DOI: 10.1111/apha.13714

EXACTA

ACTA PHYSIOLOGICA

Getting it right matters! Covid-19 pandemic analogies to

everyday life in medical sciences

What a time it has been since the world quite literally changed
within weeks in early 2020. For all of us, as researchers and
as normal citizens life changed drastically.l Laboratory meet-
ings turned into lockdown video calls, cultural events were
deemed dispensable and a sentimental coffee on the balcony
became the luxury version of any vacation plans. Now, as
the pandemic is retreating in most countries and optimistic
prognosis for the upcoming months is no more mutually ex-
clusive, people take a step back to evaluate what happened
over the last months, both on a societal and a personal level.

We wish to express our deepest condolences to everyone
who has lost a loved one during the pandemic, or who strug-
gle themselves with Covid or its late consequences. A quick
grasp of history tells us, that things could have turned out
much, much worse.? That is not to discredit the personal trag-
edies caused by this pandemic, but a quest for a silver lining.
Those moments of relief, of seeing positive even in the eye
of severe adversity is not only helpful in preserving mental
health, but it helps us make the best of the situation.

When taking a closer look, there have been many little
things brought up by the pandemic, which could turn out
positive in the long run. Admittedly, video calls can never su-
persede real, personal encounters, but questioning, whether
there are things researchers (and members of any other pro-
fession) can do from home could add a lot of flexibility to
the way we work. The interruption of most studies relying
on human participants forced many researchers to restruc-
ture work. Taking out this cornerstone of medical science
is disheartening, but then again free time to ponder can be a
blessing in disguise.S'5

For contemplation to be a blessing requires worthwhile
thoughts. With regard to science, the focus on Covid-19 case
numbers, herd immunity, vaccinations, and appreciation of
metrics for decision-making have transformed the general
thought process. Laymen reflect on incidences, R-values,
essential vaccination rates and might even have heard the
terms specificity and sensitivity regarding antigen tests. It is
even more heartening when those people start to learn from
analogy and use the newly acquired scientific concepts to
talk about the things they care about. Seeing everyday people
engaged in science bodes well for society.
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Learning sound great. Scientists quickly focussed on
learning about the pandemic and the virus's characteristics.®®
They even presented first results about the virus's implica-
tion on other organ systems, beside the respiratory system.g'11
Yet, is there something all scientists can learn by looking
closer at the concepts Covid-19 has so plastically presented
us with? It turns out there is: Because this pandemic has been
so overarching, we all share common experiences that can
help enhance insight into complex problems. In this sense,
let us have a little thought experiment on a particular issue
related to the pandemic:

Imagine taking a Covid-19 antigen test. As you are a sci-
entist, you are aware of the concepts of specificity (true pos-
itive rate) and sensitivity (true negative rate). As the test is
of very high quality (sensitivity = 0.99/specificity = 0.90),
you feel very confident about the negative result you got and
happily proceed with your plans (eg to visit your relatives).
Now let us test your initial joy: We just assume the current
Covid-19 incidence in your area to be at around 200 per
100 000 per week and your countries test rate at 1 million
per week. For argument's sake, we also assume the average
Covid-19 infection (mean time a patient might be contagious)
to last 14 days, which leads us to a point prevalence of 0.4%
or 400 per 100,000 at the time you take your test.

200 weekly infections

Point prevalence =

100 000 inhabitants
14 days of illness 400 presently infected
7 days "~ 100000 inhabitants

We can now plot all the information into a tree diagram
and evaluate the results (Figure 1).

It turns out your feeling of relief was indeed warranted. It
is very unlikely for you to be one of the false negative results
and even if you had been tested positive, your chance of actu-
ally being infected would only have been around 3.8% (3960
true positives/(3960 true positives + 99 600 false positives),
because of a large number of false positives. In other words:
The false positive risk of your test is at about 96.2% (99 600
false positives/(3960 true positives + 99 600 false positives).
This phenomenon, large numbers of false positives even
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1,000,000 citizens tested in one week

point-prevalence = 0.4%

4,000
with Covid-19

sensitivity = 99%

3,960
true positives

40
false negatives

996,000
without Covid-19

specificity = 90%

896,400
true negatives

99,600
false postives

J

FIGURE 1

Tree diagram portraying discovery rates in a Covid-19 antigen test paradigm. The numbers are fictional but chosen to mimic

plausible real-world data. The point prevalence (percentage of Covid-19 infected people in the general public at the time of the test), the sensitivity

and the specificity are provided

though test performance measures seem to be very high,
has been described for many screening tests and should be
considered emphatically in particular for widely advertised
tests. It is of course the rationale behind secondary PCR tests
for individuals tested positive: We do not want to force non-
contiguous people into quarantine.

Great. After all a lot of scientists are all too familiar with
PCRs, so there is not much to learn there.'*"'® We made some
assumptions and visualized a statistical concept which most
of us would admit we had not been fully considering before
the pandemic. So, this is it, we can all go (or stay) home and
feel satisfied, because we had a little academic workout and
a better understanding of screening tests usually only cared
about by a narrow circle of physicians? Not quite. One central
point in learning from analogy is to have an analogy, prefer-
ably one, which relates to everyday life. Nonetheless, how
can we relate basic Covid-19 test statistics with the vast di-
versity of your, the readers’, lives in science? Workdays in
science are diverse. Scientists work in a multitude of different
and highly specialized fields, so finding a common ground
sounds rather difficult.!”?!

It is the work of David Colquhoun, which allows us to
do so by presenting a beautiful analogy between screening
tests and the crisis of unreproducible results in medical sci-
ences.”>** Unreproducible results are obstacles in the way of
scientific process that question scientific integrity and con-
strain or even terminate scientific careers.

To make the analogy, we must think about what unrepro-
ducible results are and then figure out a way to stay on top of
this issue. Unreproducible results can involve inappropriate

data acquisition and handling, or false positive results. We
will focus on the latter, as they are very common and readily
nailed down.

To reduce the occurrence of false positive results, the sci-
entific community has taken measures such as reporting the
P value of statistical tests and assumed power in study design.
It has been brought back to our attention recently why P val-
ues alone are no good representation of experimental results,
as they only provide a measure of certainty without recog-
nizing the practical relevance of a shown effect.”* Moreover,
keep in mind that P values work similarly to a test's specific-
ity—it only provides insight into cases without a real effect,
that is, only into the cases shown in the right part of the tree in
Figure 1. Let us step further and think about what the P value
and the statistical power are and why they, in their current
form, may provide unreproducible results.

To do so, we will draw up another tree diagram for which
we will need some assumptions: You, your working group
and everyone in your institute test roughly 300 hypotheses
each year altogether, which will add up to 10,500 lifetime
hypotheses in 35 years in research. Then we say that in about
20% of these cases there is a real underlying effect, whether
we can measure it or not. This number will most likely be
much smaller, since we often explore the unknown.?? We then
assume everyone to design their experiment right in line with
best practice, choosing an alpha level (significance level) of
0.05, a statistical power of 0.80, and all projects yield are per-
fectly randomized, normally distributed results, which will be
tested for one hypothesis only. All these assumptions portray
an ideal scenario, which will lead to the best-case number
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of correctly reported and therefore most likely reproducible
results.

Now for some clearing up: The P value does not tell us
the likelihood of a shown effect being fallacious. It tells us
how likely it is that we observe an effect (or a more extreme)
based on chance in the particular case that there is no true
underlying effect. In analogy to our antigen test example: Our
chosen alpha equals the test's specificity. It tells us only how
likely it is that a test is false positive. Again, keep in mind that
this number is calculated based on the number of hypothe-
ses without true effect neglecting the existence of hypotheses
with true effects. Similarly, the statistical power is to be set
equal to the antigen test sensitivity: The statistical power tells
us how many of the true positives our test will detect. With
this in mind, we can draw up our tree diagram (Figure 2).

Taking a close look, we see that this best-case scenario
yields grim results. If we divide the true positives by all the
positives our statistical tests yielded over 35 years there are
only 1680/(1680 + 420) = 80% of all positive appearing re-
sults truly positive. Consequently, 20% of all positive (and
therefore probably reported) experimental results are false
discoveries. Keep in mind, this is the best-case scenario.
When only slightly tweaking the numbers to a more realistic
power of 60% and a true effect rate of 10% we can calcu-
late that only 57% of all reported results are indeed genuine,
leaving us with a false discovery risk of 43%. This is, still,
assuming the best-case scenario of completely randomized,
normally distributed, single-variable tests and the assump-
tions we made are not unrealistic and still more on the opti-
mistic side. Button et al stated in a widely recognized paper
that a serious estimation of the median statistical power in
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published neuroscience research projects may be as low as
somewhere between 8% and 31%.%

All of this is already bad enough, but it gets even worse:
When accepting low statistical power, you do not only sacri-
fice the reliability of your results. Your reported effect sizes
will inflate beyond what the actual effect is. The reason for
this inflation comes quite naturally: Picture the possible mea-
sured effect sizes normally distributed around their true mean.
A power of 0.3 tells you that only 30% of your experiments
with a true underlying effect will show a true-positive out-
come. Quite intuitively, the positive test results skew strongly
towards the instances of data in which the effect appears to
be large. Plainly said: If your observed effect is twice as large
as the real effect, your test is way more likely to detect it as
positive. This leads to reported effect sizes being overblown
and, yet again, not reproducible. The lower the statistical
power, the more false negative results are produced by your
test, which will skew its detections more and more towards
inflated effect sizes.

The situation is dire, to say the least. With our analogy
in mind, we can now picture why there are so many unre-
producible results published in scientific literature. So, is it
time to throw your hands up and realize that we are powerless
against the statistical fate of science we have just worked out?
It is not.

As for most problems, its solution begins with becom-
ing aware of it. In this case, it drives us already halfway
home. Listen to Colquhoun and take some easy measures
to drastically mitigate these effects.”* First, getting things
right matters! We must make sure that we set up our exper-
iments properly. Statistical power analyses are not just a

10,500 lifetime hypotheses tested

P(true effect) = 20%

2,100
with true effect

power = 80%

1,680
true positives

420
false negatives

8,400
without true effect

alpha-level = 5%

7,980
true negatives

420
false postives

FIGURE 2 Tree diagram portraying lifetime research. The numbers are fictional but chosen to mimic plausible real-world data. The

probability of a true underlying effect is provided as P(true effect). The statistical power and the chosen alpha level are provided in parallel to the

sensitivity and specificity in Figure 1
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statistician's way of passing time, they matter. A power of
at least 0.8 helps tremendously to keep inflating effect sizes
and false positive results in check. Second, there is the P
value, and we simply should be more stringent with it. If
we apply a three-sigma (P < .001) instead of the current
two-sigma (P < .05) rule, we can shrink the risk of false
positives to values <2%, which is in fact the range the sci-
entific community targeted as acceptable when choosing
0.05 as their alpha level of choice.”

Additionally, changing our perception of P values would
go a long way. There are experimental settings which will not
allow a P value beneath .001. In those cases (p close to 0.05),
we have to be cautious when interpreting our results as proof
of an effect. When knowledge is meagre, a significant result
makes the existence of an effect more likely, nevertheless
doubts remain. Such results only indicate something inter-
esting warranting further investigation. However, for shown
reasons, drawing conclusions, or even making treatment de-
cisions based on those results is irresponsible. Only when
existing knowledge provides strong evidence for a probable
effect, a significant result can be interpreted with confidence
that there is a true effect.?®

Ultimately, reporting the false positive risk along with P
values, 95% confidence intervals and observed effect sizes in
relation to relevant effect sizes, can prevent us and our fellow
researchers from misinterpreting scientific results. Anyone
would be more than cautious to consider a study with a high
false positive risk (eg 30%) as proof of an actual effect. All we
need to provide for the calculation of the false positive risk is
the number of biological samples in our study, the observed
P value, effect size and an estimate of the prior probability of
areal effect.®® The first three values are easily obtained when
performing any statistical test. The prior probability can only
be approximated but a value of 10% seems to be reason-
able. Alternatively, one may set the prior probability to 0.5
and calculate the corresponding false positive risk (FPR s).
Notably, higher prior probabilities mean that you are study-
ing something well established, lower prior probabilities in-
crease the false positive risk. Thus, a prior probability of 0.5
provides a minimum estimate for a meaningful false positive
risk.”’ There are simple and free of charge online tools for
calculating the false positive risk.” It is now in our hands
as members of the research community to make use of these
tools and provide our readers with reliable estimates of our
studies’ false positive risks. In parallel to the pandemic, there
is a silver lining on the horizon, at least when looking in the
right direction. We can take the necessary steps to modify the
scientific process sufficiently to allow warranted confidence
in its results. Just as societies are striving to utilize the lessons
learned to build the post-pandemic future, we as the scientists
can strive to tackle the crisis of unreproducible results. All we
have to do is to do what humans are so wonderfully proficient
at: Trying to get things right and learn from analogy.
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