explanation in the context of statis-
tics has a very precise meaning. In its technical usage, it refers to the ability to pre-
dict one variable based on another variable or set of variables. So in the example
above when we say we can partially “explain” the homicide rate in terms of the
amount of poverty in a state we mean the poverty rate can predict the homicide
rate, though of course not perfectly. Explaining variation in this technical sense of
predicting variation across ebservations can lead to explanation in a broader sense.
This happens when the explanation of variation is linked to a practical or theoret-
ical framework. Lacking such a framework, statistics cannot produce much under-
standing. We may develop models that have great explanatory power in the sense
that they predict quite well but provide no theoretical or practical insight. Or
we may learn a great deal about the social world from a model that has limited
explanatory power but that reveals important patterns. Indeed, the fact that a model
doesn’t predict very well can lead to important insights, as the quotes in the box
above indicate.

Quantitative methods are powerful tools, but they achieve that power only when
combined with sound theoretical thinking. In contemporary social sciences, it is
often the case that theorists pay little attention to issues of method and sometimes
methodologists don’t think about theory. Successful research requires making links
between theory and method — between developing understanding of phenomena
in a theoretical or practical way and explaining variation in a technical way. Indeed,
this is the stage at which the craft of research is of paramount jimportance. Good
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research makes connections between developing understanding of phenomena in
a theoretical or practical way and explaining variation in a technical way.

Consider the relationship between homicide and poverty. Let’s suppose we can
predict the homicide rate with reasonable accuracy based on the percentage of each
state’s population in poverty. In the statistical sense we have “explained” a good bit
of the variation in homicide. But if we do not have a theoretical model of the rela-
tionship between homicide and poverty, we have not really learned much.

We have to link the model to theory. For example, it may be that poor people
are alienated and suffer from social disorganization and thus are more likely to engage
in crime and violent activities. If we think that’s the case, we might want to see if
there is a relationship between poverty and other kinds of crime. This would support
the idea that poverty leads to disorganization, which leads to crime though there still
might be other things to consider. Or it may be that poor people are concentrated
in cities and that homicide is more likely in cities simply from the volume of social
interactions. Then we would want to look at the relationship between urbanization
and both homicide and poverty. As we develop a theoretical explanation to work with
our quantitative analysis, the theory often suggests other analyses with other variables.
Looking at the data may answer some questions, but it always raises new ones.

Students learning the basic tools of statistical analysis sometimes mistake stat-
istical explanation for theoretical explanation. As we will emphasize, effective use
of quantitative methods requires a theoretical context for guidance. Quantitative
methods can be a great aid in evaluating the ability of theories to inform us about
the social world, but they cannot be used in the absence of theory. This is turn pro-
vides a strong challenge to theory. We are convinced that attempts to apply quan-
titative methods to our theories will greatly improve those theories. Quantitative
methods force us to think hard about what we mean and what we assume.

The Use of Statistical Methods

Statistical methods are tools that aid in seeing the empirical world more clearly.
Scientists observe phenomena, and from their observations they try to develop better
understandings of the world. But many factors cloud and distort our observations,
making it difficult to draw conclusions from them. Scientists, like all observers of
the empirical world, see “through a glass darkly.”

Statistical methods are designed to clarify that glass, to minimize the cloudiness,
to help us sort “truth” from “error” Statistical methods cannot eliminate error, nor
provide “truth,” but they do provide an assessment of the magnitude of error
that is there, and thus clarify our perceptions. In the equation presented earlier,
E represents all the things in the world that may distort our understanding of the
link between X and Y. It is all the things that prevent X from perfectly predicting
Y. By understanding E we can improve our understanding of the relationship
between X and Y.
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Types of Error

There are several ways to think about the role of E — error — in scientific observation.
We will discuss five ways to think about the use of statistics in the face of error: error
in models, which keep models from predicting perfectly; sampling error; random-
ization error in experiments; measurement error; and comparisons of independent
variables to random error. In this chapter, we introduce these ideas. But they will
return again and again in subsequent chapters. We're sure that the more you see
them the clearer they will become, so don’t worry if the seem a bit difficult to grasp
at first. Eventually, with enough understanding of statistics, you'll learn that the dif-
ferent kinds of errors are really different ways of thinking about the same thing.

Error in models

We've already looked at one example of a model — the simple model that uses the
poverty level of a state to predict the homicide rate. This seems like a plausible idea,
and the scatterplot in Figure 1.2 seems consistent with the argument. But we don’t
expect perfect prediction with our models. Not all the states have the values for
homicide rate that the model predicts, in fact for most states the model is a bit off.
This is not surprising — there must be more that causes homicide than just poverty,
even if poverty turns out to be part of a good explanation. So our model of homicide
rates has some error.

One way to think of the error is that it is everything else that causes the homicide
rate. Some of those things are other variables on which we can obtain data, so we
could expand the model to include those things, using methods we’ll discuss in later
chapters. But even if we include all the variables that theory suggests might be import-
ant, we still wouldn’t expect the homicide rate to be perfectly predicted by the model.
If our theories are good descriptions of the world, adding more variables will reduce
the errors associated with the prediction for each state, but the error will never
completely disappear for all states.

Consider a tragic example. If we had used homicide data for 1995, rather than
2003, the data for Oklahoma would have included the 169 deaths that resulted from
the right wing terrorist bombing of the McMurra federal building in Oklahoma City.
Such a tragedy cannot be predicted by a model of state homicide rates, though
sociological analysis can lend considerable insight into terrorism. We never expect
models to predict perfectly, but only to let us understand better how the world works.
So our models will always have error.

Sampling error and randomization error are found in most applications of
statistics. Before we discuss them, it is useful to introduce a concept central to much
of statistical analysis — the arithmetic mean. You already are familiar with the mean
but you know it by its everyday name — the average. As you know, the average score
of a class on a quiz is calculated by adding up all the scores and dividing by how many
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people took the quiz. Your personal average on all quizzes in a course is the sum
of what you scored on all the quizzes divided by how many you took. A special case
of the average is the proportion or percentage of people in a particular category.
For example the proportion of people in a class who get an A is just the number who
getan A divided by the number of people in the class. We will refer to the average in

the next few examples, but you already know enough about it to follow the examples. }

Sampling error

Many data sets are based on a sample of objects. We might do a survey of individuals
or houscholds. Or we might have a sample of things like states, cities, organizations,
or nations. While data are available for a sample, our practical and theoretical
concerns usually are with the population from which the sample was drawn.
Survey interviews with 1,500 US citizens are of interest to the extent they lead to
conclusions about the attitudes and values of all Americans. A researcher may have
data on 100 school districts but would like to speak about all school districts.
Researchers can analyze the data in hand, the sample, and draw conclusions about
it. But in most circumstances we also want to generalize to the population from
which thé sample was drawn.

Why not collect data on everyone or every organization or every state? When
there are a very large number of people or organizations in the population we are
studying, the costs in time and money of getting data from everyone can be pro-
hibitive. In fact, statisticians have shown that we often can geta better understanding
of a population by being very careful about getting data from a sample rather than
having the same resources spread very thin in trying to get data on everyone. Of
course, sometimes we do have data on every unit, as in the case of our analysis of
state homicide rates.

Suppose, as is often the case, that we are interested in a population average or
percentage. For example, in one of our continuing examples, we will examine the
percentage of people in a Ugandan national sample of adults who knew condom
use can help prevent the transmission of AIDS. (We will discuss this example in
more detail in the Applications sections at the end of every chapter.) In the survey
8,310 people answered the question. Of those 8,310, 6,420, or 77% said “yes” that
condoms can reduce transmission, That’s interesting, but what we really want to
know is what percentage of people in the Ugandan adult population, not just the
sample, would say “yes” to that question. The percentage in the sample is a guide,
but we also expect it not to be exactly the same as the percentage we would get if
we interviewed all adults.

We can think of the relationship between the sample percentage and the popu-
lation percentage in terms of a simple model that looks like the models we have
already examined.

Sample percentage = Population percentage + sampling error (1.5)
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The sample percentage is what we calculate from the sample. We know it is 77 per-
cent. We want to know the population percentage, but we shouldn’t assume that it
is exactly the same as the sample percentage. So we allow for the sample percent-
age to differ from the population percentage because of sampling error. For the right
kinds of samples, statistical procedures allow us to learn a lot about the sampling
error and thus about how our sample percentage may differ from the population
percentage we would like to know.

The patterns in the sample may not accurately represent the population for sev-
eral reasons. First, there is the problem of having a sample that was selected using
a non-representative process, one that, intentionally or by accident, includes in the
sample exceptional rather than typical cases. For example, we might use a con-
venience sample in which we interview the first 100 students we encounter in the
student union. When we have a non-representative sample it is usually not poss-
ible to determine the relationship between what is seen in the sample and what is
true in the population. We don’t know how to generalize from the first 100 stu-
dents we run into to the entire student body. With non-representative samples,
statistics are of little help in going from the sample to the population. But graph-
ical and descriptive statistical techniques can be used to understand the sample itself.

Generally, we would prefer to have a “representative” sample, but what does that
mean? One way of thinking about representative samples is to have a sample
constructed in such a way that every member of the population we’re studying has
the same chance of appearing in the sample. This is called an equal probability of
selection sample,

Even with such a representative sample, conclusions drawn from the sample may
not be perfectly accurate representations of the population because of chance pro-
cesses, Sometimes an honest coin may come up tails for 10 flips in a row. In the same
way, a random sample may display patterns that aren’t typical of the population,
purely by bad luck. If we drew names of students at random from the registrar’s
list, we might by luck get too many women, or too few chemistry majors, or some
other non-representative mix. The advantage of a probability sample over a con-
venience sample is that in the probability sample, statistical procedures let us estim-
ate the likely magnitude of the error produced by sampling. With convenience
sampling the magnitude of the error cannot be known.

When the process by which the sample was drawn is understood, as is the case
with simple random samples and other probability samples, then statistical tools make
it possible to put probable upper and lower bounds on the errors generated in sam-
pling. They don’t eliminate sampling error, but they do indicate how large it may be,
and can be used to place appropriate hedges on conclusions. This understanding
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What are the chances of drawing a sample composed entirely of men? Suppose
we draw a sample of 100 students, from a student body (the population we want
to sample) that is half men and half women from a very large university, so
that 100 students is a tiny fraction of the study body. If we use a convenience
sample by taking the first 100 people walking out of the student union, we can’t
calculate the chances of getting a sample of all men, but we might imagine things
that would make that happen — perhaps we go to the student union right after a
fraternity rush event ends. But if we draw the sample at random from the registrar’s
list of students, we can do the calculation of how likely it is to get all men in the
sample. It’s the same as the probability of getting 100 heads in a row when toss-
ing a fair coin. The chances are about 0.0000000000000000000000000000001
or one in ten nonillion. Pretty small chances, not something we really need to worry
about. [n Chapter 7 we’ll show you how to do these calculations.

is a fundamental insight in statistics, one that emerged in the late nineteenth and
early twentieth centuries. Before that time, scientists tended to work with whatever
data were available to them — a convenience sample. They had no clear sense of
what data might be representative, and thus useful for generalizations, and what
data might be misleading because it was not representative of a larger group. Now
in most branches of science, careful attention is given to obtaining a representative
sample of the things being studied.

Randomization error

Sociologists and most other social scientists, except psychologists, don’t often con-
duct experiments. But we will discuss randomization error because it has played a
central role in the development of statistical thinking and because in some fields
like psychology experiments are very important sources of evidence.

When a simple experiment is conducted, the subjects are sorted at random into
two groups, one labeled the experimental group and the other the control group.?
In experiments with random assignment, the two groups are created by a chance
process, such as the flip of a coin. “Heads” and you’re in the control group, “tails”
and you're in the experimental group.

During the experiment, something is done to the experimental group that isn’t
done to the control group. Then the two groups may differ from one another
for two reasons. One is because of the factors manipulated by the experimenter —
the thing done to the experimental group but not the control group. The other is
the chance process by which subjects were assigned to groups. The power of the
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experimental approach comes from its relatively unambiguous ability to attribute
differences between groups to the experimental manipulation when it is not reason-
able to believe that the differences between the groups were due to chance.

Suppose the two groups are created by the flip of a coin. The experimental group
might watch a music video that shows stereotypical gender images.* The other group
watches a music video that has no explicit gender content. After watching the films
each group fills out a questionnaire that measures attitudes about gender relations.
If the experimental group, on average, scores higher than the control group on items
indicating a belief in adversarial gender relations, there are two possible explana-
tions. One explanation is that the gender stereotyped video had an effect, relative
to the “neutral” video. The other explanation is that the two groups had different
attitudes at the start. :

Since people were placed in the groups by the flip of a coin, statistics can assess
the likelihood that the two groups differ in gender attitudes as a result of the
coin flip that sorted them into groups. If the difference in attitude between the two
groups is too large to plausibly attribute to chance then there seems no reasonable
explanation except the argument that the film had an effect on the viewers.

Of course, the coin flip could have assigned all those with conservative gender
attitudes to one group purely by chance. But statistical analysis that we will learn
to do later says the chances of that happening are too small to be believed. So we have
more faith in the explanation that the video content had an effect on attitudes.

On the other hand, if the differences between the two groups in gender attitudes
were of the kind that flips of a coin could easily create, then the safest explanation may
be that the video had no effect on attitudes. In the experiment, the probability that
the differences were a result of sorting people into two groups was .021, allowing Kalof
to conclude that exposure to the stereotyped video did have an effect on attitudes.

Again, a simple model can serve to explain what might have happened. We could
calculate the average score on the gender relations scale for the experimental group
and the average for the control group. Then if the video has no effect, the model
would say that the two groups differ in their scores on the scale just by luck of the
coin flip, which is random error. The model is:

Average of experimental group = Average of control group +
Randomization Error (1.6)

Remember, all the error we are dealing with can be positive or negative, so the
control group could have an average higher or lower that the experimental group.
Also, there’s an equivalent way of thinking about this model. We can subtract the
control group average from both sides of the equation. Then we have:

Average of experimental group — Average of control group
= Randomization Error (1.7)

Or to put it more clearly,
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Difference between experimental and control group
= Randomization Error (1.8)

1f this model explains our results well — that is if the difference between the two ;
groups is the kind of thing a coin flip could generate — then we would conclude
that the video had no effect. If the difference we find is not what we would expect
as a result of random error, as was the case in Kalof’s actual experiment that we 1
are using as an example, then we would conclude the experimental treatment had
an effect. So in a sense we are comparing the difference between the two groups to
a random number and saying we have an effect if the difference is bigger than a
random number would be.

Measurement error

Most scientific observation involves some mis-measurement of the variables being
studied. Survey questions tap individual attitudes and values; official statistics pro-
vide information on economic, social and environmental processes in cities, states
and countries. However skillful the designer of the survey, however honest the respond-
ent, however careful the statistical office, errors inevitably will creep into the data.
These errors in measurement may distort observed patterns.

In the example of homicide rates, we Jknow the homicide rate for each state almost
certainly has some error in it. Some homicides are never detected while some deaths
that are not homicides might be misclassified as murders, Statistics can provide tools
to minimize this error, and under the proper circumstances provide an estimate of
how large such errors may be. In fact, many statisticians work on finding ways to
reduce measurement errors in studies where the outcomes are important. The US
federal government employs many highly trained and dedicated statisticians who
are continually developing methods to better measure things like the population
or the unemployment rate so that we can make decisions using the most accurate
possible information.

Measurement error was central to the origin of statistical analysis (see Bennett,
1998: ch. 6). By the sixteenth century, astronomers and other scientists were noting
that if they made the same observation over and over, they got slightly different
results each time. In 1632 Galileo noted that:

o the errors were inevitable;

- they were mostly small with relatively few large exrors;

+  they were symmetric in the sense that overestimation was as COmmon as under-
estimation; and

. the true value was in the area where most observations were clustered.

By the cighteenth century, 2 number of scientists and mathematicians had suggested
that a bell-shaped curve described the measurement errors. They began to link the
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Figure 1.3 Galileo
Source: http://commons.wikimedia.org/wiki/Image: Galileo-sustermans2.jpg.

idea of errors to random processes. Thus the observation could be thought of as
the true value plus (or minus) some measurement error that was generated by a
process rather like tossing dice or drawing lottery tickets. With this idea the basis
for modern statistics was developed — our observations of the world include ran-
dom elements and that statistical procedures can help separate out the random
elements and provide a better understanding as a result. In statistics, we call pro-
cesses that generate such random error “stochastic” processes. The term stochastic
is derived from the Greek term for “skillful at aiming or guessing.” A simple model
of this error would be:

Measured value = Actual Value + Measurement Error (1.9)

The more we know about the measurement error, the better we are able to know
what the actual value of the thing measured will be.

In the case of the homicide rate and poverty example, the idea of measurement
error would suggest that if we had perfect measurement of homicide rates (that is
if the E term for every state were zero) then we would perfectly predict homicide
with poverty. This does not seem like the most reasonable way to interpret the
E term in the model. We dor’t think that the model misses badly for Nevada
simply because the measurement error for homicide rates is very large there, while
it is smaller for California. There are better ways of thinking about the error in
our example. But for many other problems, such as those where we are measuring
attitudes or values, the measurement error interpretation of the E term is very
helpful.
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Perceptual error

The social world is complex, and available theories suggest many factors that
are important. In addition, the behavior of individuals, groups, institutions, and
nations are not rigidly determined, so it can be difficult to see patterns in data,
or conversely, patterns that are not really there may seem to leap from the page
or screen.

One value of statistical analysis is that it can provide powerful methods for
arranging data, including graphs and summary statistics that make it easier to
see patterns and to identify particular observations that deviate from the general
pattern. Descriptive statistics and graphics help us minimize perceptual error.
Over the last 20 years or so, some of the best minds in statistics have devoted
much of their time to developing new graphs and summaries that reveal patterns
in data.’ '

Comparison to random numbers

One way to think about all the sorts of error we have mentioned is to ask if the
independent variable in a model acts any differently than a random number. We
introduced this idea in discussing a model in which the difference between experi-
mental and control groups is seen as just random error resulting from the process
of assigning people to groups. Suppose we generate a variable by flipping a coin
and recording head or tails (0 or'1) or by tossing a die and recording the number
that comes up, or by having the computer generate a number picked at random. If
an independent variable has as much effect on the dependent variable as a random
variable generated by flipping a coin or tossing a die, then it’s hard to argue that
the independent variable has an important effect on the dependent variable, A study
by the statisticians Freedman and Lane (Freedman and Lane, 1983) provides a nice
example of this kind of logic.

Freedman and Lane were interested in the fact that at a prestigious graduate
university, 28 percent of men applying in a given year were admitted, but only
24 percent of women. All other things being equal (an assumption to keep the
example simple), is the difference in admissions rate real or accidental? Should the
researcher believe that the admissions process is blind with regard to gender, or is
there a reason to be concerned about discrimination?

The model might look like this:

Y=f(X)+B , (1.10)

In this case Y is whether an applicant was admitted. X is the gender of the applicant
and E is the error term that suggests that gender may not perfectly predict admissions.
Then the question becomes how to interpret E.
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Freedman and Lane make the following argument. Suppose that, instead of
gender, the researcher had assigned each person a score on a random number that
has two values. That is, suppose each person seeking admission was assigned a score
of “heads” or “tails” based on a coin toss. Then the researcher cross-tabulated that
number with admissions, calculating an admissions rate for “heads” people and
“tails” people.

Are the results for gender (with two theoretically meaningful categories, female
and male) much different than those that come from the random variable with the
non-meaningful categories of “heads” and “tails”? To put it more precisely, how
often would a difference of 4% result from calculating admissions rate differences
between “heads” people and “tails” people?

Tf the observed gender difference looks like a typical result obtained from the
random “coin flip result” variable, it is hard to argue that gender was an import-
ant factor in the admissions process. It turns out that many standard statistical
methods apply to such problems, including the chi-square method we will learn in
Chapter 12. In this case chances are about one in four that a difference of 4% would
occur if admissions rates were calculated based on the random variable. Thus we
would conclude that nothing important is going on, and the observed difference
may well be a fluke.

Comparison of the independent variable to a random number is one way to think
about the error in our model of state homicide rates. The data are not from a
sample. We have all of the data available. In other words, we have data for the entire
population of 50 states. Nor were the values of the independent variable assigned
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at random as they would be in an experiment — we haven’t randomly assigned states
to.different poverty levels, While there may be measurement error, we are not com-
fortable saying that measurement error is the only reason (other than poverty) that
states vary in the rate of homicide. So what does the E mean? We could ask the
question of whether the poverty rate is behaving the same way that a random
~ number would in its predictions of the homicide rate. Unless the poverty rate is a

better predictor of the homicide rate than a random number, we wouldn’t put give
much credence to the theory that says poverty is a cause of homicide.

Another way to think about this situation is to imagine a superpopulation. If
we have data on all the states in the US or all the nations in the world, we dont
really have a sample in the conventional sense, we have a population. But we can
imagine the US states having evolved a bit differently than they did, and thus would
have different values on the variables we are studying than they actually have.

The same argument could be applied to the nations of the world. We may have
the full set of nations, and in that sense we are studying a population — or at
least the process that leaves some nations out of the data set cannot be considered
random sampling. But we can conceive of a hypothetical population of nations
with different mixes of values on the variables of interest. We call this population
of all the nations or all the states that “might have been” a superpopulation.

Then we can think of random error as sampling error that gives us a particular
set of values for the countries or states in our actual data sets (the ones from the world
in which we actually live) just in the way that sampling error in a survey describes .
the way the mix of people in the sample may differ from the population. We treat
the data we actually have as a random sample from the superpopulation.

The statistical procedures are intended to tell us whether what we see in our data
are likely to also be true in the “superpopulation,” just as statistics tell us about the
likely ways a sample may differ from the population from which it was drawn. The
difference is that in a survey, the population is real and with enough money and
time we could do a survey of everyone, while the superpopulation is just an idea
that helps us understand error.

To summarize, we always assume that our models contain error. The error may
come from limitations of a model linking an independent to a dependent variable,
sampling, from random assignment in an experiment, from measurement flaws
or from comparing a real variable to a random number. Statistical methods can
help us understand how large the error in our analysis might be. This allows us to
make statements that take account of the error, and draw conclusions in the face
of that error.

Assumptions

It is common in discussing statistics to mention that all statistical procedures make
assumptions about the data, the population and the processes that generated the,
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data. Such discussions then note that statistical techniques are valid only insofar
as the assumptions that underpin them are met by the data being analyzed. But
rather than talking about assumptions being correct or incorrect, it makes more
sense to talk about our models being more o less correct. Remember that the model
contains a random element as well as the social variables we are studying. We have
to ask if the random model is a pretty good description of the world.

That is, to use statistics we have to postulate a model, and our results depend on.
that model. If we are ignoring key factors, if the model badly misrepresents reality,
then the conclusions we will draw from comparing the model with reality are
likely to be wrong, The ability of statistical tools to separate error from truth and
to estimate the magnitude of error depends on the random part of the model being
roughly correct,

In some cases the random part of the models we use is not hard to justify because
the process by which data were collected is well known and matches the conditions
under which a technique works (the assumptions flow from these conditions).
This is the case when we apply statistical tools to random samples and to data from
experiments with random assignment to experimental and control groups. But
in the case of measurement error and comparisons of real variables to random
numbers, we have to be careful to think through what the results of a statistical
analysis really mean.

So again we see there must be a constant and critical interplay between statistics
and theory. When we consider various statistical procedures in later chapters, we
will indicate the assumptions they presume. We view these assumptions as part of
the model to be assessed critically. Sometimes a model may be very implausible
because some of the underpinning assumptions seem unreasonable. In other
cases, the assumptions might be a bit inaccurate, but we can still get a reasonable
description of the world.
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Applications

.............

Some students learn best by focusing on the theory first, others do best by beginning
with examples. Even for the students who prefer the theory, examples provide a check
on their understanding. In the text, we will use several extended examples that will
come up in each chapter. This will allow you to build on a base of prior understand-
ing rather than encountering each example without a starting point. Each of these
examples is based on a research question that appears in the literature and a data set
that can be used to try to answer that question. Here we introduce the examples.

Example 1: Why do some US states have higher than average rates
of homicide?




Introduction to Quantitative Analysis

We have begun to explore this question in this chapter. As you can see from the
graphs we've used in the chapter, homicide rates are higher in states with high
levels of poverty than in other states. By looking more carefully at the homicide
rates, we can see that high homicide states are clustered in the southern part of the
United States. This might be because that’s also where the high poverty states are
located. But the literature on homicide offers other explanations.

One theoretical explanation for the high homicide rates in the south is that
there is a culture of violence in that region of the country that promotes homicide,
driven in part by its history of slavery and lynching and a widespread use of guns
(Baron and Straus, 1988). Another theory argues that the high rate of homicide in
southern states is the result of the high rate of poverty in the region. Thus, poverty
and economic inequality and their links with social disorganization cause homicide.

There is, however, a third line of reasoning that might explain why there are more
homicides in the south than in other regions of the country: environmental con-
ditions. Por example, research has documented the connection between aggressive
- behavior and increases in temperature (Anderson and Anderson, 1984; Harries
and Stadler, 1983). The high homicide rates in the south might be due to the hot
climate of the region. ‘

Example 2:  Why do people differ in their concern for animals?

Animals are of substantial importance in human society. It has been theorized that
research on how humans regard other animals, or their degree of concern for other
animals, provides important information about how we organize our social worlds
and how we see our connection to other living things (Arluke and Sanders, 1996).
Thus, understanding variation in animal concern may provide us with insights into
human character.

We could first look at differences between women and men in their concern
for animals. Examining variation in animal concern by gender is based on the
theoretical argument that women are more likely than men to be caring and to make
moral decisions based on an ethic of care (Gilligan, 1982). Thus we would expect that
women would be more likely than men to be concerned about animals.

Another argument suggests that an individual’s concern for animals is rooted in
.a connection the individual makes with the oppression and exploitation of other
living organisms. Thus, the experience of oppression produces empathy for other
oppressed individuals, human and nonhuman. According to this line of thinking,
women would have higher levels of concern for animals than men because of their
experiences with oppression and exploitation. Minority groups that have been sub-
ject to discrimination would also have higher levels of animal concern.

Example 3: Why are some countries more likely to participate
_ in environmental treaties than other countries?

- It’s widely accepted that the world faces severe environmental problems. Burn-
- ing fossil fuels, like gasoline and coal, has led to a build-up in the atmosphere of
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“greenhouse” gases that are changing the earth’s climate. Species of plants and
animals are going extinct at one of the fastest rates in the history of life on earth.
Humans use about half the freshwater that flows through the earth’s rivers and lakes.

In seeking solutions to environmental problems, treaties have been an impor-
tant way for countries to make international promises to address global environ-
mental problems. Nations differ quite a bit in their responses to environmental treaties.
Some nations are quick to ratify most environmental treaties, other nations ignore
them completely, and some nations are selective in their participation in treaties,
Numerous factors, besides the merits of particular treaties, have been proposed to
explain differences in environmental treaty participation among nations. (Dietz and
Kalof, 1992; Frank, 1999; Roberts, Parks, and Vasquez, 2004)

One potential explanation is that international relationships play a role in
treaty participation, with nations being encouraged to share common global values,
including environmental protection, by other nations, especially in the context of
membership in international organizations. Pressure by citizens, environmental
movements, and other organizations to make environmental commitments may
also be important, It also has been argued that nations with strong democratic
institutions will be more likely to ratify treaties, especially in nations in which polit-
ical accountability to citizens is high (e.g., politicians need to worry about being
reelected and therefore want to be responsive to the public’s interests). Addition-
ally, countries that are environmentally vulnerable may have more incentives to
participate in environmental treaties.

Example 4 Why do people differ in their knowledge of how the
AIDS virus is transmitted?

It has been said that since the bubonic plague in the fourteenth century, which
killed about one-third of the population in Burope alone, no epidemic has had as
strong an impact on population growth in the world as HIV/AIDS. According to
the World Health Organization (WHQ) and the Joint United Nations Programme
on HIV/AIDS (UNAIDS), over 34 million people are living with HIV today (2000
statistic). And an estimated 18.8 million people in the world have died from AIDS
since the beginning of the epidemic. Knowledge about HIV/AIDS prevention has
been and will continue to be the key to reducing the spread of the disease (Population
Reference Bureau, 2001; UNAIDS, 2000; World Health Organization and UNAIDS,
2006).

In 2000, 72 percent of the people in the world with AIDS were living in Africa.
Uganda, located in East Africa, was one of the first countries to experience the
HIV/AIDS epidemic. While rates of HIV/AIDS have been rising in most African
countries in the past few decades, Uganda is one country where rates have been
significantly declining. This success has been attributed to the nationwide effort —
on the part of the government, non-governmental organizations, religious leaders,
and community groups - to increase HIV/AIDS knowledge amonyg its citizens. Efforts
at improving education have been concentrated in schools via sex education
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programs and in radio programs. Since the 1990s, there has been a large push to
increase citizens’ use of condoms, to educate individuals who have other sexually
transmitted diseases in particular, and to increase the availability of HIV/AIDS tests.

In Uganda and worldwide, the AIDS pandemic has become feminized since the
1990s, meaning the HIV/AIDS virus is increasingly found among women (in sub-
Saharan Africa today, around 60 percent of those testing positive for HIV are women).
Furthermore, especially in developing countries, rates of HIV/AIDS infection have
been increasing among married women. One reason is that many married women
are at risk because they are not using any contraception during sex. Since know-
ledge is a key to reducing the transmission of HIV/AIDS, it may be that women
and married people (married women in particular) have less knowledge about
how HIV/AIDS is transmitted. Furthermore, it is reasonable to expect that people
with higher levels of education are more likely to be knowledgeable about how
HIV/AIDS is transmitted. Finally, the extent of HIV/AIDS knowledge may vary among
those living in urban and rural areas. Urban dwellers have greater access to sources
of education, including schools, radio programs, and health care facilities. While
this example will draw on Ugandan data, it is applicable to other countries, includ-
ing the United States and Europe, where rates of HIV/AIDS infection have been

growing,
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