Epi265 Take Home Quiz 1  Please spend <=1 hour on this.  Due: April 26 2017 by 8pm.
[bookmark: _GoBack]Grades: 0-40=C; 40-59= B; 60+=A
Linking death certificates to census data for the year 2000, based on state of birth, year of birth, race, and sex, Glymour et al found that African Americans born in one of 7 southern states had a 29% higher odds of all-cause dementia mortality (i.e., dementia ICD code listed as a contributing or underlying cause on the death certificate) than African Americans born in any other state of comparable age and sex.  Whites born in one of these states had a 19% elevated odds of all-cause dementia mortality compared to whites born in another state. 
1. What is the assumption of exchangeability and is it a concern in this study (if so, how) if the goal is to draw causal inferences about the effects of place of birth on dementia related mortality?
Exchangeability= the counterfactual values of the outcome (death with dementia) under any specific treatment (born in the south vs not born in the south) are independent of the treatment actually received, in other words, one can “exchange” the dementia death status of people born in the south for the outcomes the people who were NOT born in the south would have had, if they had counter to fact been born in the south.  It is difficult to imagine factors that “confound” southern birth – although there may be many differences in outcomes between those who were born in the south and those born elsewhere, most of these factors should be downstream of place of birth. 
2. What is the assumption of consistency and do you think it was met in this study? 
Consistency is the assumption that the counterfactual value of the outcome under any particular treatment value is the same as the actual value of the outcome for people who had that actual treatment value.  It seems likely to be met in this case because state of birth is clearly defined. 
3. How would misclassification of dementia diagnoses influence the effect estimates?
Dementia is extremely underdiagnosed, and it is probably even more severe on death certificates.  This would in general lead to an attenuation of effect estimates if the underdiagnosis was similar for people born in the south versus outside the south.  The result we see could only be explained by misclassification if people who were born in the south were more likely to have been diagnosed with  dementia and that diagnosis was more likely to be included on the death certificate than people not born in the south.  
4. What do you think is the most important/questionable assumption in this design and how could you evaluate the assumption in another study? 
Few variables “confound” place of birth, and those that do seem plausible as confounders (e.g., genetics) seem somewhat unlikely to operate similarly for blacks and whites.  A person’s own lifestyle or SES may be a consequence of place of birth (a potential mediator) but cannot cause place of birth. Examples of plausible confounders would be maternal or paternal SES or lifestyles, although this is to some extent just moving the causal claim back a generation.  

“most important” is a matter of judgement but a major limitation of this study was that the outcomes (dementia deaths) and the “at risk population” were drawn from entirely different data sources (death certificates and census data).  The US Census has undercount problems, which are differential with respect to race and age, and presumably place of residence. Death data are generally thought to be fairly comprehensive, but the classification of race, place of birth, and year of birth is very likely inaccurate. Certainly, the person providing the information for the death certificate is unlikely to be the same as the person who provided information to the census.    

Suppose you are interested in the effect of routine exercise on systolic blood pressure (SBP).  Suppose you decide to evaluate this, using a sample of individuals whose SBP has not previously been treated, by estimating the following linear regression equation:
Yi=b0+b1*Ai+b2*Li+ei                                      ei ~N(0,s2)
Where Y represents SBP, A is routine exercise, and L is high education (i indexes individuals).  Previous research suggests that the effect of routine exercise is to reduce SBP by 3 units and high education predicts 10 units lower SBP. You conclude that in your data set, the best estimate of b1 is indeed -3.  
5. Now I ask you to repeat the analysis in a new data set, but in this sample I note that about 25% of people have such high SBP that they are receiving treatment to reduce their SBP.  Thus, their measured SBP is censored compared to their SBP if they were not treated.  As a result of this censoring, how do you expect the b1 will change compared to the b1=-3 in the previous sample? 
Treatment effectively creates a “ceiling” and any ceiling or floor on an outcome variable is expected to attenuate the cross-sectional association, so we would expect the beta estimate in the new sample to be somewhere between 0 and -3. 

6. Regardless of your answer to the above, you estimate the linear regression model in the new sample and find that the estimated coefficient for routine exercise is -5.  Please explain 4 distinct reasons, drawing generally on the concepts of statistical conclusion validity, internal validity, construct validity, and external validity, why the b1 may differ in your first and second samples. 
Statistical conclusion validity refers to the validity of inferences about the covariation between treatment and outcome.  It is possible that we found a more extreme estimated coefficient as a fluke – perhaps the estimate of b1 in the first sample was very imprecise and the estimate in the second sample is similarly imprecise. 
Internal validity refers to the validity of inferences about whether observed covariation between the treatment and outcome reflects a causal relationship from treatment to outcome.   Lack of internal validity may explain the difference in effect estimates, if either the association in sample 1 or sample 2 is subject to unmeasured confounding (or the association may be confounded in both samples, but to different degrees).
Construct validity refers to the validity of inferences about the higher order constructs represented by your measurements.  This may be violated if for example the meaning of the measure of “routine exercise” differs between the two samples.  Perhaps what is “routine” in the second sample is much more rigorous than what is routine in the first sample.
External validity refers to the validity of inferences about whether the cause effect relationship observed in one sample holds in other settings, e.g., with different people.  Lack of external validity in sample 1 would suggest that the actual effect of routine exercise is greater in people in sample 2.  Sample 2 people may simply be more responsive to exercise.




7. Using data from the ARIC study, I wish to test the hypothesis that neighborhood (operationalized as census tract) violent crime rates influence cognitive function (measured with a brief continuous neuropsychological assessment) and this effect is worse for people with the APOE-4 allele, which sharply increases risk of Alzheimer’s disease (compared to other APOE alleles).  Write the equation for a mixed model I could use to assess this hypothesis, and interpret each of the coefficients to be estimated.  





Assume you have estimated this model.  Write out how you would predict the cognitive function measure for a particular person i in neighborhood j.  
Yij=0+1*APOEij+2*NbhdCrimej+3*APOEij*NbhdCrimej+j+ij
j ~N(0,)
ij~N(0,)
Sometimes people write this in two stages, to emphasize that the intercept coefficient is random, as:
Yij=0j+1*APOEij+2*NbhdCrimej+3*APOEij*NbhdCrimej+ij
0j0 + j
j ~N(0,)
ij~N(0,)
This model specifies a “cross level interaction” between an individual level variable (APOE) and a neighborhood level variable (Crime).  The 3 provides the test of interest.  Note that this is just a random intercept model, I have not specified a random slope for APOE and it is not necessary to do so.  Some of you specified some version of a model including a random coefficient for APOE:
Yij=0j+1j*APOEij+2*NbhdCrimej+3*APOEij*NbhdCrimej+ij
0j0 + j
1j1 + j
As we discussed in class, there is some conceptual coherence to specifying a random coefficient for APOE and then assessing whether that variable in the b1 coefficient is partially explained by differences in the effect of APOE based on neighborhood crime.  You see this type of study from time to time, and particularly certain disciplines would normally start by adding a random slope to APOE and then (if there was evidence of variance in the coefficient for APOE), checking the interaction of APOE and Neighborhood crime.  But note that we do not have a random coefficient for the interaction term, and the interaction term coefficient (3) is still the coefficient of interest.  
8. Assume you have estimated this model.  I now ask you to predict the cognitive function for a new individual, not in your original data set, and I tell you this person lives in the Northbrook neighborhood of Jackson MS and is an APOE-e4 carrier.  In the original ARIC sample, 15 people were enrolled from the Northbrook neighborhood, and after accounting for APOE-e4 status, their average cognitive function score was 1 standard deviation below the overall mean for ARIC participants.  Write out how you would predict the cognitive function measure for this person.  
You did not have enough information to answer this question because you do not know the crime level in Northbrook.  Assume Northbrook was a low crime community. 
The predicted value for an APOE carrier in a low crime neighborhood would be 0 + 1. But since you know this person specifically was in Northbrook, and Northbrook averaged 1 SD below the overall average, your best prediction for this person would be a weighted average of 0 + 1 (the group average for APOE carriers) and 0 + 1-1SD (which accounts for the 1 SD lower expected score among people in Northbrook).  The weight given to the overall average versus the specific mean for Northbrook depends on the variance of the random effects ( the number of people observed in Northbrook, which was used to estimate the  deviation for Northbrook, and the variance of the individual level residuals . 
9. I am developing a randomized trial of a blood pressure management in-person education session, which aims to teach newly diagnosed hypertensives to maintain recommended levels of blood pressure, compared to a control group that receives printed literature on hypertension.  I must decide on the design of the study. I could randomize individuals and provide this intervention via one-on-one sessions between a health educator and a single patient, or I could randomly assign entire clinics to the intervention and hold group sessions of one health educator with 10 patients.  Each group session costs about twice as much as each one-on-one session, so for the same total number of patients it is much cheaper to use cluster randomization.  What information do I need to know to decide how many patients I must enroll and decide whether it is advantageous to use cluster randomization?
You want to know the plausible effect size of each intervention on individual values of the primary outcome (presumably, a measure of blood pressure), the design effect due to clustering of that outcome within clinics (for which you’ll need to know the rho for the outcome and the average number of people per cluster), the alpha threshold to be used in evaluating the hypothesis (e.g., 0.05), and the statistical power desired (ie the probability that you could detect an effect as large as you anticipate achieving given the proposed sample size and alpha threshold).   
1. How do I calculate the design effect for this study?
The approximate design effect for a coefficient regressing y (dependent variable) on x (independent variable) is 1+rhox*rhoy*(mavg-1).  In a cluster randomized trial rhox=1, so you only need to know rhoy.
