Challenges in ensemble infectious disease
modelling — when can you trust your forecast?
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Abstract During the COVID-19 pandemic, forecasts of disease incidence and bur-
den were used by policy-makers around the world to assist in decision-making.
These forecasts were made by various models and were often combined into an
ensemble to produce an average forecast across several models. These ensemble
forecasts are often perceived to be more trustworthy than the forecast from a single
model. However, not all models produce good forecasts during all times in the pan-
demic, and the unweighted averages used to form ensemble forecasts will, therefore,
not be optimal. How can we better weigh individual models in an ensemble? When
can we trust individual models, and when can we trust the output of the overall
ensemble? This perspective examines COVID-19 ensemble forecasts and the chal-
lenges that need to be solved before the next pandemic.

1 Introduction

Forecasts of natural phenomenons have become embedded in many people’s daily
lives, and one of the most prominent regular forecasts is of the weather. Using com-
plex models with large data inputs, weather forecasting models can predict the tem-
perature, rainfall, wind, and humidity of the upcoming days, across different spatial
regions. Ensemble modelling is used in weather forecasting, where results from dif-
ferent models are combined. These models have different assumptions, initial condi-
tions (incorporating the uncertainty in the starting state), and different errors; com-
bining them often results in a more accurate forecast [4, 13]. Many people routinely
check the weather forecast—and trust its predictions, even if only as a guide—and
use it to inform decision-making [12].
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Forecasting for infectious diseases has been an area of research for at least sev-
eral decades (e.g., [1, 15, 17]), but the COVID-19 forecasting greatly increased the
interest in and visibility of infectious disease forecasts. COVID-19 forecasts were
used for a range of applications, including to predict disease incidence and health
system burden over timeframes of days and weeks. Like with weather forecasting,
estimates from different COVID-19 models were often pooled to form ensemble
forecasts [2, 6, 7, 16, 19].

Despite the broad uptake of ensemble forecasting, the reliability of forecasts
throughout the COVID-19 pandemic was variable. For instance, the CDC reported
that ensemble forecasts, although usually more reliable than singular forecasts, have
been unable to predict rapid or sudden changes in the epidemic [5] (see Figure 1). At
times of high volatility, such as when there are many new emerging variants, large
mobility changes in the population, policy interventions, or major events, many
models perform poorly as they do not or cannot account for the effects of these

factors. In weather forecasting, this would correspond to periods of high and low
forecast skill [10, 18].
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Fig. 1 Figure 1 from Cramer et al. [6]: times series of weekly (A) incident cases, (B) hospitali-
sations, (C) deaths and (D) cumulative deaths, in the US. Some forecasts from the US COVID-19
Forecast Hub ensemble model are shown in blue (with 50%, 80% and 95% prediction intervals)
and the ground-truth data are shown in solid black.

Ensemble forecasts are typically unweighted (i.e., projections of all ensemble
models were considered equally likely), but it is worth considering whether there
are ways to improve accuracy through careful weighting. Weighted ensembles have
been implemented (e.g., weighting forecasts by their weighted interval score based
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on each individual model’s recent past performance [6]). Unfortunately, weighting
does not necessarily impart greater performance; Refs. [3, 19, 7] found that some
unweighted averages did no worse than weighted methods (noting that there are a
variety of equal-weighting methods available, in particular, medians outperformed
means [19]).

This leads to several questions. Why does equal-weighting often perform better
than using weighted interval scores? What is the cause of this discrepancy? How
can we better weight individual models in an ensemble? Can we formalise a model
selection process that could be done in real time? When can we trust individual
models, and when can we trust the output of the overall ensemble?

Since improving the weighting mechanism could enhance forecasting accuracy,
there has been a lot of retrospective work [11, 14, 16, 20] examining different meth-
ods to combine forecasts and calculations of forecast skill for COVID-19 models.
There are many ways to combine and create an ensemble. Aside from an unweighted
average, individual forecasts can also be combined via a geometric mean and me-
dian, with symmetric or asymmetric trimming, with weights based on continuous
ranked probability scores and other various scores based on historical performance
[20]. There are also formal Bayesian methods for model selection, model evalua-
tion, and model averaging. Representative clustering has also been proposed [11].
Each of these methods has its strengths and weaknesses and does not always do
better than a simple average or median. For example, weighting based on historical
performance becomes complicated if information is not available for every model
over the same time period [20], and Bayesian methods suffer from challenges re-
lated to computational complexity and sensitivity to priors [9]. Note also that while
weighting by models’ forecast skill is an attractive prospect, the skill of the over-
all ensemble is different from the skills of the individual models, and weighting
based only on the skills of the individual models may not produce the most skilled
ensemble [8].

We propose that beyond ensemble weighting, there needs to be an additional
measure of the ‘trustability’ of the ensemble, which is informed not only by the
models but also by external factors. Sometimes, the ensemble truly cannot forecast
reliably and it is not possible to derive model weights that can solve this. In cases
like this, we need to be able to detect potential model failure. Therefore, we propose
that in addition to considering ensemble skill, we also need to consider ensemble
trustworthiness, where the latter requires evaluation using information that may not
be included in the historical data or incorporated ensemble models. A trustworthy
ensemble should account for model performance, which can vary through time, and
should be accompanied by a measure of “trustability” for each point in time.

2 Proposed directions for a trustability measure

Ideally a trustability measure will indicate, at various points in time, the degree to
which reliable forecasting is likely to be accurate. This trustability measure would
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be derived from known heuristics about infectious disease model forecasts. It has
been observed that models perform better at different times or different points on
the epidemic curve: for example, models perform well during stable periods, but are
unable to predict peaks, troughs, and sudden growth [14]. Thus, in unstable periods,
the trustability of the ensemble should be low.

There are a number of exogenous dynamics that may impact disease transmis-
sion and control to various extents and cause instability: changes in mobility, human
behaviours, phylodynamics, and public health policy. Abrupt changes in these dy-
namics disrupt epidemic patterns and negatively affect modelling outcomes. A trust
measure should be able to evaluate the impact of these dynamics on the ensemble
forecast.

Conceptually, we propose that the trust measure should have three attributes:
output extremity, output subjectivity, and external inconsistency (Table 1).

Table 1 Attribute description of trustability.

Attribute Description

Output extremity Measuring the extent of the extremity of the modelling scenario (e.g., does
the ensemble forecast indicate an extreme shift in epidemic dynamics?)

Output subjectivity ~ Measuring the extent of subjectivity (or objectivity) of the modelling sce-
nario (e.g., is the ensemble forecast responding to a specific modelling sce-
nario?)

External inconsistency Measuring the discrepancy between the modelling scenario and the exoge-
nous dynamics (e.g., is there evidence from exogenous dynamics that sug-
gests alternate modelling scenarios and parameter setup?)

These attributes evaluate the relevance of the ensemble forecast in the face of
exogenous dynamics and shed light on the design of the modelling scenario. For ex-
ample, if genomic evidence suggests a new variant gaining dominance in the popula-
tion, the parameters used to model existing variants may no longer be representative
of the emerging variant. In this case, the ensemble forecast generated using param-
eters for existing variants will receive a low trust score due to the higher external
inconsistency and output subjectivity, and calls for re-design of epidemic scenario
and parameter setup.

Figure 2 shows two alternative workflows of the proposed framework. Figure 2(a)
shows a simple, linear process where the computed trust score for the ensemble
forecast is fed directly into decision-making. Alternatively, the trust score can fol-
low an iterative approach (Figure 2(b)) integrated into the ensemble weighting. This
iterative process optimises the relevance of ensemble forecasts to ensure effective
decision-making. For example, drastic changes in mobility patterns before public
events reduce the trust score of existing ensemble forecasts. This suggests that mod-
els that capture changes in mobility should be given higher weight in the ensemble
compared to those that only consider fixed mobility patterns, affecting the resultant
ensemble forecast.



Challenges in ensemble infectious disease modelling 725

" -—'-\

Decision-
—’ making
Sequence
EIE] \

Mobility ’ Trust
changes
Public health /

policy

o [ — [
e ——) P |

- s ) e |

}' Herate i :‘A

- =
b.IESLS

| \
Sequence Mobility Public health
data changes policy

Fig. 2 Proposed workflows of ensemble forecasting incorporating a trust measure (‘Trust’).
Ensemble forecasts weight a collection of projections from some set of N predictive models. (a)
Trust can capture the reliability of predictions in the broader forecast environment, calculated using
a collection of external, real-time data sources (e.g., mobility). (b) An iterative approach where
Trust is incorporated into ensemble weighting. Decision-making using both approaches can be
informed by the ensemble forecast projections and the calculated Trust measure.

Functionally, this trust measure could be another model whose task is to predict
instability (rather than to forecast future cases). A measure of trust could also be
determined via expert elicitation by a range of experts with knowledge of upcoming
events and policy changes. Regardless, it is important that it incorporates elements
beyond what the ensemble itself contains, and provides a formal way to include all
available information, not just the information available to the ensemble.
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3 Conclusion

The COVID-19 pandemic has highlighted the usefulness of infectious disease fore-
casts, but it has also revealed their weaknesses. There is a lack of sophisticated and
fast methods for evaluating model weights for infectious disease forecasting mod-
els. Critically, current methods do not integrate external information to flag whether
ensembles are trustworthy. The development of these methods will improve the re-
liability of epidemic forecasts and prepare the modelling community for the next
pandemic.
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