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Abstract
Mathematical models are increasingly adopted for setting disease prevention
and control targets. As model-informed policies are implemented, however,
the inaccuracies of some forecasts become apparent, for example overpredic-
tion of infection burdens and intervention impacts. Here, we attribute these
discrepancies to methodological limitations in capturing the heterogeneities
of real-world systems. The mechanisms underpinning risk factors of infection
and their interactions determine individual propensities to acquire disease.
These factors are potentially so numerous and complex that to attain a full
mechanistic description is likely unfeasible. To contribute constructively to
the development of health policies, model developers either leave factors out
(reductionism) or adopt a broader but coarse description (holism). In our view,
predictive capacity requires holistic descriptions of heterogeneity which are
currently underutilised in infectious disease epidemiology, in comparison to
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other population disciplines, such as non-communicable disease epidemiology,
demography, ecology and evolution.

Keywords: infectious disease dynamics, individual variation,
remodelling selection, heterogeneity, epidemiology

1. Introduction

Setting realistic targets and developing feasible strategies for disease prevention and control
depends on representative models. These can be conceptual, experimental, or mathematical.
Mathematical modelling was established in infectious diseases over a century ago (Ross 1916,
Ross and Hudson 1917, Kermack and McKendrick 1927). Propelled by the discovery of aeti-
ological agents for infectious diseases, and Koch’s postulates, models have focused on the
complexities of pathogen transmission and evolution to understand and predict disease trends
in greater depth (Heesterbeck et al 2015). This has led to their adoption by decision makers
to inform national and international policy. However, as model-informed policies are being
implemented, systematic errors in forecasts become increasingly apparent, most notably their
tendency to overpredict infection burdens and overestimate the impact of control measures
(Gaolathe et al 2016, Karim 2016, UNAIDS 2017, Specht et al 2019, Flaxman et al 2020,
Frescura et al 2022, Gomes et al 2022). Here, we discuss how these discrepancies could be
explained by methodological limitations in capturing the effects of individual variation in real-
world systems. We suggest improvements that derive from early theory in the analysis of haz-
ards (Greenwood and Yule 1920).

When a physical, chemical, or biological hazard invades a population, it typically encoun-
ters a set of individuals that can vary dramatically in their susceptibility or exposure to the
threat. As a result, more susceptible (or exposed) individuals tend to be affected 昀椀rst while the
mean susceptibility among those remaining unaffected decreases due to the selective depletion
of the most susceptible. This process effectively decelerates growth in the number of disease
cases when compared to a scenario of equally susceptible individuals exposed to the same
mean hazard (昀椀gure 1). Hence when homogeneous (or insuf昀椀ciently heterogeneous) models
昀椀tted to the early phase of an epidemic are used to project the future, cases tend to be over-
predicted. Conversely, if too much individual variation is built into the model, then cases may
be underpredicted. Deviations in the quanti昀椀cation of variation that is under selection tend
to induce large biases and, therefore, their quanti昀椀cation should play an essential part in the
construction of predictive models for infectious as well as non-communicable diseases.

The selective depletion bias just described is pervasive in population studies and has been
discovered many times and given many names, such as survivorship bias (Wald 1943), frailty
variation (Vaupel et al 1979), phenotypic selection (Haldane 1954, Lande and Arnold 1983),
or selective (dis)appearance (Forslund and Pärt 1995, Van De Pol and Verhulst 2006). It has
been recognised to affect diverse phenomena. It can create spurious trends in measured rates
of mortality (Key昀椀tz and Littman 1979, Vaupel et al 1979), leading to paradoxical risk asso-
ciations (Vaupel and Yashin 1985, Strandberg et al 2013) and con昀氀icting evidence on theor-
ies of ageing (Nussey et al 2006). It may induce misleading expectations for the survival of
endangered species (Kendall and Fox 2002, Jenouvrier et al 2018). It may affect the scope of
neutral theories of biodiversity and molecular evolution (Steiner and Tuljapurkar 2012, Gomes
et al 2019a). It may bias estimates of risks of diseases, whether non-communicable (Aalen
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Figure 1. Depletion of susceptibles in homogeneous and heterogeneous popula-
tions. (Top) Proportion susceptible (blue) and mean susceptibility (black) to a non-
communicable disease formulated as a susceptible-diseased model with constant expos-
ure to a disease-causing agent [λ= 0.07] in two scenarios: (homogeneous susceptib-
ility) dS/dt=−λS, dD/dt= λS (dashed curves); and (gamma distributed susceptib-
ility [x] with variance 2): dS(x)/dt=−λxS(x), dD(x)/dt= λxS(x) (solid curves).
(Bottom) Density of susceptible (blue) and diseased (red) individuals over the suscept-
ibility domain at four different time snapshots of the epidemic. Mean susceptibility
decreases over time due to the disproportionate depletion of individuals with high sus-
ceptibility. The vertical lines mark the mean baseline susceptibility in each context.

et al 2015, Stensrud and Valberg 2017) or infectious (Anderson et al 1986, Colgate et al 1988,
Dwyer et al 1997, Smith et al 2005, Bellan et al 2015, Gomes et al 2019b, Corder et al 2020,
Britton et al 2020, Gomes et al 2022), and ef昀椀cacy of interventions, such as vaccines (Halloran
et al 1996, O’Hagan et al 2012, Gomes et al 2014, 2016, Langwig et al 2017) or symbionts
(Pessoa et al 2016, King et al 2018). Some of these insights gave rise to new research priorit-
ies in evolutionary biology (Metcalf and Pacard 2007) while this paper presents a case for an
equivalent impetus in infectious disease epidemiology.

In this topical review, we illustrate how unmeasured heterogeneity can have a wide expres-
sion in infectious disease dynamics and formulate a pragmatic approach to estimate the most
impactful forms that need to be incorporated in mathematical models to eliminate common
biases.
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2. Heterogeneity affects the accuracy of model forecasts

We use the examples of acquired immunode昀椀ciency syndrome (AIDS) and coronavirus dis-
ease 2019 (COVID-19) to illustrate the effects that individual variation in susceptibility and
exposure to infection can have on the performance of mathematical models for the dynamics
of endemic and epidemic diseases.

2.1. Endemic infectious diseases

Since the detection of AIDS in the early 1980s, it has been evident that heterogeneity in
individual sexual behaviours needed to be considered in mathematical models for the trans-
mission of the causative agent—the Human Immunode昀椀ciency Virus (HIV) (Anderson et al
1986, Colgate et al 1988). Much research has been devoted to measuring contact networks
in diverse settings and by different methods, to attempt to reproduce transmission dynam-
ics accurately (Woolhouse et al 1997, Keeling and Eames 2005, Leigh Brown et al 2011).
However, other equally important sources of inter-individual variation may have been over-
looked. For example, models that omit heterogeneity in infectiousness and susceptibility lead
to substantial overestimates of HIV acute phase infectivity, resulting in an overemphasis of
the early stage of infection as a driver of new infections as shown by Bellan et al (2015). By
accounting for such heterogeneities, the authors concluded that elevated acute phase infectivity
was less likely to compromise ‘treatment as prevention’ measures.

The problem of unaccounted for heterogeneity in models forecasting an infectious disease
can be illustrated with the simplest mathematical description of pathogen transmission in a
host population. Figure 2 shows the prevalence of infection over time under three alternative
scenarios: all individuals are at equal risk of acquiring infection (black trajectories); individual
risk is affected by a factor that modi昀椀es either their susceptibility to infection (blue); or expos-
ure through connectivity with other individuals (green). Homogeneous models assign every
individual a risk factor of 1 (black frequency plot), whereas heterogeneous risk derives from
a distribution with mean one (blue and green density plots). As the virus spreads within the
population, individuals at higher risk are predominantly infected as indicated at endemic equi-
librium (昀椀gures 2(A)–(C)), density plots on the right, coloured red) and after 100 years of
control (昀椀gures 2(D)–(F)). The control strategy applied to endemic equilibrium in the 昀椀gure is
the 90-90-90 treatment as prevention target advocated post-2015 by the Joint United Nations
Programme on HIV/AIDS (UNAIDS) whereby 90% of HIV-infected individuals should be
detected, with 90% of these receiving antiretroviral therapy, and 90% of these should achieve
viral suppression (becoming effectively non-infectious).

Figure 2 shows that heterogeneous models that account for wide biological and social vari-
ation require higher basic reproduction numbers (R0) to reach a given endemic level and pre-
dict less impact for control efforts when compared with the homogeneous counterpart model.
This holds true regardless of whether heterogeneity affects susceptibility or connectivity and
is generalizable to realistic combinations of the two traits. At endemic equilibrium, individu-
als at higher risk are predominantly infected (red distributions have mean greater than one as
marked by the red vertical lines), and hence those who remain uninfected are individuals with
lower risk (blue and green distributions have mean lower than one as marked by the black ver-
tical lines). Thus, the mean risk in the uninfected but susceptible subpopulation decreases, and
the epidemic decelerates (thin blue and green curves); higher values of R0 are consequently
required if the heterogeneous models are to attain the same endemic level as the homogeneous
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Figure 2. Prevalence trajectories under homogeneous and heterogeneous models. Risk
distributions are simulated in three scenarios: homogeneous (A), (D) [notice the
unrealistic time scale in (A)]; distributed susceptibility to infection with variance 10
(B), (E); distributed connectivity with variance 10 (C), (F). In disease-free equilib-
rium, individuals differ in potential risk in scenarios (B) and (C), but not in scen-
ario (A) (risk panels on the left). The vertical lines mark the mean risk values (1
in all cases). At endemic equilibrium, individuals with higher risk are predomin-
antly infected (risk panels on the right, where red vertical lines mark mean baseline
risk among individuals who eventually became infected), resulting in reduced mean
risk among those who remain uninfected (black vertical lines). To compensate for
this selection effect, heterogeneous models require a higher R0 to attain the same
endemic prevalence (A), (B), (C). Interventions that reduce infection also reduce selec-
tion pressure, which unintendedly increases mean risk in the uninfected subpopula-
tion and undesirably reduces intervention impact (D), (E), (F). Models: homogen-
eous (A), (D) dS/dt= µ−βIS−µS, dI/dt= βIS−µI, and R0 = β/µ; heterogen-
eous susceptibility (B, E) dS(x)/dt= q(x)µ−β∫ I(u)duxS(x)−µS(x), dI(x)/dt=
β∫ I(u)duxS(x)−µI(x), andR0 = β/µ; heterogeneous connectivity (C, F) dS(x)/dt=
q(x)µ−β∫uI(u)duxS(x)−µS(x), dI(x)/dt= β∫uI(u)duxS(x)−µI(x), and R0 =

∫u2q(u)duβ/µ. In heterogeneous models, q(x) is a probability density function with
mean 1 and variance 10, and initial conditions are of the form S(x, t) = (1− ε)q(x) and
I(x, t) = εq(x), for some infectious seed 0< ε << 1. Gamma distributions were used for
concreteness.

formulation (heavy blue and green curves). Finally, interventions are less impactful under het-
erogeneity because any decrease in transmission collaterally increases the mean risk factor
of the uninfected subpopulation (昀椀gure 2, risk panels on the right) offering extra resistance
to control. In concrete, these biases could help explain trends in HIV incidence data which
lag substantially behind targets informed by model predictions (Granich et al 2009), even in
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settings that reached the 90-90-90 implementation targets (Gaolathe et al 2016, Karim 2016,
UNAIDS 2017, Frescura et al 2022), meanwhile raised to 95-95-95 [UNAIDS 2023).

We emphasise that these results do not oppose previous research showing that antiretroviral
treatments can not only delay disease, but also prevent transmission. The 90-90-90 treatment-
as-prevention target helped improve access to antiretroviral medicines and save lives globally.
The question is how these bene昀椀ts translate from individual to population level. In our per-
spective, complementary measures are needed to reduce the susceptibility and exposure of
uninfected individuals, especially those most vulnerable of acquiring HIV. In later sections we
outline a procedure that seeks to account for effects of the entire heterogeneity of real-world
systems.

2.2. Epidemic infectious diseases

At the end of 2019, a novel severe acute respiratory syndrome coronavirus (SARS-CoV-2)
isolated from a patient in China began to spread worldwide causing the COVID-19 pandemic.
Countrywide epidemics have been extensively analysed and modelled throughout the world.
Early studies projected 昀椀rst waves of infection with attack rates of around 90% if transmission
had been left unmitigated (Davies et al 2020, Flaxman et al 2020), while subsequent reports
noted that individual variation in susceptibility or exposure might 昀氀atten epidemic curves and
reduce these estimates substantially (Britton et al 2020, Neipel et al 2020, Rose et al 2021,
Tkachenko et al 2021, Gomes et al 2022,Montalbán et al 2022), as shown in 昀椀gure 3 (compare
the blue [heterogeneous susceptibility] and green [heterogeneous connectivity] curves with
the black [homogeneous]). See also Bootsma et al 2024 for a subsequent review. Moreover,
these types of variation that are subject to selection through natural infection tend to affect
population measures of risk ratios leading to biased interpretations if realistic heterogeneity
is not accounted for. For example, the bottom panel in 昀椀gure 3 illustrates how reinfection risk
is likely to be overestimated when heterogeneity is neglected (black horizontal line represents
individual risk ratio while blue and green curves depict time-dependent population risk ratios
under heterogeneous susceptibility and connectivity, respectively).

Representing individual variation is necessary to forecast infectious disease dynamics and
inform policy. Epidemic curves for COVID-19 are widely available, and it is possible to con-
struct models with inbuilt risk distributions. Their shapes can be inferred by assessing the
ability of models to 昀椀t trajectories to observed epidemics, while accounting for realistic social
and biomedical interventions (Gomes et al 2022). It has also been highlighted that the inter-
play between social dynamics and spread of infection may reduce the effects described herein
(Tkachenko et al 2021). If socioeconomic gradients (main drivers of risk heterogeneity in
infectious diseases (Millett et al 2020; Mena et al 2021, Xia et al 2022)) changed over time
in such a way that individuals with low susceptibility/exposure early in the epidemic became
high susceptibility/exposure in later stages, and vice versa, this could compromise the utility
of coef昀椀cients of variation estimated early on. Inverting socioeconomic gradients and their
health impacts, however, would require a much longer time scale than that of an acute infec-
tious disease pandemic (Braveman and Gottlieb 2014). There is mounting evidence that, on the
contrary, disadvantaged social groups suffer more from both disease and containment meas-
ures, exacerbating pre-existing risk inequalities (Okonkwo et al 2021). Gomes et al (2022)
estimated similar coef昀椀cients of variation by 昀椀tting time series encompassing either one or two
epidemic waves of COVID-19 in England and Scotland, suggesting long-lasting heterogeneity.

A contrasting andmore common approach to incorporate heterogeneity in COVID-19 trans-
mission models has been to focus on speci昀椀c sources of heterogeneity, such as age structure,
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Figure 3. Incidence trajectories under homogeneous and heterogeneous models. Risk
distributions are simulated in three scenarios: homogeneous (black); distributed sus-
ceptibility to infection with variance 2.5 (blue); distributed connectivity with variance
2.5 (green). On the main panel, heavy lines represent 昀椀rst infection and thin lines are
reinfection. Left panels represent distributions of potential individual risk prior to the
outbreak, with vertical lines marking mean risk values (1 in all cases). As the epi-
demic progresses, individuals with higher risk are predominantly infected, depleting
the susceptible pool in a selective manner and decelerating epidemic growth. Right pan-
els show in red the risk distributions among individuals who have been infected over
3 months of epidemic spread (mean greater than one when risk is heterogeneous, as
marked by red vertical lines) and the reduced mean risk among those who have not been
affected (black vertical lines). Models: homogeneous (black) dS/dt=−βIS, dI/dt=
βI(S+σR)− γI, dR/dt= γI−σβIR, and R0 = β/γ; heterogeneous susceptibility
(blue) dS(x)/dt=−β∫ I(u)duxS(x), dI(x)/dt= β∫ I(u)dux [S(x)+σR(x)]− γI(x),
dR(x)/dt= γI(x)−σβ∫ I(u)duxR(x), and R0 = β/γ; heterogeneous connectiv-
ity (green) dS(x)/dt=−β∫uI(u)duxS(x), dI(x)/dt= β∫uI(u)dux [S(x)+σR(x)]−
γI(x), dR(x)/dt= γI(x)−σβ∫uI(u)duxR(x) and R0 = ∫u2q(u)duβ/γ. In hetero-
geneousmodels, q(x) is a probability density function withmean 1 and variance 2.5, and
initial conditions are of the form S(x, t) = (1− ε)q(x), I(x, t) = εq(x), and R(x, t) = 0,
for some infectious seed 0< ε << 1. Gamma distributions were used for concreteness.
Parameter σ represents the risk of reinfection of each individual relative to their own
risk of 昀椀rst infection, here assumed σ = 0.03. The bottom panel depicts the average risk
of reinfection (over the subpopulation at risk of reinfection) relative to the average risk
of 昀椀rst infection (over the subpopulation at risk of 昀椀rst infection).

households, schools, workplaces, and implement these according to available data (see, for
example, (Moore et al 2021, Hilton et al 2022) for differential equation formulations and
(Kerr et al 2021 for agent-based models). A strength of this reductionism is to base the imple-
mentation of speci昀椀c heterogeneities on explicit data. A weakness is that it does not usually
capture the entire heterogeneity of the real system due to limits in data availability and capacity
to process so much complexity, although it is conceivable that this may be overcome in the
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future. Meanwhile, a holistic compromise can be reached by formulating heterogeneity unspe-
ci昀椀cally into otherwise homogeneous (or incompletely heterogeneous) models and inferring
its magnitude by 昀椀tting to trends measured in suitable population studies as outlined in the
following sections. Once the biases due to unmodelled heterogeneity are understood it should
be unacceptable to base policy on model projections that are not accompanied by a thorough
quantitative investigation of the subject, either by directly incorporating informative data into
the model, by conducting sensitivity analyses, by aiming to infer heterogeneity as we outline
in the following sections, or some combination of these schemes.

3. Heterogeneity affects vaccine efficacy estimation over time and across
settings

The need to account for heterogeneity in risk of acquiring infections is generally applicable
not only across all models of infectious disease epidemiology, but also in methods intended to
evaluate the ef昀椀cacy of interventions from experimental studies, whether lab-based controlled
experiments or 昀椀eld-based randomised controlled trials.

Individual variation in susceptibility or exposure to infection induces biases in cohort stud-
ies and clinical trials. Vaccine ef昀椀cacy trials offer a useful illustration of the problem and
expose a pragmatic approach to its solution. In a vaccine trial, two groups of individuals
are randomised to receive a vaccine or placebo and disease occurrences are recorded in each
group. As disease affects predominantly higher-risk individuals, the mean risk among those
who remain unaffected decreases and disease incidence declines. In the vaccine group the
same trend occurs at a slower pace (presuming that the vaccine protects to some degree). As
a result, the two randomised groups become different over time with more highly susceptible
individuals remaining in the vaccine group. The vaccine ef昀椀cacy, described as 1−RR, where
RR is the ratio of cases in vaccinated over control, therefore appears to wane (Halloran et al
1996, O’Hagan et al 2012). This effect will be stronger in settings where transmission intensity
is higher, inducing a trend of seemingly declining ef昀椀cacy with disease burden (Gomes et al
2016). These concepts are illustrated in 昀椀gure 4 by simulating a vaccine trial with heterogen-
eous and homogeneous models analogous to those utilised in 昀椀gures 1–3.

Selection on individual variation in disease susceptibility thus offers an explanation for
vaccine ef昀椀cacy trends that is entirely based on population level heterogeneity, in contrast
with individual waning of vaccine-induced immunity (Olotu et al 2016: Bell et al 2022). It
is important to disentangle their roles, as both may occur concurrently in a trial and lead to
different interpretations of the same data. To capture this in a timely manner requires multi-
centre trial designs with sites carefully chosen over a gradient of transmission intensities (e.g.
appropriately spaced along the incidence axis in 昀椀gures 4(C) and (F), and analyses performed
by 昀椀tting curves generated by models that incorporate individual variation. An alternative and
more tightly controlled approach would be to use experimental designs in human infection
challenge studies, where these are available (Darton et al 2015, Roestenberg et al 2018), to
generate dose-response curves and apply similar models (Gomes et al 2014). These approaches
have been successfully applied to animal systems (Pessoa et al 2016, Langwig et al 2017, King
et al 2018).

The essential purpose of suggesting these study designs (multicentre trials over a gradient
of transmission intensities, or dose-response infection challenges) is to enable selection on
individual infection risks to be remodelled (empirically and mathematically) along force of

8



J. Phys. A: Math. Theor. 57 (2024) 103001 Topical Review

Figure 4. Vaccine ef昀椀cacy trajectories under homogeneous and heterogeneous mod-
els. (A)–(C) Heterogeneous susceptibility or exposure (with mean 1 and variance 10)
with insets in (A) depicting susceptibility distributions in control and vaccine groups
at the beginning and end of the trial (cyan line is the mean); (D)–(F) Homogeneous
model. Models: (homogeneous) dSc/dt=−λSc, dIc/dt= λSc, and dSv/dt=−σλSv,
dIv/dt= σλSv; (heterogeneous) dSc (x)/dt=−λxSc (x), dIc (x)/dt= λxSc (x), and
dSv (x)/dt=−σλxSv (x), dIv (x)/dt= σλxSv (x). Vaccine ef昀椀cacy is calculated as
[1− rv (t)/rc (t)]× 100, where rv and rc represent the incidences in vaccinated (v)
and control (c) groups, respectively: (homogeneous) rc (t) = λ; rv (t) = σλ; (heterogen-
eous) rc (t) = λ∫xSc (x, t)dx/∫Sc (x, t)dx; rv (t) = σλ∫xSv (x, t)dx/∫Sv (x, t)dx. Gamma
distributions were used in heterogeneous models for concreteness.

infection (selection) gradients, in such a way that variation and selection can be inferred from
observed infection trends.

4. Inferring heterogeneities by remodelling selection

Heterogeneities in predisposition to infection depend on the mode of transmission. In respir-
atory infections, heterogeneity may arise from variation in exposure of the susceptible host
to the pathogen, or the competence of host immune systems to control it. These two pro-
cesses have multiple component factors. Some of the most studied are age, patterns of inter-
personal contacts, exposure to smoke, nutritional status, pre-existing respiratory illness such
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as asthma or chronic obstructive pulmonary disease, and the presence of other concomitant
diseases such as diabetes and HIV. Enteric diseases have other heterogeneities determined by
the source and dose of contaminated sources. Vector-borne pathogens may be transmitted by
mosquitoes, ticks, snails, and other intermediate hosts, where the risk of onward transmis-
sion is affected by heterogeneities in exposure and susceptibility across a complex range of
host, demographic, social, geographical, and environmental (including climatic) factors. For
example, malaria endemicity is typically measured using the entomological inoculation rate
(EIR), determined by multiplying the sporozoite rate (the proportion of mosquitoes that con-
tain infectious sporozoites) by the host biting rate (average number of bites per person per unit
time). Global (or even national) EIRs average over substantial individual variability in patho-
gen exposure and requirements for ef昀椀cacious interventions (Smith et al 2005). As for sexually
transmitted diseases speci昀椀c factors include behaviour, age, gender, and sexual orientation.

The mechanisms underpinning single factors for infection and their interactions determ-
ine individual propensities to acquire disease. These factors are potentially so numerous and
interlinked that to attain a full mechanistic description is usually unfeasible. Even if lists of all
putative factors were available, the measurement of effect sizes might be subject to select-
ive depletion bias resulting in underestimated variances (Aalen et al 2015). To contribute
constructively to the development of health policies, model building involves compromises
between leaving factors out (reductionism) or adopting a broader but coarse description (hol-
ism). Holistic descriptions of heterogeneity are uncommon in the study of disease dynamics.

The awareness that heterogeneities matter in infectious disease analyses has a long his-
tory since, already in the 1920s and 1930s, the pioneering work of Kermack and McKendrick
(1927) and McKendrick (1940) circumvented the lack of explicit heterogeneity in early mod-
els by assuming that only a fraction of the population was accessible to infection in order to
昀椀t observed incidences. In 1968, Gart (1968) admitted that ‘it is dif昀椀cult to de昀椀ne exactly
the size of the population of susceptible hosts’ due to the ‘heterogeneous nature of the pop-
ulation’ and, in 1971, the same author formulated a model with several susceptibility groups
(Gart 1971) which, in 1985, Ball (1985) compared to the homogeneous version and described
how homogeneity assumptions increase the size of epidemics. In 2001, Pastor-Satorras and
Vespignani (2001) developed related formalisms to describe epidemics on contact networks.
Unfortunately, despite the long-standing recognition that heterogeneity is required for mod-
els to 昀椀t data and the availability of adequate mathematical models for the effect, there is a
widespread belief that unobserved heterogeneity cannot be estimated.

However, unmeasured heterogeneities that respond to selection, can be built into dynamic
models and estimated by 昀椀tting model outputs to population data, in a similar vein to the 2000
Nobel Memorial Prize in Economic Sciences winning work conducted by James Heckmann
(see (Heckman 1979)). Dynamic models describing state transitions in an infectious or non-
communicable disease (or behavioural phenomena in the social sciences) become motors of
selection on the inbuilt heterogeneity. It is then the interplay between selection and the baseline
heterogeneity that affect model outputs. Hence, taking populationmeasurements along a selec-
tion (such as exposure to a hazard) gradient and 昀椀tting a model-generated curve to the resulting
data can enable the inference of baseline distributions in a holistic manner. While this proced-
ure is established in microbial risk assessment (Haas et al 1999) and survival or event history
analysis (Hougaard 1986, Aalen et al 2008 and references therein), its application in the mod-
elling of disease dynamics has been less widespread (Dwyer et al 1997, Smith et al 2005,
Bellan et al 2015, Stensrud and Valberg 2017, Gomes et al 2019b, 2022, Corder et al 2020).
The intent of this review is to convey the generality of the approach, and its feasibility and
importance for model predictability. We introduce the term remodelling selection to refer to
the body of theory and methods uni昀椀ed across disciplines whereby variation and selection are
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essentially remodelled, mathematically and empirically, in a way that enables their statistical
inference (e.g. Furumoto et al 1967 Heckman 1979, Hougaard 1986, Dwyer et al 1997, Haas
et al 1999, Smith et al 2005, Ben-Ami et al 2008, Zwart et al 2011, Gomes et al 2014, 2019b,
2022, Pessoa et al 2016, Langwig et al 2017, Stensrud and Valberg 2017, King et al 2018,
Corder et al 2020).

In the case of infectious diseases, selection is exerted primarily by the infectious agent, so
the analyst will be 昀椀tting model-generated curves to a collection of incidence measurements
taken in multiple conditions spanning a range of exposure intensities. When controlled infec-
tion experiments can be performed (Darton et al 2015, Roestenberg et al 2018), dose-response
designs should be adopted. Intuitively, the lowest challenge doses infect mostly highly sus-
ceptible individuals while as dose increases more of the less susceptible are also infected.
Therefore, dose-response curves are closely related to cumulative distributions of susceptib-
ility, which can be inferred by 昀椀tting appropriate models (Furumoto et al 1967; Haas et al
1999, Ben-Ami et al 2008, Zwart et al 2011, Gomes et al 2014, Pessoa et al 2016, Langwig
et al 2017, King et al 2018). When infection is by natural exposure a similar tactic can be
devised. Incidence measurements should be collected from multiple settings, ideally spanning
a wide range of exposure intensities. Model-generated curves will then be 昀椀tted to the entire
dataset, conditioned on individual variation being similar across settings (unless additional
prior information is available) (Smith et al 2005, Gomes et al 2019b, 2022). When disease
episodes are so frequent that individuals can be characterised by how many occurrences they
experienced over a feasible study period, such as with seasonal respiratory viruses or malaria
in endemic regions, then heterogeneity may be inferable from a single setting (Corder et al
2020). In non-communicable diseases, such as cancer, it may be feasible to consider predis-
posing genes or household characteristics as disease agents, and hence exposure intensities can
be structured by familial relatedness (Aalen et al 2015, Stensrud and Valberg 2017). The com-
monality is to employ models that have individual variation represented explicitly to enable
response to changes in exposure (selection) intensity (昀椀gures 2 and 3) should these occur nat-
urally or through interventions. Free from the selection biases exposed in this review, this
modelling approach will automatically enable more accurate forecasts to inform policies.

5. Conclusion

There is compelling evidence for the utility of holistic descriptions of individual variation
in disease risk, admitting that heterogeneity is so vast in real-world systems that complete
mechanistic reconstructions may be currently unachievable. Inspired by other population dis-
ciplines and supported by successful applications in both infectious and non-communicable
diseases, we describe methods of study design and analyses that enable inferences of het-
erogeneity by estimating how much selection occurs as susceptible populations are depleted
through infection and/or disease. These methods rely on remodelling selection along gradients
which may result naturally from trends of exposure to a hazard across population strata, in the
case of observational studies, or be created by design, in the case of controlled experiments.
We advocate for the wide adoption of these approaches in epidemiology to enable accurate
disease forecast models.
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