Medicine Is Being Treated with Snake-QOil Statistics
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Statistics has helped medicine move away from an eminence-based framework,
where subject-matter experts decided what worked and what didn’t, towards an
evidence-based one. Among the techniques deployed, null-hypothesis statistical
testing (NHST) is the most common, where the word “null” is invariably taken
by users to mean that the only hypotheses tested are those of “no association”
or “no effect” (sometimes labeled “nil hypotheses”). Despite objections to them
extending throughout the past century [1], these tests are supposed to serve as a
safeguard against researchers fooling themselves and others, as well as serving
as a central component of experimental design and analysis.

Unfortunately, these tests are easily subverted into playing the reverse role
of providing a badge of approval, allowing researchers to make stronger claims
than warranted by valid statistical analyses. Confidence intervals have been
extensively promoted to address this problem, but they too have been subverted
by being treated as if they are only testing null hypotheses. The consequences
for evidence-based medicine have been dire.

There are three commonly stated principles (shown in Figure 1) of evidence-
based medicine [2]:

1. reliance on statistically significant results (and thus NHST) from random-
ized controlled trials,

2. balancing of costs, benefits, and uncertainties in decision making, and

3. combining clinical expertise with external evidence to tailor treatments for
individuals.
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Figure 1

Unfortunately, the use of NHST can get in the way of the movement toward
an evidence-based framework. This may sound paradoxical, given that one
of the foundations of evidence-based medicine is hypothesis testing based on
randomized controlled trials, deemed by many to be the most reliable forms of
evidence [2]. One problem is that reliance on statistical significance (principle
1) may conflict with the other principles: In conflict with balancing costs and
benefits under uncertainty (principle 2), statistical significance or non-significance
is typically used to replace uncertainty with certainty [3, 4] — indeed, researchers
are encouraged to do this and it is even forced by some journals [5].

Reliance on statistical significance can interact badly with expertise and back-
ground evidence (principle 3), often leading to incoherent attempts at resolution.
For example, researchers may do separate analyses for men and women, often
with no biological basis for expecting other than small differences in effects (if
any). In doing so they often find that one group (usually the larger one, which is
usually men) show a “significant” effect while the other does not. They then mis-
report this difference in “significance” as if it represented a significant difference
in effect between groups when in fact it only reflects a difference in the group
sizes, plus random differences in group-specific P-values. Such misinterpretations
fool researchers into thinking that the data support targeting treatments at
the group showing “significance” and mislead clinicians into tailoring treatment
plans for individuals based on nothing more than random variation.

The unfortunate reality is that estimating effects for individuals or population
subsets requires far more sophistication than basic testing procedures [6]. It can
take several times more patients to estimate variation in effects (“interactions”)
than average effects [7]. Given that few studies are large enough to estimate
main effects of interest, it will typically be impossible to obtain reliable estimates
of effect variation even if the study is otherwise flawless. That problem should
be dealt with under principle (2) by recognizing that subgroups will have very
imprecise estimates, leading to enormous uncertainties about who if anyone
should be targeted for or excluded from treatment. Unfortunately, the prevalent
misunderstandings of classical statistics have trained most researchers, editors,
and reviewers to demand statistical significance and certainty as a prerequisite for
publication [8] and decision making. Applying those demands within subgroups
all but guarantees that distorted impressions of patient-specific effects will follow.

Through neglect of basic education, the statistics profession is partly responsible
for these issues, but there is nothing new about medicine’s desire for certainty.
That desire is part of human nature and thus existed long before the adoption of
statistical methods. The resulting demands for certainty in reported results have
provided ample opportunities for overconfident researchers to rise to prominence.
Physicians have long capitalized on several opportunities with their sophisticated
knowledge of physiology and anatomy, and used their medical authority to argue
what treatments worked, shape public policy, and design clinical guidelines,
maintaining a form of medicine characterized as “eminence based.”



The landscape changed when advances in quantitative methods eventually reached
medicine [9], leading to a newfound demand for scientific rigor and making many
individuals wary of the claims of subject-matter experts [10]. These demands may
be some of the biggest contributors to medicine’s adoption of statistical methods
and its movement towards an evidence-based framework. Unfortunately, in its
pursuit for objectivity, medicine was sold snake oil statistics and as a result, its
desire for objectivity and rigor backfired.

Figure 2: Snake oil statistics. Methodological interventions that have been
oversold by early adopters as cure alls despite no supporting evidence of utility
in a particular application.

To see the reach of these problems, one simply needs to look wherever a
new drug has been considered effective only if it has been shown statistically
significantly better than a control in one or more randomized clinical trials (a
standard that applies to FDA new-drug approvals, though not to medical devices,
which can be cleared through other pathways). The largest enforcers of these
methods have been regulatory agencies that wish to minimize treatments that
do not work (false positives) and minimize adverse events from treatments. One
should ask: what specifically convinced these agencies that statistical significance
and in particular NHST was the best analysis criterion to achieve these goals?

In a nonexistent ideal world, the regulatory agencies looked at several statistical
methods, tested each of them in many settings to see how well they identified true
benefits and harms while avoiding false conclusions, and from that determined
NHST performed best out of all options — with periodic updates as new methods
appeared. Of course, history shows something else entirely, even indicating
that adoption of NHST was mainly a result of political desperation [11, 12].
To understand the harsh reality, we must go back to the mid-20th century,
when pharmaceutical companies submitted new drug applications to the FDA
that often lacked any protocols and statistical analysis plans, making the entire
drug approval process chaotic. By the end of the 1960s, the FDA had become
desperate to standardize the drug-approval process and make it scientifically
rigorous, especially with impending pressures from the Drug Amendments of
1962, which demanded rigorous evidence for drug approval.

At the same time, applied researchers were looking for rigorous ways to sum-
marize experiments with numerical quantities. Their search struck gold with the
works of the prominent statisticians, Ronald A. Fisher [13, 14, 15], Jerzy Neyman
[16], and Egon Pearson [17], who created and popularized powerful statistical
tools for researchers that lacked statistical training. Eventually, researchers
across many disciplines adopted NHST and the now-infamous 0.05 cutoff. Soon,
the FDA followed and incorporated these methods into its regulatory process,
without any formal debate about the methods’ utility or evidence [12].

Figure 3: Austin Bradford Hill. The statistician and epidemiologist who
conducted the first randomized controlled trial in medicine.

It thus appears that embracement of the NHST paradigm arose from expediently



following the ascendant trend in research rather than a critical evaluation
of various options emerging in the same period. Since its adoption into the
regulatory process, this framework has been rigorously enforced by the FDA as
the gold standard in the approval process.

We find it ironic that the gatekeepers of evidence-based medicine — regulatory
agencies, journal editors and reviewers, and medical researchers — continue to
insist on enforcement of a statistical framework that was never critically examined
for its utility in medicine [12]. This failure makes it understandable why it can be
credibly argued that conventional statistical methods have done more harm than
good in medical science. These methods, including null-hypothesis tests and so-
called “confidence” intervals are a set of decision-making tools designed for tightly
controlled randomized experiments in which the treatment effects (if any) can be
distinguished from all other causal effects, and can be distinguished from random
error (noise) by increasing the study size in an affordable manner. Examples of
such scenarios arise in agricultural research where the experimental units are
plants or plots, and industrial quality control, where the experimental unit is a
part or product. The tools were originally developed for these environments, in
which (compared to clinical studies) experimenters have almost godlike control
over the selection of units and their subsequent experiences, aided by having a
rather short follow-up period and low cost per experimental unit. And then, the
decisions to be made are relatively simple and easily monitored, e.g., change a
fertilizer formulation or manufacturing tolerance [17]. Experimental psychology
is similar in terms of control, cost, and even lower cost-benefit consequences.

In clinical environments, however, the cost per experimental unit (the patient)
is far higher, creating severe limits on study size and thus noise reduction, and
the costs and benefits of decisions can be enormous. At the same time, there is far
less control of extraneous selection and confounding effects: Physicians and their
patients can and do selectively refuse to participate or cease to adhere to assigned
treatment protocols, and may drop out for unknown reasons. Meanwhile, direct
physical control of the patient environment is extremely limited or nonexistent,
especially when follow-up extends beyond hospital stay. And then, amplifying
these limits, the required decisions are often complex and of highly uncertain
consequence, yet may be pivotal to the experimental results and clinical decisions,
e.g., when to withdraw treatment from patients apparently experiencing side
effects or when to switch treatments for nonresponsive patients.

These vast differences haven’t stopped medical researchers from using conven-
tional methods as if they were operating in a tightly controlled environment,
treating ambiguous trial results as if they supported decisive conclusions despite
obvious uncertainties and potentially devastating consequences. The usual depic-
tions of this problem involves researchers trying to “game” statistical methods
so that they show “significant” effects [18, 19]; while such “significance questing”
is a real problem, warnings about it usually ignore or dismiss opposite behav-
ior in which showing “nonsignificance” will facilitate publication in prestigious
medical journals, especially where so-called “replication failure” has become a



hot topic [3]. Adding to these distortions is the publication bias that results
when researchers or editors deem results unworthy of submission or acceptance
because they are just not interesting because they fail to report a “discovery” or
only replicate what is “known.” This desire for novelty or publicity, along with
demands for certainty, has distorted the medical literature with dubious, inflated
effects [20] and misleading claims of replication failure based on fundamentally
ambiguous results [21, 22].

0.1. Responses to the problems

In response to the ongoing abuse of statistical testing, the American Statistical
Association released a statement in 2016 cautioning against the fizating on
P-values and statistical significance [23]. Three years later, the organization
published an issue titled “A World Beyond P < 0.05” with 43 commentaries
from statistical experts on how to improve statistical inference, with or without
P-values [24]. The issue was accompanied by a highly discussed commentary in
Nature titled “Scientists Rise up Against Statistical Significance” that discouraged
mindless automation and dichotomization of statistical results [21], and was
supported by signatures of some 800 applied researchers.

While these calls are impressive and a growing number of journals — including
the New England Journal of Medicine and, in modified form, JAMA — have
updated their statistical-reporting policies, most regulatory agencies and the
bulk of the medical literature continue to fixate on statistical significance [5, 25].
Correspondingly, we can expect medical researchers to keep cutting corners
to achieve or remove statistical significance [18, 19] or misinterpret ambiguous
results as if definitive, a practice that is often labeled as “spin” [26].

We can interpret the persistence of null hypothesis significance testing (NHST)
in two ways. One story is that the value of NHST is recognized by real-world
decision makers, despite the carping of ivory-tower critics such as the authors
of the present article. The other story is that the counterproductive nature of
NHST has been denied by the medical establishment [5, 25], and that better
alternatives are available [12]. There are legitimate practical concerns behind
both these perspectives. On one hand, active researchers and regulators have
legitimate concerns about working on or approving treatments that do not work.
On the other hand, many well-publicized examples have made it clear that NHST
can easily lead to overconfidence and erroneous inferences, as seen in discussions
that treat statistically significance as demonstrating presence of effects and
nonsignificance as demonstrating absence of effects.

0.2. Methodologists propose new methods to address NHST in their field

Fear of false positives has dominated most discussions of scientific rigor [27,
28, 18], often relegating false negatives to more technical discussions of power.
Although false positives can be costly, so can missing clinically meaningful effects
[21]. Take postmarketing surveillance for pharmaceuticals; in such situations,
serious adverse events from drugs are often underreported and have in some cases



been actively suppressed [29, 30], as seen in Cochrane reviews of unpublished
trial data, leading to a scarcity of data and resulting in studies that will never be
able to show a “significant” effect because of the lack of resources and time. If a
study comparing adverse events from those taking an approved drug and some
control group is unable to show statistical significance, even when the estimated
effect is important and plausible, the results will typically be confused and
used for evidence of absence [31, 21], and prescribing is unlikely to be curtailed,
leading to continued harm.

The confusion of statistical nonsignificance with evidence of absence will remain
a problem in fields where effects are often small and yet studies powered to detect
them are infeasible. Most studies in surgical science rarely have more than a
dozen participants. Again, this makes it incredibly difficult to achieve statistical
significance, even when clinically important effects are likely. In such fields,
adopting the NHST framework for analysis all but guarantees failure to detect
those effects. As a result, researchers have looked to other methods — including
Bayes factors, second-generation P-values, and post-hoc power calculations — to
circumvent the bad hand that was dealt to them [32, 33, 34]. Unfortunately, such
transitions are not always helpful: while reasonably defensible alternatives such
as interval testing and posterior intervals do exist, several of the most-publicized
proposals introduce their own errors, and in fact, some may actually result in
more errors than before.

For example, a group of surgeons recently published several statistical recom-
mendations on what to do if a surgical study result was nonsignificant [35, 36, 37],
providing hope to researchers who have had their inquiries halted by that result.
But the recommendations are not only statistically invalid and clinically mis-
leading, and thus have been discouraged by statisticians for nearly two decades
[38, 39]. In a similar tale, two sports scientists published a statistical method
[40] which was supposed to improve the classification of individual treatment
responses by reducing the influence of random error in small studies. Unfor-
tunately, reducing the influence of random error in a valid manner requires
improvement of study design, including increase in study size, so unsurprisingly
the proposed method has unacceptably poor statistical properties [41].

The efforts behind new methods and recommendations are a response to an
arbitrary dichotomy that has been imposed upon researchers by the medical and
scientific establishment: decide whether a result is “positive” or “negative”, with
no allowance for what is usually the most reasonable interpretation — ambiguous
or indecisive. Unfortunately, conventional statistics has aggravated this problem
by offering methods like NHST which produce only dichotomous answers. These
methods which swept research sciences in the mid-20th century and are now
firmly rooted in tradition, as if that tradition is the best we can do. But it isn’t.

The problem with upending this tradition however is that there is no consensus
about what to replace it with, a problem that only grows as alternatives continue
to proliferate. A idealistic (and we think naive) view would simply allow authors
to choose alternatives of their liking. The problem with this anarchic approach



is that many of the alternatives are themselves misleading and even defective
or at best inferior to other methods in demonstrable ways. Yet seeing these
problems requires not only sufficient technical expertise to evaluate methods,
but also a willingness to see them — a willingness that should not be assumed
for originators and adopters of the method. Unfortunately, mere publication
of a method in a peer-reviewed journal is a faulty indicator of method validity.
That is especially so if publication is not in a statistics journal, for in that case
it means only that peer-review was by referees who may have had little of the
special technical expertise needed for thorough evaluation.

0.3. Solutions

There are no simple solutions or universal guidelines that medical researchers can
always use to improve scientific rigor within their area of work. We nonetheless
offer some recommendations and resources that we believe may be useful to
those who recognize problems in their field and wish for some sort of guidance:

1. Collaborate with well-qualified statisticians to design and conduct studies
that are rigorous, efficient, and cost effective [42, 43]. Look to these
statistical collaborators for guidance about honestly reporting uncertainty,
not certainty [19].

2. If possible, pool resources to run larger studies that are likely to be more
precise and informative than individual studies, which may simply waste
resources and offer little yield [44]. However, more data is not synonymous
with more information: Increasing study size may be detrimental if it
entails a reduction in data quality [45].

3. Aim to be more descriptive and less inferential [22]. Accept uncertainty
and the anxiety that comes with it [4], along with the idea that no one
study warrants conclusions about the true nature of a phenomenon, a
delusion that is not even true in particle physics! And if a phenomenon is
subtle, even several studies may be insufficient for valid conclusions beyond
“more research is needed.”

4. When making real world decisions, use all information available to you,
balancing costs, benefits, and uncertainties [46], rather than basing deci-
sions on whether a single numerical value is above or below an arbitrary
cutoff.

5. Be mindful of cognitive biases that may distort your conclusions throughout
the study and the many cognitive biases that will afflict you, your colleagues,
and your collaborators [47, 3, 48].

6. Use statistical methods that have been reviewed and validated by the
statistical community beyond their developers and promoters. That valida-
tion is provided not only by publication in statistical journals, but also by
applications that can be judged as having reached sound, well-cautioned
conclusions in context. Especially, beware of any method that (like NHST)
claims to offer firm conclusions based on purely numeric comparisons.
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