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Commentary on “Transparent modeling of influenza

incidence”: Because the model said so.

Introduction

With limited data and prior experience to guide national responses to emerging infectious

diseases such as COVID-19, models provide a means of assessing the likely impact of

unmitigated outbreaks and exploring the relative merits of different response options.

This is but one example of how models are being used with increasing frequency to inform

policy decisions that affect us all. If we are to trust such decisions, the justification should

be “the model said so, because . . . ”, not “because the model said so”. As one example,

having clear rationale to justify measures put in place in Australia to mitigate COVID-19

was crucial in maintaining public trust and promoting compliance with these measures

(Leask & Hooker, 2020; Seale et al., 2020).

The emergence of “big data” and machine learning has resulted in increasingly complex

models, which presents a very real challenge when seeking to explain why a model produces

the results that it does. This has stimulated the development of “explainable artificial

intelligence” (XAI) methods, which aim to allow humans to understand these models

and to determine when they should, and should not, be trusted (Samek et al., 2017). In

contrast, simple models are much easier for a human to understand, and are capable of

matching, or even out-performing, complex models (Sherden, 1997).

Katsikopoulos et al. (this issue) advocate using simple heuristics as a baseline against

which the performance of complex models should be evaluated, and argue that using sim-

ple rules can yield algorithms that are both accurate and understandable. They propose

a simple “recency heuristic” for influenza-like illness — this week’s data will be the same

as last week’s data — and pit this against Google Flu Trends, an extremely complex

model built from huge quantities of data. To compare such models for the purpose of

informing real-world decisions, several questions must be addressed: what do we need

from the model, does the model meet this need, and can we understand why it does/does

not?
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Model purpose

What quantities do we need to predict, and when is a prediction good enough to inform our

decision? A model should only be one part of a decision support system that recognises the

broader social and political context (Shearer et al., 2020). A perfect prediction is rarely

(if ever) required, let alone possible, and we may instead ask: how much better/worse

is each model than the other candidates? A simple model can then be a useful baseline

against which to evaluate other models, as Katsikopoulos et al. demonstrate here, and as

used in the US CDC FluSight competition (Lutz et al., 2019). Decisions may also involve

actions that modify the very process we are trying to predict, such as deciding whether

to make facemasks compulsory to help reduce the spread of COVID-19. This requires the

model to make predictions for two different scenarios: one where facemasks are worn by

most people, and another where they are not.

Model suitability

Is the model capable of providing useful predictions, which perform well against our chosen

targets and can support decision-making? In the context of infectious disease outbreaks,

the prediction lead time is critical to informing preparedness and response activities.

The one-week lead time of the recency heuristic is too short; a more complex model is

required and, as Katsikopoulos et al. indicate, longer-term predictions of influenza activity

are much more difficult (Wilke & Bergstrom, 2020). One alternative is the SIR model

family, which is also based on simple rules. They can be used to make predictions with a

sufficient lead time to inform infectious disease responses (Yang et al., 2015; Moss et al.,

2019; Kramer et al., 2020) and to evaluate the impact of different decisions (Moss et al.,

2020). However, fitting SIR-type models to available data can be extremely challenging.

In the absence of a “perfect” model, we can capitalise on the relative strengths of different

models by combining them into an ensemble that can out-perform each individual model

(Reich et al., 2019; Chowell et al., 2020).

2



Model transparency

Can we examine the model and identify under what circumstances we should trust it? We

need models that make good predictions for the right reasons. As model complexity in-

creases, models can become harder to understand and may “over-fit” to irrelevant features

of the data on which they are trained; as a result they may perform badly on new data.

But simple, easy-to-understand rationales can also lead us to draw erroneous conclusions!

Consider the paradox of moderate infection control: for pathogens that cause more severe

disease in older persons, limiting transmission can increase the burden of disease (Cohen

& Lipsitch, 2008). Combining models in an ensemble can mitigate the limitations of each

individual model, but may also reduce the transparency of the results.

Conclusion

When decisions are influenced by predictive models, we must understand the strengths

and limitations of those models. To be useful in this context, a complex model should

out-perform simple models and be transparent in doing so. To paraphrase George Box,

all models are wrong but some are useful if we can verify that they yield sufficiently-good

predictions, and we can understand why. A model that cannot be explained should not

inform decisions that require justification.
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