Statistics for Epidemiology                 Nicholas P. Jewell 

Solution Set: Chapter 8
Question 8.1

I.  

	
	A
	Not A
	

	B
	9 (a)
	1 (b)
	10 (a+b)

	Not B
	81 (c)
	9 (d)
	90 (c+d)

	
	90 (a+c)
	10 (b+d)
	100 (a+b+c+d)


χ2obs = n(ad-bc)2/(a+b)(a+c)(b+d)(c+d) = 100((9*9)-(1*81))2/(10)(90)(10)(90) = 0

Comparing this test statistic to a χ2 distribution with 1 df we find a p-value of 1.00.  This leads us to accept the null hypothesis of independence in Table I.

II.  

	
	A
	Not A
	

	B
	25 (a)
	25 (b)
	50 (a+b)

	Not B
	25 (c)
	25 (d)
	50 (c+d)

	
	50 (a+c)
	50 (b+d)
	100 (a+b+c+d)


χ2obs = n(ad-bc)2/(a+b)(a+c)(b+d)(c+d) = 100((25*25)-(25*25))2/(50)(50)(50)(50) = 0

Comparing this test statistic to a χ2 distribution with 1 df we find a p-value of 1.00.  This leads us to accept the null hypothesis of independence in Table II.

Combined I+II

	
	A
	Not A
	

	B
	34 (a)
	26 (b)
	60 (a+b)

	Not B
	106 (c)
	34 (d)
	140 (c+d)

	
	140 (a+c)
	60 (b+d)
	200 (a+b+c+d)


χ2obs = n(ad-bc)2/(a+b)(a+c)(b+d)(c+d) = 200((34*34)-(26*106))2/(60)(140)(60)(140) = 7.26

Comparing this test statistic to a χ2 distribution with 1 df we find a p-value =.007.  This leads us to reject the null hypothesis of independence in the combined I + II table.

The above is an example of confounding as it is assessed empirically.  We find a different association between two variables within stratified levels of a third factor than in a table which sums across levels of that third factor.

Question 8.2

No, C can confound the E—D relationship if C is directly associated with D (after controlling for E) and is associated with E. However, E may not be directly associated with D after controlling for C, and so cannot confound the C—D relationship in this situation.
Question 8.3







There is no confounding of the Smoking--LBW relationship here, since there is no backdoor pathway from LBW to Smoking (note that Resp. Cond. Is a collider on the pathway LBW—TB—Resp.Cond—Smoking).

If we adjust for Resp. Cond., then an association is induced between TB and Smoking as follows:



Therefore, after adjustment for Resp. Cond., there is now confounding of the Smoking—LBW relationship.

If Resp. Cond. Directly causes LBW, then the first causal graph changes as follows:



Now there is confounding present due to the presence of the backdoor pathway LBW—Resp.Cond—Smoking. Adjustment for Resp. Cond. produces the same causal graph as earlier, i.e.:


Again, there is confounding present in this graph. 

In the first scenario, an unadjusted analysis is appropriate, In the second scenario, it is necessary to adjust for both Resp. Cond. And TB to remove confounding.

Question 8.4


The above causal graph is identical to that in Figure 8.6 except that we have added the assumption that SES is associated with the health condition by a direct pathway in addition to its association through access to medical care.



As medical care access is a collider, if we adjust for it (illustrated by removing it from the graph and all of its associated edges) we induce an association between SES and family history.  In the text example, we had the option of adjusting for either family history or SES to remove confounding (to remove any unblocked backdoor paths between vaccination and health condition).  However, we can see with the added direct path between SES and health condition, we now have two unblocked backdoor paths between vaccination and health condition – that which goes from vaccination to SES to family history to health condition AND that which goes from vaccination to SES to health condition.  Because of this second path, we cannot eliminate confounding by adjusting for family history only.  It is required now that we adjust for SES because of this second backdoor path through SES.  As illustrated in the causal graph below, which adjusts for SES (removes it and all associated edges), we no longer have any unblocked backdoor paths between vaccination and health condition.

Question 8.5



If we assume that medical care access has no influence on vaccination rates or on the risk of the childhood health condition then no confounding exists between vaccination and health condition, that is, there is no unblocked backdoor path between the two variables – while there is a backdoor path, this path is BLOCKED by medical care access (a collider).

Because medical care access is a collider, if we adjust for it, we induce an association between SES and family history.  Therefore, if we adjust for medical care access, we create an unblocked backdoor path between vaccination and health condition that was not there originally.  In other words we induce confounding by adjusting for medical care access.  To obtain an unconfounded measure of effect between vaccination and health condition based on these assumptions, we would now have to further adjust for either SES or family history.  This induced confounding by adjusting for medical care access unnecessarily is illustrated below.



Question 8.6






Adjustment for A



Adjustment for B



Adjustment for A and B


Question 8.7


The above causal graph illustrates how underlying health conditions can confound the association between employment industry and mortality – there is an unblocked backdoor path between employment industry and mortality through underlying health conditions.



The above causal graph represents assumptions behind the refined analysis described in the problem using job characteristics as a measure of exposure in place of overall employment industry.  Unlike the first graph drawn, which shows that underlying health conditions confounds the employment-mortality association, the second graph shows that underlying health conditions does not confound the job characteristics-mortality association.  This is because length of tenure is a collider and blocks the path between these two variables, leaving only the direct path as a way to get from job characteristics to mortality.


The above graph illustrates how adjusting for the collider, length of tenure, which is a joint effect of underlying health conditions and job characteristics, induces an association between these two variables which did not exist before.  This results in confounding of the job characteristics-mortality association, which was unconfounded prior to adjustment, by creation of a new, unblocked path. 

Question 8.8

We can assume that cholecystitis status affects one’s likelihood of being hospitalized and, additionally, that diabetic status also affects one’s likelihood of being hospitalized.  These relationships are represented in the causal graph below:




As hospitalization is a collider, or joint effect of cholecystitis and diabetes, adjusting for it will induce an apparent association between cholecystitis and diabetes, even if there is no causal effect of cholecystitis on diabetes.



Question 8.9

i. The following graph illustrates plausible relationships between E, D and F in this example.  Actual exposure to the drug in the first trimester should affect self-reported use of that drug post-partum.  It is also plausible (and assumed in this graph) that disease status can affect self-reported exposure – that is, mothers of children born with congenital defects may be more likely to report exposures in the first trimester than mothers of healthy children.  


As the data reflect that F is related to D conditional on E, we must ensure that our graph reflects this as well.  We can check to see that this property is satisfied by adjusted for E and noting whether a path exists between F and D.  The graph immediately below indicates that after removal of E and all of its associated edges an association remains between F and D.  


We have now confirmed that our causal graph is in line with the empirical data.  Therefore, based on our graph depicting the relationship between E, F and D, we would not want to adjust for F because F is a collider and adjusting for it will actually induce confounding into the E-D association.  We can see in the graph below that if, for example, no relationship existed between D and E, adjusting for the joint effect, F, would induce a relationship between these two variables, resulting in a confounded measure of association between D and E.



The causal measure of association in this case is, therefore, the unadjusted or crude measure of association for E and D.

ii. The following graph illustrates plausible relationships between E, F and D, as well as other unmeasured variables.  Specifically, actual individual dose of radon absorbed is likely affected by the amount of radon in a given mine, the mine itself affects the amount of radon in that mine as well as the amount of other potentially harmful exposures (e.g. silica), and individual characteristics (e.g. physical exertion) could affect individual radon dose absorbed into the lungs.  Keep in mind that this study gives rise to the exact same data we observed for the case-control study in the example above.  The first graph below illustrates these assumptions, while the second confirms that if we adjust for E (remove it from the graph and its associated edges), there remains an association between F and D (in this case an unblocked backdoor path).  We have, thereby, again, met the criterion that F and D be related, conditional on E.



We see from the first graph above that the relationship between E and D is confounded.  That is, there is an unblocked backdoor path between E and D through F, mine and other exposures.  We can also see in the graph below that adjusting for F (removing it from the graph with all of its edges) removes all confounding of the E-D association (that is, when we adjust for F there are no longer any paths between E and D, other than the direct association between the two variables).


The causal measure of association in this case is, therefore, the adjusted measure of association for E and D.  Note that this conclusion is different than that for the first example even though the data we obtain from the two studies are identical.

iii. The following graph illustrates plausible relationships between E, F and D.  Specifically, the treatment group to which an individual is randomized (F) should affect their exposure (E).  There should be no relationship between treatment group and breast cancer risk (D) as treatment assignment is entirely random.  




Unfortunately, this graph cannot accurately represent the relationships in question because it does not meet the criterion that F be related to D conditional on E – that is, if we adjust for E (remove it and all associated edges from the graph), F is clearly unrelated to D as depicted below.


We therefore need to consider other, unmeasured variables, that we have not accounted for in our graph.  Consider the graph below which includes unmeasured variables (U) which are associated with both disease risk and exposure (compliance with the assigned treatment).  As low-fat diet is the treatment in this example, imagine that body weight is an unmeasured variable.  Body weight may affect individual compliance with the treatment (and, hence, exposure) as people with higher body weights randomized to a low-fat diet may have more motivation to comply with the treatment than people with lower body weights randomized to this group.  One can also assume that body weight is associated with cancer risk.




Based on this modified causal graph, we can see that if we adjust for the collider E, a joint effect of F and U, we induce an association between F and U that creates a path between F and D. This is illustrated in the graph below.  This modified graph, therefore, meets the criterion that F and D be related, conditional on E.



Based on this modified causal graph, which incorporates unmeasured confounders associated with E and D, we can see that we cannot obtain a causal measure of association between E and D because we have not measured U.  This is illustrated below where F is removed from the graph and there still remains an unblocked backdoor path between E and D through U.  


Again, keep in mind that data from this study is identical to that obtained from the first two examples, yet we come to a different conclusion regarding which measure of effect (adjusted, crude or neither) represents the causal (or unconfounded) association.
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