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I. Validity Concepts in Epidemiologic Research (PubH 8140)

A . Instructor:  George Maldonado, Ph.D., Division of Environmental Health 
Sciences, Room 1114 Mayo, 612-626-2104, GMPhD@umn.edu

B. Course web site: 
http:/ / homepage.mac.com/ george.maldonado/ Teaching/ FileSharing12.html

C. Prerequisites

1. N one

D. Course credits:  2.

E. Fall semester 2007, Tuesday 12:20 to 2:15 PM, Mayo 1155

F. A ll students must register either S/ N or for a grade.  Faculty may audit.

G. Course Description

1. To interpret an epidemiologic study, one must evaluate the validity of the 
study (i.e., the degree to which the study results are biased).  This course 
examines in-depth the conceptual basis for validity in observational 
epidemiologic research.  We begin by examining the theory of epidemiologic 
inference and a general theory of epidemiologic study design. Then we 
examine the major sources of bias that can occur in epidemiologic studies:  
confounding,  nonrandom selection or follow-up, information errors, and 
artifacts of statistical methods.  We discuss how to recognize these potential 
sources of bias, how to evaluate the direction and magnitude of bias, and how 
to prevent and adjust for these biases. In PubH 8142 we discuss methods for 
quanti fying uncertainty in study resul ts caused by these sources of  bias.

2. The main course text w ill be an overview of validity concepts by Sander 
Greenland.  For the discussion of each major type of bias, the main course text 
w ill be supplemented by other papers (when appropriate):  (a) overview papers,
(b) papers that discuss fundamental concepts in-depth, and (c) papers that 
discuss recent methodological developments.

3. This course is intended for advanced students interested in epidemiology and 
biostatistics.

4. The class w ill meet for 2 hours each week.  Class time will include lectures, 
discussion of readings, and discussion of exercises that highlight important 
concepts.

5. Expect to spend 6 hours per week outside of class.
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H. Grading

1. Participation in the discussion of homework exercises and readings:  25%

a. I expect a thoughtful attempt at answering discussion questions, not 
necessarily correct answers.  (Homework w ill NOT be turned in.)

2. Midterm exam:  25%  October 9, 2007 (week 6)

3. Midterm exam:  25%  November 13, 2007 (week 11)

4. Final exam:  25% (take-home exam, due on the day of the scheduled final 
exam)

I. Readings

1. Main course texts

a. Required

i . Greenland S.  Concepts of validity in epidemiological research. In Detels 
R, McEwen J, Beaglehole R., Tanaka H (eds.).  Oxford Textbook of Public 
Health, 4th edition.  Volume 2:  The Methods of Public Health.  New 
York:  Oxford University Press, 2001:621-639.

i i . Rothman KJ, Greenland S. Modern Epidemiology, 2nd Edition.  
Philadelphia:  Lippincott-Raven, 1998.

b. Suggested background references

i . Statistics

(1). Breslow NE, Day NE. Statistical Methods in Cancer Research. Vol I. 
The Analysis of Case-Control Studies. Lyon: IARC, 1980. Chapters 1-3.

(2). Rothman KJ, Greenland S. Modern Epidemiology, 2nd Edition.  
Philadelphia:  Lippincott-Raven, 1998. Part II.

i i . Research Methods

(1). Checkoway H, Pearce N and Crawford-Brown D.  Research Methods in 
Occupational Epidemiology.  New York:  Oxford University Press, 
1989.
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(2). Kelsey JL, Whittemore AS, Evans AS, Thompson WD. Methods in 
Observational Epidemiology. Second Edition. New York:  Oxford 
University Press, 1996.

(3). Rothman KJ, Greenland S. Modern Epidemiology, 2nd Edition.  
Philadelphia:  Lippincott-Raven, 1998. Part I.

i i i . Val idi ty

(1). Piattell i-Palmarini M.  Inevitable Il lusions:  How Mistakes of Reason 
Rule Our Minds.  New York:  John Wiley & Sons, 1994.

i v . Uncertainty Analysis

(1). Eddy DM, Hasselblad V, Schachter R. Meta-analysis by the confidence 
profile method. San Diego, CA: Acdemic Press, 1992.

(2). Vose D. Risk Analysis: A  Quantitative Guide. 2nd Edition. Chichester: 
John Wiley &  Sons, 2000.

(3). Morgan MG, Henrion M.  Uncertainty:  A  Guide to Dealing w ith 
Uncertainty in Quantitative Risk and Policy Analysis.  New York:  
Cambridge University Press, 1990.

2. What to Estimate Validly?

a. Maldonado G, Greenland S.  Estimating Causal Effects. Int J Epidemiol 
2002;31:421-438 (w ith commentaries).

b. Greenland S.  Interpretation and choice of effect measures in epidemiologic 
analyses.  Am J Epidemiol 1987;125:761-768.

c. Rothman and Greenland chapters 3 and 4.

3. General Theory of Study Design

a. Maldonado G, Greenland S. The causal-contrast study design. (Abstract) Am 
J Epidemiol 2000;151:S39.

b. Maldonado G. Adjusting a relative-risk estimate for study imperfections. 
(Manuscript in review.)

4. Confounding

a. Fundamentals
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i . Greenland S and Robins JM.  Identifiability, exchangeability, and 
epidemiological confounding.  Int J Epidemiol 1986;15:413-419.

i i . Rothman and Greenland chapter 4

i i i . Greenland S and Morgenstern H. Confounding in health research. Ann 
Rev Public Health 2001;22:189-212.

i v . Newman SC. Commonalities in the classical, collapsibil ity and 
countefactual concepts of confounding. J Clinical Epidemiol 
2004;57:325-329.

v . Flanders WD and Khoury MJ.  Indirect assessment of confounding:  
graphic description and limits on effect of adjusting for covariates.  
Epidemiology 1990;3:239-246.

b. Recent methods

i . Greenland S, Pearl J, Robins JM. Causal diagrams for epidemiologic 
research. Epidemiology 1999;10:37-48.

i i . Joffe MM, Rosenbaum PR. Invited commentary: Propensity scores. Am J 
Epidemiol 1999;150:327-333.

5. Selection/ Follow-up Bias

a. Overview and fundamentals

i . Course text

i i . Maldonado G. Adjusting a relative-risk estimate for study imperfections. 
(Manuscript in review.)

6. Information Errors

a. Fundamentals

i . Jurek AM, Greenland S, Maldonado G, Church TR. Proper interpretation 
of nondifferential misclassification effects: expectations versus 
observations. Int Journal Epidemiol 2005;34:680-687.

i i . Bross I. M isclassification in 2 X 2 tables. Biometrics 1954;10:478-486.

i i i . Copeland KT, Checkoway H, McMichael AJ, Holbrook RH.  Bias due to 
misclassification in the estimation of relative risk.  Am J Epidemiol 
1977;105:488-495.
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i v . Dosemeci M, Wacholder S, Lubin JH.  Does nondifferential 
misclassification of exposure always bias a true effect toward the null 
value?  Am J Epidemiol 1990;132:746-748.

v . Letters in the August 15, 1991 issue of the American Journal of 
Epidemiology in response to Dosemeci et al., 1990 (especially the letter by 
Gilbert ES):438-442.

v i . Wacholder S, Dosemeci M, Lubin JH.  Blind assignment of exposure does 
not always prevent differential misclassification.  Am J Epidemiol 
1991;134:433-437.

v i i . Flegal KM, Keyl PM and Nieto FJ.  Differential misclassification arising 
from nondifferential errors in exposure measurement.  Am J Epidemiol 
1991;134:1233-1244.

v i i i . Thomas DC.  Re:  When w ill nondifferential misclassification of an 
exposure preserve the direction of a trend?  (letter) Am J Epidemiol 
1995;142:782-783.

ix. Weinberg CR, Umbach DM, Greenland S.  Weinberg et al. reply.  (letter) 
Am J Epidemiol 1995;142:784.

x. Sorahan T, Gilthorpe M. Nondifferential misclassification of exposure 
always leads to an underestimate of risk:  an incorrect conclusion. Occup 
Environ Med 1994;31: 839-840.

xi. Wacholder S, Hartge P, Lubin JH, Dosemeci M. Non-differential 
misclassification and bias towards the null: A  clarification. Occupational 
and Environmental Medicine 1995;52:557-8.

xi i . Sorahan T, Gilthorpe MS. Sorahan & Gilthorpe reply. Occupational and 
Environmental Medicine 1995;52:558.

xi i i . Maldonado G, Greenland S, Phil l ips C. Approximately nondifferential 
exposure misclassification does not ensure bias toward the null. 
(Abstract) American Journal of Epidemiology 2000; 151:S39.

xiv . Kristensen P.  Bias from nondifferential but dependent misclassification 
of exposure and outcome.  Epidemiology 1992;3:210-215.

xv. Chavance M, Dellatolas G, Lellouch J. Correlated nondifferential 
misclassification of disease and exposure. Int J Epidemiol 1992;21:537-546.

7. Artifacts of Statistical Methods
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a. Overv iew

i . Vandenbroucke JP.  Should we abandon statistical modelling altogether?  
Am J Epidemiol 1987;126:10-13.

b. Fundamentals

i . Rothman and Greenland chapters 12, 13.

i i . Greenland S.  Randomization, statistics, and causal inference.  
Epidemiology 1990;1:421-429.

i i i . Rothman and Greenland chapters 17, 20, 21.

i v . Maldonado G and Greenland S.  Interpreting model coefficients when 
the true model form is unknown.  Epidemiology 1993;4:310-318.

8. Sensitivity Analysis: An Introduction (this topic is covered in detail in PubH 
8142)

a. Fundamentals

i . Greenland S.  Chapter 19.  Basic methods for sensitivity analysis and 
external adjustment.  In Rothman KJ, Greenland S (eds.). Modern 
Epidemiology, 2nd Edition.  Philadelphia:  Lippincott-Raven, 1998.

i i . Maclure M, Scheeweiss S. Causation of bias: the episcope. Epidemiology 
2001;12:114-122.

b. New Methods

i . Maldonado G. Adjusting a relative-risk estimate for study imperfections. 
(Manuscript in review.)
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J. Learning Objectives

1. What you should know about confounding

a. Understand the nonidentifiabil ity problem, and be able to il lustrate it using 
the conceptual framework of Greenland and Robins (1986)

b. Understand the comparability assumption, be able to describe it in words 
and using the conceptual framework of Greenland and Robins (1986), and be
able to il lustrate how it renders an effect measure identifiable

c. Be able to use the conceptual framework of Greenland and Robins (1986) to 
write a formula for a causal incidence proportion ratio

d. Be able to give a precise definition of confounding, both using the 
conceptual framework of Greenland and Robins (1986) and using the 
counterfactual approach

e. Understand how stratification and standardization work in controll ing 
confounding. Be able to calculate an SMR.

f. Understand how randomization works in controll ing confounding

g. Know the ÒpropertiesÓ of a confounder, know that they are imperfect 
criteria, and know that the ÒpropertiesÓ are not verifiable from the data

h. Know that there is uncertainty in practice in the follow ing:

i . recognizing confounding

i i . selecting confounders to control

i i i . our abil ity to control confounding

i . Understand practical implications of the above ideas

j . Understand that one viable and honest method for dealing w ith uncertainty 
in our ability to deal w ith confounding is to perform a sensitivity analysis

k. Be able to apply the above ideas in the context of an applied study
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2. What you should know about selection/ follow-up bias

a. What it is

b. Understand the mathematics of selection/ follow-up bias for relative risk 
estimates

c. That the magnitude of follow-up bias depends on how losses occur, not just 
that losses occur (e.g., know that a low follow-up percent does not 
necessarily lead to bias)

d. Understand relative risk estimation in case-control studies

e. That matching in a case-control study is a classic example of selection bias

f. How to deal w ith it in practice
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3. What you should know about information errors

a. That in some very special situations measurement/ classification error 
always results in bias toward the null, but it is difficult to recognize those 
situations in practice

b. In many situations the direction of information bias can be unpredictable, 
and be able to recognize the following situations in practice:

i . Proxy variable error in measuring a time-dependent variable can be 
differential, and understand why

i i . Nondifferential misclassification of exposure does not always bias a true 
effect toward the null value, and understand why

i i i . Blind assignment of exposure does not always prevent differential 
misclassification, and understand why

i v . When a variable is coarsened, differential misclassification can arise 
from nondifferential measurement errors, and understand why

c. Information bias toward the null means that the estimate from your study 
is more likely to underestimate than overestimate the true effect (assuming 
no other biases)

d. That error in measuring a confounder reduces our ability to control for 
confounding and that control of a mismeasured covariate can even create 
new bias

e. That in some special situations error in classification of the outcome event 
w ill produce little or no bias, but it is difficult to recognize those situations 
in practice

f. How to deal w ith information bias in practice
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4. What you should know about artifacts of statistical methods (specification bias)

a. What they are

b. Why we should expect specification bias to some degree in all epidemiologic 
analyses

c. That random allocation to exposure status yields a statistically unbiased 
estimator and a probability distribution that can be used to compute 
inferential statistics

d. The difference between the epidemiologic concept of confounding and the 
statistical concept of bias

e. In the absence of randomization, inferential statistics donÕt provide valid 
p-values and confidence intervals

f. That scientific inference is not a statistical process

g. That a statistical model is a set of assumptions about nature, and be able to 
describe the major types of assumptions implied by statistical models

h. Be able to show mathematically the assumptions implied by a logistic 
structural model and a Poisson regression (rate) model

i . Simple techniques for relaxing dose-response assumptions and 
multiplicativity assumptions in logistic and exponential Poisson regression 
(rate) models

j . Why we need models to estimate effects

k. That in practice one rarely has enough information about nature to 
confidently specify a statistical model, and know how to deal w ith this 
uncertainty in practice

l . Why we cannot rely solely on goodness-of-fit tests to choose a model (i.e., 
why one should not Òlet the data aloneÓ determine the model)

m . Be able to define Òrandom errorÓ, ÒbiasÓ and ÒestimatorÓ

n. Practical implications of the above ideas

o. Be able to give a simple example to il lustrate specification bias
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5. What you should know about sensitivity analysis

a. That it is a technique for quantifying uncertainty in epidemiologic results

b. That ordinary analysis is just one very special result in sensitivity 
analysis--the result where one assumes all bias factors multiply to one

c. That any sensitivity analysis must assume a range for the bias factors, and its
results may be sensitive to the chosen range

d. Be able to give a simple example of a sensitivity analysis


