
APM 645.  Nonparametric Statistics and Categorical Data Analysis 
 
 

Instructor:  Lianjun Zhang 
Office:   Room 323 Bray Hall 
Phone:  (315) 470-6558 
E-Mail:  lizhang@esf.edu 
Lecture:  Tu. Thur. 2:00-3:20 pm, Room 313, Bray Hall 
Office Hours:  Tu. Thur. 12:00 - 1:00 pm or by appointment 
Textbook:  Not required. 

• Lee, C.T. 1998. Applied Categorical Data Analysis. John Wiley & Sons. 287p.  
• Sprent, P. and N.C. Smeeton. 2001. Applied Nonparametric Statistical Methods. 3rd 

Ed. Chapman & Hall/CRC. 461p. 
Lecture Notes:  available for purchase at the ESF Copy Center, Room 04, Bray Hall. 
 
Course Objectives: 
 
 APM 645 combines statistical techniques in Nonparametric Statistics and Categorical 
Data Analysis. The course is designed for students in policy, management, social sciences, and 
any students who need to conduct statistical analysis on categorical data or numerical data with 
irregular distributions or small sample sizes. The course focuses on statistical concepts, 
nonparametric methods, and computing for categorical data. SAS will be used throughout the 
course. Example programs will be given for each procedure discussed in the course and the 
resultant computer output will be interpreted in detail. 
 
SAS 9.4 Online Docs at http://support.sas.com/documentation/94/index.html 
 
Course Outline: 
 
1. Introduction and Review of Basic Statistics     8/28,30 9/4,6 
2. Tests for One Sample, Two-Related Samples, and Two Independent 9/11,13,18 

Samples (t-test, sign-test, median test, and Mann-Whitney-Wilcoxon test) 
3. Concept of ANOVA and Nonparametric ANOVA    9/20,25,27 

(Brown-Mood and Krustal-Wallis tests)  
4. Tests for Proportions (Binomial tset, McNermar’s test,   10/2,4 

and Cocharan-Mantel-Haenszel test) 
5. χ2-test and Contingency Tables (with Correspondence Analysis)  10/9,11 
6. Kolmogorov-Smirnov Goodness-Of-Fit Tests     10/16.18 
7. Correlation / Association Analysis (Pearson’s r, Spearman’s   10/23,25 

Rho, Kendall’s Tau, Somers’ D, and Kappa Coefficient) 
8. Nonparametric regression, and Robust, LOESS, Piecewise Regression 10/30 11/1,6,8 
9. Generalized Linear Models (Logistic and Poisson regression)   11/13,15,27 
10. Re-Sampling Methods (bootstrapping and cross-validation)   11/29, 12/4,6 
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Reference: 
 
Agresti, A. 1996. An Introduction to Categorical Data Analysis. John Wiley & Sons. 290p. 
Agresti, A. 1990. Categorical Data Analysis. John Wiley & Sons. 558p. 
Conover, W.J. 1980. Practical Nonparametric Statistics. 2nd Ed. John Wiley & Sons. 493p. 
Higgins, J.J. 2004. Introduction to Modern Nonparametric Statistics. Thomson-Brooks/Cole 

366p. 
Hollander, M. and D.A. Wolfe. 1999. Nonparametric Statistical Methods. 2nd Ed. John Wiley & 

Sons. 787p. 
Long, J.S. 1997. Regression Models for Categorical and Limited Dependent Variables. Sage. 

297p. 
Sheskin, D.J. 1997. Handbook of Parametric and Nonparametric Statistical procedure. CRC. 

719p. 
 
 
Evaluation: 
 
Your progress will be evaluated by the following weights: 
 

Homeworks/Assignments   100% 
 
 
Note:  
 
 (1) Please do not play with iPhone, iPad, iPad Mini, etc. during the lectures. 
 (2) You will have homework assignments for each chapter. Homework will usually 
require statistical analysis and interpretation of the results. You may work with other students on 
statistical computing and discussion of potential solutions. You will be expected to submit your 
own report for the analysis results. Copying the SAS programs and report from each other is 
NOT acceptable.  

(3) Late HW will be penalized 10 points for each week passing the due date.  
(4) I strongly encourage you to learn SAS in this course. You may use other statistical 

software, such as SPSS, Stata, Minitab, Excel, R, and etc., to do the HWs and projects. However, 
you may have to figure out how to use them to obtain the same or similar results as SAS 
produces. 
 
Grading System: Your final grade will be determined as follows: 
 

95 - 99  = A 80 - 84  = B 
 90 - 94  = A-  75 - 79  = B- 
  85 - 89  = B+     < 75  = F 

 
Good Luck! 
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Statistics Courses Offered at SUNY-ESF: 
 
APM 391 / APM 510 – Introductory Statistics (fall/spring semester) 
 
Descriptive statistics (mean, variance, standard deviation, standard error), Z-test, t-test, F-test, 
ANOVA, correlation, simple linear regression, and χ2-test. 
 
APM 620 – Experimental Design and ANOVA (spring semester) 
 
ANOVA, completely randomized design (CR), randomized complete block design (RCB), Latin 
square design, factorial experiment, split-plot design, mean comparisons, response surface, and 
linear mixed models. 
 
APM 625 – Sampling Methods (fall semester) 
 
Simple random sampling, systematic sampling, stratified random sampling, two-stage random 
sampling, ratio and regression estimators, multistage sampling, point sampling, sampling error 
and sample size. 
 
APM 630 - Regression Analysis (fall semester) 
 
Simple linear regression, multiple linear regression, dummy variables in regression, residual 
analysis, variable transformation, weighted least squares (WLS), influence and multicollinearity 
diagnostics, nonlinear regression, and linear mixed models. 
 
APM 635 - Multivariate Statistical Methods (spring semester) 
 
Matrix algebra, multivariate normality, Hotelling T2, MANOVA, principal components analysis, 
factor analysis, discrimination and classification, cluster analysis, and canonical correlation 
analysis. 
 
APM 645 – Nonparametrics and Categorical Data Analysis (fall semester) 
 
Wilcoxon test, sign test, median test, binomial test, χ2-test and contingency tables (including 
correspondence analysis), goodness-of-fit tests, nonparametric regression, Robust and Loess 
regression, generalized linear models (Logistic and Poisson regression), and re-sampling 
methods (bootstrapping and cross-validation).  
 
APM 730 – Advanced Regression Modeling Methods (spring semester) 
 
Basic regression techniques, generalized linear models (Logistic, Poisson and Beta regression), 
quantile regression, linear and nonlinear mixed models, variogram and kriging, linear mixed 
models for spatial data, spatial regression models (spatial lag and spatial error models), local 
spatial statistics and models (geographically weighted regression), Spline, Loess and GAM. 
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Parametric  vs.  Nonparametric 
 
1. Normal Theory 
 
Courses in statistics typically assume normality. Why? One reason is mathematical tractability, 
because the basic results for one- and two-sample tests, confidence intervals, ANOVA and 
regression involve Z-test, t-test, χ2-test, and F-test for which we have tables. More practically, the 
analysis of data based on the normality assumptions works largely due to the Central Limit 
Theorem. The basic idea is that under many conditions means and sums of random variables are 
approximately normally distributed. The approximation gets better and better as the sample size 
(n) increases. For example, if n is sufficiently large, one can approximate binomial probabilities 
by drawing a normal curve over the discrete distribution of the binomial. In some cases the 
normal approximation to the distribution of sums and means can be improved by making a 
transformation of the data. 
 
Some variables are approximately normally distributed without reference to the central limit 
theorem or to a transformation. Body weight of owls, heights of women, biomass of agropyron 
spicatum, yield of wheat from field plots, and IQs of fourth graders are examples of continuous 
or numerical variables whose population distributions are approximately normal. With the central 
limit theorem, transformation to normality, and naturally occurring normal random variables, it 
would seem that normal theory should be the norm for data analysis. 
 
2. Why Use Nonparametric Statistics? 
 
Nonparametric statistics is useful when analyzing non-normal data where the sample sizes are too 
small to rely on the central limit theorem and where transformations cannot guarantee 
approximate normality. What other types of variables do we use? Some variables are categorical 
or discrete in nature. Examples include the opinion (yes, no, or none) one holds about ratifying 
the equal rights amendment or brand of ski one prefers. In some cases the word nominal is used 
instead of categorical to emphasize that the data consist of names of categories and not 
quantitative measurements. Other variables are ordinal meaning that only the order among 
observations is meaningful. Sometimes it is convenient to collect the data from ordinal variables 
directly as ranks. For example, we could have forest managers rank sites according to their 
potential for growing trees or we could have wine tasters rank a dozen wines according to 
"dryness" or some other characteristic. Variables can be part categorical and part ordinal 
(ordered categorical) if they possess some order information, but not sufficient order 
information to rank all of the observations uniquely. An example of an ordered categorical 
variable is an opinion variable coded strongly agree through strongly disagree. Although there 
are more than two categories, we might assign numbers (Strong Agree = 5, Agree = 4, Neutral = 
3, Disagree = 2, Strong Disagree = 1) and treat them quantitatively in the same manner as we did 
the binary variables coded 0 and 1. Quantitative variables can also be discrete like the number of 
students going to SUNY ESF from a given high school or the number of eggs in a nest (counts). It 
is clear that statistical methods based on the normal theory were developed with quantitative 
continuous variables in mind. The central limit theorem allows us to use normal theory on some 
data from other scales 
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The decision to collect categorical, ordinal, interval, log-interval, ratio, or absolute data is an 
important one and reflects our understanding of the phenomena being measured. We might be able 
to measure the biomass of each taxa of insect appearing in a stream reach, but presence and 
absence may be the ecologically relevant information. ANALYZING CATEGORICAL AND 
ORDINAL DATA IS ANOTHER SET OF SITUATIONS WHERE NONPARAMETRIC 
METHODS ARE USEFUL. 
 
3. Nonparametric or Distribution-free? 
 
One might think the word nonparametric implies that people who use nonparametric methods are 
not interested in parameters. This is not true. For example in our survey of people's opinions 
about ratifying the equal rights amendment, we might assume a multinomial probability model 
with probabilities of obtaining answers of yes, no, and no opinion being the objects of interest. 
These parameters are the focus of the study. Certain nonparametric tests lead us to confidence 
intervals on population medians or differences of population medians. 
 
Some statisticians prefer to describe the set of tools we will be studying in this course as 
distribution-free. This is not strictly correct either. A procedure based on the multinomial 
distribution is not “distribution-free.” We do, however, want to develop a set of statistical tools 
that can be applied to continuous quantitative variables without assuming the normal 
distribution (or some other parametric family of distributions). This is the basis for the terms 
distribution-free or nonparametric. We want a set of statistical procedures that do not depend on 
assuming a particular parametric family of distributions for the random variable of interest. The 
various procedures will prove to be useful for analyzing continuous quantitative variables, 
discrete quantitative variables, ordinal variables, and categorical variables. 
 
Nonparametric (or distribution-free) statistics operates on the same statistical principles as normal 
theory statistics. We assume the reader is familiar with the ideas of 
 

• population and sample 
• parameter and statistic 
• sampling distribution 
• standard deviation and standard error 
• point and interval estimation 
• hypothesis testing and type I and II errors 
• relationship between a test of hypothesis and a confidence interval 
• regression and correlation 
• one-way and cross-table chi-square tests 

 
4. Important Readings: 
Conover, W.J. and R.L. Iman. 1981. Rank transformations as a bridge between parametric and 

nonparametric statistcs. The American Statistician. 35(3): 124-129.  
Potvin, C. and D.A. Roff. 1993. Distribution-free and robust statistical methods: Viable 

alternatives to parametric statistics? Ecology 74(6) 1617-1628. With comments. Ecology 
76(6) 1997-2000. 
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5. Advantages of Nonparametric Methods 
 
Roughly speaking, a nonparametric procedure is a statistical procedure that has certain 
desirable properties that hold under relatively mild assumptions regarding the underlying 
populations from which the data are obtained. The rapid and continuous development of non-
parametric statistical procedures over the past six decades is due to the following advantages 
enjoyed by nonparametric techniques: 
 

• Nonparametric methods require few assumptions about the underlying populations 
from which the data are obtained. In particular, nonparametric procedures forgo the 
traditional assumption that the underlying populations are normal. 

• Nonparametric procedures enable the user to obtain exact p-values for tests, exact 
coverage probabilities for confidence intervals, exact experimentwise error rates for 
multiple comparison procedures, and exact coverage probabilities for confidence 
bands without relying on assumptions that the underlying populations are normal. 

• Nonparametric techniques are often (although not always) easier to apply than their 
normal theory counterparts. 

• Nonparametric procedures are often quite easy to understand. 
• Although at first glance most nonparametric procedures seem to sacrifice too much 

of the basic information in the samples, theoretical investigations have shown that 
this is not the case. Usually the nonparametric procedures are only slightly less 
efficient than their normal theory competitors when the underlying populations are 
normal (the home court of normal theory methods), and they can be mildly or 
wildly more efficient than these competitors when the underlying populations are 
not normal. 

• Nonparametric methods are relatively insensitive to outlying observations. 
• Nonparametric procedures are applicable in many situations where normal theory 

procedures cannot be utilized. Many nonparametric procedures require just the 
ranks of the observations, rather than the actual magnitude of the observations, 
whereas the parametric procedures require the magnitudes. 

• Computer-intensive resampling methods such as jackknife  bootstrap enable 
nonparametric approaches to be used in many complicated situations where the 
distribution theory needed to support parametric methods is intractable. 

• The development of computer software has facilitated fast computation of exact p-
values for conditional nonparametric tests. 

 
 
Note: APM 645 is a combination of nonparametric statistics and categorical data analysis 
techniques. A statistical method is nonparametric if it satisfies at least one of the following 
criteria: (1) the method may be used on data with a nominal scale of measurement, (2) the 
method may be used on data with an ordinal scale of measurement, and (3) the method may be 
used on data with an interval or ratio scale of measurement, where the distribution of the random 
variable producing the data is either unspecified or specified except for an infinite number of 
unknown parameters. 
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