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Analysis of Observational Studies
June 28, 2005
By observational study, we mean any study that does not involve random assignment of units to different conditions. It may involve random sampling. For example, the study conducted by Farkas et al. (1999) is an observational study. Data were collected via random sampling (Current Population Survey). The type of observational study we will be most concerned with in this course is a study designed to determine the association between a condition, exposure, or treatment on an outcome (also called “risk-factor studies” or “epidemiologic studies” if the outcome is related to human health). 
Determining the Scientific Question
In a randomized experiment, there is (usually) not much confusion about the scientific question—it is implicitly determined by the design, i.e., what is the effect of the intervention (whatever was randomly assigned) on the outcome (there may be some confusion about this, i.e., which outcome). The first difference that we encounter in observational studies is that we should try to avoid use of the word “effect” because we typically cannot infer a causal relationship, so we use terms like “association” or “prediction” to describe our results. (Note the looser use of the word “effect” in 

Statistics, e.g., “fixed effect”, “random effect”.)
We can distinguish between two types of scientific question that can be addressed by observational studies: 1) questions concerned solely with prediction without suggestion of causal relationships, and 2) questions with an underlying motivation to uncover a causal relationship. For the first type, we are satisfied with an association because this is useful in its own right, regardless of the mechanisms involved. For the second type of question, we must examine mechanisms more carefully.
Example: Predicting obesity in young adulthood from childhood and parental obesity. (abstract at end)
This study includes both types of question:
1) does childhood obesity predict adult obesity (first statement in conclusions),
2) does parental obesity influence child obesity (second, bolded statement in conclusions).
In discussion of the results for the first question, the authors are quite careful to examine the predictive value of childhood obesity. For example, even though obesity in young children (1-2 years) is predictive of obesity later, most obese young children will not be obese adults, so “physicians should avoid labeling these children as being at risk for later obesity” (from discussion). However, in late childhood the child’s obesity becomes more of a concern. The second question also has a predictive aspect (it helps identify children at risk of obesity), but there is also a desire to uncover a causal relationship—note that parental obesity is predictive even after adjustment for the child’s own obesity status (underlined in abstract). In the discussion we see possible mechanisms for this finding (genetic and environmental factors). 
Challenges in the analysis of observational studies (contrasted with randomized experiments)

Many of the challenges of observational studies are the same as those of experiments that we discussed previously. The “Analysis by Design” Principle still holds (although the reasons are not quite as compelling): the statistical analysis should parallel the design of the study. The most important aspect of this relates to the unit of analysis and its relationship to the sampling unit. (Note that in a randomized experiment, analysis by design is especially important because it provides justification for the statistical inference.)
Issues that apply to both randomized and observational studies (with some minor differences in emphasis) include: choice of outcome variable and test statistic, modeling assumptions, multiplicity, power, and missing data. For example, multiplicity is still an issue though formal adjustment for multiple testing is not done as often because the approach to testing in general is less formal.

There are a couple of issues that have very different meaning in observational studies: 1) imbalance between treatment groups is expected in observational studies unlike randomized experiments (see discussion of confounding below), 2) adherence to certain treatments, lifestyles, etc. is the very thing being studied in an observational study (whereas in a randomized clinical trial the patient’s lack of adherence prevents us from learning the effect of the assigned treatment). 
The possibility of bias is the most important issue in the analysis of observational studies. Three major sources of bias are confounding, measurement, and sampling (see below for further discussion). The following criteria may be helpful in evaluating whether the evidence for a causal relationship from an observational study outweighs the potential for bias. 

Criteria for Inferring Causal Relationships from Observational Studies

Scientific Plausibility

Is there theory to support the findings? Are there no alternative explanations for the findings? Is there agreement with other studies using different designs and populations? This is primarily an issue for discussion although one has to be careful with analysis when investigating exposures in the absence of any supporting theory or evidence (e.g., multiplicity issues in data dredging).
Cause Precedes the Effect

Not only must the cause come before the effect but, ideally the cause is measured before the outcome is measured. This is the main reason that prospective studies are better than retrospective longitudinal studies and cross-sectional studies.

Ex: Does parental smoking cessation discourage adolescent smoking? (abstract at end)

These authors did 1) a cross-sectional analysis of the association between parental smoking association and their children’s smoking, and 2) a retrospective analysis of the effect of the age of the child when the parent quit. However, a prospective longitudinal study would be even better.

Ex: Predicting obesity in young adulthood from childhood and parental obesity. (abstract at end)

This study was a retrospective longitudinal study that relied on historical medical records for weight and height.

Strength of the Association
The larger the magnitude of the association, the stronger is the evidence for a causal relationship, all else being equal. Why? A small association (eg, RR < 1.5 or RR < 2) could be due to bias (confounding, measurement, or sampling) because one can not rule out the possibility of at least a small amount of bias. A large association (eg, RR > 3) may not be explainable in terms of bias (of course, this assumes that reasonable control of bias has been achieved). A lengthy discussion of this point is given in “Epidemiology faces its limits,” (Taubes G, Science 269 (5221):164- JUL 14 1995).

Ex: Does parental smoking cessation discourage adolescent smoking? (abstract at end)

Associations were small (one-third reduction in risk). Possibly entirely due to bias.

Ex: Predicting obesity in young adulthood from childhood and parental obesity. (abstract at end)

Associations varied from the small (OR 1.3), to the medium (OR 2.2, 3.2), to the very large (OR 17.5).

Dose-Response Relationship
The evidence is stronger if the association increases monotonically with the amount of the cause or the period of time of exposure to the cause. The reason is that such a finding would be attributable to bias only if the sources of bias displayed this monotone pattern.

Ex: Does parental smoking cessation discourage adolescent smoking? (abstract at end)

In this study, the prevalence of children’s smoking increased monotonically with the age at which their parents quit smoking (see bolded statement in conclusions).
Ex: Predicting obesity in young adulthood from childhood and parental obesity. (abstract at end)
The prevalence of obesity increased with 1) increasing levels of childhood obesity, 2) age at which child’s obesity status assessed, and 3) number of obese parents.

Specificity of the Association
Is the cause associated only with the effect of interest or is associated with other unrelated outcomes as well? Associations with other outcomes (especially ones for which there is no scientific plausibility) raise suspicions of bias. This criterion is under-utilized, because the necessary data are usually not obtained, but it is an important consideration in reviews or meta-analyses where one can gather evidence from different studies using different outcomes.

Control of Bias in Observational Studies

Bias due to Confounding

A confounding variable is one that has a causal effect on both the predictor variable and the outcome variable. Attempt should be made to control known confounders in the analysis. Potential problems are: 1) we don’t know what the confounders are, 2) we haven’t measured all the confounders, 3) the confounder variables we have are measured poorly. Related to the first point, one has to guard against controlling for effects on the causal pathway and adjusting away part of the association you are interested in. Important point: don’t use statistical significance as a criterion for selecting potential confounders to control in your analysis. This can cause you either to adjust for an inappropriate variable or to not adjust for a variable that should be controlled.
Example: Does parental smoking cessation discourage adolescent smoking? (abstract at end)

Confounding by effects related to demographic/socio-economic status is possibility so the analyses controlled age, education, and income of the father (why not mother too?) as well as “demographic characteristics of the adolescents” (sex, ethnicity,…?).
Ex: Predicting obesity in young adulthood from childhood and parental obesity. (abstract at end)

For prediction, confounding is not relevant so no adjustment should be done. For analyses of the influence of parental obesity on child’s obesity in young adulthood, after adjusting for child’s own obesity, the possible mechanisms include shared environmental factors. Some of these (e.g., diet) are of interest, but it’s conceivable that there are also some environmental factors that are confounders (e.g., neighborhood effects).

Measurement Bias

Measurement error can cause bias if it is random or systematic. Random measurement error will typically attenuate (reduce the magnitude) of an association. However, systematic measurement error can bias an association in either direction.

Ex: Does parental smoking cessation discourage adolescent smoking? (abstract at end)

Could self-report of smoking be systematically biased? For example, parents whose kids smoke may under-report their own smoking (or over-report their own smoking) due to feelings of guilt. This problem is accounted for by a prospective study in which the parents report  their smoking before the kids start to smoke. However, this leaves the potential for systematic bias in the kids’ self-report, which could be influenced by the parents’ smoking status.

Ex: Predicting obesity in young adulthood from childhood and parental obesity. (abstract at end)

Measurements of height and weight are not likely to be too biased. However, they are likely to be quite imprecise which should attenuate the associations.

Sampling Bias

This includes both bias due to unrepresentative sampling and bias due to attrition or missing data.

Ex: Does parental smoking cessation discourage adolescent smoking? (abstract at end)

The selection of the sample used random sampling (Current Population Survey of Census Bureau) so should be representative. Results were weighted for non-response but amount of non-response is unclear.
Ex: Predicting obesity in young adulthood from childhood and parental obesity. (abstract at end)

Participants were all members of Group Health Cooperative born 1965-1970 who had at least one outpatient visit after age 21, which is fine, except that necessary data were available for only 64%. Potential for missing-data bias is unclear. 

Predicting obesity in young adulthood from childhood and parental obesity. Whitaker RC, Wright JA, Pepe MS, Seidel KD, Dietz WH. NEW ENGLAND JOURNAL OF MEDICINE 337 (13): 869-873 SEP 25 1997.
Background Childhood obesity increases the risk of obesity in adulthood, but how parental obesity affects the chances of a child's becoming an obese adult is unknown. We investigated the risk of obesity in young adulthood associated with both obesity in childhood and obesity in one or both parents. Methods Height and weight measurements were abstracted from the records of 854 subjects born at a health maintenance organization in Washington State between 1965 and 1971. Their parents' medical records were also reviewed. Childhood obesity was defined as a body-mass index at or above the 85th percentile for age and sex, and obesity in adulthood as a mean body-mass index at or above 27.8 for men and 27.3 for women. Results In young adulthood (defined as 21 to 29 years of age), 135 subjects (16 percent) were obese. Among those who were obese during childhood, the chance of obesity in adulthood ranged from 8 percent for 1- or 2-year-olds without obese parents to 79 percent for 10-to-14-year-olds with at least one obese parent. After adjustment for parental obesity, the odds ratios for obesity in adulthood associated with childhood obesity ranged from 1.3 (95 percent confidence interval, 0.6 to 3.0) for obesity at 1 or 2 years of age to 17.5 (7.7 to 39.5) for obesity at 15 to 17 years of age. After adjustment for the child's obesity status, the odds ratios for obesity in adulthood associated with having one obese parent ranged from 2.2 (95 percent confidence interval, 1.1 to 4.3) at 15 to 17 years of age to 3.2 (1.8 to 5.7) at 1 or 2 years of age. Conclusions Obese children under three years of age without obese parents are at low risk for obesity in adulthood, but among older children, obesity is an increasingly important predictor of adult obesity, regardless of whether the parents are obese. Parental obesity more than doubles the risk of adult obesity among both obese and nonobese children under 10 years of age. (C) 1997, Massachusetts Medical Society. (bolding mine)

Does parental smoking cessation discourage adolescent smoking? Farkas AJ, Distefan JM, Choi WS, Gilpin EA, Pierce JP PREVENTIVE MEDICINE 28 (3): 213-218 MAR 1999.
Background. We examined the relationship of smoking cessation in parents to smoking uptake and cessation by their adolescent children. Methods. We analyzed a cross-sectional sample of 4,502 adolescents, ages 15-17 years, who lived in two-parent households that were interviewed as part of the 1992-1993 Tobacco Supplement of the Current Population Survey, which questioned householders 15 years of age and older about their smoking history. Ever smokers reported smoking at least 100 cigarettes in their lifetime. Former smokers were ever smokers who had quit. Results. Multivariate analyses, adjusted for demographic characteristics of adolescents, as well as father's age, education, and family income, found that adolescents whose parents had quit smoking were almost one-third less likely to be ever smokers than those with a parent who still smoked. Furthermore, adolescent ever smokers whose parents quit smoking were twice as likely to quit as those who had a parent who still smoked. Parental quitting is most effective in reducing initiation if it occurs before the child reaches 9 years of age. Conclusions. Encouraging parents to quit may be an effective method for reducing adolescent smoking, through decreased uptake and increased cessation. The earlier parents quit, the less likely their children will become smokers. (C)1999 American Health Foundation and Academic Press. (bolding mine)

