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14

15 Abstract We employ pDyn, an agent-based epidemiological model, to forecast the fourth wave
16 of the SARS-CoV-2 epidemic, primarily driven by the Delta variant, in Polish society. The model

17 captures spatiotemporal dynamics of the epidemic spread, predicting disease-related states

18 based on pathogen properties and behavioral factors.

1s  We assess pDyn’s validity, encompassing pathogen variant succession, immunization level, and

2 the proportion of vaccinated among confirmed cases. We evaluate its predictive capacity for

21 pandemic dynamics, including wave peak timing, magnitude, and duration for confirmed cases,
» hospitalizations, ICU admissions, and deaths, nationally and regionally in Poland.

23 Validation involves comparing pDyn’s estimates with real-world data (excluding data used for

2 calibration) to evaluate whether pDyn accurately reproduced the epidemic dynamics up to the

»s  simulation time. To assess the accuracy of pDyn's predictions, we compared simulation results

2 with real-world data acquired after the simulation date.

27 The findings affirm pDyn'’s accuracy in forecasting and enhancing our understanding of epidemic
26  mechanisms.

29

» Introduction

;1 The first confirmed case of coronavirus disease 2019 (COVID-19) in Poland was identified on March
2 4, 2020, approximately a month behind Western Europe countries (Ministerstwo Zdrowia, 2020)
s (cf. 1(a)). On March 10, the World Health Organization declared the local transmission of severe
s acute respiratory syndrome coronavirus 2 (SARS-CoV-2) in Poland (Pinkas et al., 2020). Within two
;s days, the country recorded its first COVID-19-related fatality (Duszynski et al., 2021). As the epi-
s demic spread, Poland’s government declared an epidemic emergency, subsequently introducing
37 mitigation policies (Pinkas et al., 2020) (see Figure 1(d)). Critical pharmaceutical and non-pharmaceutical
s interventions (NPIs) implemented between March 4, 2020, and December 31, 2021, are detailed
s in Table 1 in the Appendix 1. These measures primarily included isolating infected individuals,
w0 quarantining contacts (with basic contact tracing), and SARS-CoV-2 testing. Public social distancing
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measures, such as gathering bans and school and workplace closures, began in the second week
of March 2020, culminating in a national lockdown on March 24, 2020. Further mandates for in-
door and outdoor face coverings followed on March 30 and April 14, 2020. The national COVID-19

vaccination program commenced on December 27, 2020.

45
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Figure 1. Timeline of SARS-CoV-2 epidemic in Poland. (a): The epidemic curve showing the progression of
reported daily new confirmed cases in Poland (red), number of COVID-19-related deaths (purple), and excess
mortality (dashed). (b): Proportions of dominating variants. (c): Full vaccination share. (d): Government
mitigation measures by implementation areas and ranks of restrictive strength. (e): Map of inhabitants
density in voivodships. (f): Map of reported cases during the Delta wave in voivodships. (g): Map of deaths
during the Delta wave in voivodships. (h): Map of vaccinations per 100,000 inhabitants in voivodships up to

May 2022.

Data sources: Daily cases & COVID-19-related deaths: Ministry of Health https://gov.pl/web/
koronawirus/wykaz-zarazen-koronawirusem-sars-cov-2. Vaccinations: . Excess mortality: Eurostat (Eu-
rostat, 2023b). SARS-CoV-2 variants: GISAID study (Khare et al., 2021) . Mitigation measures: own
elaboration based on governmental information please see Table 2 in the Appendix 1 .

The evolving nature of the epidemic, with factors such as new virus variants, seasonal transmis-

sion fluctuations, regional outbreaks, and the introduction of vaccinations, necessitated a dynamic
approach to epidemic mitigation. This approach involved localized and reactive strategies. For in-
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stance, a reactive policy was initiated on August 7, 2020, with school closures and remote work man-
dates triggered by defined case thresholds per 10,000 inhabitants in administrative units. Compli-
ance with prevention measures, including face mask use, exhibited temporal and demographic
variations. Older adults, urban areas, and different epidemic stages demonstrated varying levels
of adherence (Haischer et al., 2020; Delussu et al., 2022).

Moreover, ongoing research on SARS-CoV-2 pathogen properties, such as transmission modes,
asymptomatic case infectivity, naturally induced immunity, its duration, and reinfection risks, added
to the complexity of forecasting SARS-CoV-2 spread. Consequently, the demand for accurate fore-
casts, encompassing new infections, hospitalizations (general and intensive care units [ICUs] ad-
missions), and COVID-19-related fatalities, intensified in response to the imperative of managing
SARS-CoV-2 transmission.

Agent-based models (ABMs) have been a robust method for modeling infectious disease spread
for over three decades (Fox et al., 1971; Elveback et al., 1976). They offer a direct representation
of dynamic social networks of agents and their heterogeneous interactions across georeferenced
locations (Dilaver and Gilbert, 2023; Epstein, 1999; Millington et al., 2012). These models often
rely on synthetic societies that mirror the demographic structure of specific territories (Banks and
Hooten, 2021). They usually incorporate dynamic microsimulation methodology with elements of
agent-based modeling. However, due to the convergence of these concepts, particularly as mi-
crosimulation becomes more and more intricate (Railshack and Grimm, 2019; Richiardi, 2014; Vin-
cenot, 2018), we employ the term "agent-based model" as an umbrella term in this article. ABMs
require input from a georeferenced network of setting where agents can operate and interact, like
households, schools, workplaces, and public spaces, referred to as contexts. ABMs, as generative
models, excel in replicating complex outbreak phenomena, accounting for regional disparities, de-
mographic structure, behavioral responses, and parameter calibration at finer spatial scales. In
contrast, data-based, phenomenological models, such as uniform mixing compartment models,
lack implicit interactions among crucial factors like virus variants and social networks (Silverman
et al., 2021).

The ABM developed by the Ferguson group (Ferguson et al., 2005) stands as a textbook ABM
approach for modeling infectious disease processes. Designed initially for simulating influenza
spread and assessing the effectiveness of targeted antiviral prophylaxis in Southeast Asia, this
model classifies individuals into households with distinct generational layers. In 2020, it underwent
adaptation to predict SARS-CoV-2 transmission dynamics by adjusting disease parameters to align
with the virus's characteristics Ferguson et al. (2020). These forecasts informed the intermittent
lockdown strategy in the UK, known as "The Hammer and the Dance" (Pueyo, 2020).

Agent-based models (ABMs) have proven effective in modeling and predicting epidemics. They

function as virtual laboratories that enable the formalization and testing of epidemic dynamics (Priese-

mann et al., 2021). Unlike models that rely on general factors and aggregate variables, ABMs focus
on modeling individual agents and their interactions, allowing for the development of agent-level
theories, identification of fundamental principles and assumptions, and uncovering research gaps
and inconsistencies in theoretical systems (Dilaver and Gilbert, 2023; Epstein, 1999; Frias-Martinez
et al., 20117). Consequently, the prediction accuracy of ABMs depends on accurately representing
elementary epidemic processes and supporting hypotheses regarding their impact on real-world
data (Dilaver and Gilbert, 2023; Epstein, 1999; Millington et al., 2012). However, implementing
complex epidemic processes and adhering to real-world rules come at the cost of numerous pa-
rameters and high computational expenses. Additionally, the calibration process poses a signifi-
cant challenge, demanding substantial resources to achieve reliable calibration (Millington et al.,
2012; Macal, 2016; Epstein, 1999).

Our initial model, known as pDyn (derived from "pandemics dynamics"), was developed in 2008
to depict influenza spread scenarios in Poland (Rakowski et al., 2010a,b), drawing inspiration from
the Ferguson group model (Ferguson et al., 2005). In response to the COVID-19 pandemic, we
adapted this simulation platform to meet the specific requirements of decision-makers based on
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the pandemic’s unique characteristics (Niedzielewski et al., 2022). The model can simulate and
forecast various SARS-CoV-2 transmission scenarios. The pDyn model has received official endorse-
ment from the government, alongside the MOCOS model (Adamik et al., 2020) and the Ministry of
Health Department of Analysis and Strategy model, as one of the primary tools for providing scien-
tific insights and epidemic forecasts to policymakers and medical advisory councils on a long-term
basis.

In Poland, several ABM models have been developed. Compared to the MOCOS model (Adamik
et al., 2020), pDyn distinguishes itself with a detailed and georeferenced structure of various con-
texts, while MOCOS incorporates advanced contact-tracing analytical methods. Other models,
such as those developed as conceptual models (Pafka et al., 2022; Regulski et al., 2021) offered
valuable methodological insights but were primarily employed locally and did not transition into
operational use.

During the initial year of the pandemic, the pDyn model stood out as one of the few robust
models subjected to validation against real-world data. A systematic review of 126 SARS-CoV-2
ABM s highlighted that only 17% underwent validation against real-world data, 3% were compared
with other models, and 2% underwent systematic testing (Lorig et al., 2021). Furthermore, pDyn
has continuously undergone external validation with real-world data as part of the German and
Polish COVID-19 Forecast Hub since November 2020 (Bracher et al., 2021, 2022). Both ABMs, pDyn
and MOCOS, have demonstrated significant performance improvements in long-term case fore-
casting in Poland, thanks to their tailored approaches adapted to the specific circumstances of the
country (Bracher et al., 2022).

As for other single-country ABM models across European states, numerous models are dedi-
cated to Austria (Bicher et al., 2018, 2023), Germany (Miiller et al., 2021; MONID - MOdeling Net-
work for severe Infectious Diseases, 2023), Spain (Singh et al., 2022; Merino et al., 2023), France (Ho-
ertel et al., 2020), UK (Ferguson et al., 2020), Italy (Bouchnita and Jebrane, 2020; Giacopelli, 2021;
Lombardo et al., 2022; Fazio et al., 2022) and Ireland (Novakovic and Marshall, 2022). However,
these models are tailored to countries other than Poland (or their respective regions) and have not
undergone validation within the European COVID-19 Forecast Hub (Sherratt et al., 2023). There-
fore, comparing the performance and validity of these models with pDyn in a meaningful manner
would be challenging, if not impossible. Nonetheless, considering the population size of European
nations, pDyn ranks among the top 10 in terms of simulated populations.

This report utilizes the ABM pDyn to forecast the spatiotemporal dynamics of the COVID-19 epi-
demic in Poland. Our methodology encompasses disease transmission, disease progression, and
epidemic course (see Figure 2). Disease transmission considers multi-variant pathogens, partial
immunity, and social contacts. The disease progression component includes a detailed represen-
tation of disease-related states, age-dependency, and dark figure estimation. Lastly, the epidemic
course encompass changes in risk exposure due to NPIs or other shifts in behavior, vaccination
policies, cross-immunity, and immunity waning. We validate the dynamics implemented in the
model by inspecting their consistency with real-world data not used for calibration. Many of these
features are model enhancements related to COVID-19 epidemics (indicated by asterisks = in Fig-
ure 2).

This investigation spans from the onset of the epidemic to the end of 2021, covering four SARS-
CoV-2 waves in Poland. The first and second waves (March 4, 2020-July 12, 2020, and July 13,
2020-February 14, 2021) were driven by the wild-type virus variant, followed by the third wave
with the Alpha variant (February 15, 2021-July 5, 2021) and the fourth wave with the Delta vari-
ant (July 6, 2021-December 31, 2021). During this period, Poland reported 4,106,914 SARS-CoV-2
cases, 96,967 COVID-19-related deaths, and 173,376 total excess deaths (Ritchie et al., 2020) (see
Figure 1(a) and (b)).

The forecast, formulated on October 28, 2021, using pDyn (Niedzielewski et al., 2022), targets
the fourth (Delta) wave of the epidemic in Poland. This wave is noteworthy as it subsided sponta-
neously, without the imposition of restrictions or contact limitations, signifying the attainment of
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Figure 2. Features of the current version of the pDyn model. The model encompasses three main classes of
features: (1) Disease transmission, which incorporates airborne transmission dynamics, multi-variant
pathogens, vaccine characteristics, partial immunity, and social contacts structure; (2) Disease progression,
which models disease-related states, their durations and transition probabilities, age-dependency, and
estimates of underreporting; and (3) Epidemic course, modeling changes in risk exposure, vaccination policies,
cross-immunity, and immunity waning. Many of these components represent enhancements related to
COVID-19 epidemics (indicated by asterisks [*]) compared to the original model version.

herd immunity. Subsequent waves in 2022 represented reinfections and conveyed reduced risks
of severe illness and death due to decreased susceptibility to new variants. The forecast did not
include the emerging Omicron wave in January 2022 due to a lack of information on this variant
at that time. To be precise, Omicron variant was not introduced to the forecast of interest, formu-
lated on October 28, 2021. Therefore, any comparison between the forecast and real-world data
should only consider the period until December 31, 2021, as the Omicron variant emerged in early
2022.

This study aimed to achieve three specific objectives: (1) assessing the validity of the dynamics
embedded in the pDyn model, (2) evaluating its capacity to predict the dynamics of disease-related
states at the national level, and (3) gauging its ability to predict epidemic dynamics in Poland's high-
est administrative units (voivodships) using nationally reported data. We compared real-world data
on SARS-CoV-2 variants, immunization dynamics, and the ratio of vaccinated individuals among
confirmed cases with our model's estimates to assess its validity. Additionally, we compared sim-
ulation results with real-world data obtained after the simulation date to evaluate pDyn's predic-
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tive accuracy. We also assessed regional forecasts made using nationally reported data, taking
into account the synthetic society’s reflection of geographical variations in the social-demographic
structure of the Polish population.

As demonstrated, the generative, epidemiology-driven dynamic approach of pDyn achieved
high predictive accuracy when modeling the spread of COVID-19 epidemics.

Results

Evaluation of the model validity

In this section, we assess the validity of the model's dynamics by comparing its outputs with real-
world data pertaining to the dominant variant of concern, immunization levels, and the fraction of
vaccinated detected cases.

Dominating variant of pathogen
Before the simulation date, three predominant
variants had been identified in Poland: the wild
type, Alpha, and Delta. In Figure 3(a), the distri-
bution of these variants (wild type [blue], Alpha
[orange], and Delta [green]) among infected
agents is depicted. Panel (b) compares the
model’s variant succession dynamics with real-
world data from GISAID (Khare et al., 2021).
This assessment excludes the Omicron variant,
which was not part of our October 2021 fore-
cast.

Given that GISAID data relies on samples of

(a ) 200000
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== wild type
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varying sizes and considering potential biases
in the data due to relatively small samples for
Poland (as shown in Figure 3(c)), we primarily
compared the relative prevalence of variants,

expressed as percentages. To validate our find-
ings, we compared the timing of variant suc-
cession at the 25%, 50%, and 75% percentile
thresholds.

The pDyn model reached 25% prevalence
of the Alpha variant one week after the refer-
ence GISAID data, while it reached 50% and
75% prevalence two weeks after the reference
GISAID data.

Regarding the Delta variant, our model
reached 25% prevalence two weeks after the
reference GISAID data, 50% prevalence three
weeks after, and 75% prevalence four weeks af-
ter the reference GISAID data. This transition
from the Alpha to Delta variant occurred dur-
ing a period of relatively low newly detected
cases, supporting the realism of our model's
predictions.

(c)
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Figure 3. Comparison of the dynamics of a
succession of SARS-CoV-2 variants obtained from
the pDyn model (colors) with the dataset obtained
from GISAID study (dashed lines). All the data is
aggregated in weekly intervals. The vertical dotted
line marks the simulation date.

Data source: GISAID study (Khare et al., 20217)

Immunization level
The immunization dynamics during the epidemic originating from the pDyn model, categorized
as disease-induced, vaccination-induced, and total immunization, are presented in Figure 4. This
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model output is systematically compared with data from the OBSER-CO nationwide seroprevalence
study conducted by the National Institute for Public Health in Poland (National Institute of Public

Health, 2021).
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Figure 4. Comparison of immunization dynamics
between the model output and the OBSER-CO study.
The lines show the cumulative percentage of the
agents (left axis) that are recovered (red), vaccinated
(green), or recovered or vaccinated (yellow). The
blue markers indicate the estimated fraction of the
population with SARS-CoV-2-specific antibodies from
four rounds of the OBSER-CO. The horizontal
marker line denotes the duration of each round, the
vertical one represents the 95% confidence interval
of the estimate. A vertical dotted line indicates the
simulation date. The gray shape represents the
number of real-world confirmed cases (right axis).

Data source: OBSER-CO study (National Insti-
tute of Public Health, 2021)

Fraction of vaccinated detected cases

The third validation involves assessing the frac-
tion of vaccinated detected cases, which refers
to the number of vaccinated individuals among
all infected and detected individuals. The
model adopted a vaccination strategy based
on government data, which included the num-
ber of vaccinated agents at specific ages, times,
and locations. However, the dynamics of the
fraction of vaccinated detected cases emerged
from the model and could be compared to real-
world data (obtained under a non-disclosure
agreement). The comparison between the
model's outcomes and epidemiological data
regarding the fraction of vaccinated detected
cases is presented in Figure 5.

Generally, the dynamics obtained from the
pDyn model align closely with the epidemio-
logical data. The mean absolute error from
January 1, 2021, to October 28, 2021 (forecast

Figure 4 reveals a close alignment between
the cumulative sum of recovered and vacci-
nated individuals predicted by the model and
the estimates derived from the seroprevalence
study at all four study rounds. The percent-
age of the entire population represented by
these estimates is as follows: 48.1 (model) vs.
49.9 (study, 95% Cl [47.9; 51.9]) in April/May
2021, 76.8 (model) vs. 77.0 (study, 95% CI [75.0;
79.0]) in September 2021, 85.8 (model) vs. 80.8
(study, 95% CI [78.8; 82.8]) in December 2021,
and 92.9 (model) vs. 92.2 (study, 95% CI [91.2;
93.2]). Notably, rounds | and Il of the OBSER-
CO study fell within the calibration stage of the
simulation. In contrast, the model results for
rounds Il and IV are purely prognostic values.

It is important to acknowledge that the
OBSER-CO study primarily focuses on sero-
prevalence, which relies on antibody levels in
trial groups, differing somewhat from the in-
dicator of the sum of recovered and vacci-
nated cases obtained from the model. Never-
theless, the significant alignment between the
model's approximation of societal immunity
and OBSER-CO data underscores the model’s
reliability in forecasting future epidemic waves
despite these variations in indicators.
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Figure 5. Comparison between the fraction of
vaccinated detected cases generated from the pDyn
(red line) and epidemiological data (black line). The
vertical dotted line indicates the simulation date,
and the solid vertical line — the end of the
estimation period for the model-to-real-data fit
indices. The gray shape in the background
represents the number of real-data new cases.
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date) equals 3.44%; from October 29, 2021, to December 31, 2021, equals 7.23%; and from Jan-
uary 1, 2022, equals 16.34%. The maximal error from January 1, 2021, to October 28, 2021, equals
14.01%; from October 29, 2021, to December 31, 2021, equals 12.20%; and from January 1, 2022,
equals 21.69%. The larger maximal error before the forecast date may have been due to data vari-
ability when the number of cases was still low, but vaccination uptake had reached its saturation
point (Figure 4, green line).

The quantitative indices used to validate the Delta wave forecast were estimated until Decem-
ber 31, 2021, when the Omicron wave officially began. Considering the whole period (from Jan-
uary 1, 2021, until May 1, 2022), the maximal error occurred on March 17, 2022, after the Delta
domination period. Given that the Omicron variant was not considered in the forecast, the most
considerable discrepancy between our simulation and real-world data was expected to occur after
December 31, 2021.

Prediction of the epidemic dynamics during the Delta wave on the national level
In this section, we evaluate the accuracy of the pDyn forecast by comparing its results with real-
world data for new confirmed cases, COVID-19-related deaths, hospitalized patients, and ICU pa-
tients published by the Ministry of Health. Visualizations of the forecast for the Delta-wave (Fig-
ure 6) and the entire epidemic (Figure 6—figure Supplement 1) are presented. To assess the
model's performance, we conducted a comparative analysis with real-world data, emphasizing the
accuracy of peak timing, magnitude, and duration, with summarized results in Table 1.

Table 1. The comparison between pDyn simulation results and epidemiological data (see text) for
disease-related states regarding the peak value, peak date, and width in terms of the Full-Width
Half-Maximum (FWHM) of the Delta wave in Poland. All data is reported daily. Real-world numbers of
reported deaths and excess deaths are compared to the same number of COVID-19-related deaths from the
simulation.

Output Comparison Peak value Peak timing Width (FWHM)
New Simulation 25770 2021-12-05 68
confirmed Real-world 24120 2021-11-29 45
Cases Difference 1659 6 23
Relative difference 6.84% 51.11%
Simulation 41315  2021-12-12 66
_ Real-world 23520 2021-12-10 61

Hospitalized )
Difference 17795 2 5
Relative difference 75.66% 8.20%
Simulation 5311  2021-12-21 66
ICU patients Real-world 2115  2021-12-14 67
P Difference 3196 7 -1
Relative difference 151.11% -1.49%
Simulation 889 2021-12-21 68
Real-world 443  2021-12-17 62

R ted death

eported deaths Difference 446 4 6
Relative difference 100.68% 9.68%
Simulation 889 2021-12-21 68
Excess deaths Real-world 845 2021-12-10 66
Difference 44 11 2
Relative difference 5.21% 3.03%
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Figure 6. Comparison between the output generated from the model (colored lines) and the COVID-19 data
from the Polish Ministry of Health (black) and Eurostat (dashed gray) for the Delta wave of the COVID-19
epidemics in Poland. Top left: new detected cases. Top right: deaths. Bottom left: hospitalized patients.
Bottom right: ICU patients. The vertical dotted line marks the simulation date.

Data source: Eurostat (Eurostat, 2023a) Figure 6—figure supplement 1. Comparison between the pDyn
model-generated output and the epidemiological data for the entire course of the COVID-19 epidemics in
Poland.

The forecasted peak values tended to be overestimated, with the most accurate prediction for
new cases (a relative difference of ~7%) compared to other metrics. As shown in Figure 6, the
predicted number of hospitalized patients, ICU patients, and COVID-19-related deaths exceeded
the official data provided by the Ministry of Health: hospitalizations by approximately 76%, ICU ad-
missions by around 151%, and COVID-19-related deaths by roughly 101%. Concerning the timing
of peaks, our predictions were most accurate for hospitalized patients (with a 2-day difference),
followed by reported deaths (4 days), new confirmed cases (6 days), and ICU patients (7 days).
The forecasted wave length, as measured by the Full-Width Half-Maximum (FWHM), was the most
accurate for ICU patients (approximately 1%) and hospitalized patients (around 8%), followed by
reported deaths (approximately 10%) and new cases (about 51%). Notably, the relative difference
in FWHM between the modeled and observed new confirmed cases was likely due to the holiday
period in late December 2021, leading to a lower testing rate and detection ratio than before the
holidays. Given that our model assumes a constant detection ratio, the real-life decrease in report-
ing likely contributed to the observed discrepancy in the confirmed cases’ wave length.

Itis important to emphasize that the model's primary aim was not to predict the actual number
of hospitalized and ICU patients but to estimate their expected numbers. Therefore, this distinc-
tion should be kept in mind when interpreting the results, as it may explain the significant differ-
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ences between the model's peak value predictions for hospital and ICU beds and the real-world
data. Nonetheless, the predictions regarding the peak timing of hospitalized and ICU patients
demonstrated that our forecast accurately captured the dynamics of the Delta wave. We relied
on occupied beds, rather than hospital admissions, to assess hospitalizations since the Ministry of
Health only provided data on occupied beds. A similar limitation affected our assessment of ICU
hospitalizations.

Moreover, we found that excess deaths were a more reliable parameter than officially reg-
istered COVID-19 deaths. Consequently, we present the forecast of COVID-19-related deaths in
comparison to estimates of excess deaths as defined by Eurostat Eurostat (2023b): "Excess mor-
tality is the rate of additional deaths in a month compared to the average number of deaths in the
same month over a baseline period (2016-2019)." A positive value indicates an increase in deaths
compared to the baseline, while a negative value signifies fewer deaths compared to the baseline
period. For a more accurate quantitative comparison, we provided data in weekly resolution com-
puted using Eurostat weekly excess deaths data. The quantitative estimates of peak timing, peak
value, and wave length are presented in the lower panel of Table 1. Notably, the predicted number
of deaths more closely followed excess deaths then reported deaths in terms of the peak value (a
relative difference of approximately 5% vs. approximately 101%) and wave length (around 3% vs.
approximately 10%).

Prediction of the epidemic dynamics during Delta wave on regional level

Here, we demonstrate the model's capability to forecast epidemic dynamics of disease-related
states in voivodships while using national-level epidemic data for calibration. The regional trajec-
tories of pDyn outputs diverged due to synthetic society's spatial structure, vaccination process,
regional variation in weight multipliers (accounting for differences in NPIs implemented before
the Delta wave), and the locations of initial infections for each introduced variant in the simulation.

For a comprehensive comparison between the data generated by the model and real-world
data throughout the entire course of the epidemic in voivodships (comprising the total number of
detected cases, COVID-19-related hospitalizations, COVID-19-related ICU occupation, and COVID-
19-related deaths), please refer to Appendix 2. Detailed quantitative comparisons of peak timing,
peak value, and wave length are also included in Tables in Appendix 2. In this context, Figure 7
primarily presents the summary statistics of model accuracy at the regional level.

The top panel of Figure 7 illustrates the distributions of peak values, peak dates, and FWHM val-
ues in voivodships, obtained from both the model (upward distributions) and real-life data (down-
ward distributions). For clarity, the bottom panel shows these data as distributions of absolute
differences (for peak date) or relative differences (for peak value and FWHM) between the model
and real-life data.

The medians of the difference distributions, indicated by vertical black lines in the bottom panel
of Figure 7, broadly align with the differences reported at the national level. Notably, there are a
few outliers in the graphs depicting relative differences in peak value and FWHM for newly detected
cases, hospitalized patients, and deaths.

Upon inspecting the difference distributions (bottom panel in Figure 7), particularly the relative
peak value difference (left plot) concerning detected cases, occupied beds, and deaths, one can ob-
serve a clear outlier in each plot, which corresponds to Podkarpackie voivodeship. The substantial
relative differences observed across voivodeships may be partially attributed to regional behav-
ioral factors, such as varying levels of willingness to undergo COVID-19 testing or seek hospital
treatment for COVID-19, compared to other regions in the country.

On average, the pDyn model demonstrates convergence with real-world data and predicts the
number of newly detected cases at the individual voivodeship level with lower accuracy than the
predictions made at the national level.
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Figure 7. Summary results for the model forecast on a regional level. Each data point refers to one
voivodeship. Upper panels present smoothed distributions of peak value, peak date, and FWHM separately
for the Ministry of Health data (above horizontal reference lines) and the model forecast data (below the
reference lines) for daily new detected cases, occupied hospital beds, occupied ICU beds, and COVID-19
deaths (compared also to excess deaths based on the Eurostat data (Eurostat, 2023a)). Lower panels present
smoothed distributions of relative peak value difference, peak date difference, and relative FWHM difference
between the model forecast and the official data. The data points are accompanied by median values (vertical
black segments).

Discussion
Mathematical epidemic models play a crucial role in understanding and informing effective mitiga-
tion strategies for disease outbreaks (Brauer, 2008; James et al., 2021; Marshall, 2017; Ferguson
et al., 2020, 2005). This manuscript focuses on validating the epidemic dynamics and assessing the
forecasting accuracy of pDyn, an agent-based model specifically designed to capture and predict
the dynamics of COVID-19 in Poland.

The pDyn possesses several key strengths for modeling epidemic dynamics. Firstly, it excels in
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capturing intricate social networks and contact patterns among individuals, factors with a substan-
tial impact on disease transmission. Consequently, it provides valuable insights into the individual-
based and network-based mechanisms governing epidemic spread. Secondly, the model's versatil-
ity allows it to simulate epidemics at different spatial scales, thanks to its incorporation of geospa-
tial data such as population demographics and transportation networks. These features enable
the simulation of various intervention strategies, such as quarantine and social distancing, and
their impact on epidemic spread. Additionally, pDyn models multiple pathogen variants and cross-
immunity, shedding light on the role of variant and vaccine diversity in epidemic dynamics. It also
integrates a model for immunity acquisition and waning, enabling the simulation of the effects of
vaccination and natural infection.
In the study presented in this manuscript, we aimed to achieve three objectives:

1. We first assessed the model's validity in simulating the dynamics of pathogen variants suc-
cession, immunization processes, and the proportion of vaccinated individuals among con-
firmed cases.

2. We then assessed the model's predictive capabilities by examining its performance in fore-
casting the dynamics of confirmed cases, hospitalizations, ICU admissions, and deaths during
the epidemic wave, focusing on critical metrics like peak timing, peak magnitude, and wave
duration.

3. Lastly, we explored the utility of pDyn in forecasting disease-related dynamics within Poland's
highest administrative units using national-level data. This was made possible through the
use of a virtual population representing the social and demographic structure of Poland.

We summarize our findings and discuss them below.

The first aspect we examined to validate the model was the progression of variants. This dy-
namic depends on various factors, including variants’ properties like cross-immunity and infectiv-
ity, as well as the spatiotemporal distribution of initial infections for each variant. It is important
to note that pDyn considers cross-immunity, seasonal fluctuations, and regulatory changes based
on official data but does not incorporate emerging behavioral changes that could influence the
model.

Our study revealed that the Delta variant reached prevalence milestones of 25%, 50%, and 75%
two, three, and four weeks later, respectively, compared to the GISAID genomic data. Our valida-
tion aligns with prior research such as Eales et al. (2022) and Dong et al. (2022), which assessed
variant succession at the 50% prevalence point. These studies reported prediction errors within
one to two weeks, indicating a similar level of accuracy to pDyn, albeit slightly better. However,
the superior performance of other models compared to pDyn may be partially attributed to their
calibration and validation using the same datasets, whereas pDyn underwent calibration and val-
idation using separate datasets. Two other studies solely offered visual comparisons (Coutinho
et al., 2021; Campbell et al., 20217). 1t should also be mentioned that potential selection bias in
GISAID estimates for Poland could contribute to observed differences. Nevertheless, it can be con-
cluded that our findings demonstrate that pDyn effectively replicates variant succession.

Next, we compared our modeling outcomes with the OBSER-CO seroprevalence survey con-
ducted by the National Institute of Public Health. Our model's cumulative count of recovered and
vaccinated individuals closely aligned with the seroprevalence study’s estimates at all four study
rounds. However, the estimate for December 2021 was slightly elevated, falling three percent-
age points outside the 95% confidence interval. While models akin to ours have been calibrated
against seroprevalence data, they have not, to our knowledge, undergone validation against such
data (Kemp et al., 2021; Jentsch et al., 2021).

Some data issues can contribute to the uncertainty of our validation. OBSER-CO results esti-
mates might be influenced by instability in detecting cases related to the testing during rising and
falling epidemic waves (Rippinger et al., 2021). Furthermore, the study rounds extended over time,
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with unevenly distributed testing within each round, while seroprevalence was estimated at spe-
cific central time points within each round interval, which could have influenced estimate accuracy.
Moreover, the sum of recovered and vaccinated cases derived from the model does not align per-
fectly with OBSER-CO seroprevalence statistics based on antibody levels in the trial groups. Despite
these reservations, pDyn’s representation of immunity in society closely mirrors empirical OBSER-
CO studies. Importantly, pDyn is, to our knowledge, the first model to faithfully reflect empirical
seroprevalence, rendering it a valuable tool for exploring epidemic dynamics.

The proportion of vaccinated detected cases, considered a simulation variable, was compared
with surveillance data from the Ministry of Health, using mean absolute error (MAE) as the valida-
tion metric. The MAE was smaller for the period before the forecast date (from January 1, 2021, to
October 28, 2021 ) than for the forecast period (from October 29, 2021, to December 31, 2021,),
reflecting the inherent uncertainty in predictions. Notably, the maximum absolute error (in the
period from January 1, 2021, to December 31, 2021) occurred on October 18, 2021, reaching 14.01
percentage points. This peak coincided with low case numbers and high vaccination coverage, con-
tributing to the observed variation. It is noteworthy that while the proportion of fully vaccinated
individuals among detected cases has been used to assess vaccine effectiveness in empirical stud-
ies (Arashiro et al., 2022), it has not been commonly employed in epidemic modeling validation.

In summary, the pDyn model generated dynamics that generally aligned with epidemiological
data, affirming the validity of the model's dynamics of variant succession, immunization, and the
emergence of vaccinated individuals among confirmed cases.

Our proposed approach to handling uncertainty in generative models, like pDyn, offers added
value to the epidemiological modeling domain. ABMs often involve numerous parameters requir-
ing calibration, and the available data are insufficient for calibrating each parameter individually.
In such cases, part of the model validation process may involve comparing variables that are not
direct model outputs but can be derived from the model and compared to existing data before
making forecasts—examples include the dynamics of pathogen variant succession, immunization,
and the emergence of vaccinated individuals among confirmed cases. This approach aids in testing
the validity of processes implemented in the model.

In the second phase of our study, we assessed the forecast accuracy for the Delta variant wave
at the national level. This assessment encompassed new cases, hospitalizations, ICU admissions,
and COVID-19-related deaths, focusing on peak value, peak date, and wave length.

The number of new COVID-19 cases, our primary output and reference for model calibration,
provided precise forecasts for the peak value, with only a slight deviation of 6.84%. However, other
aspects of the forecast exhibited overestimations. Notably, the predicted peak timing experienced
a delay of six days, and the prediction of wave length (measured by FWHM) needed to be more
accurate for new cases. This discrepancy can be attributed, in part, to the constant detection ratio
implemented in our model. However, during the holiday season in December 2021, testing rates
and detection ratios likely decreased, resulting in fewer confirmed cases and contributing to lower
forecast accuracy.

The model predicted a significantly higher number of COVID-19-related general and ICU hospi-
talizations than the Ministry of Health reported, with 76% more hospitalizations and 151% more
ICU patients. When building the model, we focused on required instead of occupied beds, assum-
ing that even if some patients needing hospitalization stayed home, the health system should be
prepared. This assumptionis a primary source of the discrepancy between the model and data. Ad-
ditionally, the model assumes constant hospitalization durations of 10 days for general and seven
days for ICU admissions instead of using distributions, and poor data quality related to hospital-
ization durations adds uncertainty to estimations.

Our analysis revealed dynamically changing case-to-hospitalization and case-to-death ratios
throughout the waves. These changes can be attributed to social reluctance towards testing and
hospitalization due to difficult hospital conditions. Factors such as lack of family contact, admission
challenges, and long queues at testing sites could contribute to this hesitance (Kofodziej and Pecka,
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2021; Grove et al., 2023; Rewerska-Jusko and Rejdak, 2022; Tran et al., 2020; Wong et al., 2022;
Zheng et al., 2021). However, the model did not account for psychological and healthcare system
overload behavioral effects, which also affected the accuracy of our predictions.

Despite these caveats, peak time forecasts for hospitalizations were the most accurate among
predicted disease-related states (2 days delay), and the relative wave length difference was best
for ICU patients (-1.5%). In summary, the discrepancy between hospitalization and ICU patient data
and model results refers to wave magnitude rather than peak or length. This result emphasizes
the need to consider the forecast objectives and factors influencing access and utilization of health
services when interpreting modeling outcomes, along with data collection challenges, to improve
hospitalization nowcasting (Wu et al., 2021; Wolffram et al., 2023).

In this study, pDyn projected more COVID-19-related deaths than officially reported, aligning
better with excess deaths, which capture undetected infections. For instance, Walkowiak and
Walkowiak (2022) found that combined COVID-19-related deaths accounted for 95% of excess
deaths among Polish adults over 40. Death forecasts closely matched excess deaths in peak value
(5% relative difference) and wave length (3% relative difference). However, the peak date for deaths
was the least accurate among all forecasted states, with an 11-day delay. The alignment of death
modeling results with actual data is notably influenced by data collection issues, primarily attribut-
ing deaths to COVID-19, which is less reliable in Poland than other epidemiological data collected
during the pandemic. The model's alignment with excess mortality data in our study supports
COVID-19's substantial contribution to overall excess mortality during the pandemic (Msemburi
et al., 2023; Wang et al., 2022; Woolf et al., 2020), particularly in Poland.

The pDyn model, grounded in a synthetic society reflecting regional socio-demographic data,
explicitly considers regional variations in vaccination, pre-Delta wave NPIs, and the initial regional
spread of wild-type infections in Poland. However, its calibration relies on national epidemic data.
Our study aimed to evaluate the precision of regional forecasts generated by this model on the
voivodeships level.

Our findings indicate that, on average, regional forecasts align with national-level ones, with me-
dian differences resembling those at the national level. However, prediction quality varies among
voivodeships, with Podkarpackie voivodeship emerging as an outlier regarding relative peak value
differences for detected cases, occupied hospital beds, and deaths. These substantial differences
likely stem from localized variations in social responses to the epidemic and restrictions, under-
scoring the need to consider regional social attitudes for better regional forecasting.

To improve regional forecasting, incorporating agent features related to behavioral traits, such
as trust in medicine and willingness to adhere to NPIs and vaccination, is advisable. Addition-
ally, continual monitoring of local conditions and model adaptation to regional specifics enables
more accurate predictions. Local models with adaptable parameterization, focusing on the short
or medium-term, generally outperform global and long-term models (Bracher et al., 2022).

Despite the promising results, our study has limitations common to complex ABMs like pDyn,
including the challenge of calibrating numerous parameters with limited data. This parameter
calibration issue significantly contributes to forecast uncertainty. We attempted to address this by
validating the model's parameterization by comparing model dynamics with real-world data, but
these challenges persist, introducing inherent uncertainty into our forecasts.

Like all epidemiological models, pDyn encounters challenges in predicting unpredictable phe-
nomena that can arise during an epidemic, such as pathogen mutations or shifts in social contact
patterns, which can substantially influence the epidemic’s trajectory. Our model does not include
long-term predictions of pathogen evolution or the modeling of socio-behavioral dynamics. In-
stead, parameters related to these aspects are introduced post-hoc, often with delays, adding to
the overall uncertainty of the model's predictions.

To enhance forecast accuracy, developing new features in the future may be necessary. Cur-
rently, the model assumes constant durations for health-related states (e.g., hospitalization), while
using parameter distributions could improve realism. Simplified modeling of transportation and
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sa  commuting could be expanded for better representation of local and long-distance transmission.
s Agent behavior could be refined by introducing behavioral attributes, and contact change calibra-
sos  tion would benefit from using external data, like mobility. However, these extensions increase
s the number of parameters to calibrate, computational complexity and load, as well as introduce
se inherent uncertainties (e.g., mobility change only proxies contact pattern change).

500 Data availability remains a fundamental limitation of the pDyn model. Several crucial datasets
s were unavailable at the time of our forecasting, including contact tracing data, the influx of new
su  cases, the number of households in quarantine, and estimated transmissions between household
s members. Also, much of the data available during the data epidemic was biased and would require
sz modeling (like nowcasting of hospitalization data). In particular, there needed to be more effort
s in obtaining current and reliable data quickly. These issues underscore the importance of robust
sis  and timely epidemic surveillance systems for mathematical modeling of epidemics.

516 Nonetheless, despite limited data availability, the pDyn model provided valuable insights into
si7 epidemic processes and demonstrated remarkable forecasting efficiency. It can aid in understand-
sis ing epidemic mechanisms and inform epidemic policy design by enabling the comparison of mul-
si9 tiple scenarios.

520 In summary, our study highlights the pDyn model’s robust capabilities and potential for provid-
s ing reliable and insightful forecasts across various aspects of the COVID-19 pandemic. Key findings
s2  can be summarized as follows:

523 1. Model Validation: The generative ABM pDyn employs intricate internal states to incorporate
524 extensive data, allowing for the representation of mechanisms beyond the scope of phe-
525 nomenological models. We validated the model's accuracy in simulating pathogen variant
526 succession, immunization processes, and the proportion of vaccinated individuals among
527 confirmed cases, revealing close alignment with real-world data. Additionally, we introduced
528 an innovative approach to address uncertainty in generative models. This approach involves
520 comparing model-generated variables, which were not targeted initially as outputs, with real-
530 world data, thereby enhancing our ability to analyze patterns.

531 2. Predictive Capabilities: The meticulous generative description of epidemic spread in pDyn re-
532 sults in impressive predictive performance, encompassing new cases, hospitalizations, ICU
533 admissions, and deaths. Evaluations within the German and Polish COVID-19 Forecast Hub
534 and the European COVID-19 Forecast Hub confirmed these capabilities. In our assessment
535 of predictive capabilities, we focused on peak timing, peak magnitude, and wave duration
536 for confirmed cases, hospitalizations, ICU admissions, and deaths. While peak values were
537 often overestimated, the model consistently captured the dynamics of the Delta wave. Our
538 findings underscore the importance of aligning forecasting interpretation with the challenges
539 related to data collection during epidemics. This highlights the role of informed nowcasting,
540 particularly for data related to infection-related hospitalizations and deaths.

sa1 3. Regional Forecasting: pDyn enables detailed epidemic simulations at both national and re-
542 gional levels, providing a granular perspective on disease dynamics. However, forecasting at
543 the regional level using national data has inherent limitations. Our examination of regional
544 forecasting within Poland’s administrative units revealed alignment with real-world data, al-
545 though variations were observed, likely influenced by regional behavioral factors.

546 In conclusion, the pDyn model possesses numerous strengths, including its capacity to model

s complexsocial networks, simulate epidemics across different spatial scales, and account for pathogen
ss Variants and immunity dynamics. Our comprehensive evaluation underscores its reliability in mod-
se0  eling COVID-19 dynamics in Poland, providing valuable insights for informing public health decision-
sso  making and mitigation strategies.

551 Finally, we propose recommendations for epidemiological ABMs:
552 + Extend Validation: ABMs should regularly validate their models by comparing internal vari-
553 ables with empirical data. This approach facilitates the validation of emergent epidemiolog-
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554 ical dynamics without the need for individual parameter validation, especially in situations

555 where parameter validation is challenging. Additionally, conducting step-by-step validation
556 for specific phenomena, such as reinfections and vaccine efficacy, can provide a deeper un-
557 derstanding of the model’s characteristics and increase confidence in the accuracy and ro-
558 bustness of its results.

559 * Monitor Local Changes: Monitoring local changes in epidemics, including the presence of vari-
560 ants of concern and shifts in seroprevalence, along with behavioral effects of mitigation
561 strategies like vaccination campaigns, lockdowns, and testing, is essential. This practice al-
562 lows for the customization of models and parameters to specific country or regional situa-
563 tions, leading to improved short and medium-term forecasting accuracy.

564 + Enhance Monitoring Systems: There should be a concerted effort to enhance monitoring sys-
565 tems in two critical dimensions — data quality and data coverage. Institutions responsible
566 for data collection and monitoring should gain a deep understanding of the empirical data
567 requirements for complex models like pDyn. Leveraging the fastest and most accessible data
568 streams can significantly inform and improve modeling efforts.

569 These recommendations aim to strengthen the reliability and effectiveness of epidemiological

so ABMSs, ultimately aiding in better preparedness and decision-making during disease outbreaks.

s» Materials and methods

s» The pDyn model

si3 Our research utilizes pDyn, the detailed epidemiological ABM developed at the Interdisciplinary
s Center for Mathematical and Computational Modelling at the University of Warsaw, Poland (ICM) (Niedzielew
sis et al., 2022). The simulator was optimized for High-Performance Computing environment and runs
st in the ICM supercomputing facility.

577 The simulator originated as the influenza epidemic model (Rakowski et al., 20710a) with follow-
sis  ing features implemented: airborne transmission, pathogen characteristics (i.e. transmissibility),
s self-isolation, social contacts settings (i.e. households, workplaces, schools, universities, public
ss0  places, long distance travels), SIR states. Subsequently, during the COVID-19 pandemic, it has been
s expanded with features tailored to represent characteristics of the SARS-CoV-2 infection, to facili-
sz tate the Polish government's infection prevention and control the decision-making process. The fol-
ss3 lowing new components have been implemented: partial immunity, variants of pathogen/vaccines,
s« quarantine, partial school closure (i.e. age dependent), reactive NPIs, regional NPIs, changing con-
sss  tact rates, vaccination, immunity waning, cross-immunity, dark figure, times and transition prob-
sss  ability table (i.e. of the disease-related states), age-dependency of time and transition to disease
ss7  Sstates, new social contact settings (i.e. kindergardens), new disease-related states (i.e. asymp-
s tomatic, symptomatic, hospitalized pre-ICU, at ICU, not at ICU).

589 To better illustrate the pDyn'’s scale and complexity, we present a mind map in the Figure 2 that
s Organizes the model elements in a transparent, modular way. It explicitly depicts the version of the
s model used in the study. Functions developed by adapting the original version of the simulator to
s2  the COVID-19 are marked in the figure by asterisk (*). The detailed description of the pDyn model
s3  following the Overview, the Design concepts, and the Details protocol (ODD, (Grimm et al., 2020))
s« is publicly available (Niedzielewski et al., 2022).

505 The overall purpose of the pDyn model is to describe and explain the spatial and temporal
s dynamics of SARS-CoV-2 spread across Polish society. The model predicts the dynamics of the
s number and locations of disease-related states of agents in response to specific changes in the
ss  properties of the pathogen and the social structure and behaviour.

599 Two types of entities are included in the model: agents and contexts. Agents represent mem-
eo bers of the society. Contexts capture interactions between agents; they represent locations at
s1 Which the agents come in contact, such as households, workplaces, kindergartens, schools, univer-
2 Sities or public places. Their geo-localized representations are included in the synthetic society as
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model input (Rakowski et al., 2010b). The synthetic society is based on data provided by the Statis-
tics Poland (Statistics Poland, 2019) and reflects the state at the beginning of 2019. The spatial
resolution of the contexts is a grid of 1x1 km? (for Poland, it requires 800x800 grid cells). Addition-
ally, pDyn models the mobility of agents via random long-distance travels (i.e. when an agent leaves
its household for more than a day). Each agent is assigned to one or more contexts (household at
least) that it visits daily.

Both agents and contexts are characterized by state variables. The agent's state variables are as
follows: age, list of contexts to which it is assigned (including primary household), disease-related
state, presence of symptoms, being on quarantine, travel status, transmission location, and his-
tory of immunization events. The context's state variables are as follows: spatial coordinates of a
given context, transmission rate in this context, the number of agents in this context, the number
of symptomatic infectious agents in this context, and the number of non-symptomatic infectious
agents in this context. The time resolution in the simulation is one day.

The most important process of the model is airborne transmission.

For a given susceptible agent, for a given day of the simulation, and a given variant of the virus,
the probability of becoming infected by that variant on the following day is computed based on
three factors: (1) the infectivity parameter specific to the variant, (2) the infectivity of the contexts
visited during the day which we define as the fraction of infectious agents infected with the con-
sidered variant in that context, (3) the weights of the daily visited contexts which represent the
contact rate of the agents in that context.

Thus, the probability of each susceptible agent getting infected on the next day of the simu-
lation is a function of the disease-related states of all agents with whom it has been in contact in
contexts during the current day (Niedzielewski et al., 2022). Immediately after the recovery or af-
ter taking a vaccine, the agent is immune to the infection variant of the pathogen, but the level
of immunity wanes over time. The level of immunity calculated on a given day of the simulation
modifies the probability of infection with the variant. In addition, recovery from infection with a
particular variant of the virus generates a certain level of cross-immunity to other variants. Fur-
thermore, the context weights are adjusted using multipliers in time to represent the changes in
the contact rates (i.e., the number of contacts made divided by the number of contact opportuni-
ties) due to behavioural reactions to the epidemic, both spontaneous or in response to the control
measures.

The model of possible disease-related states in pDyn expands the SEIR (Susceptible, Exposed, In-
fected, Recovered) compartmental model (Li and Muldowney, 1995). An agent can find itself in one
of the following disease-related states: susceptible, latent, asymptomatic, symptomatic, hospital-
ized outside the ICU, hospitalized before ICU, hospitalized at ICU, dead, or recovered state. These
disease-related states form an ordered graph that defines possible courses of infection (Figure 8).
At each branching, probability parameters have been introduced to control the likelihood of the
specific transitions between states (specific to the pathogen variant).

In addition, the duration of each state is defined. The transition probabilities and the duration of
states depend on agent's age. It is assumed that both the asymptomatic and symptomatic states
are infectious and that infectivity in the symptomatic state is higher than in the asymptomatic
one (Sayampanathan et al., 2021; Han et al., 2020; Zhao et al., 2020). On the other hand, there is
a possibility for an agent in a symptomatic state to undergo self-isolation or quarantine, meaning
the agent withdraws from all contexts except for the household. The probability and duration
parameters were selected based on several studies (Gold et al., 2020; Carrillo-Vega et al., 2020;
Petrilli et al., 2020; Ko et al., 2021; Twohig et al., 2022) and their values implemented in the present
simulation are presented in Appendix 3.

In the pDyn, the number of infected agents includes both detected and undetected cases. Un-
detected cases impact various aspects of pandemic dynamic such as the true disease spread, the
number of immunised individuals, numbers of hospitalized cases and deaths. The model intro-
duces a dark figure representing the number of undetected cases, generating outputs for both real
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Figure 8. The possible paths through disease-related states in the pDyn model. The state abbreviations stand
for SP — susceptible, L — latent, A — asymptomatic, S — symptomatic, HPI — hospitalized, pre-ICU, HI —
hospitalized, at ICU, HNI — hospitalized, not at ICU, D — dead, R — recovered. In addition, there are three
surefire paths (with transition probability equal to 1; marked with solid arrows) regardless of the agent's age.

cases (detected and undetected) and detected cases. The dark figure changes over time and is
estimated by considering factors such as the ratio of non-symptomatic to symptomatic cases, test-
ing strategies, test types, test numbers, contact tracing, public trust, and seroprevalence screening
studies (National Institute of Public Health, 2023).

The pDyn model simulate vaccination programs, considering factors like geographical distribu-
tion, agent's age, and the number of vaccines administered. However, the presented simulation is
agnostic to the type of vaccination, treating boost vaccinations the same as first doses, and not dif-
ferentiating between various vaccines. The model offers fine-tuned control of vaccination, allowing
for region-specific and age-based vaccination strategies with limited supply considerations based
on data provided by Polish government under the license defined in a Non-Disclosure Agreement.

The pDyn explicitly addresses the cross-immunity phenomenon. The model assumes that the
agent is immune to the infection variantimmediately after recovery or after taking a vaccine, albeit
the immunity level is waning over time. The decline in the immunity level is described in the func-
tion of elapsed time since recovery and can take values between 0 and 1 (Figure 1in Appendix 3).
The immunity level of an agent computed on a given day of the simulation modifies the proba-
bility of infection with the variant subject to immunity. Moreover, we model the phenomenon of
cross-immunity by assuming that recovery from an infection with a specific virus variant generates
some immunity level to other variants. The parameters related to (cross-)immunity were estimated
from (Scobie et al., 2027) and presented in Appendix 3.

The pDyn allows to model risk exposure changes, whether seasonal (e.g. school closure during
holidays) or behavioural (e.g. in response to NPIs, e.g., online schooling), by switching off or tuning
contexts, using context weight multipliers. To our best knowledge, no systematic studies of contact
rates changes were carried out during the COVID-19 epidemic in Poland. Instead, the models use
intermediate (e.g., estimates based on measurements of the use of mobile networks) or partial
(e.g., social mixing surveys) measures. In pDyn, the initial contacting rates were adopted from
original influenza model (Rakowski et al., 2010a). Changes in contact rates during the outbreak
and subsequent restrictions were implemented through multipliers.

In order to model changes in the contact rate for a particular context, we utilized the calibra-
tion experiments method, except for educational units, for which these multipliers were estimated
based on the proportion of pupils attending them. Multipliers for the households, workplaces, and
public places were adjusted with an assessment of the change in contact rates (based on changes
in the number of people and their compliance with social distancing measures in a given context).
The calibration experiments were executed in the following way: first we established the optimistic
and pessimistic contact rate scenarios by assessing the minimum and maximum values of multipli-
ers (such as low vs. high face mask use compliance). For example, on March 12, 2020, the mandate
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of remote work and social distancing at the workplace was introduced, therefore we reduced the
value of the workplace context multiplier from 1 to 0.5 in the optimistic scenario and to 0.8 in the
pessimistic scenario. Then, we tested several multiplier values in the selected range to compare
the results with the actual data of the identified cases from 14 days after the introduced change
and adjusted the value of multipliers as necessary. In order to determine the best set of multipliers,
the Fréchet distance between the number of confirmed cases predicted by the model and the real-
world data was minimized. The final list of all context multipliers is presented in the Appendix 3.

Regional diversity of the predicted epidemic dynamic on voivodship level is only due to a spatial
structure of the synthetic society, some regional differentiation of weight multipliers motivated by
regional NPIs in force before the Delta wave as well as location of infected agents spatially placed
at the simulation date.

Input data and calibration

In pDyn, the infection spread is simulated on a synthetic representation of Polish society compris-
ing about 38 million agents representing Poland’s population in 2019, simulated based on Statis-
tics Poland data, both publicly (Statistics Poland, 2019; Rakowski et al., 2070b) and not publicly
available. Non-public data was provided under the license defined in a Non-Disclosure Agreement
and can be made available with the permission of the data provider. The spread of epidemics
and individual virus variants begins with initial infections, which serve as an initial condition of the
simulation. Data on the date and location of the initial infections have provided by the Polish Min-
istry of Health (please see Appendix 4, containing data sources). Initial parameters are loaded to-
gether with the synthetic society at the beginning of the simulation. The initial parameters include
pathogen properties (infectivity, probabilities and times of disease-related states per variant), the
proportion of undetected cases, quarantine probability, cross-immunity and immunity waning pa-
rameters, and context weights, and their multipliers.

Two parameters, namely the basic pathogen variant infectivity (a) and the fraction of not self-
isolating symptomatic agents (f) were fitted in the model calibration process using Bayesian opti-
mization (Shahriari et al., 2016) to the real-world number of confirmed cases provided initially by
Michat Rogalski and then by the Polish Ministry of Health. The remaining parameters were taken
from the literature (as indicated in the model description) or estimated based on calibration exper-
iments, such as those described for modeling changes in the contact rates for different contexts
(multipliers). Similarly to setting optimistic and pessimistic scenarios for multipliers, we dealt with
the uncertainty for the remaining model parameters by setting specific prediction intervals based
on optimistic and pessimistic scenarios.

In stochastic models, such prediction intervals may arise from several interrelated sources.
Firstly, it can be derived from a number of simulations carried out with alternating seeds of the
pseudo-random number generator. Secondly, it can be derived from several simulations with al-
ternating input parameter values taken from appropriate distributions. Thirdly, the assumed or
prepared initial state of the system, e.g. the immunisation of the population, might strongly af-
fect the outcome values of the simulation. Finally, the result of time-dependent curve prediction
intervals for each time point forms a confidence interval.

As a result, broad prediction intervals can be obtained in the simulations of highly non-linear
systems, where the small random change of input parameters might result in a significant out-
put change. However, the broad prediction intervals appear when input parameters are delivered
with a broad range of possible values or where the system’s initial state features are largely un-
known. In our case, the nonlinearity of the model is limited, and the main source of the output
uncertainty comes from the uncertainty of various parameter values and the system’s initial state.
In such a situation, apart from computing the confidence corridors resulting from the randomness
of the process, the two extreme scenarios have been formulated: the lowest (optimistic) and the
highest (pessimistic), regarding possible but still realistic values of parameters and initial states of
the system. The two scenarios determine the prediction interval for our forecast. The contrast in
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uncertainty coming from different sources (random seed vs two scenarios) is illustrated for the
simulation described inAppendix 5.

Simulation setup

Hardware

Computations are performed on Cray XC40 (Okeanos) that is part of ICM computing infrastructure.
System is composed of 1084 computing nodes. Each node has 24 Intel Xeon E5-2690 v3 CPU cores
with a 2-way Hyper Threading (HT) with 2.6 GHz clock frequency. Single simulation on single nodes
takes around 2 hours (time depends on parameters configuration).

Model calibration

The simulation used in this study was conducted on October 28, 2021. In order to account for the
uncertainty, we have formulated pessimistic and optimistic scenarios differing in the dark figure
parameter (see Appendix 5) that was estimated using seroprevalence and registered cases data.
The pessimistic scenario proved to yield a more accurate prediction of the Delta-variant wave than
the optimistic scenario. Therefore, all presented results come from the pessimistic scenario).

Testing validity of the model dynamics

It should be noted at the beginning that when testing the validity of the model, we compared the
real-world data (other than those to which we calibrated the model) to our model estimates to
evaluate whether the pDyn reproduced the dynamics of the epidemic accurately up to the time
of simulation (i.e., October 28 2021). When testing the accuracy of the pDyn's predictions, we
retrospectively compared the results obtained in the simulation with real-world data acquired after
the simulation date to evaluate pDyn as a tool for predicting the future epidemic spread.

We tested the validity of the epidemic dynamics implemented in the model by comparing our
simulations with real-world data regarding the dominating SARS-CoV-2 variant, immunization level
in the population, and the fraction of vaccinated amongst detected cases.

The emergence of the variants of pathogen in the real world is monitored, and data are collected
and accessible via Global Initiative on Sharing Avian Influenza Data (GISAID) portal (Khare et al.,
2021). The distribution of SARS-CoV-2 variants in our model was validated by comparison with the
genomic data from the GISAID. Before the day of our simulation, three dominant variants have
been detected in Poland (namely, the wild type, Alpha, and Delta). To account for the possible low
representativeness of the GISAID samples available for Poland, we assessed whether the curves
representing the temporal succession of the wild type, Alpha and Delta variants obtained from
our model mirrors the analogous "succession curves" obtained from GISAID by comparing the
time convergence of reaching 25%, 50%, and 75% prevalence for each variant.

Similarly, to establish the immunization level (the fraction of agents who have been vaccinated
or have undergone disease and are still immune), we compared the model results with the results
of a nation-wide seroprevalence survey of adults aged 19 years and older (named OBSER-CO) run
by the National Institute for Public Health in Poland (National Institute of Public Health, 2021,
2023). This data was collected in four rounds (I round: 29 March to 14 May 2021, Il round: 27 July
to 10 September 2021, Ill round: 16 November to 23 December 2021, IV round: 14 March to 4 May
2022) alongside with 95% confidence intervals for each estimate. The OBSER-CO seroprevalence
estimates were used to approximate the validity of pDyn's predictions of the cumulative sum of
recovered and vaccinated agents. As only the adult population was studied in the OBSER-CO study,
data of agents younger than 19 years were not included in Figure 4.

Lastly, using the Ministry of Health data on the age, time, and location distribution of vaccina-
tions, pDyn model computed the fraction of vaccinated among the detected cases. We tested the
validity of this estimate by comparing it with the Ministry of Health's estimate of the fraction of
vaccinated detected cases in the population using mean absolute error (MAE) method.
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Testing the forecast accuracy

In order to evaluate the performance of our model and the accuracy of the simulation in repro-
ducing the COVID-19 dynamics, we compared its results to real-world data (from the Ministry of
Health [quote]) using three key measures of discrepancy: (1) the difference in peak date, (2) the
difference in peak value, and (3) the difference in wave length.

To calculate the differences, we first characterized the peaks of the COVID-19 pandemic by
fitting a parameterized analytical function to the data indicating the occurrence of a wave. As
the logistic curve is typically used to approximate a cumulative number of infected cases in epi-
demics (Lee et al., 2020; Postnikov, 2020), its derivative, known as the logistic distribution, is a
natural choice for a description of daily cases. The logistic distribution is parameterized by three
quantities, which can be matched to our measures: (1) the mean (peak data, the central point of
the wave peak), (2) the height (peak value), and (3) the width (wave length). The latter was adapted
for our analysis as a full width at half-maximum (FWHM) (Bonifazi et al., 2021). In Appendix 6 we
provided a mathematical formula for calculating FWHM, as well as details and examples of the
fitting procedure.

This analysis was applied to the peaks of new confirmed cases, COVID-19-related deaths, hos-
pitalized patients, and ICU patients, both at the national and regional levels, and both for model
results and real-world data. Although within the real-world data the Delta wave peaks are usually
partially overlapped with arising Omicron wave peaks (not taken into account in the forecast), a
sum of two logistic distributions of individual parameters were fitted in this case, and only the first
peak of Delta wave was taken for further analysis. The same method was employed to test the ac-
curacy of predictions at the level of voivodships, which are the basic administrative units in Poland
where epidemic data is collected and potential NPIs are introduced.
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Appendix 1

Mitigation measures during the COVID-19 epidemic in Poland

Appendix 1—table 1. Timeline of critical mitigation measures implemented in Poland during the
COVID-19 pandemic from March 2020 to December 2022

Mitigation measure

Date first introduced

Quarantine for contacts

Case detection (testing)

Work-from-home order

Ban on mass gatherings

Online schooling

Online studying at universities

Ban on entertainment events

Closure of sports gyms

Closure of hotel accommodations

Limits on the number of people in public spaces
Closure of public spaces

Stay-at-home order

Mandatory mask wearing in closed spaces
Restrictions on private gatherings
Mandatory mask wearing in open spaces
Limits in places of worship

Limits on sports gyms

Limits on hotel accommodations
Vaccination programme

Availability of booster dose vaccination

March 4, 2020
March 4, 2020
March 8, 2020
March 10, 2020
March 12, 2020
March 12, 2020
March 14, 2020
March 14, 2020
March 14, 2020
March 15, 2020
March 15, 2020
March 24, 2020
May 30, 2020
April 2, 2020

April 14, 2020
April 19, 2020
June 5, 2020
October 24, 2020
December 27, 2020
November 2, 2021
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1115

Appendix 1—table 2. Ranks description for unified restrictions calendar in Poland

Type of restriction

Public space

Workplaces (services)

Universities

Schools

Kindergartens

No restrictions.

Social distancing, per-
sonal protective equip-
ment, sanitation sta-
tions in buildings are
required. Gatherings
and some mass events
are permitted with lim-
its.

Public transport avail-
able with additional
safety rules. Medium
gatherings  (approxi-
mately 100 persons)
are permitted with
limits (e.g., weddings).
Some public spaces
like  museums, li-
braries are available.
Public transport lim-
ited to approximately
50% available seats.
Small gatherings are
permitted with limits
and additional safety
norms (<50 persons).

Mobility is restricted
to commuting or ba-
sic necessities of life.
Public gathering is for-
bidden (limit <5 per-
sons). Public transport
limited to 25-50% avail-
able seats. Underage
are not permitted to
walk alone.

No restrictions.

Social distancing, per-
sonal protective equip-
ment, sanitation sta-
tions in buildings are
required. Indoor gyms
are available with lim-
its.

Some capacity limits in
shopping malls. Hos-
pitality and wellness
industry are available

with limits.  Restau-
rants are available
with limits.

Capacity limits in shop-
ping malls. Hospitality
industry, therapeutic
rehabilitation is avail-
able with strict limits.
Indoor wellness indus-
try, swimming pools
are closed or strictly
limited.  Restaurants
are strictly limited
or can serve only
takeaway food.

Shopping malls are
closed or strictly lim-
ited. Hospitality and
wellness industry are
fully suspended. The
number of people
in shops and service
points are strictly lim-
ited to the number of
till points and surface
of the point. Restau-
rants can serve only
takeaway food.

No restrictions.
Social distancing,
personal  protec-
tive equipment,
sanitation stations
in buildings are
required.

Digital learn-
ing/remote lec-
tures are  de-
fault/highly recom-
mended, but face-
to-face courses are
available.

Digital learn-
ing/remote lec-
tures are  de-
fault, and face-to-
face courses are
strongly  discour-
aged.

Suspension of face-
to-face  teaching
and transition to
digital learning.

No restrictions.
Stationary educa-
tion with social
distancing, per-
sonal  protective
equipment,  san-
itation stations
in buildings are
required.
Different  grades
are visiting school
alternately or
hybrid education.

Face-to-face teach-
ing is available only
for certain grades
(e.g., I-Ill), special-
ized courses (e.g.,
vocational classes),
or final exam can-
didates (e.g., matu-
rity exam).

Suspension of face-
to-face  teaching
and full transition
to digital learning.

No restrictions.
Social distancing,
personal  protec-
tive equipment,
sanitation stations
in buildings are
required.

Partial availability
depending on
local regulations,
additional  safety
norms, and maxi-
mum kids capacity
limits.
Kindergartens are
available only for
kids of medical ser-
vice parents.

Kindergartens are
suspended.
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1119 Appendix 2—figure 1. The full course of the COVID-19 detected cases in voivodships: comparison
1120 between the dynamics generated from the model (red lines) and the epidemiological data (black
1122 lines).
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1124 Appendix 2—figure 2. The full course of the COVID-19-related hospitalizations in voivodships:
1125 comparison between the dynamics generated from the model (green lines) and the epidemiological
1128 data (black lines).
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1129 Appendix 2—figure 3. The full course of the COVID-19-related ICU occupation in voivodships:
1130 comparison between the dynamics generated from the model (blue lines) and the epidemiological
1132 data (black lines).
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1134 Appendix 2—figure 4. The full course of the COVID-19-related deaths in voivodships: comparison
1135 between the dynamics generated from the model (purple lines) and the epidemiological data (black
1138 lines).
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Appendix 2—table 1. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in Dolnoslgskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 2092 2021-12-10 62
) Real-world 2076  2021-12-03 40
New confirmed cases )

Difference 16 7 22
Relative difference 0.77% 55.0%
Simulation 3270 2021-12-21 59
Hospitalized Real-world 1836 2021-12-15 55!
P Difference 1434 6 4
Relative difference 78.1% 7.27%
Simulation 410 2021-12-30 58
ICU patients Real-world 160 2021-12-20 60
P Difference 250 10 -2
Relative difference 156.25% -3.33%
Simulation 70 2021-12-27 60
Real-world 29 2021-12-24 55!

Reported deaths . W
Difference 41 3 5
Relative difference 141.38% 9.09%
Simulation 70 2021-12-27 60
Excess Real-world 66 2021-12-16 60
deaths Difference 4 11 0
Relative difference 6.06% 0.0%

Appendix 2—table 2. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in Dolno$lgskie voivodship.
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Output Comparison Peak value Peak timing Width (FWHM)
Simulation 2092 2021-12-10 62
New confirmed cases Real-world 2076  2021-12-03 40
Difference 16 7 22
Relative difference 0.77% 55.0%
Simulation 3270 2021-12-21 59
Hospitalized Real-world 1836 2021-12-15 55
P Difference 1434 6 4
Relative difference 78.1% 7.27%
Simulation 410 2021-12-30 58
ICU patients Real-world 160 2021-12-20 60
P Difference 250 10 2
Relative difference 156.25% -3.33%
Simulation 70 2021-12-27 60
Real-world 29 2021-12-24 55

R h
eported deaths Difference 41 3 5
Relative difference 141.38% 9.09%
Simulation 70  2021-12-27 60
Excess Real-world 66 2021-12-16 60
deaths Difference 4 11 0
Relative difference 6.06% 0.0%
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Appendix 2—table 3. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the

Full-Width Half-Maximum (FWHM) of the Delta wave in Kujawsko-Pomorskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 1048 2021-12-11 79
New confirmed cases Real-world 1318 2021-12-01 41
Difference -270 10 38
Relative difference -20.49% 92.68%
Simulation 1426  2021-12-20 74
Hospitalized Real-world 1179 2021-12-15 66
P Difference 247 5 8
Relative difference 20.95% 12.12%
Simulation 177 2021-12-28 73
ICU patients Real-world 107 2021-12-18 64
P Difference 70 10 9
Relative difference 65.42% 14.06%
Simulation 31  2021-12-28 74
Real-world 27 2021-12-19 58

R ted death
eported deaths Difference 4 9 16
Relative difference 14.81% 27.59%
Simulation 31  2021-12-28 74
Excess Real-world 45  2021-12-13 60
deaths Difference -14 15 14
Relative difference -31.11% 23.33%
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1164

Appendix 2—table 4. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in Lubelskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 1824  2021-11-22 55
New confirmed cases Real-world 1550 2021-11-10 49
Difference 274 12 6
Relative difference 17.68% 12.24%
Simulation 3663 2021-11-30 53
Hospitalized Real-world 1938 2021-11-22 59
P Difference 1725 8 6
Relative difference 89.01% -10.17%
Simulation 486  2021-12-11 52
ICU patients Real-world 157 2021-11-24 56
P Difference 329 17 4
Relative difference 209.55% -7.14%
Simulation 79 2021-12-10 55
Real-world 45  2021-11-26 52

R d death
eported deaths Difference 34 14 3
Relative difference 75.56% 5.77%
Simulation 79 2021-12-10 55
Excess Real-world 68 2021-11-18 61
deaths Difference 11 22 -6
Relative difference 16.18% -9.84%
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Appendix 2—table 5. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in Lubuskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 535 2021-12-07 77
New confirmed cases Real-world 683 2021-12-04 37
Difference -148 3 40
Relative difference -21.67% 108.11%
Simulation 752 2021-12-16 71
Hospitalized Real-world 616 2021-12-16 56
P Difference 136 0 15
Relative difference 22.08% 26.79%
Simulation 94  2021-12-27 71
ICU patients Real-world 42  2021-12-19 66
P Difference 52 8 5
Relative difference 123.81% 7.58%
Simulation 16 2021-12-22 73
Real-world 13 2021-12-27 55

R d death
eported deaths Difference 3 -5 18
Relative difference 23.08% 32.73%
Simulation 16 2021-12-22 73
Excess Real-world 24  2021-12-13 48
deaths Difference -8 9 25
Relative difference -33.33% 52.08%
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Appendix 2—table 6. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in £édzkie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 1804 2021-12-14 58

New confirmed cases Real-world 1413  2021-11-30 49
Difference 391 14 9

Relative difference 27.67% 18.37%

Simulation 3153 2021-12-21 55

Hospitalized Real-world 1968 2021-12-13 62
P Difference 1185 8 7
Relative difference 60.21% -11.29%

Simulation 402 2022-01-01 55

ICU patients Real-world 130 2021-12-18 80
P Difference 272 14 25
Relative difference 209.23% -31.25%

Simulation 67 2021-12-29 58

Real-world 30 2021-12-20 66

Reported deaths Difference 37 9 -8
Relative difference 123.33% -12.12%

Simulation 67 2021-12-29 58

Excess Real-world 58 2021-12-12 62
deaths Difference 9 17 -4
Relative difference 15.52% -6.45%
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Appendix 2—table 7. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in Matopolskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 2579  2021-11-30 61

New confirmed cases Real-world 2020 2021-12-03 42
Difference 559 -3 19

Relative difference 27.67% 45.24%

Simulation 4499  2021-12-05 58

Hospitalized Real-world 2165 2021-12-10 51
P Difference 2334 5 7
Relative difference 107.81% 13.73%

Simulation 611 2021-12-15 56

ICU patients Real-world 225 2021-12-14 54
P Difference 386 1 2
Relative difference 171.56% 3.7%

Simulation 98 2021-12-14 60

Real-world 42  2021-12-18 54

Reported deaths Difference 56 -4 6
Relative difference 133.33% 11.11%

Simulation 98 2021-12-14 60

Excess Real-world 74  2021-12-13 63
deaths Difference 24 1 -3
Relative difference 32.43% -4.76%
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Appendix 2—table 8. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in Mazowieckie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 4059 2021-12-17 59
New confirmed cases Real-world 4289 2021-11-24 44
Difference -230 23 15
Relative difference -5.36% 34.09%
Simulation 5687 2021-12-25 58
Hospitalized Real-world 3307 2021-12-06 57
P Difference 2380 19 1
Relative difference 71.97% 1.75%
Simulation 730 2022-01-04 58
ICU patients Real-world 359 2021-12-10 65
P Difference 371 25 -7
Relative difference 103.34% -10.77%
Simulation 120 2022-01-02 60
Real-world 57 2021-12-12 60

R ted death
eported deaths Difference 63 21 0
Relative difference 110.53% 0.0%
Simulation 120 2022-01-02 60
Excess Real-world 121 2021-12-04 62
deaths Difference -1 29 -2
Relative difference -0.83% -3.23%
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Appendix 2—table 9. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in Opolskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 838 2021-11-28 54

New confirmed cases Real-world 786  2021-12-05 40
Difference 52 -7 14

Relative difference 6.62% 35.0%

Simulation 1595 2021-12-06 51

Hospitalized Real-world 697 2021-12-18 51
P Difference 898 12 0
Relative difference 128.84% 0.0%

Simulation 204  2021-12-16 50

ICU patients Real-world 72  2021-12-21 60
P Difference 132 -5 -10
Relative difference 183.33% -16.67%

Simulation 33  2021-12-17 53

Real-world 17 2021-12-17 52

Reported deaths Difference 16 0 1
Relative difference 94.12% 1.92%

Simulation 33  2021-12-17 53

Excess Real-world 30 2021-12-13 46
deaths Difference 3 4 7
Relative difference 10.0% 15.22%
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Appendix 2—table 10. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in Podkarpackie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 2428 2021-11-03 44
) Real-world 915 2021-11-27 49

New confirmed cases )
Difference 1513 -24 -5
Relative difference 165.36% -10.2%
Simulation 5479 2021-11-12 43
Hospitalized Real-world 1584 2021-12-07 59
P Difference 3895 25 16
Relative difference 245.9% -27.12%
Simulation 751  2021-11-23 42
ICU patients Real-world 182 2021-12-12 63
P Difference 569 -19 -21
Relative difference 312.64% -33.33%
Simulation 116 2021-11-23 46
Real-world 31 2021-12-13 54

R ted death

eported deaths Difference 85 -20 -8
Relative difference 274.19% -14.81%
Simulation 116  2021-11-23 46
Excess Real-world 54 2021-12-08 68
deaths Difference 62 -15 -22
Relative difference 114.81% -32.35%
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Appendix 2—table 11. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in Podlaskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 938 2021-12-08 61

New confirmed cases Real-world 754  2021-11-11 48
Difference 184 27 13

Relative difference 24.4% 27.08%

Simulation 1998 2021-12-12 60

Hospitalized Real-world 1238 2021-11-21 56
P Difference 760 21 4
Relative difference 61.39% 7.14%

Simulation 261 2021-12-23 59

ICU patients Real-world 95 2021-11-26 62
P Difference 166 27 3
Relative difference 174.74% -4.84%

Simulation 43  2021-12-20 62

Real-world 21 2021-11-28 47

Reported deaths Difference 22 22 15
Relative difference 104.76% 31.91%

Simulation 43  2021-12-20 62

Excess Real-world 41 2021-11-22 58
deaths Difference 2 28 4
Relative difference 4.88% 6.9%
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Appendix 2—table 12. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in Pomorskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 1626 2021-12-23 62
) Real-world 1472 2021-12-02 46

New confirmed cases )
Difference 154 21 16
Relative difference 10.46% 34.78%
Simulation 2038 2021-12-31 56
Hospitalized Real-world 1105 2021-12-17 59
P Difference 933 14 3
Relative difference 84.43% -5.08%
Simulation 260 2022-01-11 54
ICU patients Real-world 76  2021-12-16 59
P Difference 184 26 -5
Relative difference 242.11% -8.47%
Simulation 43 2022-01-11 58
Real-world 19 2021-12-21 55!

R ted death

eported deaths Difference 24 21 3
Relative difference 126.32% 5.45%
Simulation 43 2022-01-11 58
Excess Real-world 43  2021-12-18 71
deaths Difference 0 24 -13
Relative difference 0.0% -18.31%
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Appendix 2—table 13. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in Slgskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 3340 2021-12-21 58
New confirmed cases Real-world 3207 2021-12-04 40
Difference 133 17 18
Relative difference 4.15% 45.0%
Simulation 5536 2021-12-30 55
Hospitalized Real-world 2624  2021-12-17 54
P Difference 2912 13 1
Relative difference 110.98% 1.85%
Simulation 689 2022-01-10 55
ICU patients Real-world 264 2021-12-20 55)
P Difference 425 21 0
Relative difference 160.98% 0.0%
Simulation 115  2022-01-07 58
Real-world 56 2021-12-22 52

Reported death
eported deaths Difference 59 16 6
Relative difference 105.36% 11.54%
Simulation 115  2022-01-07 58
Excess Real-world 116  2021-12-15 54
deaths Difference -1 23 4
Relative difference -0.86% 7.41%
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Appendix 2—table 14. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the

Full-Width Half-Maximum (FWHM) of the Delta wave in S’.Wietokrzyskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 974 2021-11-20 57
New confirmed cases Real-world 526 2021-12-01 42
Difference 448 -11 15
Relative difference 85.17% 35.71%
Simulation 1866 2021-12-01 55
Hospitalized Real-world 812 2021-12-13 61
P Difference 1054 -12 -6
Relative difference 129.8% -9.84%
Simulation 249  2021-12-12 55
ICU patients Real-world 74  2021-12-16 71
P Difference 175 4 -16
Relative difference 236.49% -22.54%
Simulation 40 2021-12-08 59
Real-world 15  2021-12-20 64

R d death
eported deaths Difference 25 -12 -5
Relative difference 166.67% -7.81%
Simulation 40 2021-12-08 59
Excess Real-world 25 2021-12-13 81
deaths Difference 15 -5 -22
Relative difference 60.0% -27.16%
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Appendix 2—table 15. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the

Full-Width Half-Maximum (FWHM) of the Delta wave in Warminsko-Mazurskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 1278 2021-11-11 54
) Real-world 877 2021-11-28 43

New confirmed cases )
Difference 401 -17 11
Relative difference 45.72% 25.58%
Simulation 2029 2021-11-21 52
Hospitalized Real-world 803 2021-12-12 57
P Difference 1226 -21 -5
Relative difference 152.68% -8.77%
Simulation 263  2021-12-01 51
ICU patients Real-world 70 2021-12-16 77
P Difference 193 -15 -26
Relative difference 275.71% -33.77%
Simulation 42 2021-12-02 56
Real-world 18 2021-12-17 58

R ted death

eported deaths Difference 24 -15 -2
Relative difference 133.33% -3.45%
Simulation 42 2021-12-02 56
Excess Real-world 31 2021-12-13 61
deaths Difference 11 -1 -5
Relative difference 35.48% -8.2%
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Appendix 2—table 16. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the
Full-Width Half-Maximum (FWHM) of the Delta wave in Wielkopolskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 3053 2021-11-28 54

New confirmed cases Real-world 2330 2021-12-03 38
Difference 723 -5 16

Relative difference 31.03% 42.11%

Simulation 4075 2021-12-08 53

Hospitalized Real-world 1900 2021-12-15 54
P Difference 2175 7 1
Relative difference 114.47% -1.85%

Simulation 522 2021-12-19 52

ICU patients Real-world 129 2021-12-22 56
P Difference 393 3 4
Relative difference 304.65% -7.14%

Simulation 84 2021-12-19 56

Real-world 38 2021-12-23 50

Reported deaths Difference 46 -4 6
Relative difference 121.05% 12.0%

Simulation 84 2021-12-19 56

Excess Real-world 67 2021-12-15 62
deaths Difference 17 4 -6
Relative difference 25.37% -9.68%
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Appendix 2—table 17. The comparison between pDyn simulation results and epidemiological data
(see text) for disease-related states regarding the peak value, peak date, and width in terms of the

Full-Width Half-Maximum (FWHM) of the Delta wave in Zachodniopomorskie voivodship.

Output Comparison Peak value Peak timing Width (FWHM)
Simulation 1328 2021-11-26 57
) Real-world 1255 2021-11-28 43

New confirmed cases )
Difference 73 -2 14
Relative difference 5.82% 32.56%
Simulation 2068 2021-12-05 54
Hospitalized Real-world 971 2021-12-13 65
P Difference 1097 -8 -1
Relative difference 112.98% -16.92%
Simulation 260 2021-12-15 52
ICU patients Real-world 67 2021-12-13 66
P Difference 193 2 -14
Relative difference 288.06% -21.21%
Simulation 44  2021-12-16 55
Real-world 18 2021-12-18 60

R ted death

eported deaths Difference 26 -2 -5
Relative difference 144.44% -8.33%
Simulation 44 2021-12-16 55
Excess Real-world 36 2021-12-13 71
deaths Difference 8 3 -16
Relative difference 22.22% -22.54%
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Model parameters
Appendix 3—table 1. General model parameters.

Parameter name Parameter value
Base virus infectivity (a) 2.047 250
Base fraction of symptomatic agents leaving home (1) 0.403 245
Household contact rate 2.5
School contact rate 1.66
Preschool contact rate 1.66
Workplace contact rate 1.66
University contact rate 1.66
Travel contact rate 1.66
Street contact rate 0.83
Traveller creation rate 0.0005
Asymptomatic agents infectivity multiplier 0.1
Share of asymptomatic agents 0.8

Appendix 3—table 2. Cross-immunity matrix. Cross-immunity matrix C of size (N + M) x N is used to
represent a cross-immunity phenomenon, where N is the number of variants and M is the number of
vaccine types. Level of immunity against a new infection (columns), generated by infection recovery or
a vaccination event (rows), is different for each variant.

Variant ~ Wild type  Alpha Delta

Wild type 1 1 0.975
Alpha 1 1 0.975
Delta 0.975 0.975 1

Vaccine 1 1 0.975

Appendix 3—table 3. Parameters of new virus variants introduction.

Variant Introduction date  Number of introduced cases

Wild 06.03.2020 1260
Alpha 25.12.2020 20000
Delta 15.05.2021 5400
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Appendix 3—figure 1. Immunity multiplier function. S() is an immunity multiplier function,
representing immunity decline in time. Immunity is acquired at the moment of recovery or
vaccination. Immunity multiplier for vaccines rises from 0 to 1.0 during first 14 days and is equal to
1.0 until day 30. For infections, it is changed to 1.0 immediately after the recovery. In both cases,
immunity multiplier decreases linearly from 1.0 on day 30 to 0.9 on day 90 (0.0017 per day).

Appendix 3—table 4. Disease-related states duration.

State name State duration in days
Latent 4
Asymptomatic 7
Symptomatic 5
Hospitalized, pre-ICU 13
Hospitalized, at ICU 7
Hospitalized, not at ICU 10
Recovered 1

Appendix 3—table 5. State transitions probabilities in different age groups.

Age range (from inclusive, to exclusive)

State transition 0-20 20-30 30-40 40-50 50-60 60-70 70+
Latent — Asymptomatic 0.92 0.92 0.84 0.84 0.68 0.63 0.23
Latent — Symptomatic 0.08 0.08 0.16 0.16 0.32 0.37 0.77
Asymptomatic — Recovered 1.0 1.0 1.0 1.0 1.0 1.0 1.0
Symptomatic - Hospitalized, not at ICU 0.02 0.024 0.036 0.07 0.14 0.4 0.5
Symptomatic — Hospitalized, pre-ICU 0.002 0.004 0.006 0.01 0.02 0.1 0.2
Symptomatic — Dead 0.001 0.001 0.002 0.002 0.005 0.02 0.03
Symptomatic — Recovered 0.977 0.971 0.956 0.918 0.835 0.48 0.27
Hospitalized, not at ICU — Dead 0.08 0.08 0.08 0.08 0.08 0.08 0.08
Hospitalized, not at ICU — Recovered 0.92 0.92 0.92 0.92 0.92 0.92 0.92
Hospitalized, pre-ICU — Hospitalized, at ICU 1.0 1.0 1.0 1.0 1.0 1.0 1.0
Hospitalized, at ICU — Dead 0.75 0.75 0.75 0.75 0.75 0.75 0.75
Hospitalized, at ICU — Recovered 0.25 0.25 0.25 0.25 0.25 0.25 0.25
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Appendix 3—table 6. Contexts multipliers.
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3 E £ S & w ® £ ©ES5 F3 3 & £ &8

T < %) = =) [ = A r8c £ = = = =
06/03/2020 1 1 1 1 1 1 1 1 1 1 7 40 0 2
12/03/2020 101 02 02 08 0 0 1 0.7 1 1 7 40 0 2
14/03/2020 102 001 001 05 0 0 1 055 02 1 740 0 2
24/03/2020 102 001 001 035 0 0 025 04 0.1 075 7 20 0 20
01/04/2020 104 001 001 02 0 0 025 025 003 05 7 20 0 20
06/04/2020 104 0 0 02 0 0 025 025 003 05 7 20 0 20
11/04/2020 104 0 0 02 0 0 025 015 003 05 7 20 0 20
16/04/2020 104 0 0 02 0 0 025 0.1 003 05 7 20 0 2
20/04/2020 103 0 0 02 0 0 027 012 003 05 7 20 0 20
06/05/2020 102 001 0 02 0 0 027 012 003 05 7 20 0 20
18/05/2020 101 001 001 02 0 0 027 012 003 055 7 25 0 20
30/05/2020 1 001 001 02 0 0 027 012 003 06 7 25 0 20
26/06/2020 095 001 0 025 0 0 027 015 004 06 14 30 0 20
10/07/2020 095 0.1 0 025 0 0 03 07 005 075 14 35 0 2
10/08/2020 095 0.1 0 025 0 0 027 04 005 055 10 35 0 20
03/09/2020 1 025 025 035 0 0 027 055 005 055 7 35 0 20
15/09/2020 1 035 035 045 0 0 027 065 005 055 7 35 0 20
01/10/2020 1 035 035 054 02 02 027 064 005 055 7 35 0 20
10/10/2020 1 03 028 045 02 02 027 045 004 055 7 30 0 20
17/10/2020 1 03 026 031 02 02 025 03 003 05 7 30 0 20
26/10/2020 1025 03 03 027 01 01 025 03 003 05 7 25 0 9
31/10/2020 103 03 03 02 008 008 025 02 003 05 7 2 0 9
07/11/2020 103 03 002 006 0 0 025 009 003 05 7 20 0 20
28/11/2020 104 03 002 023 0 0 025 028 003 05 7 20 0 20
06/12/2020 104 03 002 026 0 0 025 03 003 05 7 20 0 20
24/12/2020 105 005 0 01 0 0 035 065 003 1 0 25 0 20
28/12/2020 104 03 005 015 0 0 025 019 003 05 7 20 0 20
13/01/2021 104 03 005 02 0 0 025 02 003 05 7 20 0 2
18/01/2021 103 03 035 02 0 0 025 023 003 05 7 20 0 9
01/02/2021 103 03 035 028 005 005 025 028 003 1 7235 0 9
12/02/2021 103 03 035 029 005 005 025 029 003 2 7235 0 9
27/02/2021' 103 03 015 02 001 00l 025 02 003 1 720 0 9
08/03/2021 103 03 035 018 005 005 025 018 003 1 7 25 0 9
09/03/2021' 103 03 015 016 00l 00l 025 016 003 05 7 20 0 9
15/03/2021> 103 03 015 015 001 00l 025 015 0035 05 7 20 0 9
20/03/2021 104 03 005 012 001 00l 025 012 003 05 7 20 0 20
29/03/2021 104 002 002 012 00l 00l 025 012 003 05 7 20 0 20
19/04/2021 103 03 002 019 001 00l 025 02 003 05 7 20 0 2
25/04/2021 103 03 002 02 00l 00l 025 02 003 05 7 20 0 9
26/04/2021° 103 03 015 018 00l 00l 025 018 003 05 7 20 0 9
01/05/2021 L2 03 0 017 005 005 025 02 003 15 7 20 0 9
04/05/2021 102 03 01 012 005 005 025 012 003 1 7 2 0 9
08/05/2021 100 03 01 0l 005 005 027 0l 004 1 7 20 0 9
15/05/2021 1 03 005 005 005 005 027 006 004 1 720 0 20
21/05/2021 1 03 005 004 005 005 027 005 004 1 7 20 0 2
29/05/2021 1 03 01 004 005 005 027 005 004 1 7 20 0 2
06/06/2021 1 03 01 005 005 005 027 006 004 1 720 0 2
13/06/2021 1 03 007 008 003 003 027 008 004 1 720 0 2
26/06/2021 098 03 0 02 0 0 027 025 004 2 14 35 0 20
05/08/2021 098 03 0 022 0 0 027 026 004 2 14 35 0 20
15/08/2021 098 03 0 026 0 0 027 033 004 2 14 35 0 20
01/09/2021 1 03 02 028 005 005 025 033 003 1 7 25 0 2
01/10/2021 102 03 02 035 08 08 025 04 003 1 725 0 20
01/11/2021 103 03 02 035 08 08 025 04 003 1 7 25 0 2

!'in Warminsko-Mazurskie Voivodeship,
2 in Lubuskie, Mazowieckie and Pomorskie Voivodeships,
3 in Kujawsko-Pomorskie, Lubelskie, Lubuskie, Matopolskie, Mazowieckie, Podkarpackie, Podlaskie, Pomorskie,
Swietokrzyskie, Warminsko-Mazurskie and Zachodniopomorskie Voivodeships
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Data sources

Appendix 4—table 1. Input data sources in detail

Data type Provider Publicly available  Other
Household structure in Statistics Poland No Under NDA
Poland
Age structure in Poland Statistics Poland Yes https://stat.gov.pl
Workplaces in Poland Statistics Poland Yes https://stat.gov.pl
Schools in Poland Statistics Poland Yes https://stat.gov.pl
Universities in Poland Statistics Poland Yes https://stat.gov.pl
COVID-19 classified deaths  Michat Rogalski, Polish Min- Yes Epidemiological Model Team - ICM UW (2023), https://gov.pl/
istry of Health web/koronawirus/wykaz-zarazen- koronawirusem-sars-cov-2
COVID-19 detected cases Michat Rogalski, Polish Min- Yes Epidemiological Model Team - ICM UW (2023), https://gov.pl/
istry of Health web/koronawirus/wykaz-zarazen-koronawirusem-sars-cov-2
COVID-19 hospitalized pa- Michat Rogalski, Polish Min- Yes Epidemiological Model Team - ICM UW (2023), https://twitter.
tients istry of Health com/MZ_GOV_PL
COVID-19 severeness of ill-  Michat Rogalski, Polish Min- Yes Epidemiological Model Team - ICM UW (2023), https://twitter.
ness (ICU demand) istry of Health com/MZ_GOV_PL
COVID-19 time to onset of  Publications Yes ?
symptoms
COVID-19 time of sickness ~ The National Institute of No Under NDA
Public Health
COVID-19 time of hospital- The National Institute of No Under NDA
ization Public Health
Geographically spanned in-  Polish Ministry of Health Yes https://gov.pl/web/koronawirus/wykaz-zarazen- koronawirusem-sars-cov-2
formation about COVID-19
detected cases
Number of people in quar-  Polish Ministry of Health Yes https://gov.pl/web/koronawirus /wykaz-zarazen- koronawirusem-sars-cov-2
antine
Non-pharmaceutical inter- Polish Ministry of Health Yes https://gov.pl/web/koronawirus
ventions
Contact tracing data The National Institute of No Under NDA
Public Health
COVID-19 seroprevalence The National Institute of Yes https://pzh.gov.pl/projekty-i-programy/obserco/raporty
in Poland Publish Health
Initial contacting rates citation Yes -
COVID-19 cross-immunity  Scobie et al. (2021) Yes -

parameters estimation

54 of 57


https://stat.gov.pl
https://stat.gov.pl
https://stat.gov.pl
https://stat.gov.pl
https://gov.pl/web/koronawirus/wykaz-zarazen-koronawirusem-sars-cov-2
https://gov.pl/web/koronawirus/wykaz-zarazen-koronawirusem-sars-cov-2
https://gov.pl/web/koronawirus/wykaz-zarazen-koronawirusem-sars-cov-2
https://gov.pl/web/koronawirus/wykaz-zarazen-koronawirusem-sars-cov-2
https://twitter.com/MZ_GOV_PL
https://twitter.com/MZ_GOV_PL
https://twitter.com/MZ_GOV_PL
https://twitter.com/MZ_GOV_PL
https://gov.pl/web/koronawirus/wykaz-zarazen-koronawirusem-sars-cov-2
https://gov.pl/web/koronawirus/wykaz-zarazen-koronawirusem-sars-cov-2
https://gov.pl/web/koronawirus
https://pzh.gov.pl/projekty-i-programy/obserco/raporty

1206 Appendix 5

1267 Model calibration

I T
25000 - —— real world cases -

—— lower seroprevalence
—— higher seroprevalence

__ 20000 N
c \
©
)
1S
> 15000
@©
7
S /w
@ 10000 /
n
©
o
5000
0
Sep 2021 Oct 2021 Nov 2021 Dec 2021 Jan 2022
1298
1299 Appendix 5—figure 1. Optimistic and pessimistic forecast scenarios. Confidence interval produced
1300 by running simulation with multiple seeds is too small to be visible.
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Appendix 6

Determination of peak parameters
Logistic distribution was used to fit the peak data, in order to determine the peak position,
the peak value, and the peak width. Its mathematical formula reads as follows:

h
cosh? (arccosh(\/z) . %)

where 7 is time, 1, is peak position, A is peak value, and w is peak width. Because a factor
arccosh(\/z) ~ 0.8814 is used, the peak width appears as a full-width at half maximum (FWHM)
quantity.

The fitting was done using the non-linear least squares method, provided by curve_fit
tool from the scipy.optimize package, yielding the values of #,, 4, and w, which fit the best
for the given data. In case of two-peaks fitting, a sum f(t,1,, h,, w,) + f(t,1,, h,, w,) was used
instead, returning best values of 6 parameters.

The examples of two-peaks and one-peak fitting to real-world and simulation result, re-
spectively, for exemplary data of COVID-19-related deaths in Poland, are presented in Figure
1.
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Appendix 6—figure 1. Example of fitting the peaks with the logistic distribution, for delta (and
omicron) wave(s) of COVID-19-related deaths in Poland: (a) two-peaks fit to real-world data, (b)
one-peak fit to the simulation result. Filled red and blue area in (a) show two contributing peaks.
Dashed lines in both panels represent the determined parameters of the peaks: the location of the
vertical line for the peak position, its length for the peak value, the length of the horizontal line for the
peak width.
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Figure 6—figure supplement 1. Comparison between the pDyn model-generated output (col-
ored lines) and the epidemiological data published by the Polish Ministry of Health (black) and Eu-
rostat (Eurostat, 2023a) (dashed grey) for the entire course of the COVID-19 epidemics in Poland.
Top left: new confirmed cases. Top right: COVID-19-related deaths. Bottom left: hospitalized pa-
tients. Bottom right: ICU patients. The vertical dotted line indicates the simulation date.
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