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DECISION AND COST-EFFECTIVENESS ANALYSIS

Elective, Training in Clinical Research
UCSF Department of Epidemiology and Biostatistics EPI 213


TICR DCEA Lecture 6
Cost-Effectiveness Analysis: Sensitivity Analyses

Objectives:

•	To understand the purposes of sensitivity analysis.
•	To understand techniques used for sensitivity analysis.
	
Readings:

Krahn MD et al. Primer on Medical Decision Analysis: Part 4 – Analyzing the Model and Interpreting the Results. Med Decis Making 1997;17:142-151.  


Introduction

Uncertainty is a major consideration in cost-effectiveness (and decision) analyses. Data input values are rarely all known with high precision and certainty. Yet different input values can lead to substantially different results. Thus, the CEA is far more compelling if it includes thorough and thoughtful sensitivity analyses – documentation of how results vary according to the input values. Sensitivity analyses demonstrate that the analyst is aware of the uncertainties and their implications. Substantively, they show how results hinge on the value of certain inputs – or how key uncertainties, however disquieting initially, actually do not affect the findings in important ways. Sensitivity analysis, because of its importance in decision-assessing tools, is mandatory in a CEA. As a bonus, sensitivity analyses are an excellent quality control tool for model debugging.

In past lectures, we’ve reviewed how inputs are determined, and shown a few simple sensitivity/threshold analyses. In this lecture, we explore sensitivity analyses in detail, with the following topics:

1. Types of uncertainty 
2. Deterministic sensitivity analyses (one-way, multi-way, scenario)
3. Probabilistic sensitivity analysis (Monte Carlo)	
4. Uses of sensitivity analysis

1. Types of Uncertainty

The term “uncertainty” encompasses multiple meanings in CEA: “truth” uncertainty (i.e., there is a true value but it’s not known precisely, e.g., intervention effectiveness or risk of pathogen transmission); traits of different populations being considered (e.g., risk of disease); and methodological (e.g., timeframe or discount rate). In this section, we review these differences. 

Alert: This is the most philosophical part of the sensitivity analysis discussion. If you’re not inclined toward conceptual discussions, you might want to skip to the more practical material starting in section 2.

“Truth uncertainty”

This is what most of us think of first when we say “uncertainty”: how unsure are we about the true value? It is the most important type of uncertainty in establishing model validity, since it determines the basic soundness of the analysis. The fidelity of the model to the “truth” depends on two factors: Tree structure is correct if it represents the correct mix of possible outcomes; we don’t typically contemplate uncertainty for tree structure. Second, input values are correct if they accurately and precisely describe the likelihood of different outcomes. This is where uncertainty is common. We have best estimates and confidence intervals for multiple inputs: the risk of outcomes at chance nodes, intervention effectiveness, QALYs, and costs.

Traits of populations being considered

Of the populations to which this analysis might apply, what population traits affect the results in important ways? Examples might include the prevalence or incidence of disease, effectiveness of therapy[footnoteRef:1]*, and competing risks. The “uncertainty” element arises in at least two ways:  [1: * Intervention effectiveness appears under both “truth” and “trait” uncertainty. It should probably appear under the former if we think there is no variation by population, and under the latter if we think there is.] 


1) How do results vary with different values in single or sets of inputs that capture differences between populations? This is mechanically handled the same as truth uncertainty, but the variation is based on the presence of different realities in different populations, rather than a single immutable (if unknown) reality. 

2) How should we define the clinical populations so that important variation in key traits is captured but there are not excessive (and potentially confusing) categories? We want to capture large, natural differences via population groupings, and smaller differences by varying inputs. E.g., a common natural grouping in HIV prevention is gay men, IDUs, heterosexuals. Depending on the analysis, we might want to further divide (e.g., young gay men, IDUs who share needles frequently). But we may also want to just say there is variation within the population that affects results in important ways (e.g., HIV prevalence) or doesn’t (e.g., bleaching, which doesn’t work very well).

Methodological uncertainty

Results can vary based on methods used, all of which appear legitimate. Examples include the choice of financial/analytic perspective (the societal perspective typically results in a lower CE ratio than the perspective of any one group); discount rate (lower discounting  favors prevention); boundaries (e.g., more cycles of HIV transmission improves cost-effectiveness but also uncertainty); and time frame (similar to boundaries).

The aneurysm analysis exhibits two types of uncertainty:

Truth uncertainty is evident in most inputs, e.g., annual risk of aneurysm rupture/SAH for individuals with no history of SAH and with asymptomatic aneurysms < 10 mm (range 0.0-0.0015) and fatality from SAH (range 0.32-0.67).

Uncertainty concerning population traits is extremely important. Populations defined based on aneurysm size, symptoms, and history of SAH have widely divergent annual risk of rupture (0.0005 – 0.01). Use of this categorization in a CEA is not obvious; a prior CEA considered these individuals together and hence did not document the difference in preferred strategy across groups.

In addition, by doing the aneurysm example in this syllabus, we’ve examined the methodological impact of using a traditional tree (in the syllabus) vs. a Markov simulation (the published analysis). The results are nearly identical. This is reassuring in range-checking the more sophisticated but more complex and error-prone Markov method. It’s also reassuring in that careful non-Markov analyses can capture long-term phenomena.


2. Deterministic sensitivity analyses

Deterministic sensitivity analyses examine the hard links between inputs and results. How does assigning different values to one or more inputs affect the CEA outcomes? When a single input is varied, the sensitivity analysis (SA) is referred to as “one-way” (or “univariate”). When two or more inputs are varied in relationship to each other, that’s a “multi-way” (or “multivariate”) SA. When multiple inputs are varied in tandem, to represent a set of conditions, that’s a “scenario” SA. Each contributes unique and important information to the CEA. There is also a role for probabilistic SA, discussed in section 3.

We discuss for each deterministic method when it’s used and the basic mechanics of calculation and presentation.

One-way

A one-way SA tests inputs one at a time. Conceptually, this means that the analyst is documenting the relationship between each input and the outcomes. This is essential to evaluate how dependent the findings are on the values of each input. 

The CEA is said to be “sensitive to” the input if the results change substantially over the range of uncertainty of that input. “Change substantially” certainly includes shifting from net savings to costs, or from net clinical benefit to net loss. Where this shift occurs is called the “threshold value” of the input. More subjectively, substantial change includes large magnitude changes in the CE ratio (e.g., from $15,000 per QALY gained, which is widely considered “cost-effective” in the U.S., to $150,000 per QALY gained, which might not be). The CEA is “robust” to the input if the results don’t change much over the range of uncertainty. (The CEA is “robust” overall if the results don’t change substantially for all uncertainties.)

Sometimes one-way SAs show surprising relationships between inputs and outcomes. For example, you may see increasing then decreasing cost-effectiveness (e.g., the female condom SA below). In so doing, a one-way SA can reveal complex dynamics (e.g., epidemiologic) not intuitive on first consideration. These are often dependent on the balance of two competing factors. For example, as individuals age, risk rises for disease-specific outcomes (tending to improve the CE ratio) but all-cause mortality also rises (tending to worsen the CE ratio) – the balance of these opposing forces alters the CE ratio in interesting ways.

The one-way SA serves two valuable non-substantive functions: enhancing credibility and debugging. It’s the easiest way for readers to understand how the model works – the simple link between one input and outcome. Thus, it goes a long way toward convincing readers that the analysts have examined all angles, that the model makes sense, and that the results are meaningful. Model debugging is an essential use of one-way SA (discussed in section 4).

Mechanically, a one-way SA is conducted by repeating the analysis for a set of values representing the full range of uncertainty for an input. If the results vary in interesting ways only outside of the plausible range of uncertainty, then a broader range is sometimes explored. For a basic one-way SA, only two value needs to be examined: the lowest and the highest plausible values, as specified in the inputs table. One-way SA results can be summarized in a table that has three columns: the input, the range of values examined, and the results associated with each range-defining value. It is acceptable to report only those SA for which results vary by some reasonable amount, e.g., 10%.

The number of values required for a more thorough (and preferred!) one-way SA is 5 to 10, depending on the complexity of the relationship between the input and the outcomes. For linear relationships (most common for changes in costs, since these affect the numerator of the CE ratio), five values typically suffice, confirming the linear relationship. For curvilinear relationships (most common for changes in health outcomes, since these affect the denominator of the CE ratio), 8 to 10 values is more typical. This permits a more thorough examination of the shape of the curve. Varying the denominator of the CE ratio often yields a sharp turn bounded by vertical and horizontal asymptotes; more points are needed to show where the turn and asymptotes are located. For less common curves, the added points help define the shape of the curve, as well as its location.

One-way sensitivity analyses are conducted differently according to the software being used. With a decision analysis program, like TreeAge, one-way SA are calculated and graphed nearly automatically. The analyst specifies the range and number of intervals (i.e., evenly spaced values). Since there is little added cost to added intervals, it’s common to request 20 or more values in the desired range. 

With a spreadsheet, like Excel, there are several options:

· You can paste in individual values, and record the answer in a grid with the input values.
· The “Data Table” function (in Excel 2010 for PC, under the drop down menu “Data … What-if analysis”) automates 1-way SAs. See YouTube video for instruction, eg, https://www.youtube.com/watch?v=eSRr3g6ptYY
· A custom macro can automate SAs, specifying range and interval from input cells or from a custom dialogue box. This is extra work up front, but potentially worth it for a large CEA. Results can automatically generate a SA graph formatted as needed for a report or publication. 
· It may be less programming (and a good investment!) to obtain Crystal Ball and use its “Spider chart” to conduct one-way SAs. This requires translating uncertainty ranges between absolute and percentage definitions (e.g., 4.0 to 6.0, versus 5.0 +/- 20%). Also there are multiple spider chart options and certain limitations for each.

The aneurysm analysis found in one-way sensitivity analyses that the variables that most influenced results were untreated aneurysm rupture rate and utility for untreated aneurysms (i.e., of the “worry” state). Both are presented in graphs below. 

For the annual risk of rupture, the curve shape is typical for a CE ratio SA on health inputs. However, the important variation is far from the base case: the rupture rate would need to be 15-fold higher to meet a cost-effectiveness criterion of $100,000 per QALY. Since this is far outside the 95% CI, the results are “robust” to uncertainty in this input

The utility of the worry state one-way SA has a similar shape and a similar conclusion: the results do not change in the specified uncertainty range.

Figure 1
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The next graph (“Figure 2 …”) is an example from a CEA of female condoms. These are condoms designed to fit into the vagina. Our analysis examined their cost-effectiveness in commercial sex workers (CSWs) in a South African province when offered after a vigorous program of male condom promotion. The base case is 6 infections averted per year per 1000 female condom adopters, using them for 12% of sex episodes. There is a net savings for the program of $9,200, because averted HIV treatment costs exceed the cost of the condoms. (No CE ratio is calculated, because it generates contradictory results when the intervention generates net savings. For example, an increase in QALYs gained, which is desirable, yields a smaller negative ratio [lower savings per QALY gained], which appears undesirable.)

This one-way SA examines the change in HIV infections averted when varying the HIV prevalence in CSWs (base case 50%). The ratio of client:CSW HIV prevalence is maintained at 0.67. The graph shows a relatively unusual concave downward shape. The effectiveness is highest at 60%. Low HIV prevalence leads to lower effectiveness because CSWs and their clients have little HIV to transmit. High HIV prevalence, perhaps surprisingly, also leads to lower effectiveness. This is because with few HIV-negative “susceptibles”; most sex is between HIV+ individuals, where of course condoms confer no protection against new infection.

Figure 2
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Below is an example of a Crystal Ball “spider chart.” It is for an analysis of the effects of antiretroviral drugs combined with cotrimoxazole (bactrim) prophylaxis on five-year mortality in HIV-infected employees in a Ugandan company. The spider chart shows the influence of each of eight variables on the net cost of the cotrimoxazole/ARV program. The slope of each line represents the direction and power of each input in determining the outcome. In this simulation, the averted medical costs of those in the ARV (HAART) group has the largest effect on net program cost whereas variations in the amount of absenteeism and the wage rates of the workers have the least effect. Note that net program cost rises with increases in treatment efficacy. This is because the more effective the treatment, the longer each worker receives expensive ARV therapy.
	Figure 3
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Multi-way

A multi-way SA varies two or more inputs simultaneously and in relation to each other. This approach portrays how multiple inputs individually and jointly affect the results. Typically, a few widely spaced values are selected for each input. Thus, one might examine intervention effectiveness (e.g., high/medium/low) in concert with disease prevalence (also high/medium/low).

The selection of multi-way SA is usually based on the few inputs with the greatest effects on results. The mechanics are similar to one-way SA: nearly automatic in some decision analysis software, and manual/programmable in spreadsheet programs.

The typical format for a two-way SA graph uses roughly parallel lines. The figure below shows a two-way SA for a CEA of the Mpowerment Project, a community-level HIV prevention intervention for young gay men. The graph shows the effects of reduction in risk behavior (base case 27%) and assumption about epidemic status (steady state means constant HIV prevalence, pre-steady state means rising HIV prevalence). The cost per HIV infection averted (unadjusted for averted medical care costs, 5-year timeframe) is $2,000 - $8,000 higher in the steady state assumption, and varies by $20,000 - $25,000 across risk reduction levels. These results are far lower than the estimated $159,000 lifetime cost of medical care per HIV infection, leading to net savings for the program.

Figure_4[image: ]

Tables are a useful format, especially when more than two inputs are examined. The follow table is from the female condom CEA described above. It shows net program costs (savings) and cost per HIV case averted by HIV prevalence and key cost inputs for 1,000 CSWs. Savings are shown in parentheses and cost per HIV case averted (when relevant) in brackets.

[image: ]
(Caveat 2014: Our recent updated analysis for Female Condom, using new data on substitution of female for male condoms, shows that FC does not save money and in fact is not cost-effective. Article in preparation.)


Scenario

A scenario SA involves varying a set of inputs simultaneously to describe specific and recognizable conditions. Often these are plausible best and worst case circumstances, but they could just reflect a particular intervention setting or type of patient. Scenarios can be a very powerful tools to assess CEA results for situations of particular interest to the readers.

The number of inputs used to define a scenario varies widely. The goal is to portray a discrete, recognizable situation that is specific but not overly so. The criteria are reasonableness and parsimony, for the analyst and readers. Does the scenario definition capture what is important about the situation without adding redundant (or overly narrowing) elements? Further SA (usually one-way) can be done for each scenario.

Scenario analyses are usually done by manually varying the set of inputs. In a spreadsheet, an area can be set up with an “active” array that feeds directly into the calculations. Adjacent can be a matrix of values representing the values for each scenario, ready to be pasted into the active area as a block. This greatly speeds calculations.

The published aneurysm CEA did multiple scenario analyses, to capture variation among patients and surgical procedures. We examined two new scenarios for the syllabus. The base case, as we presented it, is for an asymptomatic aneurysm <10 mm, with no history of SAH. In that situation clipping is neither effective nor (of course) cost-effective; neither is a less invasive procedure, coiling. However, when there is a history of SAH, the advantages of coiling are evident: effective, and reasonably cost-effective.

Two intervention strategies, each compared with no intervention.
[image: ]


3. Probabilistic sensitivity analysis

Deterministic sensitivity analyses indicate what the outcome value is for any specified combination of input values. They allow the investigator to assess results under any plausible set of circumstances. However, deterministic analyses have a major drawback: they do not indicate the likelihood of particular results, given the uncertainties in multiple inputs.

Probabilistic techniques solve this problem by assigning a range of possible values to the input(s) of interest. Monte Carlo analysis is the most common of the probabilistic methods. (Latin Hypercube is another.) As the name implies, it uses the statistical distributions of input data, known or estimated, to run hundreds or thousands of random simulations, yielding a statistical distribution for the findings. We’ll discuss when you should consider using it; required statistical information; and methods for implementing these simulations. 

When should I do a Monte Carlo simulation?

In theory a Monte Carlo simulations can increase your understanding of, and confidence in, the results of almost any decision or cost-effectiveness analysis. This is because it requires that the investigator make explicit his or her estimate of the uncertainty surrounding the value of each important input. The simulation provides a forecast chart that shows the entire range of possible outcomes and the probability of achieving each of them. Everything you know about each input is expressed all at once. This is particularly useful if multiple inputs are important in determining outcomes so that exploring a comprehensive range of possible outcomes is next to impossible. 

In practice, however, it makes the most sense to undertake the extra effort of a Monte Carlo simulation only if this level of detail is likely to make a difference. For example, suppose that deterministic sensitivity analyses have established that even if all key inputs are set to their least favorable plausible values, the result still indicates that an intervention is cost-effective. Little is then added by calculating the actual probability of attaining an unfavorable, outcome since you have already determined that it approaches zero. More generally, if results are driven by only a few key variables, deterministic sensitivity analyses on these variables may be sufficient.

In addition, Monte Carlo simulations increase confidence in the results only in proportion to confidence about the statistical distributions of input values (both independent and joint distributions). If statistical distributions must be guessed at, and may be incorrect, the apparently precise distribution of results offered by thousands of simulations may be illusory. This is discussed further below.

What additional information is required to run a Monte Carlo simulation?

Monte Carlo requires the user to specify a statistical distribution for each of the inputs included in the analysis. This involves selection the distribution type. These include, among many others, the uniform, normal, truncated beta, lognormal, triangular, binomial, hypergeometric, and Weibull distributions. For empirical data, the most commonly used distributions are normal (for unbounded data) and lognormal (for bounding data, e.g., near zero). Beta is a good option. The software may also allow the use to specify custom distributions if the probabilities surrounding an input do not conform to any of the standard distributions. The user can choose a distribution for each input based upon analyses of data sets, published literature, or best guesses.
	
After selecting the type of distribution, the user needs to specify its parameters. For example, in the normal distribution one would define the standard deviation or alternatively, the input’s value at the 5% and the 95% level. Similarly, for the uniform distribution one specifies the two extreme values. 

Monte Carlo programs also allow the user to specify the level of correlation between inputs (i.e., joint distributions). For example, since age and blood pressure in those over 60 are not independent variables, the user can choose any degree of correlation so that when the program chooses a higher age, it will also tend to choose a higher blood pressure level. This is important information to include if two or more inputs are highly correlated.

The substantial data needs of the Monte Carlo approach are a drawback; the information needed to select a distribution with confidence is often missing. This is particularly true when one relies on data from studies that make no concerted effort to collect or report detailed statistical information on the reported parameters. One can infer the shape of the distribution based on what is known about similar variables described elsewhere, or one can simply make an educated guess. The latter approach may be permissible if deterministic sensitivity analysis has shown that the input in question has only a modest effect on results. Still, confidence in the result degrades accordingly since, as always, the quality of the output can never exceed the quality of the inputs. Investigators need to use their judgment about when Monte Carlo illuminates the consequences of uncertainty and when it has simply become a ‘black box’ that serves to obscure the limitations of the data with impressive-looking charts and tables.

A caveat: Many reviewers will ask for Monte Carlo simulations even when they seem to authors to be superfluous. There’s nothing wrong with doing them, as long as they’re properly described. Keep reviewers happy.
 
Implementation of Monte Carlo simulation

In Crystal Ball®, a popular software package for Monte Carlo simulations, entering distribution data is accomplished by placing the cursor on a cell in an Excel® spreadsheet and then selecting from a large gallery of distribution types, or developing a custom distribution.

The figure below is a ‘forecast’ chart generated by Crystal Ball for the analysis of the effects of antiretroviral drugs and cotrimoxazole prophylaxis on five-year mortality in HIV-infected Ugandan workers. The chart indicates that one can expect a mean decrease in mortality of 85.7% with all values falling between 79.5% and 91.8%. By grabbing the black triangles on the right and left side of the chart and sliding them toward the center, one can determine the probability of achieving any particular level of mortality reduction. Compare this with the spider chart of one-way SAs above.

Figure 5
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4. Uses of sensitivity analysis

Sensitivity analyses have applications from the beginning to the end of the CEA process. They are used in planning the analysis, debugging the model, documenting expected relationships and revealing unexpected relationships, identifying thresholds, influencing policy, and identifying research needs. We discuss each issue briefly below.

Planning the analysis

Early in a CEA, anticipating the most important sensitivity analyses provides three benefits. First, the analyst can make sure that the CEA software is programmed to permit sensitivity analyses (e.g., with a variable or spreadsheet cell that can be varied over the desired ranges). Second, the predicted SA curves provide a quality check on the programming: if the analysis performs differently, it may indicate a programming error. Finally, more effort can be put into data collection for what appear to be the most important inputs.

Debugging the model

One-way SAs are the best tool for debugging the model – identifying errors in the formulas that link inputs to outcomes. For example, if higher intervention effectiveness is expected to yield a more favorable CE ratio, and the reverse is observed, then there may be a problem in the model. One-way SAs are more useful for debugging than are other SA methods because of their simplicity. We can evaluate how well the results comport with our expectations of how the model should work. With more complex SA methods, too many factors are varying at a time, and mistakes will generally not be obvious. 

If the CE ratio acts in unexpected ways, the problem can be diagnosed and fixed most readily if the analyst separately examines the numerator (i.e., cost) and denominator (i.e., health) results. It is easier to assess the accuracy of result components than of the full ratio. Easier still is scrutinizing the subcomponents (e.g., cost of the intervention arm and cost of the non-intervention arm). In fact, it’s a very good habit to regularly examine these sub-components for one-way SAs, even if they are not reported in the article.

Documenting expected relationships … Revealing unexpected relationships 

Sensitivity analyses document the relationship between inputs and outputs. Especially with one-way SA, it is possible to compare that relationship to our understanding of how the world works. For example, we expect the CE ratio to improve as effectiveness increases, to a point where the intervention might generate more savings than costs. We expect the CE ratio to worsen when effectiveness decreases, to the point that the intervention exceeds our threshold for action, or so that side effects are worse than benefits. Observing such phenomena in SAs reassures us that the model captures real-world phenomena, and that our understanding of the CE dynamics of this problem is correct.

When results differ from expectations, or when the CE model assesses relationships that we haven’t thought about, the SA has the potential to illustrate unexpected but plausible relationships. One common example is when inputs exhibit the absence of an expected relationship. For example, in an analysis of expanding Medicaid to cover individuals with early HIV, we found little effect of non-drug medical costs (we had expected higher costs to increase the net cost of the program). This was because that while higher costs increased the cost of providing public insurance, they also increased the value of the savings (from delaying progression to AIDS). Another example is when complex dynamics lead to interesting nonlinear relationships (see section 2).

Sometimes, it is unclear if an odd result reveals a bug or a legitimate but surprising insight. Usually the best way to distinguish between “bug” and “insight” is to carefully check all the formulas, to consider how real dynamics could underlie the result, and to modify those dynamics by changing model inputs. E.g., to evaluate if competing mortality risk is creating the surprising results when varying age as an input, lower the mortality risks for 85 year olds.

Identifying thresholds 

A sensitivity analysis can reveal when an analysis crosses a key threshold. Thresholds are pivotal outcome values – the point at which decisions about doing an intervention might change. Thresholds of interest, progressing from least to most desirable, include: 

	zero net clinical effectiveness – i.e., is there clinical benefit to be realized?
	CE ratio = $150,000 per QALY – this is the upper limit of what is often considered “economically acceptable” in the U.S.
	CE ratio = $50,000 per QALY – this is value below which interventions in the U.S. are considered economically attractive.
	Net savings – this is then the intervention averts more spending than it costs.

In very poor countries, the CE ratio threshold that is often used is $50 per DALY (disability-adjusted life year, similar to QALY). This reflects the unfortunate huge disparity in income by country.

Influencing policy

Perhaps the most exciting use of sensitivity analyses is in influencing policy. It sometimes occurs that there is an agree-upon threshold, and that a CEA team is an a position to answer the question: “What would have to happen to reach that threshold?” Below is one example that we were involved in.

Pricing of zidovudine to prevent mother to child HIV transmission. In 1998, a UNAIDS official was in confidential negotiations with the manufacturer of ZDV for lower prices when used to prevent vertical transmission. This was before the recent broad cuts in ARV pricing in Africa, and so would be precedent-setting. The manufacturer agreed in principal to a major discount, but wanted a justification for the amount. Our analysis, done for UNAIDS, showed that to reach a CE ratio of $50 per DALY, the price would need to be 80% below established levels. This was a major consideration in driving the negotiations toward the eventual discount of approximately that amount. 

Other examples are less clear cut, but also exciting. For example, we examined how Medicaid could be expanded to cover people with early HIV disease, while achieving the required federal budget neutrality. Using SA, we identified multiple strategies (ARV price discounts, use of COBRA and high risk pools) to accomplish this. Several states subsequently adapted these strategies to design Medicaid expansion waivers applications acceptable to the federal government.

Identifying research needs

One of the routine products of good research is refocusing future research efforts – settling some questions and posing new ones (ideally more sophisticated). However, the refrain “more research is needed” sometimes seems obligatory and insufficiently discerning. Yet it is not heard – at least not in vague terms – as often with CEA. This is because CEA is a decision tool: it tries to inform decision-making even in the absence of perfect data, often concluding that for the purposes of the question addressed, available information is adequate. For example, we know the effectiveness of many HIV prevention strategies with sufficient precision to conclude that they work well enough to actually save money, even if we don’t know exactly how much. Or, we know that certain interventions work poorly enough to make cost-effectiveness highly unattractive (e.g., mammography in women 40-49 without other risk factors, treatment of most prostate cancers). Thus, when CEA concludes that “This specific research is needed to help determine if this intervention is effective [or cost-effective]” this highly focused assessment should, in our view, be given weight in proportion to the importance of the original question.
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Figure 1. Sensitivity analysis: cost per HIV infection 
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Figure 2: HIV cases averted per 1,000 CSWs by HIV 
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