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Chapter 12
Challenges for Evidence-Based Diagnosis

Copyright 2018, Thomas B. Newman and Michael A. Kohn

Introduction

We wrestled for a long time with the question of whether to include the term “evidence-based” in the title of the first edition of this book. Although both of us are firm believers in the principles and goals of evidence-based medicine (EBM), as articulated by its first proponents[1] we also knew that the term “evidence-based” would be viewed negatively by some potential readers. 


[2-4] ADDIN EN.CITE  We decided to keep “evidence-based” in the title and use this chapter to directly address some of the criticisms of EBM, many of which we believe have merit. We also recognize that, as elegant and satisfying as evidence-based diagnosis is, there are some very real cognitive barriers to applying it in a clinical setting. These barriers are the second topic of this chapter. Finally, we end the book with some thoughts on the future of evidence-based diagnosis and why it will be increasingly important. 
Criticisms of Evidence-Based Medicine
1. EBM over-values randomized blinded trials and denigrates other forms of evidence. 
EBM is frequently misrepresented as requiring randomized blinded trials (or better yet, a systematic review of such trials) to prove that a treatment is useful. This has been humorously illustrated in a “systematic review” of “Parachute Use to Prevent Death and Major Trauma Related to Gravitational Challenge.”[5]The authors found no controlled trials of parachute use for the “gravitationally challenged” (people jumping out of airplanes) and concluded that “everyone might benefit if the most radical protagonists of evidence based medicine organised and participated in a double blind, randomised, placebo controlled, crossover trial of the parachute.”

We admit this criticism finds some resonance with us, which was one of the reasons for including Chapter 9 (Alternatives to Randomized Trials) in this book.  However, the solution is not to dismiss EBM; rather, it is to help its users to understand better the strengths and limitations of different types of evidence.  While we favor healthy skepticism about results of observational studies, particularly those sponsored by industry, EBM should not and does not require randomized blinded trials to prove the effectiveness of every treatment. Rather, EBM requires that we seek out the best available evidence to guide our decisions and that we strive to develop expertise in evaluating that evidence. With that expertise often comes a greater level of humility about what we do and do not know and also a greater level of sophistication than demonstrated by blanket statements like "only randomized trials can demonstrate treatment efficacy."  We don't need randomized trials to know that eyeglasses work for refractive errors or that parachutes are effective for gravitational challenge.
2.  EBM overvalues statistical expertise and denigrates clinical experience with actual patients.
Harriet Hall,[6], writing a Science-Based Medicine blog, provided excerpts from a Medscape Connect discussion that asked readers, "How Do you Feel About Evidence-based Medicine?" Here is one response:  
"Hard working physicians are screwed from all directions even from statisticians who sit on rear end all day talking to computers and have all the time to pontificate without sweating looking after a dying patient or taking care of a bleeder that won't quit!" 
We sympathize with this one, too.  As a practicing clinician in 2018, it is easy to feel "screwed from all directions." We also know from experience reading the literature and working on computers doing statistical analyses of clinical data that there is no substitute for clinical background to provide the context.  Just as practicing clinicians need humility when drawing inferences from their own clinical experience, epidemiologists and biostatisticians need humility (and one or more clinical collaborators) when analyzing clinical data.  Clinical medicine and clinical research are both hard to do well; striving to develop the expertise and continuously improve is helpful for both. 
3. Evidence-based treatment recommendations tend towards the nihilistic.

Related to the criticism that EBM insists too much on randomized trials is the concern that some self-identified proponents of EBM either recommend against or fail to recommend tests or treatments that many people believe are beneficial.  While we sympathize with patients and clinicians who find uncertainty uncomfortable and who appreciate being told what to do, we are distressed by a sense of paternalism and intellectual dishonesty that accompanies recommendations for tests and treatments that go far beyond available data, often making assumptions about patients’ values that may be unwarranted.  This is particularly problematic when those making the recommendations have a conflict of interest


[7, 8] ADDIN EN.CITE  as described in Chapter 10 (Screening Tests).

A particularly contentious area for EBM is cancer screening.  A meta-analysis of randomized controlled trials by the US Preventive Services Task Force (USPSTF)[9] suggested that mammographic screening for asymptomatic breast cancer in 10,000 women aged 40 to 49 will result in about 3 (95% CI 0 to 9) fewer breast cancer deaths over 10 years. The low prevalence of breast cancer in this age group, combined with the inaccuracy of the test, means that false positives and the consequent costly and uncomfortable biopsies will be frequent: more than 60% of those screened will have at least one false positive result over 10 years.  There is also the problem of overdiagnosis[10]: we know that some biopsy-proven breast "cancers" never progress to overt disease but will nonetheless be treated as cancer.  The USPSTF estimates between 1 in 3 and 1 in 8 breast cancers are overdiagnosed.[9]  
In 2006, former director of the National Institutes of Health Bernadine Healy summarized this controversy as part of a US News and World Report critique of EBM [4]:

Remember the mammogram wars over whether women should get them during their 40s? The protagonists were the EBM-ers who said no and the radiologists and oncologists who said yes. For the naysayers, randomized clinical trials were inadequate to show that the test saved lives, even though it did detect cancers sooner. Such a mammogram program would be costly, and unnecessary biopsies for false positive readings even costlier. But based on their interpretation of clinical evidence, cancer experts maintained that the test saved lives. What's more, they factored in the nature of the disease: more aggressive in younger women and best cured if picked up early. But in 1997 the Department of Health and Human Services gave a thumbs down to recommending that women start having mammograms in their 40s. Women promptly exercised their political clout, which led to an HHS reversal. (In fact, the trend has been for more screening in this age group, not less.)

It is instructive to note that Dr. Healy characterizes as a “thumbs down” the 1997 panel’s recommendation that the screening decision be individualized.  To some, particularly those concerned about reimbursement by third-party payers (see Criticism #3 below), recommending a treatment decision be individualized appears to be the same as recommending against it.  Dr. Healy failed to make this distinction when discussing prostate cancer screening as well (Box 12.1).

EBM provides an approach to critically appraising research studies and quantitative methods for summarizing their results.  Using this approach and these methods, different groups can arrive at different answers about the utility of a treatment or screening program, depending on their prior probabilities and values.  (There is no right answer to the question of how many additional false positive mammograms it is worth to get one more true-positive.)  When a group that identifies itself as using the methods of EBM comes to a conclusion with which we disagree, we should review the evidence and how EBM was applied, not blame EBM for a conclusion we do not like.

+++++++++++++Begin Box 12.1++++++++++++++++++++++++++++++++++++++

Box 12.1   Evidence-based medicine as malpractice

We recommend the 2004 JAMA essay “Winners and Losers” by Dr. Daniel Merenstein [11], in which he describes his experience being sued for not obtaining a prostate-specific antigen (PSA) test on a 53-year old man in 1999.  The plaintiff he had not screened was diagnosed in 2002 with incurable prostate cancer.  The balance of benefits and risks for PSA testing for prostate cancer in 1999 was at least as questionable as for mammography in women aged 40-49.[12]  False positives lead to unnecessary biopsies, and treatments for indolent cancers (pseudodisease) carry the risk of death, incontinence, and impotence.  If the patient is unfortunate enough, as in this case, to have an aggressive cancer, it is unclear whether early diagnosis prolongs life, although for the reasons described in Chapter 10, it will appear to do so.  As with the NIH panel’s recommendation about mammography, the evidence-based recommendation for PSA screening was, in Merenstein’s words, “discussing with the patient the risks and benefits, providing thorough informed consent, and coming to a shared decision.”  Merenstein had documented this discussion and the shared decision not to obtain the PSA test.  The plaintiff’s lawyer showed that most doctors in the state would have obtained the PSA test without discussing the risks and benefits with the patient.  In his closing arguments, the plaintiff’s lawyer also put evidence-based medicine on trial:

He threw EBM around like a dirty word and named the residency and me as believers in EBM, and our experts as founders of EBM….  He urged the jury to return a verdict to teach residencies not to send any more residents on the street believing in EBM. [11]
The jury found that Merenstein was not liable, but the residency program that trained him in evidence-based practice was – for $1 million -- despite the lack of evidence that an earlier diagnosis would have made any difference to the patient.  

In her U.S. News and World Report commentary in 2006, here is how Bernadine Healy summarized the case in her essay critical of EBM:

EBM also questions the prostate-specific antigen test, or PSA, for prostate cancer. The evidence-based method concludes that the test brings more harm than benefit, as it leads to unneeded biopsies and surgeries on often slow-growing cancers. This is at odds with the American Cancer Society, which says that men should have annual PSAs starting at age 50, and African-Americans, who have a higher prostate cancer rate, at age 45. This does not help that young primary-care doctor who published a mournful essay in the Journal of the American Medical Association in 2004. He did not get a PSA on his 53-year-old patient, based on his dutiful practice of evidence-based medicine. When found to have advanced prostate cancer, the patient sued and won. The jury put its faith in the medical experts who testified that PSAs are the best way to pick up tumors when they are most treatable.

The question was not whether the PSA test is the best way to identify prostate tumors when they are most treatable but whether the potential benefit of the PSA test outweighed the risks of testing and overtreatment and whether patients should have any say in the decision to assume these risks.  In fact, the benefits of PSA testing are still unclear: in 2018 the USPSTF changed the grade for PSA screening for men 55 to 69 years old from "D" (recommending against routine screening) to "C" (individualized decision making, as was done by Dr. Merenstein). 


[13] ADDIN EN.CITE 
_  

++++++++++++++++++++End Box 12.1++++++++++++++++++++++++++++++++

4. EBM has been or might be used by payers to deny payment and limit clinician autonomy

Some writers, like the plaintiff’s attorney in the Merenstein case (Box 12.1)  see EBM as primarily about rationing care to save money.[14] 

We share the concern that the language and methods of EBM may be misappropriated by organizations for which maximizing profit, rather than health, is the goal.  A problem arises when the standards of evidence devised to determine whether to recommend population-wide preventive health interventions (which, for reasons described in Chapter 10, should be conservative) are applied to decisions about whether third-party payers will pay for particular tests and treatments. [15] Recommendations aimed at preserving physician and patient autonomy can end up preserving neither, if reimbursement for the desired care is denied.  On the other hand, the perceived need to force third-party payers to provide coverage may lead to guidelines that recommend treatments not supported by evidence, leading to excess treatment and creation of liability (for not treating) where none should exist.[16] 

It will always be necessary to set priorities for the allocation of limited health care resources.  Efforts to control health care costs pre-dated EBM and would continue regardless of whether EBM existed.  If payers did not use (or claim to use) the methods of EBM to justify denying payment, they would rely on expert panels, common practice, and even more arbitrary justifications.  The solution is not to attack EBM, but rather to attack third party payers if they use it inappropriately to limit reasonable care.

5.  The evidence base and experts are too tainted by the outsize influence of the pharmaceutical industry to be reliable.
Here are two other answers from the Medscape discussion on EBM:[6]
"Much of the 'evidence' today is fabricated and doctored by Big Pharma."

 "As long as drug companies own the experts and fund the vast majority of studies AND have the right to publish the findings or not as they see fit, we will NEVER have fully reliable evidence… therefore evidence-based medicine might well be WRONG medicine." 
Again, there is much merit in this concern.  There is room for science and the profit motive to co-exist, but the tilt of many large pharmaceutical companies in recent years has been much more toward the latter.  In some cases this has included criminal activity and led to the loss of thousands of lives.[17] Those responsible seldom suffer any meaningful consequences; the large fines are just a cost of doing business.
 
To the extent that the included research is tainted and excluded research invisible, even a meta-analysis of randomized, double-blind trials, thought to be the holy grail by some EBM advocates, can give the wrong answer.  We offer at best a partial solution: skepticism about new, expensive or risky tests and treatments, particularly if the research demonstrating their value was done or sponsored by entities with a financial stake in the results.
Summary
Evidence-based medicine has been criticized for being overly reliant on evidence from randomized controlled trials (which may be tainted by industry sponsorship or selective publication), overly skeptical about the efficacy of many treatments, and an excuse for insurance companies to deny coverage for treatments. These valid concerns should give rise to caution and humility in the application of evidence-based medicine, not to its abandonment.
Cognitive Errors in the Diagnostic Process
In Chapter 1, we said the real meaning of the term “diagnosis” is applying the right name to a patient’s illness.  This is a complex cognitive task that makes use of intuitive, non-analytic reasoning.[19]  Then, we spent much of the next three chapters and some of the rest of the book on a two-part task.  First, we used Bayes’s Theorem to calculate post-test probability of disease from the pre-test probability and the likelihood ratio of the test result. Then we compared that post-test probability to a treatment threshold which was estimated by balancing risks and benefits.  Understanding this two-part task is helpful for a variety of reasons, but frankly, it only remotely resembles the complex cognitive task of real-world diagnosis and treatment selection.  In this section, we will discuss that task, specifically the errors to which it is prone.

Differential Diagnosis

The Bayesian process described above starts with the pre-test probability of disease, but we need to know what disease or diseases are under consideration.  In the first five minutes of a diagnostic encounter, clinicians use their intuition and experience to generate a list of 3 to 5 potential diseases, the differential diagnosis.


[19, 20] ADDIN EN.CITE    Including the actual diagnosis in the initial “differential” is critical.  In a study using standardized case simulations, if physicians included the correct diagnosis in their initial list, they eventually solved the case 96% of the time; if they didn’t, the solution rate was only 14%
.[21] 

How does one generate a differential diagnosis?   Perhaps a checklist based on the chief complaint or, better yet, a computerized diagnostic support tool that prompts the clinician to ask important questions might help.   For example, cannabinoid hyperemesis syndrome occurs in chronic marijuana users and presents with abdominal pain and intractable nausea and vomiting.  Typically, the symptoms are relieved by hot showers or baths. [22] This syndrome is frequently misdiagnosed as irritable bowel, cyclic vomiting syndrome, or gastritis, either because the clinician is unaware of it or, because of fatigue or distraction, forgets to ask about either marijuana use or whether hot showers relieve the symptoms.   A checklist or computerized diagnostic support tool (including a Google search) might help the clinician consider cannabinoid hyperemesis syndrome.

The master clinician’s ability to generate a good differential diagnosis is based on experience.  Unfortunately, that experience often consists of past failures to consider an important diagnosis.  A better approach may be to expose clinician trainees and practicing clinicians to real, solved cases and allow them to make their errors without hurting anybody.  Live case simulations with role-playing are impractical, but realistic online simulations including video of patient interviews, ECGs, x-rays, and lab results are feasible.
  Such simulations should include a subset of patients with potentially worrisome findings who end up having nothing serious, to reflect the reality that some self-limited, benign illnesses can remain undiagnosed.

Clinicians and Probability 

Once we have the candidate diagnoses, according to the Bayesian approach, we estimate their pre-test probabilities. But how?  If we are considering classic diagnostic tests, such as x-rays or laboratories, then the pre-test probability is the probability of disease based on the population prevalence, the patient’s history, and the physical exam.  But if the test is a physical exam finding, then the pre-test probability is based on whatever information is available prior to examining for that finding.  The post-test probability after one test can become the pre-test probability for the next test, but as we discussed in Chapter 7, unless the two tests are independent (conditional on disease state), the likelihood ratios of the results on each sequential test depend on the results of previous tests.  Also, clinicians do not do all tests in series, they do many tests in parallel – i.e., simultaneously.  In actual practice, clinical diagnosis is based on intuitive, implicit probability estimates, and clinicians, like most people, do not estimate or even understand probabilities very well.  We show wide variability, inconsistency, and irrationality in our estimates of probabilities.  Even when given the pre-test probability, most of us do not properly use the test result and its likelihood ratio to calculate post-test probabilities.  Interestingly, however, asking clinicians, not for a probability, but for a clinical decision, often leads to better answers than would be expected from our poor abilities to estimate probabilities.

Errors in Pre-Test Probability Estimates

Several surveys have shown that different physicians given the same clinical vignette will provide widely different estimates for the probability of disease.[23] 


[24-26] ADDIN EN.CITE   In one such survey, Cahan et al (2003) gave clinicians the history, physical exam, and ECG description of a 58-year-old woman with 2 days of episodic pressing/burning chest pain. They asked for the probability of multiple different possible diagnoses, including active coronary artery disease, thoracic aortic dissection, esophageal reflux, and biliary colic.
  The probability estimates for any one diagnosis in the differential varied widely between clinicians.  The estimated probability of active coronary artery disease ranged from 1% to 99% with a median of 65% and an inter-quartile range of 30%.  Moreover, the probabilities assigned by an individual physician to each diagnosis in the differential usually summed to much greater than 100%, even though the diagnoses were supposed to be mutually exclusive.

In their classic 1974 paper on judgment under uncertainty, Tversky and Kahneman [27] pointed out that we all have difficulty dealing with probabilities and simplify the complex task of assessing probabilities by using heuristics that can lead to bias.  A heuristic is a rule of thumb used to simplify a problem at the expense of precision and accuracy.  Tversky and Kahneman’s example of a heuristic is the subjective estimate of an object’s distance from the viewer based on its visual clarity.  This leads to overestimates of distance on foggy days and underestimates on clear days.  They described three heuristics commonly used to estimate probabilities: representativeness, availability, and adjustment from an anchor.  Use of these heuristics can result in biased estimates of pre-test probability.

Representativeness

The representativeness heuristic equates likelihood with similarity.  In medicine, if a clinical presentation is similar to the typical presentation of a rare disease, many clinicians will overestimate the probability of disease, insufficiently accounting for the low prior probability.  For example, among patients who present with chest pain, acute cardiac ischemia is between 50 and 500 times more likely than thoracic aortic dissection.


[28, 29] ADDIN EN.CITE   Because of this, even if the chest pain has a characteristic typical of aortic dissection, such as radiation to the back, the probability of cardiac ischemia may still be at least as high as the probability of aortic dissection.  However, many physicians will assign a much higher likelihood to dissection than to ischemia.

Availability

Availability is another heuristic used to estimate probabilities.  Availability refers to the ease with which instances or occurrences of an event can be brought to mind.  Of course, representativeness may be one contributor to availability: the presence of classic symptoms of a rare disease may make it available in memory.  However, other factors affect availability as well.  For example, recent events are likely to be more available than earlier events.  The Tversky and Kahneman (1974) article points out that “the subjective probability of traffic accidents rises temporarily when one sees a car overturned by the side of the road.” An emergency physician is more likely to assign a high probability to aortic dissection if a case was discussed at the last department conference.

One’s own experience is obviously more available than the experience of others.  For example, surgeons at a hospital were asked to estimate overall (hospital-wide) surgical mortality.  The estimates of surgeons from high-mortality specialties (e.g. neurosurgeons) were at least double the estimates of surgeons from low-mortality specialties (e.g. plastic surgeons).  Thus, the mortality rate from personally performed operations exerted a disproportionate influence on judgment about the whole hospital’s surgical mortality rate.[31]  Similarly, plastic surgeons might think that using tissue adhesive to close lacerations has a high failure rate because they never see the successful closures using tissue adhesive but can bring to mind many failures.

Clinicians often overestimate the probability of a diagnosis with severe consequences because of the anticipated regret if the diagnosis were missed.[32]. This is sometimes called “regret bias.” Kahneman and Tversky did not use that term,”
 but it is related to use of the availability heuristic, since diagnoses with severe consequences are often more easily brought to mind.  We mentioned the Cahan study in which clinicians were surveyed about likely diagnoses in a 58-year-old woman with chest pain.  The clinicians assigned aortic dissection a mean probability of 16%, while more common (and more likely) problems such as reflux and anxiety were assigned lower probabilities.  Perhaps this was because failing to diagnose reflux or anxiety has minor consequences compared with failing to diagnose aortic dissection.  When asked for the probability of a particular diagnosis, clinicians usually respond with their level of concern – not the actual probability.  If missing a particular diagnosis is especially bad, we want a low threshold for looking and testing further for that problem.  These considerations should lower our threshold for further work-up, not raise our probability estimate, but we often keep the threshold constant and increase our probability estimate instead.

In Chapter 5 on reliability, we suggested that the same radiologist interpreting the same set of x-rays might be systematically more likely to rate them as abnormal after being sued for missing an abnormality.  This is because the lawsuit makes the abnormality more available to the radiologist either by increasing its subjective probability or because the level of concern has increased.  

Adjustment from an Anchor

A third heuristic discussed by Tversky and Kahneman is estimating a probability by starting from an initial value, called the "anchor," and adjusting to reach a final answer.  As we shall see, even when the initial value is meaningful, adjustment can be inadequate.  But this heuristic is especially problematic when the initial anchor is irrelevant.

For example, Brewer et al [33] presented to family physicians (via a mailed survey) a clinical vignette about a 32-year-old woman with cough, pleuritic chest pain, and low grade fever.  First, they established an irrelevant anchor.  Half the participants were asked whether the chance of pulmonary embolism was greater or less than 1%; the other half were asked whether the chance was greater or less than 90%.  Then, all the participants were asked to give a point estimate of the probability of pulmonary embolism.  Physicians in the low-anchor group estimated the likelihood of pulmonary embolism at 23% on average, while physicians in the high-anchor group estimated the likelihood at 53%.  
Responsiveness to an irrelevant anchor is sometimes called a “priming effect.”[30]   Our subconscious is vulnerable to the power of suggestion.  Tversky and Kahneman rigged a wheel of fortune that appeared to allow all numbers between 0 and 100 to stop only at 10 or 65.  Study participants were asked to spin the wheel and write down where it stopped (10 or 65).  Then they were asked their best guess of the percentage of African nations in the UN.  For those who saw and wrote down 10, the average estimate was 25%; for those who saw 65, it was 45%.    Even anchors that we know to be irrelevant affect us.  
Errors in Post-Test Probability Estimates

The discussion of adjusting from an anchor and its possible effect on pre-test probability estimates naturally leads to a discussion of cognitive bias in test interpretation.  As mentioned in the introduction to this section, the post-test probability for one test can be the pre-test probability for a subsequent test, and many tests are done in parallel rather than in series.  Because of this, the distinction between cognitive bias in test interpretation and cognitive bias in estimating pre-test probabilities is somewhat arbitrary.  Attempts have been made to name the cognitive biases that contribute to our misinterpretation of test results.[34]  For example, “confirmation bias” consists of cognitive “cherry-picking;” unconsciously, we both pay more attention to test results that support our initial impression and misinterpret non-specific findings as confirmatory.  “Premature closure” is choosing (and often labeling a patient with) a specific diagnosis before the clinical information is sufficient to rule out other important and plausible diagnoses.  Confirmation bias and premature closure can be especially problematic if we are fatigued or under time pressure.  

Intuition versus Math

Anchoring bias occurs when we are influenced by an irrelevant “priming” anchor or under-adjust from a relevant anchor.  On the other hand, we often over-adjust probabilities of disease based on positive test results.  Recall the example in Chapter 2 of a positive screening mammogram in a 45-year-old woman.  The prior probability of breast cancer was 2.8/1000.  Before we teach probability updating in our class, we ask our students to estimate the probability of cancer given the prevalence, test characteristics, and the positive mammogram.  The answers (for those who have not read the chapter in advance) tend to exceed 50%.  We saw in Chapter 2 that, assuming a sensitivity of 75% and a specificity of 93%, the actual answer is about 3%.  This systematic bias is obviously not due to under-adjustment from the anchor of 2.8/1000, which would lead to a falsely low estimated probability.  Rather, it represents failure to consider the very low pre-test probability, called base-rate neglect.

Sox et al [35] asked pediatricians for the post-test probability of pertussis given a pre-test probability of 30% and a negative pertussis DFA (direct fluorescent antibody) test.  One third of the physicians were given the sensitivity (50%) and specificity (95%) of the DFA; one third were given the test characteristics explained in non-technical terms; and one third received no information about test characteristics.

The correct post-test probability is 18%.
   Two-thirds of the respondents estimated a post-test probability higher than the pre-test probability of 30%, despite the negative DFA result.  This was worse in the two groups that were given the test’s characteristics. 
Overconfidence

For this we'd like to quote from one of our recent favorite books, Daniel Kahenman's. Thinking, Fast and Slow.[30]
Overconfidence also appears to be endemic in medicine. A study of patients who died in the ICU compared autopsy results with the diagnosis that physicians had provided while the patients were still alive. Physicians also reported their confidence. The result: "clinicians who were ‘completely certain’ of the diagnosis antemortem were wrong 40% of the time."
[36] Here again, expert overconfidence is encouraged by their clients: "Generally, it is considered a weakness and a sign of vulnerability for clinicians to appear unsure. Confidence is valued over uncertainty and there is a prevailing censure against disclosing uncertainty to patients."[37] Experts who acknowledge the full extent of their ignorance may expect to be replaced by more confident competitors, who are better able to gain the trust of clients. An unbiased appreciation of uncertainty is a cornerstone of rationality— but it is not what people and organizations want. 

Probability Estimates vs. Decision Making

When clinicians estimate disease probabilities, we use heuristics that can result in significant biases.  Also, despite the medical school and continuing medical education courses on clinical epidemiology and evidence-based medicine, and despite the nomograms, slide-rules, and on-line calculators designed to make the process easier, many clinicians still cannot properly update pre-test probabilities based on the results of a diagnostic test.  On the other hand, clinicians are probably more consistent and rational in their clinical decision-making than they are in their probability estimates.  In the literature on cognitive biases, this is the distinction between judgment (probability estimates) and choice (decision making).


[33, 38] ADDIN EN.CITE   
Responding to the vignette about the 32-year-old woman with pleuritic chest pain, [33] physicians were susceptible to priming with anchors of 1% and 90% when they estimated the probability of pulmonary embolism.  However, the authors went on to ask the physicians for a decision about next steps.
  While the initial anchor affected probability estimates, it did not appear to affect the treatment decisions.  In fact, the physicians in the low anchor group were slightly more aggressive about testing and treating for pulmonary embolism.  
Similarly, while doctors may not be very good at estimating the probability of serious illness, they may do at least as well as decision rules at deciding whom to admit and treat  


[39-41] ADDIN EN.CITE . The poor performance of the pediatricians estimating the likelihood of pertussis may be because they had been taught that the DFA is insensitive for pertussis (reinforced when they were told that sensitivity was only 50%).  They may therefore have selected answers that reflected their concern about missing the diagnosis and did not consider it ruled out by the negative DFA test.
Although physicians do better in their decision-making than in their probability estimates, cognitive errors do affect patient outcomes.  In “How Doctors Think,” Groopman[42] gives multiple examples of cognitive errors in diagnosis resulting from the biases mentioned above and contributed to by time pressure, physician fatigue, and cultural barriers.  Of course, we all focus on the cognitive errors leading to “misses,” failures to identify a serious diagnosis, which lead to the most dramatic stories.  But more commonly, flawed thinking leads to over-testing, which is more mundane.  For example, unnecessary tests, like a urine culture after a negative urinalysis (Box 2.3), are often recommended because clinicians misunderstand and miscalculate the implications of imperfect sensitivity (a small but non-zero false negative rate).

Oversimplification of the Diagnostic Problem 
Attempting to apply the Bayesian approach to test interpretation sometimes entails oversimplification that leads to highly questionable conclusions.

Cardall et al [43] recommend against obtaining a WBC count to determine whether a patient with abdominal pain has appendicitis, because it is “not clinically useful” for distinguishing between patients with and without appendicitis.  But their study showed that a WBC ≥ 15,000/uL has a likelihood ratio of 3.2 for appendicitis.  Moreover, the study failed to adequately consider that the WBC count is a continuous test; a WBC count of 28,000/uL or of 500/uL would appropriately affect a clinician’s management decisions.  Also, when confronted by a patient with abdominal pain, the question is not whether the patient has appendicitis; the question is what the patient does have and whether a CT scan can help identify the problem.  A markedly elevated WBC count is associated with other conditions, such as diverticulitis and small bowel obstruction, which are identifiable on CT.  Finally, the study did not consider something that clinicians do consider -- the WBC count is always part of a complete blood count, which provides a hematocrit and a platelet count as well, both of which may help with diagnosis and treatment decisions.

Making a multilevel test dichotomous or failure to adequately consider the full range of possible test results are oversimplifications addressed in Chapter 3.  As discussed above, the multiplicity of possible diagnoses to explain a patient’s illness is more difficult to accommodate.

So Why Teach Evidence-Based Diagnosis?
The step-by-step Bayesian process is impractical for clinicians to apply on a patient-by-patient basis.  Although we love this material and have taught it for many years, when at the bedside , we rarely quantitatively estimate pre-test probabilities and update them using the results of the tests that we order.  However, we do use the basic logic with many of the patients we see.  For example, material covered in this text has helped us 

· decide not to order tests (e.g. a head CT on a child with a minor head injury) when the disease is so unlikely that the pain, risk, and cost (e.g. radiation exposure) of testing are not worth the negligible chance of a positive result

· avoid ordering non-specific tests (e.g. myeloperoxidase and C-reactive protein) in low-risk patients

· accept some negative initial tests (e.g., rapid strep test or urinalysis) without ordering confirmatory tests (e.g., throat or urine cultures)

· interpret tests (e.g., BNP and D-Dimer) along a whole range of possible values, rather than dichotomizing them as either positive or negative

· act on mildly abnormal test results (e.g., a slightly elevated D-dimer or WBC count) when our level of concern is high but wait when we get the same results on patients about whom we are less concerned

· become more aware of how our own biases and cognitive limitations affect our ability to diagnose and treat disease

The future of evidence-based diagnosis

As we come to the end of this book, we cannot resist the temptation to speculate about the direction in which medical tests are moving, and how the material in this book might help readers keep up.

One direction seems clear: more and more new tests will be offered, and they will need to be critically evaluated. These tests will take advantage of advances in technology, particularly in genetics, molecular biology, and imaging. Increasingly, we fear, they may be promoted directly to consumers (Fig. 12.1), who are ill-equipped to critically evaluate the claims of the promoters.  Primary care clinicians will then have to face the problem of dealing with results of tests they did not order.[44]
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Figure 12.1.  Example of Direct-to-Consumer advertising from an imaging center, sent via direct mail to TBN.
Clinicians, already drowning in a sea of data, will increasingly rely on decision rules and guidelines, sometimes implemented as computer-based decision aids, to assist with deciding which tests to order and how to interpret the results. This will help to overcome both knowledge gaps about pre-test probabilities and LRs, as well as cognitive errors in probability estimation and updating. The authors of the decision rules and guidelines evaluate treatment effectiveness, determine test characteristics, estimate pretest probabilities, do the Bayesian updating for a range of clinical scenarios, and then provide their recommendations to clinicians. 
However, clinicians will need to be skeptical consumers of these decision rules and guidelines, just as they are of individual tests. As shown in this book, decisions about which tests to order depend not only on the costs and accuracy of tests, but on the efficacy and risks of different treatment options, and assessment of these may depend on the patient’s values. For all of the reasons discussed in Chapter 10, it will be important to discern whose values and whose perspective are reflected in any such decision aids. The material in this text should help us select and interpret diagnostic and screening tests so as to maximize the benefit to our patients’ health.

Summary
1. The step-by-step Bayesian process for making clinical decisions on the basis of test results can be problematic because clinicians often do not deal well with either estimating or updating probabilities.  Despite this, experienced clinicians often make good clinical decisions.  However, with knowledge of evidence-based diagnosis and understanding of our cognitive biases and limitations, we can do even better.

2. Clinicians, as skeptical consumers, can use the methods of evidence-based diagnosis to evaluate and utilize the increasing number of individual tests, clinical decision rules, and practice guidelines that appear in the literature and the marketplace.
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� In 54 diagnostic encounters, the physician included the correct diagnosis in the initial list; 52 ended up with the correct final diagnosis.  In 7 encounters, the physician failed to include the correct diagnosis in the initial list, only 1 ended up with the correct final diagnosis.


� See, for example, https://www.medicalexamtutor.com/


� Tom has coined the term "SLUBI" (Self-Limited, Undiagnosed, Benign Illness) to refer to illnesses, common at least in outpatient pediatrics, that end up getting better without us ever figuring out what they were.


� You can assume that “active coronary artery disease” = heart attack; “thoracic aortic dissection” = a tear in the wall of the big artery leaving the heart; “esophageal reflux” = heartburn; and “biliary colic” = gallstone pain.


� Some examples of bias can fit more than one category.  We are calling this “representativeness”, but it could also be called “base rate neglect”, which is mentioned later under “Intuition vs. Math”.


� They did spend more than a year thinking about it.  See “The Undoing Project”, p. 270. 


� As mentioned under “Representativeness”, these biases overlap.  You could look at this error as a result of representativeness bias, since women with breast cancer typically have positive mammograms.





� You can just about do this in your head.  Convert 30% probability to pre-test odds of 3/7. Calculate LR(-) = 50%/95% ≈ ½.  Post-test odds = 3/7 x ½ = 3/14.  Convert to post-test probability = 3/17 ≈  0.18.


� Of course we can't help pointing out that ICU patients who die are not a representative sample of ICU patients and those who get an autopsy are probably not representative of those who die, so it may not be quite as bad as this looks.


� The choices were: normal care; lung scan; pulmonary angiogram; hospitalize; and treat with anticoagulant.  
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