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Abstract: Public heath emergencies such as the outbreak of novel infectious diseases represent
a major challenge for drug regulatory bodies, practitioners, and scientific communities. In such
critical situations drug regulators and public health practitioners base their decisions on evidence
generated and synthesised by scientists. The urgency and novelty of the situation create high levels
of uncertainty concerning the safety and effectiveness of drugs. One key tool to mitigate such
emergencies is pandemic preparedness. There seems to be, however, a lack of scholarly work on
methodology for assessments of new or existing drugs during a pandemic. Issues related to risk
attitudes, evidence production and evidence synthesis for drug approval require closer attention. This
manuscript, therefore, engages in a conceptual analysis of relevant issues of drug assessment during
a pandemic. To this end, we rely in our analysis on recent discussions in the philosophy of science
and the philosophy of medicine. Important unanswered foundational questions are identified and
possible ways to answer them are considered. Similar problems often have similar solutions, hence
studying similar situations can provide important clues. We consider drug assessments of orphan
drugs and drug assessments during endemics as similar to drug assessment during a pandemic.
Furthermore, other scientific fields which cannot carry out controlled experiments may guide the
methodology to draw defeasible causal inferences from imperfect data. Future contributions on
methodologies for addressing the issues raised here will indeed have great potential to improve
pandemic preparedness.

Keywords: computer-generated evidence; decision making; drug approval; evidence synthesis;
pandemic; pandemic preparedness; real world evidence; risk attitudes

1. Introduction

Public heath emergencies, such as the outbreak of novel infectious diseases, are a major
challenge for drug regulatory bodies, practitioners, and scientific communities. The COVID-
19 pandemic, for example, has catapulted pandemic preparedness onto the public stage [1]
and spurred a great number of academic works [2–5]. Pandemic-related topics have been
so hot that even the normally slow-moving field of philosophy has shown interest in
conferences [6], published dedicated Special Issues [7–10], and stand-alone papers [11].
Much has been said, argued, and learned. Despite a flurry of activities in public and
academic domains concerning pandemic preparedness, little has been said about how to
make decisions on whether to implement and/or approve medical interventions, such as
drugs, to combat the next pandemic(s).

Drug approval and authorisation are essential mechanisms for regulating and ensuring
the safety and effectiveness of pharmaceutical products. Under normal conditions and
circumstances, the process of drug development and approval is lengthy and expensive,
the success rate is low and subsequent clinical implementation is slow [12,13].
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Effectively combating pandemics, however, crucially requires rapid decision mak-
ing [14]. Yet, uncertainty is inherent in such urgent circumstances due to time pressure
which renders adequately powered and sufficiently long-lasting randomised clinical trials
(next to) impossible to conduct [15,16]. In the lack or absence of randomised evidence,
decisions must be, at least partially, based on non-randomised evidence, sometimes referred
to as Real World Evidence (RWE). RWE is a clinically relevant type of evidence for drawing
inferences. It is characterised by the different observational data obtained outside the
context of Randomised Controlled Trials (RCTs).

A conceptual analysis of decision making in the context of drug approval during
pandemics can identify at least three separate, but intimately connected, issues. Firstly,
which risk attitudes ought we to have? This issue concerns the approach to managing
risk in drug approval decision making under substantial uncertainties. Secondly, which
methodology for evidence production ought we to use? When adequate RCTs are not
feasible, the focus shifts to study designs which will generate the best possible evidence
to support the safety and effectiveness of a drug. Thirdly, how should we synthesise
the available evidence? Here, we turn our attention to methods for reducing bias and
aggregating the available evidence to support such decision making. Progress on these
undeniably hard questions concerning our methodology for approving drugs to protect,
treat, or cure patients during pandemics can indeed contribute to an improved pandemic
preparedness and ultimately better public health outcomes. It should be noted that the
term pandemic preparedness is often employed to only refer to human and physical resources.
We here use a much wider sense including methodologies for uncertain inferences in public
health decision making within the meaning of the term, cf. [17].

Therefore, the rest of the paper addresses these three points and considers the means
to answer them. It is outside the scope of this article to resolve these issues/questions, our
purposes are conceptual: (I) to clearly lay out relevant questions, (II) to present challenges
for answering these questions, and (III) to point towards means for addressing such
challenges to eventually provide solutions and, hence, increase pandemic preparedness.
Our conceptual analysis is built upon the recent developments in both general philosophy
of science, philosophy of medicine, and risk assessment theory.

Section 2 discusses the determination of rational risk attitudes. Section 3 elaborates
on appropriate means for evidence production and Section 4 investigates the synthesis of
available evidence. Each of these three sections is in turn divided into four parts. The first
part is dedicated to posing pertinent questions (Sections 2.1, 3.1 and 4.1), the second
studies relevant concepts (Sections 2.2, 3.2 and 4.2), the third points to some strategies
for obtaining answers (Sections 2.3, 3.3 and 4.3), and the fourth part exemplifies some
lessons learned from fighting COVID-19 (Sections 2.4, 3.4 and 4.4). Section 5 lays out our
tentative conclusions.

2. Risk Attitudes

One important aspect of decision making is risk and all aspects of its management.
Our risk attitudes towards a decision are influenced by—among other factors—the uncer-
tainty related to available choices (courses of action) and their expected possible outcomes.
Classical decision theory distinguishes three types of risk attitudes. A risk neutral attitude
is characterised by making the choice that maximises expected utility regardless of the
uncertainties of outcome. Risk aversion is an attitude characterised by trading off expected
utility for a reduction in uncertainty; it is to be on the safe-side of things. On the contrary,
risk seeking attitudes trade off expected utility for the possibility of greater returns and
emphasise the possibility of better than expected outcomes.

As we set out next, risk attitudes concerning drug assessment during a pandemic are
effected by a number of further risk attitudes.



Int. J. Environ. Res. Public Health 2023, 20, 2404 3 of 17

2.1. A Set of Pandemic Risk Attitudes

We now list a number of pertinent risk attitudes for drug approval during a public
health emergency. Due to the inherent large uncertainties risk attitudes towards uncertainty
and the reduction of uncertainty play a large role in our analysis. We illustrate these risk
attitudes as answers to the questions we pose and by pointing to examples during the
COVID-19 pandemic. Relevant concepts are analysed in more detail in Section 2.2.

(1) How to judge large uncertainties about the magnitude of beneficial effects when
authorising an intervention such as the use of a drug to prevent, treat, or cure a novel
disease? The inherent uncertainty about the effectiveness and safety of Hydroxychloroquine
to treat COVID-19 patients, for example, led to a careful approach in its consideration as a
potential cure [18,19].

(2) How to judge large uncertainties about the magnitude of adverse reactions, in terms
of severity and frequency, when authorising an intervention such as the use of a drug to
prevent, treat, or cure a novel disease? The implication of the Oxford–Astra Zeneca
vaccine in blood clotting, for example, led regulators also to adopt a careful approach in its
application [20].

(3) How to trade off-risks (adverse reactions) of an intervention with its benefits?
Again, the application of the Oxford–Astra Zeneca vaccine was suspended after reports
of blood clots [20]. However, different countries have reacted at different times, which
could be caused by their different risk attitudes or by differing speeds of decision making
processes [16].

(4) How to regulate the drug market? Currently, the European Medicines Agency
(EMA) and the Food and Drug Administration (FDA) control the market circulation of
vaccines in the EU and the US, respectively. Only after the vaccines were approved by
these drug regulators did they become available to the public [21].

(5) How to produce reliable evidence to reduce uncertainties about the safety and
effectiveness of drugs? During the COVID-19 pandemic, animal experimentation was
widely conducted [22]. By contrast, human challenge trials were very rare [23].

(6) How to distribute available scarce medical resources? In many countries around the
world, critical workers and vulnerable patients were allocated the COVID-19 vaccines prior
to the general public [24]. The number of ventilators was at times and places insufficient to
treat all the patients [25].

(7) How to prioritise scarce research funds? Public and private research funds were
both devoted to research therapies and preventive measures such as vaccines [26].

(8) How to mandate health interventions? In some countries, several vaccines are
mandated for sub-populations (often health workers) [27].

This list is neither complete nor exhaustive. We acknowledge that every pandemic
will be different in terms of public opinion and medical and public health challenges as
well as the pathogens. Nevertheless, we strongly believe that pandemic preparedness can
be increased by having clearer responses to these questions prior to the next pandemic(s)
occur(s).

2.2. Concepts of Risk Attitudes

There are a number of distinct concepts involved in understanding and approaching
risk attitudes. We now delineate such concepts regulators, scientists, doctors, patients, and
other stake holders may hold in more detail.

(1) Benefit Assessments: Benefit assessments are—under normal circumstances—
based on a well-stocked arsenal of statistical techniques that facilitate the quantification of
expected benefits. Moreover, uncertainties can also be statistically quantified with respect to
the expected average benefits and expected variance. Such issues are constantly discussed
in the context of drug approval. However, if the body of available evidence during a
pandemic does not permit a reliable quantification of an expected variance nor an expected
average benefit, how should one react to the inherent uncertainties?
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(2) Safety Assessments: Unlike benefit assessments, safety assessments need to track
rare events in which medical interventions can led to dire, sometimes even fatal, conse-
quences. The rarity of these events and the fact that randomised clinical trials are often
small—in terms of patient numbers and duration—necessitates that safety assessments reg-
ularly invoke evidence from non-randomised trials [28–31]. As a result, narrative evidence
reviews incorporating RWE appear regularly in safety assessments, while methodology for
safety assessments based on non-randomised evidence is currently in use; a pronounced
lack of randomised evidence will increase the uncertainty about the effect size of the ex-
pected adverse reaction, its variance, and patient groups with greater risks of suffering
adverse reactions. How should one react to the inherent uncertainties, which are already
hard to quantify under normal circumstances?

(3) Risk Benefit Trade-Off: Many decision theorists hold that the “normatively” correct
way of trading off positive against negative consequences is to act in the way that maximises
expected utility, i.e., avert risk [32–34]. This decision procedure trades off benefits with
losses at the rate of 1 to 1. In the context of drug approval, it is thus at odds with the medical
principle of primum non nocere: cause no harm! Clinicians and public health officials are
well-versed in such trade-offs under normal circumstances. Given significant uncertainties
discussed above under 1 and 2, how should the expected benefits be traded off against the
expected adverse reactions?

(4) Drug Regulation: the EMA in the EU and the FDA in the USA regulate market
entry and circulation of medicines restricting patients’ access to products deemed by these
organisations(!) to be safe and efficacious. Patient groups and drug manufacturers have
advocated for patients, with the guidance of their physicians, to have the autonomy to
choose their own medications, as they are the ones who experience the effects of the
drugs[35–38]. When there is little time and less (good) evidence than normal, should drug
regulators provide patients with more freedom to choose?

(5) Ethics of Evidence Production: Human participants in randomised trials have
normally consented to their participation while patients in observational studies are nor-
mally not intervened on by study designers. During a pandemic, the challenge arises to
quickly generate large data sets. Human challenge trials, in which healthy volunteers
are deliberately exposed to pathogens, can provide evidence much faster but do so at a
significant risk to the volunteers’ healths [39,40]. Animal experimentation is a cheap way
to quickly conduct randomised trials and inevitably carries the significant risk of animal
suffering [41]. Animal rights activists and some ethicists argue for “replacement, reduction,
refinement” through (i) in vitro and in silico rather than animal experimentation, (ii) fewer
experiments with animals, and (iii) minimising pain and distress [42]. In view of large-scale
human suffering, we might accept to cause more harm to animals in order to benefit human
patients. How should ethical committees/requirements deal with human challenge trials
and/or animal experimentation during a pandemic?

(6) Resource Distribution: Drugs regulated by EMA and/or the FDA tend to be
available in the necessary quantities in the EU and the USA. They also tend to have
reasonably-well understood risk–benefit profiles. During a pandemic, drugs may be scarce
and poorly understood, which may cause a need to prioritise their administration to
subgroups of the population. The prioritisation of vulnerable subgroups and essential
(health) workers has been discussed and implemented [43]. However, if the intervention
causes more harm than good, then critical (health) work might not be completed and the
already vulnerable have to deal with further health complications. How should scarce
medicines with relatively poorly understood risk–benefit profiles be prioritised?

Further hard ethical questions arise concerning the distribution of scarce available
resources; we now briefly mention some. (a) Should all patients be treated equally or
should patients with a greater life expectancy and/or quality of life receive preferential
treatment? In essence, should scarce resources be allocated to children rather than old-
age pensioners—all other things being equal? Further complicating this question, are
the different risk profiles and prospects for recovery for different age groups. Indeed,
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age appears to be an important covariate of effectiveness and safety of vaccines [44].
Furthermore, after vaccinating (most of) the population twice, should further vaccine doses
be used as booster shots or should some be donated to less fortunate countries with much
lower vaccination rates attributed to availability [45]?

(7) Distribution of research funds: Similar to the other risk attitudes mentioned here,
different actors had different attitudes. For example, the World Health Organization
funded the solidarity trials in order to assess the viability of existing drugs for fighting the
pandemic [19]. Existing drugs are potentially cheaper to manufacture and distribute, have
a better understood risk profile, are already in stock, and, crucially, do not require a long
and expensive discovery phase. The lower cost causes them to be particularly interesting
for less wealthy countries and patients. In line with this assumption, most of the funded
trials on ClinicalTrials.gov were investigating treatments [26] rather than vaccines.

(8) Voluntariness of Health Interventions: Unlike regular illnesses that threaten rel-
atively small subgroups, pandemics have the potential to wipe out entire populations
and destroy much of the society. Individuals hence have a greater responsibility towards
fighting pandemics. Given this greater responsibility, should (public) health interven-
tions be mandated more often? Since patients with symptoms are more likely to spread
pathogens than patients without symptoms, mandatory health interventions on patients
with symptoms seem ethically less objectionable.

2.3. Determining Risk Attitudes

Next, we present two main strategies to determine risk attitudes.
Firstly, one can extrapolate risk attitudes from similar situations either in terms of past

pandemics or current public health crises to inform debates about rational risk attitudes
during future pandemics. Past pandemics provide us with ample evidence of risk attitudes
of decision makers (Section 2.1). With the benefit of hindsight, we may be able to determine
whether these risk attitudes led to desired outcomes and how they could thus guide us in
future times of crisis. Furthermore, currently, hyperendemic diseases such as malaria [46],
HIV/AIDS, and hepatitis [47] in Ghana force clinicians and public health officials to make
hard choices. Their risk attitudes can either be studied from their actions or elicited directly.
Informing our thinking with risk attitudes of health professions of an ongoing public health
crisis can provide us with vital insight to steer our actions in future crises. Johnson and
Vindrola-Padros found that, in past outbreaks, especially outbreaks of Ebola, quarantine
decisions were not easy and could also generate undesirable effects, even precipitating
community resistance to viral control [48].

Secondly, one can apply theoretical arguments to enrich such debates. Normative
ethical theories constrain our actions aiming to ensure that we do the right thing. Relevant
works concern the degree of market control to be exercised by drug licensing agencies [49],
trade-offs between risks and benefits [50], how to react to unknown risks [51], animal
welfare [41], and human challenge trials [39]. For example, utilitarianism holds that
morally right actions produce the most good, where the goods produced for individuals
count equally. As a consequence, the overall good can be computed as a non-weighted sum
of individual goods [52]. Utilitarianism entails that the primum non nocere dictum can
be violated in cases in which the overall goods of the population outweigh the negative
consequences suffered by some; e.g, rare ADRs caused by an effective vaccine mean that
vaccinating the population is not only ethically permissible but ethically mandatory.

2.4. Lessons Learned concerning Risk Attitudes

We shall now attempt to tentatively outline some lessons learned from fighting the
COVID-19 pandemic. The communication of risks is an important factor in fighting pan-
demics [53,54]; the point is also echoed by EMA [16]. Lancaster et al. [55] have highlighted
the various perspectives on the connection between evidence and decision making. They
argue that models for rapid assessment and outbreak science have demonstrated alternative
ways of creating evidence during emergencies. Additionally, they point out that during
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crises, particularly the outbreak of a new infectious disease, the generation and synthesis of
evidence, as well as decision making and public health actions, occur simultaneously. They
suggest adopting a reflexive and adaptable approach that involves ongoing communication
between decision makers and affected communities.

3. Evidence Production

There are a number of study design characteristics that allow for reliable inferences
under normal circumstances. However, when studies with such characteristics are not
available, we instead have to rely on expert opinion, mechanistic modelling and observa-
tional evidence. In what follows, we begin by posing the question of how to design a good
study during a pandemic. We then analyse the relevant characteristics and discuss how to
improve learning from imperfect data.

3.1. Starting Point

Given our starting premise for a need of rapid decision making and rapid evidence
production, there will likely not be sufficient time to run adequately powered randomised
studies long enough. Apart from lacking biological and epidemiological understandings
of the pathogen, early on in a pandemic patients participating in vaccine trials might not
be exposed to this pathogen often enough to reliably assess the effectiveness of medical
interventions [56]. Similarly, trials of therapies will plausibly struggle to recruit sufficient
numbers of patients [57]. In order to make the best possible decisions in such a challenging
situation, we would prefer to have the best possible evidence available. How can we craft
study designs that will provide maximally informative and reliable evidence?

3.2. Concepts of Study Design

Determining the best study design a priori without making assumptions about the
particular situation is not a feasible undertaking. We shall instead consider the properties
of study design that have been thought to be conducive to the production of reliable
causal inferences.

(1) The duration of the observation of patients is a part of the design that can be
controlled. In particular, the duration of the observation is key for learning about any
possible drug-related complications or adverse reactions [58–60]. Although a long duration
is a key ingredient for learning about the unsafety of a drug, time is of the essence and is
not available in abundance during a pandemic.

(2) The number of patients to be enrolled in trials is also under our control. Large
sample sizes are one of the statistical main features to produce reliable causal inferences.
Again, our premise stands in the way of achieving this, since we assume that time pressure
will not permit the running of large trials due to a combination of: lack of volunteers, lack
of drug doses, lack of time to prepare clinical trials, and low chances of patients coming
in contact with the pathogen. Furthermore, a large sample size only provides us with
a reason to believe that the measured effect size is not due to random noise (precision)
but no guarantee that the measured effect size is accurate: precision is no guarantee for
accuracy [61].

(3) Conflicts of interest are known to cause biased study design and interpretation [62,63].
Some have gone as far as demanding nationalisation of drug development, testing, and
monitoring [49]. In the case of a pandemic, excluding the experts developing the drugs
from monitoring and interpreting studies comes with the risk of depriving us of the only
available intimate knowledge available. We hence think that the less drastic option of
excluding drug developers from drug monitoring in an effort to reduce bias is a double-
edged sword in the current market economy governing drug development.

(4) The adjustments for covariates at the design and analysis stage are another option
to reduce bias. Adjustment techniques are already the current best practise in randomised
trials and observational studies given that certain conditions are satisfied [64,65]. A con-
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tinuation of this best practise approach appears to be the sensible course of action during
a pandemic.

(5) Evidential variety was long held to be, ceteris paribus, desirable. For example, it
was strongly believed that, when comparing (A) conducting two studies with two different
but equally probative study designs that show the same result with (B) conducting two
different studies with the same study design that show the same result as the former studies,
option A would allow for stronger conclusions. This long-held belief is surprisingly not
universally true and fails at times [66–70].

(6) Experimentation on surrogate models (animals, in vivo, in vitro, and in silico) can
be conducted on much larger scales for a much lower cost and, thus, has features that
cause it to be well-suited for current purposes. However, in order to reliably infer from
the indirect evidence obtained from such models about humans one needs to ensure that
the experimental results are also externally valid. Direct evidence is, by contrast, obtained
from patients within a given population of interest. Inferring causal relationships about a
particular patient in the population of interest from observed/estimated frequencies in the
population is a related issue [71].

The choice of a reference class population is another thorny issue: choosing a large
reference class population can result in a heterogeneous class of patients that do not all
closely resemble the patient of interest, choosing a narrow reference class population instead
can lead to few observations causing reliable frequency estimations to be challenging [72].
There is hence a trade-off between the data quality and data quantity to be struck.

External validity is often sought via analogical reasoning [73–75] by demonstrating
that the model and humans are (sufficiently) similar in the relevant respects. However,
the relevant respects are defined as those that vouch for the (sufficient) similarity between
the model and humans. This circle of analogy referring to ‘the relevant respects ensuring
that the analogy holds’ is clearly vicious and known as the circle of extrapolation [76]. There
does not seem to be a way to break this vicious circle casting an unfavourable light on the
evidence obtained from experimentation on surrogate models. Nevertheless, the lure of
causing analogical reasoning to work continues to attract attention [77,78].

(7) The blinding of patients and medical staff is a key part of RCT methodology widely
believed to increase the reliability of the causal signals inferred from trials. The blinding
of statisticians carrying out data analysis can be implemented in randomised trials and
observational studies alike. While the blinding of statisticians during the data analysis
is often implemented and thought to increase the reliability of causal inferences, there
are however a number of (mutually incompatible) ways to implement the blinding of
statisticians; determining the appropriate procedure is not always trivial [79].

(8) Large measured effect sizes can be one of the properties (of meta-analyses) of
studies which most convince us that a drug is efficacious. However, a measured effect
size is not a property of the design of the study and thus not directly influenced by (near)
optimal study design. Furthermore, an uncannily large effect size might instead be a sign
of a bias swamping the signal and thus, instead, indicate poor design [80].

3.3. Life without Perfect Data

We now turn to possible ways to infer from imperfect data. We present two main
strategies: firstly, we can learn from other sciences engaging in extrapolation. Secondly, we
turn to the assessment of orphan drugs.

(1) Other sciences have to deal with imperfect data on a regular basis. Consider for
example astrophysics, where we cannot, for obvious reasons, directly intervene on black
holes, but we can experiment with table-top set ups (dumb holes) that are analogous to
black holes in some sense [81]. Nutrition scientists are very interested in learning about
the causal effects of our diets on our health. Since causal effects are normally small and
require years to manifest, randomisation is not an option [82]. Despite these challenges, we
now have a clear understanding of what constitutes a healthy diet [83]. In macroeconomics,
one would very much like to understand the causal effect of policies (minimum wage,
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free universal health care, and taxation rates) on economic outcomes of interest (GDP,
median household income, and poverty). However, we cannot randomise a sufficiently
large number of countries (which are sufficiently homogeneous), intervene via policy
changes, and calculate a causal effect. Economists are drawing on two main strands to
make predictions: (1) observational data that may be biased and (2) economic theory, which
might not apply (or be mis-calibrated) to the problem at hand [84]. Despite regularly
dealing with imperfect data, nutrition science and macroeconomics are thriving scientific
disciplines. Studying their causal inference procedures may improve our thinking about
combating pandemics.

(2) Orphan drugs treat, by definition, rare medical conditions [85]. Due to their
intended application, the effectiveness and possible adverse reactions of an orphan drug
are by definition poorly understood at the time of drug approval. The approval of orphan
drugs is hence similar to drug approval in a public health emergency. The lessons learned
from assessing orphan drugs might hence be fruitfully applied to drug assessments during
a pandemic.

3.4. Lessons Learned concerning Evidence Production

The presence of a natural control group is a widely appreciated key piece of RCT
methodology. It facilitates the computation of effectiveness in RCTs compared to the
control group of patients, which can be subject to the placebo effect. The nocebo effect
by contrast concerns patient-reported unfavourable health outcomes after exposure to
harmless stimuli. The frequency and severity of nocebo reporting are known to depend
on risk communication (see Section 2.4) and have been studied for COVID-19 [86,87].
The observed nocebo effects can be used to predict the frequency and severity of noceobo
effects in future pandemics.

In order to increase the sample size of studies/trials, (i) inclusion/exclusion criteria
can be formulated to exclude few patients, (ii) patients can actively be recruited, and (iii)
the number of patients may not be pre-determined as in the case of the solidarity trial [88].
While such methodology can surely help increase the size of future study/trial populations,
we are doubtful that such measures will suffice on their own to solve the problem of
small samples.

Adopting a wider perspective, arguments have been put forward against the exclusion
of social and contextual factors from evidential reasoning in data science. Instead, a
“multidisciplinary, reflexive, socially attuned, and engaged approach to research can go a
long way toward fostering robust, reliable, and responsible outcomes, despite requiring
more time and resources to set up” [89]. Furthermore, there is a demand to be more
transparent with evidence judgements (which data to collect, how to measure quantities of
interest, which models to use, etc.) and to discuss these evidence judgements openly rather
than behind closed doors or sweeping them under the carpet [90].

4. Evidence Synthesis

We now turn to the challenge of synthesising the available evidence.
For special circumstances of major public health interest, regulatory bodies such as

the EMA and the FDA developed strategies to expedite the drug approval process. Such
strategies included the accelerated evaluation and assessment of marketing applications
and authorisation for the emergency use of medical products [91,92]. These strategies are
broad in nature and rather unspecific, e.g., requiring a positive benefit–risk trade-off and a
case-by-case analysis. Highly successful COVID-19 vaccines were approved using these
strategies [93]. Our starting point is a need for improving these strategies for evidence
synthesis to better manage future pandemics.

4.1. Synthesis of the Available Evidence

As we laid out in the previous section, decision making will be based on a body
of evidence containing RWE (real world evidence) in the form of observational studies
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at the population level, animal studies, bench research, and/or in silico clinical trials.
The challenge arises to make the best possible use of all this information. How would we
best synthesise the body of available evidence?

4.2. Concepts of Real World Evidence Synthesis

Ideally, one would like to have a method to de-bias the available evidence to obtain
reliable information about causal relationships. Unfortunately, no such promising method
has been suggested. Cleaning bias from data is a pipe-dream, yet.

Our best developed concepts and formal methods for aggregating data are meta-
analyses built on statistical principles. Meta-analyses struggle with incorporating data
from studies with different designs (randomised, case-controlled, longitudinal, and cross-
sectional). In order to also include data from experimentation on surrogate models more
general but less formal methodology of evidence synthesis is required. Less formal meth-
ods of evidence synthesis are already used by drug licensing agencies. Such methods are,
in particular, required to also include case reports that play a key role in pharmacovigi-
lance [28,30,94,95].

Given the need for evidence synthesis methods for pharmacovigilance that can deal
with bodies of evidence containing biased evidence of a variety of sorts (randomised,
case-controlled, longitudinal, cross-sectional, animal (toxicology) studies, case reports, etc.),
It is not surprising that a great number of approaches have been developed addressing
respectively the quality/bias of studies or the synthesis of evidence.

Rather than suffering from a lack of concepts and methodology [96], the problem
instead is that there are too many methods available and we do not have a clear under-
standing of which method to apply in each case. This problem of an excess of methodology
has been observed for quality assessment tools [97], meta-analyses [98], and evidence
synthesis [99]; see also [100–104].

4.3. The Concept Uncertainty in Evidence Synthesis of Real World Evidence

While there is significant philosophical interest in evidence synthesis from deep foun-
dational perspectives [105,106], it is not clear how to deal with significant uncertainties.
As we argued in Section 4.2, purely statistical methods are ill-suited for evidence synthesis
for drug assessments during a pandemic. We now discuss further concepts of uncer-
tainty that may be useful for uncertain causal inference to support drug approval during
a pandemic.

The most popular approach to uncertainty in the philosophy of science and the
philosophy of medicine is Bayesian epistemology [107,108]; for a short introduction, see
Appendix A4 in [109]. Similar to Bayesian statistics, uncertain inferences in Bayesian
epistemology are based on (i) prior probabilities capturing the background knowledge and
(ii) updating procedures (Bayesian or Jeffrey) to model the acquisition of evidence [110].
Unlike Bayesian statistics, Bayesian epistemology defines probabilities over all the variables
one is interested in. It is built upon the fact that accumulating evidence overrides prior
beliefs and the posterior beliefs based on truth-conducive evidence converging to the
truth [111]. This puts one in a position to conduct evidence synthesis based on all the
available evidence [112–115] by calculating the probabilities of effectiveness and safety
of drugs. Unfortunately, Bayesian evidence synthesis requires the specification of a large
number of relevant probabilities, which cannot be defined in an objectively correct way
and must be fixed subjectively [116]. The debate on the seriousness of this subjectivity has
been raging for many decades [117–120]. Let it suffice to say here that an end of this debate
is not in sight. In our view, a rational choice affecting millions of lives ought to not hinge
on the subjective choice of prior probabilities.

Some authors maintain that the choice of prior probabilities is not as subjective as
alleged; while this may be so, it moves Bayesian epistemology closer to the competing,
but less popular, objective Bayesian epistemology. This epistemology posits an objective
relation between evidence and prior probabilities and offers a more powerful machinery
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for updating beliefs capable of handling arbitrary probabilistic information [121,122]. This
objective Bayesian approach requires a canonical model to assign probabilities to the
propositions of interest. This epistemology applies the principle of indifference to set prior
probabilities and then appeals to an inferential principle of entropy maximisation to update
probabilities in the light of new evidence. Choosing a different model yields, in general,
different probabilities to the same proposition of interest [123]. Unfortunately, it is not
at all clear what the canonical model is in practical applications. Rather than suffering
from a subjectivity of probabilities, this epistemology requires a non-objective choice of a
canonical model.

A different popular approach to uncertainties is the framework of imprecise probabilities,
which uses sets of probabilities to model our ignorance, e.g., the probability of a fever being
caused will be between 15% and 25%. This epistemology is well-suited to capture the
significant uncertainties in our decision problem [124–126]. The main issue with this
epistemology is that there is not one but many plausible ways to use sets of probabilities
for decision making [127]. Some of these ways will not recommend an action at all on the
grounds of insufficient evidence; while not making a choice is an option in many instances,
a choice must be made in our decision problem. Unfortunately, no clear choice procedure
is emerging for this epistemology.

A number of further approaches exists, which we now briefly discuss. Qualitative
decision theory [128] aims to improve decision making by not employing numbers for quan-
tification, which is in a spirit related to the idea behind the development of imprecise
probabilities. Similarly, there is a lack of agreement on the appropriate choice procedure.
Furthermore, the quantification of effect sizes is a pillar of medical decision making; ignor-
ing the magnitude of effect sizes seems inadvisable. Ranking functions capture uncertainty
by assigning outcomes a unique rank in the set {0, 1, 2, 3, . . . , ∞} [129]. Again, it is (still)
unclear, how to make rational decisions using ranking functions and no methodology has
been developed for transforming medical evidence into a ranking function. Severe testing is
designed to reason about statistical hypotheses by putting them to severe tests [130]. Finally,
choice under complete uncertainty refers to decisions made in the absence of quantitative
utilities [131,132], while ambiguity refers to choices without knowledge of the underlying
state space [133].

Despite—or because of—these foundational issues, machine learning and artificial intelli-
gence more generally for evidence synthesis are becoming increasingly popular [134–141].
Philosophical enquiries on how computer simulations methods can help with handling
evidence have been discussed from a foundational point of view [142,143], theoretical
limits [144], and added value [145].

4.4. Lessons Learned concerning Evidence Synthesis

Unfortunately, we are not aware of significant advances in evidence synthesis of real
world evidence due to COVID-19 research. An outline of some of the challenges ahead
has recently been provided by four EMA representatives [16]. In [55], Lancaster et al.
went as far as to “suggest that the unprecedented challenges of COVID-19 do not simply
require us to speed-up existing evidence-based approaches, but rather necessitate different
ways of thinking about how a more adaptive evidence making cannot only contribute to
addressing uncertainties, but do so in a manner responsive to an emergent and evolving
situation”. They further that “this requires an openness to forms of evidence and expertise
often absented from ‘business-as-usual’ evidence-based intervention.” A less drastic shift
from EBM principles to EBM+ [146], which heavily emphasises mechanistic evidence, has
also been suggested [147].

5. Conclusions

Approving new drugs is of crucial importance towards mitigating the multifaceted
consequences of pandemics. In this paper, we discussed aspects of medical uncertain
inference to increase pandemic preparedness. The stated long-term goal is to formulate a
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methodology for a streamlined and structured way to produce, synthesise, and use evidence
for (public) health decision making that can contribute to the fight against future pandemics.

We pointed to the lack of (public) debate on ethical aspects and the absence of academic
work on key methodological issues. The focus and prioritisation have been to flesh out the
conceptual breadth and implications of hard problems. We followed up with discussions
of arising challenges and possible ways to overcome them. The lists of issues and possible
solution strategies we put forward, e.g., (i) turn to normative ethical theory and study en-
demics (Section 2.3) and (ii) learn from other disciplines (Section 3.3), are meant to indicate the
complexity of the challenges ahead and gesture towards possible solutions. In particular, they
are not meant to be complete. We think that adding further entries to these lists and improving
on our thinking above is valuable future research. Useful insights can be gained from a
number of areas such as medicine, public health, risk assessment theory, philosophy of science,
philosophy of medicine, ethics, and sociology. In particular, learning from preparedness for
other disasters seems to be a logical next step to take [148–150].

We only addressed some concepts pertaining to pandemic preparedness. Other rele-
vant social aspects such as (i) knowledge and decision making being distributed among
a number of individuals and institutions [151], (ii) the relevance of communication of ex-
pected health outcomes for reported health outcomes (placebo and nocebo) [48,87], (iii) how
a society understands the concept of disease [152], (iv) impact on health workers [153], and
(v) the uneven distribution of recovery (speeds) in societies [154] are discussed elsewhere.

Fighting a pandemic before it becomes a global public health crisis represents the best
way to mitigate risks and prevent negative health outcomes. Interdisciplinary work and
novel research methods will be of importance for achieving these aims.
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