

/Users/thomasnewman/Box Sync/EBD/EBD-2/EBD2-Chapter 8/EBD2-Ch8 Quantifying treatment effects 2018-1116.docx    11/19/18 2:42:00 PM
8 Quantifying treatment effects using randomized trials
Introduction
[bookmark: _GoBack]As we noted in the Preface and Chapter 1, because the purpose of doing diagnostic tests is often to determine how to treat the patient, we may need to quantify the effects of treatment to decide whether to do a test. For example, if the treatment for a disease provides a dramatic benefit, we should have a lower threshold for testing for that disease than if the treatment is of marginal or unknown efficacy. In Chapters 2, 3 and 6 we showed how the expected benefit of testing depends on the treatment threshold probability (PTT = C/[C+B]) in addition to the prior probability and test characteristics. In this chapter, we discuss how to quantify the benefits and harms of treatments (which determine C and B) using the results of randomized trials. In Chapter 9, we will extend the discussion to observational studies of treatment efficacy.; in Chapter 10 we will look at screening tests themselves as treatments and how to quantify their efficacy.
In a randomized trial, investigators randomize study participants to treatment groups, and then compare the outcomes between groups over a follow-up period. We begin by briefly reviewing the reasons to do randomized trials, then we discuss their critical appraisal. Our approach is somewhat eclectic. Our goal is to highlight issues most important for obtaining and interpreting estimates of treatment effects, not to review the entire topic of randomized trials, and our selection is based partly on issues that have received insufficient attention elsewhere.
We conclude this chapter with a discussion of calculating the treatment costs and side effects per bad outcome prevented or good outcome caused, a rough step forward in the process of quantifying risks and benefits of treatments.
Why do a randomized trial?
The main reason to randomize is to estimate the effect of an intervention without confounding. “Confounding” in this context is the distortion of the estimated treatment effect by extraneous factors associated with the receipt of treatment and causally related to the outcome.[footnoteRef:1] This distortion can occur in either direction. Confounding can make a treatment look better than it really is if factors associated with receiving treatment have a favorable effect on outcome. This can happen if, for example, the treatment is more likely to be received by people who are wealthier, better educated, or have better health habits or access to other beneficial treatments. Confounding can make a treatment look worse than it really is if the treatment is more likely to be given to people with a worse prognosis, for example, those who have a particular disease or whose disease is more severe. [1:  Terminology for this is not uniform. Some authors refer to this as selection bias. We prefer to refer to it as confounding because many of the methods used to deal with the problem are used to control confounding.] 

In Chapter 9, we will discuss ways to address the problem of confounding in observational studies of treatments. In this chapter, we discuss randomized trials, which minimize the possibility of confounding as a source of error. Randomization reduces the problem of confounding by creating treatment and control groups likely to be similar with respect to all confounders, both measured and unmeasured, known and unknown. 
Of course, even with proper randomization, it is possible that the two groups will differ with regard to certain confounders. If the groups do have significant chance asymmetries in important measured confounders, a multivariate analysis that controls for these confounders will yield a different estimate of the treatment effect than the simple comparison.   In this way, a multivariate analysis of clinical trial results can be a test for the success of randomization in creating comparable groups.  Multivariate analysis also increases the precision (decreases the variance) of the treatment effect estimate, but in the absence of chance asymmetries in important measured confounders, it will not significantly change the direction or magnitude of the effect estimate.  In the rest of this chapter, we limit our discussion to bivariate comparison of groups.
Critical appraisal of randomized trials
Before we turn to quantifying the effects of treatments, we will review some issues in the design, conduct, and analysis of randomized trials that can affect the validity of these estimates.  
Design and conduct
We suggest a systematic approach to critical appraisal of randomized trials, much as we did in Chapter 4 for diagnostic tests.
Authors and funding source
A good way to start when reviewing any research study, but particularly randomized trials, is by asking the questions, "Who did it and who paid for it?"  Clinical trials are increasingly being financed by industry,[1] and published industry-sponsored trials are much more likely to have results and conclusions that favor the drug or device made by the sponsor than trials with other funding sources. [2-5]  (We say published because industry sponsored trials that give results the sponsors don't like are less likely to be published.)[6]

Note that just because a trial was funded by a company that sells the treatment does not mean that you should disregard it.  One of the best and most influential trials of the twentieth century was the HERS trial[7] of estrogen plus progestin therapy for secondary prevention of coronary heart disease.  The trial was funded by WyethAyerst, who sold the drugs that were studied.  Their sponsorship made the trial’s conclusion that the treatment was not beneficial and potentially harmful perhaps even more convincing. 
Study subjects
For any clinical trial, the investigators must decide which subjects to try to study.  Most investigators (industry sponsored or not) probably want to find that their treatments are safe and effective, so they will tend to study those subjects most likely to benefit and least likely to be harmed.  There is nothing wrong with this, but critical readers should be wary of applying the effect estimates in carefully selected trial populations to the clinical populations they treat, which may be more elderly, on more medications, and/or less severely ill than those originally studied in clinical trials.[8, 9]

For expensive or potentially risky new medications, the subjects of greatest interest are those who have failed previous cheaper or safer medications.  But these may not always be the subjects studied in clinical trials.  For example, the usual approach to treating iron deficiency anemia (or even suspected iron-deficiency anemia) is to treat with oral iron.  Yet an industry-sponsored randomized trial of an intravenous iron preparation for iron deficiency anemia in subjects with heart failure did not require that the subjects first fail a trial of oral iron.[10]

An example of the tension between wanting to find that your drug is safe and choosing the most clinically relevant population in which to study it is provided by the GlaxoSmithKline-sponsored AUSTRI trial.[11]   The investigators compared fluticasone, an inhaled steroid used for asthma to fluticasone plus salmeterol, a long-acting inhaled beta-agonist (LABA). The trial was done because of strong evidence from randomized trials that LABAs alone increase the risk of severe asthma attacks and asthma deaths[12] and uncertainty about whether adding an inhaled steroid like fluticasone might protect against that effect. 
There were no asthma-related deaths in the study and only 2 subjects (of 11,679, both in the fluticasone alone group) required intubation.  But subjects with life-threatening or unstable asthma, arguably those in whom the research question would have been most relevant, had been excluded from the study.  Furthermore, 63% of the subjects were already on the combination fluticasone + salmeterol (Advair ®) at the time of randomization.  Thus, the study primarily addressed the safety of stopping the salmeterol in people who were already on salmeterol plus fluticasone rather than the safety of starting the combination.
Intervention and comparison group: 
Critical readers of randomized trials should pay attention, not just to the intervention being studied, but to the comparison treatment, and ask whether the comparison is clinically relevant.  Consider the topical calcineurin inhibitors, pimecrolimus
(Elidel®) and tacrolimus (Protopic®), which are in a relatively new class of topical agents used to treat eczema (itchy allergic skin) in children.  A meta-analysis found 19 randomized trials of these agents, all of which were sponsored by one of the manufacturers (Novartis or Fujisawa).[13] When the comparison group is vehicle alone (i.e., petroleum jelly with no active drug), the drugs are superior.  But they are no better than the usual treatment with low potency topical steroids,[14] and they cost 10 to 30 times as much.  (The one thing they excel at is not being steroids: the outcome "steroid-free days" strongly favors them![15])

The choice of comparison group and the choice of study subjects are related.  For newer, potentially less safe, or more expensive drugs, we would like to see either 1) that the study subjects are those who have failed or responded poorly to existing treatments, or 2) that the comparison group is standard treatment, not placebo.  A study that shows that a new, expensive or risky drug is better than placebo in subjects who have not even tried current treatment, like the study of intravenous iron cited above, provides an answer to a question that is of great interest to the manufacturer seeking regulatory approval to market the drug, but of little interest to clinicians or patients.
Blinding
A key feature that can increase your trust in the results of a clinical trial is blinding.  Blinding (or masking), means keeping the treatment allocation secret. 
Levels of blinding
Blinding can be done at three levels: the patient, the care provider, and the person assessing outcome. Blinding the patient prevents differences between groups due to the placebo effect. It is particularly important for subjective outcomes, like pain. Blinding patients in the control group keeps them from finding out that they are not getting active treatment and procuring it outside the study. 
The importance of blinding patients to the treatment received is illustrated by randomized trial of arthroscopic partial meniscectomy,[16] which the (Finnish) authors pointed out was the most commonly performed orthopedic procedure in the US, at an annual cost of about $4 billion. The operation involves removing some of a torn meniscus, a C-shaped cushion between bones in the knee, in patients with knee pain.  The investigators blinded the patients by performing a sham meniscectomy in the control group: "To mimic the sensations and sounds of a true arthroscopic partial meniscectomy, the surgeon asked for all instruments, manipulated the knee as if an arthroscopic partial meniscectomy was being performed, pushed a mechanized shaver (without the blade) firmly against the patella (outside the knee), and used suction."  The group that received the meniscectomy had a marked improvement in their symptoms, but it was just the same as the improvement in the sham surgery group.
Blinding the care provider as well as the patient helps avoid differences in co-interventions – that is, changes in treatment outside of the intervention under study, such as additional care or medications. 
Blinding the person responsible for outcome ascertainment is important to prevent observer bias. Again, this is most important for subjective outcomes. Thus, blinding the person responsible for outcome ascertainment would not be very important when total mortality is the outcome, but might be important for cause-specific mortality, which, as discussed in Chapter 10, depends on a more subjective process: assigning a cause of death.
The importance of blinding those assessing outcomes is illustrated by a Canadian trial of two treatments for multiple sclerosis, in which both blinded and unblinded neurologists assessed outcomes. [17]  The unblinded neurologists found an apparent treatment benefit, but the blinded neurologists did not.

Assessment of blinding
Sometimes investigators will assess blinding by asking participants to guess which treatment they are receiving.  Successful blinding does not require that about 50% in each group (if there are two groups) believe they are getting active treatment.  If the disease tends to improve, it would not be surprising if more than 50% in both groups believed they were on active treatment.  Similarly, for diseases that tend to persist or worsen, majorities in both groups might suspect they are receiving placebo. 

Lack of blinding is a concern when the proportion of subjects in the treatment group who believe they are on active treatment differs significantly from the proportion in the control group who believe they are on active treatment, especially if that difference is larger than the apparent difference in treatment efficacy (and therefore cannot be attributed to better outcomes).

Drawbacks of blinding
While blinding is important for scientific validity, it does mean the question answered by the study may be different from the one some patients might believe is most relevant.  For example, the patients whose knee pain improved after surgery (whether real or sham) might be more pleased and even have less disability than if they had not received surgery.  Thus, this well-done trial answered a relevant scientific question, but maybe not the one most relevant to patients, which is whether their outcome would be better with surgery than without.

There also is the problem that among treated patients the effect of knowing you have been randomized to a 50% chance of receiving treatment of uncertain efficacy may not be the same as knowing you are receiving a treatment you believe is effective.  For example, patients taking statin drugs to lower their cholesterol may be less careful about diet and exercise, because they believe the drug will take care of their dietary indiscretions.[18]  This effect would likely be absent or diminished during early clinical trials, when the effects of taking a statin were less well known.   Similarly, believing one has received an effective HIV vaccine might lead to more risky behavior than knowing that one has only a 50% chance of receiving a possibly effective vaccine.[19]  Thus, this could lead efficacy in a vaccine trial to overestimate effectiveness in the field.
Outcomes
In evaluating a randomized trial, look at the outcomes being compared between groups and how they are measured. Are those outcomes the ones that would be most important to you and do you trust the way they were measured?
Surrogate outcomes
It is important to distinguish between clinical outcomes the patient can perceive (like pain, disability and death) and surrogate outcomes that are important only to the extent that they predict clinical outcomes.  Randomized trials often use surrogate outcomes because they may be more easily or precisely measurable, or because they occur more frequently or quickly and are therefore easier and less expensive to study.  However, they may correlate poorly with more relevant outcomes,[20] often giving more favorable results! [21] 
Examples of surrogate outcomes include using changes in levels of risk factors for disease (like blood pressure or bone density) rather than in the development of the disease itself (stroke or fractures), or changes in markers of disease activity or severity (e.g., viral load, hemoglobin A1c) rather than changes in morbidity or mortality from the disease. There are multiple examples of treatments that make the surrogate outcome better but have no effect (or harmful effects) on clinical outcomes of interest[22]. As a general rule, you should be skeptical of studies where the only way the investigators could tell who benefited from an intervention was by doing tests.
Composite endpoints
In some trials, several possible outcomes are grouped together into a composite endpoint. If this composite endpoint combines outcomes of varying importance, it may find a lower risk in the treatment group due entirely to a difference in the risk of a less important outcome. For example, in the ATRIA study mentioned earlier, the primary efficacy endpoint was the first "severe asthma exacerbation," defined as an asthma-related hospitalization or an asthma deterioration leading to use of systemic steroids.  Fewer subjects in the fluticasone plus salmeterol group had at least one severe asthma exacerbation but this was entirely due to a lower rate of outpatient exacerbations leading to use of steroids: the numbers of asthma admissions in the two groups were identical: 36 (0.6%) in each group).
It is even possible for the treatment group to have more of the most important outcomes but sufficiently fewer minor outcomes to mask the increased risk of treatment or even make the composite treatment effect favourable. For example, in the Action to Control Cardiovascular Risk in Diabetes (ACCORD) trial of aggressive control of blood glucose in adults with diabetes (target hemoglobin A-1c level <6% vs 7−7.9%), the prespecified primary outcome was a composite outcome consisting of nonfatal MI, nonfatal stroke or cardiovascular death. After a mean of 3.5 years of follow up there was a nonsignificant reduction in the risk of the primary outcome. But this negative result masked a statistically significant 1% absolute increase (P = 0.04) in total mortality that was balanced by a 1% decrease (P = 0.004) in nonfatal myocardial infarction. [23, 24].  
Similarly, the FOURIER (Further Cardiovascular Outcomes Research With PCSK9 Inhibition in Subjects With Elevated Risk) Trial [25] was a randomized controlled trial of an intravenous cholesterol-lowering agent called evolocumab (Repatha®) in almost 28,000 patients at high risk for a heart attack or stroke.  The primary endpoint included cardiovascular death, myocardial infarction, stroke, hospitalization for unstable angina, and coronary revascularization.  The intervention group had 429 fewer primary endpoints than the control group (P<0.001), but 11 more cardiovascular deaths (P=0.62) and 18 more deaths from any cause (P=0.54).  According to the USA Today[footnoteRef:2] story,
 [2:  https://www.usatoday.com/story/news/2017/03/17/cholesterol-drugs-prevent-heart-attacks-but-they-dont-come-cheap/99286008/  (accessed 11/22/2017)] 

"For the first time, research shows that a pricey new medication called Repatha not only dramatically lowers LDL cholesterol, the “bad" kind, it also reduces a patient's risk of dying or being hospitalized."  

The slight increase in deaths in the evolocumab group is certainly consistent with chance, but the trial does not show that this expensive, intravenous medication reduces the patient’s risk of dying.
This discrepancy between more and less serious components of composite outcomes has been observed in other cardiovascular trials as well. A review [26] of 114 randomized trials of cardiovascular interventions that used composite endpoints found that only 68% of the studies reported results for each component of the primary composite endpoint and that outcomes of greater importance to the patient (such as death) were associated with smaller relative treatment effects than less important outcomes. This is concerning because of evidence that use of such composite outcomes is increasing.[27]
Loss to follow-up
Loss to follow-up poses one of the most serious threats to the validity of randomized trials. A good rule to follow is: “once randomized, always analyzed.” However, especially in long-term trials, it is possible to lose track of some study participants and, consequently, not know their outcomes. These losses to follow-up can reduce the power to find a difference simply by reducing the effective sample size, and they can introduce bias in either direction, if the reasons for losses to follow-up differ between the treatment groups.
For example, if the patients in the treatment group are lost to follow-up because of some negative effect of the treatment, or the patients in the control group are lost to follow-up because they have recovered from their illnesses, the study will be biased in favor of the treatment. As we described in Chapter 6, a sensitivity analysis can explore the maximum potential bias due to loss to follow-up.  
To study the potential magnitude of this problem, the Loss to Follow-up Information in Trials ("LOST-IT") investigators did 3 types of sensitivity analysis on 235 clinical trials reporting a statistically significant difference for a binary outcome in 5 top general medical journals.[28]  They assumed 1) no one lost to follow-up had the (bad) event of interest; 2) all lost to follow-up had the event and 3) a “worst-case” scenario that all of those lost to follow-up in the treatment group and none in the control group had the event. They found that the reported statistically significant benefit disappeared in 19%, 17% and 58% of the trials, respectively, suggesting disturbing fragility of the conclusions of many prominently published clinical trials.
If a favorable effect of treatment persists even in the worst-case scenario, you can be confident that it is not an artifact due to losses to follow-up. More often, this approach will eliminate the treatment benefit or make treatment appear harmful and other approaches will be needed, such as seeking evidence of differences in prognostic factors between subjects lost to follow-up in the two groups.
Analysis
Intention-to-treat, as-treated, and per-protocol analyses
When analyzing results in a randomized trial, the groups compared should generally be based on the treatment assigned rather than the treatment received. This is sometimes called an “intention-to-treat,” (ITT) as opposed to an “as-treated” analysis, because subjects are analyzed according to the intended treatment.
An ITT analysis is important because patients who complete the course of treatment to which they were assigned often have different (usually better) prognoses than patients who do not. For example, two options to fix a broken hip in the elderly are internal fixation using screws to put the broken bone back together and hip joint replacement.  In a randomized trial comparing these two options, 5 of 229 subjects randomized to hip replacement were believed unfit to receive that more demanding operation and were treated with internal fixation (screws) instead.[29] (Figure 8.1)
With an ITT analysis, these 5 subjects are included in the group randomized to hip replacement, even though that was not the treatment they received (Figure 8.2A).   If the results of this trial were analyzed on an “as-treated” basis, those randomized to hip replacement but too ill to receive it would be included in the internal fixation group, which would move patients with the worse prognoses from the hip replacement group to the screws group and bias the results in favor of hip replacement. (Figure 8.2B).[image: ]Figure 8.1.  Randomized trial of hip replacement vs hip screw for hip fracture.  Patients are not always treated according to the group to which they were randomized. This is especially problematic if those not treated according to the protocol differ in some way, such as being sicker, as in the figure.



[image: ]Figure 8.2ABC. Three ways of analyzing a randomized trial. 
Between ITT and as-treated analyses are “per-protocol analyses,” in which only those who were treated according to the protocol are analyzed. Although not as obviously biased as an as-treated analysis, a per-protocol analysis is still susceptible to bias, because patients treated according to the protocol are likely to be different from those who are not. A per-protocol analysis in the study of hip fractures would have excluded the patients deemed unfit for hip replacement (because those patients did not receive the protocol treatment), but it would have included similar patients in the internal fixation group. This still would have biased the results in favor of hip replacement because the sickest patients would have been removed from that group (Figure 8.2C).
As was the case with blinding, a disadvantage of an ITT analysis is that it, too, may provide a valid answer to a less relevant research question. An ITT analysis answers the question, "What is the effect of being randomly assigned to Treatment A?" (compared with e.g., Treatment B, which might be usual care or a placebo).  But a question of greater interest to people making clinical decisions is, "What is the effect of actually getting Treatment A?"  If there is a lot of nonadherence or crossover between groups the effect of being assigned a treatment will provide a biased estimate of the effect of getting it. 
On the bright side, at least the direction of this bias is predictable: the greater the level of nonadherence or crossover, the less power the study will have, and the more the measure of effect size will be biased toward no effect.[footnoteRef:3]  In Chapter 9, when we discuss instrumental variable analysis, we will learn about ways to adjust for this bias towards the null and estimate the actual treatment effect. Other statistical techniques are also available to estimate the treatment effect,[30] but anything other than an ITT analysis will require assuming that there are no unmeasured confounding variables (i.e., factors that affect both adherence and outcome), a strong and unverifiable assumption. [3:  Strictly speaking, this will be true as long as blinding is maintained and the nonadherent subjects assigned to active treatment do not find some other treatment that is more effective than the treatment to which they were assigned. ] 

Subgroup analyses
The focus of a randomized study is the comparison of the overall groups to which subjects are randomized, not comparisons of subgroups. Beware of studies that find no overall difference between treatment and control but highlight a treatment effect in one or another subgroup. If the authors looked at enough subgroups, they were bound to find a treatment effect in one of them.  Similarly, beware of studies that find a statistically significant (but undesired) overall result (such as the increase in catastrophic asthma events with salmeterol) but then find a subgroup (such as those who were using inhaled steroids) in whom it is not statistically significant. 
A classic illustration of the perils of subgroup analysis appeared in the publication of the ISIS-2 (Second International Study of Infarct Survival) results.[31] This was a randomized trial of intravenous streptokinase, oral aspirin, both, or neither among 17,187 cases of suspected acute myocardial infarction. The important overall result was lower cardiovascular mortality with aspirin (9.4%) than with placebo (11.8%; (P < 0.00001). 
The authors examined the effect of aspirin therapy in several subgroups (diabetics, patients ≥70 years old, patients with hypertension, etc.). They then cautioned readers about these subgroup analyses. To make their point, they divided the study population by astrological sign and showed that among Geminis and Libras aspirin provided no apparent benefit: those randomized to aspirin had 11.1% cardiovascular mortality, whereas those randomized to placebo had 10.2% mortality (P = NS).  Quoting from the paper:
“It is, of course, clear that the best estimate of the real size of the treatment effect in each astrological subgroup is given not by the results in that subgroup alone but by the overall results in all subgroups combined.”
A key step in interpreting subgroup analyses is assessing their statistical significance.  This is not the same as noting whether P<0.05 in one group and not in another.  The authors should do appropriate statistical tests (for "interaction") to assess whether the subgroup differences are greater than would be expected by chance.  Unfortunately, reporting subgroup analyses without such tests is common, especially in industry-sponsored trials.[32]
The ultimate message is to be wary of subgroup analyses. As we will discuss in greater detail in Chapter 11, this is particularly true when there is not a strong biologic basis to expect differing treatment effects among subgroups.
Multiple outcomes
Subgroup analysis is one way of doing multiple comparisons.  Another is to analyze many outcomes and highlight those that give the answer you want.  Unless there is a breakdown in either the randomization or the blinding, the only way to come up with a falsely positive result in a randomized double-blind trial (analyzed according to ITT with good follow-up) is by chance.  But that possibility can be maximized: the P-value provides only a rough indication of the likelihood of chance as a basis for the association. (We will discuss P-values in Chapter 11.) One of the common causes for a falsely positive result in a randomized double-blind trial is that the investigators looked at multiple different outcomes. 
An egregious example of this was uncovered as part of a U.S. Justice Department fraud investigation of GlaxoSmithKline (GSK)[33].  A GSK-funded study[34] of the antidepressant drug paroxetine (Paxil®) published in the Journal of American Academy of Child and Adolescent Psychiatry (the questionable conclusions of which we highlighted in Problem 11.5 of the first edition of this book) concluded that paroxetine was "generally well-tolerated and effective for major depression in adolescents."  A subsequent analysis by independent investigators [35] found that the original investigators had added 20 outcome measures to the 8 originally in the protocol and then highlighted those that were favorable.  None of the 4 outcomes reported in the originally published paper as statistically significant had been included in the original study protocol or in any amendments to it.  (GSK paid a $3 billion fine and expressed regret, but sales of the 3 drugs involved in the settlement during the years covered totaled $27.9 billion.[36])
Between-groups versus within-groups comparisons
One would think that, having gone to all of the trouble of randomizing the subjects to different treatment groups, investigators would then compare the outcomes between these groups.  However, this is not always the case. Sometimes in a randomized trial, investigators will focus on within-group comparisons.
For example, a randomized trial of patients with acute coronary syndrome compared recombinant ApoA-I Milano with placebo. [37] The authors reported in the abstract that atheroma volume decreased significantly in the treatment group (P = 0.02) but not in the control group (P = 0.97). However, for the difference between the two groups, the P-value (reported in a footnote) was 0.29. Focusing on the within-group changes (in this surrogate outcome) suggested stronger evidence of benefit than the study provided.
Direction of biases in randomized blinded trials
If randomization and blinding are done properly, follow-up is reasonably complete, and an ITT analysis is done, most other problems, such as poor adherence to treatment and random error in the measurement of the outcome variable, will make it harder to find statistically significant differences between the two groups, even if they exist (i.e., results will be biased towards the null).
The tendency of poorly done studies to be biased toward finding no effect is a particular problem with equivalency trials, where a drug is judged to be effective if it is not demonstrably worse than a drug of known efficacy. In the case of equivalency trials, the normal motivation of investigators to do a trial very carefully in order to maximize the probability of finding a difference between groups is missing. This presents a difficult problem for regulatory agencies. If a treatment is known to be effective, it may not be ethical to randomize people to placebo. But if the investigators’ goal for a trial is to demonstrate equivalence, it is easy to do a sloppy job in multiple subtle ways and increase the likelihood of obtaining the desired equivalent result.[38]
Quantifying treatment effects
Continuous, ordinal and count outcome variables
Many randomized trials have continuous, ordinal or count outcome variables. For example, in Chapter 2, we estimated the benefit of treatment of influenza with oseltamivir as a reduction in the duration of illness by about one day. It is actually about 32 hours [39].  Ordinal variables like symptom scores or pain scales and count variables like number of headaches per week are good outcome variables because they are outcomes that the patient can perceive, rather than surrogate outcomes.  In many cases the most meaningful outcomes are changes in these variables over time; the changes are then compared between treatment groups.
For example, in a randomized trial of plecanatide,[40] a new treatment for chronic constipation, one study outcome was the change in the number of complete spontaneous bowel movements (CSBM) per week.  It averaged an increase of 2.5 CSBM per week in the plecanatide 3 mg/day treatment group, compared with 1.2 CSBM/week in the placebo group, a difference of 1.3 CSBM/week (P<0.001).[footnoteRef:4] [4:  This is another new, expensive, potentially risky medication being compared with placebo in subjects who have not failed previous treatments.  If they had compared plecanatide with an active drug rather than placebo, the effect size would presumably have been considerably smaller, maybe even negative.  ] 

The magnitude of differences between groups will depend on the units of measurement. When outcomes are measured on an unfamiliar scale (e.g., a newly created symptom score), it may be helpful to standardize them by dividing the difference between groups by the standard deviation of the measurement.
Dichotomous outcome variables
For dichotomous outcomes, such as death or recurrence of cancer, the treatment effect in a randomized trial can be measured with the risk ratio or relative risk (RR), relative risk reduction (RRR), the absolute risk reduction (ARR), and its reciprocal, the number needed to treat (NNT). The odds ratio (OR), as discussed below, is overused for measuring treatment effects in randomized trials. These measures are defined in Table 8.1.
Table 8.1. Measures of effect size from a randomized trial summarized in a 2 × 2 table
	
	Bad outcome
	No bad outcome
	Totals

	Treatment
	a
	b
	a + b

	Control
	c
	d
	c + d


RT = Risk in Treatment Group = a/(a + b)
RC =Risk in Control Group = Baseline Risk = c/(c + d)
RR= RT/RC = a/(a+b)/(c/(c+d))
RRR = 1 – RR 
ARR =−Risk Difference = −(RT − RC) = RC − RT = c/(c + d) − a/(a + b)
Also, RRR = −(RT − RC)/ RC, so ARR = RRR × RC.
NNT = 1/ARR
OR = ad/bc (generally should not be used for clinical trials)
______________________________________________________________
A helpful (but by no means universal) convention is to put outcomes in columns and interventions in rows, with the “Bad Outcome” column on the left and the “Treatment” row on the top. When this convention is followed, an RR < 1 means the treatment is beneficial – that is, that it decreases bad outcomes. In contrast, an RR > 1 means the treatment is harmful in some way, as is commonly the case when the bad outcome is a side effect. Box 8.1 gives a specific example, calculating RR, RRR, ARR, and NNT for severe asthma exacerbations in the ATRIA trial.
Relative versus absolute measures of treatment effect
As was the case in the article cited in Box 8.1, many trials summarize their results using the RRR.  To truly understand the effectiveness of the treatment, requires not only relative measures like the RRR and RR but also absolute measures (ARR and NNT) that account for the baseline risk. _______________________________________________________________
	Box 8.1: Efficacy of Salmeterol+Fluticasone vs Fluticasone alone at preventing "severe asthma exacerbations" in the AUSTRI trial

	
	
	Exacerbation
	No Exacerbation
	Total

	Fluticasone+Salmeterol
	480
	5354
	5834

	Fluticasone only
	597
	5248
	5845


Risk(Fluticasone+Salmeterol) = 480/5834 = 8.2%
Risk(Fluticasone only) =  597/5845 = 10.2%
RR = Relative Risk or Risk Ratio = (8.2%)/(10.2%) = 0.81
RRR = Relative Risk Reduction = 1 − RR = 1 − 0.81 = 19%
ARR = Absolute Risk Reduction = − Risk Difference
= − (8.2% − 10.2%) = 2.0% (over 6 months)
NNT = Number Needed to Treat = 1/ARR = 1/2.0% = 50 for 6 months. This means that we need to treat 50 asthma patients with fluticasone + salmeterol vs fluticasone alone for 6 months (i.e., 25 person-years of salmeterol treatment) to prevent one asthma exacerbation requiring systemic steroids.
Treatment Cost per Bad Outcome Prevented (CBOP): The price of an Advair® inhaler (Fluticasone 250 mcg + Salmeterol 50 mcg per inhalation, the mid-range dose used in the trial) was $367.55 on GoodRx.com (on 16 October 2017).  Fluticasone 250 mcg alone (Flovent Diskus) was $234.11.  Each of these inhalers has enough for about a month.  So the difference in medication cost per patient over 6 months is about 6 × (367.55 − 234.11) = 6 × $133.44 = $800.  So the approximate additional medication cost to prevent 1 course of systemic steroids (and the medication cost and suffering associated with it) is NNT × cost per patient = 50 × $800 = $40,000.[footnoteRef:5] [5:  But this also just shows how much more you pay for brand-name medications!  It turns out that the GoodRx website also lists generic AirDuo® fluticasone (232 mcg) + salmeterol (14 mcg) for only $48.58 per inhaler!  So it’s less salmeterol than Advair®, so not strictly comparable, but given the questionable safety, that lower dose may be a good thing.] 

______________________________________________________________________



Under Composite Endpoints above, we quoted from the USA Today report on the FOURIER trial of the cholesterol-lowering agent evolocumab.  The story continued:
[Evolocumab] cut the combined risk of heart attack, stroke and cardiovascular-related death in patients with heart disease by 20%, …
For the primary composite endpoint, the RRR was 15%, but for the “key secondary endpoint” (cardiovascular death, myocardial infarction, or stroke), it was 19.5%. The ARR for this endpoint was 1.4%.[footnoteRef:6]  (NNT = 70 for 26 months to prevent one key secondary endpoint.)  A relative difference, such as an RRR of 19.5%, will always be larger and seem more impressive than an absolute difference, such as an ARR of 1.4% (unless the baseline risk, Rc, is 100%).  For this reason, press releases and news stories usually report the RRR as the summary measure of treatment effect.   [6:  Rt = 816/13784 = 5.92%; Rc = 1013/13780 = 7.35%; Rt/Rc = 0.805; -(RT - RC) = 1.43% .] 


If you know the baseline risk, Rc, you can calculate the ARR as RRR × Rc .  In the FOURIER Trial, the risk in the control group was 7.4%, so the ARR was 19.5% × 7.4%= 1.4%.  In addition, because the RRR is more likely than the ARR to generalize to another population with a different baseline risk Rc', it may make sense to estimate the new ARR' from RRR × Rc'. For example, to estimate the ARR' in a lower risk population with a baseline risk of only 1%, the ARR' would be 19.5%×1% ≈ 0.2%, leading to an NNT' of 500.
Inflating the apparent effect size by using the odds ratio
The OR (Table 8.1) is another measure of treatment effect that is sometimes reported. However, it is generally neither necessary nor desirable to report the OR as a measure of effect size in a randomized controlled trial. The OR is an appropriate measure of association for case–control studies and a natural output of observational studies that use logistic regression to control for confounding. However, the RR has a much more natural and intuitive interpretation than the OR. 
Perhaps the reason that investigators sometimes use the OR to report treatment effects in randomized controlled trials is that the OR is always farther from 1 than the RR (unless both are equal to 1).[41] This can make results seem much more impressive than they are, especially when the outcome is relatively common. For example, in a randomized trial of varenicline to support smoking cessation, the 13-to 24-week abstinence rate was 70.5% with varenicline, compared with 49.6% with placebo. [42] The authors reported the OR for abstinence of 2.48, which is more impressive than the RR of 1.42. (They also did not follow the convention of calculating the risk of the bad outcome, resumption of smoking, instead of abstinence.)
Number Needed to Treat (NNT)
Remember that the lower the NNT the better.  If everybody in the control group dies and everybody in treatment group survives, the NNT to prevent one death is 1.  NNTs should be reported specifying the follow-up time, the bad outcome being prevented, and the characteristics of the people being treated.  Above, we mentioned a randomized trial of hip replacement vs. screws to fix a broken hip in elderly patients.  Hip replacement surgery is more difficult and has more short-term complications than using screws, but a hip replacement generally lasts longer before requiring re-operation.  
In the trial, one of the outcomes compared between groups was the need for re-operation within 2 years.  In the hip replacement group, the proportion was 12/229 (5.2%); in the screws group, it was 90/226 = 39.8%.   The ARR was 39.8% - 5.2% = 34.6% and the NNT was 1/34.6%  3, but reporting this very low (i.e., good) NNT in isolation doesn’t mean much.  Instead, we should say that we need to treat 3 elderly hip-fracture patients with joint replacement instead of screws to prevent one from requiring re-operation within 2 years.  
Similarly, in Box 8.1, we interpreted the NNT of 50 to mean that we need to treat 50 asthma patients with fluticasone + salmeterol instead fluticasone alone for 6 months to prevent one asthma exacerbation requiring systemic steroids.  Since we don’t like thinking in terms of fractional people, we often round the NNT to the nearest integer, especially for the purposes of communicating with patients.  However, fractional NNTs are fine too.
Treatment cost and benefit per bad outcome prevented (CBOP & BBOP)
In our flu example from Chapter 2, we weighed the benefits of oseltamivir treatment of flu patients (B) against the harm of treating patients who did not have the flu (C, for which we just used medication cost of $60 for simplicity) to estimate the treatment threshold C/(C+B).   For that calculation we assumed everyone who actually had the flu received the average benefit of about one day shortening of the duration of illness. {Dobson, 2015 #1578}  In that case, the cost per bad outcome prevented was simply the cost of medication divided by the difference in illness duration, or about $60 per 1-day reduction in the duration of flu. 
If the outcome variable is dichotomous, things get just a little more complicated.  If the NNT is the number needed to treat to prevent one bad outcome and it costs C to treat one patient, then the treatment cost to prevent one bad outcome must be NNT  C.  Let’s see how this works when we consider using oseltamivir to prevent flu in the household contact of someone who already has the flu.
Welliver et al.[43] addressed this question with a randomized blinded trial of oseltamivir (Tamiflu®; 75 mg/day for 5 days) to prevent influenza in the household contacts of patients with flu-like symptoms. The results were stratified by whether the index case had laboratory-proven influenza (415 subjects) or not (540 subjects). This study was properly randomized and blinded, used an ITT analysis, and had minimal losses to follow-up.
When the index case had laboratory-proven influenza, the baseline risk of the family contacts getting symptomatic influenza in the placebo group was 12.6%. The oseltamivir prophylaxis reduced this risk to 1.4%, an RRR of 89% and ARR of 11.2%.  The results of prophylaxis when the index cases did not have influenza suggested a nearly identical RRR, but a much lower baseline risk of getting symptomatic influenza. In these family contacts of a flu-negative index case, the baseline risk of influenza was only 3.1%. The prophylaxis reduced this risk to 0.4%, again an RRR of 89% but an ARR of only 2.7%.
If the RRRs were reported without the baseline risks, we would have no way of knowing how much better it is to treat a household contact when the index case is positive than when the index case is negative; the RRR was 89% in both groups, but numbers needed to treat were very different.
Tamiflu® costs about $50-$90 (with a coupon) for ten 75-mg pills.[footnoteRef:7] We assume that a prophylactic course (5 pills) would cost about $40. With this treatment cost (C), we can calculate the cost of preventing a case of influenza if the index case is influenza-positive (Flu+) or influenza-negative (Flu−). [7:  www.GoodRx.com. Accessed 10/12/18.   It only comes in packages of 10, but many families will be able to share.] 

Index Case Flu+:
NNT = 1/11.2% = 9 (Treat 9 household contacts, prevent 1 flu case.)
NNT × C = 9 × $40 = $360/flu case prevented
Index Case Flu−:
NNT = 1/2.7% = 37 (Treat 37 household contacts. prevent 1 flu case.)
NNT × C = 37 × $40 = $1480/flu case prevented
The RRR associated with treating the contacts of Flu− index cases is the same as for contacts of Flu+ index cases. However, the baseline risk of contracting influenza is four times lower, so the absolute benefit is four times lower, and the cost per flu case prevented is four times higher. 
So if the patient in front of us has the flu, it costs about $360 to prevent a case of flu in family members. We'll call NNT × C the Cost per Bad Outcome Prevented, or CBOP.  Is a CBOP of $360 a good deal to prevent a case of the flu?  That depends on the Benefit per Bad Outcome Prevented, which we'll call BBOP.  We earlier set the value of shortening the duration of flu by a day at $160.  The average duration of illness without oseltamivir is about 5 days,[44] so we could the set value of preventing a case of flu at 5 × $160 = $800.  But we should add something because preventing a case of flu might also mean preventing its transmission to another person.  So we'll set the benefit of preventing a case of the flu = BBOP = $1080 to account for that possibility and to make the math come out even.
Among people who have the disease, if the BBOP is less than the CBOP, then we should not treat.  If the BBOP equals CBOP, we just break even by treating.  If BBOP is more than CBOP, then we should treat.  In fact, if the BBOP is a lot more than CBOP, as it is in this case ($1080 ≫ $360), it might make sense to treat even if we are not sure the patient has the disease.  This is the topic of the next section, in which we unify the concepts of NNT and treatment thresholds.
In Chapter 1, we discussed the definition of disease and the assumption that nondiseased patients would not benefit from treatment. In this case, the “disease” is being the household contact of a Flu+ index case. While the “nondiseased” contacts of a Flu− case would, in fact, benefit slightly, for simplicity we will ignore this small benefit for the rest of this discussion.
NNT and PTT (Treatment Threshold Probability) 
We now consider the case where BBOP > CBOP, and we wish to estimate the probability of disease at which the expected benefits of treatment exceed the costs, our old friend PTT.
We will assume that if the patient does not have the flu, the cost of treatment is C = $40, as before.  If the patient does have the disease, what is B, the expected benefit of treatment? 
Now, because we have a dichotomous outcome, instead of using an average benefit that everyone with disease gets, like the benefit of recovering 1 day sooner from the flu, we need to use the benefit of preventing a bad outcome (BBOP) times the probability that the bad outcome will be prevented, which is the absolute risk reduction. We do still have to pay the cost C of the medication, so we have:
	B = BBOP × ARR  C
Alternatively, since ARR= 1/NNT, we could write:
B = BBOP/NNT  C
Since the treatment threshold is C/(C+B), that will be 
PTT = C/(C + BBOP/NNT  C) = C/(BBOP/NNT), and since C × NNT = CBOP,
PTT = C × NNT/BBOP =  CBOP/BBOP
Note that if CBOP is more than BBOP, this gives a PTT > 1, meaning even if you have the disease you would be below the treatment threshold; i.e., you should not treat.
In our flu prophylaxis example, the treatment cost C = $40, BBOP= $1080 and the NNT = 9.  Then we could either calculate B and get the treatment threshold the old way:
B = BBOP/NNT  C  = $1080/9 - $40 = $120  $40 = $80
	PTT = C / (B + C) = $40/($40 + $80) = 0.33
Or we could just use the shortcut: PTT = CBOP/BBOP = $360/1080 = 0.33.
Thus, if you treat household contacts when the index case’s probability of the flu is 33% or higher, you will not spend more than the BBOP of $1080 to prevent a case of flu. 
Now, assume that you can test for the flu. In Chapter 2, we discussed how to use PTT and the test characteristics [LR(+)and LR(−)] to calculate lower and upper probabilities where a testing strategy could make sense.
Note that we can estimate CBOP and BBOP whether the bad outcome being prevented is a count outcome, like days with the flu, or a dichotomous outcome, like whether the person gets the flu.  The RCTs that compared oseltamivir vs. placebo in patients with the flu used duration of symptoms in days as the outcome.  The difference in duration between the oseltamivir and placebo groups (the treatment effect) was one day.  Then CBOP is just the treatment cost divided by the group difference:
CBOP = C/(treatment effect) = $60/1 days = $60/day
The trial that used compared oseltamivir vs. placebo in household contacts of patients with the flu used contracting the flu as the outcome.  The difference in risk of the outcome (the treatment effect) was 0.112 cases of the flu.  Then CBOP is just the treatment cost divided by the group difference:
CBOP = C/(treatment effect) = $60/0.112 = $360/case of flu prevented
For dichotomous outcomes, it’s easier to think about CBOP as C × NNT, but it is also just C/(treatment effect).
Treatment cost per good outcome caused
Of course, not all relevant outcomes are bad.  In people with constipation, complete spontaneous bowel movements (CSBM’s) are good.  So we can use the previously cited clinical trial[40] to estimate the cost per CSBM by dividing the medication cost by the difference in change in this good outcome.  The medication cost for plecanatide 3 mg is $406 for 30 tablets,[footnoteRef:8] or about 7/30 × $406 = $95 per week.  Since, as noted above, that week’s worth of medication buys 1.3 CSBM, the cost per CSBM is about $95/1.3, or about $73. [8:  Lowest price available to the public (with coupon) from www.GoodRx.com, accessed 10/12/18] 


Note that although this may seem like a lot of money to pay for one CSBM, it actually looks better than if you look at the cost per good outcome caused using the dichotomous primary study endpoint, a “durable overall CSBM response” over the 12-week trial period.  This outcome occurred in 21% of subjects on plecanatide (3 mg/d) and 10.2% of those on placebo, for a risk difference of 10.8% and an NNT of 9.3.  So the treatment cost per 12-week durable CSBM response would be $95/week (medication cost) × 12 weeks × 9.3 (NNT) ~$10,600, or more than $42,000/year, if that durable constipation relief is maintained for another 9 months after the 12 weeks of the trial.
Number needed to harm
To this point we have only considered the trade-off between the costs of treatment and the effectiveness of treatment in preventing bad outcomes or causing good outcomes.  Ideally, all of the bad things associated with treatment should be included in C, but sometimes it makes sense to consider them separately from financial costs.  If adverse effects of treatment are dichotomous, they can be evaluated using the same kind of 2 × 2 table as desired effects.  In the hip fracture trial, 19.7% of the joint replacement patients required blood transfusion during surgery versus 1.8% for the patient who received screws.  Because the risk of the bad outcome is higher in the treatment group than in the control group, the ARR is negative. Because we prefer dealing with positive numbers, we calculate an absolute risk increase (ARI =−ARR), rather than an ARR. The number needed to harm[footnoteRef:9]  (NNH) is defined as 1/ARI, so it is the number of patients treated for each one harmed.  In this case, the ARI was 19.7% - 1.8% = 17.9% and the NNH was 1/17.9%  6, so for every 6 hip-fracture patients treated with joint replacement instead of screws, one extra patient required a blood transfusion.  [9:  “Number Needed to Harm” is an established term that really means “Number Needed to Treat to Cause Harm in One.] 

In some cases, especially when a treatment is associated with severe or common side effects, we might be interested in quantifying the trade-off between side effects and primary outcome prevention, rather than the trade-off between dollar costs and outcome prevention.  In thinking about hip replacement vs. screws, we might be interested in the trade-off between postponing the need for reoperation beyond 2 years and needing to give the patient a blood transfusion during surgery.   This is simply the ARI for the undesired effect (blood transfusion) divided by the ARR for the primary outcome (re-operation at 2 years), or equivalently, the NNT divided by the NNH:
“Harms”/Bad Outcome Prevented = NNT/NNH.
In the joint replacement example, the ratio is 3 to 6.  For every 3 patients we treat with joint replacement instead of screws, we prevent one reoperation, and for every 6 patients, we cause 1 blood transfusion.  So that’s 0.5 blood transfusions caused per re-operation prevented. 

[image: Screenshot 2017-09-12 21.52.33.png]From an advertisement for Trulance® (plecanatide).
Although, as pointed out in the advertisement, diarrhea isn't the goal of constipation relief (who knew?), it happens.  In the trial of plecanatide for chronic constipation, diarrhea occurred 4.5 times more often in those on plecanatide than in those on placebo.  (Table 8.2) In this case, the NNH is about 22, so for every 22 patients treated, we will cause one additional case of diarrhea.

Table 8.2. Association between Plecanatide and Diarrhea
	
	Diarrhea
	No Diarrhea
	Total
	Risk

	Plecanatide 3 mg
	28
	446
	474
	28/474 = 5.9%

	Placebo
	6
	452
	458
	6/458 = 1.3%


RR: 5.9%/1.3% = 4.5
ARR: 1.3% − 5.9% = −4.6%
ARI: 5.9% − 1.3% = 4.6%
NNH: 1/ARI = 21.7 __________________________________________________________________
As mentioned above, the dichotomous primary endpoint in this study was “durable CSBM response” with NNT of 9.3.  So the tradeoff between causing diarrhea and getting a durable response is as follows:
Patients with Diarrhea/Durable CSBM responder =  NNT∕NNH = 9.3/21.7 = 0.43
This means that we cause 0.43 cases of diarrhea for each durable responder, or almost one case of diarrhea caused for every two durable responders.  
Summary of key points
1. In a randomized blinded trial of a treatment, the purpose of the randomization is to ensure that, at baseline, the groups are similar with respect to confounders, both known and unknown.
2. Critical appraisal of randomized trials should consider the funding source, study subjects, intervention and comparison groups, blinding, choice of outcomes and completeness of follow-up.
3. The purpose of the blinding is to prevent the placebo effect, differential co-interventions and biased outcome assessment.
4. To preserve the value of randomization, the study should compare the randomized groups in an intention-to-treat analysis and minimize losses to follow-up.
5. Use caution with studies using surrogate outcomes or relying on subgroup analysis to show a treatment effect.
6. When the outcome of a randomized trial is a continuous, ordinal or count variable, results can be summarized as a mean difference between groups, or (preferably) a difference in mean changes between groups before and after treatment.
7. When the outcome of a randomized trial is dichotomous, such as death or recurrence of cancer, one assesses the treatment effect by comparing the outcome risk in the treatment and the control groups. The ratio of these risks is the risk ratio; the difference between them is the absolute risk reduction.
8. The reciprocal of the absolute risk reduction is the number needed to treat to prevent one bad outcome (or cause one good outcome).
9. The treatment cost per bad outcome prevented (CBOP) is simply the number needed to treat times the cost of treatment.
10. We can divide the cost per bad outcome prevented (CBOP) by the benefit per bad outcome prevented BBOP) to get PTT, the treatment threshold probability of disease.
11. In the case of side effects, when the risk of the undesired outcome is higher in the treatment than the control group; the risk difference is the absolute risk increase, and its reciprocal is the number needed to harm.
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