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9 Alternatives to randomized trials for estimating treatment effects
Introduction
We said in Chapter 8 that randomized blinded trials are the best way of determining treatment effects because they minimize the potential for confounding, co-interventions, and bias, thus maximizing the strength of causal inference. However, sometimes observational studies can be attractive alternatives to randomized trials, because they may be more feasible, ethical, or elegant. Of course, the issue of inferring causality from observational studies is a major topic in classical risk factor epidemiology. In this chapter, we focus on observational studies of treatments rather than risk factors, describing methods of reducing or assessing confounding that are particularly applicable to such studies.
Confounding by indication
We discussed in Chapter 8 that confounding refers to the distortion of the effect of variable A on the outcome C by a third variable B, which is a cause of (or shares a common cause with) both A and C.  We focus on treatments that are supposed to be beneficial, that is, to have an RR < 1 for a bad outcome. One type of confounding makes treatments appear better than they really are – for example, finding a beneficial treatment effect when, in truth, the treatment either has no effect or causes harm. In this situation, a confounder associated with receiving the treatment reduces the risk of a bad outcome.
An example is use of vitamin E to prevent cardiovascular disease. Multiple observational studies suggested a protective effect,[1] but randomized trials have found no benefit[2] suggesting that the favorable health habits (e.g., better diet, exercise, or health awareness) are the true cause of the lower risk of cardiovascular disease among users of vitamin E (Figure 9.1).[footnoteRef:1] [1:  This discussion and Figure 9.1 simplify a little.  It’s not actually the other favorable health habits themselves that increase Vitamin E intake, it’s the interest in staying healthy that is the common cause of both the Vitamin E intake and the favorable health habits, but we're trying to keep it simple. ] 

Alternatively, when a confounder that is associated with receiving the treatment increases the risk of a bad outcome, it can mask or reduce the apparent benefit of the treatment.[footnoteRef:2]  For example, if only the sickest people get the treatment in question, the treatment may look harmful even when it actually helps. This effect is often called confounding by indication because often those in whom the treatment is most indicated are those at highest risk of the bad outcome that the treatment is designed to prevent. [2:  This type of confounding is sometimes referred to as suppression and the confounder is referred to as a suppressor.] 

[image: ]
Figure 9.1 Confounding: Vitamin E seemed to reduce the risk of cardiovascular disease when presumably it is only associated with favorable health habits that reduce risk.
Confounding by indication is illustrated by a study of phototherapy (light treatment) during the birth hospitalization of newborns to prevent later readmissions for jaundice. [3]  In the entire Kaiser Permanente birth cohort in which the study was done (N= ~200,000), those who were treated with phototherapy during the birth hospitalization were twice as likely to be readmitted for phototherapy as those who were not (RR = 1.96; P= 5 x 10-69).  But, of course, this is because those who were treated with phototherapy during the birth admission had worse jaundice than those who were not, and hence were at higher risk of readmission. (Figure 9.2). 
[image: ]
Figure 9.2 Confounding by indication. The favorable effect of phototherapy during the birth admission on readmissions for phototherapy is masked by the fact that those who get it are at higher risk due to worse jaundice.
Restricting the study population to the 30,497 newborns who had bilirubin levels just below those at which phototherapy was recommended in national guidelines brought the relative risk down to 0.36.  It declined even further after multivariable adjustment for additional confounding variables.  Thus, confounding by indication made phototherapy look falsely bad.  
If all of the important confounders can be measured, a traditional multivariable analysis may reduce or eliminate confounding by indication, allowing us to estimate treatment effects with an observational study.  In the remainder of this chapter we will review some other approaches.
Instrumental variables
When we discussed the “Intention to Treat” principle in Chapter 8, we acknowledged that in randomized controlled trials, there might be an imperfect relationship between the predictor variable of interest (e.g., actually taking the medication) and the predictor variable analyzed (group assignment). We stressed that to maintain the strength of causal inference provided by randomization it is important to analyze by group assignment – that is, people assigned to take the medication should be compared with people assigned to placebo, rather than comparing people who took the medication with those who did not. However, if this intention-to-treat analysis results in significant misclassification of exposure (e.g., because some people assigned to the drug do not take it and/or some assigned to placebo obtain the active drug), the estimate of effect size will be biased toward the null. 
One of the best applications of an instrumental variable analysis is to mathematically reverse the bias toward the null that results from nonadherence or treatment crossover in a randomized trial (or other situations when the likelihood of treatment is randomly assigned, as discussed below).  If the investigators can assume that all of the observed difference between groups is due to the greater likelihood of receiving the treatment under study among those randomized to it, they can calculate what the effect of actually receiving the treatment would need to be to produce the observed (attenuated) difference between treatment groups. 
The concepts here are somewhat abstract, so the easiest way to explain and understand instrumental variables may be with some examples. A study one of us helped design used an instrumental variable to study delayed effects of military service during the Vietnam-era on mortality.[4] The exposure of interest in this case was military service. The outcome variable for the study was mortality, as determined from electronic death certificate registries from California and Pennsylvania that included the date of birth of the decedent and the cause of death. 
Although mortality rates of Vietnam veterans could easily be compared with those of nonveterans, the inference that differences in mortality after the period of service were caused by the military service would be weak, because men who served differed in many ways from those who did not – military service was not randomly assigned. However, for several years beginning in December 1969, annual draft lotteries were held, and 19-year-old men were randomly assigned a number from 1 to 366 based on their birth dates. Beginning in January each of the following years, men were drafted starting with the lowest lottery numbers, until a sufficient number of men had been drafted for that year. Thus, the instrumental variable chosen for this study was eligibility for the draft, as determined by whether a man’s birth date corresponded to a draft lottery number above or below the highest number called for his year of birth (e.g., #195 for men born in 1950). Draft eligibility seemed to be a good instrumental variable, because it was associated with the predictor of interest, military service, but not independently associated with the outcome, mortality.
As it turned out, draft eligibility was a poor marker for actual military service. Only 25.6% of men whose birth dates made them eligible for the draft actually served, compared with 9.3% of men whose birth dates made them exempt. Nonetheless, the large sample size enabled the study to find statistically significantly higher mortality among draft-eligible men in the years following the period of possible military service, with observed relative risks of 1.13 for suicide (P = 0.005), 1.08 for motor vehicle accidents (P = 0.03), and 1.04 for all-cause mortality (P = 0.03).
These results, analogous to an “intention to treat” analysis of a randomized trial in which there was considerable crossover between groups, provide strong evidence of causality. However, the RRs using the instrumental variable are biased toward the null for the effect of military service, rather than eligibility for the draft. Therefore, the investigators algebraically calculated what the RR for military service would need to be in order to produce the association found between the instrumental variable of draft eligibility and observed mortality. If all of the excess risk among draft-eligible men was due to military service (a hypothesis that could not be tested with this design) RRs would need to be 1.86 for suicide, 1.53 for motor vehicle accidents, and 1.25 for total mortality.[footnoteRef:3] [3:  The calculation requires an assumption that the observed risks in eligible and exempt men are each a weighted average of risks among those who did and did not serve, and that these risks are the same in eligible and exempt men. This RR applies only to those who served as a result of having a low lottery number. There is no way of telling the effects of service on those who would or would not have served regardless.  Sometimes this effect on those whose exposure is affected by the instrument (“compliers”) is called the “Complier Average Treatment Effect” or the “Local Average Treatment Effect.”] 

Another example of an instrumental variable analysis where the instrument was randomized group assignment comes from a randomized trial of smoking cessation interventions among CVS Caremark employees.[5] The investigators compared two types of interventions with usual care.  In reward-based interventions, employees were given $200 for biochemically confirmed abstinence at each of 4 time periods, for a total bonus of up to $800 for abstinence at 6 months.  In deposit-based interventions, the employees had to deposit $150 of their own money, which would be refunded only if they quit smoking.  
In the intention-to-treat analysis, quit rates were higher in the reward group (15.7% vs 10.2%,) because many more people randomized to that program accepted their treatment assignment (90.0% vs 13.7% in the deposit group).   But the instrumental variable analysis addressed a different question: how effective were interventions if they were accepted.  (This is analogous the effect of military service rather than draft eligibility.)  This question cannot be answered with a “per protocol” analysis, comparing quit rates among people who accepted their treatment assignment, because people who accepted the deposit program almost certainly were more motivated to quit at the outset than those who accepted the reward program.  But the instrumental variable analysis showed that among those who would accept either program, the deposit program was much more effective (absolute increase in quit rates 13.7%). 
Of course, instruments that are randomly assigned are limited, so in most cases the investigator needs to seek out other variables that are associated with the treatment of interest and thought not to be (independently) associated with the outcome. The outcome is then determined in relation to this “instrumental variable,” rather than the actual treatment or exposure of interest. As with a randomized study, the expected bias toward the null that then occurs from misclassification of exposure is overcome with a combination of a large sample size and calculations to reverse the effect of the imperfect relationship between the instrumental variable and the predictor of interest.
[image: Screenshot 2017-10-24 15]For example, Tan et al[6] wished to compare partial nephrectomy (removing just the kidney tumor) with radical nephrectomy (removing the whole kidney and surrounding lymph nodes) among older patients with early-stage kidney cancer.  Radical nephrectomy has been the traditional treatment, and at the time of their study, many surgeons did not yet do partial nephrectomies in these patients.  The authors used Medicare data to create a “differential distance” instrument for each of the 7,138 patients in the study, equal to the distance (in miles) between the closest surgeon who had performed at least one partial nephrectomy in the previous year and the closest kidney surgeon of any kind. (Thus, this distance would be 0 if the closest kidney surgeon had performed at least one radical nephrectomy in the previous year.)  They showed that as this differential distance increased, patients were less likely to be treated with partial nephrectomy, as expected (Figure 9.3).[footnoteRef:4]  The authors found that both in unadjusted analyses and instrumental variable analyses patients treated with partial nephrectomy had longer overall survival. [4:  The effect of differential distance looks more impressive with the inclusion of both light and dark colored bars, doesn’t it?  But in fact, the dark colored bars provide no information in this figure: the two bars always sum to 100%.] 
Figure 9.3  Surgical treatment by differential distance.  From Tan et al., permission pending

This type of geographic proximity instrument has also been used for many other treatments, including heart attack interventions[7] and hip fracture anesthesia.[8] Its main limitation is the assumption that there are not other important differences between patients who live near different hospitals besides those measured and controlled for in analyses.[9] For example, are patients that live near medical centers that offer newer procedures likely to have different health habits or get better medical care in other ways?  The causal inference can be strengthened if the authors search for and fail to find evidence that underlying assumptions might be violated (for example, by looking for differences in outcomes thought not to be related to the treatment of interest).  This is the topic of the next section.
Falsification tests for confounding or bias
Clinical trials, natural experiments, and studies using instrumental variables all are designed with a goal of minimizing or controlling confounding. An alternative approach is not to control confounding, but to propose falsification tests, i.e., comparisons designed to make your hypothesis look less credible.  It is important that these be specified in advance, to avoid the temptation of running multiple falsification tests and reporting only those that look good.[10]  
There are three strategies for these falsification tests. The first is to measure another outcome that would be affected by the unmeasured confounder of concern but not by the treatment. If the treatment seems to affect this second outcome, confounding is likely to be a problem. The second is to measure another predictor variable in addition to the treatment of interest that is not felt to have a causal effect on the outcome but which should be associated with the unmeasured confounder. If confounding has an important effect on the relationship between the treatment and the outcome, it should also affect the relationship between the second predictor and the outcome.  Finally, the association can be studied in different patient populations predicted to be more or less susceptible to the exposure or treatment being studied; the effect should be smaller (or absent) in the less (or not) susceptible population.
Concrete examples of these two methods should help clarify the abstract discussion above.
Measuring another outcome
A classic example of measuring a second outcome, subject to the same potential confounders as the outcome of interest is a study of sigmoidoscopy by Selby et al. [11] They did a case–control study of screening sigmoidoscopy to prevent colon cancer death. The colon cancer deaths were divided into those caused by cancers that likely were and were not within reach of the sigmoidoscope. The cancers not within reach of the sigmoidoscope were the second outcome; they were presumably associated with the same confounders as those within reach of the scope, but not preventable with the sigmoidoscopy treatment. Although the authors used logistic regression to adjust for relevant covariables, the particularly elegant and convincing aspect of the study is their demonstration that sigmoidoscopy conferred protection against deaths from colon cancers that were within reach of the sigmoidoscope (adjusted OR = 0.41; 95% CI 0.25 to 0.69), but not from those that were beyond the reach of the sigmoidoscope (OR = 0.96; 95% CI 0.61 to 1.50). If unmeasured confounders were responsible for the apparent protective effect of sigmoidoscopy, it seems likely that they would have led to apparent protection from cancers both within and beyond the reach of the sigmoidoscope.
Measuring another predictor
The second approach, measuring other predictors in addition to the treatment of interest, is illustrated by a study of short-acting calcium channel blockers (CCBs) as a possible cause of myocardial infarction (MI)[12]. The authors noted a progressive increase in risk of MI with increasing doses of CCBs: the adjusted OR increased from 1.13 for low dose to 1.42 for medium dose and 1.81 for high dose use. Of course, one would expect that those treated with higher doses would have worse hypertension and be at higher risk, thus confounding by indication would be a major concern. However, the dose–response relationship went in the opposite direction for beta blockers – higher doses of beta blockers were associated with decreased risk of MI. Beta blockers were studied as a second predictor with a similar relationship to the confounders of interest (severity of disease). The adjusted OR for beta-blocker use decreased from 1.00 (reference) to 0.88 to 0.73 with increasing dose. If confounding by indication were the cause of the dose–response relationship between CCBs and MI, we might expect something similar for beta-blockers, the opposite of what was observed.[footnoteRef:5]	Comment by Tom Newman: I’m open to a new example of this if you have a good one.  I use Lithium and Divalproex and suicide in lecture. [5:  This does not prove that CCBs cause MI. If CCBs were entirely inert, but were prescribed in increasing doses for those at higher risk of MI, while beta-blockers were effective at reducing risk, we could see results like these. But one could argue that taking an inert medicine, rather than something that works, is a cause of MI.] 

This strategy is clearly not a panacea, however. In both the Health Professionals study [13] and the Nurses’ Health Study,[14] taking at least 400 International Units of Vitamin E daily was associated with a reduced risk of coronary heart disease, even after adjusting for all known confounders. Of course, as noted at the beginning of this chapter, people who take Vitamin E are different from people who do not – for example, they might be more health conscious. But if that were the case, one would expect a favorable outcome in people taking a multivitamin pill or vitamin C as well, behaviors that are also associated with being health conscious. However, this was not observed. The lack of an association of the outcome with an alternative predictor variable that one would expect to suffer from the same confounding as the treatment of interest suggested causality strongly enough that one of us (TBN) started to take supplemental vitamin E.  Unfortunately, as mentioned above, subsequent evidence from randomized trials suggests vitamin E is of no benefit[2] and may even be harmful.[15]  Fortunately, he survived to tell the story.
Studying another patient population
A provocative study (coauthored by the authors of the review of falsification endpoints cited above [10]) used all three techniques.  The authors examined mortality and treatment patterns among patients hospitalized for acute heart conditions during the dates of national cardiology meetings, when many attending academic cardiologists would be away from their home teaching hospitals.  They found that both percutaneous coronary intervention rates and mortality among heart failure and cardiac arrest patients were lower during meeting dates than on the same days of the week during the 3 weeks before and 3 weeks after the meetings.  They found no effects of admission during cardiology meetings on mortality from gastrointestinal hemorrhage or hip fracture (alternative outcomes).   Similarly, they found no effect (on heart patients) of being admitted during national oncology, gastroenterology, or orthopedic meeting days, compared with the days before and after (alternative predictors).  Finally, the investigators used acute heart patients admitted to nonteaching hospitals as an alternative patient population.  The patients in nonteaching hospitals would be predicted to be less susceptible to the exposure of being admitted during national cardiology meetings, because the meetings are less often attended by community cardiologists.  The authors found no effect of being admitted during national cardiology meetings on patients cared for in nonteaching hospitals.	Comment by Michael A. Kohn: What are the possible explanations for lower cardiac death rates during Cardiology Conferences?  
Propensity scores
Another approach to controlling confounding in observational studies of treatment efficacy is the use of propensity scores. In order for a variable to be a confounder, it has to be associated with both treatment and outcome. The usual approach to using multivariate analysis to control for confounding is to create a model for the outcome that includes the treatment variable and other predictors of outcome (the potential confounders). If the model fits, the coefficient for the treatment will reflect its independent contribution to the outcome.
For example, the equation for the logistic model can be written as:

ln
where
“P(Y)” is the probability of the outcome Y,

“ln ” is the log-odds of the outcome,
“a” is a constant (the intercept, related to the overall probability of the outcome),
“Xi” are the different predictor variables associated with outcome, including the predictor variable of interest as well as the potential confounders. For example, the variable of interest to you might be X2 (the treatment you are studying) and the rest would be confounders.
“bi” are coefficients (equal to the logarithm of the odds ratio if “Xi” is dichotomous) associated with each predictor.
“k” is the number of predictor variables.
One limitation of this approach is that, if there are many potential confounders, there may not be enough outcomes in the dataset to be able to estimate their coefficients with much precision. There’s a rule-of-thumb: you would like to see at least 10 outcomes for each predictor variable. (By “outcome” we mean 10 instances of the events you are trying to predict, e.g., deaths, or if the event is more common than the non-event, 10 instances of the nonevent.) Imagine there are 1,000 patients, of whom 300 received the treatment of interest, but only 30 died. With only 30 outcomes, it will be difficult to control for confounding by more than 2 other variables aside from the treatment variable – the dataset just does not have enough outcomes to do this well.
Enter propensity scores. The idea of propensity scores is that, instead of controlling for all possible predictors of outcome, investigators instead control for predictors of the treatment. This is done by creating a model to estimate the predicted probability of treatment (or propensity to be treated). Subjects are then either matched or stratified on this propensity score, and the risks of the outcome in people who actually were or were not treated within each stratum are compared. Thus, continuing the notation above, if X2 is the treatment of interest, the model for the propensity score would look like this:

ln 
Note that the difference is that the probability we are trying to predict is not the probability of outcome [P(Y)], it is probability of treatment, P(X2). The number of predictors of treatment may be different than the number of predictors of outcome, so we end up with j instead of k − 1 variables.  Because often the number of treated subjects far exceeds the number of outcomes, it may be possible to control for many more potentially confounding variables in a propensity score model than in a model for outcome. 
Now the investigator can stratify on this P(X2) variable (e.g., in quintiles of “propensity for treatment”) and compare the risk of outcome in those who actually were and were not treated within these quintiles of subjects, each of whom had approximately the same propensity to be treated. Alternatively, the investigator can match subjects who were and were not treated by their value of P(X2) and compare outcomes between matched subjects.
For example, Gum et al.[16] prospectively studied total mortality of 6,174 consecutive adults undergoing stress echocardiography, 2,310 of whom (37%) were taking aspirin. In unadjusted analyses, mortality did not differ between users and nonusers of aspirin: it was 4.5% in each group. Multivariable analysis, however, suggested a mortality benefit. This was confirmed by matching subjects by propensity scores and then comparing survival in the two groups (Figure 9.4).


[image: ]
Figure 9.4 Survival of aspirin users and nonusers following stress echocardiography, matched by propensity score for aspirin use. (From Gum et al. 2001; used with permission.)
Note that the figure is based on only 1,351 subjects in each group. This is because only 1,351 of the 2310 subjects who received aspirin had a “match,” – that is, had someone with the same propensity to receive aspirin but did not receive it – in the non-aspirin users group. This is not unexpected in observational studies such as this one. When the treatment is not randomized, the average propensity to receive aspirin will be higher in the group that received it than in the group that did not, which may make it difficult to match all treated subjects to untreated subjects. This loss of subjects affects both power (which was still more than adequate in this study) and generalizability. 
For example, the results of this study are only generalizable to patients whose propensity to receive aspirin was in a range where there was overlap between those who did and did not receive it. But this makes sense. If there are some people who absolutely should get aspirin and some who should not, their propensities will be close to 1 and 0, respectively; they will not have a match and hence will not be included in the matched results. Think of this exclusion of subjects with propensity scores near 0 or 1 as analogous to exclusion criteria in a clinical trial. If there are some persons for whom either drug or placebo is known to be contraindicated, then you neither can nor should study the difference between drug and placebo in those patients. In fact, this is another advantage of a propensity analysis: if there is little overlap between the propensity scores of those who were and were not treated, it means that those treated appear to be very different from those not treated, in terms of their indication for the treatment, and that trying to adjust for this with multivariate analysis may require questionable extrapolations beyond the data.
[image: ]
Figure 9.5 (A) Propensity scores do not overlap; treated and untreated groups are not comparable. A propensity analysis cannot be done and any comparison between groups is hazardous. (B) Propensity distributions are nearly identical. A propensity analysis is not necessary as groups are already matched or treatment was randomly assigned. (C) Good overlap in propensity scores; the subjects in the overlapping parts of the distribution can be studied. (Figure courtesy of Thomas Love; Case Western Reserve University Center for Health Research and Policy.)
[bookmark: _GoBack]A propensity score analysis requires that scores overlap between a substantial portion of the treated and untreated groups. (Figure 9.5C) If the model predicts treatment too well, only a few subjects in the treated and untreated groups will have the same propensity score (Figure 9.5A). For this reason, one should avoid including in a propensity score factors that are associated with receiving treatment but unlikely to cause the outcome, such as day of week or geographical location. (Note that these same factors might make good instrumental variables!) On the other hand, if the propensity score distributions in the treated and untreated groups are nearly identical, there is no point in doing a propensity score analysis (Figure 9.5B).
Propensity score analysis in an observational study of a treatment helps to separate out the effects of the treatment itself from other factors associated both with receiving the treatment and with the outcome. However, propensity score analysis is not helpful if the goal is to identify or to quantify the effects of these other confounding factors.
Summary
1. Although randomized blinded trials are the best way to establish causal relationships between treatments and outcomes, it is sometimes possible, by thinking creatively, to design observational studies that provide strong evidence of causality.
2. One approach is to identify an instrumental variable that is associated with treatment but not independently related to the outcome. Comparing outcomes between groups based on values of the instrumental variable is then similar to an intention-to-treat analysis of a randomized trial with substantial crossover between the treatment and control groups. The bias toward the null induced by this misclassification can then be reversed using an appropriate instrumental variable analysis.
3. Another approach is (pre-specified) falsification tests:  measuring effects on alternative outcomes, effects of alternative predictors, or effects in patient populations with different susceptibility to the exposure under study.
4.  Finally, one can model the propensity to receive treatment and compare outcomes of subjects with similar treatment propensities.
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