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Like a lot of people, I slogged through my first I N T R O D U c T I O N

undergraduate classes in inferential statistics. I'm
not talking here about the truly basic, everyday stats
like averages, medians, and ranges. I'm talking about
things you don’t commonly run into outside the
classroom, like randomized block designs and the
analysis of variance.

I hated it. I didn’t understand it. Assistant professors
and textbooks inflicted formulas on us, formulas that
made little sense. We were supposed to pump data
through the formulas, but the results had mysterious
names like “mean square within.” All too often, the
formulas appeared to bear no relationship to the
concept they were supposed to quantify. Quite a bit
later I came to understand that those formulas were
“calculation formulas,” meant to be quicker to apply,
and less error-prone, than the more intuitively useful
definitional formulas.

Eventually I came to understand why the analysis

of variance, or ANOVA, is used to evaluate the
differences between means—as counterintuitive as
that sounded—but all those sums of squares between
and sums of squares within and degrees of freedom
just did not make sense. I knew that I had to
calculate them to satisfy a requirement, and I knew
how to do so, but I did not understand why.

Eventually I came across a book on regression
analysis. Another student recommended it to me—it
had clarified many of the issues that had confused
him and that were still confusing me. The book, now
long out of print, discussed the analysis of variance
and covariance in terms of regression analysis. It
resorted to computer analysis where that made
sense. It stressed correlations and proportions of
shared variance in its explanations. Although it also
discussed sums of squares and mean squares, the
book talked about them principally to help show the
relationship between conventional Fisherian analysis
and the regression approach.
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The concepts began to clarify for me and I realized that they had been there all the time,
but they were hidden behind the arcane calculations of ANOVA. Those calculations were
used, and taught, because they were developed during the early twentieth century, when
twenty-first century computing power wasn’t merely hard to find, it just didn’t exist. It was
much easier to compute sums of squares (particularly using calculation formulas) than it
was to calculate the staples of regression analysis, such as multiple correlations and squared
semipartials. You didn’t have to find the inverse of a matrix in traditional ANOVA, as was
once necessary in regression. (Calculating by hand the inverse of any matrix larger than

3 X 3 is a maddening experience.)

Today, all those capabilities exist in Excel worksheets, and they make the concepts behind
the analysis of variance much more straightforward. Furthermore, the Excel worksheet
application makes things much easier than was hinted at in that book I read. The book was
written long before Excel first emerged from its early shrink-wrap, and I shake my head
that once upon a time it was necessary to pick individual pieces from the inverse of a matrix
and fool around with them to get a result. Today, you can get the same result in an Excel
worksheet just by combining fixed and relative addressing properly.

We still rely heavily on the analysis of variance and covariance in various fields of research,
from medical and pharmaceutical studies to financial analysis and econometrics, from
agricultural experiments to operations research. Understanding the concepts is important
in those fields—and I maintain that understanding comes a lot easier from viewing the
problems through the prism of regression than through that of conventional ANOVA.

More important, I think, is that understanding the concepts that you routinely use in
regression makes it much easier to understand even more advanced methods such as logistic
regression and factor analysis. Those techniques expand your horizons beyond the analysis
of one-variable-at-a-time methods. They help you move into areas that involve latent,
unobserved factors and multinomial dependent variables. The learning curve is much
steeper in principal components analysis if you don’t already have the concept of shared
variance in your hip pocket.

And that’s why I've written this book. I've had enough experience, first as a suit and then in
my own consulting practice, with inferential statistics to know how powerful a tool it can be,
if used correctly. I've also been using Excel to that end for more than 20 years. Some deride
Excel as a numeric analysis application. I think they’re wrong. On the other hand, Microsoft’s
history as Excel’s publisher is, well, checkered. Not long ago a colleague forwarded to me an
email in which his correspondent wondered, a little plaintively, whether it was “safe” to use
Excel’s statistical functions. At the time I was finishing this book up, and much of the book
has to do with the use of Excel’s LINEST() worksheet function. Here’s what I wrote back:

I, ¢

The question of whether it’s “safe” to use Excel for statistical analysis is a messy one.
Microsoft is at fault to some degree, and those who rant that it’s dangerous to use Excel
for statistical analysis share that fault.

Since 1995, MS has done nothing to improve the Data Analysis add-in (aka the
Analysis Toolpak) other than to convert it from the old V4 macro language to VBA.
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That’s a shame, because the add-in has plenty of problems that could easily be
corrected. But the add-in is not Excel any more than the old Business Planner add-in is
Excel. Nevertheless, I've seen plenty of papers published both privately and in refereed
journals that rightly complain about the add-in’s statistical tools, and then lay the blame
on the actual application.

There were, through either 2003 or 2007—I can’t now recall which—two principal
problems with LINEST(). One had to do with the way that the regression and residual
sums of squares were calculated when LINEST()’s third, const argument is set to
FALSE. This was known as early as 1995, but MS didn’t fix it until much later.

Another was that LINEST() solved what are termed the “normal equations” using
matrix algebra—long the preferred method in statistical apps. But on rare occasions it’s
possible for multicollinearity (the presence of strong correlations among the predictor
variables) to result in a matrix with a zero determinant. Such a matrix cannot be
inverted, and that makes it impossible to return LINEST()’s usual results. In 2003 or
2007, MS fixed that by replacing it with something called QR decomposition.

But the multicollinearity problem caused LINEST() to return the #NUM! error value.
No one could be led down an unsafe, dangerous path by that. And the problem with
the third, const argument resulted in such things as a negative R-squared. Only someone
utterly untutored in regression analysis could be misled by a negative R-squared.

It cannot come about legitimately, so something must be wrong somewhere.

Finally, various bread-and-butter statistical functions in Excel have been improved

to enhance their accuracy when they’re pointed at really extreme values. This is
useful—more accuracy is always better than less accuracy. But it’s an instance of what
Freud called the “narcissism of small differences.” If I'm a biostatistician and I'm
called upon to make a decision based on a difference between 107-16 and 10"-17,
I’'m going to replicate the experiment. The difference is too small, both substantively
and technically, to use as the basis for an important decision—regardless of whether

I’'m using SAS, R, or Excel.

Which brings me to the Chicken Little alarmists who scare people with lengthy screeds
regarding this stuff. Badmouthing sound statistical applications has a long, dishonorable
history. When I was still in school, other students who had sweated blood to learn

an application named BMD said that it was a bad idea to use a different application.
They said the competing app wasn’t accurate, but their real motive was to prevent the
erosion of their own hard-acquired expertise—more precisely, the perception of that
expertise. (The new, competing application was SPSS.)

I spend some ink in the introduction to my book Statistical Analysis Excel 2013, and

in its sixth chapter, on these and closely related matters. If it’s unsafe to use Excel for
statistical analysis, the danger lies in the use of an accurate tool by someone who hasn’t
a clue what he’s doing, either with inferential statistics or with Excel.

That’s my screed for 2016. I hope you enjoy this book as much as I enjoyed revisiting old
friends.
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Using Regression to Test
Differences Between
Group Means

This is a book about regression analysis.
Nevertheless, I'm going to start this chapter by
discussing different scales of measurement. When
you use regression analysis, your predicted (or
outcome, or dependent) variable is nearly always Dummy Coding
measured on an interval or ratio scale, one whose Effect Coding
values are numeric quantities. Your predictor (or :
independent, or regressor) variables are also frequently Orthogonal Coding

measured on such numeric scales. Factorial Analysis

However, the predictor variables can also represent Statistical Power, Type | and Type Il Errors ... 283
nominal or category scales. Because functions

such as Excel’s LINEST() do not respond directly
to predictors with values such as STATIN and
PLACEBO, or REPUBLICAN and DEMOCRAT,
you need a system to convert those nominal values
to numeric values that LINEST() can deal with.

Coping with Unequal Cell Sizes

The system you choose has major implications for
the information you get back from the analysis. So
I'll be taking a closer look at some of the underlying
issues that inform your choice.

It will also be helpful to cover some terminology
issues early on. This book’s first six chapters have
discussed the use of regression analysis to assess
the relationships between variables measured on
an interval or a ratio scale. There are a couple of
reasons for that:

M Discussing interval variables only allows us
to wait until now to introduce the slightly
greater complexity of using regression to assess
differences between groups.
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B Most people who have heard of regression analysis at all have heard of it in connection
with prediction and explanation: for example, predicting weight from known height.
That sort of usage tends to imply interval or ratio variables as both the predicted
variable and the predictor variables.

With this chapter we move into the use of regression analysis to analyze the influence of
nominal variables (such as make of car or type of medical treatment) on interval variables
(such as gas mileage or levels of indicators in blood tests). That sort of assessment tends
to focus on the effects of belonging to different groups upon variables that quantify the
outcome of group membership (gas mileage for different auto makes or cholesterol levels
after different medical treatments).

We get back to the effects of interval variables in Chapter 8, “The Analysis of Covariance,”
but in this chapter I'll start referring to what earlier chapters called predicted variables as
outcome variables, and what I have called predictor variables as factors. Lots of theorists and
writers prefer terms other than ouzcome variable, because it implies a cause-and-effect
relationship, and inferring that sort of situation is a job for your experimental design, not
your statistical analysis. But as long as that’s understood, I think we can get along with
outcome variable—at least, it’s less pretentious than some of its alternatives.

Dummy Coding

Perhaps the simplest approach to coding a nominal variable is termed dummy coding. 1 don’t
mean the word “simplest” to suggest that the approach is underpowered or simple-minded.
For example, I prefer dummy coding in logistic regression, where it can clarify the
interpretation of the coefficients used in that method.

Dummy coding can also be useful in standard linear regression when you want to compare
one or more treatment groups with a comparison or control group.

An Example with Dummy Coding

Figures 7.1 and 7.2 show how the data from a small experiment could be set up for analysis
by an application that returns a traditional analysis of variance, or ANOVA.

In ANOVA jargon, a variable whose values constitute the different conditions to which
the subjects are exposed is called a facror. In this example, the factor is Treatment. The
different values that the Treatment factor can take on are called Jevels. Here, the levels are
the three treatments: Medication, Diet, and Placebo as a means of lowering amounts of an
undesirable component in the blood.
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Figure 7.1 A B z D E F G
The Data Analysis tool 1 Treatment:  Medication Diet Placebo
requires that the factor 2 6.64 8.03 17.51
levels occupy different 3 5.63 6.53 £.40
columns or differentrows. | ¢ 7.30 5.71 13.59
5 |Outcome variable 2.08 3.66 18.83
6 9.15 3.17 2.92]
7 5.10 7.33 18.10
8 9.48 14.31 17.88
190 | E— Anova: Single Factor ?
Input
::; Input Range: B Eﬁ
13 Grouped By: Lancel
14 Help
15 [V] Labels in first row
16 Alpha: | 0.05
17
18 Cutput options
10 @ Output Range: SES10 55
20 Mew Warksheet Ply:
21 _) Mew Workbaook
22
Figure 7.2 A - . 5 : 2 o ¥
Ifyou choose Labels in 1 Treatment:  Medication Diet  Placebo
First Row in the dialog 2 5.64  8.03 17.51
box, the output associates 3 563 653 840
the summary statistics it 790 371  19.59
with the label. 5 |Outcome variable 2.06 3.68 18.83
] 9.15 3.17 2.92f
i 5.10 7.33 18.10
8 9.48 14.31 17.88
9
‘:EI} Anava: Single Factor
12 SUMMARY
13 Groups Count Sum Average | Variance
14 Medication T 49,93 7.14 7.78
15 Diet 7 46.75 6.68 15.12
16 Placebo 7 103.23 14.75 41.49
17
18 ANOVA
19 Source of Variation 55 df M5 F P-value Ferit
20 Between Groups 287.448 2 143724 6.699 0.007 3.555
21 Within Groups 386.197 13 21.455
22
23 Total 673.645 20

Excel’s Data Analysis add-in includes a tool named ANOVA: Single Factor. To operate
correctly, the data set must be arranged as in the range B2:C8 of Figure 7.2. (Or it may be
turned 90 degrees, to have different factor levels in different rows and different subjects
in different columns.) With the data laid out as shown in the figure, you can run the
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ANOVA: Single Factor tool and in short order get back the results shown in the range
A12:H23. The Data Analysis tool helpfully provides descriptive statistics as shown in
B14:F16.

Figure 7.3 has an example of how you might use dummy coding to set up an analysis of the
same data set by means of regression analysis via dummy coding.

Figure7.3 [EF) - £ || =i21s
One minor reason to A B C LB |lE| F | G | H | | J L B3 L
prefer the regression Out- Medication Diet Medication
approach is that you use 1 |come Treatment  Vector  Vector Diet Coefficient Coefficient
standard Excel layouts for 2 | 6.64 MEdiKaTiUn 1 0 -8.069 -7.608 14.75
3 | 9.63 Medication 1 0 2.476 2.476 1.751
the data. 4 | 7.90 Medication 1 0 0.427 4.632 #N/A =LINEST{A2:A22,C2:D22,, TRUE)
5 | 2.06 Medication 1 0 6.699 18 #NfA
6 | 9.15 Medication 1 0 287.448  386.197 #N/A
7 | 5.10 Medication 1 o
8 | 9.48 Medication 1 o Anova: Single Factor
9 | .03 Diet 0 1
10| 6.53 Diet 0 1 SUMMARY
11| 3.71 Diet 0 1 Groups Count Sum Average Variance
12| 3.66 Diet 0 1 Medication 7 49.98 7.14 7.76 -7.608
13| 2.17 Diet 0 1 Diet 7 46.75 6.68 15.12 -8.069|
14| 7.33 Diet 0 1 Placebo 7103.23 1475 4149
15| 14.31 Diet 0 1
16 | 17.51 Placebo 0 0 |=F.oisT.RT(F5,2,65)  0.007]
17: 8.40 Placebo 0 0 ANOVA
18 | 19.59 Placebo 0 0 Source of Variation 55 df Ms F P-volue | Ferit
12| 18.83 Placebo 0 0 Between Groups 287.448 2 143.724 6.699  0.007 3.555
20| 2.92 Placebo 0 0 \Within Groups 386.197 18 21455
21| 18.10 Placebo 0 0
22| 17.88 Placebo 0 0 Total 673.645 20

When you use any sort of coding there are a couple of rules to follow. These are the rules
that apply to dummy coding:

B You need to reserve as many columns for new data as the factor has levels, minus 1.
Notice that this is the same as the number of degrees of freedom for the factor. With
three levels, as in the present example, that’s 3 — 1, or 2. It’s useful to term these
columns vectors.

B Each vector represents one level of the factor. In Figure 7.3, Vector 1 represents
Medication, so every subject who receives the medication gets a 1 on Vector 1, and
everyone else receives a 0 on that vector. Similarly, every subject receives a 0 on
Vector 2 except those who are treated by Diet—they get a 1 on Vector 2.

B Subjects in one level, which is often a control group, receive a 0 on all vectors.
In Figure 7.3, this is the case for those who take a placebo.

With the data laid out as shown in the range A2:D22 in Figure 7.3, array-enter this
LINEST() function in a blank range five rows high and three columns wide, such as F2:H6
in the figure:

=LINEST(A2:A22,C2:D22, TRUE)
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Don’t forget to array-enter the formula with the keyboard combination Ctrl+Shift+Enter.
The arguments are as follows:

B The first argument, the range A2:A22, is the address that contains the outcome
variable. (Because the description of this study suggests that it’s a true, controlled
experiment, it’s not misleading to refer to the levels of a given component in the blood
as an outcome variable, thus implying cause and effect.)

B The second argument, the range C2:D22, is the address that contains the vectors that
indicate which level of the factor a subject belongs to. In other experimental contexts
you might refer to these as predictor variables.

B The third argument is omitted, as indicated by the consecutive commas with nothing
between them. If this argument is TRUE or omitted, Excel is instructed to calculate
the regression equation’s constant normally. If the argument is FALSE, Excel is
instructed to set the constant to 0.0.

B The fourth argument, TRUE, instructs Excel to calculate and return the third through
fifth rows of the results, which contain summary information, mostly about the
reliability of the regression equation.

In Figure 7.3 I have repeated the results of the traditional ANOVA from Figure 7.2, to
make it easier to compare the results of the two analyses. Note these points:

B The sum of squares regression and the sum of squares residual from the LINEST()
results in cells F6 and G6 are identical to the sum of squares between groups and the
sum of squares within groups returned by the Data Analysis add-in in cells G19 and G20.

B The degrees of freedom for the residual in cell G5 is the same as the degrees of
freedom within groups in cell H20. Along with the sums of squares and knowledge of
the number of factor levels, this enables you to calculate the mean square between and
the mean square within if you want.

B The F-ratio returned in cell F5 by LINESTY() is identical to the F-ratio reported by
the Data Analysis add-in in cell J19.

B The constant (also termed the intercept) returned by LINEST() in cell H2 is identical
to the mean of the group that’s assigned codes of 0 throughout the vectors. In this case
that’s the Placebo group: Compare the value of the constant in cell H2 with the mean
of the Placebo group in cell I14. (That the constant equals the group with codes of 0
throughout is true of dummy coding, not effect or orthogonal coding, discussed later in
this chapter.)

The regression coefficients in cells F2 and G2, like the t-tests in Chapter 6, express the
differences between group means. In the case of dummy coding, the difference is between
the group assigned a code of 1 in a vector and the group assigned 0’ throughout.

For example, the difference between the means of the group that took a medication and the
group that was treated by placebo is 7.14 — 14.75 (see cells 112 and 114). That difference
equals —7.608, and it’s calculated in cell L12. That’s the regression coefficient for Vector 1,
returned by LINEST() in cell G2. Vector 1 identifies the Medication group with a 1.
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Similarly, the difference between the mean of the group treated by diet and that treated by
placebo is 6.68 — 14.75 (see cells 113 and 114). The difference equals —8.069, calculated in
cell L13, which is also the regression coefficient for Vector 2.

It's here that LINEST()'s peculiarity in the order of the coefficients shows up again. Recall that if
predictor variables A, B,and Cappear in that left-to-right order on the worksheet, they appear in the
left-to-right order C, B, and then A in the LINEST() results.

NOTE-

So in Figure 7.3, the vector that represents the Medication treatment is in column C, and the vector
that represents Diet is to its right, in column D. However, LINEST() puts the regression coefficient
for Medication in cell G2,and the regression coefficient for Diet to its /eft, in cell F2.The potential
for confusion is clear and it's a good idea to label the columns in the LINEST() result to show which
variable each coefficient refers to.

One bit of information that LINEST() does not provide you is statistical significance of
the regression equation. In the context of ANOVA, where we’re evaluating the differences
between group means, that test of statistical significance asks whether any of the mean
differences is large enough that the null hypothesis of no difference between the means in
the population can be rejected. The F-ratio, in concert with the degrees of freedom for the
regression and the residual, speaks to that question.

You can determine the probability of observing a given F-ratio if the null hypothesis is
true by using Excel’s EDIST.RT() function. In this case, you use it in this way (it’s also in
cell K16):

=EDIST.RT(F5,2,G5)

Notice that the value it returns, 0.007, is identical to that returned in cell K19 by the

Data Analysis add-in’s ANOVA: Single Factor tool. If there is no difference, measured by
group means, in the populations of patients who receive the medication, or whose diet was
controlled, or who took a placebo, then the chance of observing an F-ratio of 6.699 is 7

in 1,000. It’s up to you whether that’s rare enough to reject the null hypothesis. It would
be for most people, but a sample of 21 is a very small sample, and that tends to inhibit the
generalizability of the findings—that is, how confidently you can generalize your observed
outcome from 21 patients to your entire target population.

Populating the Vectors Automatically

So: What does all this buy you? Is there enough advantage to running your ANOVA using
regression in general and LINEST() in particular that it justifies any extra work involved?

I think it does, and the decision isn’t close. First, what are the steps needed to prepare for
the Data Analysis tool, and what steps to prepare a regression analysis?

To run the Data Analysis ANOVA: Single Factor tool, you have to arrange your data as
shown in the range B1:D8 in Figure 7.2. That’s not a natural sort of arrangement of data
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in either a true database or in Excel. A list or table structure of the sort shown in A1:D22
of Figure 7.3 is much more typical, and as long as you provide columns C and D for the
dummy 0/1 codes, it’s ready for you to point LINEST() at.

"To prepare for a regression analysis, you do need to supply the Os and 1s in the proper rows
and the proper columns. This is zor a matter of manually entering Os and 1s one by one.
Nor is it a matter of copying and pasting values or using Ctrl+Enter on a multiple selection.
I believe that the fastest, and most accurate, way of populating the coded vectors is by way

of Excel’s VLOOKUP() function. See Figure 7.4.

To prepare the ground, enter a key such as the one in the range A2:C4 in Figure 7.4. That
key should have as many columns and as many rows as the factor has levels. In this case,
the factor has three levels (Medication, Diet, and Placebo), so the key has three columns,
and there’s one row for each level. It’s helpful but not strictly necessary to provide column
headers, as is done in the range A1:C1 of Figure 7.4.

F'gure 7.4 G2 - F || =VLOOKUP(5F2,5A52:5C54,2,0)

Practice in the use of the

VLOOKUP() function can G| B |G E | F S

save you considerable Medication Diet Out- Medication

time in the |0ng run. 1 |Treatment Vector Vector come Treatment Vector Vector
2 |Medication 1 0 6.64 Medicaﬁonl L_| 0
3 |Diet 0 1 9.63 Medication 1 0
4 |Placebo 0 0 7.90 Medication 1 0
5| 2.06 Medication 1 0
6 | 9.15 Medication 1 0
7| 5.10 Medication 1 0
8 | 9.48 Medication 1 0
98| 8.03 Diet 0 1
10| 6.53 Diet 0 1
11 | 3.71 Diet 0 1
12 | 3.66 Diet 0 1
13 | 3.17 Diet 0 1
14| 7.33 Diet 0 1
15 | 14.31 Diet 0 1
16 | 17.51 Placebo 0 0
17| 8.40 Placebo 0 0
18 | 19.59 Placebo 0 0
19| 18.83 Placebo 0 0
20 | 2.92 Placebo 0 0
21 18.10 Placebo 0 0
23 | 17.88 Placebo 0 0

The first column—in this case, A2:A4—should contain the labels you use to identify the
different levels of the factor. In this case those levels are shown for each subject in the range
F2:F22.

You can save a little time by selecting the range cells in the key starting with its first row
and its second column—so, B2:C4. Type 0, hold down the Ctrl key and press Enter. All the

selected cells will now contain the value 0.
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In the same row as a level’s label, enter a 1 in the column that will represent that level. So,
in Figure 7.4, cell B2 gets a 1 because column B represents the Medication level, and cell
C3 gets a 1 because column C represents the Diet level. There will be no 1 to represent
Placebo because we’ll treat that as a control or comparison group, and so it gets a 0 in each
column.

With the key established as in A2:C4 of Figure 7.4, select the first row of the first column
where you want to establish your matrix of 0’s and 1%. In Figure 7.4, that’s cell G2. Enter
this formula:

=VLOOKUP($F2,$A$2:$C$4,2,0)

Where:

B $F2 is the label that you want to represent with a 1 or a 0.
B $A$2:$C$4 contains the key (Excel terms this a table lookup).
B 2 identifies the column in the key that you want returned.

B 0 specifies that an exact match for the label is required, and that the labels in the first
column of the key are not necessarily sorted.

I’ve supplied dollar signs where needed in the formula so that it can be copied to other
columns and rows without disrupting the reference to the key’s address, and to the column
in which the level labels are found.

Now copy and paste cell G2 into H2 (or use the cell’s selection handle to drag it one
column right). In cell H2, edit the formula so that VLOOKUP()’s third argument has a
3 instead of a 2—this directs Excel to look in the key’s third column for its value.

Finally, make a multiple selection of cells G2 and H2, and drag them down into G3:H22.
"This will populate columns G and H with the 0’s and 1’s that specify which factor level each
record belongs to.

You can now obtain the full LINESTY() analysis by selecting a range such as A6:C10, and
array-entering this formula:

=LINEST(E2:E22,G2:H22, TRUE)

By the way, you might find it more convenient to switch the contents of columns E and F
in Figure 7.4. I placed the treatment labels in column F to ease the comparison of the
labels with the dummy codes. If you swap columns E and F, you might find the LINESTY()
formula easier to handle. You’ll also want to change the first VLOOKUP() formula from
this:

=VLOOKUP($F2,$A$2:$C$4,2,0)

to this:

~VLOOKUP($E2,$A$2:$C$4,2,0)
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The Dunnett Multiple Comparison Procedure

When you have completed a test of the differences between the means of three or more
groups—whether by way of traditional ANOVA methods or a regression approach—you
have learned the probability that any of the means in the population is different from any
of the remaining means in the population. You have not learned which mean or means is
different from others.

Statisticians studied this issue and wrote an intimidatingly comprehensive literature on the
topic during the middle years of the twentieth century. The procedures they developed
came to be known as multiple comparisons. Depending on how you count them, the list

of different procedures runs to roughly ten. The procedures differ from one another in
several ways, including the nature of the error involved (for example, per comparison or
per experiment), the reference distribution (for example, F, t, or q), planned beforehand

(a priori) or after the fact (post hoc), and on other dimensions.

If you choose to use dummy coding in a regression analysis, in preference to another
coding method, it might well be because you want to compare all the groups but one to the
remaining group. That approach is typical of an experiment in which you want to compare
the results of two or more treatments to a control group. In the context of dummy coding,
the control group is the one that receives 0’ throughout the vectors that represent group
membership. One result of dummy coding, as you’ve seen, is that the regression coefficient
for a particular group has a value that is identical to the difference between the group’s
mean and the mean of the control group.

These procedures tend to be named for the statisticians who developed them, and one of
them is called the Dunnett multiple comparison procedure. It makes a minor modification
to the formula for the t-ratio. It also relies on modifications to the reference t-distribution.
In exchange for those modifications, the Dunnett provides you with comparisons that have
somewhat more statistical power than alternative procedures, given that you start your
experiment intending to compare two or more treatments to a control.

As you'll see, the calculation of the t-ratios is particularly easy when you have access to the
LINEST() worksheet function. Access to the reference distribution for Dunnett’s t-ratio is
a little more complicated. Excel offers you direct access to, for example, the t-distribution
and the F-distribution by way of its T.DIST(), TINV(), EDIST(), and FINV() functions,
and their derivatives due to the RT and 2T tags. But Excel does not have a DUNNETTY()
function that tells you the t-ratio that demarks the 95%, 99% or any other percent of the
area beneath the distribution as it does for t and F.

You cannot legitimately calculate a t-ratio using Dunnett’s methods and then compare it to a standard
t-distribution of the sort returned by T.DIST() and TINV(). Dunnett’s t-distribution has a different shape
than the “standard” t-distribution.

— NOTE-

Although the values for Dunnett’s t are not directly available in Excel, they are available
on various online sites. It’s easy enough to download and print the tables (they occupy
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two printed pages). A search using the keywords “Dunnett,

@

multiple comparison,”

and “tables” will locate more sites than you want, but many of them show the necessary
tables. The tables also appear as an appendix in most intermediate-level, general statistics
textbooks in print.

Let’s look at how you could conduct a Dunnett multiple comparison after running the Data
Analysis ANOVA: Single Factor tool. See Figure 7.5.

Flgure 7'5 - e =SQRT(D22%(1/B813+1/B14))
When the group sizes
are equal, as here, all the 2 | Gt B e CERR e DAy [ S e | & | !
comparisons’ t-ratios have | ! Treatment
the same denominator. 2 |Control Medl Med2 Med3 Denominator OH-raTiol 1105
3 164 153 165 150
4 ] 141 191 168 132 t-ratio, Med 1 vs. Control 1.52
5 144 192 175 123 t-ratio, Med 2 vs. Control 2.52]
6 138 126 189 155 t-ratio, Med 3 vs. Control -0.38
| 153 162 182 159
8 | Critical value 2.23
9 |Anova: Single Factor
10
11 [SUMMARY
12 Groups Count Sum Average Vaorionce
13 Control 5 740 148.0 111.5
14 | Med 1 5 824 164.8 769.7
15 Med 2 5 879 175.8 57.7
16 |Med 3 5 715 143.8 241.7
17,
18
19 [ANOVA
20 | Source of Variation 55 df M5 F P-value  Ferit
21 |Between Groups 3323.4 3 1107.8 3.63 0.04 3.2389
22_ Within Groups 4882.4 16 305.15
23
EA-TGIaI 8205.8 19

The data is laid out for the Data Analysis tool in A2:D7. The ANOVA: Single Factor tool
in the Data Analysis add-in returns the results shown in the range A11:G24. You’ll need the
group means, the Mean Square Error from the ANOVA table, and the group counts.

The first step is to calculate the denominator of the t-ratios. With equal group sizes, the
same denominator is used for each t-ratio. The formula for the denominator is:

MSE(L N i)
n m

where MSE is the mean square error from the ANOVA table, shown in Figure 7.5 in
cell D22. (Mean square error is simply another term for mean square within or mean square
residual.)

When, as here, the group sizes are equal, you can also use this arithmetically equivalent
formula:

\/2MSE /n
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The denominator for the t-ratios in this example is given in cell 12. It uses this formula:

=SQRT(D22#(1/B13+1/B14))

where cell D22 contains the mean square error and cells B13 and B14 contain group
counts. With all groups of the same size, it doesn’t matter which group counts you use in
the formula. As suggested earlier, with equal group sizes the Excel formula could also be:

=SQRT((2+D22)/B13)

The next step is to find the difference between the mean of each treatment group and the
mean of the control group, and divide those differences by the denominator. The result is
one or more t-ratios. For example, here’s the formula in cell 14 of Figure 7.5.

=(D14-D13)/12

The formula divides the difference between the mean of the Med 1 group (D14) and the
mean of the Control group (D13) by the denominator of the t-ratio (I12). The formulas in
cells I5 and I6 follow that pattern:

I5: =(D15-D13)/12

16: =(D16-D13)/12

At this point you look up the value in the Dunnett tables that corresponds to three criteria:

B The Degrees of Freedom Within from the ANOVA table (in Figure 7.5, the value 16
in cell C22)

B The total number of groups, including the control group

B The value of alpha that you selected before seeing the data from your experiment

Most printed tables give you a choice of 0.05 and 0.01. That’s restrictive, of course, and it
delights me that Excel offers exact probabilities for any probability level you might present
it for various distributions including the chi-square, the binomial, the t and the F.

For the present data set, the printed Dunnett tables give a critical value of 2.23 for four
groups and 16 Degrees of Freedom Within, at the 0.05 alpha level. They give 3.05 at the
0.01 alpha level.

Because the t-ratio in cell IS, which contrasts Med 2 with Control, is the only one to

exceed the critical value of 2.23, you could reject the null hypothesis of no difference in the
population means for those two groups at the .05 confidence level. You could not reject it at
the 0.01 confidence level because the t-ratio does not exceed the 0.01 level of 3.05.

Compare all that with the results shown in Figure 7.6.

Start by noticing that cells G2, H2, and 12, which contain the regression coefficients for
Med 3 Vector, Med 2 Vector, and Med 1 Vector (in that order), express the differences
between the means of the treatment groups and the control group.
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Figure 7.6 o 15 - % || -
Much less calculation is
needed when you start by S G F S| 5 | O I G 9 B ol |G R S ) J
analyzing the data with Med1| Med2| Med3
regression. 1] Treatment Outcome Vector Vector Vector =LINEST(B2:B21,C2:E21,,TRUE)
25 Control 164 0 0 0 -4.2 27.8 16.8 148
3 _Comrol 141 0 0 0 11.05 11.05 11.05 7.81
4 |control 144 0 0 0 0.41 17.47 #N/A = #N/A
5 | Control 138 0 0 0 3.63 16 #N/A #N/A
6 |Control 153 0 0 0 3323.4 4882.4 #N/A | #N/A
7 |Med1 153 1 o o
8 |Med1 191 1 0 0 t-ratio, Med 1 vs. Comroll 1.52
g _Med 1 192 1 0 0 t-ratio, Med 2 vs. Control 2.52.
10 Med L 126 1 0 0 t-ratio, Med 3 vs. Control -0.38
11 |[Med 1 162 1 0 0
12: Med 2 165 0 1 0 Critical value 2.23
13 Med 2 168 0 1 0
14 Med 2 175 0 1 0
15| Med 2 189 0 1 0
‘iﬁ_IVIed 2 182 0 1 0
17| Med 3 150 0 0 1
18 | Med 3 132 0 0 1
19 Med 3 123 0 0 1
20 | Med 3 135 0 0 1
217Med 3 159 0 0 1

For example, the regression coefficient in cell H2 (27.8) is the difference between the

Med 2 mean (175.8, in cell D15 of Figure 7.5) and the Control mean (148.0, in cell D13 of
Figure 7.5). So right off the bat you’re relieved of the need to calculate those differences.
(You can, however, find the mean of the control group in the regression equation’s constant,
in cell J2.)

Now notice the standard errors of the regression coefficients, in cells G3, H3, and I3. They
are all equal to 11.05, and in any equal-cell-size situation with dummy coding, the standard
errors will all have the same value. That value is also the one calculated from the mean
square error and the group sizes in Figure 7.5 (see that figure, cell 12).

So, all you need to do if you start the data analysis with LINESTY() is to divide the
regression coefficients by their standard errors to get the t-ratios that correspond to the
Dunnett procedure. Notice that the t-ratios in cells J8, J9, and J10 are identical to those
calculated in Figure 7.5, cells 14, 15, and I6.

Now let’s have a look at a slightly more complicated situation, one in which you have
different numbers of subjects in your groups. See Figure 7.7.

In Figure 7.7, the basic calculations are the same, but instead of using just one denominator
as was done in Figure 7.5 (because the groups all had the same number of subjects), we
need three denominators because the group sizes are different. The three denominators
appear in the range 14:16, and use the version of the formula given earlier:

MSE(i + i)

ny n
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Figure 7.7 1a - £ || =SORT($D$22*(1/B13+1/B14))
Using traditional ANOVA
on a data set with A [ B R G D B R R | S G o L
| : 1 Treatment
unequat group sizes, 2 [Control Medl Med2 Med3 Denominator
y(_)u need to (akl'llate a 3 164 153 165 160 of t-ratio  t-ratio
different denominator for 4 141 191 168 132 t-ratio, Med 1 vs. Control 1113 1.62]
each t-ratio. 5 144 192 175 123 t-ratio, Med 2 vs. Control 1074 2.79
6 | 138 126 189 155 t-ratio, Med 3 vs. Control 10.401 -0.13
T | 162 182 149
8 181 147 Med 1vs. Control] 18.05
9 152 Med 2 vs. Cantrol] 29.52]
10 | Anova: Single Factor Med 3 vs. Control] -1.32f
11 |SUMMARY
12 Groups Count Sum  Average Variance Critical value, 0.05| 2.21
13_ Contral 4 587 146.75 138.25 Critical value, 0.01] 3.01
14 Med 1 5 324 164.8 769.7
15 |Med 2 6 1060 176.6667 82.66667
16 Med 3 7 1018 145.4286 174.2857
17|
18
19  ANOVA
20 |Source of Variation 55 df MS F P-value | Fcrit
21 |Between Groups 3926.721 3 1308.907 4,757 0.013 3.1599
22 | Within Groups 4952.598 18 275.1443
23
24- Total 8879.318 21

So, the formulas to return the t-ratio’s denominator are:

I4: =SQRT($D$22+(1/B13+1/B14))
I5: =SQRT($D$22+(1/B13+1/B15))
16: =SQRT($D$22+(1/B13+1/B16))

Notice that the only difference between the formulas is that they alter a reference from
B14 to B15 to B16, as the number of observations in the Med 1, Med 2, and Med 3 groups
increases from 5 to 6 to 7. The formulas make use of the group counts returned by the
Data Analysis add-in to pick up the number of observations in each treatment group.

The differences between the treatment group means and the control group mean are shown
in the range J8:J10. They are the numerators for the t-ratios, which appear in the range
J4:J6. Each t-ratio is the result of dividing the difference between two group means by the
associated denominator, as follows:

J4: =J8/14
J5: =J9/15
J6: =J10/16

In sum, when your group sizes are unequal, traditional methods have you calculate different
denominators for each of the t-ratios that contrast all group means but one (here, Med 1,
Med 2, and Med 3) with another mean (here, Control). Then for each pair of means,
calculate the mean difference and divide by the denominator for that pair.
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You’ll also want to compare the values of the t-ratios with the values in Dunnett’s tables.
In this case you would want to locate the values associated with 18 within-groups degrees
of freedom (from cell C22 in the ANOVA table) and 4 groups. The intersection of those
values in the table is 2.21 for an alpha level of 0.05 and 3.01 for an alpha level of 0.01
(see cells J12 and J13 in Figure 7.7). Therefore, only the difference between Med 2 and
Control, with a t-ratio of 2.79, is beyond the cutoff for 5% of the Dunnett t distribution,
and it does not exceed the cutoff for 1% of the distribution. You can reject the null for
Med 2 versus Control at the 5% level of confidence but not at the 1% level. You cannot
reject the null hypothesis for the other two contrasts at even the 5% level of confidence.

Notice that the F-ratio in the ANOVA table, 4.757 in cell E21, will appear in a central

F distribution with 3 and 18 degrees of freedom only 1.3% of the time. (A central F
distribution in the context of an ANOVA is one in which the estimate of the population
variance due to the differences among group means is equal to the estimate of the
population variance due to the average within-group variance.) So the ANOVA informs you
that an F-ratio of 4.757 with 3 and 18 degrees of freedom is unlikely to occur by chance if
the population means equal one another.

That likelihood, 1.3%, echoes the result of the contrast of the Med 2 group with the
Control group. The t-ratio for that contrast, 2.79, exceeds the critical value for 5% of the
Dunnett distribution but not the critical value for 1% of the distribution. So the objective of
the multiple comparison procedure, to pinpoint the difference in means that the ANOVA’s
F-ratio tells you must exist, has been met.

Things go a lot more smoothly if you use LINEST() instead. See Figure 7.8.

Figure 7.8 115 - fe | =F.DIST.RT(G5,3,H5)
LINEST() calculates the
mean differences and A B e | & B B} & | | ) K
t-ratio denominators Med 1| Med2| Med 3
for you. il | Treatment Outcome Vector Vector Vector =LINEST(B2:B23,C2:E23,, TRUE)
23 Control 164 0 0 0 -1.32 29.92 18.05 146.75
3 | Control 141 0 0 0 10.40 10,71 1113 8.29
4 _Comrol 144 0 0 0 0.44 1653 #N/A #N/A
5 |Control 138 0 0 0 4,76 18 #N/A | #N/A
G | Med 1 153 1 0 0 3926.721 4952.6 #N/A #N/A
i | Med 1 191 1 0 0
8 | Med L 192 1 0 0 t-ratio, Med 1 vs. Control 1.62|=12/13
9 |Med1 126 1 0 0 t-ratio, Med 2 vs. Control 2.79|=H2/H3
10 [Med 1 162 1 0 0 t-ratio, Med 3 vs. Control -0.13|=62/G3
11 |Med 2 165 0 1 0
12 Med 2 168 0 1 0 Critical value, 0.05 2.21
13_ Med 2 175 0 1 0 Critical value, 0.01] 3.01
14 |Med 2 189 0 1 0
15 |Med 2 182 0 1 0 Probability of F-ratio| 0.013
16 | Med 2 181 0 1 0
17 Med 3 160 0 0 1
18 | Med 3 132 0 0 1
19 Med 3 123 0 0 1
20 | Med 3 135 0 0 1
21 Med 3 145 0 0 1
22 | Med 3 147 0 0 1
23 Med 3 152 0 0 1
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Figure 7.8 has the same underlying data as Figure 7.7: Four groups with a different

number of subjects in each. (The group membership vectors were created just as shown in
Figure 7.6, using VLOOKUP(), but to save space in the figure the formulas were converted
to values and the key deleted.)

This LINESTY() formula is array-entered in the range G2:J6:
=LINEST(B2:B23,C2:E23, TRUE)

Compare the regression coefficients in cells G2, H2, and 12 with the mean differences
shown in Figure 7.7 (J8:J10). Once again, just as in Figures 7.5 and 7.6, the regression
coefficients are exactly equal to the mean differences between the groups that have 1’s in
the vectors and the group that has 0% throughout. So there’s no need to calculate the mean
differences explicitly.

The standard errors of the regression coefficients in Figure 7.8 also equal the denominators
of the t-ratios in Figure 7.7 (in the range 14:16). LINEST() automatically takes the
differences in the group sizes into account. All there’s left to do is divide the regression
coefficients by their standards errors, as is done in the range J8:J10. The formulas in those
cells are given as text in K8:K10. But don’t forget, when you label each t-ratio with verbiage
that states which two means are involved, that LINEST() returns the coefficients and their
standard errors backwards: Med 3 versus Control in G2:G3, Med 2 versus Control in cell
H2:H3, and Med 1 versus Control in 12:13.

Figure 7.8 repeats in J12 and J13 the critical Dunnett values for 18 within-group degrees
of freedom (picked up from cell HS in the LINESTY() results) and 4 groups at the 0.05 and
0.01 cutoffs. The outcome is, of course, the same: Your choice of whether to use regression
or traditional ANOVA makes no difference to the outcome of the multiple comparison
procedure.

Finally, as mentioned earlier, the LINEST() function does not return the probability of the
F-ratio associated with the R? for the full regression. That figure is returned in cell J15 by
this formula:

=EDIST.RT(GS,3,HS)

Where G5 contains the F-ratio and HS contains the within-group (or “residual”) degrees
of freedom. You have to supply the second argument (here, 3) yourself: It’s the number
of groups minus 1 (notice that it equals the number of vectors in LINEST()’s second
argument, C2:E23) also known as the degrees of freedom between in an ANOVA or
degrees of freedom regression in the context of LINEST().

Effect Coding

Another type of coding, called effect coding, contrasts each group mean following an
ANOVA with the grand mean of all the observations.
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More precisely, effect coding contrasts each group mean with the mean of all the group means. When
each group has the same number of observations, the grand mean of all the observations is equal to
the mean of the group means. With unequal group sizes, the two are not equivalent. In either case,
though, effect coding contrasts each group mean with the mean of the group means.

NOTE-

This aspect of effect coding—contrasting group means with the grand mean rather than
with a specified group, as with dummy coding—is due to the use of —1 instead of 0 as
the code for the group that gets the same code throughout the coded vectors. Because
the contrasts are with the grand mean, each contrast represents the effect of being in a
particular group.

Coding with —1 Instead of 0

Let’s take a look at an example before getting into the particulars of effect coding.
See Figure 7.9.

.
Flgure 7.9 L5 - fo || =12-5UM(G2:12)
The coefficients in
A B [« D E |F G H 1 J K L M
LINEST() equal each Treat- ‘ Out- ‘ Med 1 ‘ Med 2 ‘ Med 3‘ [ ] ‘ Group
group’s distance from the 1 | ment come Vector Vector Vector —LINEST(B2:B21,C2:E21,, TRUE) Mean
grand mean. 2 [Med1 153 1 0 0 -14.3|  17.7 6.7  158.1 164.8 =12+12
3 [Med1 191 1 0 0 6.77 677 6.77 3.91 175.8 =12+H2
4 |Med1 192 1 0 0 041 1747 #N/A | #NfA 143.8 =12+G2
5 |Med1 126 1 0 0 3.63 16 #NfA | EN/A 148.0|=12-SUM(G2:12)
6 |Med1 162 1 0 0 3323.4 48824 #N/A | #N/A
7 |Med2 165 0 1 0
8 |Med2 168 [} 1 0 Anova: Single Factor
9 [Med2 175 0 1 0
10 |Med2 189 0 1 0 SUMMARY
1) Med 2 182 o 1 o Groups Count Sum Average Vorionce
12 |Med3 150 0 0 1 Medl 5 824/ 1648 769.7
13 [Med3 132 0 0 1 |Med2 5 879 175.8 97.7
14 |Med3 123 0 0 1 |Med3 5, 719 1438 241.7
15|Med3 155 0 0 1 |Contral 5 740 148.0 111.5
16 [Med3 159 0 0 1
17 |Control 164 -1 -1 -1
18 |Control 141 -1 -1 -1 ANOVA
19 |Control 144 -1 -1 -1 Source of Voriotion  S§§ df Ms F P-value Ferit
20 |Control 138 -1 -1 -1 Between Groups | 3323.4 3 1107.8 3.63 0.04  3.238871517
21 |Contral 153 -1 -1 -1 within Groups 4882.4 16 305.15
22
23 Total 32058 13

Figure 7.9 has the same data set as Figure 7.6, except that the Control group has the value
—1 throughout the three coded vectors, instead of 0 as in dummy coding. Some of the
LINEST() results are therefore different than in Figure 7.6. The regression coefficients

in Figure 7.9 differ from those in Figure 7.6, as do their standard errors. All the remaining
values are the same: R?, the standard error of estimate, the F-ratio, the residual degrees of
freedom, and the regression and residual sums of squares—all those remain the same, just
as they do with the third method of coding that this chapter considers, planned orthogonal

contrasts.
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In dummy coding, the constant returned by LINESTY() is the mean of the group that’s
assigned 0’s throughout the coded vectors—usually a control group. In effect coding, the
constant is the grand mean. The constant is easy to find. It’s the value in the first row
(along with the regression coefficients) and in the rightmost column of the LINEST()
results.

Because the constant equals the grand mean, it’s easy to calculate the group means from the
constant and the regression coefficients. Each coefficient, as I mentioned at the start of this
section, represents the difference between the associated group’s mean and the grand mean.
So, to calculate the group means, add the constant to the regression coefficients. That’s
been done in Figure 7.9, in the range L2:14. The formulas used in that range are given as
text in M2:M4.

Notice that the three formulas add the constant (the grand mean) to a regression coefficient
(a measure of the effect of being in that group, the distance of the group mean above or

below the grand mean). The fourth formula in LS5 is specific to the group assigned codes of
—1, and it subtracts the other coefficients from the grand mean to calculate the mean of that

group.

Also notice that the results of the formulas in L2:L5 equal the group means reported in
the range J12:J15 by the Data Analysis add-in’s ANOVA: Single Factor tool. It’s also worth
verifying that the F-ratio, the residual degrees of freedom, and the regression and residual
sums of squares equal those reported by that tool in the range H20:K21.

Relationship to the General Linear Model

The general linear model is a useful way of conceptualizing the components of a value on
an outcome variable. Its name makes it sound a lot more forbidding than it really is. Here’s
the general linear model in its simplest form:
KJ = M + Ol]' + 8,"7'

The formula uses Greek instead of Roman letters to emphasize that it’s referring to the
population from which observations are sampled, but it’s equally useful to consider that it
refers to a sample taken from that population:
The idea is that each observation ¥; can be considered as the sum of three components:

B The grand mean, u

B The effect of treatment j, a;

B The quantity g; that represents the deviation of an individual score ¥} from the
combination of the grand mean and the j* treatment’s effect.
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Figure 7.10 H2 - £ || =sumsa(Fz:Fai)
Observations broken
down in terms of the el ASEEA B o e et {5 81 | i E el e . H
components of the Surm of
general linear model. Treat- Grand Treatment Squared

1 | ment Outcome Mean Effect Error Errors

2 |Med1 153 158.1 6.7 -11.8 4882.4

3 _Med 1 151 158.1 6.7 26.2

4_Med 1 192 158.1 6.7 27.2

3 _Med 1 126 158.1 6.7 -38.8

G_Med 1 162 158.1 6.7 -8

i _Med 2 165 158.1 17.7| -10.8

g _Med 2 168 158.1 17.7  -7.8

g _Med 2 175 158.1 17.7 -0.B

‘ID_Med 2 189 158.1 177 13.2

‘I‘I_Med 2 182 158.1 17.7 6.2

12_Med 3 150 158.1 -14.3 6.2

‘IS_Med 3 132 158.1 -14.3 -11.8

14_Med 3 123 158.1 -14.3 -20.8

‘IS_Med 3 135 158.1 -14.3  11.2

‘Iﬁ_Med 3 159 158.1 -14.3 15.2

17 | Control 164 158.1 -10.1  16.0

‘IE_ Control 141 158.1 -10.1, -7.0

19 | Control 144 158.1 -10.1 -4.0

ED_ Control 138 158.1 -10.1 -10.0

E‘I_Control 153 158.1 -10.1 5.0

Chapter 7 Using Regression to Test Differences Between Group Means

Here it is in the context of a worksheet (see Figure 7.10):

In Figure 7.10, each of the 20 observations in Figure 7.9 have been broken down into the
three components of the general linear model: the grand mean in the range D2:D21, the effect
of each treatment group in E2:E21, and the so-called “error” involved with each observation.

The term error is used for some not especially good historical reasons, and it's made its way into other
terms such as mean square error and even the symbol € .There’s nothing erroneous about these values.
Residuals is a perfectly descriptive term that isn't misleading, but statistical jargon tends to prefer error.

— NOTE-

If you didn’t expect that one or more treatments would have an effect on the subjects
receiving that treatment, then your best estimate of the value of a particular observation
would be the grand mean (in this case, that’s 158.1).

But suppose you expected that the effect of a treatment would be to raise the observed
values for the subjects receiving that treatment above, or lower them below, the grand
mean. In that case your best estimate of a given observation would be the grand mean plus
the effect, whether positive or negative, associated with that treatment. In the case of, say,
the observation in row 5 of Figure 7.10, your expectation would be 158.1 + 6.7, or 164.8.
If you give the matter a little thought, you’ll see why that figure, 164.8, must be the mean
outcome score for the Med 1 group.

Although the mean of its group is your best expectation for any one of its members,
most—typically all—of the members of a group will have a score on the outcome variable
different from the mean of the group. Those quantities (differences, deviations, residuals,
errors, or whatever you prefer to call them) are shown in the range F2:F21 as the result of
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subtracting the grand mean and the group’s treatment effect from the actual observation.
For example, the value in cell F2 is returned by this formula:

=B2-D2-E2

The purpose of a regression equation is to minimize the sum of the squares of those errors.
When that’s done, the minimized result is called the Residual Sum of Squares in the context
of regression, and the Sum of Squares Within in the context of ANOVA.

Note the sum of the squared errors in cell H2. It’s returned by this formula:

=SUMSQ(F2:F21)

The SUMSQ() function squares the values in its argument and totals them. That’s the same
value as you’ll find in Figure 7.9, cells H21, the Sum of Squares Within Groups from the
ANOVA, and H6, the residual sum of squares from LINEST(). As Figure 7.10 shows, the
sum of squares is based on the mean deviations from the grand mean, and on the individual
deviations from the group means.

It’s very simple to move from dummy coding to effect coding. Rather than assigning codes of

0 throughout the coding vectors to one particular group, you assign codes of —1 to one of the
groups—not necessarily a control group—throughout the vectors. If you do that in the key range
used by VLOOKUP(), you need to make that replacement in only as many key range cells as
you have vectors. You can see in Figure 7.9 that this has been done in the range C17:E21, which
contains —1’ rather than 0%. I assigned the —1% to the control group not because it’s necessarily
desirable to do so, but to make comparisons with the dummy coding used in Figure 7.6.

Regression analysis with a single factor and effect coding handles unequal group sizes
accurately, and so does traditional ANOVA. Figure 7.11 shows an analysis of a data set with
unequal group sizes.

Flgure 7'11 L5 - i =12-5UM(G2:12)
The ANOVA: Single Factor
A B € D E |F G HER| Ly R L M
tOOl returns the group Treat- Out- Med1 Med2 Med3 Group
counts in the range 1 | ment come Vector Vector Vector =LINEST(B2:823,C2:E23,, TRUE) Mean
H'I‘IH'|4 2 |Med1 153 1 0 0 -12.98| 18.26 6.39 158.41 164.80 =J2+12
3 | Med 1 191 1 0 0 5.72| 6.00 6.37 3.61 176.67 =J2+H2
4 [Med1 192 1 0 0 0.44 16.53 #N/A #N/A 145.43 =)2+G2
5 |Med1 126 1 0 0 4.76 18 #N/A #N/A 146.75]|=)2-5UM(G2:12)
6 (Med1 162 1 0 v} 3926.7 4952.6 #N/A H#N/A
7 |Med2 165 0 1 0
8 [Med2 168 0 1 0 Anova: Single Factor
9 (Med2 175 0 1 0 SUMMARY
10 Med 2 189 o] 1 0 Groups Count Sum Average Varionce
11 Med 2 182 0 1 0 Med1 5 824  164.80 769.70
12 |Med 2 181 0 1 0 Med 2 6 1060 176.67 82.67
13 |Med 3 160 0 0 1 Med 3 7 1018 145.43 174.29
14 |Med 3 132 0 0 1 Contral 4 587 146.75 138.25
15|Med3 | 123 0 0 1
16 |Med 3 155 0 0 1
] Med 3 149 0 0 1 ANOVA
18 |Med 3 147 0 0 1 Source of Variation 55 df MSs F P-value Ferit
18 |Med 3 152 0 0 1 Between Groups | 3926.7 3 1308.907 4.757 0.013 3.16
20 |Control 164 -1 -1 -1 Within Groups 4952.6 18 275.1443
21 |Control 141 -1 -1 -1
22 |Control 144 -1 -1 -1 Total 8879.3 21
23 |Control 138 -1 -1 -1
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Notice that the regression equation returns as the regression coefficients the effect of
being in each of the treatment groups. In the range L2:L5, the grand mean (which is the
constant in the regression equation) is added to each of the regression coefficients to return
the actual mean for each group. Compare the results with the means returned by the Data
Analysis add-in in the range J11:]J14.

Notice that the grand mean is the average of the group means, 158.41, rather than the
mean of the individual observations, 158.6. This situation is typical of designs in which the
groups have different numbers of observations.

Both the traditional ANOVA approach and the regression approach manage the situation
of unequal group sizes effectively. But if you have groups with very discrepant numbers of
observations and very discrepant variances, you’ll want to keep in mind the discussion from
Chapter 6 regarding their combined effects on probability estimates: If your larger groups
also have the larger variances, your apparent tests will tend to be conservative. If the larger
groups have the smaller variances, your apparent tests will tend to be liberal.

Multiple Comparisons with Effect Coding

Dummy coding largely defines the comparisons of interest to you. The fact that you choose
dummy coding as the method of populating the vectors in the data matrix implies that you
want to compare one particular group mean, usually that of a control group, with the other
group means in the data set. The Dunnett method of multiple comparisons is often the
method of choice when you've used dummy coding.

A more flexible method of multiple comparisons is called the Scheffé method. It is a post
hoc method, meaning that you can use it after you’ve seen the results of the overall analysis
and that you need not plan ahead of time what comparisons you’ll make. The Scheffé
method also enables you to make complex contrasts, such as the mean of two groups versus
the mean of three other groups.

There’s a price to that flexibility, and it’s in the statistical power of the Scheffé method.
The Scheffé will fail to declare comparisons as statistically significant that other methods
would. That’s a problem and it’s a good reason to consider other methods such as planned
orthogonal contrast (discussed later in this chapter).

To use the Scheffé method, you need to set up a matrix that defines the contrasts you want
to make. See Figure 7.12.

Consider Contrast A, in the range 12:16 of Figure 7.12. Cell I3 contains a 1 and cell 14
contains a —1; the remaining cells in I12:16 contain 0%s. The values in the matrix are termed
contrast coefficients. You multiply each contrast coefficient by the mean of the group it
belongs to. Therefore, 12:16 defines a contrast in which the mean of Med 2 (coefficient of
—1) is subtracted from the mean of Med 1 (coefficient of 1), and the remaining group means
do not enter the contrast.

Similarly, Contrast B, in J2:J6, also contains a 1 and a —1, but this time it’s the difference
between Med 3 and Med 4 that’s to be tested.
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Flgure 7.12 117 - F || =SUMPRODUCT(12:16,115:119)
The matrix of contrasts aLb 2 o | ¢ e . : ) = m v
defines how much Weight Out Treat Vector Vector Vector Vector
each group mean is given, | 1 [come ment 1 2 3 4 Contrast A B c D
2 29 Control -1 -1 -1 -1 Control 0 0 0 1
3 39 Control -1 1 1 -1 Med 1 1 0 0.5 -0.25
4| 34 control 1 1 1 1 Med 2 1 0 0.5 -0.25
5| 31 cControl -1 1 1 -1 Med 3 0 1 0.5 -0.25
& 38 Control 1 1 1 1 Med 4 0 -1 0.5 -0.25
I 38| Contral -1 -1 -1 -1
8 | 41/Contral 1 1 1 1 =LINEST(A2:A51,C2:F51,, TRUE)
3 | 42 control 1 1 1 1 296 394 014 5.44 43.26
10| 42 control -1 Kl -1 -1 152 152 152 152 0.76
11| 33 control 1 1 1 1 043 538 #N/A HNJA HNJA
12| 47 Med1 1 0 0 0 8.39 45 #NJA #N/A #N/A
13| 44 Med1 1 0 0 0 969.32 1300.30 #N/A HNJA HNJA
14| 38 Med1 1 0 0 0
‘\S- 54 Med1 1 0 0 0 Control 36.7 Critical
16 53 Medl 1 0 0 0 Med 1 48.7] Contrast Value Value
17| 52 Med1 1 0 0 0 Med2  43.4 A MedlvsMed2 | 5.3 7.7
18| 54 Med1 1 0 0 0 Med3  47.)) B, Med 3 vs Med 4 5.9 7.7
19| 40 Med1 1 0 0 0 Medd4  40.3 C182vs3&4 2.3 5.46
EI}_ 53 Med1 1 1] 0 0 D, Control vs Meds -8.2 6.10

More complex contrasts are possible, of course. Contrast C compares the average of Med 1
and Med 2 with the average of Med 3 and Med 4, and Contrast D compares Control with
the average of the four medication groups.

A regression analysis of the effect-coded data in A2:F51 appears in H9:L.13. An F-test of
the full regression (which is equivalent to a test of the deviation of the R? value in H11 from
0.0) could be managed with this formula:

=FEDIST.RT(H12,4,112)

It returns 0.00004, and something like 4 in 100,000 replications of this experiment would
return an F-ratio of 8.39 or greater if there were no differences between the popula-

tion means. So you move on to a multiple comparisons procedure to try to pinpoint the
differences that bring about so large an F-ratio.

You can pick up the group means by combining the constant returned by LINEST() in
cell L9 (which, with effect coding, is the mean of the group means) with the individual
regression coefficients. For example, the mean of the Med 1 group is returned in cell 116
with this formula:

=K9+$L$9

The formula for the mean of the group assigned —1’s throughout the coding matrix is just
a little more complicated. It is the grand mean minus the sum of the remaining regression
coefficients. So, the formula for the control group in cell I15 is:

=$L.$9-SUM(H9:K9)

With the five group means established in the range I15:119, you can apply the contrasts
you defined in the range 12:1.6 by multiplying each group mean by the associated contrast
coefficient for that contrast. Excel’s SUMPRODUCTY() function is convenient for that: It
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multiplies the corresponding elements in two arrays and returns the sum of the products.
Therefore, this formula in cell L17:

=SUMPRODUCT12:16,115:119)

has this effect:
=I2+115 + I3%116 + 14+117 + I5+118 + 16+119
which results in the value 5.3. The formula in cell L18 moves one column to the right in

the contrast matrix:

=SUMPRODUCT(J2:J6,115:119)

and so on through the fourth contrast.

The final step in the Scheffé method is to determine a critical value that the contrast values
in L.17:1.20 must exceed to be regarded as statistically significant. Here’s the formula, which
looks a little forbidding in Excel syntax:

=SQRT((5-1)*FINV(0.95,4,112))*SQRT(($I$13/$I$12)
#(J202/104]3/2/10+]472/104]5°2/10+]672/10))

Here it is using more conventional notation:

where:

B kis the number of groups.

B Fun qp is the value of the F distribution at the alpha level you select, such as 0.05 or
0.01. In the Excel version of the formula just given, I chose the .05 level, using 0.95
as the argument to the EINV() function because it returns the F-ratio that has, in
this case, 0.95 of the distribution to its left. I could have used, instead,
FINV.RT(0.05,4,112) to return the same value.

B MSR is the mean square residual from the LINEST() results, obtained by dividing the
residual sum of squares by the degrees of freedom for the residual.

B Cis the contrast coefficient. Each contrast coefficient is squared and divided by #;, the
number of observations in the group. The results of the divisions are summed.

The critical value varies across the contrasts that have different coefficients. To complete
the process, compare the value of each contrast with its critical value. If the absolute value
of the contrast exceeds the critical value, then the contrast is considered significant at

the level you chose for the F value in the formula for the critical value.

In Figure 7.12, the critical values are shown in the range M17:M20. Only one contrast has
an absolute value that exceeds its associated critical value: Contrast D, which contrasts the
mean of the Control group with the average of the means of the four remaining groups.
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I mentioned at the start of this section that the Scheffé method is at once the least
statistically powerful and the most flexible of the multiple comparison methods. You might
want to compare the results reported here with the results of planned orthogonal contrasts,
discussed in the next section. Planned orthogonal contrasts are at once the most statistically
powerful and the least flexible of the multiple comparison methods. When we get to the
multiple comparisons in the next section, you’ll see that the same data set returns very
different outcomes.

Orthogonal Coding

A third useful type of coding, besides dummy coding and effect coding, is orthogonal coding.
You can use orthogonal coding in both planned and post hoc situations. I'll be discussing
planned orthogonal coding (also termed planned orthogonal conzrasts) here, because this
approach is most useful when you already know something about how your variables work,
and therefore are in a position to specify in advance which comparisons you will want to make.

Establishing the Contrasts

Orthogonal coding (I'll explain the term orthogonal shortly) depends on a matrix of values
that define the contrasts that you want to make. Suppose that you plan an experiment with
five groups: say, four treatments and a control. To define the contrasts that interest you, you
set up a matrix such as the one shown in Figure 7.13.

Figure 7.13 b1t . £ || —p2#s

The sums of products

in G9:G14 satisfy £ O || & B EfsS | e Gt G

the condition of 1 Contrast Control  Med 1 Med 2 Med 3 Med 4

. 2 b +]

orthogonality. 2 | 0 1 1 0 g
3B 0 o] 0 1 -1
4 |C V] 0.5 0.5 -0.5 -0.5
5 |D 1 -0.25 -0.25 -0.25 -0.25
ﬁ -
7 -4
& | Contrast Pair Products of Coefficients Sum of Products
9 |AB V] 0 0 V] 0 0
10 |AC V] 0.5 -0.5 V] 0 0
11 |AD V] -D.25| 0.25.| 0 0 0
12 |BC "] V] V] -0.5 0.5 0
13 |BD 0 0 0 -0.25 0.25 0
14_ CcD 0 -0.125 -0.125 0.125 0.125] 0

In orthogonal coding, just defining the contrasts isn’t enough. Verifying that the contrasts
are orthogonal to one another is also necessary. One fairly tedious way to verify that is
also shown in Figure 7.13. The range B9:F14 contains the products of corresponding
coefficients for each pair of contrasts defined in B2:F5. So row 10 tests Contrasts A and C,
and the coefficients in row 2 and row 4 are multiplied to get the products in row 10. For
example, the formula in cell C10 is:

=C2+C4
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In row 11, testing Contrast A with Contrast D, cell D11 contains this formula:
=D2+DS5

Finally, total up the cells in each row of the matrix of coefficient products. If the total is 0,
those two contrasts are orthogonal to one another. This is done in the range G9:G14. All
the totals in that range are 0, so each of the contrasts defined in B2:F5 are orthogonal to
one another.

Planned Orthogonal Contrasts Via ANOVA

Figure 7.14 shows how the contrast coefficients are used in the context of an ANOVA. I'm
inflicting this on you to give you a greater appreciation of how much easier the regression
approach makes all this.

Flgure 7'14 ca3 - b =T.DIST.2T(ABS(B23),5515)
The calculation of
.. A B C D E F G H | J K L M N
the t-ratios InVOIVeS 1 Control Med1 Med2 Med3 Med 4 Anova: Single Factar
the group means and 2| 28 66 59 64 59
(OuntS, the mean Square 3 | 58 63 60 74 60| SUMMARY _
bt 4 | 53 57 58 76 57) Groups Count  Sum | Average Vaorionce
within and the contrast 5 50 73 62 69 69| Contral 10 537 557 218
coefficients. 65 | 57 72 61 59 52| med1 10 677 67.7 36.7
i | 57 71 74 63 62| Med 2 10 624 62.4 29.2
8 60 73 70 62 59 Med 3 100 662 66.2 29.7
9 61 59 62 68 55| Med 4 10 593 59.3 27.1
‘\D: 61 72 59 64 66|
11 52 71 58 63 55|
12 ANOVA
13 | Contrast|Control Med1 Med2 Med3 Med4d Source of Variation 55 df MS F P-value | Fcrit
‘\4: A 0 1 -1 o 0| Between Groups 965.32 4 242.33 8.4 3.83E-05 2.58
15 B 0 0 0 1 -1 Within Groups 1300.3 45 28.89556
16 | C| 0 0.5 0.5 -0.5 -0.5
17 D 1 -0.25 -0.25 -0.25 -0.25 Total 2268.62 49
18]
19| Contrast t-ratio  Prob of t-ratio
20 | A 220 0.03263
21 | B 2.87 0.00623
22 C 1.35 0.18280
23 D -4.31' I].I]EIEIEIHI

Figure 7.14 shows a new data set, laid out for analysis by the ANOVA: Single Factor tool.
That tool has been run on the data, and the results are shown in H1:N17. The matrix

of contrast coefficients, which has already been tested for orthogonality, is in the range
B14:F17. Each of these is needed to compute the t-ratios that test the significance of the
difference established in each contrast.

The formulas to calculate the t-ratios are complex. Here’s the formula for the first contrast,
Contrast A, which tests the difference between the mean of the Med 1 group and the
Med 2 group:

=SUMPRODUCT(B14:F14, TRANSPOSE($K$5:$K$9))/
SQRT(SK$15+SUM(B14:F1472/TRANSPOSE(SIS$5:$189)))
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The formula must be array-entered using Ctrl+Shift+Enter. Here it is in general form,
using summation notation:

t= 2 CX/VMSEY G /n,
where:

B (; is the contrast coefficient for the j* mean.
B X, is the j* sample mean.

B MSE is the mean square error from the ANOVA table. If you don’t want to start by
running an ANOVA, just take the average of the sample group variances. In this case,
MSE is picked up from cell K15, calculated and reported by the Data Analysis tool.

B 7; is the number of observations in the j* sample.
The prior two formulas, in Excel and summation syntax, are a trifle more complicated than
they need be. They allow for unequal sample sizes. As you’ll see in the next section, unequal
sample sizes generally—not always—result in nonorthogonal contrasts. If you have equal
sample sizes, the formulas can treat the sample sizes as a constant and simplify as a result.

Returning to Figure 7.14, notice the t-ratios and associated probability levels in the range
B20:C23. Each of the t-ratios is calculated using the Excel array formula just given, adjusted
to pick up the contrast coefficients for different contrasts.

The probabilities are returned by the T.DIST.2'T() function, the non-directional version of
the t-test. The probability informs you how much of the area under the t-distribution with
45 degrees of freedom is to the left of, in the case of Contrast A, —2.20 and to the right of
+2.20. If you had specified alpha as 0.01 prior to seeing the data, you could reject the null
hypothesis of no population difference for Contrast B and Contrast D. The probabilities
of the associated t-ratios occurring by chance in a central t distribution are lower than your
alpha level. The probabilities for Contrast A and Contrast C are higher than alpha and you
must retain the associated null hypotheses.

Planned Orthogonal Contrasts Using LINEST()

As far as I'm concerned, there’s a lot of work—and opportunity to make mistakes—involved
with planned orthogonal contrasts in the context of the traditional ANOVA. Figure 7.15
shows how much easier things are using regression, and in an Excel worksheet that means

LINESTY().

Using regression, you still need to come up with the orthogonal contrasts and their
coefficients. But they’re the same ones needed for the ANOVA approach. Figure 7.15
repeats them, transposed from Figure 7.14, in the range 11:M6.
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Figure 7.15 _ _
. " 118 - I =T.DIST.2T(ABS(117),5)513)
With orthogonal coding,
the regression coefficients A1l B e |l ® | & | 6 |60 I e o |
and their standard errors Out-  Treat-
do most of the work 1 | come ment V1 V2 V3 va Contrast A B C D
foryou. 2 | 29 Control 0 0 0 1 Control 0 0 0 1
3 | 39 Control 0 0 0 1 Med 1 1 0 0.5 -0.25
4 ] 34 Control 0 0 0 1 Med 2 -1 0 0.5/ -0.25
5 | 31 Control 0 0 0 1 Med 3 0 1 -0.5 -0.25
6 38 Control 0 0 0 1 Med 4 0 -1 -0.5 -0.25
7| 38 Control 0 0 0 1
8 | 41 Control 0 0 0 1 =LINEST({A2:A51,C2:F51,, TRUE)
9 42 Control 0 0 0 1 Contrast: D C B A
10| 42 Control 0 0 0 1 -6.56 2.3 3.45 2.65 43.26
11| 33 Control 0 0 0 1 1.52 1.70 1.20 1.20 0.76
12 | 47 Med 1 1 0 0.5 -0.25 0.43 5.38 #N/A L ENJA BN/A
13 | 44 Med 1 1 0 0.5 -0.25 8.39 45 #N/A | #N/A | #N/A
14 38 Med1 1 0 0.5 -0.25 969.32 1300.30 #N/A | ENJA | #N/A
15| 54 Med1 1 0 0.5 -0.25
16 53 Med1 1 0 0.5 -0.25 Contrast: D C B A
17 52 Med1 1 0 0.5 -0.25 t-ratios -4.31 1.35 2.87 2.20
18 54 Med1 1 0 0.5 -0.25 Prob 0.00009]0.18280 0.00623 0.03263
19 40 Med1 1 0 0.5 -0.25
20 | 53 Med1 1 0 0.5 -0.25 V1 V2 V3 V4
21 | 52 Med1 1 0 0.5 -0.25 V1 1.00
22_ 40 Med 2 -1 0 0.5 -0.25 V2 0.00 1.00
23 | 41 Med 2 -1 0 0.5 -0.25 V3 0.00 0.00 1.00
24 39 Med2 -1 0 0.5 -0.25 va 0.00 0.00 0.00 1.00

The difference with orthogonal coding and regression, as distinct from the traditional
ANOVA approach shown in Figure 7.14, is that you use the coefficients to populate the
vectors, just as you do with dummy coding (1’s and 0’s) and effect coding (1%, 0%, and —1’s).
Each vector represents a contrast and the values in the vector are the contrast’s coefficients,
each associated with a different group.

So, in Figure 7.15, Vector 1 in Column C has 0% for the Control group, 1’s for Med 1,
—1’s for Med 2, and—although you can’t see them in the figure—0% for Med 3 and Med 4.
Those are the values called for in Contrast A, in the range J2:J6. Similar comments apply
to vectors 2 through 4. The vectors make the contrast coefficients a formal part of the
analysis.

The regression approach also allows for a different slant on the notion of orthogonality.
Notice the matrix of values in the range 121:1.24. It’s a correlation matrix showing the
correlations between each pair of vectors in columns C through F. Notice that each vector
has a 0.0 correlation with each of the other vectors. They are independent of one another.
That’s another way of saying that if you plotted them, their axes would be at right angles to
one another (orthogonal means right angled).
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As an experiment, | suggest that you try adding at least one case to at least one of the groups in
columns A through F of the worksheet for Figure 7.15—it’s in the workbook for this chapter, which
you can download from quepublishing.com/title/9780789756558. For example, to add a case to the
control group, insert cells in A12:F12 and put 0’5 in C12:E12 and a 11in F12.Then rebuild the correlation
matrix starting in cell 121, either entering the CORREL() functions yourself or running the Data Analysis
add-in's Correlation tool on the data in columns C through F. Notice that the correlations involving
vectors where you have changed the group count no longer equal 0.0.They're no longer orthogonal.

NOTE-

This effect has implications for designs with two or more factors and unequal group frequencies.

A distinction is made between situations in which the treatments might be causally related to the
unequal frequencies—differential experimental mortality by treatment—and inequality in group
counts due to causes unrelated to the treatments.

Planned orthogonal contrasts have the greatest amount of statistical power of any of the
multiple comparison methods. That means that planned orthogonal contrasts are more
likely to identify true population differences than the alternatives (such as Dunnett and
Scheffé). However, they require that you be able to specify your hypotheses in the form of
contrasts before the experiment, and that you are able to obtain equal group sizes. If you
add even one observation to any of the groups, the correlations among the vectors will no
longer be 0.0, you’ll have lost the orthogonality, and you’ll need to resort to (probably)
planned nonorthogonal contrasts, which, other things equal, are less powerful.

It’s easy to set up the vectors using the general VLOOKUP() approach described earlier in
this chapter. For example, this formula is used to populate Vector 1:

=VLOOKUP($B2,$1$2:$M$6,2,0)

It’s entered in cell C2 and can be copied and pasted into columns D through F (you’ll
need to adjust the third argument from 2 to 3, 4 and 5). Then make a multiple selection of
C2:F2 and drag down through the end of the Outcome values.

With the vectors established, array-enter this LINEST() formula into a five-row by
five-column range:

=LINEST(A2:A51,C2:F51,, TRUE)

You now have the regression coefficients and their standard errors. The t-ratios—the
same ones that show up in the range B20:B23 of Figure 7.14—are calculated by dividing
a regression coefficient by its standard error. So the t-ratio in cell L17 of Figure 7.15 is
returned by this formula:

=L.10/L11
The coefficients and standard errors come back from LINESTY() in reverse of the order

that you would like, so the t-ratios are in reverse order, too. However, if you compare
them to the t-ratios in Figure 7.14, you’ll find that their values are precisely the same.
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You calculate the probabilities associated with the t-ratios just as in Figure 7.14, using the
T.DIST() function that’s appropriate to the sort of research hypothesis (directional or
nondirectional) that you would specify at the outset.

Factorial Analysis

One of the reasons that the development of the analysis of variance represents such a
major step forward in the science of data analysis is that it provides the ability to study
the simultaneous effects of two or more factors on the outcome variable. Prior to the
groundwork that Fisher did with ANOVA, researchers were limited to studying one
variable at a time, usually just two levels of that factor at a time.

"This situation meant that researchers could not investigate the joint effect of two or more
factors. For example, it may be that men have a different attitude toward a politician when
they are over 50 years of age than they do earlier in their lives. Furthermore, it may be that
women’s attitude toward that politician do not change as a function of their age. If we had
to study the effects of sex and age separately, we wouldn’t be able to determine that a joint
effect—termed an interaction in statistical jargon—exists.

But we can accommodate more than just one factor in an ANOVA—or, of course, in a
regression analysis. When you simultaneously analyze how two or more factors are related
to an outcome variable, you’re said to be using factorial analysis.

And when you can study and analyze the effects of more than just one variable at a time,
you get more bang for your buck. The costs of running an experiment are often just
trivially greater when you study additional variables than when you study only one.

It also happens that adding one or more factors to a single factor ANOVA can increase its
statistical power. In a single-factor ANOVA, variation in the outcome variable that can’t
be attributed to the factor gets tossed into the mean square residual. It can happen that
such variation might be associated with another factor (or, as you'll see in the next chapter,
a covariate). Then that variation could be removed from the mean square error—which,
when decreased, increases the value of F-ratios in the analysis, thus increasing the tests’
statistical power.

Excel’s Data Analysis add-in includes a tool that accommodates two factors at once, but it
has drawbacks. In addition to a problem I've noted before, that the results do not come back
as formulas but as static values, the ANOVA: Two-Factor with Replication tool requires that
you arrange your data in a highly idiosyncratic fashion, and it cannot accommodate unequal
group sizes, nor can it accommodate more than two factors. Covariates are out.

If you use regression instead, you don’t have to live with those limits. To give you a basis for
comparison, let’s look at the results of the ANOVA: Two-Factor with Replication tool.
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Excel’s Data Analysis add-in also offers a tool called ANOVA: Two-Factor Without Replication. It is a fairly
old-fashioned approach to analyzing what's often termed a repeated measures design.This is the last
you'll hear of it in this book.

— NOTE-

The ANOVA tool used in Figure 7.16 is helpful in that it returns the average and variance
of the outcome variable, as well as the count, for each group in the design. My own
preference would be to use a pivot table to report these descriptive statistics, because that’s
a live analysis and the table returned by the ANOVA tool is, again, static values. With a
pivot table I can add, delete, or edit observations and have the pivot table update itself.
With static values I have to run the ANOVA tool over again.

The ANOVA table at the end of the results shows a couple of features that don’t appear in
the Data Analysis add-in’s Single Factor version. Notice that rows 27 and 28 show a Sample
and a Column source of variation. The Column source of variation refers to sex: Values for
males are in column B and values for females are in column C. The Sample data source refers
to whatever variable has values that occupy different rows. In Figure 7.16, values for Med 1
are in rows 2 through 6, Med 2 in rows 7 through 11, and Med 3 in rows 12 through 16.

Figure 7.16 Alln | & |B E F G H I J K
The ANOVA: Two-Factor 1 Male Female Anova: Two-Factor With Replication | _|
with Replication tool will 2 Med1 12 17
not run if different groups 3 | 15 16 SUMMARY Male Female Total
have different numbers of | # | 13 13 Med 1
observations. 5 | 16 19 Count 5 5 10
6 | 11 13 Sum 73 83 158
v Med 2 16 22 Average 14.6 16.6 15.6
8 | 15 20 \ariance 10.3 5.3 8.0
9 | 17 2 Med 2
10 | 22 16 Count ] 5 10
11| 18 16 Sum 88 96 184
TE_Med 3 18 24 Average 17.6 19.2) 184
13| 24 23 \ariance 7.3 9.2 8.0
14_ 21 21 Med 3
15 | 16 21 Count 5 5 10
16 | 23 22 sum 102 111 213
17 | Average 20.4 22,2 21.3
18_ \ariance 11.3 1.7 6.7
19 | Total
ED_ Count 15 15
21 | Sum 263 250
22_ Average 17.5 19.3
23 | Wariance 14.3 10.2
24
25| ANOVA
26 | Source of Variotion 55 df MS F P-value Fcrit
27 | Sample 162.47 2 81.23 10.81 0.000 3.403
28 | Columns 24.3 1 243 3.23 0.085 4.260
29 | Interaction 0.2 2 01 0.01 0.987 3.403
30 | Within 180.4 24 7.52
31
32 Total 367.37 29
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You’ll want to draw your own conclusions regarding the convenience of the data layout
(required, by the way, by the Data Analysis tool) and regarding the labeling of the factors in
the ANOVA table.

The main point is that both factors, Sex (labeled Columns in cell E28) and Medication
(labeled Sample in cell E27), exist as sources of variation in the ANOVA table. Males’
averages differ from females’ averages, and that constitutes a source of variation. The three
kinds of medication also differ from one another’s averages—another source of variation.

There is also a third source labeled Interaction, which refers to the joint effect of the Sex
and Medication variables. At the interaction level, groups are considered to constitute
combinations of levels of the main factors: For example, Males who get Med 2 constitute a
group, as do Females who get Med 1. Differences due to the combined main effects—not
just Male compared to Female, or Med 1 compared to Med 3—are collectively referred to
as the interaction between, here, Sex and Treatment.

The ANOVA shown in Figure 7.16 evaluates the effect of Sex as not significant at the .05
level (see cell J28, which reports the probability of an F-ratio of 3.23 with 1 and 24 degrees
of freedom as 8.5% when there is no difference in the populations). Similarly, there is no
significant difference due to the interaction of Sex with Treatment. Differences between
the means of the six design cells (two sexes times three treatments) are not great enough to
reject the null hypothesis of no differences among the six groups. Only the Treatment main
effect is statistically significant. If, from the outset, you intended to use planned orthogonal
contrasts to test the differences between specific means, you could do so now and enjoy the
statistical power available to you. In the absence of such planning, you could use the Schefté
procedure, hoping that you wouldn’t lose too much statistical power as a penalty for having
failed to plan your contrasts.

Factorial Analysis with Orthogonal Coding

However, there’s no reason that you couldn’t use orthogonal coefficients in the vectors. You
wouldn’t do so on a post hoc basis to increase statistical power, because that requires you to
choose your comparisons before seeing the results. However, with equal group sizes

you could still use orthogonal codes in the vectors to make some of the computations more
convenient. Figure 7.17 shows the data from Figure 7.16 laid out as a list, with vectors that
represent the Sex and the Treatment variables.

The data set in Figure 7.17 has one vector in column D to represent the Sex variable.
Because that factor has only two levels, one vector is sufficient to represent it. The data set
also has two vectors in columns E and F to represent the Treatment factor. That factor has
three levels, so two vectors are needed. Finally, two vectors representing the interaction
between Sex and Treatment occupy columns G and H.

The interaction vectors are easily populated by multiplying the main effect vectors.
The vector in column G is the result of multiplying the Sex vector by the Treatment
1 vector. The vector in column H results from the product of the Sex vector and the
Treatment 2 vector.
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Figure7.17 v | el el o DN el e | H

The two-factor Pf0b|em Treat- = Out- Sex Treatment Treatment  Sexby Sex by

from Figure 7.16 laid out 1 sex ment  come Vector Vectorl Vector2 Treatmentl Treatment2

for regression analysis. 2 [Male  Med1 12 1 1 1 1 1
3 _Male Med 1 15 1 1 1 1 1
4 |Male Med 1 13 1 1 1 1 1
5 _Male Med 1 16 1 1 1 1 1
6 |Male Med 1 11 1 1 1 1 1
i _Male Med 2 16 1 -1 1 -1 1
8 |Male Med 2 15 1 -1 1 -1 1
g _Male Med 2 17 1 -1 1 -1 1
10 |Male Med 2 22 1 -1 1 -1 1
11_Ma|e Med 2 18 1 -1 1 -1 1
12 |Male Med 3 18 1 0 -2 0 -2
13 |Male Med 3 24 1 0 -2 0 -2
14 |Male Med 3 21 1 0 -2 0 -2
15 |Male Med 3 16 1 0 -2 0 -2
16 |Male Med 3 23 1 0 -2 0 -2
17 |Female Med1 17 -1 1 1 -1 -1
18 |[Female Med1 16 -1 1 1 -1 -1
19 |[Female Med1 13 -1 1 1 -1 -1
20 |[Female Med1 19 -1 1 1 -1 -1
21 |[Female Med1 18 -1 1 1 -1 -1
22 |Female Med?2 22 -1 -1 1 1 -1
23 |[Female Med2 20 -1 -1 1 1 -1

The choice of codes in the Sex and Treatment vectors is made so that all the vectors will be
mutually orthogonal. That’s a different reason from the one used in Figure 7.15, where the
idea is to specify contrasts that are of particular theoretical interest—the means of particular
groups, and the combinations of group means, that you hope will inform you about the way
that independent variables work together and with the dependent variable to bring about
the observed outcomes.

But in Figure 7.17, the codes are chosen simply to make the vectors mutually orthogonal
because it makes the subsequent analysis easier. The most straightforward way to do this is
as follows.

1. Supply the first vector with codes that will contrast the first level of the factor with the
second level, and ignore other levels. In Figure 7.17, the first factor has only two levels,
so it requires only one vector, and the two levels exhaust the factor’s information.
Therefore, give one level of Sex a code of 1 and the other level a code of —1.

2. Do the same for the first level of the second factor. In this case the second factor is
Treatment, which has three levels and therefore two vectors. The first level, Med 1,
gets a 1 in the first vector and the second level, Med 2, gets a —1. All other levels, in
this case Med 3, get 0. This conforms to what was done with the Sex vector in Step 1.

3. In the second (and subsequent) vectors for a given factor, enter codes that contrast the
first two levels with the third level (or the first three with the fourth, or the first four
with the fifth, and so on). That’s done in the second Treatment variable by assigning
the code 1 to both Med 1 and Med 2, and -2 to Med 3. This contrasts the first two
levels from the third. If there were other levels shown in this vector they would be
assigned 0.
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The interaction vectors are obtained by multiplication of the main effect vectors, as
described in the preceding steps. Now, Figure 7.18 shows the analysis of this data set.

Figure7.18 P18 - £ || =suM(K18:018)
The orthogonal vectors
all correlate 0.0 with one ! - = = L = 2 -
another. Treatment | Treotment Sex by Sex by
1 Sex Vector ~ Vector 1 Vector2 Treatmentl Treatment2
2| Tsexvector 1.0
38 Treatment Vector1 0.0 10
| Treatment Vector 2 0.0 0.0 1.0
5 | Sex by Tratment 1 0.0 0.0 0.0 1.0
6 Sex by Treatment 2 0.0 0.0 0.0 0.0 1.0
2
8 =LINEST(C2:C31,D2:H31, TRUE)
g : 0.00 -0.10 -1.43 -1.40 -0.50 18.43
10 | 0.35 0.61 0.35 0.61 0.50 0.50
11| 0.51 274 EN/A EN/A #N/A #N/A
12| 4.97 24 EN/A EN/SA #NJA EN/A
13 | 186.97 180.40 EN/A #N/A #N/A EN/A
14
15| Significance of F for full regression D.DDSl
16|
il Treatment Treatment Sex by Sex by TotalR
17 SexVector Vector1 Vector2 Treatment1l Treatment2 Squared
18 R squared with Outcome 0.0661 0.1067 0.3355 0.0005 0.0000 D.Sll

In Figure 7.18, the correlation matrix in the range K2:06 shows that the correlations
between each pair of vectors is 0.0.

The Correlation tool in the Data Analysis add-in is a convenient way to create a matrix such as the one
in K2:06.

a
-
|

The fact that all the correlations between the vectors are 0.0 means that the vectors share no
variance. Because they share no variance, it’s impossible for the relationships of two vectors
with the outcome variable to overlap. Any variance shared by the outcome variable and, say,
the first Treatment vector is unique to that Treatment vector. When all the vectors are mutually
orthogonal, there is no ambiguity about where to assign variance shared with the outcome variable.

In the range J9:013 of Figure 7.18 you’ll find the results returned by LINESTY() for the
data shown in Figure 7.17. Not that it matters for present purposes, but the statistical
significance of the overall regression is shown in cell M15, again using the EDIST.RT()
function. More pertinent is that the R? for the regression, 0.51, is found in cell J11.

The range K18:018 contains the R? values for each coded vector with the outcome
variable. Excel provides a function, RSQ(), that returns the square of the correlation
between two variables. So the formula in cell K18 is:

=RSQ($C$2:$C$31,D2:D31)
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Cell P18 shows the sum of the five R? values. That sum, 0.51, is identical to the R? for the
full regression equation that’s returned by LINESTY() in cell J11. We have now partitioned
the R? for the full equation into five constituents.

Figure 7.19 ties the results of the regression analysis back to the two-factor ANOVA in
Figure 7.16.

Figure7.19 o8 . = | s
Compare the result
of using sums of ; A - g € B BRI R e G AR i
squares with the using | Treatment  Treatment Sex by Sex by Total R
PTOPOTtionS Of variance. 2 Vector 1 Vector 2 Sex Vector Treatmentl Treatment2 Squared
3 | R? with Outcome 0.1067 0.3355 0.0661 0.0005 U.UUUUl U.Sll
4]
3 .
6 S Factor Total R® df MS F
7 | Treatment vector1|  0.1067
8 Treatment Vector 2 0.3355 U.M—22. 2 0.2211 10.81
4 | Sex Vector| 0.0661 0.0661 1 0.0661 3.23)
10 | Sex by Treatment 1 0.0005
1] Sex by Treatment 2| 0.0000 0.0005 2 0.0003 0.01]
12 | Within 0.4911 0.4911 24 0.0205
13|
14 | ANOWVA
15 | Source of Variation 55 df MS F P-value
16 | Sample 162.47 2 81.23 10.81 0.000
17 | Columns 24.3 1 24.3 3.23 0.085
18 | Interaction 0.2 2 0.1 0.01 0.987
19 | Within 180.4 24 7.52
20
21| Total 367.37 29

In Figure 7.19 I have brought forward the R? values for the coded vectors, and the total
regression R?, from the range K18:P18 in Figure 7.18. Recall that these R? values are
actually measures of the proportion of total variance in the outcome variable associated
with each vector. So the total amount of variance explained by the coded vectors is 51%,
and therefore 49% of the total variance remains unexplained. That 49% of the variance
is represented by the mean square residual (or mean square within, or mean square error)
component—the divisor for the F-ratios.

The three main points to take from Figure 7.19 are discussed next.

Unique Proportions of Variance

The individual R? values for each vector can simply be summed to get the R? for the

total regression equation. The simple sum is accurate because the vectors are mutually
orthogonal. Each vector accounts for a unique proportion of the variance in the outcome.
Therefore there is no double-counting of the variance, as there would be if the vectors
were correlated. The total of the individual R? values equals the total R? for the full
regression.
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Proportions of Variance Equivalent to Sums of Squares

Compare the F-ratios from the analysis in the range C7:G12, derived from proportions
of variance, with the F-ratios from the ANOVA in B15:H21, derived from the sums of
squares. The F-ratios are identical, and the conclusions that you would draw from each
analysis: that the sole significant difference is due to the treatments, and no difference
emerges as a function of either sex or the interaction of sex with treatment.

The proportions of variance bear the same relationships to one another as do the sums

of squares. That’s not surprising. It’s virtually by definition, because each proportion of
variance is simply the sum of squares for that component divided by the total sum of
squares—a constant. All the proportions of variance, including that associated with mean
square residual, total to 1.0, so if you multiply an individual proportion of variance such as
0.4422 in cell D8, by the total sum of squares (367.37 in cell D21), you wind up with the
sum of squares for that component (162.47 in cell D16). Generally, proportions of variance
speak for themselves, while sums of squares don’t. If you say that 44.22% of the variance
in the outcome variable is due to the treatments, I immediately know how important the
treatments are. If you say that the sum of squares due to treatments is 162.47, I suggest that
you’re not communicating with me.

Summing Component Effects
The traditional ANOVA shown in B15:H21 of Figure 7.19 does not provide inferential

information for each comparison. The sums of squares, the mean squares and the F-ratios
are for the full factor. Traditional methods cannot distinguish, for example, the effect

of Med 1 versus Med 2 from the effect of Med 2 versus Med 3. That’s what multiple
comparisons are for.

However, we can get an R? for each vector in the regression analysis. For example, the

R? values in cells C7 and C8 are 0.1067 and 0.3355. Those proportions of variance are
attributable to whatever comparison is implied by the codes in their respective vectors.

As coded in Figure 7.17, Treatment Vector 1 compares Med 1 with Med 2, and Treatment
Vector 2 compares the average of Med 1 and Med 2 with Med 3. Notice that if you add the
two proportions of variance together and multiply by the total sum of squares, 367.37, you
get the sum of squares associated with the Treatment factor in cell D16, returned by the
traditional ANOVA.

The individual vectors can be tested in the same way as the collective vectors (one for each
main effect and one for the interaction). Figure 7.20 demonstrates that more fine-grained
analysis.

The probabilities in the range G7:G11 of Figure 7.20 indicate the likelihoods of obtaining an
F-ratio as large as those in F7:F11 if the differences in means that are defined by the vectors’
codes were all 0.0 in the population. So, if you had specified an alpha of 0.05, you could reject
the null hypothesis for the Treatment 1 vector (Med 1 versus Med 2) and the Treatment 2
vector (the average of Med 1 and Med 2 versus Med 3). But if you had selected an alpha of
0.01, you could reject the null hypothesis for only the comparison in Treatment Vector 2.
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Figure 7.20 o - £ | =E7/$ES12
The question of what is
being tested by a vector's 2 - | g | 2 | i Z &
F-ratio depends on how ul
Treatment Treatment Sex by Sex by Total R
you have coded the
tor. 2 | Vector 1 Vector 2 Sex Vector Treatmentl Treatment2 Squared
vee 3 | R® with Outcome 0.1067 0.3355 0.0661 0.0005 D.DUUDl D.Sll
4
5
6 R’ df Ms F Prob of F
I Treatment Vector 1 0.1067 1 0.1067 5.221 0.032
8 Treatment Vector 2| 0.3355 1 0.3355 16.40 0.000
9 | Sex Vector 0.0661 1 0.0661 3.23 0.085
10 | Sex by Treatment 1 0.0005 1 0.0005 0.03 0.872
11 Sex by Treatment 2| 0.0000 1 0.0000 0.00 1.000
12 | Within 0.4511 24 0.0205

Factorial Analysis with Effect Coding

Chapter 3, in the section titled “Partial and Semipartial Correlations,” discussed how the
effect of a third variable can be statistically removed from the correlation between two
other variables. The third variable’s effect can be removed from both of the other two
variables (partial correlation) or from just one of the other two (semipartial correlation).
We'll make use of semipartial correlations—actually, the squares of the semipartial
correlations—in this section. The technique also finds broad applicability in situations that
involve unequal numbers of observations per group.

Figure 7.21 shows how the orthogonal coding from Figure 7.17, used in Figures 7.18
through 7.20, has been changed to effect coding.

Figure 7.21 A 5oL & |L® | E | F | G | H

As you'll see, effect coding

results in vectors that are Treat-  Out- Sex Treatment Treatment  Sex by Sex by

not Wh0||y orthogonaL 1 Sex ment come Vector Vectorl Vector2 Treatmentl Treatment2
23 Male Med 1 12 1 1 o 1 0
3 | Male Med 1 15 1 1 o 1 0
4 Male Med 1 19 1 1 o 1 0
5 | Male Med 1 16 1 1 o 1 0
6 | Male Med 1 11 1 1 o 1 0
78| Male Med 2 16 1 o 1 V] 1
8 | Male Med 2 15 1 V] 1 "] 1
g ] Male Med 2 17 1 V] 1 0 1
10| Male Med 2 22 1 V] 1 V] 1
ﬁ_ Male Med 2 18 1 V] 1 0 1
12 | Male Med 3 18 1 -1 -1 -1 -1
13_ Male Med 3 24 1 -1 -1 -1 -1
14 | Male Med 3 21 1 -1 -1 -1 -1
15_ Male Med 3 16 1 -1 -1 -1 -1
16 | Male Med 3 23 1 -1 -1 -1 -1
1?_ Female Medl 17 -1 1 V] -1 0
18 | Female Medl 16 -1 1 V] -1 0
19 |Female |Med1 13 -1 1 0 -1 0
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In the Sex vector, Males are assigned 1’s and Females are assigned —1’s. With a two-level
factor such as Sex, orthogonal coding is identical to effect coding.

The first Treatment vector assigns 1’s to Med 1, 0’s to Med 2, and —1’s to Med 3. So
Treatment Vector 1 contrasts Med 1 with Med 3. Treatment Vector 2 assigns 0’ to Med 1,
I’s to Med 2 and (again) —1’s to Med 3, resulting in a contrast of Med 2 with Med 3. Thus,
although they both provide tests of the Treatment variable, the two Treatment vectors
define different contrasts than are defined by the orthogonal coding used in Figure 7.17.

Figure 7.22 displays the results of effect coding on the outcome variable, which has the
same values as in Figure 7.17.

Figure 7.22 M19 - £ | -RSQ($CS2:$C331,F2:F31-TREND(F2:F31,$D2:E31))
Vectors that represent : | K 1 v o & o
different levels of a given ' ' ' '
factor are correlated if Treatment | Treatment Sex by Sex by
you use effect cod]ng. 1] Sex Vector  Vector1 Vector? | Treotmentl Treatment2
2 | Sex Vector 1.0
3| Treatment Vector 1 0.0 1.0
4 | Treatment Vector 2 0.0 0.5 1.0
5 | Sex by Treatment 1 0.0 0.0 0.0 1.0
6 Sex by Treatment 2 0.0 0.0 0.0 0.5 1.0
7]
8 =LINEST(C2:C31,D2:H31,, TRUE)
9 | 0.10 -0.10 -0.03 -2.83 -0.90 18.43
10| 0.71 0.71 0.71 0.71 0.50 0.50
11 0.51 2.74 #N/A HNSA ENSA ENSA
12 4.97 24 #N/A HNSA ENSA ENSA
13 186.97 130.40 HN/A HNJA HNSA ENJA
14
15| significance of F for full regression U.UUSl
16
| Treatment Treatment Sex by sex by Total R
17 Sex Vector  Vector1 Vector2 Treatment1 Treatment2 Squared
15- R sguared with Outcome 0.0661 0.4422 0.1145 0.0001 0.0001 0.62.
19| Adjusted R squared with Outcome 0.0661 0.4422| 0.0000 0.0001 0.0004] 0.51

Notice that not all the off-diagonal entries in the correlation matrix, in the range K2:06,
are 0.0. Treatment Vector 1 has a 0.50 correlation with Treatment Vector 2, and the two
vectors that represent the Sex by Treatment interaction also correlate at 0.50. This is typical
of effect coding, although it becomes evident in the correlation matrix only when a main
effect has at least three levels (as does Treatment in this example).

The result is that the vectors are not all mutually orthogonal, and therefore we cannot
simply add up each variable’s R? to get the R? for the full regression equation, as is done
in Figures 7.18 through 7.20. Furthermore, because the R? of the vectors do not represent
unique proportions of variance, we can’t simply use those R? values to test the statistical
significance of each vector.

Instead, it’s necessary to use squared semipartial correlations to adjust the R? values so that
they are orthogonal, representing unique proportions of the variance of the outcome variable.
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In Figure 7.22, the LINEST() analysis in the range J9:013 returns the same values as

the LINEST() analysis with orthogonal coding in Figure 7.18, except for the regression
coefficients, the constant, and their standard errors. In other words, the differences between
orthogonal and effect coding make no difference to the equation’s R?, its standard error of
estimate, the F-ratio, the degrees of freedom for the residual, or the regression and residual
sums of squares. This is not limited to effect and orthogonal coding. Regardless of the
method you apply—dummy coding, for example—it makes no difference to the statistics
that pertain to the equation generally. The differences in coding methods show up when
you start to look at variable-to-variable quantities, such as a vector’s regression coefficient
or its simple R? with the outcome variable.

Notice the table of R? values in rows 18 and 19 of Figure 7.22. The R?values in row 18 are
raw, unadjusted proportions of variance. They do not represent unique proportions shared

with the outcome variable. As evidence of that, the totals of the R? values in rows 18 and 19
are shown in cells P18 and P19. The value in cell P18, the total of the unadjusted R? values
in row 18, is 0.62, well in excess of the R? for the full regression reported by LINESTY()

in cell J11.

Most of the R? values in row 19, by contrast, are actually squared semipartial correlations.
"Two that should catch your eye are those in L.19 and M19. Because the two vectors for the
"Treatment variable are correlated, the proportions of variance attributed to them in row 18
via the unadjusted R? values double-count some of the variance shared with the outcome
variable. It’s that double-counting that inflates the total of the R? values to 0.62 from its
legitimate value of 0.51.

What we want to do is remove the effect of the vectors to the left of the second Treatment
vector from the second Treatment vector itself. You can see how that’s done most easily by
starting with the R? in cell K19, and then following the trail of bread crumbs through cells
L.19 and M19, as follows:

Cell K19: The formula is as follows:
=RSQ($C$2:$CS$31,D2:D31).

The vector in column D, Sex, is the leftmost variable in LINEST()’s X-value arguments.
(Space limits prevent the display of column D in Figure 7.22, but it’s visible in Figure 7.21
and, of course, in the downloaded workbook for Chapter 7.) No variables precede the
vector in column D and so there’s nothing to partial out of the Sex vector: We just accept
the raw R

Cell L19: The formula is:
=RSQ($C$2:$C$31,E2:E31-TREND(E2:E31,$D2:D31))

The fragment TREND(E2:E31,$D2:D31) predicts the values in E2:E31 (the first
Treatment vector) from the values in the Sex vector (D2:D31). You can see from the
correlation matrix at the top of Figure 7.22 that the correlation between the Sex vector and
the first Treatment vector is 0.0. In that case, the regression of Treatment 1 on Sex predicts
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the mean of the Treatment 1 vector. The vector has equal numbers of 1’s, 0’s and —1’s, so its
mean is 0.0. In short, the R? formula subtracts 0.0 from the codes in E2:E31 and we wind
up with the same result in L19 as we do in L18.

Cell M19: The formula is:
=RSQ($CS$2:$C$31,F2:F31-TREND(F2:F31,$D2:E31))

Here’s where the squared semipartial kicks in. This fragment:

TREND(F2:F31,$D2:E31)

predicts the values for the second Treatment vector, F2:F31, based on its relationship to
the vectors in column D #nd column E, via the TREND() function. When those predicted
values are subtracted from the actual codes in column F, via this fragment:

F2:F31-TREND(F2:F31,$D2:E31)

you’re left with residuals: the values for the second Treatment vector in F2:F31 that

have their relationship with the Sex and the first Treatment vector removed. With those
effects gone, what’s left of the codes in F2:F31 is unique and unshared with either Sex or
"Treatment Vector 1. As it happens, the result of removing the effects of the Sex and the
Treatment 1 vectors eliminates the original relationship between the Treatment 2 vector
and the outcome variable, leaving both a correlation and an R? of 0.0. The double-counting
of the shared variance is also eliminated and, when the adjusting formulas are extended
through O19, the sum of the proportions of variance in K19:019 equals the R? for the full
equation in cell J11.

The structure of the formulas that calculate the squared semipartial correlations deserves a
little attention because it can save you time and headaches. Here again is the formula used
in cell L19:

=RSQ($C$2:$C$31,E2:E31-TREND(E2:E31,$D2:D31))

The address $C$2:$C$31 contains the outcome variable. It is a fixed reference (although
it might as well be treated as a mixed reference, $C2:$C3 1, because we won’t intentionally
paste it outside row 19). As we copy and paste it to the right of column L, we want to
continue to point the RSQ function at C2:C31, and anchoring the reference to column C
accomplishes that.

The other point to note in the RSQ() formula is the mixed reference $D2:D31. Here’s
what the formula changes to as you copy and paste it, or drag and drop it, from L19 one
column right into M19:

=RSQ($C$2:$C$31,F2:F31-TREND(F2:F31,$D2:E31))

Notice first that the references to E2:E31 in L19 have changed to F2:F31, in response
to copying the formula one column right. We’re now looking at the squared semipartial
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correlation between the outcome variable in column C and the second Treatment vector in
column F.

But the TREND() fragment shows that we’re adjusting the codes in F2:F31 for their
relationship to the codes in columns D and E. By dragging the formula on column to the right:

B $C$2:3C$31 remains unchanged. That’s where the outcome variable is located.
B E2:E31 changes to F2:F31. That’s the address of the second Treatment vector.
B $D2:D31 changes to $D2:E31. That’s the address of the preceding predictor variables.

We want to remove from the second Treatment vector the variance it shares with the
preceding predictors: the Sex vector and the first Treatment vector.

By the time the formula reaches O19:

B $C$2:$C$31 remains unchanged.
B E2:E31 changes to H2:H31.
B $D2:D31 changes to $D2:G31.

The techniques I've outlined in this section become even more important in Chapter 8,
where we take up the analysis of covariance (ANCOVA). In ANCOVA you use variables
that are measured on an interval or ratio scale as though they were factors measured on
a nominal scale. The idea is not just to make successive R? values unique, as discussed in
the present section, but to equate different groups of subjects as though they entered the
experiment on a common footing—in effect, giving random assignment an assist.

Statistical Power, Type | and Type Il Errors

In previous chapters I have mentioned a topic termed statistical power from time to time.
Because it is a major reason to carry out factorial analyses as discussed in this chapter,
and to carry out the analysis of covariance as discussed in Chapter 8, it’s important

to develop a more thorough understanding of what statistical power is and how to
quantify it.

On a purely conceptual level, statistical power refers to a statistical test’s ability to identify
the difference between two or more group means as genuine, when in fact the difference is
genuine at the population level. You might think of statistical power as the sensitivity of a
test to the difference between groups.

Suppose you’re responsible for bringing a collection of websites to the attention of
consumers who are shopping online. Your goal is to increase the number of hits that your
websites experience; any resulting revenue and profit are up to the people who choose
which products to market and how much to charge for them.

You arrange with the owner of a popular site for web searches to display links to 16 of
your sites, randomly selected from among those that your company controls. The other
randomly selected 16 of your sites will, for a month, get no special promotion.
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Your intent is to compare the average number of hourly hits for the sites whose links

get prominent display with the average number of hourly hits for the remaining sites.

You decide to make a directional hypothesis at the 0.05 alpha level: Only if the specially
promoted sites have a higher average number of hits, and only if the difference between
the two groups of sites is so large that it could come about by chance only once in 20
replications of this trial, will you reject the hypothesis that the added promotion makes no
difference to the hourly average number of hits.

Your data come in a month later and you find that your control group—the sites that
received no special promotion—have an average of 45 hits each hour, and the specially
promoted sites have an average hourly hit rate of 55. The standard error of the mean is 5.
Figure 7.23 displays the situation graphically.

Figure 7.23 Mean hits, ;
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Assume that two populations exist: The first consists of websites like yours that get no
special promotion. The second consists of websites that are promoted via links on another
popular site, but that are otherwise equivalent to the first population. If you repeated your
month-long study hundreds or perhaps thousands of times, you might get two distributions
that look like the two curves in Figure 7.23.

The curve on the left represents the population of websites that get no special promotion.
Opver the course of a month, some of those sites—a very few—get as few as 25 hits per
hour, and an equally small number get 62 hits per hour. The great majority of those sites
average 45 hits per hour: the mode, mean and median of the curve on the left.

The curve on the right represents the specially promoted websites. They tend to get about
10 hits more per hour than the sites represented by the curve on the left. Their overall
average is 55 hits per hour.

Now, most of this information is hidden from you. You don’t have access to information
about the full populations, just the results of the two samples you took—but that’s enough.



Statistical Power, Type | and Type Il Errors | 285

Suppose that at the end of the month the two populations have the same mean, as would be
the case if the extra promotion had no effect on the average hourly hits.

In that case, the difference in the average hit rate returned by your 16 experimental sites would
have been due to nothing more than sampling error. That average of 55 hourly hits is among
the averages in the right-hand tail of the curve on the left: the portion of the curve designated as
alpba, shown in the chart in Figure 7.23 in a darker shade than the rest of the curve on the left.

Calculating Statistical Power

The boundary between alpha and the rest of the curve on the left is the critical value
established by alpha. When you adopted 5% as your alpha level, with a directional
hypothesis, you committed to the 5% of the right-hand tail of the curve. The critical value
cuts off that 5%, and you can find that critical value using Excel’s T.INV() function:

=T.INV(0.95,30)

That is, what is the value in the t distribution with 30 degrees of freedom that separates
the lowest 95% of the values in the distribution from the top 5%? The result is 1.7. If you
go up from the mean of the distribution by 1.7 standard errors, you account for the lowest
95% of the distribution. In this case the standard error is 5 (you learned that when you got
the data on mean hourly hits), and 5 times 1.7 is 8.5. Add that to the mean of the curve on
the left, and you get a critical value of 53.5.

In sum: The value of alpha is entirely under your control—it’s your decision rule. You have
made a directional hypothesis and you have set alpha to 0.05. Therefore, you have decided
to reject the null hypothesis of no difference between the groups at the population level

if, and only if, the experimental group’s sample mean turns out to be at least 1.7 standard
errors above the control group’s mean.

Sometimes, the experimental group’s mean will come from that right-hand tail of the left
curve’s distribution, just because of sampling error. Because the experimental group’s mean,
in that case, is at least 1.7 standard errors above the control group’s mean, you’ll reject the
null hypothesis even though both populations have the same mean. That’s Type I error, the
probability of incorrectly rejecting a true null hypothesis.

Now suppose that in reality the populations are distributed as shown in Figure 7.23. If the
sample experimental group has a mean at least 1.7 standard errors above the critical value of
54—which is 1.7 standard errors above the control group mean—then you’ll correctly reject
the null hypothesis of no difference at the population level.

Focus on the right curve in Figure 7.23. The area to the right of the critical value in that
curve is the statistical power of your t-test. It is the probability that the experimental group
mean comes from the curve on the right, in a reality where the two groups are distributed
as shown at the population level.

Quantifying that probability is easy enough. Just take the difference between the critical
value and the experimental group mean and divide by the standard error of 5:

=(54 - 55)/5
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To get —0.2. That’s a t-value. Evaluate it using the T.DIST() function:
=T.DIST(-0.2,15,TRUE)

using 15 as the degrees of freedom, because at this point we’re working solely with the
experimental group of 16 websites. The result is 0.422. That is, 42.2% of the area beneath
the curve that represents the experimental group lies below the critical value of 54.
Therefore 57.8% of the area under the curve lies to the right of the critical value, and the
statistical power of the t-test is 57.8%. See Figure 7.24.
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In Figure 7.24 you can see the area that corresponds to statistical power in the curve on
the right, to the right of the critical value. The remaining area under that curve is usually
termed beta. It is alpha’s counterpart.

If you incorrectly reject a true null hypothesis (for example, by deciding that two population
means differ when in fact they don’t), that’s a Type I error and it has a probability of alpha.
You decide the value of alpha, and your decision is typically based on the cost of making a
Type I error, in the context of the benefits of correctly rejecting a false null hypothesis.

If you incorrectly reject a true alternative hypothesis (for example, by deciding that two
population means are identical when in fact they differ), that’s a Type II error and it has
a probability of beta. The value of beta is not directly in your control. However, you can
influence it, along with the statistical power of your test, as discussed in the next section.

Increasing Statistical Power

One excellent time to perform a power analysis is right after concluding a pilot study. At
that point you often have the basic numbers on hand to calculate the power of a planned
full study, and you’re still in a position to make changes to the experimental design if the
power study warrants. While a comparison of costs and benefits does not always argue for
an increase in statistical power, it can warn you against pointless use of costly resources.



Statistical Power, Type | and Type Il Errors | 287

For example, if you can’t get the estimated statistical power above 50%, you might decide
that the study just isn’t feasible—your odds of getting a reliable treatment effect are too low.
Or it might turn out that increasing the sample size by 50% will result in an increase of
only 5% in statistical power, so you’re not getting enough bang for your buck.

You have available several methods of increasing statistical power. Some are purely
theoretical, and have little chance of helping in real-world conditions. Others can make
good sense.

One way is to reduce the size of the denominator of the test statistic. That denominator is
typically a measure of the variability in the individual measures: a t-test, for example, might
use either the standard error of the mean or the standard error of the difference between
two means as the denominator of the t-ratio. An F-test uses the mean square residual
(depending on the context, also known as mean square within or mean square error) as the
denominator of the F-ratio.

When the denominator of a ratio decreases, the ratio itself increases. Other things equal,

a larger t-ratio is more likely to be significant in a statistical sense than is a smaller t-ratio.
One way to decrease the standard error or the mean square residual is to increase the
sample size. Recall that the standard error of the mean divides the standard deviation

by the square root of the sample size, and the mean square residual is the result of dividing
the residual sum of squares by the residual degrees of freedom. In either case, increasing
the sample size decreases the size of the t-ratio’s or the F-ratio’s denominator, which in turn
increases the t-ratio or the F-ratio—improving the statistical power.

Another method of decreasing the size of the denominator is directly pertinent to factorial
analysis, discussed in this chapter, and the analysis of covariance, discussed in Chapter 8.
Both techniques add one or more predictors to the analysis: predictors that might have

a substantial effect on the outcome variable. In that case, some of the variability in the
individual measures can be attributed to the added factor or covariate and in that way kept
out of the ratio’s denominator.

So, adding a factor or covariate to the analysis might result in moving some of the variation
out of the t-test’s or the F-test’s denominator and into the regression sum of squares (or the
sum of squares between), thus increasing the size of the ratio and therefore its statistical
power. Furthermore, and perhaps more importantly, adding the factor or the covariate
could better illuminate the outcome of the study, particularly if two or more of the factors
turn out to be involved in significant interactions.

You should also bear in mind three other ways to increase statistical power (neither of
them directly related to the topics discussed in this chapter or in Chapter 8). One is to
increase the treatment effect—the numerator of the t-ratio or the F-ratio, rather than
its denominator. If you can increase the size of the treatment without also increasing the
individual variation, your statistical test will be more powerful.

Consider making directional hypotheses (“one-tailed tests”) instead of nondirectional
hypotheses (“two-tailed tests”). One-tailed tests put all of alpha into one tail of the
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distribution. That moves the critical value toward the distribution’s mean value. The closer
the critical value is to the mean, the more likely you are to obtain an experimental result
that exceeds the critical value—again, increasing the statistical power.

A related technique is to relax alpha. Notice in Figure 7.24 that if you increase (or relax)
alpha from 0.05 to, say, 0.10, one result takes place in the distribution the right: the area
representing statistical power increases as the critical value moves toward the mean of the
curve on the left. By increasing the likelihood of making a Type I error, you reduce the
likelihood of making a Type II error.

Coping with Unequal Cell Sizes

In Chapter 6 we looked at the combined effects of unequal group sizes and unequal
variances on the nominal probability of a given t-ratio with a given degrees of freedom.
You saw that the results can differ from the expected probabilities depending on whether
the larger or the smaller group has the larger variance. You saw how Welch’s correction can
help compensate for unequal cell sizes.

Things are more complicated with more than just two groups (as in a t-test), particularly
in factorial designs with two or more factors. Then, there are several—rather than just
two—groups to compare as to both group size and variance.

In a design with at least two factors, and therefore at least four cells, several options exist,
based primarily on the models comparison approach that is discussed at some length in
Chapter 5. Unfortunately, these approaches do not have names that are generally accepted.
Of the two discussed in this section, one is sometimes termed the regression approach and
sometimes the experimental design approach; the other is sometimes termed the sequential
approach and sometimes the # priori ordering approach. There are other terms in use. I use
experimental design and sequential here.

The additional difficulty imposed by factorial designs when cell sizes are unequal concerns
correlations between the vectors that define group membership: the 1’s, 0’s and —1’s used in
dummy, effect and orthogonal coding. Recall from earlier chapters that with equal cell sizes,
the correlations between the vectors are largely 0.0. That feature means the sums of squares
(and equivalently the variance) of the outcome variable can be assigned unambiguously to
one vector or another.

But when the vectors are correlated, the unambiguous assignment of variability to a given
vector becomes ambiguous. The vectors share variance with the outcome variable, of
course. If they didn’t there would be little point to retaining them in the analysis. But with
unequal cell frequencies, the vectors share variance not only with the outcome variable but
with one another, and in that case it’s not possible to tell whether, say, 2% of the outcome
variance belongs to Factor A, to Factor B, or to some sort of shared assignment such as
1.5% and 0.5%.

Despite the fact that I’ve cast this problem in terms of the vectors used in multiple
regression analysis, the traditional ANOVA approaches are subject to the problem too.
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But there’s no single, generally applicable answer to the problem in the traditional
framework either. The reliance there is typically on proportional (if unequal) cell
frequencies and unweighted means analysis. Most current statistical packages use one of the
approaches discussed here, or on one of their near relatives. (Not that it’s representative of
applications such as SAS or R, but Excel’s Data Analysis add-in does not support designs
with unequal cell frequencies in its 2-Factor ANOVA tool.)

Using the Regression Approach

This approach is also termed the unigue approach because it treats each vector as though
it were the last to enter the regression equation. If, say, a factor named Treatment is the
last to enter the equation, all the other sources of regression variation are already in the
equation and any variance shared by Treatment with the other vectors has already been
assigned to them. Therefore, any remaining variance attributable to Treatment belongs to
"Treatment alone. It’s unique to the Treatment vector.

Figure 7.25 shows an example of how this works.

Flgure 7.25 H22 - Je || =SUM(H17:H20)
This design has four cells
with different numbers of ALE < Sefby : i g - ' ! < :
observations. 1 |Attitude Sex Affiliation Affiliation =LINEST{A2:A29,B2:B29, TRUE) =LINEST(A2:A29,B2:C29,, TRUE)
2 2 -1 -1 1 0.1778 2.6222] -0.6753 0.2078 2.7273
3 2 -1 -1 1 0.2120 0.2120 0.1602 0.1654  0.1671
4 3 -1 -1 1 0.0263 1.0750 0.4310, 0.8381 #N/A
3 3 -1 -1 1 0.7033 26| 9.4675 25 #NfA
3 3 -1 -1 1 0.8127  30.0444 13.2987 17.5584  #N/A
7 3 -1 -1 1
8 3 -1 -1 1
9 3 -1 -1 1 =LINEST{A2:A29,(2:C29,,TRUE) =LINEST{A2:A29,B2:D29,, TRUE)
10 1 -1 1 -1 -0.6667 2.6667] -0.5708| -0.8458  0.3042| 2.7792|
11 1 -1 1 -1 0.1618 0.1618| 0.1256 0.1256 0.1256 0.1256
12 2 -1 1 -1 0.3951 0.8473 0.6943  0.6269 #N/A | #N/A
13 2 -1 1 -1 16.9796 26 18.1686 24 #N/A | EN/A
14 2 -1 1 -1 12.1905 18.6667] 21.4238 9.4333  #N/A #N/A
15 2 -1 1 -1
16 3 -1 1 -1 Source Formula % of Var DF MS F p
17 3 -1 1 -1 Sex =l4-F12 0.0359 1 0.03591 2.81%51 0.1061
12 2 -1 1 -1 Affiliation =l4-F4  0.4046 1 0.40464 31.76651 0.0000
19 3 -1 1 -1 Interaction =112-14  0.2633 1 0.26331 20.67165 0.0001
20 4 1 -1 -1 Residual =1-112 0.3057 24, 0.01274
21 4 1 -1 -1
22 5 1 -1 -1 Total l.DDSE.
23 5 1 -1 -1

The idea is to use the models comparison approach to isolate the variance explained
uniquely by each variable. Generally, we want to assess the factors one by one, before
moving on to their interactions. So the process with this design is to subtract the variance
explained by each main effect from the variance explained by all the main effects.

For example, in Figure 7.25, the range F10:G14 returns LINEST() results for Attitude,
the outcome variable, regressed onto Affiliation, one of the two factors. Affiliation explains
39.51% of the variability in Attitude when Affiliation is the only vector entered: see cell F12.
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Similarly, the range 12:K6 returns LINEST() results for the regression of Attitude on Sex
and Affiliation. Cell I4 shows that together, Sex and Affiliation account for 43.1% of the
variance in Attitude.

Therefore, with this data set, we can conclude that 43.10% — 39.51%, or 3.59%, of the
variability in the outcome measure is specifically and uniquely attributable to the Sex factor:
the proportion attributable to the two main effects less that attributable to Affiliation.

"This finding, 3.59%, differs from the result obtained from the LINEST() analysis in
F2:G6, where cell F4 tells us that Sex accounts for 2.63% of the variance in the outcome
measure. The difference between 3.59% and 2.63% is due to the fact that the unequal cell
frequencies induce correlations between the vectors, introducing ambiguity into how the
variance is allocated to the vectors.

It's worth noting that if the cell frequencies were equal, the proportions of variance attributable to each
factor would be the same whether a factor was isolated by means of the models comparison approach
or by including only the one factor in LINEST(). In terms of the example in Figure 7.25, if each of the
four design cells had the same number of observations, the same proportion of variance would appear
in both cells F4 and H17.The coded vectors would be orthogonal to one another, and it would make

no difference whether a factor were the first or last to enter the regression equation: It would always
account for the same proportion of variance.

NOTE-

The proportion of variance due to Affiliation is calculated in the same fashion. The
proportion returned by LINEST() for the outcome measure regressed onto Sex, in cell F4,
is subtracted from (once again) the proportion for both main effects, in cell I4. The result
of that subtraction is 40.46%, a bit more than the 39.51% returned by the single factor
LINEST() in cell F12.

After the two main effects, Sex and Affiliation, are assessed individually by subtracting their
proportions of variance from the proportion accounted for by both, the analysis moves on
to the interaction of the main effects. That’s managed by subtracting the proportion of
variance for the main effects, returned by LINEST() in cell 14, from the total proportion
explained by the main effects and the interaction, returned by LINEST() in cell 112.

We can test the statistical significance of each main effect and the interaction in an ANOVA
table, substituting proportions of total variance for sums of squares. That’s done in the
range F17:1.20. Just divide the proportion of variance associated with each source of
variation by its degrees of freedom to get a stand in for the mean square. Divide the mean
square for each main effect and for the interaction by the mean square residual to obtain
the F-ratio for each factor and for the interaction. The F-ratios are tested as usual with
Excel’s EDIST.RT() function.

"This analysis can be duplicated for sums of squares instead of proportions of variance,
simply by multiplying each proportion by the sum of the squared deviations of the outcome
variable from the grand mean.
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100.00%, although the total is quite close. With unequal cell frequencies, even when
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managed by this unique variance approach, the total of the proportions of variance is not
necessarily equal to exactly 100%. If you were working with sums of squares rather than

proportions of variance, the factors’ sums of squares do not necessarily add up precisely to
the total sum of squares. Again, this is due to the adjustment of each factor and interaction
vector for its correlation with the other vectors.

The sequential approach to dealing with unequal cell frequencies and correlated vectors,
discussed in the next section, usually leads to a somewhat different outcome.

Sequential Variance Assignment

Bear in mind that the technique discussed in this section is just one of several methods
for dealing with unequal cell frequencies in factorial designs. The unique assignment
technique, described in the preceding section, is another such method. It differs from the

sequential method in that it adjusts each factor’s contribution to the regression sum of
squares for that of the other factor or factors. In the sequential method, factors that are
entered earlier are nor adjusted for factors entered later.

Figure 7.26 shows how the sequential method works.

Figure 7.26
Consider using the
sequential approach
when one factor might
have a causal effect on
another.

H22 - 5 =SUM({H17:H20)
A B € D E F G H | J K L
Sex by

1 |Attitude Sex Affiliation Affiliation =LINEST(A2:A29,B2:B29,, TRUE) =LINEST(A2:A29,B2:C29, TRUE)

2 2 -1 -1 0.1778 2.6222 -0.6753 0.2078 2.7273

e 0.2120 0.2120 0.1602 0.1654 0.1671

4 0.0263 1.0750 0.4310 0.8381  #N/A
0.7033 26 9.4675 25 #N/A
0.8127 30.0444) 13.2987 17.5584 #N/A
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=LINEST(A2:A29,C2:C29, TRUE)

=LINEST{A2:A29,B2:D29,, TRUE)

-0.6667 2.6667) -0.5708  -0.8458 0.3042 2.7792
0.1618 0.1618 0.1256 0.1256 0.1256 0.1256]
0.3951 0.8473 0.6943 0.6269 #N/A ENJA
16.9796 26| 18.1686 24 #NfA EN/A
12.1905 18.6667] 21.4238 94333 #N/A HN/A
Source Formula % of Var DF MS F p
Sex =F4  0.0263 1 0.02634 2.06764 0.1634
Affiliation =l4-F4  0.4046 1 0.40464 31.76651 0.0000
Interaction =112-14  0.2633 1 0.26331 20.67165 0.0001
Residual =1-112  0.3057 24 0.01274
Total l.DGGD.

Figure 7.26 includes only two changes from Figure 7.25, but they can turn out to be

important. In the sequential analysis shown in Figure 7.26, the variability associated with
the Sex variable is unadjusted for its correlation with the Affiliation variable, whereas that
adjustment occurs in Figure 7.25. Compare cell H17 in the two figures.
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Here’s the rationale for the difference. In this data set, the subjects are categorized
according to their sex and their party affiliation. It is known that, nationally, women show
a moderate preference for registering as Democrats rather than as Republicans, and the
reverse is true for men. Therefore, any random sample of registered voters will have
unequal cell frequencies (unless the researcher takes steps to ensure equal group sizes, a
dubious practice at best when the variables are not directly under experimental control).
And with those unequal cell frequencies come the correlations between the coded vectors
that we’re trying to deal with.

In this and similar cases, however, there’s a good argument for assigning all the variance
shared by Sex and Affiliation to the Sex variable. The reasoning is that a person’s sex might
influence his or her political preference (mediated, no doubt, by social and cultural variables
that are sensitive to a person’s sex). The reverse idea, that a person’s sex is influenced by his
or her choice of political party, is absurd.

Therefore, it’s arguable that variance shared by Sex and Affiliation is due to Sex and not
to Affiliation. In turn, that argues for allowing the Sex variable to retain all the variance
that it can claim in a single factor analysis, and not to adjust the variance attributed to Sex
according to its correlation with Affiliation.

In that case you can use the entire proportion of variance attributable to Sex in a
single factor analysis as its proportion in the full analysis. That’s what has been done in
Figure 7.26, where the formula in cell H17 is:

=F4
instead of this:
=I4-F12

in cell H17 of Figure 7.25. In that figure, the variance attributable to the Sex factor is
adjusted by subtracting the variance attributable to the Affiliation factor (cell F12) from
the variance attributable to both main effects (cell I4). But in Figure 7.26, the variance
attributable to Sex in a single-factor analysis in cell F4 is used in cell H17, unadjusted
for variance it shares with Affiliation. Again, this is because in the researcher’s judgment
any variance shared by the two factors belongs to the Sex variable as, to some degree,
causing variability in the Affiliation factor.

The adjustment, or the lack thereof, makes no practical difference in this case: The variance
attributable to Sex is so small that it will not approach statistical significance whether it is
adjusted or not. But with a different data set, the decision to adjust one variable for another
as in the unique variance approach, or to retain the first factor’s full variance, as in the
sequential approach, could easily make a meaningful difference.

Notice, by the way, in Figure 7.26 that the coded vectors have in effect been made
orthogonal to one another. The total of the proportions of variance in the range H17:H20
now comes to 1.000, as shown in cell H22. That demonstrates that the overlap in variability
has been removed by the decision 7oz to adjust Sex’s variance for its correlation with

Affiliation.
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Why not follow the sequential approach in all cases? Because you need a good, sound
reason to treat one factor as causal with respect to other factors. In this case, the fact of
causality is underscored by the patterns in the full population, and the logic of the situation
argues for the directionality of the cause: that Sex causes Affiliation rather than the other
way around.

Nevertheless, this is a case in which the subjects assign themselves to groups by being of
one sex or the other and by deciding which political party to belong to. If the researcher
were to selectively discard subjects in order to achieve equal group sizes, without regard to
causality, he would be artificially imposing orthogonality on the variables. So doing alters
the reality of the situation, and you therefore need to be able to show that causality exists
and what its direction is.

This consideration does not tend to arise in true experimental designs, where the researcher
is in a position to randomly assign subjects to treatments and conditions. Broccoli plants are
not in a position to decide whether they prefer organic or inorganic fertilizer, or whether
they flourish in sun or in shade.

Let’s move on to Chapter 8 now, and look further into the effect of adding a covariate to
your design.
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Index

Symbols

A (exponentiation operator), 8

A

ABS() function, 7
adding
covariates, 298
sum of squares, 74-75
add-ins, Data Analysis, 203, 215
Correlation tool, 271, 276
dummy coding, 246

adjusted regression sum of squares,
312-313

alphas, 184
analysis

effect coding, 279-283

factorial, 272-277

LINESTY() functions, 132

multiple regression, 166

outcome variables, 299

residuals, 92

results, comparing, 249

summarizing, 320-321

via proportions of variance, 133-149

via Sum of Squares, 132

with/without covariates, 308-312
analysis of covariance. See ANCOVA
analysis of variance. See ANOVA
ANCOVA (analysis of covariance), 295-297

adjusted regression sum of squares,
312-313




338 ANCOVA (analysis of covariance)

analysis new x’s, 85-86
summarizing, 320-321 TREND() function, 86-88
with/without covariates, 308-312 array-entering, 249

ANOVA, comparing results, 297-305 LINEST() function, 103-104

charts, 305-308 TREND() functions, 84-85

covariate sums of squares, 312 arrays

degrees of freedom, 301 formulas, 84

F-ratios, 299 LINEST() function, 104

LINESTY() function, 303 assumptions

outcome measure sums of squares, distributions, 211-213

312

dummy coding, 215-217
planned nonorthogonal contrasts,
330-332

planned orthogonal coding, 321-328

equal spreads, 213-215
overview of, 199-202
robustness, 202-204

P(;S;z}i(gg élonorthogonal contrasts, statistical inference, 204

straw man example, 204-211

t-tests, 217
auditing, Formula Auditing group, 325
AVERAGE() function, 7, 10-12, 36, 73
avoiding traps in charts, 48-53

regression
multiple comparisons, 328-330
structuring using, 315-316
residuals, 301-303
R2 for covariates/outcomes, 312
structuring conventional, 308

B

within-cell product of deviations,

313-336 betas, 286, 311
ANOVA (Analysis of Variance), 117 bias
ANCOVA (analysis of covariance), correlation, 41-44

comparing results, 297-305 reduction functions, 305-308
dummy coding, 215-217
f-ratios, 129-132, 136-140

General Linear Models, 146-149

binominal variables, 117
biserial correlation, 30. See also correlation

Bubble charts, 47
planned orthogonal contrasts with,
268 C
Single Factor tool, 75, 140, 247-248
Sum of Squares Within, 81-82 calculaterg
Two-Factor Without Replication betas in factors, 311
tool, 273 correlation, 34-44
arguments bias, 41-44

const, 82 coefficients, 3841




CORRELY) function, 41
covariance, 34-36
deviations, 12
errors, 173-176
predicted values, 63
prediction, 61-62
probability, straw man example, 209
R% 312
residuals, 201
standard deviations, 6
standard errors, examples, 176-181
statistical power, 285-286
sum of squares, 169
t-ratios, 187
zero-constant regression, 88
z-scores, 18
z-values, 20
canonical regression, 65
category variables, 48
causation, correlation and, 53-54
cause, direction of, 54-55
cells, unequal cell sizes, 288-289
central F distributions, 209
charting
ANCOVA, 305-308
correlation, avoiding traps, 48-53
prediction, 70-71
regression, 63—75
regression lines, 317
Scatter, 50
types of, 47
variables, 46

checking for common regression lines,
316-320

coding
dummy, 246-250

comparing

effect, 259
factorial analysis, 279-283

multiple comparisons with,

264-267
orthogonal, 267-272
contrasts, 267
factorial analysis, 274-277

planned orthogonal contrasts with
ANOVA, 268

using LINEST() function,
269-272

planned orthogonal, 321-328
rules, 248
with —1 instead of 0, 260-261
coefficients
common regression, 310
contrast, 264
correlation, 30, 38-41
regression, 154
errors, 109-110
measuring probability, 112-113
predictions, 65
standard errors, 217-244
straw man example, 208
zeros, 110-112
standard errors
calculating, 173-176
using of the, 181-186
collinearity, 114
common regression
coefficients, 310
lines, checking for, 316-320
comparing

Dunnett multiple comparison
procedure, 253-259

f-ratios to R, 146
LINEST() function, 106-114
models, 103
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comparing

models comparison approach, 192
probability, 195

results, 249

results, ANOVA/ANCOVA, 297-305

components, summing component effects,
278-293

composite variables, 155
computational formulas, 73

conservative tests, unequal spreads,
220-225

const argument, 82
TREND() function, 86-88
constants, 51, 69, 87, 104, 154
trendlines, 160
variables, 166-167
contrasts
coefficients, 264
orthogonal coding, 267

planned nonorthogonal, multiple
comparisons, 330-332

post hoc nonorthogonal, multiple
comparisons, 332-336

control groups, 246
conventional ANCOVA, structuring, 308
correlation, 29
bias, 41-44
calculating, 34-44
and causation, 53-54
charts, avoiding traps, 48-53
coefficients, 30, 38-41
CORRELY() function, 41
covariance, 34-36
directions
of cause, 54-55
determining, 32-34
linearity, checking for, 44-48
measuring, 29-30

outliers, checking for, 44-48
partial, 90-95, 166
Pearson, 45
prediction, 60-61
predictors, 161
R%, 117-120
restriction of range, 55-57
semipartial, 95-101, 166, 303
strength of, expressing, 30-32
two-predictor regression, 167-169
variables, 34, 55
Welch’s, 237-243
z-scores, 62
Correlation tool, 271, 276
CORREL() function, 38, 41, 67, 168
covariance, 34. See also ANCOVA
deviations, 36-38
COVARIANCE.P() function, 36
covariates, 130
adding, 298
analysis with/without, 308-312
R? for, 312
sums of squares, 312
critical values, 187
cross-validation, 198
curvilinear relationships, 219

D

Data Analysis add-in, 203, 215
Correlation tool, 271, 276
dummy coding, 246

LINEST() function, using instead of,
230-231

degrees of freedom, 13, 112, 125, 188
ANCOVA, 301



residuals, F-ratios, 172-173
straw man example, 207
Welch’s correlation, 241
dependent groups t-tests, 244
dependent variables, 130, 134
design
experimental, 53-54
experimental design approach, 288
repeated measures, 273
deviations
calculations, 6, 12
covariance, 36-38
from the mean, 11
MAD (mean absolute deviation), 7
squared, 38, 73, 118
standard, 14-15, 71-73
standard errors as residuals, 125-128
sums, 6-10
within-cell product of, 313-336
DEVSQ() function, 9-11, 73
dialog boxes, Solver, 159
differences, 245
coding with —1 instead of 0, 260-261
dummy coding, 246-250

Dunnett multiple comparison
procedure, 253-259

effect coding, 259
factorial analysis, 272-277

General Linear Models, relationships,
261-264

mean, 229

multiple comparisons with effect
coding, 264-267

orthogonal coding, 267-272
proportions of variance, 277-278
standard error of the mean, 217

summing component effects, 278-293

errors 341

T.DIST() function, 231-237

vectors, populating, 250-253
direct correlation, 32
directional tests, 191
directionality of causation, 53-54
directions

of cause, 54-55

correlation, determining, 32-34
distributions

assumptions, 211-213

central F, 209

families of, 188

sampling, 113, 125

standard normal, 22

t, 26, 121-122

unit normal, 22
dummy coding, 135, 215-217, 246-250

Dunnett multiple comparison procedure,
253-259

effect coding, 259
factorial analysis, 279-283
multiple comparisons with, 264-267
effects, summing component, 278-293
equal sample sizes
unequal spreads, 226-230
equal spreads, 128-129, 200
assumptions, 213-215
Equal Variances tool, 239
equations, regression, 49

errors, 120-121, 262. See also standard
errors

as standard deviation of residuals,
125-128

calculating, 173-176
examples, 176-181
LINEST() function, 105




errors

mean square, 173, 262

regression coefficients, 109-110,
181-186

standard, 72

standard error of estimate, 72,
120-121

standard error of measurement, 72
standard error of the mean, 15-18, 72
sum of squares, 156-160

t distributions, 121-122

type I/type II, 283-288

variance error of the mean difference,
229

estimation, 60

standard error of estimate, 72
evaluating predictors, 192
experimental design, 53—54, 288
exponentiation operator (A), 8

F

factorial analysis, 272-277

effect coding, 279-283
factors, 246

betas, calculating, 311
families of distributions, 188
F.DIST() function, 187
F.DIST.RT() function, 299
finding sums of squares, 169-170
F.INV() function, 187
Formula Auditing group, 325
formulas

array-entering, 249

arrays, 84

computational, 73

LINEST() function, 104

shrinkage, 197-198
standard error of estimates, 126
F-ratios, 116, 129
ANCOVA, 299
ANOVA, 129-131, 136-140
R?, comparing, 146
regression, 131-132, 140-146
residual degrees of freedom, 172-173
sum of squares, 173
F-tests
omnibus, 215
straw man example, 208
fudge factors, 202
functions
ABS(), 7
AVERAGE(), 7, 10-12, 36, 73
bias reduction, 305-308
CORRELY), 38, 41, 67, 168
COVARIANCE.P(), 36
DEVSQ(), 9-11, 73
F.DIST(), 187
F.DIST.RT(), 299
FINV(), 187
INDEX(), 108
INTERCEPTY(), 69-70, 89

LINEST(), 48, 50, 82, 84, 90-101,
103-107

analysis via, 132

analysis via proportions of variance,

133-149
ANCOVA, 303
array-entering, 103-104
array formulas, 104
comparing, 106-114
errors, 105
f-ratios, 129, 136-140



mapping results to worksheets,

163-166

orthogonal coding, 269-272

partial correlations, 90-95

semipartial correlations, 95-101

significance of, 122-132
statistics for, 149
straw man example, 209

structuring ANCOVA using

regression, 315

using instead of Data Analysis

Tool, 230-231

zeros, 114-122
NORM.S.DIST(), 20, 25
PEARSON(), 41
SLOPE(), 65-69, 89
standard deviations, 36
STDEV.P(), 36
STDEV.S(), 36
SUMDEVSQ(), 74
SUMPRODUCTY(), 265-266
SUMSQ(), 263
T.DIST(), 187, 231-237
T.DIST.RT(), 25
T.INV(), 187
TRANSPOSE(), 103-104
TREND(), 82-89, 104

array-entering, 84-85

const argument, 86—88

new x’s argument, 85-86
TTEST(), 243-244
VARA(), 12
VAR.P(), 10-14, 36
VARPA(), 12
VAR.S(), 11-14, 36
VLOOKUP(), 251, 263

INTERCEPT() function

G

General Linear Models, 146-149, 157-158
relationships, 261-264

generalizing predictions, 64-65

group means, 245, 324
coding with —1 instead of 0, 260-261
dummy coding, 246-250

Dunnett multiple comparison
procedure, 253-259

effect coding, 259, 264-267
factorial analysis, 272-277

General Linear Models, relationships,
261-264

orthogonal coding, 267-272
proportions of variance, 277-278
summing component effects, 278-293
vectors, populating, 250-253

groups
control, 246
Formula Auditing, 325

H

homoscedasticity, 128-129, 200
assumptions, 213-215

increasing statistical power, 286-288
independent variables, 130, 134
INDEX() function, 108
inference

assumptions, 204

statistical, 113-114
interactions, 272
INTERCEPT() function, 69-70, 89

LINEST() function, comparing to,
106-114
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intercepts

intercepts, 69, 87. See also INTERCEPT()
function

interval scales, 29, 116-117
interval variables, 245
inverse relationships, 33

J

joint effects, 272

K

known x’s/y’s, 83, 86

L

lambda values, 144

least squares, 157-158, 203

levels, 246

liberal tests, unequal spreads, 225-226
linear transformations, 153

linearity, checking for, 44-48

Line charts, 47

lines

common regression, checking for,
316-320

median regression, 157-158

regression, 31, 61

LINEST() function, 48-50, 82-84, 90-101,

103-107
analysis via, 132
ANCOVA, 303, 315
ANOVA, 136-140
array-entering, 103-104
array formulas, 104
comparing, 106-114
errors, 105
f-ratios, 129

mapping results to worksheets,
163-166

orthogonal coding, 269-272
partial correlations, 90-95
proportions of variance, 133-149
semipartial correlations, 95-101
significance of, 122-132

statistics for, 149

straw man example, 209

using instead of Data Analysis Tool,
230-231

zeros, 114-122

M

MAD (mean absolute deviation), 7
mapping results to worksheets, 163-166
mean
deviations from the, 11
groups, 245, 324. See also group means
regression toward the, 62-63
standard error of the, 15-18, 72
mean absolute deviation. See MAD
mean difference, 229

mean square (MS), straw man example,
208

mean square between, 130
mean square errors, 173, 262
mean square regression, 173,210
mean square residuals, 173, 210
mean square within, 130
measurements
correlation, 29-30
probability, 112-113
standard error of, 72
variations, 5-6
median regression lines, 157-158
methods, Scheffé, 264
models
comparing, 103

comparison approach, 192



General Linear Models, 146-149,
157-158

statistics, 192-196
multicollinearity, 114
multiple comparisons, 253. See also
comparing
ANCOVA/regression, 328-330
effect coding, 264-267

planned nonorthogonal contrasts,
330-332

post hoc nonorthogonal contrasts,
332-336

multiple predictors, 153-156
multiple regression, 65, 108, 114
analysis, 166
errors
calculating, 173-176
examples, 176-181

using of the regression coefficient,
181-186

F-ratios, residual degrees of freedom,
172-173

LINEST() function, mapping results
to worksheets, 163-166

model statistics, 192—-196
multiple predictors, 153-156
one-tailed tests, 189-192
predictors
evaluating, 192
variables, 152-153
RZ
estimating shrinkage, 197-198
standard error of estimate, 170-172

using instead of sum of squares,
196-197
semipartial correlation in
two-predictor regression, 167-169

orthogonal coding

sum of squares
errors, 156-160
finding, 169-170
using instead of R?, 196-197
trendlines, 160-163
two-tailed tests, 186-189
variables, holding constant, 166-167

N

National Center for Health Statistics, 71
navigating charts, 46
negative relationships, 33
new x’s argument, 85-86
nominal scales, 116-117
nominal variables, 117

dummy coding, 246
non-centrality parameters, 144
non-directional tests, 191
nonlinear distributions, 211-213
nonorthogonal contrasts

planned, multiple comparisons,
330-332

post hoc, multiple comparisons,
332-336

NORM.S.DIST() function, 20, 25

0]

omnibus F-tests, 215
one-tailed tests, 189-192
operators, A (exponentiation operator), 8
orthogonal coding, 267-272
contrasts, 267
factorial analysis, 274-277
planned, 321-328
planned orthogonal contrasts
with ANOVA, 268
using LINEST() function, 269-272
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outcomes

outcomes
measure sums of squares, 312
R? for, 312
variables, 246, 299

outliers, checking for, 44-48

P

parameters, 12
non-centrality, 144
populations, 23, 185
partial correlations, 90-95, 166
partitions, 77
Sum of Squares, 133-136
Pearson correlation, 45
Pearson, Karl, 41
PEARSON() function, 41

planned nonorthogonal contrasts, 330-332

planned orthogonal coding, 321-328
planned orthogonal contrasts
with ANOVA, 268

using LINEST() function, 269-272

pooled regression lines, 306
pooled variance, 229
populations
parameters, 23, 185
vectors, 250-253
positive correlation, 32

post hoc nonorthogonal contrasts,
332-336

power, statistical, 235

predicted variables, 130

predictions, 60-61, 120
calculating, 61-62
charting, 70-71
generalizing, 64-65
regression, coefficients, 65

values, 63

predictors

correlations, 161

evaluating, 192

linear transformations, 153

multiple, 153-156

variables, 50, 130, 152-153, 245, 249
priori ordering approach, 288
probability

comparing, 195

measuring, 112-113

straw man example, calculating, 209

of t-ratio if null is true, 229
proportions of variance, 277-278

analysis via, 133-149

Q

quasi t-ratios, TTEST() function, 243-244
quasi t statistic, 237

R

R% 117-120
calculating, 312
for covariates/outcomes, 312
F-ratios, comparing, 146
in linear simple regression, 77-81
shrinkage, estimating, 197-198
standard error of estimate, 170-172
straw man example, 208

sum of squares, using instead of,

196-197
ranges
restriction of, 55-57
of values, 214
ratios
f-ratios, 116, 129. See also F-ratios
ANOVA, 129-132, 136-140
comparing to R?, 146



regression, 140-146
sum of squares, 173

quasi t-ratios, TTEST() function,
243-244

scales, 29
t-ratios, 111, 116, 182, 229
calculating, 187

Dunnet multiple comparison
procedure, 253

straw man example, 207
regression

adjusted regression sum of squares,
312-313

ANCOVA
multiple comparisons, 328-330
structuring using, 315-316
approach, 288-293
canonical, 65
coefficients, 154
errors, 109-110
measuring probability, 112-113
predictions, 65
standard errors, 217-244
straw man example, 208
zeros, 110-112
common coefficients, 310
differences, 245. See also differences
equations, 49
f-ratios, 131-132, 140-146
General Linear Models, 146-149
lines, 31, 61
mean square, 173, 210

muldple, 65, 108, 114. See also
multiple regression

simple. See simple regression

Sum of Squares, partitioning, 133-136
toward the mean, 62-63
zero-constant, calculating, 88

Scatter charts

Regression tool, 203
relationships, 31
curvilinear, 219
General Linear Models, 261-264
inverse, 33
negative, 33
repeated measures design, 273
residuals, 120-121, 166, 262
analysis, 92
ANCOVA, 301-303
calculating, 201
degrees of freedom, 188
F-ratios, 172-173
independence of, 201
mean square, 173, 210

standard errors as standard deviation

of, 125-128
sum of squares, 81-82
restriction of range, 55-57
results

ANOVA/ANCOVA, comparing,
297-305

comparing, 249

worksheets, mapping, 163-166
returning variances, 11-14
robustness, 202-204
RSQ() function, 79
rules, coding, 248

S

sample sizes, 220, 226-230
sampling distributions, 113, 125

scales
interval, 29, 116-117
nominal, 116-117
ratio, 29

Scatter charts, 47, 50
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Scheffé method

Scheffé method, 264
scores
prediction, 60-61
z-scores, 8, 18-23
semipartial correlations, 95-101, 166, 303
in two-predictor regression, 167-169
sequential approach, 288
shared variance, 71
shrinkage, estimating R?, 197-198
significance of LINEST() function, 122-132
simple regression, 59-60
charting, 63-75
INTERCEPTY() function, 69-70, 89
LINESTY() function, 90-101
predicted values, calculating, 63
prediction, 60-61
calculating, 61-62
charting, 70-71
Rz, 77-81
regression toward the mean, 62-63
shared variance, 71
SLOPE() function, 65-69, 89
standard deviations, 71-73
Sum of Squares Regression, 79
sums of squares, 73-77, 81-82
totals, 76-82
TREND() function, 82-88, 89

zero-constant regression, calculating,

88
z-scores, 62
Single Factor ANOVA tool, 140
sizes, unequal cell, 288-289
SLOPE() function, 65-69, 89

LINEST() function, comparing to,
106-114

Solver dialog box, 159
spreads, equal, 128-129, 200

squared correlations
R2, 117-120
squared deviations, 38, 73
sums, 7-10
standard deviations, 14-15, 71-73
calculations, 6
functions, 36
standard errors as residuals, 125-128
standard errors, 72
calculating, 173-176
coefficients, using of the, 181-186
of estimate, 72, 120-121, 174
examples, 176-181
of the mean, 15-18, 72, 217
of the mean difference, 229
of measurement, 72
R2, 170-172
of the regression coefficient, 217-244

as standard deviation of residuals,
125-128

standard normal distributions, 22
standard scores, 8. See also scores
prediction, 60-61
statistical inference, 113-114
assumptions, 204
statistical power, 235, 283-288
calculating, 285-286
increasing, 286-288
statistics
for LINEST() function, 149
models, 192-196
quasi t, 237
STDEV.P() function, 36
STDEV.S() function, 36
straw man example, 204-211
strength of correlations, expressing, 30-32
structuring
ANCOVA using regression, 315-316
conventional ANCOVA, 308



studies, robustness, 202-204
SUMDEVSQ() function, 74

Sum of Squares Regression, 79

Sum of Squares Within (ANOVA), 81-82
summarizing analysis, 320-321
summing component effects, 278-293

factorial analysis with effect coding,
279-283

regression approach, 289-293

statistical power, 283-288

unequal cell sizes, 288-289
SUMPRODUCT() function, 265-266
sums

deviations, 6-7

squared deviations, 7-10
sums of squares, 10-13, 73-77

adding, 74-75

adjusted regression, 312-313

analysis via, 132

Between, 75

covariates, 312

errors, 156-160

finding, 169-170

F-ratios, 173

outcome measure, 312

partitioning, 133-136

R?, using instead of, 196-197

residuals, 81-82

totals, 76-82

Within, 75
SUMSQ() function, 263

T

T.DIST() function, 187
differences, 231-237

t distributions, 26, 121-122

T.DIST.RT() function, 25

t-ratios

tests

conservative tests, unequal spreads,
220-225

directional tests, 191
F-tests
omnibus, 215
straw man example, 208
liberal tests, unequal spreads, 225-226
non-directional tests, 191
one-tailed tests, 189-192
t-tests, 111
assumptions, 204
dependent groups, 244
two-tailed tests, 186-189
T.INV() function, 187
tools
ANOVA: Single Factor, 75
Correlation, 271, 276

Data Analysis add-in, 230-231.
See also Data Analysis add-in

Equal Variances, 239
Regression, 203

Single Factor ANOVA, 140
Trace Dependents, 325
Trace Precedents, 325

t-test: Two-Sample Assuming Equal
Variances, 221

Two-Factor Without
Replication, 273

Unequal Variances, 239
totals, sum of squares, 76-82
Trace Dependents tool, 325
Trace Precedents tool, 325
transformations, linear predictors, 153
TRANSPOSE() function, 103-104
traps in charts, avoiding, 48-53
t-ratios, 111, 116, 182, 229
calculating, 187
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t-ratios

degrees of freedom, 112

Dunnet multiple comparison
procedure, 253

quasi, TTEST() function, 243-244
straw man example, 207

TREND() function, 82-89, 104
array-entering, 84-85
const argument, 86—88
new x’s argument, 85-86

trendlines, 31, 48, 61. See also regression,
lines

multiple regression, 160-163
TTEST() function, 243-244
t-tests, 111, 217

assumptions, 204

dependent groups, 244

t-test: Two-Sample Assuming Equal
Variances tool, 221

t-values, 23-27
Two-Factor Without Replication tool, 273

two-predictor regression, semipartial
correlations, 167-169

two-tailed tests, 186-189
type I/type Il errors, 283-288
types of charts, 47

U

unequal cell sizes, 288-289

unequal group variances, Welch’s
correlation, 237-243

unequal spreads
conservative tests, 220-225
equal sample sizes, 226-230
liberal tests, 225-226
unequal variances, 220
Unequal Variances tool, 239
unique variance, 99
unit normal distributions, 22

V
validation, cross-validation, 198
values
critical, 187
lambda, 144

of covariance, 38
prediction, 62-63
ranges of, 214
R? in linear simple regression, 77-81
t-values, 23-28
y, 82-83
z-values, 18-23, 20
VARA() function, 12
variability, 60
variables
binominal, 117
category, 48
charting, 46
composite, 155
constants, 166-167
correlation, 34, 55
dependent, 130, 134
dummy coding, 246
independent, 130, 134
interval, 245
nominal, 117
outcome, 246
predicted, 130
predictor, 50, 130, 152-153, 245, 249
variance, 10-11, 214
analysis of variance. See ANOVA
error of the mean difference, 229
functions, 11-14
pooled, 229
proportions of, 277-278
shared, 71



unequal, 220

unique, 99
variation measurements, 5-6
VARPA() function, 12
VAR.P() function, 10-14, 36
VAR.S() function, 11-14, 36
vectors, populating, 250-253
violations of assumptions, 202
VLOOKUP() function, 251, 263

w

Welch's correlation, 237-243
within-cell product of deviations, 313-336
worksheets, mapping results, 163-166

z-values

y values, 82-83

z

zero-constant regression, calculating, 88

zeros
LINEST() function, 114-122
probability, measuring, 112-113
regression coefficients, 110-112

z-scores, 8, 18-23, 62

z-values, 18-23
calculations, 20

351




	Cover
	Title Page
	Copyright Page
	Contents
	Introduction
	7 Using Regression to Test Differences Between Group Means
	Dummy Coding
	An Example with Dummy Coding
	Populating the Vectors Automatically
	The Dunnett Multiple Comparison Procedure

	Effect Coding
	Coding with -1 Instead of 0
	Relationship to the General Linear Model
	Multiple Comparisons with Effect Coding

	Orthogonal Coding
	Establishing the Contrasts
	Planned Orthogonal Contrasts Via ANOVA
	Planned Orthogonal Contrasts Using LINEST( )

	Factorial Analysis
	Factorial Analysis with Orthogonal Coding
	Factorial Analysis with Effect Coding

	Statistical Power, Type I and Type II Errors
	Calculating Statistical Power
	Increasing Statistical Power

	Coping with Unequal Cell Sizes
	Using the Regression Approach
	Sequential Variance Assignment


	Index
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	Y
	Z



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 0
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /None
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /ENU (RR Donnelley 2009 Standard for creating press quality PDF files.)
  >>
  /ExportLayers /ExportVisiblePrintableLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks true
      /BleedOffset [
        13.500000
        13.500000
        13.500000
        13.500000
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName (U.S. Web Coated \(SWOP\) v2)
      /DestinationProfileSelector /WorkingCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 30
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




