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The basic reproduction number (R,), i.e. the average number of secondary cases produced per
primary case in a fully susceptible population, is an established and useful concept to describe
the potential for an infectious disease to cause an epidemic, and thus, how intensive
interventions must be to effectively prevent an outbreak [1]. When using a deterministic
compartmental model to describe transmission of microparasitic diseases, R, can be
expressed as the product of the average duration of infectiousness times the average number
of successful transmission events per time unit (assuming a homogeneous mixing population)
or the spectral radius of the next-generation matrix (in case of a structured heterogeneous
population) [2,3]. However, deterministic models quickly become too cumbersome when trying
to capture many risk strata and/or multiple sources of heterogeneity that are relevant for real-
world applications (e.g., individual variation in exposure, disease progression, intervention
uptake, age groups, geographical areas, assortative mixing). In such situations, individual-
based models (IBMs, sometimes also referred to as microsimulation or agent-based models)
are a more convenient and flexible alternative, although they are computationally more
expensive. With IBMs, the modeller simulates a finite number of individuals, drawing values of
individual characteristics from pre-defined distributions, allowing the inclusion of various
heterogeneities. Another benefit of IBMs is that they place no restriction on the probability
distribution of sojourn times per disease stage. However, derivation of R, for IBMs is not as
straightforward as for deterministic models because in IBMs, due to the use of continuous
distributions for individuals’ characteristics, there are intractably many population states that
are challenging to integrate over, especially if multiple sources of heterogeneity are considered.
This challenge creates some potential pitfalls when estimating or applying assumptions to
model parameters related to the transmission and the effect of interventions with IBMs. We
illustrate this by means of a simulation study with an individual-based SEIR model implemented
in R package virsim (www.gitlab.com/luccoffeng/virsim), which was recently used to explore
the impact of a geographically stratified strategy against COVID-19 [4].

We will start by considering a scenario where we have data on the initial exponential growth of
an epidemic and where we have external information about the duration of the latency period
(average of 4.6 days, with variation between individuals following a Weibull distribution with
shape 20) and infectious period (5 days, variation following an exponential distribution), which
can be taken to represent COVID-19. These two durations determine the generation interval
(average time between onset of infection in infectors and infectees), which together with R,
determines the initial exponential growth of the epidemic [1]. Let us assume that this initial
exponential growth (period between the two black bullets in Figure 1) is well described by a
model for a homogeneously mixing population of 10,000 people with a transmission rate of 0.5


mailto:l.coffeng@erasmusmc.nl
http://www.gitlab.com/luccoffeng/virsim

Short communication

day', meaning that R, =5 x 0.5 = 2.5 (red line). To reproduce the same initial exponential
growth with a model that allows for inter-individual variation in contact rates (assuming a
gamma distribution with shape 3.4), the average transmission rate has to be lower: about 0.395
day' (green line). Now, R, = 2.5 as derived from the initial data, is higher than the product of
the average transmission rate and the duration of infectiousness. Intuitively, this is obvious as
at this early stage of the epidemic, transmission is mostly driven by people with relatively high
contact rates. This pattern is slightly more pronounced when we consider assortative mixing
(blue line), where people are assumed to interact more with people who have similar contact
rates. Here we assume that individual contact rates vary as in the second model variant, but
the population is divided in 10 clusters (e.g. villages or neighbourhoods) of 1000 individuals
each, and individuals spend 90% of their time in their own cluster and 10% in the population as
a whole, and cluster membership is correlated with an individual’'s contact rate (9 = 0.26, in
contrast to 9 = 0 for the first two model variants) [4]. In this case, the same initial exponential
growth rate is reproduced with an estimated average transmission rate of 0.386 day™', which is
even (somewhat) lower than that estimated for the model with only inter-individual variation.
More noticeable, however, is that the size of the epidemic decreases substantially with
increasing assumed levels of heterogeneity, because more high-risk individuals have been
“spent” by the epidemic, leaving the rest of the population to support transmission at a slower
rate (Figure 1). The slightly drawn-out right tail for assortative mixing does not compensate for
the much lower peak, making this the most optimistic scenario regarding overall health impact:
70% cumulatively infected by the end of the epidemic vs. 74% (inter-individual variation only)
and 90% (homogeneous population). Clearly, ignoring such individual-level and/or geographic
heterogeneities — which do exist in real-world situations — leads to a somewhat pessimistic
prediction of the course of the epidemic in the absence of interventions. It also means that when
using IBMs, one should be very careful when adopting estimates of transmission rates from
other models or when deriving such transmission rates from estimates of R, based on other
models, which may have relied on other assumptions regarding heterogeneity in transmission.

A second potential pitfall relates to predicting the impact of an intervention with some known or
assumed effect on transmission. Let us assume we have estimated the transmission rate given
some initial exponential growth (as in Figure 1), and let us now predict the impact of an
intervention that reduces all individuals’ transmission rates by 50% for the remainder of the
epidemic (Figure 2). Because in models with increasing levels of heterogeneity in transmission,
high-risk individuals are “spent” earlier during the epidemic, the net effect of an intervention on
the epidemic curve will be greater. Where the homogeneous model shows a small peak (red),
this peak is lower and narrower for a model with inter-individual variation in contact rates
(green), and completely absent in the model with assortative mixing (blue), barring the rise in
case numbers around 5 days after implementation of the intervention, which is due to the
assumed latency time of infection being 4.6 days. This phenomenon highlights that model
predictions for the impact of interventions with some known or assumed effect are also more
pessimistic when heterogeneity in transmission is not sufficiently captured. It further means
that, again, one should be very careful when adopting estimates of intervention effects from
other models, as such estimates are conditioned on assumptions regarding heterogeneity in
transmission.
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Figure 1. Epidemic curve for five scenarios with regard to heterogeneity in transmission as predicted by a
stochastic SEIR model. Each scenario represents an infectious disease with a latency time of 4.6 days and infectious
period of five days. Graph lines represent the average of 500 repeated stochastic simulations in a population of 10,000
individuals; shaded bands represent the central 95% percentiles of the stochastic simulation results. For each scenario
(coloured lines), the overall transmission rate in the population was calibrated such that the initial exponential growth
(from 100 to 500 cumulative cases (i.e., up to 5% of the population), indicated by the black bullets), averaged over
repeated simulations, matched that of a simple homogeneously mixing model with Ry, = 2.5 (red line). For the scenario
with inter-individual variation (green), individual transmission rates were assumed to follow a Gamma distribution with
shape 3.4, such that the 2.5" and 97.5" percentiles of the distribution differed by a factor 10. For assortative mixing
(blue), we assumed that the population was divided into 10 clusters, where individuals experienced 90% of the force
of infection from within their own cluster and 10% from the population as a whole, with individual cluster membership
being correlated with an individual’s contact rate (9 = 0.26).
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Figure 2. Predicted effect of an intervention with a known impact on the transmission rate (50% reduction)
after a period of initial exponential growth (black bullets) for three scenarios of heterogeneity. Underlying
modelling assumptions and average transmission rates are as in Figure 1. Graph lines represent the average of 500
repeated stochastic simulations in a population of 10,000 individuals; shaded bands represent the central 95%
percentiles of the stochastic simulation results.
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The third potential pitfall we illustrate pertains to estimating the effect of an intervention from
data and projecting that effect forward in time. This time, for “data”, we will consider four weekly
data points (open circles in Figure 3) after initiation of the intervention (50% reduction in
transmission). These “data” were based on the average of 500 repeated simulation with the
homogeneously mixing model with a fixed parameter set as in Figure 2. Let us then recalibrate
the transmission rate and intervention effect for each of the three models, using approximate
Bayesian computation based on sequential Monte Carlo [5]
(https://qitlab.com/luccoffeng/abcsmc). The estimated transmission rates were 0.51 (95%-
Bayesian credible interval (BCI): 0.45-0.58) for the homogeneous model (red), 0.41 (95%-BCl:
0.35-0.49) with inter-individual variation (green), and 0.43 (95%-BCl: 0.35 — 0.54) for
assortative mixing (blue). The estimated effect of the intervention was a 51% reduction (95%-
BCI: 39-59%) in the average transmission rate for the homogeneous model (red), or a 49%
reduction (95%-BCl: 39-61%) when assuming inter-individual variation (green), and a 46%
reduction (95%-BClI: 31-60%) when assuming assortative mixing. This phenomenon highlights
that multiple combinations of the average transmission rate, level of heterogeneity in
transmission, and the effect of interventions can more or less reproduce the data equally well;
more heterogeneity corresponds with a lower estimated impact of the interventions. Now, if we
project the impact of these interventions forward in time, assuming that these interventions are
continued indefinitely (solid lines in Figure 3), our three alternative assumptions about
heterogeneity result in qualitatively rather similar predictions that would have the same
implications for policy: this intervention is effective at controlling the epidemic, taking in the
order of five to six months.

If we consider the possibility of fully lifting interventions when a target prevalence of, say, 100
prevalent infectious cases has been reached (dashed lines in Figure 3), our three alternative
assumptions about heterogeneity result in distinctly different outcomes that have completely
different implications for public health: a pronounced second wave that might cause problems
for health care (homogeneous model, red); a smaller, more “manageable” second wave (inter-
individual variation, green); or no second wave at all but a gently tapering epidemic tail
(assortative mixing, blue). Even with additional data on the decline in infection numbers after
the first peak, it would be almost impossible to distinguish which of the three alternative
assumptions is most plausible. These different outcomes are driven by two factors: (1) higher
estimated overall transmission rate for the homogeneous model (red); and (2) selection and
depletion of high-risk susceptible individuals during the initial phase of the epidemic in the
models with inter-individual variation (green) and assortative mixing (blue), resulting in 14%
lower (green) and 19% lower (blue) average contact rates of remaining susceptible individuals
at day 60.
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Figure 3. Predicted long-term effect of an intervention with an unknown impact that has to be estimated from
data (open circles) after a period of initial exponential growth (black bullets). The solid lines represent a scenario
where interventions are continued indefinitely. The dashed lines represent the trajectories if all interventions are
suspended when a target of <100 prevalent infectious cases has been reached. Shaded areas represent 95%-Bayesian
credible intervals that capture uncertainty about both the transmission rate and effect of interventions.

It has long been recognised that estimates of R, and predictions for the impact of interventions
can be highly sensitive to model structure and assumptions about unknown or uncertain model
parameters [6—8]. Also, individual heterogeneity has been shown to be important for disease
emergence and superspreading events, as demonstrated for e.g. SARS [9]. However, to our
knowledge, no efforts have been made to investigate the impact of heterogeneity on the later
stages of epidemic control. Lloyd previously showed for deterministic SIR and SEIR models
that, given the initial exponential epidemic growth rate, estimates of the transmission rate, R,
and the associated required effectiveness of interventions are higher when assuming higher
variation in individual sojourn times [7]. We add to this with our finding that more highly
heterogeneous contact patterns drive estimates of the transmission rate down (i.e., into the
opposite direction) due to selection and depletion of high-risk individuals during the initial stages
of an epidemic. Lloyd could not have discovered this with deterministic models, as these (unlike
IBMs) assume that the distribution of characteristics of remaining susceptible individuals
remains the same over the entire course of an outbreak.

Network models are an increasingly popular technique to capture heterogeneity in contact
patterns [8,10], explicitly capturing variation in contact frequencies between pairs of persons.
However, most network models assume that the quality and thus transmission potential is the
same for all contacts, and thus still underestimate the level of heterogeneity in transmission
[10]. To capture the selection process that we illustrate here, a network model would have to
also capture variation in quality of contacts via weighted edges. This would lead to network
nodes with highly weighted edges to be more likely to be selected and depleted during the initial
stage of an epidemic, leading to a smaller epidemic size. Of course, quantifying the distributions
of edge weights comes with a major data collection challenge; typically, we can only recognise
a limited number of different contacts types (e.g., family, neighbour, colleague, classmate), and
even these may vary considerably between individuals in terms of transmission potential.

In summary, with a simple simulation exercise we illustrate the consequences of not adequately
modelling heterogeneity when predicting the impact of epidemics and the effects of
interventions. If heterogeneity is ignored (i.e., no or too little inter-individual variation or
assortative mixing), then that model will to some degree overestimate the transmission rate and



Short communication

the potential course of the epidemic. For instance, this may happen when basing the average
transmission rate in a heterogeneous model on estimates of R, that are derived from case
numbers and the generation interval via a standard procedure [11]. This phenomenon fits the
more general notion that estimates of R, are specific to the model type and structure used, as
well as assumptions about parameters that may be hard to estimate [12]. We further show that
when models do not capture enough heterogeneity, predictions for the impact of interventions
on case numbers are relatively pessimistic. If the effect of an intervention on the transmission
rate needs to be estimated, this is overestimated when the model captures less heterogeneity
than present in reality. This will have few consequences for the predicted long-term impact if
such an intervention is continued over an extended period of time. However, should such an
intervention be suspended, say, after reaching a target, the potential for a second epidemic
wave will depend strongly on assumptions about heterogeneity, with more heterogeneity
resulting in lower remaining epidemic potential, due to selection and depletion of high-risk
individuals during the early stages of the epidemic. This phenomenon has likely also affected
current model predictions regarding COVID-19, as most transmission models assume
homogeneous mixing or at most employ a simple age-stratification. The lack of accounting for
a sufficient degree of inter-individual variation and/or assortative mixing may have led to over-
cautious predictions of durations of lock-downs and required vaccine coverage levels.
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