Quantitative Methodology
for Family Science

Alan C. Acock and Isaac Washburn

Quantitative methods are widely used in studying
families because there are so many research ques-
tions they can address. What variables predict the
person you select as a life partner? Why do some
families flourish while others dissolve? Why do
some families persist when all members have a
miserable relationship with one another? Does
cohabiting prior to marriage improve or hurt marital
outcomes? [s marriage more beneficial for women
or for men? These are a few of the questions we
investigate using quantitative methods.
Quantitative analyses and statistics emerged as
pivotal scientific methods when causal determin-
ism was rejected in quantum mechanics and
replaced by a probabilistic view of the world in the
early twentieth century (Liboff, 2002). Since then,
statistical analyses have played an increasing role
in family scholarship. These methods fit family
scholarship nicely, as few aspects of family life are
deterministic, a probabilistic methodology is essen-
tial. We cannot determine who will have a success-
ful life, but we can identify family processes that
enhance the probability of achieving this success.
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There are two broad classes of quantitative
methods, namely, those based on surveys or
observations and those involving some type of
experimental or quasi-experimental design.
Adopting an experimental design allows a
stronger causal argument than would be possible
with a survey, but it is difficult to utilize experi-
mental designs to answer many family-related
questions. By far, survey analysis is the method
most commonly used in quantitative research
published within the major family journals.

We can further subdivide both survey and
experimental research based on whether the data
are collected at a single time (cross-sectional) or
over time (longitudinal), either for a panel of the
same people or using a separate cohort of people
each time. A panel design has many advantages
for a causal analysis because a cross-sectional
study can only demonstrate that variables
covary, while a stronger causal case can be made
with a panel design. A review of the major
family journals shows a recent transition from
cross-sectional designs to an increased use of
longitudinal designs.

In this chapter, we examine both survey and
experimental methods, covering topics of how
data are collected, how variables are measured,
and how statistical analysis is utilized. We
attempt to set a high standard for what the best
practices are, recognizing that current research
often falls short of these best practices. We do
this in the hope that the next generation of
researchers will work to conform to if not exceed
these standards.
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Data Collection Practices
Sample Type

Surveys that sample some members of a target
population are a widely used way of obtaining
data for quantitative studies. Some surveys focus
on a narrowly defined research question; others
include a wide range of research questions. An
example of the first type would involve inter-
viewing couples to measure maternal and pater-
nal depression just prior to the birth of their first
child and then each month after the birth until the
child is 1-year old.

The second type of sample is a broad range
survey. A research team with funding from the
National Institute of Health, for example, may
conduct a broad based survey of parents with a
12-year-old child at the start of the study, repeating
interviews annually until the child is 25. This
research team has a general focus, perhaps how
families influence the transition from adolescence
to adulthood, but their survey instruments include
items on far-reaching topics. Hundreds of subse-
quent researchers may utilize these data to cover
a wide variety of topics, many of which were
unimagined by the research team that designed
the survey.

The small, local survey, because of its narrow
focus, typically offers good measures of the key
concepts. For example, maternal depression might
be measured using a well-developed 20—40-item
scale. The large, national survey, because it has a
comprehensive suite of hundreds of concepts to
measure, uses a very short list of questions for
each variable. Sometimes there may be only a
single question serving as an indicator of a com-
plex concept. Often there are only 1-5 items rather
than a well-developed scale to measure complex
concepts such as marital satisfaction.

The strength of the narrowly focused survey is
its precise measurement of key variables. Is this
important? When we have poor measurement of
independent variables and hence a lot of mea-
surement error, we get biased results. Acock (1989)
showed that when there was a lot of measurement
error, the effects of a variable in a complex model
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will generally be underestimated even to the
point of reversing the direction of the true
relationship.

Is the small, narrowly focused survey best
because of superior measurement? Perhaps not,
the large scale and comprehensive national sur-
veys allow us to generalize our findings to the
broadest possible population. If we limit our
study to a small sample of college students or to
people who live in a small university town, we
cannot generalize beyond these communities.
What we find for a particular group of college
students may not be true for young adults who
chose not to attend college.

National surveys typically provide high qual-
ity probability samples that use complex sample
designs. These surveys may sample clusters of
observations or oversample certain groups such
as minorities. These differences from a simple
random sample require special adjustments that
are not available with all statistical software
programs. This is particularly problematic when
a researcher is analyzing a subsample such as
couples who are recently married selected from a
national sample of all married couples (West,
Berglund, & Heeringa, 2008). A complex sample
design that can be used to generalize to all
married couples may not allow generalization to
subgroups such as recently married couples
without complex weighting procedures that are
developed just for this subsample.

This often leaves the family scholar in a quan-
dary. Select a national survey and you have very
limited measures of key concepts and often very
limited ability to predict outcome variables.
Conduct a highly focused, small-scale survey and
you have trouble generalizing your findings. A
review of major family journals shows that the
large scale, national surveys are responsible for
more publications than the smaller samples that
are highly focused.

Non-probability Sample
Is a non-probability sample okay? Many studies

in fields such as medicine rely on convenience
samples of patients who volunteer to participate
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in a randomized clinical trial. The convenience
sample is problematic if underrepresented groups
respond differently to the treatment. Early medi-
cal studies often were limited to men because
they were thought to be “less complicated” biologi-
cally than women. The unanticipated conse-
quence was that research of special interest to
women was not conducted.

Today, much medical research still relies on
volunteer samples. This works when the processes
being studied do not depend on economic, racial,
regional, or cultural variation among participants.
A pill that lowers blood pressure is assumed to
work for Baptist as well as for atheists; for people
who are married as well as for people who are
cohabiting. The probabilistic effects are thought
of as universal.

This rarely works for family research. The
effect of close supervision of adolescents differs
between cultures where it is normative and cul-
tures where it is not. History, culture, class, race/
ethnicity, and religion closely bound family life.
Our study sample delimits what generalizations
can be justified. Suppose you want to predict fac-
tors that influence a woman’s marital satisfaction
and you have a sample of married couples that
have at least one child who is 12 years old. Many
of these couples will have been married for at
least 12 years and some for much longer. Wives
who had a very low level of marital satisfaction
are likely to have divorced before the study. Also,
the factors that are important to a woman who has
been married for 15 years and has an adolescent
child may be dramatically different than the
factors that are important to younger couples or
childless couples.

A final problem with highly focused surveys is
that they often result in a restricted range on many
variables. Statistical analysis relies on variation
to predict outcomes. Any artificial restriction on
that variation results in underestimation of the
effects of a variable. A sample drawn from a
small college town might result in most parents
having at least some college. A survey of mothers
who are identified as being in a high-risk family
may include many that have less than a high
school degree. Both surveys will have truncated
variation on education and, as a consequence,

67

education will have a smaller effect on any
outcome variable than it would in a representa-
tive sample that reflected the full range of
parental education.

Complex Designs

Most national probability samples are what we
call complex sample designs. They may involve
elements of stratification and clustering. If you are
doing a national survey that involves face-to-face
interviews, you may first randomly sample a
group of 50 counties proportional to size. Sampling
proportional to size simply means that a county
with a large population has a higher probability of
being selected than a county with a small popula-
tion. As a second stage, you may randomly sam-
ple 20 blocks within each county, again
proportional to size. As a third stage, you might
randomly select five people from each block. This
results in a sample of 50x20x5=5,000 people.
This is a probability sample, but it is not a simple
random sample. Why use this complex sample
design? The cost savings are huge. You only need
to have an interview staff in 50 counties and,
within the counties, only 20 blocks. When doing
interviews within a block, if a person is not avail-
able, the interviewer has four other people close
by who might be available.

A researcher using a national survey needs to
incorporate the design features into the analysis.
Few family scholars have done this and thus
findings can be quite biased. The people who live
on the same block (cluster) are going to be more
homogeneous than people selected at random
from the United States. More than likely, neighbors
have similar education levels, income, and ethnicity.
They also share a common culture to a greater
extent than people selected randomly from across
the United States. It is important to adjust for the
dependencies caused by the clustering. The effects
of not weighting are equally problematic when
we are trying to estimate a population central
tendency. If the groups we oversampled have
below average income, without weighting we
will underestimate the true average income.
Weighting can be ignored in certain situations.
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If the relationship between variables is the main
focus then weighting might be left out. This may
be okay if the relationships are the same for your
subgroup as they are for all other subgroups. With
standard statistical software such as Stata (2009),
SAS, and even SPSS with an add-on module,
adjusting for complex sample designs is available
for a variety of statistical procedures. To date,
however, most publications have failed to incor-
porate the sampling design in the analysis.

Presenting Sampling Methods

In presenting the results of our analyses, it is
important to describe the method of sampling.
Using a national secondary data source is no
excuse to ignore the sample design. Readers of an
article should have a clear understanding of who
was sampled, where they were sampled, how they
were sampled, and why they were sampled. Often
a table of demographic information that compares
your sample with population characteristics is
sufficient and recommended. This simple addition,
if editors were to require it, would improve the
quality of articles printed in our field.

We will only briefly mention the variety of
data collection methodologies used in family
research. These include face-to-face interviews,
mailed questionnaires, telephone interviews, and
Internet-based surveys. Each of these has advantages
and disadvantages. Face-to-face interviews have
reactivity between the interviewer and partici-
pants where characteristics of the interviewer
may bias responses (see, e.g., Williams, 1994).
Telephone interviews reduce this bias but must
keep possible response options quite simple and
the increasing number of people with only cell
phones also presents a problem as it is illegal to
solicit cell phones. All approaches have problems
with individuals refusing to participate, and this
is especially serious with Internet surveys.
Individuals who refuse to be interviewed may be
very different from those who agree to. This will
introduce bias in the findings. Any information
about refusals is helpful.

A final issue in sampling is the amount of
incentive each participantis provided. Participants
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deserve some compensation for their participation,
however the amount of compensation may be too
little or too large. A study focusing on families
whose incomes are below 200% of the poverty
level that offers a $100 incentive to participate
could be paying too much. Participants may feel
they have no choice, rendering the incentive tanta-
mount to a bribe. This compromises the meaning
of voluntary participation. Researchers should
disclose information about the compensation
when presenting their results.

Experimental and Quasi-Experimental
Designs

Experimental and quasi-experimental studies are
rarely used in family studies. One reason for this
is that it is hard to manipulate the types of inde-
pendent variables family scholars study. Evaluation
research is one area where experimental and
quasi-experimental designs are being used. The
work done by Patterson and colleagues at the
Oregon Social Learning Center are good examples
of this (Marion, Forgatch, Patterson, Degarmo, &
Beldavs, 2009; Patterson, Chamberlain, & Reid,
1982). The most important application of these
design techniques is in studies that involve an
intervention such as an approach to counseling.
A true experiment requires randomization of
participants to the different conditions. A waitlist
is often used in a randomized trial where those in
the control group are offered the program content
after the data for the study is collected.

Randomization and Random Sampling

Random sampling deals with how your sample
was selected from the population and deals with
external validity or the generalizability of your
sample. Although random samples are rare, we
often have a complex sample design where each
participant has a known probability of being
selected. These are called probability samples
rather than random samples. Random assignment
(or randomization) refers to using a random process
to assign participants to each condition and deals
with internal validity. Separately, each technique
does something different. A study of the relationship
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between infidelity and divorce in a national
probability sample may be generalizable to the
nation (external validity). The problem is that
infidelity cannot ethically be randomized (internal
validity), and so other traits of individuals that
cheat on a spouse might be responsible for both
the divorce and the infidelity. A second study of a
voluntary sample where couples were randomly
assigned to receive a positive or negative topic to
discuss and then the couples’ emotional closeness
was measured has the benefit of randomization.
However, the findings cannot be generalized to a
large population. In the case that neither random-
ization nor random samplings are used, both
causality and generalizability are problematic.

More on Experiments

and Quasi-Experiments

A quasi-experiment lacks randomization. If partici-
pants have not been randomized then it is possible
that pretest differences in variables other than the
variable of interest could be the cause of relation-
ships among variables. It is important to remem-
ber that randomization does not protect against
all threats of internal validity. Participants in the
control group may develop a correct or incorrect
understanding of the purpose of the study and
change behavior based on the understanding. For
example, control group participants in a study of
marital communication skills may look online for
ideas (Shadish, Cook, & Campbell, 2002).

An important way to avoid this issue is by
measuring how well your control and experimental
groups actually remained control and experi-
mental groups. School interventions are a good
example because of the alternative programs
available to schools. During the course of an
intervention, control schools might implement a
different but overlapping program. For example, a
new drug and alcohol prevention program is
tested in a series of schools and the control schools
start the D.A .R.E. program half way through the
study. The design is no longer treatment and
control, but treatment A vs. partial treatment B.
Measures of the level of fidelity of the implemen-
tation need to be included for the experimental
condition, but may also be needed for the control
group if any contamination is possible.
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A concern of any experiment or quasi-
experiment is the duration of effects. Once a
treatment has ended, how long do the effects of
the treatment last? Do they persist for 6 months,
2 years, or a lifetime? The test of the longevity of
affects needs to be worked into the design from
the beginning of the study. A pretest and posttest
require a follow-up test.

Power

Whether using a survey or an experimental
approach, the statistical power of your analysis is
important. Family researchers pay attention to
type-one error, relying on results being statisti-
cally significant at the 0.05 level. Very few
published articles address the issue of power,
which is an important complement of statistical
significance. Statistical power refers to the ability
to obtain a statistically significant result when the
true result is a difference or relationship that the
researcher considers substantively significant.
If our sample is too small, we lack power to show
aresult is statistically significant even when there
is an important real difference. By contrast, if our
sample is very large, we have power to demon-
strate a result is statistically significant even when
it is substantively trivial.

Consider a comparison of the time fathers and
mothers spend each evening playing with their
children. First, we need to decide how much of a
difference is substantively important. We will say
a difference of one half of a standard deviation is
important. This is generally regarded as a medium
effect whereas 0.2 standard deviations would be a
small effect and 0.7 standard deviations would be
a large effect (Cohen, 1988). How many observa-
tions do we need to have a power of 0.80?
Figure 4.1 illustrates this showing that for a power
of 0.80 we need about 128 people. Assuming we
select the same number of women as men we
would need 64 women and 64 men. If we did this
study over and over again, we would expect about
80% of the studies would have a statistically
significant difference at the 0.05 level, when there
was a 0.5 standard deviation difference between
the women and men.
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Power
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Fig. 4.1 Relationship between sample size and power

What if you can only afford to study 40 women
and 40 men? Your power would be just —0.60. In
other words, you face a 40% risk of finding an
insignificant result when there really is a moder-
ately strong difference. Would you be willing to
go through all the work to do such a study when
the risk of failure was this great? If such a study
finds no significance gender difference, there is
little confidence this was because there really was
no difference. Many funding agencies insist on a
power analysis before they will fund a project.
There is little justification to fund an under-
powered study that has a high risk of failure.
Conversely, the funding agency may be reluctant
to fund an extremely large and costly study when
they feel a study with a much smaller sample
would have ample power. Some funding sources
would like to see a power of at least 0.80 and
others would want a power of 0.90.

Can you have too much power? Not really, so
long as you are sensitive to potential misinterpre-
tations of statistical significance. Imagine you are
doing the same comparison of time women and
men spend playing with their children, but you
are using a large national survey that included
6,500 women and 6,500 men. You find the differ-
ence is statistically significant at the 0.05 level.

Does this mean the difference is substantively
significant—is it important? We don’t know from
this information, because with a sample this large
you have a power of over 80% to detect a statisti-
cally significant difference when the actual
difference is trivial—0.05 of a standard devia-
tion. If the standard deviation of time spent with
the child were 10 minutes, this would be a differ-
ence between women and men of just 30 seconds
would be statistically significant.

The solution to the potential problem is to
interpret the size of the statistically significant
difference you observe in terms of its substantive
importance. If the observed difference is trivial
then the statistically significant result is also trivial.
What is statistically significant is that the finding
is unimportant. Some large studies misinterpret
results as important when they are statistically
significant without first making a substantive
interpretation of the effect size.

Imagine having an intervention to increase
emotional support that fathers give to expecting
mothers. The mean for your control group that
does not receive any intervention is 50 with an
SD=10. The mean for your treatment group is
51 and it also has an SD=10. The effect size
using Cohen’s d is 0.1. Figure 4.2 shows
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Fig. 4.2 A small effect

hypothetical data that is approximately normal
for a sample of 5,000 in the control condition
and 5,000 in the treatment condition. With such
a large sample, the difference is statistically
significant, #(9,998)=-5.60, p<0.001. An
inspection of the two distributions in Fig. 4.2
tells us that the result is extremely significant
statistically, and with a d=0.1, that we can be
confident that the effect is very weak. Indeed, in
this hypothetical data, 45% of the participants in
the control group scored above the mean score
for the treatment group.

Great progress has been made in estimating
statistical power. A free software program called
G*Power 3 (Faul, Erdfelder, Lang, & Buchner,
2007) does this for many types of analysis. For
more complex analyses and especially those with
missing data, it is helpful to estimate power using
a simulation. In a simulation, the researcher pro-
vides a model with estimates that would be con-
sidered important. Then a hypothetical population
is generated based on these parameter estimates.
The next step is to draw many random samples,
1,000 or more, from this hypothetical population.
The proportion of these samples that have statis-
tically significant results is the estimate of power
(see Davey & Savla, 2009).

Multicollinearity

Many variables are often needed to predict an
outcome about family life. Many family and indi-
vidual variables could be at play, including paren-
tal conflict, income, mother’s education, and
emotional support of the child. When pairs or
combinations of predictors are highly correlated,
it is difficult to separate their individual effects.
Sometimes they cancel each other out and neither
is significant. Sometimes one of them is highly
significant and the other one, that is almost as
important, become insignificant. Multicollinearity
is evaluated using the variance inflation factor
(vif), a reflection on how much the standard errors
are inflated due to the multicollinearity. Family
researchers often use a statistic called tolerance
that is 1/vif. Tolerance is the variance in each
predictor that is not explainable by the other pre-
dictors. If your set of predictors explains 95% of
the variance in a single predictor, then only 5% of
its variance is available to explain the outcome
variable. When our variables contain substantial
measurement error, that 5% may be mostly mea-
surement error.

The meaning of multicollinearity is perhaps
clearer in Fig. 4.3. On the left, Panel A, we have
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Panel A: High Collinearity ~ Panel B: Low Collinearity
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Fig. 4.3 Multicollinearity

two predictors X, and X, that are highly correlated.
Perhaps these are the marital satisfaction of the
wife and her husband. We are predicting an out-
come variable, Y. Most of what X, explains is
also explained by X, (labeled b in the figure). X,
only gets credit for what it contributes uniquely,
the sliver labeled a. There is no way to decide
how to allocate the shared or joint effect area, b,
so multiple regression simply does not try to allo-
cate it. The figure on the right, Panel B, shows
what happens when there is not a lot of correla-
tion between X and X,. In that case, the shared
explanatory power becomes minimal and what
can be allocated to X " labeled a, is much larger.
When there is a lot of multicollinearity, a rule of
thumb is a vif should be less than 10 or the toler-
ance should be greater than 0.10, you may have a
substantial R* even though each predictor seems
to have very little direct effect.

Solutions to multicollinearity are sometimes
available. When two variables, say X, and X, enter
into an interaction (X]Xz) term, the individual vari-
ables will be highly correlated with their product.
Many researchers center their variables prior to gen-
erating the interaction term to mitigate this problem,
where x =X -M, and x,=X,—M,, Sometimes
when there are several highly correlated variables, a
composite score can be used or the variables can
be included in a factor model. Multicollinearity is
not always a serious problem. If you have a set of
control variables and are not interested in their
individual effects but simply need to control for
them, multicollinearity within the set of controls
(but not between them and the primary independent
variables) is not a serious problem.
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Attrition

The increase in longitudinal analysis in family
studies means that attrition is an enormous
problem. Attrition occurs when participants who
start the study, drop out. The reasons for their
dropping out are rarely random. People who find
an intervention disagreeable are more likely to
drop out. People who have personal problems
such as being clinically depressed are more likely
to drop out. People in a control condition are
often more likely to drop out. Without consider-
ing attrition, the findings can be highly biased.

An author is obligated to provide detailed
information on attrition. How many people
were present at the start? How many of these
people were present at each subsequent wave of
measurement? There should be data on relevant
background variables for all initial participants.
It is then possible to compare the people who
drop out to those who stay for the length of the
study. Do more men drop out? Do people who
are less motivated drop out? If there is a control
group, are members in this group more likely to
drop out? By identifying the variables for which
there are substantial differences, it is possible
to include scores on those variables as covari-
ates. In epidemiology and medical research an
approach called intent to treat is becoming
standard. This strategy is based on the effect
for people you intend to treat regardless of
whether they dropped out for any reason (see
Lachin, 2000).

One major mistake with attrition is the use of
listwise or casewise deletion that occurs in panel
studies where people are measured at 3, 4, 5, or
more waves. For example, we might measure
adolescents at the start of each grade from grade
7 to grade 12. If a student were measured every
year except the ninth grade, the student would be
dropped because of incomplete data. Eliminating
such a student destroys the data you have for the
student for five of the sixth years. Excluding that
student gives you less information to estimate the
statistics for each of those waves and will likely
bias your results.
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Missing Values

Missing values occur when participants in a
survey or experiment simply do not answer ques-
tions. In longitudinal studies, missing values can
also occur when participants are not available to
answer any questions at one or more waves of
data collection. It is not unusual for 30-50% of
participants to have some values missing. There
are many reasons why the values may be missing.
You have people who accidently skip an item. On
the day that a questionnaire is administered in a
school, you may have 10% of the children absent.
Some questions involve sensitive information
(frequency of oral sex, for example) and partici-
pants may refuse to answer.

Types of Missing Values

There are three types of missing values. Missing
completely at random (MCAR) means just that.
You might be doing a survey of preadolescents
and each child gets a random sample of 70% of
the items. This might be done to keep the ques-
tionnaire short enough to match the attention
span of preadolescents (Graham, Hofer, &
MacKinnon, 1996). Missing at random (MAR)
means that missing values are explained by the
other variables in your survey. Some variables
might not be of substantive interest, but are
important in explaining the missingness. These
other variables, called auxiliary variables, provide
the mechanism for predicating missingness.
Such variables include gender, age, race/ethnic-
ity, and cognitive ability. Once you control for
these auxiliary variables and other variables in
your study, the remaining missing values are
MAR. There is no test for the MAR assumption
because there could always be some variable you
did not include that helps explain missingness.
At the same time, if you have a wide variety of
variables and auxiliary variables in your dataset,
the MAR assumption is reasonable. The third
type is missing not at random (MNAR). This
happens when you fail to meet the MAR condi-
tion. When this happens you should make every
possible effort to find auxiliary variables that
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allow you to treat the data as MAR (Molenberghs,
Beuchkens, Sotto, & Kenward, 2008).

Only studies that involve planned missingness
are likely to meet the MCAR assumption. The
more common situation is to have the MAR
assumption be reasonable. Until recently, family
researchers have failed to properly report and
analyze data that meet the MAR assumption.
Listwise deletion, where an observation is
dropped if the observation has any missing data,
overlooks a wealth of information about the
observation and results in ignoring 30-50% of all
participants. At best, this is a great loss of statisti-
cal power and will return biased results if the
missing values are not MCAR.

Multiple Imputation and Full Maximum
Likelihood Estimation

Landmark work by Rubin and Little (Little &
Rubin, 1987; Rubin, 1987) provided an integrated
treatment of multiple imputation as a solution to
missing values. Since then, statistical software
programs (e.g., SAS, Stata, Mplus, and SPSS)
have provided a simplified way of doing this.
Although the software solutions vary somewhat
in how they impute missing values, all of the
solutions provide much better results than earlier
approaches. Multiple imputation assumes MAR.
It is important to remember that these methods do
not make new information. The parameter esti-
mates and their standard errors assume the miss-
ing values are consistent with the observed data.
They also incorporate a random error for each
imputed value to insure that the uncertainty of the
imputation process is incorporated. Multiple
imputation should not be confused with single
imputation procedures that yield biased estimates
of the standard errors.

An alternative approach is offered by the
structural equation modeling (SEM) programs
such as LISREL, EQS, Amos, and Mplus. These
statistical packages use a full information maxi-
mum likelihood approach that also uses all avail-
able information in the dataset. These approaches
produce results that are similar to those of
multiple imputation (Acock, 2005).
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There are certain pitfalls when doing multiple
imputation. First, you want to include all variables
in that are in your analysis as well as selected
auxiliary variables when doing the imputation.
Including additional auxiliary variables that
either predict the value a person has or predict
who will or will not answer the item helps.
Adding up to five auxiliary variables that help
predict the score and five auxiliary variables that
help explain missingness is reasonable. A second
concern is that you do not want to push multiple
imputation too far. If you have a massive amount
of unplanned missing values, it is unlikely that
you can justify the MAR assumption.

Some researchers are hesitant to impute miss-
ing values on the dependent variable. This is a
mistake because the assumptions of the multiple
imputation process assume the full covariance
matrix is being analyzed. Leaving out any vari-
able violates this assumption. There is a rapidly
developing literature on working with missing
values. Schafer (1997) provides an accessible
book length treatment of multiple imputation.
Schafer and Graham (2002) provide guidelines,
as do Graham (2009) and Peugh and Enders
(2004). Guidelines specific to family research are
provided by Acock (2005).

Measurement

To many family scholars, measurement seems to
be an unimportant issue. They use a secondary
dataset within which they search for items that
measure the concepts of interest. They may
generate a new scale consisting of 3 or 4 items to
measure a complex concept. Since they are ana-
lyzing secondary data, it is impossible to do any
pretesting. The methods sections of many articles
in leading family studies journals pay little atten-
tion to measurement. They may report that they
used a scale that some other research showed was
reliable on a different population. Whether a
scale was reliable on some other population is
sometimes important, but this is not demonstrat-
ing that it is reliable or valid for your population.
Rarely is there any evidence of the validity of the
measure and even more rarely is such evidence
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shown for the study population. The current state
of measurement in family studies is inadequate.
If there is a normative standard in family research,
it is probably to simply report the alpha
reliability.

Most statistical procedures such as multiple
regression assume perfect measurement in the
predictor variables. When there is just one pre-
dictor the bias is simple; the greater the measure-
ment error, the lower the correlation. With several
predictors, this bias is more complicated. If one
predictor has a little measurement error and
another predictor has a lot of measurement error,
the effect of the predictor with less error may be
exaggerated and the effect for the predictor with
more measurement error may be underestimated
(Acock, 1989). When multicollinearity is a prob-
lem, measurement error is especially problematic
and much of the independent variance in a vari-
able may be based on errors in its measurement.

The Problem with Alpha

There are two versions of alpha. One of these is
unstandardized (estimated using the variances
and covariances). The other is standardized (esti-
mated using the correlations of the items). For the
standardized version, the formula for alpha is:
kr
o=—
(k=Dr+1

where k is the number of items and T is the mean
correlation of the k items. Note that two parame-
ters determine the value of alpha, k and 1. The
larger the average correlation among the items
the larger alpha and the more items the larger
alpha. Figure 4.4 shows a graph of this relation-
ship between k, T, and a.

With an average correlation of just 0.3, alpha
reaches the desired value of 0.8 with just 9 items.
Going from 10 items to 50 items does not result
in much increase in alpha, but even with an
average correlation of 0.5, a 3-item scale will not
reach an alpha of 0.8. Alpha, a measure of inter-
nal consistency, is the most widely reported
measure of reliability. If you have 50 items that
have a mean correlation of 0.10, your alpha will



4 Quantitative Methodology for Family Science

1 -

Alpha

75

4 ——e=-r=2 —s—=1r=23
— b r=4 —e— =5

2
T T T T T T T T T
2 3 4 5 6 7 8 9 10

Number of ltems

Fig. 4.4 Relationship between k, r

be good, i.e., over 0.80. This is because you have
so many items even though they do not have
much in common. Remember that when you
square 0.10 you get 0.01 meaning that 1% of the
variance in a pair of items is shared and 99% is
not. These items, in spite the high alpha do not
have much in common. When a researcher reports
a high alpha for a scale consisting of 50 items,
this does not automatically mean the scale is
good. It is reliable, but pairs of items might not
share much in common.

We can select items to maximize alpha by add-
ing a couple items that will be highly correlated.
The most efficient way to do this is to add items
that have similar means and standard deviations
to the items we already have. If we have three
items with a mean of about 3.0 and a standard
deviation of about 1.5 on a 1-5 scale, we need to
add items with similar means and standard devia-
tions. Essentially, we increase alpha by adding
items that are largely redundant. In so doing, we
increase our alpha to an acceptable standard,
say 0.80, but still do a bad job of measuring real
differences between people. Even when we add
items, the items we add tend to differentiate people
who are in the middle of the distribution from
each other rather than people who are at the ends
of the distribution. This results in a serious trun-

cation of variance where our measured variance
is much less than the true variance of the concept.
Truncated variance leads to small correlations
and insignificant findings.

Consider a measure of satisfaction with the
sexual relationship you have with your partner.
The underlying continuum from very dissatisfied
to very satisfied is shown in Fig. 4.5. Say we have
a sample of just five people, Jim, Juan, Sonya,
Maria, and Dre. Let’s imagine we knew their true
score on the scale, represented by the location of
their names along the continuum.

Jim’s true score is 0, Dre’s is just under 2, Juan
is between 3 and 4, Maria is a bit over 4, and
Sonya is a 6. Our five items, labeled A, B, C, D,
and E, are arranged by their degree of difficulty.
The easiest item to endorse by agreeing or
strongly agreeing is item A. Since Juan, Maria,
and Sonya have higher true scores than Jim or
Dre, this item distinguishes them as more satisfied
with their sexual relationship. Notice, we have no
item that helps us show that Dre is more or less
satisfied than Jim. Three of our five items, B, C,
and D, let us distinguish very closely between
Juan and Maria. These items give us largely
redundant information. If we replaced items B,
C, or D with an item that was easier, say between
0 and 1, we could use it to discern between Jim,
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who is miserable, and Dre, who is somewhat
dissatisfied. Without such an item, Jim and Dre
will have the same response pattern and our scale
will miss an important difference.

A common example given by measurement
experts who use Rasch Modeling is measuring
how high a person can jump. If each person is
given five jumps, but the height of the obstacles to
jump over are all between 3.5 and 4 ft, how useful
is our measure? It is great if we want to distin-
guish between people who can jump 3.5 ft and
those who can jump slightly more. It is terrible if
we want to measure how high competitive athletes
can jump or people with some serious limitation
on their ability to jump. We need to have a series
of items that lets us differentiate people across the
full spectrum of the concept we are measuring.

Another byproduct of our reliance on alpha is
that many of our scales result in highly skewed
distributions. Scales that do a poor job of differ-
entiating people at the ends of the continuum
tend to have a big lump near the top (or bottom)
of the distribution. We see this with marital satis-
faction where a large number of people strongly
agree that they are satisfied. Surely some of the
people selecting the strongly agree response are
more satisfied than others. By putting a premium
on additional items that provide redundant
information, and hence are highly correlated with
existing items, we fail to ask the type of questions
needed to differentiate people at the extremes.

Dimensions of a Measure

Is there a single underlying continuum on which
we can locate people such as the one illustrated in
Fig. 4.5? Consider marital satisfaction. Can a
single score represent such a complex concept?
Perhaps, but only in the most general sense can
multiple dimensions be represented by a single
score. Graduate students taking the GRE get a
score on Quantitative ability and a score on

Verbal ability as well as a total score. Suppose
Juanita has a 780 on the quantitative section and a
350 on the verbal and Rick has a score of 350 on
the quantitative and 780 on the verbal for the same
total score. If you were selecting for a math pro-
gram, would you say they were equally qualified
because they both had a total score of 1,130?

We have the same problem when we use a
scale to measure marital satisfaction. Juanita may
be highly satisfied with the sexual aspect of her
marriage, somewhat satisfied with the parenting
role, somewhat dissatisfied with the division of
labor for housework, and completely dissatisfied
with the emotional support she receives. Rick
may have a very different pattern, but both of
them may have the same total composite score.
They have very different marriages and very dif-
ferent relationships, but we would measure them
as having the same.

Many measurement experts argue that if you
have more than one dimension you should have
more than one scale (Furlow, Ross, & Gangé,
2009; Kirisci, Hsu, & Yu, 2001). Just like the
math GRE may be more important than the verbal
GRE for predicting performance in a math pro-
gram, different dimensions of marital satisfaction
may have different consequences. The total score
glosses over these distinctions and leads to weak
predictive power.

Others argue that creating many small measures
is not the answer (Cheng, Wang, & Ho, 2009).
In particular, it is argued that bandwidth (the
amount measured) and fidelity (the accuracy of
measurement) are often conflicting. If we have
large bandwidth (with multidimensional mea-
sures), then we sacrifice fidelity. If we have good
fidelity (a measure of a single dimension), we
lose out on bandwidth.

If you feel there is a higher, general dimension
of marital satisfaction and that specific dimen-
sions such as financial security reflect the general
dimension, you might want to do a second order
confirmatory factor analysis to measure marital
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satisfaction. This is illustrated in Fig. 4.6 where
marital satisfaction leads to the likelihood of
divorce. Those who argue that you need a single
dimension would use multiple regression of the
specific dimensions of marital satisfaction to pre-
dict the likelihood of divorce. If you believe that
a second order factor exists, then either a multidi-
mensional Rasch model or Item Response Theory
(IRT), or a SEM model would be your best ave-
nue for controlling for this. These approaches are
rarely reported in family research.

Family studies are at the stage of development
where substantial improvements in the strength
of findings are possible by focusing measurement
on a single dimension. Both factor analysis and
principal component analysis allow us to see if a
set of items is measuring a single dimension or
multiple dimensions. If researchers do such anal-
ysis, it is rarely reported in journal articles. When
there are two or more dimensions, the best mea-
surement may be to have separate scales, each
representing a different dimension.

Rasch Modeling and Item
Response Theory

Rasch modeling and IRT offer related, but
competing, alternatives to scale development.
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Items are picked all along the continuum and thus
allow us to differentiate people at both ends of
the distribution as well as those in the middle of
the distribution. This gives us more variance in the
concept and potentially more explanatory power.
Many popular scales used in family studies only
differentiate within 1 SD of the mean where sales
developed using Rasch modeling or IRT seek to
differentiate people from 3 SD below the mean to
3 SD above the mean. These two methods assume
a latent construct is being measured and estimate
the item difficulties and participants score. For an
accessible treatment and introduction to Rasch
modeling and IRT see Bond and Fox (2007).

Validity

There are several types of validity that could be
discussed in publications, but that rarely are.
These include face validity, content validity, cri-
terion validity (concurrent and predictive), and
construct validity. Space does not permit giving
them adequate coverage. Fortunately, they are
discussed in many texts and there are two excep-
tionally useful treatments of them (American
Educational Research Association, American
Psychological Association, & National Council
on Measurement in Education, 1999; Shadish
et al., 2002). The point we want to stress is that
these are rarely mentioned when a new measure
is utilized in an article. Validity goes hand in hand
with reliability, and a reliable yet invalid measure
is just as useless as an unreliable yet valid mea-
sure. As Family Science reaches maturity in the
fields of behavioral and social sciences it is
important that we present clear measures of the
constructs we are studying.

Statistical Procedures
Levels of Measurement

Historically, a great deal has been written about
levels of measurement since the seminal work of
Stevens (1946). Nominal level refers to
classification where no ordering of the classes is
merited. For example, gender is a dichotomous
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nominal variable and marital status (married,
divorced, cohabiting, widow) is an example of a
polychotomous nominal variable. Where an out-
come is dichotomous the most common model
uses logistic regression. Where it is polychoto-
mous the appropriate analysis is multinomial
logistic regression.

Many variables we study are somewhere
between being ordinal and being interval. An
ordinal variable is a series of categories that are
ordered such as strongly agree, agree, disagree,
and strongly disagree. An interval measure is a
numeric variable such as temperature Fahrenheit
where the differences between values are equal,
e.g., 50° is 10 more than 40° and 20° is 10 more
than 10°. We can, of course, assign numerical
values to an ordinal scale, e.g., strongly agree =4,
agree=3, disagree=2, and strongly disagree=1.
However, the difference between 3 and 2, agree
vs. disagree, may be much greater than the differ-
ence between 4 and 3, strongly agree vs. agree.
The difference between 4 and 3 or 2 and 1 may
depend partially on personality rather than a real
difference of opinion. That is, some people are
yea-sayer or naysayers and pick the most extreme
option to any question and other people are
temperamentally reluctant to pick an extreme
option on any question.

There are procedures for analyzing ordinal
data such as ordinal logistic regression, but these
are not widely used by family researchers. More
often, family researchers treat ordinal variables
as if they were interval. This has been shown to
produce consistent findings and regression results
for interval level variables have simpler interpre-
tations than those for ordinal regression.

The area where the most grievous problem
occurs is when the outcome being predicted is a
count of rare event. How often did you strike your
spouse? How often did you drink more than 5
beers in the last month? Ordinary least squares
and related procedures that assume normality are
inappropriate. These variables often conform to a
Poisson distribution where the mean and variance
are equal or negative binomial distribution where
the variance is greater than the mean. The appro-
priate procedures are Poisson regression or
Negative Binomial Regression. These options are
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available in many statistical packages including
SAS, Stata, and Mplus and can be utilized for
many types of analysis including growth curves
(Long & Freese, 20006).

A second option with count variables is using
a POMP (Percent Of Maximum Possible) score.
A POMP score is simply the count for each partici-
pant divided by the total count that is possible, or
perhaps the highest count recorded. This might
have the effect of creating a more normal distri-
bution, but that is not guaranteed. Once you make
the transformation, the interpretation of parame-
ters is easier. See Cohen, Cohen, Aiken, and West
(1999) for more information.

Another type of measure occurs when we have
count variables that have an “excess” of zeros.
Consider the question above about how often you
struck your spouse in the last month. Most partici-
pants will say zero times. This would be a count
of a rare event, but it is also a zero inflated count.
There are two-part regressions where a logistic
regression is done to predict who has done the
behavior at all and a Poisson or negative binomial
regression is done simultaneously for the sub-
sample that have done the behavior at least once.

Programs such as Stata make it very easy to
estimate these models for zero inflated Poisson
regression and zero inflated negative binomial
regression. The procedures estimate who is
always zero where the behavior is not part of their
repertoire and how often people do the behavior.
Factors that predict the onset of marital violence,
for example, might be separate from factors that
predict the frequency of such violence.

Many of our measurements are censored. The
distributions will be skewed with a large clump
of participants at the top or bottom. Garrison
Keillor in the Prairie Home Companion radio
show tells us that in the mythical town of Lake
Wobegon all the children are above average.
When we ask parents to report on the well-being
of their children we often find a distribution like
the children in Lake Wobegon. If we have a
5-point scale, we will have a cluster of high scores
with very few low scores. If we think the true dis-
tribution is not so skewed we could utilize censored
regression to estimate the true relationships. On
marital satisfaction we have many people giving
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the most positive response—but some of these
people are likely much more satisfied than
others—we just don’t ask sufficiently challeng-
ing questions to make these distinctions.

A final measurement issue is how researchers
sometimes collapse their data. They may have a
scale that ranges from 1 to 10. They collapse the
data so 1-5 is a 0 and 6-10 is a 1. They may
dichotomize at some other value such as the
median or the mean. When is this appropriate?
When is it inappropriate? This is a reasonable
thing to do if the researcher has no confidence in
the variance. S(he) needs to say that a score of 1
and a score of 5 are the same—no difference
since both are assigned the single value of 0.
If this assumption is unreasonable, then collaps-
ing the data will destroy meaningful variance.

Another occasion for collapsing data is when
there is a checklist of behaviors such as problem
behaviors and all of them are problematic. If the
researcher is interested in whether there are any
problem behaviors rather than the number of
problem behaviors then we might collapse the
data so a person checking any of the behaviors is
recorded as having a problem behavior and only
those who check none of the behaviors are
recorded as not having a problem behavior. Of
course, treating the number of problem behaviors
as a Poisson model or a zero inflated Poisson
model would offer more information.

Mediation and Moderation

Many questions cannot be answered by a single
equation but involve two or more equations. This
happens when we have one or more intervening
variables that mediate the effect of our predictor
on our outcome. For example, divorce has been
linked with problem behavior in adolescents.
However, the direct effect of divorce may be
mediated by other variables including household
income, involvement of non-resident parent with
the child, and continued parental conflict. After a
divorce the household income of the resident
parent may be reduced, the non-resident parent
may or may not be involved with the child, and
conflict between the parents may continue or not.
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Fig. 4.7 Mediation model

The level of income, non-resident involvement,
and parental conflict are more proximate causes
of well-being than is the divorce itself. These
variables are said to mediate the effect of the
divorce. This is illustrated in Fig. 4.7 where
divorce has no direct effect on well-being once
we control for household income, nonresident
contact, and parental conflict.

The curved lines are included because the
variance in income, contact, and conflict that is
not fully explained by divorce will tend to be
correlated. This lack of independence needs to
be incorporated in the model. We could estimate
this model using seemingly unrelated regres-
sions, but family researchers more commonly use
SEM. SEM programs such as Mplus (Muthén &
Muthén, 2009), LISREL (Mels, 2009), EQS
(Byrne, 2006), and Amos (Arbuckle, 2009;
Byrne, 2009) can do this for outcomes that are
continuous, categorical, or counts. We evaluate a
model such as the one in Fig. 4.7 using a few
simple rules.

1. The predictor (divorce) is significantly corre-
lated with the mediators (e.g., income).

2. The predictor (divorce) is significantly corre-
lated with the outcome (child well-being).

3. The mediators are each significantly correlated
with the outcome (child well-being).

4. The direct effect of the predictor (divorce) on
the outcome (child well-being) controlling for
the mediators (e.g., income) is not significant
(the effect of divorce is mediated by income,
contact, and conflict).

5. Or, the direct effect of the predictor (divorce)
on the outcome (well-being) controlling for
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the mediators (e.g., income) is substantially

smaller than the direct effect of the predictor

when you do not control for the mediators (the

effect of divorce is partially mediated by

income, contact, and conflict).
The most common result is partial mediation
where part of the effect of divorce on well-being is
direct (not shown in Fig. 4.7) and part is indirect.
In this example there are three indirect effects, the
first of which is divorce — income — well-being.
When we estimate an indirect effect, it is impor-
tant to test its significance. Many articles in family
journals report that there is an indirect effect with-
out reporting its size or its level of significance
(MacKinnon, Fairchild, & Fritz, 2007; Ridenour
et al., 2009).

Moderation is a technical term used by many
family scholars to describe what statisticians call
statistical interaction. A researcher may feel that
the effects of divorce are moderated by having
nonresident parental contact with the child and,
at the same time having minimal continued
parental conflict (see Fig. 4.8). That is, when the
nonresident parent stays involved with the child
and there is little parental conflict, the children
will have better post divorce well-being than if
the nonresident parent disengages from the child
or continues to fight with the resident parent. This
is different from mediation in that the moderators
change the relationship between divorce and
well-being. The relation is stronger or weaker
depending on the level of contact and conflict.
The moderation effect is estimated by adding
interaction terms to the regression equation. In
this case we would estimate the equation:

Y =a+BX, +B,X, +BX, +B,X,X, + BX,X,

where Y is the child’s well-being, X, is the par-
ents divorce status, X, is the level of parent child
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Panel A: Assumed Independent of error term

Child Well-
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Panel B: When the predictor is endogenous

_| Child Well-
Being

Divorce

Fig. 4.9 Endogenous regressors

contact, and X, is the level of parental conflict.
The two product terms represent the interaction
effect. Notice that we have a main effect for X,
and X included whenever they appear in an inter-
action term. We have not covered centering or
other important statistical issues when studies
involve moderation; these are developed in
Cohen, Cohen, Aiken, and West (2003).

A variable may be both a mediator and a
moderator. A third model might combine both
moderation and mediation by specifying that
divorce has direct effects on contact and conflict
as well as specifying contact and conflict have a
direct effect on well-being, but would also have
contact, and conflict moderate the direct effect of
divorce on well-being.

Endogenous Regressors

Regression models make the assumption that inde-
pendent variables are themselves independent of
the error term as illustrated in Panel A of Fig. 4.9.
In this example, the assumption is saying that
everything related to child well-being other than
parental divorce is unrelated to parental divorce.
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In many family studies’ applications this assump-
tion is unreasonable and our regressions yield
biased estimates of the effect of the predictor. That
is, we do not know whether a significant effect of
divorce on child well-being is because of divorce
or because of common antecedent causes as shown
in Panel B. What would some of these be? Poverty
and a spouse that abuses the child come to mind.
These variables are associated with both divorce
and child well-being. We need to include all such
variables in our model or identify an instrumental
variable that directly causes divorce but does not
directly cause child well-being. We would then
estimate the model using an instrumental variable
strategy (Cameron & Trivedi, 2009). Family
policy research has often failed to consider the
endogeneity of predictors, leading to invalid policy
recommendations. There has been so much written
about the adverse effect of divorce that what we
think we know about divorce actually may reflect
the adverse effects of other variables that lead to
both divorce and the level of child well-being.

Multilevel Models

Over the last decade a new variation of regression
has become increasingly important in family
research. This is referred to by several names,
which contributes to the confusion researchers
have about the method. Statisticians usually call
these mixed models. Applied researchers often use
the term multilevel analysis. A popular statistical
package for estimating these models is called
Hierarchical Linear Modeling (HLM) and many
family scholars use the name of the program as the
label. Whether you want to call it mixed modeling,
multilevel modeling, or HLM, it is a very impor-
tant extension of traditional multiple regression.
In traditional regression we assume the obser-
vations are independent. If you have a sample of
500 mothers and measure them on ten variables,
each of the mothers is independent of the other 499.
If, on the other hand, you have a sample of mothers
and fathers, your observations are not indepen-
dent. The problem is evident when you have a vari-
able such as household income that has exactly
the same value for the mother and the father.
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Obviously, the two scores are not independent.
Even if we have individual level variables such as
age, they may not be independent across observa-
tions. If the mother is 20 years old in one family
and 50 years old in a second family, we can pre-
dict that the father will be older in the second
family. The mother’s age is probably more similar
to her husband’s age than to a randomly selected
man. A coefficient called the intraclass correla-
tion is used to assess the extent of dependence.
Unless this coefficient is zero (some say not
statistically significant), we need to do some sort
of multilevel analysis. Otherwise, we will have a
miss-specified model and incorrect standard
errors (Atkins, 2005).

We may have variables at several levels.
Suppose we are predicting the likelihood of a
20-year old having completed high school. The
first level would be individual characteristics
such as parental support, supervision, career
goals, grade point average, and gender. The second
level could be family characteristics such as
family income. A third level might be neighbor-
hood characteristics. If 10 of our 20-year olds
lived in the same very poor neighborhood with
high crime rates and another ten lived in a pros-
perous neighborhood with low crime rates, these
differences could be important. However, all ten
individuals in each of these neighborhoods would
have the same score on crime rate and other
neighborhood variables.

As a researcher, you might feel that variables
at each level are important predictors of the like-
lihood of graduating from high school. This
approach is entirely consistent with the ecologi-
cal theory behind much family research. You
should not use traditional regression methods.
Multilevel analysis allows you to examine how
variables at each level of analysis influence the
likelihood of graduation. HLM is a specialized
program that is designed explicitly for doing this
analysis. Major statistical packages such as SAS
or Stata have comprehensive commands that
work under a variety of assumptions. SPSS has a
limited capability that works for continuous,
interval level outcomes. Multilevel analysis can
also be approached from an SEM framework and
both Mplus and LISREL are widely used for this
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purpose. The literature on multilevel modeling is
extensive. Raudenbush and Bryk (2002) provide
an introduction to HLM, Singer (1998) and Little,
Milliken, Stroup, Wolfinger, and Schabenberger
(2006) provide useful introductions to SAS’ Proc
Mixed for multilevel models, and Rabe-Hesketh
and Skrondal (2008) do the same for Stata.

Effect Size

Earlier we discussed the over emphasis on statis-
tical significance and an under emphasis on
substantive significance in large-scale family
research. Increasingly, journal editors are insist-
ing on reporting some measure of the size of the
effect along with its statistical significance.
Durlak (2009) provides a brief introduction to
some of the more common measures of effect
size. The U.S. Department of Education has a
web resource called What Works Clearinghouse,
http://ies.ed.gov/ncee/wwc/, that covers a wide
variety of procedures including effect size calcu-
lations (U.S. Department of Education & Institute
for Education Science, 2008).

There are many statistics called measures of
effect size and these may disagree with one
another (McGrath & Meyer, 2006). Cohen’s d or
Hedges g are often reported in experimental stud-
ies. For survey data, standardized betas are often
used to measure effect size. This may or may not
be appropriate. Whenever variables are measured
on a meaningful scale, it is important to interpret
the size of the unstandardized B’s. These tell us
how much the dependent variable changes for a
one unit change in the independent variable. A
focus on unstandardized coefficients is common
in other fields but underutilized by family schol-
ars. Imagine an intervention to encourage people
to buy energy efficient light bulbs. If the B for the
intervention is 3.0 and the dependent variable is
the number of energy efficient light bulbs in the
household, this has a clear meaning. The interven-
tion increased the number of energy efficient light
bulbs by 3.0 per household. Is this a big effect? If
you consider that the U.S. has over 100 million
households, this intervention would replace 300
million inefficient light bulbs with more efficient

A.C. Acock and I. Washburn

ones. This represents an enormous savings in
energy. The researcher could compute the kilo-
watt hours saved, the reduction in releases to the
atmosphere, etc. The researcher would have little
interest in whether the standardized beta weight
was 0.1, 0.3, or 0.5. Standardized coefficients pro-
vide little basis for a serious cost-benefit calcula-
tion (Duncan & Magnuson, 2007).

When we have a continuous predictor or
dependent variable that is measured on an arbi-
trary scale it is appropriate to use a standardized
beta weight. This happens with scales of attitudes
and beliefs. One scale of marital satisfaction
might range from 1 to 10 and another from 25 to
57. A one unit change is not equivalent and
because the scoring systems have arbitrary
ranges, interpreting an unstandardized coefficient
may be hard. The beta weight tells us how much
the dependent variable changes in standard
deviation units for a one standard deviation
change in the independent variable. We can use
the beta weights to compare the importance of
several predictors when the measurement scales
do not allow more meaningful consideration of
the unstandardized coefficients. Family scholars
have an over reliance on standardized coefficients
because of the clear norms in the field specifying
that under 0.2 is weak, 0.3-0.5 is moderate, and
anything above 0.7 is strong. We should always
recognize that a more careful interpretation of
unstandardized coefficients on variables that
have accepted scales is better.

There are misuses of beta weights in the
family literature. One of the most common is to
compare the beta weights for the same predictor
in two groups. Suppose we are interested in the
relationship between education and income as
this differs for single and married women. The
unstandardized B’s tell us how much income is
increased for each additional year of education. If
single women have a B=2,000 and married
women have a B=1,500, then single women have
a bigger payoff for education. We should not,
however, compare beta weights for the same
variable across groups. The f for single women
might be 0.2 and the 3 for married women might
be 0.3. This would not mean education had a
bigger payoff for married women than single
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Fig.4.10 Education and income for married and single women

women—rather we should get that information
from the unstandardized B’s. The betas mean
that if a single woman has one standard deviation
more education than another single woman, she
will have 0.2 of a standard deviation more income
than that single woman. Notice the standard
deviation for both education and income refers
only to the sample of single women. If married
women have a different standard deviation, then a
one standard deviation change for a married
woman is not comparable to a one standard
deviation change for a single woman.

This problem with standardized beta weights
applies equally to correlations. Figure 4.10 shows
hypothetical data of the relationship between a
married woman’s education and her income as
well as a single woman’s education and her
income. The »=0.87 for the married women and
the »=0.70 for the single women. Relying on the
correlations, a researcher would mistakenly say
that education has more effect on income for
married women than it does for single women.
As is clear in Fig. 4.10, the black circles for
married women are closer to the solid regression
line for married women, hence the correlation is
high. The hollow squares for single women are
more spread around; hence the correlation is
lower for single women. What about the payoff
of education for income? The regression line for

married women is $11,479+$2,251 (Education)
and for single women it is $3,985+$4,027
(Education). The B=$4,027 for single women is
nearly twice as high as the B=$2,251 for married
women. This means that for each additional year
of education a single woman increases her
expected income by $4,027 and each additional
year for a married woman increases her expected
income by just $2,251 dollars. The point is that
you should not compare standardized coefficients
such as r’s or §’s to compare the form of the rela-
tionship between variables in different groups.
Instead, you need to compare the unstandardized
coefficients such as B’s, means, and standard
deviations.

Another problem with the reliance on stan-
dardized coefficients applies when using a binary
predictor. Suppose we are estimating the effect of
marriage vs. cohabiting on some outcome vari-
able with marriage coded 1 and cohabiting coded
0. A beta weight tells us that as you go up one
standard deviation on an independent variable
you go up beta standard deviations on the depen-
dent variable. You can be a 0 if you are cohabit-
ing or a 1 if you are married. These are the only
meaningful values. Some variables have an
underlying continuum that has been collapsed as
a0, 1 dummy variable. It is possible to think of a
latent variable for marital status that represents your
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propensity to be married rather than cohabiting.
Often such interpretations are awkward. A far
simpler solution is a semi-standardized beta
weight that is standardized only on the dependent
variable. A semi-standardized beta of 0.4 would
mean that if you were a 1 on marital status (mar-
ried) you would be 0.4 standard deviations more
satisfied in your marriage than if you were a 0 on
marital status. For a dummy variable a one unit
change, from zero to one, usually makes more
sense than a one standard deviation change. This
semi-standardized beta weight was proposed by
Stavig and Acock (1981) and has been imple-
mented in Mplus (Muthén & Muthén, 2009) and
Stata using commands written by Long and
Freese (20006).

Growth Modeling

In the late 1990s and early 2000s there was an
explosion of techniques for handling longitudinal
data (Bollen & Curran, 2006; Duncan, Duncan,
Stycker, Fuzhong, & Alpert, 1999; Muthén, 1991;
Preacher, Wichman, MacCallum, & Briggs, 2008;
Walker, Acock, Bowman, & Li, 1996). These
greatly extended what could be done within a
SEM framework. One of the most promising of
these methods involves estimating growth curves
or growth trajectories. Applied to family scholar-
ship there are endless possible applications.
Most family scholars are interested in change and
what accounts for change. Growth curves provide
greatly enhanced isomorphism between our
dynamic theories and our quantitative methods.
Growth curve analysis is designed to answer such
questions.

Suppose you are interested in what happens to
a wife’s level of stress in the first 4 years after her
husband has been diagnosed with cancer. You
predict that her stress increases linearly from year
to year. More complicated models are possible.
Figure 4.11 shows that you have measured her
stress each of the 4 years, W1, W2, W3, and W4.
Because your measure of stress is imperfect, you
assume there is some measurement error at each
wave, e, e,, €,, and e,.
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of Social
Network

Depression

Fig.4.11 Wife’s stress level

First, you want to identify the growth trajectory
for her stress. A linear growth trajectory is defined
by two parameters. The intercept reflects the
initial level of stress that she had at the start.
The slope reflects how much her stress goes up
(or down) each year. The intercept and slope
represents a fixed effect that applies to everybody.

However, some mothers may start out at a
high level of stress and some may start out at a low
level. Similarly, some mothers may have an increase
in stress (positive slope) and some mothers may
have a decrease in their level of stress (negative
slope). Thus, both the intercept and the slope can
vary across the mothers. We call this the random
effect, and R, represents the random effect (resid-
ual variance) for the intercept and R_represents
the random effect (residual variance) for the
slope. Once we identify significant random
effects, the next step is to explain them using time
invariant or time varying covariates. For example,
the size of the woman’s social network at wave 1
might explain both differences in the intercept
and the slope. Because this is measured at just
one time, we treat it as time invariant. It appears
as X, Size of Social Network.
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At the right side of the figure is a measure of
maternal depression taken at wave 4. The figure
shows a direct effect from the intercept (initial
stress) to depression. Wives who have higher
stress initially are more likely to have a subse-
quent high level of depression at wave 4.
Depression appears as ¥, Depression in the figure.
The second direct effect is from the stress slope
to depression. Wives who have a greater increase
in stress will become more depressed than wives
who are able to manage their stress more effec-
tively. Notice, that our independent variables are
the intercept and slope and not a simple score on
a variable. This model would allow us to test how
much change in stress influences depression.

This model can be extended in many ways. An
extension would involve having a parallel growth
curve. We might think of depression as a parallel
growth curve rather than an outcome variable. In
that case, we would have an intercept and slope
for depression. We could test if the intercept on
stress influenced the slope on depression and
whether the intercept on depression influenced
the slope on stress. Sometimes we have a growth
curve for variables that are binary or counts. For
example, we might do a growth curve where the
intercept and slope represent how often the wife
has a depressive symptom. All SEM packages
can do some things with growth curves, Mplus is
especially handy at doing these for categorical
and count variables including extensions to zero
inflated models.

Growth Mixture Models

Growth mixture models inductively identify
subgroups of people who have different growth
trajectories. Mixture models use quantitative meth-
ods in an inductive process. This approach grows
out of latent class and latent profile analysis where
subgroups are identified empirically as being
homogeneous within each group and heteroge-
neous between. Using this inductive approach,
typologies emerge from the data rather than being
imposed on the data. This can be described as a
person centered approach rather than a variable

85

centered approach because it locates groups of
people rather than groups of variables as is done
with factor analysis (Muthén & Muthén, 2000).

Applied to growth modeling, what emerges
are different groups of people who have distinct
trajectories. In what has become a modern
classic, Muthén and Muthén (2000) did a growth
mixture model of excessive drinking for a panel
of people from their late teens to when they were
in their 30s. They found a normative group that
peaked at about age 22 and then dropped off and
a deviant group that never engaged in much
excessive drinking. The third group mirrored the
first group up to age 22, but then they continued
at this level. Identifying groups with different
directories has compelling policy applications.
The appropriate intervention and its consequences
vary for each of these groups. The ability to predict
who will be in each group can result in much
more effective interventions.

Growth mixture modeling has many potential
applications to family scholarship. For example,
a growth mixture model of the level of interper-
sonal violence in married couples might reveal
distinct groupings of couples with sharply differ-
ent trajectories. The trajectory of many family
processes may fall into distinguishable groups.
Whatever the trajectory being studied, the fol-
low-up task is identifying time invariant and time
varying covariates that predict class member-
ship. Equally important is finding distal out-
comes that vary by class membership. Perhaps
four classes might emerge for parental conflict:
consistently low, consistently high, decreasing,
and increasing. What are the adolescent out-
comes when the parents are in the consistently
low or high trajectory class? Does it matter
whether the parents are in the decreasing or
increasing trajectory class? A tutorial on growth
modeling and growth mixture modeling is avail-
able at oregonstate.edu/~acock/growth.

Survival Analysis

Survival analysis deals with whether an event
happened as well as when an event happened. It
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is specifically designed for censored data, when
only a portion of the sample experiences an event
in the course of the study. It does require a time
variable, so longitudinal data is needed. This use
of time allows us to answer when the event is
most likely to happen. Specifically, we can use a
hazard function, which maps the probabilities of
the event happening at a given time point. Using
a logistic model, this map can then be predicated
using covariates and show how it varies depen-
dent on the covariates. The ability to predict both
whether an event happened and when it happened
has great significance in family studies. Whether
and when a marriage ends in divorce, when a
child becomes sexually active (Singer & Willett,
2003), how abuse affects later deviant behavior
(Keiley & Martin, 2005) are all questions that are
best suited for survival analysis. A logistic regres-
sion might give a partial answer to each of these,
but would not be able to answer the when ques-
tions. For a brief introduction of survival analysis
see Keiley and Martin (2005) or for a detailed
treatment see Singer and Willett (2003).

A View of Where We Are Going
and What We Need to Get There

We have reviewed a wide variety of quantitative
procedures with an emphasis on the strategies
and procedures that are becoming more prevalent.
Quantitative research is moving toward longitu-
dinal research that requires knowledge of SEM,
growth curves, mixture models, and survival
analysis. Recognition that many of the topics we
study must be approached from a multi-level per-
spective is now widespread and the inappropriate
application of traditional regression is becoming
unacceptable. The best journals that deal with
family research are demanding ever-higher stan-
dards for the quantitative analyses they publish.
We have also moved toward expecting a serious
consideration of the assumptions of a procedure
and the expectation that the most appropriate
estimators be used. The choice of estimator now
requires consideration of sampling characteristics.
Is it a cluster sample? Are some groups underrep-
resented requiring weighting? Is the dependent
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variable a binary, categorical, or count outcome
requiring special estimation techniques? Is it rea-
sonable to assume that the independent variable
is uncorrelated with the error term?

Attrition needs to be explained and appropriate
adjustments incorporated into our models. The
default use of listwise deletion is being discredited
and sophisticated methods of multiple imputation
and full information maximum likelihood esti-
mation are becoming expected. There are also
increasing expectations to substantively evaluate
our results much more carefully than simply
reporting what predictors are statistically
significant. We now have an arsenal of measures
of effect size and a need to provide interpretation
of the strength of results. Not the least of the
expectations for the substantive significance is
the consideration of the duration of effects. This
chapter has only introduced the topics that are
important for family research. A book length
discussion of some of these topics is available in
Bakeman et al.’s (2006) treatment of best prac-
tices in quantitative methods.

The reliance on a single software program for
quantitative analysis has become problematic.
It is a mistake to say one software package is the
best, because all of them are constantly expanding
their capabilities. The package that is best today
may be superseded by another package next year.
In selecting a general software package, we have
several needs. We need to have flexibility to man-
age large, longitudinal datasets, and manipulate
the data. Programs such as SAS, Stata, and SPSS
all have at least adequate capabilities. We need
packages that work well with complex sample
designs and both Stata and SAS are quite good at
this. SPSS is far behind them at the time this is
written. We need programs that offer effective
ways of doing multiple imputation or full infor-
mation maximum likelihood estimation and that
are able to work with different types of outcome
variables including binary, categorical, ordinal,
and count variables. Both SAS and Stata are quite
strong in these abilities and SPSS is likely to
improve its own capabilities.

We probably need to have skill with specialized
software such as SEM programs. Here LISREL,
Mplus, and EQS have comprehensive capabilities
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and AMOS has some capabilities. Many family
scholars who work with multilevel analysis rely
on HLM, which was written explicitly for this
type of analysis. Other packages have varying
degrees of capability to duplicate or even extend
what HLM does including MLwin, SAS, Stata,
and Mplus. As with other applications, SPSS has
more limited capabilities in this area.

One thing to remember about software is that
anything written here applies only to these pro-
grams at the time this chapter is being prepared.
Other programs such as R, which many family
researchers find hard to use today, are developing
and may soon become easier to use. R is unlimited
in its expandability as new techniques develop.
It is also advisable to have software that is dedi-
cated to measurement including Rasch model-
ing and IRT. Mplus and Stata have some
capabilities, but specialized programs such as
Winsteps, Facets, ConQuest, RASCAL, BILOG,
and MULTILOG provide far more detailed
information for developing a scale.

Unfortunately, many family researchers stop
enhancing their quantitative skills once they com-
plete their graduate education. They rely on what-
ever was taught while in graduate school. The
rapid growth in computer speed has gone hand in
hand with the rapid growth in complex quantita-
tive techniques. A complex SEM program that ran
in half a day just 10 years ago will now run in
seconds because of the joint improvement in com-
puter performance and software efficiency.

Graduate programs training the next genera-
tion of family scholars vary enormously in the
scope of quantitative training they require.
Methodological advances are typically published
by statisticians and are written for other statisti-
cians. This results in a level of technical difficulty
that is extremely challenging for applied
researchers. Universities provide ever-increasing
pressure to publish but fewer opportunities for
professional development. How does a researcher
keep up with all technical developments in
quantitative methodology? There is positive
news. In addition to specialized monographs,
there has been a rapid increase in completely free
online tutorials. It is impossible to list all of these,
but one of the best web resources is the statistical
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portal at UCLA (statcomp.ats.ucla.edu/). This
site provides researchers with videos, tutorials,
and links to a wide variety of Internet resources.
They have special topics for most major software
packages and even provide the programming
code for examples in a number of advanced
methods textbooks and monographs.

It is easy to be overwhelmed by the rapid
development and we need to constantly remember
that the best procedure is the simplest one that is
appropriate. The advantage of some of the complex
methods we have summarized here is that they
are appropriate because they achieve greater iso-
morphism between your research question, theory,
and methods. For example, it is easier to assume
there is no measurement error in predictors, but it
is possible to estimate the measurement error and
incorporate these estimates in your model. It is
easier to assume a simple random sample, but it
is possible to choose options that give you unbi-
ased results with a complex sample. It is simple
to use listwise deletion, but you can get less
biased estimates doing multiple imputation. As a
researcher you have to choose what you will do
as you balance the simplicity of a method with
how appropriately it meets your statistical and
theoretical assumptions.
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