
 

 

PY 717-2B, Applied Statistical Analysis 

PY 717L, Laboratory for Applied Statistical Analysis 

 Spring, 2014 

Lecture:  CH320, Tu/Th  9:30-10:45          Lab: CH158, Th 11:00 - 11:50 

Instructor:  Dr. Ed Cook.                     Lab TA: Meredith Henry 

Office Hours by appointment 

Contacts: ecook@uab.edu, mahenry@uab.edu 

  

 COURSE PURPOSE 
 

This lecture course and lab are intended to provide in-depth and integrated coverage of analysis of variance, analysis of 

covariance, and multiple regression for Psychology graduate students.  These methods comprise a family of 

techniques, based on the general linear model, that are used in the vast majority of psychological research from the 

most simple of studies to some of the most complex.  They form the basis for most multivariate techniques as well. 

 

The courses are intended to emphasize practical issues in research design and analysis.  Neither the mathematical basis 

of statistical analysis nor computation is emphasized.  However, there is an emphasis is on conceptual understanding, 

along with the use of a widely-available and highly-capable computer program (SAS) to answer questions about data. 

 

Specific course objectives are listed in the lecture notes that are posted on-line on the course website.  

 

The pre-requisites for this course are PY 716 and 716L or equivalents, including basic knowledge of SAS.   

 

 

COURSE WEBSITE 
 

All lecture and lab notes will be posted on Blackboard, in case you miss class or misplace your copy of the notes.  

There are also many other resources posted there, some of which will be required to complete lab assignments, and 

others that may merely be useful.  The website is established as a resource not just for this class, but for your reference 

in the future.  If you would like to have access to the site after you are no longer enrolled in the course, just ask.   

 

 TENTATIVE LECTURE SCHEDULE 
 

Day/Date Topic 

Foundations 

1/7 Lecture I.  Course introduction; Logic of the GLM and partitioning.  Basic univariate sums of squares. 

1/9 Lecture II.  Partitioning for basic correlation and bivariate regression. 

1/14 Lecture III.  Partitioning and inference for multiple regression. 

1/16 Lecture IV.  Partitioning and inference for 1-way between-groups analysis of variance. 

1/21 Lecture V.  Assumptions of the F-test and other GLM-based tests. 

1/23 Lecture VI.  Power analysis for basic GLM tests.  Exam review. 

1/28 Exam 1. 
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One-way Analysis of Variance 

1/30 Lecture VII.  Representing group membership with X variables for regression. 

2/4 Lecture VIII.  Conducting focused tests using coding vectors.   

2/6 Lecture IX.  Single df tests and allocation of sums of squares. Unequal n, marginal means, and power. 

2/11 Lecture X.  Introduction to multiple comparison procedures. 

2/13 Lecture XI.  Specific methods for multiple comparisons 

Factorial ANOVA and ANCOVA 

2/18 Exam 2. 

2/20 Lecture XII.  Conceptual introduction to factorial designs and interactions. 

2/25 Lecture XIII.  Omnibus analyses of factorial designs. 

2/27 Lecture XIV.  Simple main effects analysis. 

¾ Lecture XV.  Interaction contrast analysis.  Sequencing of followup tests for 2-way interactions. 

3/6 Lecture XVI.  Beyond the 2-ways design:  more factors and extra cells.  Unequal n and the factorial design. 

3/11, 

3/13 
Lecture XVII.  Analysis of covariance. 

3/18 Exam 3. 

Interactions with Continuous Variables; Repeated Measures and Multi-level Modeling 

3/20 Lecture XVIII.  Continuous independent and predictor variables. 

3/25, 

3/27 
Spring Break! 

4/1 Lecture XIX.  Following up interactions in analyses involving continuous variables. 

Lecture XX.  Polynomial regression 

4/3 Lecture XXI.  Introduction to repeated measures (e.g., within-subjects) designs. 

4/8 Lecture XXII.  Focused tests and assumptions for the 1-way repeated measures analysis. 

4/10 Lecture XXIII.  Factorial repeated measures and mixed between X within designs. 

4/15 Lecture XXIV.  Focused tests for factorial repeated measures and mixed between X within designs. 

4/17 Lecture XXV.  Introduction to multilevel models 

Thursday 

4/24 

FINAL EXAM.  8:00 - 10:30 am 

Final Project due at 5:00 pm 

 



 

 

RESOURCE TEXTS and SOURCES 

 

No text is required for this course or lab.  The primary printed resource for students is my lecture notes, which total 

about 200 typed pages, and some supplementary materials on specific topics.  All of these materials will be made 

available on Blackboard. 

 

Material taught in this course has been drawn from many sources over the years and often vetted using test data and 

simulations. Some sources that I have especially relied on, or that echo and elaborate material taught in the course in an 

accessible way, include: 

 

Aiken, L. S., & West, S. G.  (1991).  Multiple regression: Testing and interpreting interactions.  Newbury Park, CA:  

Sage Publications.  

 

Cohen, J., Cohen, P., West, S. G., & Aiken, L. S. (2003).  Applied multiple regression/correlation analysis for the 

behavioral sciences, 3rd edition. Hillsdale: Erlbaum. 

 

Kirk, R. E.  (1995).  Experimental design.  Pacific Grove, CA: Brooks/Cole. Chapter 4: Multiple Comparison Tests.  

 

Miller, G. A. & Chapman, J. P.  (2001).  Misunderstanding analysis of covariance.  Journal of Abnormal Psychology, 

110, 40-48.  

 

OTHER SOURCES ON STATISTICS and SAS: 

 

On-Line Help:  

1. If you don’t know how to access SAS help, please ask!   

2. SAS is also well-represented on the web, both formally by the company and informally by users.  Often the 

solution to a problem or explanation of an obscure error message can be found by simply copying the error 

message from SAS’s LOG window and pasting it into one’s preferred search engine. 

3. Statistical guidance (other than SAS language) is also readily available on the web and can be very useful, but 

the usual cautions apply.  Look for authoritative sources and double-check anything you find before you 

consider it reliable.   

 

 

Grading in PY 717.  There will be 3 mid-term exams and a final exam, each worth 25% of your final grade.  All 

exams are cumulative in the sense that the material is cumulative, but the final exam will be “explicitly cumulative”, 

with material specifically drawn from earlier parts of the course.  Each exam will include conceptual material (short-

answer questions) as well as some computations.  

 

 

PY717 Lab 
 

The purpose of the lab is to teach you to use statistical software to reinforce course material and solve problems.  The 

lab will be centered around a series of assigned lab exercises and a final project.  During most of the semester, the 

focus will be on the lab exercises, which are coordinated with material presented in the lecture.  At the beginning of 

each lab meeting, I’ll present the main things you need to know to complete the exercises, and occasionally you will 

have assigned reading before lab.  Although at times this instructional part of the lab will require the entire hour, my 

goal is to make it reasonably short to give you time to get started on the exercises while the TA and I are present to 

answer questions. If you have not been exposed to problem-based learning in the past, you may confuse the end of the 

instruction and demonstration part of the lab with the end of the class.  Avoid this error and make good use of our time!   

 



 

 

Lab exercises will be assigned throughout the course.  Each set of exercises will have a published due date.  Details on 

submission of lab exercises will be presented in the lab. 

 

The final project in this course is intended to give you an opportunity to apply what you have learned to the analysis of 

data from a personally-relevant research design.  See Notes and Guidelines for Final Projects, elsewhere in this 

syllabus. 

 

Grading in PY717L.  Your grade will be comprised of the average grade across all of your lab exercises, and the 

grade on your final project.  Exercises will count 2/3 and the project will count 1/3.  There will be a penalty for late 

submission of lab exercises, and exercises will not be accepted more than one week after the due date.  Projects may be 

submitted late only by prior arrangement, due to the need to submit grades at the end of the term. 

 

Why SAS?  I’m asked this question occasionally, so I finally put the answer in writing.  Here it is: I’ve learned to use 

several highly-capable and widely-available statistical packages (e.g., SAS, SPSS, BMPD, Minitab) over the last 30+ 

years and settled on SAS as my primary tool for data manipulation and analysis because of its flexibility, capability, 

and reliability.  With SAS I can read from or write to spreadsheets or text files, manipulate data nearly as well as most 

“real” programming languages, and create output in the form of text, HTML, word-processing, spreadsheet or PDF 

files.  I can automate repetitive procedures such that I can pass them off to a technician or secretary who can run them 

and produce well-organized reports with no knowledge of SAS.  I can create and execute operating system scripts.  I 

can handle very large quantities of data at a time, and sort and merge data from different sources.  SAS is also good for 

simulations and for generating data with particular characteristics – we’ll make use of this capability in this class.  

Obviously most of you have no need for even half of these capabilities now, and may never need most of them in the 

future.  Certainly you won’t need most of these capabilities to complete this course.  The point is that as a result of this 

course you will have foundation-level familiarity with what is probably the most flexible and generally useful set of 

data manipulation and analysis tools that is readily available in academic and research settings. 

 

Some people prefer other packages for their “point-and-click” (a.k.a. windows, icons, mice, pointers) interface, and in 

fact SAS has such an interface and we will use it a little in this class.  I won’t claim that SAS’s is as good or better than 

some others, as I simply haven’t made this comparison.  Most of the power of SAS comes through its programming 

interface, which allows you to specify exactly what you want it to do, on what data, and in what order.  One of the 

subtexts of this course is that you should select the most powerful and specific tests of your hypothesis, not simply go 

for the canned analyses that are easy to produce.  To do that, you need to be able to be very specific about what you 

want the computer to do, for example to specify in detail the contrasts among means that you want to test.  It’s not that 

you can’t do this with other programs, it’s mainly that SAS is especially well-known for its flexibility and because it 

provided this capability before some of the other packages and at a time that I was looking for a widely-available 

program to use in my teaching and research at UAB. 

 

Working from a program/script/procedure rather than pointing and clicking also has some important advantages in real 

data analysis:  Your program provides a written record of exactly what you’ve done, which is often useful for later 

reference and to help you understand mysterious results.  Once you’ve written your SAS program it’s very easy to 

make minor changes and run it again, rather than having to re-specify it from the beginning.  Copy-and-paste is a very 

valuable tool when you’re doing lots of analyses! 

 

All of this said, like most statistical analysts I use what I like and know what I use.  Until I run up against something 

that I need to do and can’t do with SAS, I have little motivation to change.  Believe it or not, I don’t really enjoy 

learning the basics of new programs so like most people I have tended to settle on just a few programs for statistical 

analysis, and have tried to learn them in depth.  I use SAS for serious data manipulation and statistical analysis.  I use 

Excel for quick-and-dirty data inspection and graphics, and Fortran when I need high-performance number crunching 

in the context of real-time data collection or interactive graphics.  In graduate school and beyond you are likely to be 

exposed to a range of statistical packages and data processing tools.  I feel confident that learning SAS now will help 

you learn about statistics, and will ultimately help you learn other statistical packages in the future. 



 

 

 

Collaboration, Tutoring, and Academic Integrity.  Assuming common sense and a little thought, there should be no 

confusion about what constitutes appropriate interaction among students in the completion of lab exercises and the 

final project.  Turning in work that is not your own, providing a copy of your completed lab exercises to someone else, 

or doing part or all of someone else's labs or final project, is academic fraud.  On the other hand, helping a fellow 

student to understand the content of the course or how to do something on the computer is not fraud, but rather 

prosocial behavior among colleagues in an academic environment. This is an important distinction that relates to 

professional and ethical behavior in any academic context, not just in this course. 

 

Obviously this is not an exhaustive prescription for ethical behavior, and if an ambiguous situation arises, please seek 

my advice.   Be aware that in cases of academic dishonesty I will, consistent with departmental policy and practice, 

award you a grade of “F” in the course.  Students may be dropped from the program for one determination of academic 

dishonesty, and this is the customary sanction for repeat offenders. Based on the experience of past students, I can 

assure you that a C will look better on your record and be more quickly forgotten than a substantiated allegation of 

cheating.  Relatedly, please inform me of any arrangements that you make for tutoring in statistics during this term, 

especially if that tutoring involves assistance with lab exercises and the project.  This will help us all to avoid 

questionable situations before they occur.  You and your tutor should recognize that UAB students who are not 

enrolled in this course are also subject to sanctions for behavior that undermines the integrity of the course.  

 

On a far happier note, you are strongly encouraged to seek my help (or that of the lab TA on lab-related matters) when 

you need it, or even suspect you might need it.  Please don’t wait to initiate those contacts until the last few hours 

before an exam or lab deadline, or until after your grade in the class is too low for you to pass the course.  We are both 

eager for you to succeed, and are here to help. 

 

 Notes and Guidelines for Final Projects 
 

The project you turn in should consist of the following conventional parts:  a) Introduction, b) Methods (including Data 

Analysis), c) Results, and d) Discussion.  The emphasis here is on the Data Analysis and Results sections.  The other 

sections should provide enough context to make your analyses meaningful.  Write them clearly but tersely, limiting 

them to about 200 words each.  Use the final project to show off what you know.  An appendix should include SAS log 

window lines and relevant results window output.  See below for more details. 

 

The data analysis should be appropriate to the state of knowledge in the research area, with appropriate choices 

regarding omnibus, planned, and post-hoc tests.  Your analysis should include at least two "independent" or "predictor" 

variables, and at least two of the following data-analytic methods:  simple main effects analysis, interaction contrasts, 

repeated measures analysis, planned comparisons, post-hoc tests with a multiple comparison procedure, and analysis of 

covariance.  The results section should clearly present the results of the study, and should present means via tables 

and/or figures. 

 

You will generate your own data for your final project, using computer methods that will be taught in lab. This allows 

you to manipulate the data to create effects that justify certain kinds of additional analyses.  (It turns out that generating 

data by computer is also a good tool for learning about the factors that influence statistical significance.)  Your initial 

task will be to decide on a research design that is interesting and relevant to your research interests, and then use the 

computer to generate data that are consistent with that design.   You are encouraged to use a tentative design for your 

masters thesis or first-year project.  I do not mind a bit if you are using the same general project for my class as you are 

using for Research Design, but the emphasis and format differ markedly.  Thus for this class you should limit 

Introduction, Methods, Results and Discussion as described. 

 

I suggest that you consult with me as your plans for a project begin to develop.  You may want to discuss this project 

with your research mentor as well, because he or she may have ideas about what analyses are likely to be most useful 

to you in developing your thesis plans.  



 

 

 

Use the following as a checklist in completing your final project. 

 

1. Describe the analyses you're going to do in your Data Analysis section, not in Results.  Describe your results in 

Results, not in Data Analysis.  The basic principles are pretty simple, and apply to published research articles as 

well as to your project:  The kinds of statistical analyses that you will do is part of the methodology of a study, so 

it belongs in Method.  Once you get to Results, the focus should be on what you found, not how you found it.  

An exception to this general principle is that the results of tests of assumptions are usually reported in Data 

Analysis.  Another exception is that sometimes a post-hoc analysis is more naturally described in Results, 

because its rationale does not make sense until some of the results are known.  In general, however, descriptions 

of analyses tend to clutter up Results sections and detract from the focus on study findings. 

 

2. The most meaningful results to report are differences among means (or slopes, in the case of regression on 

continuous variables), not the statistical main effects and interactions.  So:  Tell your reader which group or 

condition was higher, faster, more responsive, etc.  Don't just tell your reader the stats, for example that "there 

was a significant main effect and no interaction."  The former informs the reader what happened, whereas the 

latter does not give the direction of any difference.  Your results section should be more than just the ANOVA 

table(s) set in paragraph form.  It should inform your reader of the outcome of your experiment.  If your paper is 

about learning, memory, attitudes, or adjustment, then write in those terms.  No one is writing a paper on 

statistical analysis, so in Results, keep the statistical jargon to a minimum.  (In contrast, in Data Analysis you 

should feel fairly unrestrained in speaking “statistics-ese”, as long as you are clear in describing what you did). 

 

Correct:  Means for all treatment groups at each of the 3-month time intervals are shown in Figure 1.  

Depression scores for the aerobics, jogging, and control groups did not differ significantly at three months, F 

(2,42) = 2.45, p > .2, but treatment differences emerged over the nine-month course of the study, Group H Time 

F (4,84) = 5.28, p<.001, ,=.75; overall Group F (2,42) = 5.81, p < .01.  At six months into treatment, both 

exercise groups were less depressed than the control group: for aerobics vs. control,  F (1,21) = 8.75, p < .01; for 

jogging vs. control, F (1,21) = 4.75, p < .05.  Finally, at the end of the 9-month treatment period, the aerobics 

group was less depressed than the jogging group, F (1,21) = 5.25, p < .03, which was in turn less depressed than 

the controls, F (1,21) = 4.59, p < .05. 

 

Incorrect:  Mean depression scores differed significantly for the aerobics, jogging, and control groups, with F 

(2,42) = 5.81, p < .01.  The effect of exercise also varied across the 3-month intervals, producing a significant 

interaction effect of treatment group and time, F (4,84)=5.28, p<.001, ,=.75.  Depression scores for the aerobics, 

jogging, and control groups did not differ significantly at three months, F (2,42) = 2.45, p > .05.  However, at six 

and nine months, depression scores for the three groups were significantly different: F's (2,42) = 5.86 and 7.35, 

respectively; p's < .01.  Means and standard errors for all groups at all time points are shown in Table 1. 

 

3. Tables and Figures are very helpful for presenting results, and your project should include at least one of these.  

Figures are usually better than tables, especially for main findings.  Be sure to direct your reader's attention to the 

figure or table at an appropriate point in the Results section.  Generally, this means towards the beginning of the 

paragraph that first refers to the data in the table or figure.   A reasonable model is a high-quality symposium 

presentation or part of a colloquium.  Show the "slide" (refer to the figure or table).  "Point" (verbally) to what 

happened.  The difference of course is that in a results section you add inferential statistics and should be more 

precise and less redundant, but the goal of effectively communicating your findings is the same.   

 

Finally, you generally shouldn't present the same data in both a Table and a Figure as journal editors are usually 

stingy about space.  Ditto for tabular or graphic presentations that are redundant with text. 

 

4. An appendix to your project should include relevant information from the SAS log window and results viewer.  

For any analyses that you report on in your project, include the SAS log output (numbered lines of SAS code + 



 

 

messages) and follow it with the relevant results viewer output that it produced.   You needn’t prune the results 

viewer output severely in this appendix, but try to avoid a lot of truly extraneous material (e.g., MANOVA 

output).  Be sure to label your output clearly (with comments, titles, or typed-in notations) so that it is obvious 

what is what.  Then, when you report a statistical result in your Data Analysis and/or Results sections, refer to 

the relevant pages of the appendix where where the log and results output appear.  For example:  “F(1,27)=6.50, 

p<.05 [Appendix page 17]”.  Alternatively you can put the bracketed reference to the appendix in a footnote.   

 

5. End your introduction with a statement of your questions or hypotheses.  Then, in your Data Analysis section, 

state clearly how each hypothesis will be tested.  Also use the Data Analysis section to describe and defend any 

analysis decisions that are controversial or require judgement.  Examples:  choice of family-wise error rate 

protection method (or none), choice of covariate(s) and/or planned comparisons. 

 

6. Be sure to test and/or correct for violations of the assumptions of your analysis.  The results of these kinds of 

tests and descriptions of correction procedures should be presented in Data Analysis, to avoid detracting from the 

main substantive points in the Results section (see Points 1 and 2). 

 

7. In most situations, you will have no good reason to report the "model" F.  Instead, report the tests for the specific 

factor(s), planned comparisons, and/or followup tests. 

 

8. With few exceptions, you should not do (or at least not report) every possible simple main effects or interaction 

contrast  analysis to follow up a significant interaction.  Pick one that makes sense and try it.  If it turns out to be 

uninformative, then pick another and present that one. 

 

9. Presenting statistical results:  Put dfs in parentheses.  Generally, give a range for p-values less than .05 (e.g., p < 

.005 if the exact p is .0033).  For p-values greater than .05, usually you just say n.s. (not significant), unless 

you're trying to make some point about the exact p, in which case you can report it (e.g., "the effect of group fell 

short of statistical significance, F (1, 15) = 3.75, p = .08."  Generally, report significant p's as less than some 

value with 1 significant digit, like .05, .01, .002, etc.  Note that SAS outputs exact p's, so if the printout says 

.016, don't say p < .016.  Say p < .02 or p < .05 instead. 

 

An exact p can be helpful if you are trying to argue that the null hypothesis is true.  This is generally an awkward 

thing to do, but it can be important for showing that an assumption was not violated (e.g., showing that a 

covariate does not differ among groups), or that some effect really was not there, at least in your sample.  In this 

case, the p should be "comfortably" greater than .05: i.e., .10 or more, and the larger the better. 

 

10. Unless you are doing an analysis in which you need Type I tests, limit your output with the SS3 option.  The 

general principle is to include all the relevant output, but try to avoid irrelevant output. Projects are graded on 

content, not weight. 

 

11. If your dependent variable and factor names aren't self-evident (e.g., GENDER), please document your SAS 

program so I can easily understand it.  Better yet (or in addition) try to make them self-evident.  In this way, you 

essentially make your programs self-documenting.  Remember that your project is unique in what variables are 

measured and manipulated, what hypotheses are of interest, etc.  Assume that your reader has some acquaintance 

with your research area, but doesn't know it well.  This is usually a reasonable assumption for journal articles, 

because you want to address a wider audience than those who are working in the exact same area and using the 

same paradigm(s).  

 

12. If you have planned comparisons, be sure to justify them on some basis (theoretical or practical).  Because of the 

potential inflation of Type I error with multiple tests, journal editors frequently have a fairly high standard for 

accepting comparisons as planned.  If you don't have a strong justification, then describe, and do, your tests as 

post-hoc. 



 

 

 

13. Be sure that you define your dependent variable.  Also, if you are doing repeated measures, make sure that your 

repeated measures represent different measurements on the same variable, not different variables.  Different 

variables implies multivariate, not univariate, statistics. 

 

14. Check that every assertion about a difference between means in Results and Discussion is backed up with a 

significance test.  Make sure that your wording of an assertion corresponds to the type of test you're doing (e.g., 

don't talk about SME-type comparisons and then give IC tests). 

 

15. Make sure that you state the hypotheses that you're testing at the end of Introduction, that you state how each of 

these hypotheses will be tested in Data Analysis, and that you indeed test these same hypotheses in Results.  In 

other words, make sure that you are consistent among these three sections in what you're testing. 

 

Grammatical, punctuation, and other minor errors (Except for extreme cases I won't take off points for these, but I 

might as well tell you because, in the "real world", they make a bad impression.): 

 

1. "Data" is plural.  E.g., "The data suggest...", not "The data suggests...".  If you want to sound like an educated 

person you will want to get this one right!  It’s as close as we get to a general-purpose secret handshake in 

science. 

 

2. Stat texts generally refer to "between-groups" effects even when there are more than 2 levels.  Except in that 

statistical phrase, the rule is:  Use "between" to compare 2 groups or conditions; use "among" to compare more 

than 2 groups or conditions.  E.g., "There was no reliable difference in growth hormone levels between males 

and females, but these levels did differ among blood type groups." 

 

3. Although 1st-person (I, we) has become more acceptable, it's still generally avoided in scientific writing.  Write 

to avoid it.  Keep the focus on your data, not on you! 

 

4. This isn't an error, but:  I prefer that you don't use right-justification for your typed papers. The gaps, "squeezes", 

and lack of a ragged right margin can actually make the text harder to read. 

 

5. Notwithstanding the document you are currently reading, avoid the use of contractions. 

 

6. Double-space your text and any tables.  Output and programs can be in any convenient spacing.  As always, do 

not use proportionately-spaced fonts for SAS output, or use the ODS to format tables in readable form.  

 

7. Use abbreviations very sparingly.  Journals tend to discourage abbreviations because they limit readability to 

narrow audiences.  Not surprisingly, journals prefer wide audiences. 

 

8. The term "experimental group" is generally reserved for groups defined experimentally; applying the term to one 

level of a correlational factor is, at least, questionable.  The same has been argued--though to a lesser degree --for 

the term "control group".  "Comparison group" is a suggested alternative, or just use a descriptive rather than 

generic name (e.g., healthy group, low fear group).  Avoid referring to groups or conditions by number (e.g., 

"Group 1"), unless they actually represent points on a numbered scale.   

 

9. And don't forget about those basic elements of writing style.  Like writing in complete sentences.  And beginning 

a paragraph with a topic sentence.  And never (ever) beginning a sentence with a conjunction.   

 

 


