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We know very well by now that the institutions managing
the epidemiological research environment—agencies,
schools and journals—do not sufficiently incentivize get-
ting the best answers to causal questions."* Sadly, they do
not even incentivize asking well-formulated causal ques-
tions in the first place.” The dominant metrics of success
are publication counts, impact factors and external funds
received, none of which necessarily reflect the priority of
sober and honest accounting of study limitations and
biases.* If you are a NASA engineer and a spaceship
crashes because you messed up, heads are going to roll. But
if you are an epidemiologist who told people to eat marga-
rine when they were better off eating butter, you never
have to give any money back to the funders. For outright
fraud, maybe. Yet for simple incompetence, or even stub-
born and wilful incompetence, there are generally no
retractions, no penalties, no demotions, no apologies. Thus
we perversely incentivize ‘spin’, obscuring true weaknesses
and limitations, selecting the most ‘exciting’ results to
highlight (often gauging excitement by the smallness of the
P-value), and anything else short of outright fabrication
that gets the submission past the reviewers and into a ‘top’
journal.’ The review process itself is played like a football
game, dodging and weaving through the opposing team’s
defences to score a goal. This does not look like a scientific
community dedicated to deducing the best answers to the
best questions. Rather, this is a sadly cynical portrayal of
our field, and one consistent with the paper published in
this issue by Blum ez al.®

The authors describe a systematic literature search for
all published papers reporting E-values through to the end
of 2018. As they explain, the E-value is a sensitivity analy-
sis for uncontrolled confounding that is dumbed down to a

single number.” Under some rather bizarre conditions, it
represents the minimum strength of an unmeasured con-
founder that could nullify the reported finding. The inven-
tors of the E-value have been forthright about the rather
unrealistic set-up required to boil three parameters of an
unmeasured confounder (association with exposure, asso-
ciation with outcome and target-population-specific preva-
lence) into a single number.®” They argue, however, that
sensitivity analyses for residual confounding are not widely
reported in the biomedical literature, and reducing this
problem to the simplicity of a single number could make
this consideration more widely accessible. The scalar
E-value is obviously an imitation of the wildly popular
P-value, another single number that is meant to index
some aspect of validity. The twist that made the P-value es-
pecially malign, however, was its arbitrary categorization,
for example at 0.05 or 0.005.'%"" Thus, it is ironic that
Blum et al. criticize the E-value for not making that same
egregious mistake: ‘[Tlhere is no clear demarcation of
what magnitude of E-values is large enough to herald pro-
tection from confounding’, they complain. Of course there
is not, nor should there be.'*

The E-value has not been around for very long, and so
Blum e al. found only 87 publications, and matched these
1:1 by journal and issue to have a comparison set of papers
that did not employ E-values. They achieved 67 matched
pairs, which is not much data to support secure inferences.
The authors report various analyses from this small data-
set, with a focus on how authors use E-values as a way of
deflecting concerns about residual confounding. The ‘stan-
dard of care’ is for epidemiologists to treat their observa-
tional studies as conditionally randomized, with no
attention to residual confounding whatsoever. Sometimes

©The Author(s) 2020; all rights reserved. Published by Oxford University Press on behalf of the International Epidemiological Association 1

020z 8unr Gz uo Jasn puejBuz maN Jo Ansieaun Aq Ly #7985/96088AP/2l/E60 1 0 1/10pAoBISE-Bjo1E/a |/ W00 dNno"olWBpEs.)/:SAY WOl) PAPEO|UMOQ



International Journal of Epidemiology, 2020, Vol. 0, No. 0

in the discussion section they will admit to lacking some
other key covariate, but this is generally dismissed qualita-
tively. Indeed, in the comparison series, only three of the
matched papers averred that residual confounding was un-
likely to challenge the validity of a reported finding,
whereas 52 made no comment of any kind about unmeas-
ured confounding. This contrasts with the E-value papers,
for which 44 stated that the validity of the reported effect
was not threatened by residual confounding. Even with
small numbers, this is a big discrepancy, and it rings true.
Authors want to publish their papers, and the usual way, if
the main claim is for a causal effect of the exposure, is to
ignore residual confounding altogether. For authors claim-
ing effects who report E-values, do we really expect them
to propose that their reported effect is entirely spurious?
That is not how one dodges and weaves through the de-
fence to score a goal. Unless of course the main claim of
the paper is exoneration of an exposure, in which case
weaponizing the E-value is exactly what we can expect.

The numbers reported by Blum ez al. make E-values
sound deleterious, but it is not so obvious. E-Value advo-
cates argue that just getting authors to discuss unmeasured
confounders is a step in the right direction.® Indeed, uncon-
trolled potential confounders that potentially threatened
the main conclusions were listed in 26 of the matched
E-value papers, but only in 16 of the non-E-value papers.
Among all 87 E-value papers, 19 related E-value magni-
tudes to expected strengths of specific confounders. Of
course, it would be great if all E-value papers did this, but
almost a quarter of papers is better than almost none,
which is what happened in the control series. And more
than half of the E-value papers presented the results of at
least one other sensitivity analysis.

The authors clearly do not like E-values and ‘spin’ the
discussion to conclude that they do more harm than good,
proposing that they act as an ‘alibi’ for unmeasured con-
founders. They agree that current practice is bad, but argue
that “facile automation’ makes things worse. They may be
right, but it is too soon to tell. These are early adopters,
and practice will improve over time as the critiques become
required reading in epidemiology training and reviewers
become better informed. Maybe E-values will serve as a
stepping stone for some researchers who will then move on
to more realistic and informative sensitivity analyses. Just
getting consideration of residual confounding into more
papers may be a benefit, even if ultimately dismissed. We
need more data, but one thing is already certain: new tools
get used in existing contexts. Say you have a system that
incentivizes carpenters to build houses that look nice to the

casual observer but have weak foundations and soon col-
lapse. You cannot hand the carpenters a new kind of ham-
mer and then complain that the weak foundation is the
fault of this new hammer. It’s the research context, the hu-
man system, not the technical method that is at fault. You
have to somehow change this context so that carpenters
will want to bother making strong foundations. Then, after
you fix the flawed human institutions that warped carpen-
ters” priorities, you can finally start to judge whether the

new hammer is better than the old one.'?
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