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The field of software engineering is advancing at astonishing speed, with packages now
available to support many stages of data science pipelines. These packages can support
infectious disease modelling to be more robust, efficient and transparent, which has been
particularly important during the COVID-19 pandemic. We developed a package for the
construction of infectious disease models, integrated it with several open-source libraries
and applied this composite pipeline to multiple data sources that provided insights into
Australia's 2022 COVID-19 epidemic. We aimed to identify the key processes relevant to
COVID-19 transmission dynamics and thereby develop a model that could quantify rele-
vant epidemiological parameters.
The pipeline's advantages include markedly increased speed, an expressive application
programming interface, the transparency of open-source development, easy access to a
broad range of calibration and optimisation tools and consideration of the full workflow
from input manipulation through to algorithmic generation of the publication materials.
Extending the base model to include mobility effects slightly improved model fit to data,
with this approach selected as the model configuration for further epidemiological infer-
ence. Under our assumption of widespread immunity against severe outcomes from recent
vaccination, incorporating an additional effect of the main vaccination programs rolled out
during 2022 on transmission did not further improve model fit. Our simulations suggested
that one in every two to six COVID-19 episodes were detected, subsequently emerging
Omicron subvariants escaped 30e60% of recently acquired natural immunity and that
natural immunity lasted only one to eight months on average. We documented our ana-
lyses algorithmically and present our methods in conjunction with interactive online code
notebooks and plots.
We demonstrate the feasibility of integrating a flexible domain-specific syntax library with
state-of-the-art packages in high performance computing, calibration, optimisation and
visualisation to create an end-to-end pipeline for infectious disease modelling. We used
the resulting platform to demonstrate key epidemiological characteristics of the transition
from the emergency to the endemic phase of the COVID-19 pandemic.
ite of software tools to an epidemiological analysis. In addition to this description, the software is itself
age homepage includes links to notebooks that allow the reader or reviewer to interact with our code
ualisations of our outputs.
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Fig. 1. Computational structure of our modelling pip
publicly available packages, green crosses represent p
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1. Introduction

Throughout the pandemic, epidemiological modelling has been used to influence some of the most significant and
intrusive public health policy decisions in history, providing analyses to justify a range of programs that extended from
lockdowns to vaccination (McCaw & Plank, 2022; Pagel & Yates, 2022). However, this policy impact brings with it a re-
sponsibility for modellers to ensure results are accurate, transparent and effectively communicated not only to policy makers,
but also the public who are impacted by such decisions (Pagel & Yates, 2022).

While libraries are available to support many components of the data science pipeline, the application of software en-
gineering principles to epidemiological modelling remains limited (Horner & Symons, 2020). The rapid growth of data sci-
ence as a field, and the corresponding investment in platform development provides constant opportunities to expand the
range of packages that can be integrated with such models, provided the model code itself is developed with this in mind. In
particular, a well-engineered and flexible software package whose single responsibility is the construction of models of
pathogen transmission can separate this concern from the multiple other stages in the formulation of a modelling-based
analysis.

Australia's 2022 epidemic provides an important case study for understanding the epidemiological characteristics of
COVID-19, because of the distinct epidemic waves, negligible prevalence of natural immunity from past infection, (Gidding
et al., 2021; Machalek et al., 2022; Vette et al., 2022) stable vaccination coverage and multiple high-quality data streams.
Australia pursued an elimination approach through the first two years of the pandemic, achieving one of the lowest COVID-
19-related mortality rates in the world (Wang et al., 2022). Shortly after achieving very high coverage of wild-type vacci-
nation, most of the country emerged abruptly from this elimination phase in 2022, relaxing most restrictions on population
mobility as the Omicron variant rapidly replaced the preceding Delta SARS-CoV-2 variant of concern. (COVID-19 National
Incident Room, Surveillance Team, 2022) Through 2022, national data are available that include a daily time-series for
cases and deaths, serial survey-derived testing behaviour, population mobility, vaccination coverage and seroprevalence. Of
particular value, the serial serosurveys demonstrate a rapid rise in nucleocapsid antibodies to more than 65% seroprevalence
by late August 2022 (Machalek et al., 2023). The combination of these data sources provides the opportunity to improve our
understanding of COVID-19 epidemiology in the Omicron era, such as quantification of the case detection rate and charac-
teristics of population immunity.

We developed a suite of software tools to support evidence-based policies, which was applied to several countries of the
Asia-Pacific Region in collaboration with the World Health Organization and other regional public health agencies (Caldwell
et al., 2021; Hughes et al., 2022; Jayasundara et al., 2021; Trauer et al., 2021). Our platform is based around a library for the
construction of compartmental models of infectious disease transmission and is now integrated with publicly available li-
braries for numerical computing, optimisation, Bayesian inference, data visualisation and scientific documentation (Plotly
Technologies Inc., 2015; Kumar et al., 2019, Rapin & Teytaud, 2018; Salvatier et al., 2016). The combined platform consti-
tutes an end-to-end pipeline for infectious disease modelling which we used to derive insights into COVID-19 epidemiology
through its application to Australia's three-wave 2022 epidemic.
2. Methods

We released a suite of open-source packages to support infectious disease modelling and used these packages to represent
the key epidemiological processes relevant to Australia's 2022 COVID-19 epidemic (Fig. 1). At the heart of our pipeline, we
developed the summer Python package to support easy and reliable construction of compartmental models of infectious
diseases through an epidemiologically intuitive application programming interface. Summer's backend is integrated with
Google's jax library for high-performance numerical computing (Shipman et al., 2024). We validated summer against a
eline. Red-coloured boxes represent packages developed by our team, mauve-coloured boxes represent
oints for user interaction.
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popular textbook of infectious diseases modelling, (Vynnycky & White, 2010) demonstrating that it could recover the be-
haviours of a wide range of infectious diseases models through a series of Jupyter notebooks (Trauer et al., 2022). Next,
through a series of interactive Google Colab-hosted notebooks, (Trauer et al., 2023) we released a textbook of infectious
disease modelling that systematically demonstrates core infectious disease modelling principles using summer. Last, we
released estival, (Shipman et al., 2024) a wrapper for the calibration and optimisation of summer-based models, which
supports the integration of these models with current state-of-the-art calibration, optimisation and interpretation platforms,
including the PyMC package for Bayesian inference (Salvatier et al., 2016) and Facebook's nevergrad library for gradient-free
optimisation (Rapin & Teytaud, 2018). ArviZ was used for Bayesian diagnostics, (Kumar et al., 2019) with interactive visuals
produced using plotly (Plotly Technologies Inc. 2015).

The analysis is provided as an installable Python package that incorporates interactive Google Colab Jupyter notebooks for
the inspection of model features and interrogation of outputs. Through this approach, we fit a complex model of COVID-19
dynamics (1984 compartments under the base case, 2976 compartments under the vaccination extension) to three key
epidemiological indicators (cases, deaths and nucleocapsid antibody seroprevalence - a marker of ever being infected).

We constructed four candidate models with common underlying characteristics to represent COVID-19 dynamics during
the course of 2022 in Australia. Epidemiological details are presented in the repository for this analysis and described in detail
in our Supplemental Material, which is algorithmically generated from the code used in model construction to ensure ac-
curacy of documentation. In brief, we built an SEIRS model using ordinary differential equations, incorporating chained serial
latent and infectious compartments and reinfection from the waned (second S) compartment, with persons returning to the
waned state having equivalent risk of infection to those in the original susceptible compartment. To this we added age
structure in five-year bands from 0-4 years through to 75 years and above. The model's age structure was used to determine
the initial population distribution, infection fatality rates, immunity from vaccination programs (in the simulations intro-
duced below that implemented dynamic vaccination coverage) and heterogeneous population mixing. All other processes
were applied identically across the model's age group strata. Heterogeneous mixing between age groups was simulated
through an age-structured mixing matrix adapted to the Australian population structure from United Kingdom survey data
(Mossong et al., 2008). Base age-specific infection fatality rates (IFR) were adapted from a study of blood donors in Denmark
during the Omicron period (Erikstrup et al., 2022) combined with information on the relative IFRs for extremes of age from
earlier in the pandemic (O'Driscoll et al., 2021). This approach was chosen to reflect the severity of Omicron and the sub-
stantial pre-existing immunity present in the Australian population from vaccination. As such, we did not explicitly model an
epidemiological effect of primary course vaccination, given the timing of these programs relative to the simulation period. The
model was further stratified into Western Australia (WA) and the other major jurisdictions of Australia to acknowledge the
negligible community transmission in WA prior to the re-opening of internal borders to the state. To incorporate background
heterogeneity in risk of infection, a further stratification was applied to replicate all model compartments into two pop-
ulations with differing levels of immunity to infection (including reinfection). No transition between these two classes was
permitted in the base model configuration without the vaccination extension applied. Three subvariant strains were intro-
duced into the base model through the course of the simulation to represent the BA.1, BA.2 and BA.5 subvariants of Omicron,
with incomplete cross-immunity to subsequent strains during the early recovered stage conferred through infection with
earlier strains.

The unextended model described in the preceding paragraph was elaborated in two respects. First, the mixing matrix that
remains fixed over modelled time in the unextended model was allowed to vary over time, with the location-specific
contribution to each cell of the matrix scaled according to metrics sourced from Google's Community Mobility Reports.
(Google LLC).

Second, the model was extended to allow that the historical profile of vaccination through 2022 could have influenced
rates of infection (without additionally modifying risk of death given infection). Under this alternative analysis, all themodel's
initial populationwas assigned to the non-immune category, with population then transitioning to the partially immune class
as new vaccination programs (booster and paediatric) were rolled out through 2022. Vaccine-derived immunity was then
allowed to wane, with vaccinated persons returning to a third immunity stratumwith the same susceptibility to infection as
those who had never received vaccination under these programs.

From these two extensions to the base model, we created four alternative analytical approaches: no additional structure
(“none”), mobility extension only (“mob”), vaccination extension only (“vacc”), and both mobility and vaccination extensions
(“both”).

Last, we calibrated each of the four candidate models described in the preceding paragraph to publicly available data for
three empirical indicators of the COVID-19 epidemic through 2022: the seven-day moving average of national daily time-
series for case notifications, the seven-day moving average of national daily time-series for deaths and the results of a na-
tionally representative adult blood donor cross-sectional seroprevalence survey at three key time points in 2022. For each of
these three epidemiological targets, model likelihood was calculated assuming a negative binomial observation process
whose expected value was provided by the relevant model-predicted quantity. Model estimates for notifications and deaths
were calculated through a convolution approach that allowed a gamma-distributed delay from onset of symptoms (taken as
the time of transition from the first to the second serial infectious compartment) to notification or death. All epidemiological
targets were aggregated over age groups and other population strata. Modelled seropositivity was calculated as the pro-
portion of the population no longer in the susceptible compartments among all adults aged 15 and above to reflect the
comparator data, lagged forward by two weeks and adjusted for nucleocapsid test sensitivity. Model calibration was then
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achieved independently for each of the four candidate models using the PyMC implementation of the differential evolution
Metropolis algorithm “DEMetropolis(Z)” (Salvatier et al., 2016). This algorithm uses randomly selected samples from the
history of Metropolis chains to inform proposals and improve sampling efficiency. All important epidemiological parameter
inputs were included in the calibration algorithm, creating a 17-dimensional parameter space for exploration. The approach
with only mobility implemented was selected as the primary analysis for parameter inference, largely because of its superior
fit to seroprevalence estimates.
3. Results

3.1. Candidate model comparison

All four of our candidate models were able to capture the broad epidemic profile we targeted (i.e. mobility extension,
vaccination extension, both extensions, and neither), with each achieving a good fit to the time-series of deaths. The model
configurations with additional structure for scaling contact rates with mobility data achieved a somewhat better fit to the
seroprevalence targets than the two configurations without this extension (median seroprevalence likelihood contribution
0.6 versus 0.9, Fig. 2). Inclusion of additional model structure for time-varying vaccination-related immunity to infection
resulted in a slightly poorer fit to the time-series for cases (median cases likelihood contribution�12.7 versus �12.2 to�12.4
for the other analyses).We therefore selected themobility extensionmodel as the primarymodel analysis for consideration in
the following sections. Additional approaches to model construction, calibration and interpretation of results can easily be
explored via the interactive notebooks available on the project homepage.
3.2. Calibration results

Leveraging Google's jax package and calibration algorithms from PyMC, epidemiological models of 1984e2976 com-
partments (depending on application of the vaccination extension) completed 60,000 iterations per chainwithin 4e8 h on 8-
core 3rd Generation Intel Xeon machines clocked at 2.9e3.5 GHz. For the primary (mobility extension) analysis, each core
completed 3.62model iterations per second. Metrics of the calibration algorithm for the primary analysis are presented in the
Supplemental Material. The algorithm achieved highly satisfying chain convergence, with the Rhat statistic for all parameters
below 1.05 and all effective sample sizes above 150 (Supplemental Fig. 4).

Fig. 3 shows model fit for each of the target epidemiological indicators. Calibration fit was better for deaths than for case
notifications, which is reflected in themarkedly lower likelihood contributions for the cases calibration target (median�12.2)
than for the deaths targets (median �4.7) (Fig. 2). This difference was particularly noticeable during the first (BA.1) wave of
2022, at a time when notifications may have been a more variable epidemic indicator as Australia struggled to scale testing
capacity up to match demand (Fig. 3). (Timms& Lloyd, 2022) Under the constraint that BA.1 and BA.5 had the same modelled
severity, (Wolter et al., 2022) acceptedmodel runs often under-estimated the peak number of deaths for the third (BA.5) wave
of 2022. Our results typically showed a higher seroprevalence than estimated from the serosurvey target values for its first
Fig. 2. Log-likelihood comparison of the four candidate model configurations. Comparison of the kernel density distribution of the final likelihood from cali-
bration algorithm, with the contributions to the final likelihood of the three targets from which it was constructed. Greater (less negative) values indicate better
fit to the target considered, with the total log-likelihood calculated as the sum of the likelihood contribution from each target. The upper-right panel suggests
improved fit to seroprevalence data when the “mob” extension is incorporated.
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Fig. 3. Primary analysis output credible intervals. Uncertainty values are calculated from the distribution of accepted model runs at fixed time points, with
Supplemental Fig. 24 showing the corresponding results from individual accepted model iterations. Median estimate (black line), 2.5 to 97.5 centile credible
interval (light blue shading), and 25 to 75 centile credible interval (dark blue shading), with comparison against epidemiological targets (red circles). Panel for
each epidemiological output as indicated. Sampled runs from same calibration also presented as interactive online figures for cases, deaths, seroprevalence and
reproduction number. Key dates for each variant are shown as vertical bars on lower right panel: blue, BA.1; red, BA.2; green, BA.5; dotted, first detection; dashed,
>1% of isolates; solid, >50% of isolates. Proportion of isolates and dates based on reported Pango lineage variant designated proportions for Australia on Cov-
Spectrum (Chen et al., 2022).
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round, but lower for the third. The relative contribution of each variant and each infection process (i.e. de novo infection, early
reinfection due to immune escape and late reinfection due to waned immunity) is presented in Fig. 4.
3.3. Parameter inference

The short prior estimates for the durations for the latent and infectious periods (Wu et al., 2023; Xin et al., 2022) were not
substantially influenced by the process of fitting to target data, while the period of partial immunity following infection was
estimated to be markedly shorter than our prior belief (Fig. 5). Our uninformative prior estimate for the proportion of cases
detected was also substantially influenced by the fitting process, suggesting that the highest case detection early in the BA.1
epidemic wave was around 17e50%. The infection fatality rate had to be inflated around two-to three-fold from the baseline
estimates taken from a study of blood-donors in Denmark. The extent of immune escape of both BA.2 and BA.5 against
previous infection with other sub-variant strains was moderately greater than anticipated in our prior distributions,
(Altarawneh et al., 2022; Carazo et al., 2023; Chemaitelly et al., 2022; Malato et al., 2022; Powell et al., 2023; Tan et al., 2023)
and was centred around a value of 50% for both subvariants (i.e. past infection only protected half as much against early
reinfection with novel subvariants as compared to against early reinfection with the previously infecting subvariant). The
relative reduction in severity of BA.2 compared to BA.1 and BA.5 was consistent with past evidence, (Hansen et al., 2023;
Robertson et al., 2023; Webster et al., 2022; Wolter et al., 2022) while little additional information was obtained for the time
toWA fullymixingwith the rest of the country or the parameters pertaining to the convolution processes for notifications and
deaths. The seeding time parameters resulted in epidemic profiles that were consistent with reports of national genomic data
(see Supplemental Fig. 25). (COVID-19 National Incident Room, Surveilance Team, 2023) On examination of the bivariate
distributions of combinations of two parameters, the contact rate parameter showed expected interactions with the extent of
population immunity and the infectious duration parameters (Fig. 6). The association of shorter duration of post-infection
immunity and a lower case detection proportion can be attributed to both these processes being associated with larger
modelled epidemics. The expected association between short duration of post-infection immunity and the extent of BA.2 and
BA.5 escape was observed, but was modest.
4. Discussion

Our analysis demonstrates the feasibility of integrating epidemiological modelling with advanced tools in data science,
including open-source tools produced by user communities and Big Tech. Our results supported a major role for Omicron
subvariants in driving the three major epidemic waves observed in Australia over the course of 2022. With each subvariant
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Fig. 4. Contribution of various infection processes through the course of the simulated epidemic under the maximum posterior parameter set from the primary
(mobility extension) analysis. Colour shows infection with BA.1 (greens), BA.2 (blues) and BA.5 (purples). Shading depth shows infection process, with initial
infection (dark), early reinfection (intermediate darkness), late reinfection (light). (Note early reinfection with BA.1 does not occur to a significant extent.)
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epidemic following closely on from the preceding wave, most accepted model configurations required a combination of both
high levels of immune escape, as well as a short period of natural immunity.

Our methodological approach spans the full analytic pipeline, from input manipulation, model construction, execution
and calibration, all the way through to creation of the materials for publication and interfaces for interrogating the code and
results. This ensures accuracy of both analysis and documentation, maximises transparency, dramatically increases speed
through just-in-time (JIT) compiling (2-3 orders of magnitude compared to naïve Python/numpy implementation) and
creates the opportunity to broaden the user community. While other software packages are available to simulate infectious
disease epidemics, we are not aware of other packages that span the full pipeline of analysis in this way. Moreover, many are
focused on specific pathogens or provide agent-based methods that necessitate particular methodological choices, while
their inherent stochasticity complicates uncertainty analysis and necessitates special considerations for calibration and
optimisation (Grefenstette et al., 2013; Hinch et al., 2021; Kerr et al., 2021; Wilson et al., 2020). By contrast, the summer
package provides a domain-specific syntax for the construction of dynamic models of infectious disease transmission that is
readily applicable to any directly transmitted pathogen.

Of our candidate models, all were able to find epidemiologically plausible parameter space and were generally associated
with similar results in relation to parameter inference. The coherence of our epidemiological model with multiple data
sources simultaneously permitted our analysis to capture a range of model trajectories and associated parameter sets that
could accurately represent Australia's 2022 COVID-19 epidemics. We achieved a closer fit to the time-series of deaths thanwe
achieved for cases, whichmay be attributable to the higher quality or greater consistency of themortality data during a period
when testing recommendations and test availability changedmarkedly. By contrast to our expectations in late 2021 when the
Omicron variant first emerged in Southern Africa, (Viana et al., 2022) the first (BA.1) epidemic wave of 2022 was likely not
Australia's largest, with the subsequent waves (largely attributable to BA.2 and BA.5) also associated with substantial attack
rates. The vaccination extension did not improve calibration metrics, which may be attributable to the complex evolving
profile of vaccination-induced population immunity during 2022, or the limited indirect protection conferred by vaccination
(Braeye et al., 2023). By contrast, population mobility appeared to improve model fit slightly, possibly by allowing for a
smaller initial BA.1 wave through capturing the “shadow” (public-led) lockdown in summer 2021/2022 (Dunstan, 2022;
Lloyd, 2022). The true effect of this summer reduction in mobility may even have been greater than estimated from the
mobility data available, given that our calibration algorithm tended to sightly overshoot the first seropositivity target even
with this reduction included.

Parameter posterior estimates suggested a greater level of immune escape and a shorter duration of immunity than our
prior beliefs from the literature (Edridge et al., 2020; Kissler et al., 2020; Townsend et al., 2021) which can be attributed to the
rapid succession of each subvariant's wave as the preceding wave had only recently begun to decline. Our inflation factor for
the infection fatality rate suggested considerably greater severity than observed in a population with a longer history of
COVID-19 epidemics (Erikstrup et al., 2022). This may relate to the source analysis considering blood donors who are likely to
be healthier than the general population and possibly also to greater natural immunity in a setting with a longer history of
COVID-19 transmission.

The availability of seroprevalence estimates for nucleocapsid antibodies, which increased markedly from close to zero to
nearly 80% within the simulation window we considered, markedly increases our confidence that our analysis captures the
overall epidemic size (Machalek et al., 2023). Although we did not consider antibody waning, the greatest delay from
infection to antibody measurement relevant to our analysis would have been infection early in the BA.1 wave (January 2022)
followed by antibody measurement in August 2022 (for persons not infected in the intervening waves), whereas these
104



Fig. 5. Marginal posterior densities and prior distributions. Inferred parameter posterior densities (blue areas) compared against corresponding calibration al-
gorithm prior distributions (grey areas). CDR, case detection rate; IFR, infection fatality rate; WA, Western Australia.
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antibodies are known to bewell maintained over tenmonths (Van Elslande et al., 2022). Moreover, given the apparently large
size of Australia's first BA.1 wave, we found it surprising that adult seroprevalence only reached 20.7% after the first wave,
whereas the subsequent estimates implied around 50% of persons not previously infected were exposed within the subse-
quent windows between survey rounds (February to June and June to August). There are several possible causes of bias in
such estimates, including selection bias of blood donors by comparison to the general population, (Burgdorf et al., 2017)
which has not been quantified in the Australian context to our knowledge. Rather than attempt to adjust for such biases, we
acknowledged the bidirectional uncertainty in these data through the likelihood calculation for the seroprevalence cali-
bration target.

More generally, while adjusting our approach to allow for a smaller first wave would have improved fit to the first
seroprevalence estimate (e.g. through a higher initial case detection ratio), a lower absolute epidemic peak would also have
led to a flatter epidemic peak. By contrast, the first (BA.1 wave) notifications peakwas very sharp in shape. Although the shape
of this wave was likely modified by changing reporting requirements and poor national availability of rapid antigen tests, this
implies a large epidemic. As discussed above, the shadow lockdown over the 2021e2022 summer was likely part of the
explanation for this wave been smaller than expected. We considered that accepting model runs that modestly over-
105



Fig. 6. Bivariate distributions of selected parameter combinations for accepted parameter sets from selected (mobility extension) model calibration. Three-way
interactive parameter combination plots are available at our interactive outputs page.
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estimated the first seroprevalence estimate but under-estimated the latter two estimates was the optimal balance, as was the
case with our chosen primary analysis for parameter inference.

By contrast to mobility, allowing for the additional vaccination programs rolled out during 2022 to modify transmission
after Australia had reached close to complete coverage with the two-dose primary courses did not improve model fit. The
greatest modelled effect of these programs would be the roll-out of the third dose program for persons aged 16 and above,
which reached its greatest rate in February and March 2022 (with all vaccine-related effects lagged to 14 days later). During
this period, the modelled effective reproduction number had begun to increase following a nadir, by contrast to its marked
decline during January driven by natural immunity following the major BA.1 wave. Therefore, the timing of this program did
not help to explain the epidemic profile over a period when the overall change in population immunity was difficult to
determine because of the simultaneous implementation of several vaccination programs when immunity from past vacci-
nation was waning.

Our final model structure aimed to balance parsimony against complexity and avoid over-fitting to the available data. Our
analysis points to several features that may improve model fit. In addition to the considerations around seroprevalence
targets and epidemic size discussed above, we did not allow for a direct effect of the additional 2022 vaccination programs on
severe outcomes, for the BA.5 subvariant to bemore severe than both BA.1 and BA.2, or for population heterogeneity in spatial
structure or immunity beyond our two-category approaches. Specifically, our estimate of reduced severity of BA.2 by com-
parison to the other variants could partly be a surrogate for a direct effect of the booster vaccination programs on the risk of
death given infection. A protective effect such as this would fit with the lower rates of death around February to April 2022
when BA.2 was the dominant strain. However, we did not explicitly incorporate this direct effect because it would have added
to model complexity and the strength of the effect would have been collinear with the relative severity of BA.2 parameter.
Outcomes following reinfection were modelled the same way as for those following initial infection, such that we did not
consider any additional protection from hybrid immunity by comparison to vaccine-derived immunity alone. Again, we
believe it is unlikely that such an effect could be quantified from fitting a mechanistic model to population-level data.
Alternative model configurations that are of interest to the reader can be explored through our interactive notebooks.
Similarly, the calibration algorithm could be extended by increasing the number of targets or disaggregating by age or other
factors. This would make it more difficult for the calibration algorithm to achieve a good fit, but could be explored if such data
were made publicly available.
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5. Conclusions

Australia's 2022 COVID-19 epidemic was characterised by overlapping waves that were driven by Omicron subvariants
that exhibited substantial immune-escape properties, with rapidly waning immunity to past infection also likely contrib-
uting. The multiple data sources and clear swings in the epidemic profile and reproduction number allowed our beliefs
pertaining to several epidemiological parameters to be substantially updated, suggesting a peak case detection rate of 17e50%
and higher infection fatality rates than observed in a setting with a greater experience with COVID-19. Our pipeline for in-
fectious disease modelling supports greater understanding of these results through interactive notebooks and online visuals
and could constitute a new paradigm for infectious disease modelling.
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available at the provided github link.
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