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Abstract

Attempts to control the current pandemic through public health interventions have been
driven by predictions based on modelling, thus bringing epidemiological models to the
forefront of policy and public interest. It is almost inevitable that there will be further
pandemics and controlling, suppressing and ameliorating their effects will undoubtedly
involve the use of models. However, the accuracy and usefulness of models are highly de-
pendent on the data that are used to calibrate and validate them. In this article, we consider
the data needed by the twomain types of epidemiological modelling (compartmental and
agent-based) and the adequacy of the currently available data sources. We conclude that
at present the data for epidemiological modelling of pandemics is seriously deficient and
we make suggestions about how it would need to be improved. Finally, we argue that it
is important to initiate efforts to collect appropriate data for modelling now, rather than
waiting for the next pandemic.
Keywords: Covid-19; time use data; epidemiological model; social network; social con-
tacts.
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1 Introduction

TheCovid-19 pandemic has highlighted the limitations of existing data on social behaviour for
modelling infection transmission in a population. Without the right kinds of data, policymak-
ers have had to rely on models that assume unchanging behaviour in a population or a subset
of the population. While these approaches may be satisfactory for the initial growth phase of
an epidemic, limitations in understanding evolving behavioural heterogeneity are likely to re-
sult in forecasts that are materially wrong. This is part of a wider problem in sociology (and
the other social sciences) which is that theories, conceptual models and frameworks shape the
kinds of data that are collected and deemed to be important.

Tomake bettermodels and for these to be calibrated and validated against the actual spread
of disease, wewill require better data. In this context, data is better in at least two senses. Firstly,
we may just need more detailed data to reflect the changes in behaviour resulting from public
health interventions (hereafter PHIs). Secondly, wemay need different kinds of data, for exam-
ple about how people decide if they can or will comply. The contagion of an infectious disease
is fundamentally mediated by individuals interacting socially, and therefore appropriate and
reliable social data is needed to generate models that accurately reflect the aggregate dynamics
of individuals. While demographic and contact data about individuals have been collected in
the past, the Covid-19 epidemic has highlighted the need to collect behavioural and attitudinal
data that are both more fine-grained and more dynamic in distinctive ways (Biggs & Little-
john, 2021). Such data can be used to produce more accurate models and to suggest answers
to important questions such as why there have been a higher proportion of fatalities among
ethnic minorities and in deprived areas (Khunti et al., 2020), how many sites of infection are
connected by key workers (Daly, 2020), what happens to contact rates if schools, restaurants,
shops or sporting events are closed (Santamaria, 2020), and why China, South Korea, Taiwan
had better outcomes than the UK and the US in the first wave of the pandemic (e.g. Lee et al.,
2020).

We first consider what data is required by the two main epidemiological modelling
techniques: compartmental and agent-based modelling, then review current data sources for
individual-level human interactions, and finally call for more appropriate and better quality
data while considering some of the practical and ethical issues thatmay arise from its collection.
While we are not the first to raise these modelling concerns — see for example, Squazzoni et
al., 2020; Manzo & Van de Rijt, 2020— our emphasis is on data requirements.

However, our aim is not only to contribute to modelling and epidemiology. By critically
evaluating the theories implicit in these models and developing arguments for new forms of
data, we also highlight the value of this data for meeting other challenges in sociological the-
ory. For example, the integration of social networks, time use and spatial behaviour is also
required in understanding large scale shifts of public sentiment. Epidemic models are thus a
useful microcosm for the wider challenge of developing sociological theory by integrating it
with appropriate novel kinds of data.

2 Challenges for SEIR CompartmentalModels

The most common and, so far, the most influential style of epidemiological modelling uses a
system of differential equations to represent the flow of a population through a set of compart-
ments, each holding a stock of individuals in a distinct disease state (for example, Susceptible,
Exposed, Infectious, and Removed states). Hence these models are often called SEIR models.
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Fixed transition rates control the flow of individuals through these compartments (Anderson
& May, 1992). A typical example is the SEIR model of Davies et al. (2020b) which was used
to support advice to the UKGovernment on possible interventions to control Covid-19.

A concept useful for considering the data needs of SEIR models is that of the Data Gen-
eration Process (hereafter DGP) proposed by Hendry & Richard (1983, pp. 111–112). The
DGP is the actual set of social interactions and events bywhich a real system evolves, as distinct
frommeasurements of that system and theories about how it operates. In the context of a dis-
ease, for example, theDGP involves individuals being in various disease states (e.g., susceptible;
infectious and showing symptoms; infectious and asymptomatic) and the variousmechanisms
of transition between those states (Davies et al., 2020b, Figure 1, p. e376). Based on this con-
ceptual approach, we can rapidly identify data issues relevant to Covid-19 policy. Is there a
measurement (or set of measurements) that can put individuals into disease categories with ad-
equate reliability? Is that set of measures being applied to an adequate (and unbiased) sample
of the populations in each compartment so that its values can potentially be generalised to the
epidemic as a whole? How often is that measurement being carried out to assess changes in the
system (including the effects of policies being implemented)?

From the perspective of effectivemodelling, it is clearly problematic if only those who have
symptoms are tested or only those who are sick enough to be hospitalised are diagnosed to as-
sess prevalence (Burgess et al., 2020). This issue has a knock-on effect for transitions between
states in two different ways. Firstly, it is rarely feasible to do what is required to measure tran-
sition rates directly (i.e., take an adequate sample known reliably to be in a particular state and
then track how many of them become, for example, seriously ill). Furthermore, there is a dan-
ger that one would have to carry out this process not once but repeatedly to get a sense of the
extent to which it might depend on other factors like age.1 Secondly, in practice, transition
rates are often estimated from the overall progress of the disease itself (Davies et al., 2020a) and,
clearly, if the progress of the disease is mismeasured (or the model fitted is mis-specified), then
the transition probabilities will be mismeasured too. Unfortunately, a lack of measures or mea-
sure unreliability are not the only forces operating to produce incorrect estimates of transition
probabilities between states. The point of PHIs during a pandemic is specifically to change at
least some of these transition probabilities over time (but to an unknown extent ex ante). The
extent to which interventions do change transition rates (for example between Susceptible and
Exposed via mask wearing) is one important area where data is currently lacking.

It is this risk of various kinds of mismeasurement and mis-specification that requires us to
concentrate much more carefully on the detail of the DGP so we can see how it leads to spe-
cific data demands. Some transitions, as far as we know, are predominantly determined by the
characteristics of the disease. If an individual is infected, the disease will progress (although
whether symptoms develop or the disease becomes serious are also associated with attributes
such as age). Nevertheless, the outcomes for those with Covid-19 serious enough for hospi-
talisation are now significantly better than at the beginning of the pandemic (see, for example,
Jorge et al., 2021). Thus, over time, this particular transition probability (from serious illness
to death) has been falling. It is presumably both the evolution of the virus and the actions of
the medical profession that have changed that transition probability. But for other transitions
(most notably from susceptible to infected), it is the actions of the individual, society and/or

1. This also creates a practical problem for the compartmental approach. Themore detailed themodel becomes,
the smaller the amount of data in each compartment and the more possible transitions there may be between
compartments. Both aspects mean that transition rates cannot be estimated so robustly. Other modelling
approaches like Agent-BasedModelling do not represent detail in this “atomising” way.
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the government that have significant impacts on these transition probabilities.
In the early stages of the pandemic, individuals may have responded with little more than

increased handwashing or being more careful how they coughed. But as soon as governments
started telling people how to behave, those behaviours significantly increased from their base-
line, although there was not complete compliance. This makes it clear that regular and compa-
rable measurements of compliance are crucial (see for example, Hills & Eraso, 2021, but note
the use of a convenience sample.) There is also a question about whether “compliance fatigue”
— either based on psychology or material circumstances like running out of savings — needs
to be factored into the relative effectiveness of intervention policies (see, for example, Hoeben
et al., 2021).

Thusmodelling approaches based on assuming fixed transition parameters, although possi-
bly useful for the physiological aspects of a disease, are likely to be less than adequate for social
behaviours subject to agency and policy (Manzo, 2020; Manzo & Van de Rijt, 2020). More-
over, attempting to estimate those transition parameters may be problematic. This is further
complicated by the likely existence of feedback: for example, when estimated transition proba-
bilities are used in models that then inform policies imposing interventions that change those
same transition probabilities.

It follows thatmodels cannot depend on the presumption that parameters remain constant
but must be fed by frequently updated and representative data to recalibrate them. After the
government said that people should not do x, what did the reported compliance rate actually
change to? Are compliance rates dropping generally? Further, even among those who comply,
what actual effect has compliance had on relevant contacts? (For some people with very limited
lifestyles such as isolated elderly people, these may be almost unchanged. For others, the shift
may be dramatic.) This requires that the data collected on compliance and contacts should
be generic (e.g., how many times did you go shopping last week?) and not tied to particular
policies or modelling approaches.

We should also recognise that measurements such as the results of tests for new diseases
(or new forms of existing diseases) will not be available immediately and the best that may be
possible is for models to be calibrated using previous data from the most relevant pandemics
(which itself is an argument for ongoing consistent surveillance data systems — see Chua et
al., 2021). The modelling strategy adopted will thus have to be good at assessing the various
forms of uncertainty that may become clearer as the situation develops. The idea of modelling
contingent on new data is not common in existing research (but see Birrell et al., 2021 for an
example of “nowcasting”).

Another implication of this analysis is the explicit role that agency plays in the effectiveness
of policies. As soon as governments have to decide what to mandate, and the public have to
decide whether to comply, it no longer seems credible to model an epidemic as people simply
being “pushed” through disease states— as physiology alone does. We need to know how peo-
ple reason about different forms of compliance and whether there are differences in the kinds
of things they reason about (SoleimanvandiAzar et al., 2021). For example, reasoning based
on misinformation may be countered (partially at least) by communication campaigns while
basic needs (such as an adequate household income)may require changes to welfare policy. No
amountof stressing the individual and social harmsofCovidwill allowahousehold to function
without an income. More generally, the effect of drives such as sex and intoxication (whether
drugs or alcohol) on undermining compliance seem to have received limited attention. This
issue taps into the more general question about whether statistical approaches and probabili-
ties can effectively represent decision processes andwhether qualitative research on compliance
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and reasoning about it will therefore have an important contribution to make (Denford et al.,
2020; Santelli et al., 2020).

A further aspect of the data issue is the extent to which specific theories or modelling ap-
proaches shape the kind of data that is typically collected or used. For example, it is clear that
epidemics have a spatial dimension and for this reason geographers and transport researchers
collect data on “space” and its manifestations (such as travel). But it is also clear that epidemics
have a network dimension — as with inviting friends to your house or asking kin in another
household to provide childcare for schooling at home (Azad & Devi, 2020). The challenge is
to develop models that can handle both dimensions and their interaction in appropriate ways.
For example, there are many jobs which involve travel only to a static workplace, but there are
also jobs that involvemoving from site to sitewithoutmuch interactionwith others (e.g., main-
tenance workers and delivery drivers) and yet others where the incumbent remains in one place
but meets with a large number of “clients” (e.g., shop assistants and hospital workers).

To understand possible routes of transmission we need to have a much better overall sense
of the composition of society and the resulting nuanced structure of its contact dynamics than
we currently do. This detail cannot simply be represented as either a coherent network or amap
since it involves timing, decisions and human goals at the very least. Owing to social complexity,
it should not be assumed that small population segments, such as reconstituted families and
boarding school pupils, do not have a significant impact on the dynamics of contact. Effective
data of this kind will have to focus much less on averages andmuchmore on distinctive modes
of behaviour and categories of people. To take an example from Davies et al.’s (2020b) model,
which assumes that the epidemic in each county evolves independently: how many kinds of
people regularly reside in two or more counties and why? Some are obvious, like reconstituted
families. Others, like the armed forces and constructionworkers on large projects, aremuch less
so. Reading the current epidemiological modelling literature, even categories like households
feel generic by sociological standards.

Another interesting example of this issue is provided by the current state of time diary re-
search. Time diaries are generally argued to be a much more effective way to record how long
people spend on activities such as work, sleep and childcare than using conventional surveys
because they are supposed to be completed without relying on potentially inaccurate retro-
spective recall (Paolisso &Hames, 2010; Gmel & Daeppen, 2007). However, because they are
consideredonerous, they are rarely completed formore than a fewdays, which creates problems
for identifying distinct behaviour onweekends, during school holidays and so on, and it is only
relatively recently that a few of them have started to include data about where people are phys-
ically located when carrying out these activities and (broadly) who they carry them out with
(e.g., Elgethun, 2007; Mullan &Chatzitheochari, 2019). It is exactly over these longer periods,
invisible in current data, that modes of life like “term time” and “vacation” (which are popu-
larly associated with particular modes of epidemic spread — see, for example, Brooks-Pollock
et al., 2021) can be characterised.

For epidemiological purposes, it may not be enough to know how many people are “at
work” between 0900 and 1000 on a Tuesday morning, because in addition one needs to know
how many of them are likely to be physically co-located.2 Similarly, it is not enough to know

2. The number, spatial distribution and size of sites such as schools, workplaces and cinemas is also an aspect of
social life that does not seem to fit with existing social science. What implications does it have if everyone goes
to the nearest small shop for food rather than a large supermarket with a much larger catchment area? What
effect does the extent to which school catchment areas overlap have on infection? To answer such questions,
we must first have a conceptual framework that allows us to see that they need asking.
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that people are “with friends” as a broad category; one needs to know which friends and how
often. In other areas, social science has been protected from being highly controversial by a
tendency to look at aggregates and averages that allow individuals to remain anonymous. But
in the limit, epidemiological models may require us to know exactly who was where and when,
which will raise considerable issues of ethics and trust.

To sum up, there are several areas where new data may be needed or existing data may have
to be used differently in order tomaximise the benefits obtainable from compartmentalmodels
of epidemics and models of social behaviour in general:

• The possible role of historical data or new forms of routine data collection (such as that
for dynamic contact structures) in providing estimates for models of emerging diseases
will have to be systematically assessed. It is inevitable that such models will not have all
the data they need in the early stages. What is the best performance that can be achieved
in full awareness of that fact?

• Conceptual development has to proceed hand in hand with the identification of data re-
quirements to pinpoint the aspects of social behaviour that compartmental models, net-
work and geographical approaches tend to downplay or reinvent to fit their frameworks.
For example, no existing framework pays enough attention to compulsory association
and negative social relations.

• Longitudinal data is needed on both compliance with policy and the actual effects of
compliance (whether intended or not). How many people comply with edicts banning
visits to other households, and how much does this change their actual patterns of con-
tact? Modelling will need to integrate this data going forward rather than simplymaking
timeless assumptions. Arguably, dynamic change is not an optional refinement to epi-
demic models but a fundamental aspect of the logic for PHIs.

• Neglected concepts give rise to novel data requirements. For example, how do people
decide whether to comply and what needs or wants is this kind of decision based on?
Depending on this, can compliance fail in its effects or even be counter-productive (as
when the French curfew, rather than suppressing contacts, may simply have bunched
them at the start and end of the day, Dimeglio et al., 2021).

• Data on where people are and when needs to be integrated with data about environmen-
tal characteristics such as levels of pollution, humidity, and strength of air movements
that may affect the likelihood of transmission of infection (Bontempi et al., 2020).

• There seems to be a specific gap in our understanding of dynamic contact structures
at the boundary between several fields of research. Networks are clearly important in
human contact but do not explain all contacts (while shopping for example). Similarly,
while spatial proximity may be the immediate cause of infection, how that proximity
comes to pass depends on human agency and structural issues (such as the need towork).
Timediaries identify somepatterns in contacts butdo so in termsof very rough categories
like “at work” or “socialising” that may not be sufficient for epidemic control. There
does not seem to be any existing conceptual framework that engages with the structured
diversity of lifeworlds in terms of their implications for the nature and timing of contacts
(for example, the proportion of jobs that are “site based” rather than “multi-site”).

One way to sum up these issues sociologically is to emphasise that data is needed for process
(rather than variable or narrative) based accounts of social life (Abbott, 2016).
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3 The Challenges for Agent-BasedModels

While compartmental epidemiological models use differential equations to represent the dy-
namics of an epidemic in terms of aggregate, population-level quantities, agent-based models
(ABM) explicitly represent individuals’ attributes and interactions (Gilbert, 2019). Patterns
emerge from these micro-level processes to explain the macro-level behaviour of real-world sys-
tems. Agent-based models can include heterogeneity in individuals’ attributes and behaviour,
stochastic variability in processes, and social networks constraining who interacts with whom.

Someof these aspects have been adopted bymathematicalmodellers. For example, the com-
partmental model of Davies et al. (2020b) breaks a population down into sub- compartments
by age and geographical area, simulates stochastic variation in flows between compartments,
and computes infectious contact rates from data that is age-based, area- specific, and context-
specific (“home”, “work”, “school”, or “other”). But an agent-based model can go further, by
generating the transmission network of who infected whom, and generating sequences of the
times each individual is in each disease state (Lorig et al., 2021). The personal life histories and
distinctive social contexts of simulated agents can be used to compute the agent’s behaviour
and bodily reaction to becoming infected, and this in turn can affect the behaviour of others.
These interdependencies can lead to much greater variation in aggregate behaviour than an
equation-based model might suggest.

Phenomena that an equation-based modeller must neglect but an agent-based modeller
might address include over-dispersion and inequality in infections. Over-dispersion is the sta-
tistical phenomenon whereby the majority of infections are caused by a small minority of in-
fectious individuals (Endo et al., 2020). In the case of Covid-19, 80% of infections may have
been caused by as few as 10% of infected people (Lewis, 2021). This phenomenon clearly corre-
sponds to the idea that different modes of life (the nature of one’s work for example) may lead
to very different opportunities to infect and be infected. The degree of over-dispersion pro-
duced by an infectious disease affects the utility of particular responses, such as contact tracing
(Endo et al., 2021). To study over-dispersion, or the effectiveness of measures like contact trac-
ing, calls for amodelling approach that generates explicit information aboutwho infectswhom
(rather than rates of infection). Likewise, an unequal distribution of cases, such as the higher
case and fatality rates among ethnicminorities and lower socio-economic subpopulations, calls
for amodel that represents people’s racial, ethnic, and economic diversity and its causal impacts
on their modes of life (for example use of care homes versus family care). Model outcomes can
also show surprising variation, including bursty dynamics, even if similar sets of inputs (seed
infections, demographics, contact rates etc.) are used, making prediction from a sample set of
simulation runs more difficult.

However, the benefits of agent-based simulations comewith drawbacks, in terms of model
intelligibility, computational cost, and compatibilitywith other scientific techniques (Chattoe-
Brown, 2021). With more complexity represented, including heterogeneity, stochasticity, and
networks of interdependencies, it canbemuchharder tounderstandwhyamodel has produced
the result it has. Even if we accept the complexity, to represent the same-sized population that
an equation-based model can tackle requires more computer memory and time. Moreover,
some of the techniques developed by epidemiologists for mathematical models remain inappli-
cable for ABMs. For instance, it will be harder to give mathematical explanations for system-
level behaviour if anABMcomputes agents’ behaviour using algorithms rather than equations.
Furthermore, a keymethodof calibrating and inferring frommodels, Bayesian data fitting,may
be unavailable since for all but the simplest ABMs we cannot define a likelihood function.
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Despite these drawbacks, progress has been made, in part accelerated as a result of the pan-
demic crisis and the increased interest in epidemiological modelling. Addressing the need for
computing power, some ABMs have been run on high-performance computing grids (Chang
et al., 2020; Mahmood et al., 2020), and scientists’ collaboration with professional program-
mers from the computer gaming industry has resulted in dramatic speed improvements (Im-
probable, 2020). And, just as engagement with professional software developers led to im-
proved confidence in the epidemiological model at Imperial College (Ferguson et al., 2020),
so similar engagements may boost confidence in the code behind ABMs, and lead to higher
professional standards of documentation and visual output from the models, addressing the
intelligibility issue to some extent. Finally, while the use of likelihood function-free ABMs in
Bayesian data fitting is in its infancy, Approximate Bayesian Computing with ABMs is a grow-
ing field (e.g., Carrella et al., 2020; Carrella, 2021).

In February 2020, when epidemiologists most needed off-the-shelf modelling tools they
could customise rapidly to the new infectious disease, there were few agent-based modellers
working in epidemiology. There were no ABMs to rival the compartmental models in terms
of being ready to deploy, or of having a reputation for trustworthiness and applicability, or in
being integratedwith thework of other scientists and public health officials. The bestmodel in
a crisis is always one you have available, and suitable ABMswere not available then. One of the
positive developments from the Covid-19 pandemic should be that this is no longer the case
by the time of the next crisis.

Nevertheless, even if ABMs were to become more easily available for pandemic modelling,
there would still be significant challenges to obtain the data they require. For calibration and
validation, agent-based models ideally need longitudinal data at the individual level about peo-
ple’s progress through disease states. That is, they need to know, for a sample of the population,
when each person entered and left each disease state, together with demographic and contex-
tual data about that person at each transition. They also need to know about the interactions
of each member of the sample with others. This is much finer-grained data than that required
by compartmental models, which only deal with aggregates of “representative” agents.

4 TheNeed for Better Data

As the arguments above have shown, there is a need for better data to enable epidemics to be
managedmore effectively, where “better”meansmore timely, more detailed andmore relevant.
We need data on individuals’ activities (underpinned by their goals and decisions) and their
proximity to and interactions with others, and ideally this data needs to be broken down by
age, social class, ethnic group, health status and location, because each of the latter variables are
likely to affect the probability of transmission. In this section we review the current availability
of such data, show that it falls far short of what is required and suggest what preparations need
to be made to obtain the relevant data in advance of future pandemics.

During the Covid-19 pandemic, almost all epidemiological models of the spread of infec-
tion in theUK relied on one of two sources for data on interaction: the EuropeanCommission
funded POLYMOD dataset and the BBC Pandemic dataset.

4.1 The POLYMODDataset

ThePOLYMODdataset (Mossong et al., 2008) consists of data about 97,904 contacts between
7,290 people from eight European countries (Belgium, Germany, Finland, Great Britain, Italy,
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Luxembourg, TheNetherlands, and Poland)The data is derived fromdiaries that documented
participants’ physical and nonphysical contacts for a single day. Participants detailed the loca-
tion and duration of each contact. The diaries also contained basic demographic information
about the participant and the contact.

The surveys were conducted between May 2005 and September 2006 using a quota sam-
ple that was broadly representative of the population in each of the 8 countries in terms of
geographical spread, age, and sex. Children and adolescents were oversampled. Only one per-
son in each household was asked to participate in the study. Paper diaries were either sent by
mail or given face to face to participants. Participants were coached by telephone or in person
on how to fill in the diary. Diaries for young children were completed by a parent or guardian
on their behalf.

The diaries recorded basic sociodemographic information about the participant, including
employment status, level of completed education, household composition, age, and sex. Par-
ticipants were assigned a random day of the week to record every person they had contact with
between 5 a.m. and 5 a.m. the following morning. They were instructed to record contacted
individuals only once in the diary. A contact was defined as either skin-to-skin contact such as
a kiss or handshake (a physical contact), or a two-way conversation with three or more words
in the physical presence of another person but no skin-to-skin contact (a nonphysical contact).
Participants were also asked to provide estimates of the age and sex of each contact person. For
each contact, participants were asked to record location (one of home, work, school, leisure,
transport, or other), the total duration of the time spent together (less than 5 min, 5-15 min,
15 min to 1 h, 1-4 h, or 4 h or more) and the frequency of usual contacts with this individual
(daily or almost daily, about once or twice a week, about once or twice a month, less than once
a month, or for the first time).

The anonymised data, with details about each contact, the demographic data about the par-
ticipant and theparticipant’s household composition are freely available (Mossong, 2020). The
dataset can easily be transformed to matrices of age-based contact rates by using theR package
socialmixr (Funk, 2018). This package will generate re-scaled rates for particular populations,
given the age-based demographic structure of that population. This enables the POLYMOD
data to be applied to countries and geographical units other than those represented in the orig-
inal data sample (Prem et al., 2017).

But despite having been designed specifically for use in epidemiological modelling
(Mossong et al., 2008), the POLYMOD contact matrices have a number of features that
cast doubt on their suitability for that task in the context of the Covid-19 pandemic. First,
the POLYMOD study asked participants to record skin-to-skin contacts (“physical”) and
contacts for short conversations (“non-physical”). As Mossong et al. (2008) admit, both of
these relations are distinct from spatial proximity relations, i.e., contacts who came within
a given distance of the participant. While their notion of ‘contact’ may be appropriate for
some epidemics (e.g., HIV transmission requires physical contact), it is not for others (e.g.,
Covid-19 can be transmitted when two people are in close proximity, without need for either
physical or non-physical contact as defined byMossong et al.).

Secondly, as well as proximity, POLYMOD data omit information important for under-
standing the potential for transmission of Covid-19 and other airborne diseases. In their re-
view of the early literature on Covid-19 transmission dynamics, Cevik et al. (2020) identify
not just that proximity to infectious people is a factor, but also that transmission is more likely
to occur indoors rather than outdoors, in poorly ventilated and small rooms, and where peo-
ple are breathing more heavily, such as while talking loudly in noisy environments and singing
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in choirs. The POLYMODmatrices only record where social contact occurred using a coarse
“generic” classification. We might assume that “home” contacts are nearly all indoors, except
perhaps in warmer, drier months of the year, and “work” and “school” contacts are mostly in-
doors, but the “Other” category could include locations as varied as pubs, gyms, buses, and
parks, with greatly varying transmission risks. Also unrecorded are what activities were being
performed in the locations, and howmany other peoplemay have been in proximity but not en-
gaging in conversations or skin-to-skin contacts with participants. A POLYMOD participant
could spend an evening drinking alone in a poorly ventilated pub, crowdedwith people talking
loudly, all of whom are complete strangers to the study participant. In such a situation, there
is a high risk of airborne transmission, but no “contact” would be recorded. The mismatch be-
tween POLYMOD contact relations and likely transmission routes is all the more frustrating
when one considers that the contactmatrices are used to evaluate non-pharmaceutical interven-
tions for which proximity is relevant, including social distancing, mask wearing, isolation of
suspected cases and of vulnerable people, and closures of schools and non-essential businesses
(Davies et al., 2020b).

Thirdly, we note that the POLYMOD matrices do not report the duration of contacts.
Eight hours spent in the same bedroom with a partner counts as one contact, but so does a
three-word conversation with a bus driver. Transmission risk increases with time spent in close
contactwith an infectious person (Cevik et al., 2020). There is also some suggestion that longer
contacts provide a higher dose of viral particulates and raise the chance of severe illness. But
the epidemiological models using POLYMOD contacts treat each contact equally when they
update at regular time steps (e.g., Davies et al., 2020b).

Fourthly, the POLYMODmatrices omit with whom contacts were made, and in particu-
lar whether today’s set of contacts overlap with yesterday’s. In the home, nearly all contacts
will be with close family, in schools andmany workplaces they will mostly be with the same set
of people, but in some occupations one may encounter a wide range of new people every day.
But repetition of contact is important for correlations between transmission risks. If one’s fam-
ily, schoolmates, or work colleagues were non-infectious yesterday, there is a good chance they
are still so today. If one of them were infectious, they will probably remain a threat to others
for several days until they isolate. Studies of epidemics in network models bear out the impor-
tance of contact partners’ identities (Newman, 2002). Epidemics traverse random networks
faster than regular, spatial ones. The universal mixing assumed by differential equation-based
models is analogous to a dynamically changing random network. Real-world social networks
will changemuch less often from day to day, andwill exhibit spatial and social regularities with
the potential to slow epidemic spread.

Fifthly, the POLYMOD matrices state only average numbers of contacts per person, not
deviations from mean rates. Everyone in an age group is given the same role in transmission.
There can be no “superspreaders” when using a POLYMODmatrix. But school teachers and
those in customer-facing roles are likely to have a much larger number of contacts than oth-
ers. The POLYMOD data gives no indication of participants’ occupations or lifestyles, so we
cannot identify particular types of participant who might have unusual contact patterns.

Using scale-free networks, which have long-tailed distributions in the number of neigh-
bours per node, Newman (2002) has studied cases where the higher variance in number of
contact partners led to faster epidemics than in other types of network with the same mean
number of partners. Given the POLYMOD source data, a list of contacts, it would be pos-
sible to calculate the variance in the number of contact partners for each pair of age groups,
although this calculation is not offered by the socialmixr R package of Funk (2018). But it is
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not clear how it could be incorporated into a differential equation-based model, other than by
subdividing the population according to whether they had relatively higher or lower contact
rates with particular age bands, although it could be added to an agent-based model without
much difficulty.

Finally, we note that the POLYMODmatrices offer little hint as to how contact rates may
change during the course of a pandemic. There is no information about the social mechanisms
that generated the contacts in the data set, other than the typology of where the contacts took
place (home, work, school, etc.). If those mechanisms change — for example, as a result of a
person choosing to stay home while ill, or because their workplace has been closed—we have
no guidance as to how their contact rate would change. Closing the schools can be represented
as setting “school”-context contacts to zero or to some small percentage to allow for the contin-
uing attendance of the children of key workers (as was permitted in theUK), but do the school
children then spend all their free time at home, or do they go to the park? Should “home” and
“other” contacts increase as opportunity to visit them increases? This is an advantage of the
modelling approach proposed by Dignum (2021) in which goals (such as sociability) may vary
in their outcomes (e.g., people meeting in the park rather than at home).

Just as people are heterogeneous in contact rates during normal times, their responses to in-
terventions may be heterogeneous. Key workers may still have to attend their workplaces with
their childrenneeding to be supervised in schools, evenwhile their schoolmates are being home-
schooled by parents off-work. As well as varying in duties and the capability to change contact
rates, people may vary in their motivations, with some reluctant to modify their favourite be-
haviours. So a lot of complex human behaviour has to be represented by simple alterations to
model parameters. Davies et al. (2020b) represented non-pharmaceutical interventions (NPIs)
purely as reductions in contact rates, but little rationale was given for the specific sizes of re-
ductions. The impression is of modelling experiments, sophisticated in many other respects,
resting on rather arbitrary assumptionswhen it comes to the representation ofNPIs. But if the
purpose of the model is to estimate the effectiveness of those NPIs, this is a serious weakness.

To sum up, the POLYMOD matrices are based on the wrong relations, and encourage
the misrepresentation of social contacts in their duration, repetition of partners, variance in
rates, anddegree towhich interventions andbehavioural responses to the diseasewill alter them.
They also lack context, both in the activities where the contacts occur and the agency of the
individuals who are in contact.

4.2 The BBC Pandemic Datasets

In 2018, the UK TV channel, BBC4, broadcast a documentary about a simulation of a pan-
demic spreading through the UK. The programmewas based on the collection of two datasets:
one derived from data reported from a nationally available app, “BBC Pandemic”, that people
were encouraged to download onto their personal smartphones, and one from data from an
app that people living in a small English town, Haslemere, were encouraged to use. The na-
tional app recorded volunteers’ movements and self-reported contacts with other people over
the course of one day. The resulting data, obtained from 28,947 app users, provides user pro-
files, including age, location logs (hourly to one kilometre resolution) and self-reported basic
descriptions of those the volunteers encountered (Klepac et al., 2018). The second dataset
consists of 1,616 daily contact events and 1,257 unique social links among adults in Hasle-
mere (Kissler et al., 2020). The 469 volunteers in the town (constituting 4.2% of the town’s
inhabitants) were asked to download and carry a smartphone app and their proximity to other
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volunteers was recorded at 5 minute intervals over a period of three days.
While in many ways the BBC Pandemic datasets are pathbreaking, they have limitations.

The complete national dataset is not available for research because of ethical constraints result-
ing from the potential identifiability of the participants, but a redacted dataset was released in
early 2021 (Conlan et al., 2021). Timestamped proximity data is available from theHaslemere
dataset, butwithout any demographic information about the individuals, again because of ethi-
cal constraints. The datasets only include those aged 16 or over who ownedmobile phones and
were interested in participating, potentially introducing volunteer bias into the sample.

The national dataset is based on a larger sample than the POLYMOD dataset and has the
advantage of including spatial information (although only with 1km granularity, whichmeans
that it is not possible to identify the type of location where the contact was made). However,
it suffers from most of the same disadvantages as POLYMODwhen used for epidemiological
modelling. TheHaslemere dataset is of course representative neither in the location of its sam-
ple, nor in terms of its population (which is much more middle class than the UK as a whole),
and the sample size is small.

5 Conclusion: Recommendations for Better Data

This paper has highlighted why we need more appropriate data before the next pandemic, and
more generally for the development of sociological theory, but the question remainswhat data
and how should this be obtained?

Compartmental models can only show aggregate dynamics. Agent-based modelling pro-
vides a method to produce more detailed, fine resolution models of individual interaction po-
tentially leading to more accurate and more useful models of epidemic dynamics, but these
models require both more detailed, individual- rather than collective-level data and contextual
information about physical locations and individual goals and decisions.

To summarise, the calibration and validation of good epidemic models needs data about:

• The everyday lives of a representative sample of individuals, with their demographic char-
acteristics (age, sex, ethnicity, disability status etc.), the composition of their households,
and their economic status (employment status, income band or occupational class). The
location, the type of place they are in (including physical characteristics such as ventila-
tion), the number of people who are in close proximity to them, and their contacts, both
physical (e.g., touching) and social (e.g., talking) need to be observed for representative
days (e.g., both weekdays and weekends, and in different seasons).

• The perceptions of the sample and the meaning they ascribe to government edicts and
community and peer group pressures and norms. These perceptions also involve, for
example, the feasibility of compliance and the valuation of general adherence relative to
individual circumstance.

• Changes in behaviour as a result of social, physical and medical changes due to the pan-
demic and the constraints under which people are acting (e.g., the closure of schools).

These data should be obtained for a cohort observed over as long a period as possible (e.g.,
over the whole duration of the epidemic). Although we are considering the opportunities re-
sulting from the Covid pandemic, we should also ensure that the data gathering strategy is
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robust enough that if another pandemic were to arise with different transmission character-
istics, or another kind of emergency occurred, for example widespread civil unrest, we could
easily use the data for public benefit.

One obvious way of gathering this data would be through using smartphone apps. Pre-
vious attempts such as the BBC Pandemic data gathering in Haslemere collected proximity
information only when other people who have the app installed come close, which may be a
low proportion of the population. In contrast, the NHS COVID-19 app, which has a rela-
tively high take-up in the population,3 only collects very limited information to encourage its
use (Park, 2021). One way forward would be to extend existing methods such as time diaries
and network data acquisition (Gershuny et al., 2021; Sullivan et al., 2020) using smartphone
sensors by recording Bluetooth or video data, while using privacy preserving technologies (see
Cadman & Freeman, 2020 for an account of some of the technical and organisational difficul-
ties of doing so). The pandemic has changed the public’s perception of the trade-off between
privacy and public benefit (Farjam et al., 2021), and thismaymake recruiting respondents to re-
search which has demonstrable benefits for controlling epidemics easier. However, we are also
mindful that there is a “political” dimension to institutional data collection processes (see, for
example, Bruno et al., 2014; Alteri et al., 2021) and simply presenting a “reasoned” argument
may not be sufficient to build a coalition in support of the necessary data.

Data collection of this kind is expensive, both in terms of paying for people to plan, or-
ganise, host, and curate data sets, and for the actual collection. In terms of financial cost, the
POLYMOD data set cost €1.8million (CORDIS, 2009). The richer data that we believe is
required tomodel a future pandemic would probably cost at least an order ofmagnitudemore:
perhaps € 20 million annually. However, such an expenditure is insignificant in relation to
the benefit it could provide during a pandemic. Furthermore, novel forms of data — about
goals and decisions for example — would be valuable to many other areas of sociology such
as understanding changes in political sentiment, the underpinnings of social capital and social
support, and the various ways in which societies can undergo differentiation on a large scale.
Despite the cost, the economic and social savings and the impact on health would make the
investment well worthwhile. And since setting up such data collection takes time, we need to
start now.
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