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Abstract

Modelling is a precious source of information in science. With models, we can
simplify an otherwise messy reality in order to understand the fundamental driving
forces of a system, like an epidemic, and we can try to predict the course of events
in complex scenarios where there is a great degree of uncertainty. In short, models
can be used to explain and predict phenomena. Yet models interact with expert
opinions in two fundamental ways. They are sometimes in competition with expert
opinion, and they are sometimes heavily dependent, for their proper working, on
expert opinion.

In this paper I will illustrate the different ways in which a model interacts with
expert opinion. I will focus on epidemiological models. I will explain how, in epi-
demic modelling, getting the expertise right is as important as getting the model
right. I will briefly present epidemiological models with a focus on the specific con-
tribution of expert judgment to the choice and use of these models. I will compare
expert judgment with statistical judgment, highlighting the limits of the former. I
will analyse the interconnectedness of modelling and expert judgment in epidemic
simulations based on a case report and, finally, I will suggest some strategies for
ameliorating the interaction between modelling and expert judgment.

Keywords: Epidemiological modeling, Expertise, Expert judgment, Statistical judg-
ment.

1. Introduction

Modelling is a precious source of information in science. With models, we can sim-
plify an otherwise messy reality in order to understand the fundamental driving
forces of a system, like an epidemic. How different would the spread of a virus look
like, if the driving mode of transmission was through airborne particles, or droplets,
or fomites? With models, we can try to predict the course of events in complex sce-
narios where there is a great degree of uncertainty. Mill compared studying social
phenomena to studying the laws of tides; we can only aim for approximation and
inexactness when the course of a natural or social phenomenon is determined not
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by a few generally well-known factors, but by a complex interaction of many causal
factors:

circumstances of a local or casual nature, such as the configuration of the bottom
of the ocean, the degree of confinement from shores, the direction of the wind,
&c., influence in many or in all places the height and time of the tide; and a portion
of these circumstances being either not accurately knowable, not precisely meas-
urable, or not capable of being certainly foreseen, the tide in known places com-
monly varies from the calculated result of general principles by some difference
that we cannot explain, and in unknown ones may vary from it by a difference
that we are not able to foresee or conjecture (Mill 1882: 587).

I'will come back to this passage of Mill’s work in due time, because it tells us
something about the difficulties of modelling an epidemic. In short, models can
be used to explain and predict phenomena. Allegedly, there are other purposes
too, but for now I will stick to these two. Models work by isolation and idealiza-
tion (Méaki 1992). For example, epidemiological models can give us at best a gen-
eral idea of how a virus could spread if we make several simplifying assumptions.
Most importantly, models often fail in performing their explanatory and predic-
tive functions without expert judgment. The assumptions that go into a model, its
parametrization, and its connection with a target system are all dependent in mul-
tiple ways on expert judgment.

In the rest of this paper, I will highlight the different phases in which expert
judgment affects the development and application of a model. I will focus on ep-
idemiological models." While explanation is an important component of these
types of models, epidemiological models are important because they are used to
predict the spread of viruses in epidemic or pandemic situations given a range of
pharmaceutical (e.g., antiviral drugs) and non-pharmaceutical (e.g., social dis-
tancing) policy measures that a society will usually put in place to respond to a
pandemic or epidemic scenario. I will explain how, in epidemic modelling, get-
ting the expertise right is as important as getting the model right. In the next sec-
tion I will briefly present epidemiological models with a focus on the specific con-
tribution of expert judgment to the choice and use of these models. In section 3 I
will compare expert judgment with statistical judgment, highlighting the limits of
the former. Section 4 will analyse the interconnectedness of modelling and expert
judgment in epidemic simulations based on a report by the National Academies of
Sciences, Engineering, and Medicine published (Institute of Medicine 2006). Section
5 will suggest some strategies for ameliorating the interaction between modelling
and expert judgment and section 6 will conclude.

2. Expert Input in Epidemic Modelling: A Primer

Epidemic and pandemic models are usually systems of equations, often imple-
mented in a computer programme. In Black’s typology, they are mathematical

! In this paper I will use the term to specifically indicate mathematical modelling of infec-
tious diseases—that is, that class of epidemic models that describe the spread of an infec-
tious disease.
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models (Black 1962), and they are theoretical models according to Achinstein’s
typology (1968):

The use of such a model characteristically involves the awareness and explicit
acknowledgement that the real object is far more complex than its representation
in the model: the theoretical model assumes away many complications while high-
lighting limited aspects of the object (Méki 2001: 9932).

Indeed, epidemics and pandemics are complex phenomena: the spread of a virus
depends on a very large number of factors, including biological aspects of the virus
itself, of the range of hosts it can infect, and, as far as human health is concerned,
it depends on human behaviour and available technology (e.g., availability of an-
tiviral therapies and vaccines).

In this paper I focus on epidemiological models of two principal kinds: SIR
models, and SIS models. The acronyms stand, respectively, for Susceptible, Infec-
tives, Removed, and Susceptible, Infectives, Susceptible, the main difference being that
in the latter model a virus can reinfect a host who has previously been infected.
Depending on whether infection confers immunity in the hosts that survive the
infection, the SIR and SIS models divide the total population in two or three
macro subpopulations. At any given point in time a population will have three
types of hosts: the susceptible are those who can be infected by the virus, the in-
fective are those who are infected with the virus, and the removed are those who
are either immune or dead, after infection.

Most viruses have a certain rate of reinfection, so model choice depends on
knowledge about the virus and how it interacts with the host’s immune system.
Knowledge acquired in the early phases of a pandemic is very precious because it
helps determine what kind of model we should be using, even before we think of
the next steps, like parametrization and goodness of fit. For instance, in the early
phases of the COVID-19 pandemic, sporadic cases of reinfection caused uncer-
tainty about whether immunity from SARS-CoV-2 lasted more than a few weeks
after recovery. As research progressed, scientists were able to determine relatively
reliable rates of reinfection for different age groups, thus making model-choice
easier.

Uncertainties about reinfection, and how it affects model choice, is just one
example of how much modelling a pandemic needs reliable methods for collect-
ing data. In a perfect world, we would be able to collect the information we need
for model choice and parameterization in two ways: either (a) with instruments,
for example, in the same way in which we measure the temperature, or pressure,
in a patient, or (b) by widespread scientific consensus; for example, when we need
to know the temperature of the sun we can rely on a reasonable level of scientific
agreement and error rates. The world of pandemics is not perfect, and, instead,
the input source for much of the knowledge that is needed is expert judgment,
that is, the informed guesswork of specialists in certain areas of science. Accord-

2 I have used mostly the term “epidemic modelling” in this paper, even though I may
sometimes use the term “pandemic modelling” instead. The main difference is that epide-
miological models usually contain primarily epidemiological elements, while a pandemic
model may include social, economic, and other variables. The usage is not always con-
sistent in the literature and for the scope of this paper any differences between the two can
be ignored.
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ing to Cooke (1991: 30) “musings, brainstorms, guesses, and speculations of ex-
perts can be significant input in a structured decision process”. In epidemiological
modelling, musing, guesses, etc. are often the main source of modelling input we
have.

There are two possible interactions between modelling and expert judgment:
Expert judgment can be a constitutive part of modelling—for example when using
expert judgment as input for the parameters of the model—or expert judgment
can be an alternative to model-based judgment—for example when the model is
inadequate to represent the problem at hand. The following sections will deal with
both of these scenarios in which there is interaction, and sometimes a conflict,
between a model and an expert judgment.

Next, I list the main contribution of expert judgment to pandemic and epi-
demic modelling.

A. Model Choice: I have already illustrated this point above. It’s important to
note that the choice of the modelling framework is heavily dependent on ep-
idemiological knowledge of the interaction between the organism and the
infected host. For example, reinfection possibility (and rates) can signifi-
cantly change the dynamics of the model. Other sources of model uncertainty
are the choice of variables, the degree of detail, and the endemic dynamics
that the model is designed to capture. Much of the knowledge needed to re-
duce model uncertainty can only be obtained by consulting experts, even
though reinfection rates can be derived statistically, provided we have
enough data. Whether this information can be obtained by reliable methods
depends on the type of infectious disease we are considering. The older and
the more data we have, the more likely it will be that a scientific consensus
has formed around key assumptions. With pandemics as recent as COVID-
19, especially in the early waves, relevant knowledge comes from the in-
formed speculations of experts, and by comparison with data from similar
viruses (e.g., other coronaviruses) and pandemics (e.g., SARS, MERS). An-
alogical reasoning is highly fallible and dependent on human reasoning, that
is, expert judgment: “It is a fact about human cognition that we very com-
monly make a judgment that one case is similar to another in drawing con-
clusions about what to do in daily life” (Walton et al. 2008: 55).

B. Parameter Selection and Parametrization: One of the fundamental sources
of uncertainty in models is parameter uncertainty. The list of parameters that
are theoretically relevant to an epidemiological model is virtually endless.
Even though parsimonious models containing only a few variables are often
considered to be more valuable to isolate key features of a pandemic
(Bertozzi et al. 2020), we still need experts to make a judgment of relevance
in the first place. For example, the connectedness of a network structure is
fundamental for understanding how many steps a virus needs to spread
through an entire network, given the same number of nodes (hosts). Social
habits, geographical distribution of hosts, and many other factors affect a net-
work’s connectedness. The same is true about the clustering of a network (in
lay terms, the layout of a network and how its nodes are distributed), and its
degree of centrality (whether there are nodes in the network that are con-
nected to all or most of the other nodes). Other important parameters are, for
example, the rate of infectiousness—the R-number that for COVID-19 made
headlines time and again (Adam 2020)—and the mode of transmission,
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namely through aerosol, droplets or fomites. Parameterization of a model
often needs significant expert input. Some of the parameters can be obtained
by statistical calculation; for instance, the Basic Reproduction Number can
be relatively straightforwardly obtained via a variety of estimation methods.
Other parameters, however, are harder to estimate, like compliance with be-
havioural interventions. Other the parameters can only be estimated with sig-
nificant uncertainty: Morse et al. (2006) highlight the significant amount of
uncertainty for very important parameters (e.g., effectiveness of non-pharma-
cological practices) and state that there are no science-based compendia of
best practices.

3. Expert Judgment and Statistical Judgment

At this point I must clarify the difference between expert judgment and statistical
(also mechanical, or actuarial) judgment. Expert judgment refers to the judgment
of a human expert. I cannot provide an account of expertise in this article, and I
will generally refer to experts as those who have attained sufficient experience and
competence in a relatively narrow field of human knowledge (Martini 2019). Ex-
perts are said to possess tacit knowledge, through the application of which they
are able to perform tasks (know-how), or give answers to well-formulated prob-
lems (know-what). For example, expert forecasters can answer questions like
“what is the probability of a 48-hour clear-weather window for the next seven
days on Everest”.® For obvious reasons, in this paper I am considering only know-
what experts.

Statistical judgment, on the other hand, is judgment delivered by calculation.
We can think of expert systems as an example of statistical judgment. An expert
system is a system of rules that can be implemented into a computer to aid or
substitute human decision-making (Dreyfus 1987). Medical diagnoses are exam-
ples of decision problems: what is the most likely diagnosis for patient X, given
symptoms Y1, Yo, ..., Yn, and patient characteristics Z1, Za, ..., Za? To mention a
few concrete cases, Seixas et al. (2014) develop an expert system to support the
diagnosis of a range of neurological disorders, Samuel and Omisore (2013) give a
‘Web-Based Decision Support System for typhoid fever, and the list could become
very long. Medical expert systems are fed data, either automatically (e.g., patient
temperature) or through an operator (is the patient experiencing shivers?) and use
algorithms to reach a conclusion on a diagnostic query.

Since the 1950s, Paul Meehl and, later, his collaborators, have undertaken
an extensive research programme to show the superiority of statistical judgment
over expert judgment. In the field of psychiatric diagnostics, Meehl showed that
simple algorithmic tools were often able to outperform clinical evaluation in pre-
dicting human behaviour. A simple example will illustrate: Let us imagine that
our task is to distinguish between psychotic and neurotic patients. We have two
options: a) a clinical evaluation where a physician examines the patient; b) the
Goldberg Rule. In 1965 Goldberg’s study showed that a simple actuarial rule was

3 The example is not random: The world of alpinism regards Karl Gabel and Vitor Baia as
two of the best weather forecasters for high-altitude mountaineering. They have provided
forecasts to top-class alpinists during their expeditions around the world. Their forecasts
rely on models and data but also on significant experience and knowledge about moun-
taineering and the behaviour of weather patterns around high mountains. See Benavides
2018.
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performing better than clinicians in diagnosing patients as either psychotic or neu-
rotic. The rule takes a number of inputs from validity and clinical scales and gives
a diagnosis based on the outcome of a simple calculation.

X =(L + Pa + Sc) - (Hy + Pt)

[L is a validity scale and Pa, Sc, Hy, and Pt are clinical scales of the MMPI: in order
Paranoia, Schizophrenia, Hypomania, Psychasthenia]

If x < 45, diagnose patient as neurotic. If x > 45, diagnose patient as psychotic.

Goldberg Rule (from Bishop and Trout 2005: 14)

Goldberg’s rule doesn’t need significant judgment input. A short training, or
even a user-friendly interface, will be enough for asking the patient the right ques-
tions and collecting the right data, and the rest is left to the algorithm. According
to Bishop and Trout, “Sometimes, it would be better for the experts to hand their
caseload over to a simple formula that a smart 8-year-old could solve” (Bishop
and Trout 2005: 25).

By looking at much of the literature on the benefits of statistical over expert
judgment, we may be tempted to think that, for most or possibly all decision prob-
lems, computers and algorithms perform better than human judgment. The claim
is probably true, but it comes with a very important caveat: it is true for most
phenomena for which we either have a rather precise understanding of the mech-
anisms involved, or enough statistical data. Unfortunately, not all phenomena are
of this kind.

Aspinall and Cooke provide a fitting example of a decision problem for
which expert judgment is needed; namely, predicting volcano behaviour:

When a potentially deadly volcano becomes restless, civil authorities invariably
turn to scientific specialists to seek to anticipate what the volcano will do next, and
to help them judge the danger. Although it is usually possible to discern the earliest
signs of unrest, forecasting the course and precise timing of eruptions still remains awk-
wardly inexact (Aspinall and Cooke 1998: 2113, italics added).

Aspinall and Cooke’s article explains the application of the Cooke Method of
expert elicitation to the Soufriere Hills volcano, a previously dormant volcano
that became active in 1995 in the populated island of Montserrat and has been
claiming land and lives ever since. They state that, despite the extensive monitor-
ing equipment the Montserrat Volcano Observatory has set up all around the ac-
tive volcano, expert judgment is still the predominant source of actionable infor-
mation on evacuation decisions. “Even though armed with arrays of sophisticated
monitoring equipment, the scientists working on the problem have a wide range
of opinions about what the volcano might or might not do next” (Aspinall and
Cooke 1998: 2114). A major problem with using expert judgment, however, is
that it tends to produce a lot of noise. Experts tend to disagree a lot, and, while
harnessing the power of their tacit knowledge, they also suffer a wide range of
biases that affect human judgment (Faust 1984). In the Montserrat case, the at-
tempt was to use Cooke’s methodology of expert judgment elicitation and aggre-
gation (Cooke 1991) to reduce the noise from experts.
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In the case of the Montserrat Volcano, expert judgment filters and fills in the
knowledge gaps from models about volcano behaviour and data collected on the
ground. Is it possible that one day we might be able to develop a rule for deciding
whether to evacuate an area on the basis of a number of suitable inputs and an
underlying algorithmic rule that can process the data? Most likely so, however, as
of today, we need judgment based on expert’s experience and tacit knowledge.

To conclude this section, I shall return to the topic of epidemic modelling,
after the digression on expert judgment and statistical judgment. Does predicting
the course of an epidemic, and the effectiveness of different containment
measures, look more like predicting the behaviour of a volcano, or like diagnosing
psychotic and neurotic patients? In the next sections, we will try to understand
how much of epidemic modelling is dependent on hard data, and how much is
dependent on expert judgment. I will illustrate the contribution of expert judg-
ment in epidemiological modelling focusing on a 2006 report of the National Acad-
emies of Sciences, Engineering, and Medicine.

4. Using Expert Judgment to Forecast the Next Pandemic

The 2006 report Modeling Community Containment for Pandemic Influenza (Institute
of Medicine 2006) illustrates very well the interaction between statistical and ex-
pert judgment in epidemiological modelling. One of the report’s tasks was to as-
sess “the quality of existing models about a potential influenza pandemic and
their utility for predicting the effects of various community containment policies
on disease mitigation” (Institute of Medicine 2006: 1). The motivation for the
report was that in 2006 experts were aware that a major pandemic was to be ex-
pected, and the report is particularly interested in evaluating the ability of models
to predict the effects of nonpharmaceutical interventions (NPIs, like social dis-
tancing and face masks) in mitigating future expected outbreaks. The report
stresses that the models “should be viewed as aids to decision-making, rather than
substitutes for decision-making” (Institute of Medicine 2006: 4).

In modelling an epidemic there is much model uncertainty to begin with.
Model uncertainty refers to the intrinsic uncertainty about the architecture of the
model we choose, and the report indicates that epidemiological models need to
rely “heavily upon expert judgment as to the inherent reasonableness of the model
as a representation of reality” (Institute of Medicine 2006: 4). In general, reducing
parameter uncertainty is less dependent on expert judgment when it is possible to
run robustness analyses or collect more data. Even then, however, robustness
analysis and data-gathering have costs in terms of resources and time. Good ex-
pert judgment can then reduce the need of collecting additional data and testing
for robustness.

Conscious modelers are well-aware of the dependency of their data-crunch-
ing machines on expert input, and of the limits that that implies for the quality of
knowledge obtained through models. One way to reduce the input from experts
is to set up automatic data feeding mechanisms:

One way to improve predictive ability is to adapt or construct decision-aid models
that can incorporate surveillance data in real time and adapt to the actual experi-
ences of an outbreak as it occurs. Current models are based on educated guesses for a
range of plausible values based on information from previous pandemics. As a result, they
are not able to predict with any certainty the future course of a pandemic and the
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effectiveness of interventions to reduce transmission (Institute of Medicine 2006:
13, italics added).

One way of reducing the dependency of models on expert input and educated
guesses is then to set up mechanism for feeding surveillance data directly to the
model. Nonetheless, this set up has limitations.

As in the case of volcano behaviour, it is possible and desirable that in the
future much of the data the models need could be obtained through automated or
semi-automated means. “Automated” means that the model can access large da-
tabases maintained by governments or private institutions, in this context it is im-
portant that data be transparent and, as much as possible, open (Molloy 2011).
“Semi-automated” means that the model cannot directly access the data, but that
data is nonetheless straightforwardly available to the modelers in the same way
as national GDP, employment, or mortality rates are readily available. The ob-
jectivity of data that can be tapped into by a model does not need to be uncontro-
versial, there can still be some uncertainty; but the fundamentals of the method-
ology with which experts arrive at the data are shared by the large majority of the
established experts.

Even once we establish a methodology for gathering and collecting better
data, as Recommendation 7 of the Institute of Medicine (2006) report suggests,
we are left with the problem that modelling a pandemic is an iterative process.
The course of a pandemic is highly dependent on geography, human behaviour,
and of course the evolution of diseases (e.g., due to virus mutation). It is unlikely
that there will be, in the short run, a highly accurate predictive model like a de-
scriptive model of celestial mechanics, because different equilibria between infec-
tive-agents and infected-hosts are likely to arise in response to changes in all the
macro areas listed above: the environment, social behaviour, and the evolution of
biological organisms. For that and other reasons models need to be regularly up-
dated with new knowledge from a range of disciplines: biological and social ones.
Recommendation 6 of the report reads as follows:

The committee recommends that policymakers regularly convene forums for pub-
lic dialogue on pandemic influenza modeling and analyses, and recommends the
development of a standing expert panel to provide ongoing advice regarding models
of pandemic influenza (Institute of Medicine 2006: 13).

Ultimately, current epidemiological modelling, and especially the modelling
of pandemic situations, relies heavily on the use of expert judgment at various
phases of the modelling process. The last point I will discuss in this section, in
relation to expert judgment, is the comparison between model-based evidence and
expert-based evidence. The idea of expert-based evidence is that we can use ex-
perts and their judgments as estimators. Instead of relying on algorithm-driven
estimates, we can use subjective probabilistic judgment (Cooke 1991). Once sub-
jective judgments are elicited, possibly in a systematic way, they can be compared
to model-based results for independent validation. This was the idea behind the
work by Bankes, Aledort and colleagues, from the RAND corporation (see Insti-
tute of Medicine 2006: 9, RAND model). Aledort and colleagues ran an elicita-
tion exercise to evaluate a package of non-pharmaceutical interventions, among
which respiratory etiquette, hand hygiene, N95 respirators, etc. (see Aledort et al.
2007). The goal was to evaluate a package of non-pharmaceutical interventions
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during a seasonal influenza epidemic. The same package of choices was then run
with two models—namely epidemiological and policy effectiveness models—and
the package of preferred expert choices was compared to the results from 1000
runs of the linked models (Institute of Medicine 2006: 9).

The reason for resorting to subjective expert opinion was clear:

In light of the evident lack of scientific evidence about specific non-pharmaceutical
interventions in the context of seasonal or pandemic influenza, there was limited
directly useable information from the majority of the studies identified in the for-
mal Medline search. For this reason, we turned to expert opinion to inform and catego-
rize the findings (Aledort et al. 2007: 3, italics added).

In this section I have explained how subjective expert judgment and model-
ling exercises for forecasting epidemiological phenomena and related contain-
ment measures are interlinked with one another. Given the complexity of the
problem, the relative lack of standardized and agreed upon modelling framework,
the lack of standardized procedures for collecting data, and the developing nature
of the interaction between infectious pathogens and hosts, the starting point of
understanding a specific pandemic situation is expert judgment. The role of epi-
demiological models is therefore twofold: one the one hand, simple models can
help isolate and highlight key features of a phenomenon. In this respect, a model
cuts out a piece of reality and allows modelers to analyse some of the chosen
factors in isolation from the “messiness” of the real world. On the other hand, a
computational model serves as a computational aid to otherwise intractable sys-
tems of equations, thereby making possible simulations of likely scenarios and
outcomes, given varying initial conditions.

Ultimately, the results of a modelling exercise are dependent on the accuracy
of the initial assumptions (model choice, and parameterization), and on the de-
gree of uncertainty of each choice of variables and associated values. This type of
complex post-hoc assessment is again in the hands of subjective expert judgment.
Policy-making based on modelling results is neither straightforward nor inde-
pendent of human judgment. In short, we can confidently claim that the starting
and end points of modelling a pandemic are subjective expert judgments. The
figure below illustrates this point.

EXPERT
JUDGMENT MODEL RESULTS
Model Choice, EXPERT
Parameterisation + JUDGMENT
+ ADDITIONAL
INFORMATION NOT
CODIFIED IN THE
MODELS

DECISION-MAKING

The report on pandemic modelling reflects well Mill’s point on studying
complex phenomena like tides. We can see Mill’s point in relation to a contrast
class: the study of the movement of celestial bodies: astronomy. In astronomy,
we can isolate a few causal factors, of similar nature to one another, and all acting
in ways that can be relatively easily aggregated and taken into account. A small
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variation in parametrization is likely to make a difference if our instruments are
good enough to detect the difference. Uncertainty and inexactness in astronomy
is a matter of degree and precision of our instrumentation. Not so in the study of
tides and epidemiology: tidal levels and the spread of diseases are dependent on
causally interconnected factors that are very different in nature from one another,
and small and large uncertainties for each of these factors can produce signifi-
cantly different observations.

5. How to Handle Expert Judgment: Strategies

So far, [ have assumed that the interaction between model-based and expert-based
judgment is unproblematic. In this section I will explain why it is not. The main
problem with expert judgment is that it tends to be biased in several ways. This is
not to say that statistical judgment cannot be biased as well, but in this section I
will focus on the specific ways in which biases in expert judgment reduce the ep-
istemic quality of knowledge dependent on it. T will suggest established method-
ologies for reducing that bias, in particular: 1) the progressive substitution of sub-
jective expert judgment with appropriate statistical methods, when possible, and
2) the reduction of subjective bias by means of aggregation techniques and struc-
tured expert judgment elicitation methods.

Since the work that Paul Meehl undertook in the 1950s, and the subsequent
research that his Disturbing Little Book spurred (Meehl 1986), many scholars have
highlighted the fact that human judgment is particularly ill suited at handling
complex information and statistical data. Meehl, and later his collaborators,
showed that those we call experts are often not so good at giving us good judg-
ment on a number of practical questions. Trout and Bishop (2005) give the exam-
ple of parole boards judging whether criminals should be eligible for parole. The
heuristics and biases programme (Tversky and Kahneman 1974) has shown how
human judgment fails to produce good estimates in a wide range of common
tasks. The heuristics that we use to solve common daily problems, while useful
with relatively menial tasks, can lead us into traps when the number of variables
increases, and probabilistic interactions substitute deterministic causal pathways.
As T explained above, pandemics and, in general, epidemiological phenomena,
have all the characteristics of complex phenomena. The spread and impact of a
virus on a host population depends on the interrelation of biological, ecological,
and behavioural factors. Reliance on expert judgment, then, while it is inevitable
because of our current state of knowledge, is also problematic.

The first important point here is that I have so far assumed that interrelation
of model-based and expert-based judgment is straightforward. It is not. Significant
literature on the interrelation has argued that whenever statistical and actuarial
judgment is available, expert judgment will tend to ignore important insights from
it and diminish the epistemic value of a combined judgment. In other words,
when given the chance, the expert will tend to favour their own judgment, rather
than the model’s judgment, and often this will lead to an inferior overall assess-
ment (Leli and Filskov 1984).

Trout and Bishop call the strategy of deviating from statistical judgment,
when given the possibility, epistemic exceptionalism (Trout and Bishop 2005: 43).
The reasoning goes as follows: let us suppose we have an algorithmic decision-
making rule that works under most conditions. Under condition X, the rule tells
us to choose Y. Clearly, there will be circumstances (sometimes called broken leg
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scenarios) under which the rule gives us the wrong answer, and we should deviate
from its results. How do we know whether the rule is working or not, in a partic-
ular case? The judgment of an expert will have to provide that kind of information
and, not surprisingly, experts tend to misjudge how often a case is an example of
the class of cases in which the rule does not apply. Experts, that is, overestimate
the number of cases in which a rule fails to provide the correct answer. Epistemic
exceptionalism, therefore, is often the wrong strategy, when mixing actuarial and
subjective decision-making. Bishop and Trout are clear on this: when a statistical
method (an expert system) is available, experts should never stray from it except
under very exceptional circumstances.

Suggestion 1. The first strategy for ameliorating our modelling practices is to

improve our models in order to avoid excessive interactions between actuarial
and subjective decision making. We should identify as clearly as possible
those subdomains in which model-based judgment can be shown to be con-
clusively outperforming expert estimations. That will leave out those parts of
the problems where, instead, we must rely on subjective judgment. Avoiding
epistemic exceptionalism in key aspects of pandemic modelling should help
clarify when subjective expert judgment ought to leave room to statistical
judgment, a sort of “expert humility”. The important point here is to under-
stand that models are better at doing some things, and when we can identify
the domains in which they are better we should let them handle the work.

The previous suggestion leaves implicit something I stated in the previous
sections: there are domains in which models are either worse at producing
knowledge, or not available at all. In sections 3 and 4 I argued we cannot predict
the course of a pandemic with and without containment measures with models
alone, so we must resort to established expertise. The question then is what we
can do to reduce bias. For example, in the case of the COVID-19 pandemic, from
the very beginning the main type of expertise that policy makers and the public
listened to was health-centred. In the urgency of the initial steps that made sense
because hospitals were being overrun and knowledge about the virus and possible
treatments was scarce. Much thinking that went into the formulation of policies
was also health-centred. This is not a note of criticism, but rather something to
take at face value: Doctors, epidemiologists and health officials were in the public
spotlight; their words were being analysed, criticised or otherwise glorified in the
media. In that context health-centred thinking rightly influenced initial contain-
ment policies: “Up until late April, the Finnish government followed a script writ-
ten predominantly by THL. THL is, by definition, a health utilitarian agency”
(Hayry 2021: 117) The same is true for most governments around the world. In
the medium and long run, it is possible to argue that health-centeredness can act
as an epistemic bias and lead to groupthink. Groupthink is recognized as a cogni-
tive bias that affects the quality of decision-making (Cleary et al. 2019). It is rea-
sonable to argue that in the long run diversity of relevant expertise is important in
modelling an epidemic.

Groupthink is an example of the possible biases that affect expert judgment,
also in interaction with modelling efforts. The question is then whether and how
expert judgment can be debiased. There is extensive literature on the subject, so
in these final sections I will only be able to mention a few general points.

Suggestions 2. The second strategy for ameliorating our modelling practices
is to reduce bias in expertise. There are a few ways to reduce biases:
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A) Prefer groups rather than individuals. Committees have been shown to
avoid some of the biases that would otherwise affect judgment, for exam-
ple, when it comes to estimation, groups of experts tend to outperform
individual experts. Cooke (1991) and his continuous work with various
other collaborators, has developed a methodology of expert elicitation
based on teams and judgment aggregation that is being used in volcanol-
ogy (Aspinall 2010), by the Intergovernmental Panel for Climate Change
(Kunreuther et al. 2014), and in several other applications of science.
From an epistemological viewpoint, we should prefer judgment aggrega-
tion to singular thinking, even though aggregation has limitations and can
be problematic (Martini and Sprenger 2017).

B) Consider diversity in groups. Diversity plays an important role in avoid-
ing some of the biases that affect group decision-making and group-delib-
eration. Diversity ought to be limited when it affects the quality of the
expertise base. To explain, there are two important elements that need to
be considered when using expert judgment: the level of expertise and the
diversity of the group. If the group lacks diversity, especially if the type of
problems it deals with are complex and open-ended, then it is advisable
to add diversity (Page 2008). But the diversity imperative cannot be abso-
lute: If in order to add diversity we are adding group members that affect
the level of expertise of the group, then we must be careful not to decrease
the epistemic worth of the collective. In short, expertise and diversity
must be balanced with one another.

6. Conclusion

In this article I have reviewed the role of expert judgment in epidemiological and
pandemic modelling. I have highlighted how epidemiological and pandemic
modelling are highly dependent on expert judgment, so much that getting the ex-
pertise right is as important as getting the model right. It is unlikely that there will
be, in the short run, a highly accurate predictive model for pandemics; something
like a descriptive model of celestial mechanics. If possible, that would be a wel-
come improvement, but for the time being we need to focus on expertise just as
much as, if not more than, on technical issues about modelling.

Moreover, the starting and final points of modelling a pandemic are the
same: expert judgment. That means that expert judgment is the first step in pro-
ducing and parametrizing a model, and also that the product of a model of a pan-
demic is an input into the judgment of decision-making experts: “Above all, mod-
els should be viewed as aids to decision-making, rather than substitutes for deci-
sion-making” (Institute of Medicine 2006).
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