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Abstract

A pandemic poses particular challenges to decision-making because of the need to
continuously adapt decisions to rapidly changing evidence and available data. For
example, which countermeasures are appropriate at a particular stage of the pan-
demic? How can the severity of the pandemic be measured? What is the effect of
vaccination in the population and which groups should be vaccinated first? The pro-
cess of decision-making starts with data collection and modeling and continues to
the dissemination of results and the subsequent decisions taken. The goal of this
paper is to give an overview of this process and to provide recommendations for
the different steps from a statistical perspective. In particular, we discuss a range of
modeling techniques including mathematical, statistical and decision-analytic mod-
els along with their applications in the COVID-19 context. With this overview, we
aim to foster the understanding of the goals of these modeling approaches and the
specific data requirements that are essential for the interpretation of results and for
successful interdisciplinary collaborations. A special focus is on the role played by
data in these different models, and we incorporate into the discussion the importance
of statistical literacy and of effective dissemination and communication of findings.

Keywords COVID-19 - SARS-CoV-2 - Health-decision framework - Decision-
analytic modeling

1 Introduction
In December 2019, the first cases of coronavirus disease 2019 (COVID-19) were

reported in Wuhan, China (Zhou et al. 2020; Wu et al. 2020) and the outbreak of
severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) was declared a
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pandemic in March 2020 by the World Health Organization. In order to control the
spread of the virus and limit the negative consequences of the pandemic, important
decisions had and still have to be made. These concern the spread of the disease, its
impact on health, the utilization of health care resources or potential effects of coun-
ter measures and vaccination strategies, to name some examples. Statistical mod-
eling plays an important role in different fields of COVID-19 research. This starts
with the collection of adequate data and the preprocessing of this data, a complex
sequence of steps, where input is required from the data users, taking into account
their questions and information needs. After this preprocessing, examples of statisti-
cal models range from characterizing the disease (Kiichenhoff et al. 2021; Roy et al.
2021; Luo et al. 2021), investigating comorbidities (Gross et al. 2021; Hadzibegovic
et al. 2021; Evangelou et al. 2021), evaluating new treatments and vaccines with
respect to efficacy and safety (Horby et al. 2020; RECOVERY Collaborative Group
2020; Shinde et al. 2021; Flaxman et al. 2020) as well as planning corresponding
trials (Miitze and Friede 2020; Stallard et al. 2020; Beyersmann et al. 2021), assess-
ing the spread of the disease in potential scenarios—such as comparing lockdown
or vaccination strategies (Nussbaumer-Streit et al. 2020; Van Pelt et al. 2021; Jahn
et al. 2021)—and evaluating the impact of the pandemic on clinical trials (Kunz
et al. 2020; Anker et al. 2020). One important aspect in the special situation of a
pandemic with a novel pathogen is the incorporation of sequential inference, that is,
continuously updating the research as new data become available.

In the course of the pandemic, the availability and quality of data, the vary-
ing interpretations of modeling results, as well as apparently contradicting state-
ments by scientists, have caused confusion and fostered intense debate. The role,
use and misuse of modeling for infectious disease policy making have been criti-
cally discussed (James et al. 2021; Holmdahl and Buckee 2020). Furthermore,
the CODAG reports (COVID-19 Data Analysis Group 2021) clarify why models
can lead to conflicting conclusions and discuss the purposes of modeling and the
validity of the results. For instance, policies to contain the pandemic were—in
the beginning—mainly guided by 7-day incidence. Measures such as curfews,
limited numbers of guests at events and restricted opening hours of stores were
driven by this figure. However, considering the 7-day incidence alone does not
provide a meaningful view of the overall picture as discussed by Kiichenhoff
et al. (2021). As mentioned in the series “Unstatistik” (RWI — Leibniz-Institut
fiir Wirtschaftsforschung 2020), a value of 50 cases per 100,000 inhabitants in
October 2020 in Germany had an entirely different meaning than six months
earlier due to changes in testing strategies and improved treatments among
other factors. Concerning the expected number of intensive care patients and
deaths, a value of approximately 50 in October 2020 is likely to correspond to a
value of 15 to 20 in April 2020, possibly even less (RWI — Leibniz-Institut fiir
Wirtschaftsforschung 2020). Recently, the hospitalization and ICU incidences
have been considered as additional measures. While this provides a more reli-
able picture of the severity of the situation and is less affected by differing test-
ing strategies, it is not without shortcomings. For example, under-reporting and
time-lags lead to large differences between reported and actual numbers. Moreo-
ver, as the severity of COVID infections dropped with the Omicron variant and
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prevalence increased, a new discussion of hospitalization “with” or “because of”
COVID-19 emerged. These examples highlight the need to use statistical meth-
ods such as nowcasting (Giinther et al. 2021; Schneble et al. 2021; Salas 2021;
Altmejd et al. 2020) for more precise estimations.

As known from the field of evidence-based medicine and health data and
decision science, decisions should be underpinned by the best available evi-
dence. For evidence-based decision making, three components are important: a)
data, b) statistical, mathematical and decision-analytic models (which reduce the
amount and the complexity of the data to meaningful indices, visualizations and/
or predictions), and c) a set of available decisions, interventions or strategies
with their consequences described through a utility or loss function (decision-
making framework) and the related tradeoffs. General international guidance on
these assessments and decision analysis is implemented in a country-specific
manner, mainly by Health Technology Assessment (HTA) organisations (Drum-
mond et al. 2008; Gandjour 2020). COVID-19 examples include the evaluation
of vaccination strategies (Kohli et al. 2021; Debrabant et al. 2021; Reddy et al.
2021) or treatment (Sheinson et al. 2021). Scientists of the German Network for
Evidence-based Medicine raised the question on “COVID-19: Where is the evi-
dence?” (EbM-Netzwerk 2020) which motivated a discussion about the need of
randomized controlled trials to investigate the effectiveness of preventive meas-
ures, feasibility of such studies and longitudinal, representative data generation.

In the pandemic, a multitude of models has been used but the systematic com-
parison across different classes of models is lacking. The goal of this paper is to
provide an overview of the process from data collection (primary and secondary)
and modeling, up to communication and decision making and to provide recom-
mendations related to these areas. We discuss a range of modeling techniques
including mathematical, statistical and decision-analytic models along with their
application in the COVID-19 context. With this overview, we aim to foster the
understanding of the goals of these modeling approaches, and the specific data
requirements that are essential for the interpretation of results and a success-
ful interdisciplinary collaboration. Model types less known to statisticians, such
as decision-analytic models, still require statistical thinking. In particular, func-
tional relationships and input parameters for these models are often provided
by statisticians and epidemiologists. Our target audience, therefore, is broad. It
includes data scientists—such as statisticians—mathematicians, physicists, epi-
demiologists, economists, social and computer scientists and decision scientists.

The paper is organized as follows. In Sect. 2, we give a short overview of
modeling purposes and approaches with a special focus on differences between
disciplines. In Sect. 3, we discuss requirements of data quality and why this is
fundamental for the entire process. We then move on to modeling, with Sect. 4
dealing with the different purposes of modeling. In Sect. 5, we explain how
decisions can be informed based on these models. We discuss aspects of the
reporting and communication of results in Sect. 6 , provide recommendations in
Sect. 7 and a discussion in Sect. 8.
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Fig. 1 For evidence-based decision making, a complex process is often necessary. In both statistical and
mathematical/decision-analytic modeling, the path starts with a research question and ends in guidance
for decision making. In statistics (upper path), using data as the basis for modeling is common. In math-
ematical and decision-analytic modeling (lower path), models are based on subject matter knowledge
and validated or calibrated using data sets. For the purpose of illustration, the process is depicted as a
sequence of steps here. In reality, however, these are more likely to be cyclic, iterating steps such as data
capturing and modeling and informing new questions based on previous results

2 Overview of modeling approaches and their purposes

As a statistician, the process of gaining knowledge starts with a research ques-
tion and continues with the acquisition of data, which then enters into the statisti-
cal model—see Figure 1 in Friedrich et al. (2021) for an illustration. Data acquisi-
tion here might refer either to the design of an adequate experiment or observation,
or to the use of so-called secondary data, which has been collected for a different
purpose. Statistical principles of design are relevant, even when using secondary
data (Rubin 2008). In Bayesian statistics, other information can be incorporated as
a priori information (e.g., O’Hagan 2004). This might stem from previous studies
or might be based on expert opinions. The prior information combined with the
data (likelihood) then results in a posterior distribution. In modeling contexts out-
side statistics, data and/or information is used in different ways. Simulation models
use prior information (again based either on data or on other sources such as expert
opinion or beliefs) to determine the parameters of interest and are usually validated
on a data set. The formal representation of the mathematical or decision-analytic
model makes assumptions about the system that generates the data (Roberts et al.
2012), and the (mis)match between data and model then provides insights that can
be used as basis for decisions. In contrast to statistical models, the order of data and
modeling is thus reversed. An illustration is depicted in Fig. 1. For the purpose of
illustration, Fig. 1 depicts the process as a sequence of steps. As the pandemic pro-
gresses, however, some steps such as data capturing and modeling might be iterated.

From a mathematical perspective, a statistic fis a quantity or function defined on
the sampling space. Note that the term statistic is used both for the function f as well
as for the value f(x) of the function on a given data set x (DeGroot and Schervish
2014; Licker 2003). Choices of finclude very simple preprocessing steps, €.g., tak-
ing the mean where f(x,...,x,) = iZ;’:lx,-, as well as estimates obtained from
complex statistical models, such as hierarchical Bayesian models used for nowcast-
ing (Giinther et al. 2021) or sophisticated regression models for prediction (Iwendi
et al. 2020). Thus, the input to a statistical model might either be ‘raw data’ or might
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have undergone some previous steps, like scaling or transformation applied to vari-
ables before entering them in a regression model. These previous steps are often
referred to as preprocessing (especially in the context of machine learning) and
examples include descriptive statistics and exploratory data analysis, see also Frie-
drich et al. (2021) and the references cited therein. It should be noted, however, that
data can often not be analyzed directly, but is the product of a complex sequence of
processing steps. In particular, Desrosieres (2010) separates three aspects of statis-
tics, namely “(1) that of quantification properly speaking, the making of numbers,
(2) that of the uses of numbers as variables, and finally, (3) the prospective inscrip-
tion of variables in more complex constructions, models”. Throughout this paper,
we refer to the model input parameters as ‘data’ irrespective of whether some pre-
processing took place or not. Official statistics, for instance, usually refer to crude
observations when talking about ‘data’, while the information obtained by (pre-)
processing this data is called statistics. For this paper, however, we adapt a slightly
different view on the same aspect and do not distinguish between crude and preproc-
essed data. In this sense, the measures of quality and trustworthiness discussed in
Sect. 3 similarly extend to preprocessing, descriptive statistics and exploratory data
analysis (Friedrich et al. 2021).

As mentioned above, modeling is an integral part of evidence-based decision
making. Here, we distinguish three purposes of modeling, which are summarized in
Table 1. The first category contains models which aim to explain patterns and trends
in the data. The second category aims to predict the present (so-called now-casting)
or the future (forecasting). Finally, decision-analytic models aim to inform decision
makers by simulating the consequences of interventions and their related tradeoffs
(e.g., benefit-harm tradeoff, cost-effectiveness tradeoft).

In medical decision making and health economics, this leads to a formal deci-
sion framework, which relates to statistical decision theory (Siebert 2003, 2005).
In this framework, (Parmigiani and Inoue 2009) the decision maker has to choose
among a set of different actions. The consequences of these actions depend on an
unknown “state of the world”. The basis for decision making depends on the quanti-
tative assessment of these uncertain consequences. To this end, a loss or utility func-
tion must be defined which allows the quantification of benefits, risk, cost or other
consequences of different actions. Minimizing the loss function (or maximizing the
utility function) then leads to optimal decisions.

3 Data availability and quality

An essential basis for research and for evidence-based policy is high quality data.
The mere presence of data is not enough, as the process of data definition, collec-
tion and processing determines the quality of the data in reflecting the phenom-
ena on which to provide evidence. Poor definition of data concepts and variables
as well as bad choices in their collection and processing can lead to misleading
data, that is data with severe bias, or to an unacceptably large remaining level
of uncertainty about the phenomena of interest, so that any results generated
with that data form an inadequate basis for decision making. Below, we describe
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which quality characteristics have to be considered when planning a data collec-
tion or when assessing the quality of already existing data for a task at hand. The
underlying concepts are general and well-known. Despite this, they are regret-
fully often neglected, and thus, we summarize them as eight characteristics in the
context of policy making.

1. Suitability for a target: Data in itself are neither good nor bad, but only more or
less suitable for achieving a certain goal. In order to assess data, it is first neces-
sary to understand, agree on, and describe the goal that the data are supposed to
support.

2. Relevance: Data must provide relevant information to achieve the goal. To do
this, the data must measure the characteristics needed (e.g., how to measure
population immunity?) on the right individuals (e.g., representative sample for
generalization, or high-resolution data for local action?).

3. Transparency: The data collection process must be transparent in terms of ori-
gin, time of data collection and nature of the data. Transparency is a requirement
for peer-review processes to ensure correctness of results and for an adequate
modeling of uncertainties.

4. Quality standards: Data are well suited for policy making requiring general
overviews and spatio-temporal trends if local data collection follows a clear and
uniform definition of what is recorded and how it has been recorded. Standardiza-
tion includes, for example, the harmonization of data processes, adequate training
of the persons involved in the collection, and monitoring of the processes.

5. Trustworthiness: To place trust in the data, these must be collected and pro-
cessed independently, impartially and objectively. In particular, conflicts of inter-
est should be avoided in order not to jeopardize their credibility.

6. Sources of error: Most data contain errors, such as measurement errors, input
errors, transmission errors or errors that occur due to non-response. With a good
description of data collection and data processing (see ‘Transparency’ above),
possible sources of error can be assessed and incorporated into the modeling for
the quantification of uncertainty and the interpretation of results.

7. Timeliness and accuracy: Ideally, data used for policy-making should meet all
quality criteria. However, information derived from data must additionally be
up-to-date, and some decisions (e.g., contact restrictions) cannot be postponed
to wait until standardized processes have been defined and implemented, and
optimal data have been collected. The greater uncertainty in the data associated
with this must be met with transparency and with great care in its interpretation.

8. Access to data for science: In order to achieve the overall goal of evidence-based
policy making, it is important to make good data available as a resource to a wide
scientific public. This allows for the data to be analyzed in different contexts and
with different methods and enables the data to be interpreted from the perspective
of different social groups and scientific disciplines.

These eight aspects are included in the European Statistics Code of Practice
(European Statistics Code of Practice 2017). This Code of Practice, however,
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goes beyond the above mentioned points by covering further aspects of statistical
processes and statistical outputs as well as an additional section on the institu-
tional environment. The aim is to provide a common quality framework of the
European Statistical System.

The items presented above mainly refer to a primary data generating process,
that is, when the data are directly generated to provide information on a pre-defined
target. Especially in the context of COVID-19, information from available sources
often has to be considered, where the data generation does not necessarily coincide
with the aim of the study. One prominent example is the number of infections, which
are gathered by the local health authorities, but are used for comparing regional inci-
dences which are the basis of several policy decisions. Particular attention in this
case has to be paid to selection bias. One way to assess (and thus address) selection
bias would come from accompanying information on asymptomatically infected per-
sons gained through representative studies. Other information to mitigate selection
bias comes from the number of tests and the reasons for testing, but these are not
appropriately reported in Germany. Both problems yield biased regional incidences.
Hence, modeling based on these data may cause misleading results and has to be
considered carefully. Additionally, the data generating process may be subject to
informative sampling (Pfeffermann and Sverchkov 2009).

The above aspects always have to be seen in light of the research question. Inci-
dences and infection patterns need highly different data. Available data are often
inappropriate, or must be accompanied by additional data sources. Due to the highly
volatile character of COVID-19 infections, data gathering—especially via additional
samples—must be very carefully planned to foster the necessary quality to provide
the foundation for policy actions (Rendtel et al. 2021).

Representativity implies drawing adequate conclusions from the sample on the
population or parameters of the population. To achieve this, known inclusion prob-
abilities on a complete list of elements must be given in order to allow statistical
inference. Nowadays, the term representativity is generalized to cover regional
smaller granularity, as well as in accordance with the time scale. Further details,
especially for subgroup representativity, can be drawn from Gabler and Quatember
(2013). In household or business surveys, the term representativity has to be seen
in the context of non-response and its compensation (Schnell 2019). In practice, the
term representativity is often recognized as a sufficiently high quality sample. This
is entirely misleading. Indeed, statistical properties, and especially accuracy, have
to be additionally considered (Miinnich 2020). Finally, it has to be pointed out that
these aspects have to be separately considered for each variable or target of interest.

4 From data to insights: the purposes of modeling

Data and decisions are often linked using statistical models or simulations. As noted
in Sect. 2, we refer to data as the input to statistical models irrespective of any pre-
processing steps. As such, data preparation, descriptive statistics and preprocessing
are not the focus of this paper and are thus not discussed in detail. Nonetheless,
they are an essential step in any statistical analysis and especially in a situation such
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as the COVID-19 pandemic, where data are, in particular in the early stages of a
pandemic, sparse and often disorganized. Exploratory data analysis is an important
step to check data quality and discover potential anomalies in the data. An important
aspect, however, is to keep in mind that data are a product of a complex sequence of
steps. Here, transparency concerning the origin of the data and the whole process
of data preparation is important and should be included as meta-data. As outlined
in the Sect. 2, modeling can serve three purposes. Each of them can be approached
from either a statistical or a mathematical modeling perspective. In these models,
data can play different roles: while statistical models use data as the basis for the
model itself, simulations are based on parameters according to prior information and
predictions based on the simulation can be checked against real data to assess the
precision and validity of the constructed model.

An important aspect is handling and communicating uncertainty. In statistical
models, different types of uncertainty occur: sampling variation, model uncertainty,
incomplete data, applicability of information and confounding are common exam-
ples (e.g., Altman and Bland 2014; Abadie et al. 2020; Chatfield 1995). In math-
ematical and decision-analytic models, there are usually alternative approaches to
determine the values for key parameters used in simulations. For decision-making
purposes, therefore, it is important to compare different methods for determining
the indicators. Consequently, in most cases, not a single number but an interval or
distribution has to be considered. In the following, we will consider the three pur-
poses of modeling in more detail. For each of them, we provide some mathemati-
cal background, explain the difference between statistical models and mathematical
or decision-analytic models and give some examples of how these approaches were
applied in the COVID-19 pandemic.

4.1 Modeling for explanation

The main goal of these models is to explain patterns, trends or interactions. Statisti-
cal models for this purpose include, for example, regression models (Fahrmeir et al.
2007) as well as factor, cluster or contingency analyses (e.g., Fabrigar and Wegener
2011; Duran and Odell 2013). In this context, associations are often misinterpreted
as causal relationships. The discovery of correlations and associations, however,
cannot be equated to establishing causal claims. In statistics and clinical epidemi-
ology, for example, the Bradford Hill criteria (Hill 1965) can be used to define a
causal effect.

From a statistical perspective, there are two possibilities to tackle this issue.
The gold standard is to design a randomized experiment, which enables causal
conclusions. In the context of the SARS-CoV-2 pandemic, randomized con-
trolled trials were used for assessment of COVID-19 treatments including the
RECOVERY platform trial leading to publications such as Horby et al. (2020);
Abani et al. (2021); RECOVERY Collaborative Group (2020). In the develop-
ment of vaccines, too, randomized controlled trials (RCT) played a vital role
(e.g., Baden et al. 2021; Shinde et al. 2021). However, randomized experiments
are not always feasible due to ethical considerations, cost constraints and other
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reasons. Moreover, RCTs have been criticised for a number of problems includ-
ing their lack of external validity (Rothwell 2005) or the Hawthorne effect
(Mayo 2004).

Where randomized experiments are not possible and observational data is
used instead, causal conclusions are harder to draw. In order to get valid esti-
mates in this situation, a common approach is the counterfactual framework by
Rubin (1974). For simplicity, assume that we are interested in the effect of a
binary “treatment” A € {0, 1} (this could be an “ immediate lockdown” vs. “no
immediate lockdown”, for example) on some outcome Y (e.g., number of infec-
tions with COVID-19). Then we denote Y%=! as the outcome that would have
been observed under treatment a = 1, and Y%= the outcome that would have been
observed under no treatment (a = 0). A causal effect of A on Y is now present,
if Y*=! # Y°=0 for an individual. In practice, however, only one outcome can be
observed for each individual. Thus, it is only possible to estimate an average
causal effect, i.e., E(Y*=") — E(Y*=") (Hern4n and Robins 2020). Different pos-
sibilities for estimating a causal effect have been proposed, for example, propen-
sity score methods (Cochran and Rubin 1973), the parametric g-formula (Robins
et al. 2004), marginal structural models (Robins et al. 2000), structural nested
models (Robins 1998) and graphical models (Didelez 2007). Recent works have
shown that these methods have difficulties when it comes to small sample stud-
ies as in the context of COVID-19 (Friedrich and Friede 2020). Note that the
methods explained here can also be applied to more complex situations such
as non-binary treatments. In the pandemic, for example, it might be relevant to
compare different time points for starting the lockdown, i.e., to include a time
dimension in the considerations above. Furthermore, the methods can also be
extended to more complicated outcome variables, e.g., time-to-event data.

Mathematical models and simulations can also be used to understand and
explain dynamic patterns. Examples are simulation studies for public health
interventions such as lockdown and exit strategies, where general consequences
of different measures can be compared. Seemingly simple simulation models
have played an important role in communicating the dynamics during a pan-
demic. In these models, assumptions about the system that generates the data
and (causal) relationships are made. The (mis)match between data and model
then provides insights that can be used as basis for decisions. However, this pro-
cedure does not establish causal relationships in the statistical sense described
above.

The main challenge in modeling for explanation is good communica-
tion, irrespective of whether the model is based on statistical or mathematical
approaches. Therefore, we consider standards for good communication in detail
in Sect. 6. Anticipating the human bias for interpreting results causally, clear
statements need to be made to which extent (from “not at all” to “plausible”)
specific detected associations allow some causal interpretation and why. The two
extreme interpretations—on the one hand, the simple disclaimer that “correla-
tion is not causation”, on the other, blanket and unqualified causal interpreta-
tions—do a disservice to the complexity of the problem as outlined by the meth-
ods above.
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4.2 Modeling for prediction

In statistical prediction models, the modeler can choose from large toolboxes in
(spatio)-time-series analysis as well as statistics and machine learning (ML). Examples
cover simple but interpretable ARIMA models (Benvenuto et al. 2020; Roy et al. 2021),
support vector machines (Rustam et al. 2020), joint hierarchical Bayes approaches
(Flaxman et al. 2020) or state-of-the art ML methods, such as long short-term memory
(LSTM) or extreme gradient boosting (XGBoost) (Luo et al. 2021). A comprehensive
overview is also given by Kristjanpoller et al. (2021).

For predictions based on such models, one can distinguish different aims: now-cast-
ing and forecasting. For now-casting, information up to the current date and state are
used to estimate or predict key figures, like the R value, for example, which estimates
during a pandemic how many people an infected person infects on average. In fore-
casting, spatio-temporal predictions or simulations are used to look ahead in time, as
in a weather forecast, or to estimate the required number of ICU beds. An important
aspect in this situation is that the behavior of people influences the process that is being
modeled. To be concrete, policy decisions are based on the predictions of a statistical
or mathematical model and by introducing certain counter-measures, the original pre-
dictions of the model never come true. Thus, these models are not prediction models
in a classical sense but more like projections, i.e., scenarios of what would happen if
no intervention was taken. A thorough discussion of this topic can be found in Hel-
lewell (2021). In forecasting models, a causal relationship between the predictors and
the outcome may be required, while now-casting can also be achieved with predictive
variables that do not necessarily have a causal effect on the outcome. Several statistical
models have been proposed for now-casting, for example hierarchical Bayesian mod-
els (Giinther et al. 2021) or trend regression models (Kiichenhoff et al. 2021). Related
approaches are discussed in Altmejd et al. (2020), Schneble et al. (2021), Salas (2021).

Dynamic Models/Time-variant Dynamics A unique feature of pandemic assessment
is the dynamic nature of the event. By this, we not only refer to the explosive (exponen-
tial) growth that may occur but the fact that the properties of the processes that describe
spatio-temporal changes are a function of time themselves. This is due to the fact that
the behavior of the people continuously changes the properties of the system that we
are trying to understand and make predictions for. This contrasts with other natural
systems, like the current weather, and most systems in the engineering and physical
sciences.

Simple infectious disease compartmental models can be described by the stock of
susceptible S, infected 7, and removed population R (either by death or recovery), the
contact rate «, the infection probability f, the recovery rate y, the death rate u and the
birth rate A (Kermack and McKendrick 1927; Hethcote 2000; Andersson and Britton
2012; Grassly and Fraser 2008). Here,
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where ¢ denotes the time point, and N is the total number of individuals in the popu-
lation, i.e., N=1+ S+ R.

Assuming that the susceptible individual first goes through a latent period after
infection before becoming infectious E, adapted models such as SEI, SEIR or
SEIRS, depending on whether the acquired immunity is permanent or not can be
applied (Jit and Brisson 2011). Modeling the COVID-19 pandemic, applications
include further approaches such as SIR-X accounting for the removal (quarantine)
of symptomatic infected individuals and various other extensions and applications
(Dehning et al. 2020; Dings et al. 2021) including prediction of the impact of vac-
cination (Bubar et al. 2021).

In this deterministic compartment model, predictions are determined entirely by
their initial conditions, the set of underlying equations, and the input parameter val-
ues. Deterministic compartmental models have the advantage of being conceptually
simple and easy to implement, but they lack for example stochasticity inherent in
infectious disease transmission. In stochastic compartment models, the occurrence
of events like transmission of infection or recovery is determined by probability dis-
tributions. Therefore, the chain of events (like an outbreak) is not exactly predict-
able. However, there are many possible types of stochastic epidemic models (Britton
2010; Kretzschmar et al. 2020).

Agent-based models (ABM) Agent-based modeling as an alternative approach
uses individual-level simulation (Karnon et al. 2012). ABMs have been used to
model biological processes, ecological systems, traffic management, customer flow
management or stock markets, and in recent years increasingly for decision analysis
as discussed later (Marshall et al. 2015; Bonabeau 2002; Macal and North 2008).
ABMs represent complex systems in which individual ‘agents’ act autonomously
and are capable of interactions (Miksch et al. 2019). These agents can represent
the heterogeneity of individuals, and the behavior of individuals can be described
by simple rules. Such rules include how agents interact, move between geographi-
cal zones, form households or consume resources (Chhatwal and He 2015; Bruch
and Atwell 2015; Hunter et al. 2017). ABMs are often applied to study “emergent
behavior” as a result of these predefined rules. In infectious disease modeling, agent
behaviors combined with transmission patterns and disease progression lead to pop-
ulation-wide dynamics, such as disease outbreaks (Macal and North 2010). In agent-
based models, either all affected individuals are simulated individually, or specific
networks of individuals are integrated into the simulation.

Discrete Event Simulation (DES) Discrete event simulation is an individual-level
simulation (Pidd 2004; Karnon et al. 2012; Jun et al. 1999; Zhang 2018). The core
concepts of DES are entities (e.g., patients), attributes (e.g., patient characteris-
tics), events, resources (i.e., physical resources such as medical staff and medical
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equipment), queues and time (Pidd 2004; Banks et al. 2005; Jahn et al. 2010). In
addition to health outcomes, performance measures such as resource use or waiting
times can be calculated, as physical resources (e.g., hospital beds) can be explicitly
modeled (Jahn et al. 2010). The term discrete refers to the fact that DES moves for-
ward in time at discrete intervals (i.e., the model jumps from the time of one event to
the time of the next) and that events are discrete (mutually exclusive) (Karnon et al.
2012).

Microsimulation Microsimulation methods, introduced by Orcutt (1957), are used
to simulate policy actions on real populations. Li and O’Donoghue (2013) describe
microsimulations as “a tool to generate synthetic micro-unit-based data, which
can then be used to answer many “what-if” questions that, otherwise, cannot be
answered”. The main difficulty for microsimulation is considered to be the choice of
an appropriate data source on which these simulations can be conducted. Often, sur-
vey data are used. Nowadays, the first step in microsimulation is the realistic genera-
tion of data in the necessary geographic depth (e.g., Li and O’Donoghue 2013). A
full-population approach is described in Miinnich et al. (2021). Thereafter, the sce-
nario-based microsimulation analysis yields the necessary information for building
conclusions for policy support. In microsimulation methods, we distinguish between
static and dynamic models. The latter can be divided into time-continuous and
time-discrete models. An overview of microsimulation methods is given in Li and
O’Donoghue (2013) and the references therein. For modeling COVID-19, dynamic
models have to be considered. Bock et al. (2020) presents a continuous time SIR
microsimulation approach as an example for a dynamic transmission model. In con-
trast to ABM, other microsimulations are often based on survey data, or on realistic
but synthetically extended survey data. The above-mentioned cohort simulations are
usually deterministic simulations, in which an initial cohort of interest is followed
over different paths over time, and thus leading to a distribution of outcomes after
the analytic-time horizon. Recently, the dividing line between these methods and
the related terminology has become blurred, Which method is ultimately used often
depends on the background of the research team.

A key objective of forecasting in this context is to obtain numerically precise pre-
dictions, for variables such as the number of ICU beds. With this goal in mind, the
reliability or accuracy of the predictions highly depends on the availability and qual-
ity of the data used to estimate the values of the parameters in the underlying math-
ematical or statistical models.

It should be noted that these models are highly sensitive to context in the fol-
lowing sense: changes in the underlying system in variables that are not part of the
model can lead to changes in the relationship between the selected predictors and the
predictions, rendering the predictions and their assumed uncertainty meaningless.

While it is widely appreciated that, for example, weather forecasts are only reli-
able for a couple of days, forecasting during a pandemic is even more complicated
since the behavior of people influences the process that is being modeled. Forecast-
ing during pandemics is, therefore, itself a continuous process with time-varying
parameters. For this reason, such modeling effort is a complex undertaking requir-
ing a range of data and expertise. Such activities should, therefore, be realized and
coordinated through cross-disciplinary teams. To account for regional differences,
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one would expect a collective of modeling groups that support decision making for
different parts of a country.

4.3 Decision-analytic modeling

Depending on the research question, different modeling approaches are used for
decision-analytic modeling and development of computer simulations (IQWiG
2020; Roberts et al. 2012; Stiko 2016). These include decision tree models, state-
transition models, discrete event simulation models, agent-based models and
dynamic transmission models. Some of them have been introduced already since
they are also commonly used for prediction. Models introduced in this section are
predominantly used for decision analysis but could potentially be used for other pur-
poses as well (Table 1).

The selection of the model type depends on the decision problem and the disease.
In general, decision trees are applied for simple problems, without time-depend-
ent parameters and with a fixed and comparatively short time horizon. If the deci-
sion problem requires the evaluation over a longer time period and if parameters
are time or age dependent, a state-transition cohort (Markov) models (STM) could
be applied. STMs allow for the modeling of different health states and transitions
between these states and thus also for repeated events. They are applied when time
to event is important. If the decision problem can be represented in an STM “with
a manageable number of health states that incorporate all characteristics relevant
to the decision problem, including the relevant history, a cohort simulation should
be chosen because of its transparency, efficiency, ease of debugging and ability to
conduct specific value of information analyses.” (Siebert et al. 2012). If the repre-
sentation of the decision problem would lead to an unmanageable number of states,
then an individual-level state-transition model is recommended (Siebert et al. 2012).
Especially in situations where interactions of individuals among each other or the
health-care system need to be considered, that is, when we are confronted with
scarce physical resources, queuing problems and waiting lines (e.g., limited test-
ing capacities), discrete event simulation (DES) would be an appropriate modeling
technique. DES allows the modeler to incorporate time-to-event data (e.g., time to
progression), and physical resources are explicitly defined (Karnon et al. 2012).
Modeling types such as differential equation systems, agent-based models and sys-
tem dynamics account for the specific features of infectious diseases such as the
transmissibility from infected to susceptible individuals and the uncertainties arising
from complex natural history and epidemiology (Pitman et al. 2012; Grassly and
Fraser 2008; Jit and Brisson 2011).

Decision tree models In a decision-tree model, the consequences of alterna-
tive interventions or health technologies are described by possible paths. Deci-
sion trees start with decision nodes, followed by alternative choices (interven-
tions, technologies, etc.) of the decision maker. For each alternative, the patients’
paths, which are determined by chance and that are outside the decision mak-
er’s control, are then described by chance nodes. At the end of the paths, the
respective consequences of each path are shown. Consequences or outcomes may
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Short-term decision tree Long-term Markov
(within hospital) (after discharge)

» Discharge (alive)

4 Nooxygen support | Alive
b | Dead (no ventilation during
inpatient stay)
+ Discharge (alive) v
Treatment / Best [, Oxygen support w/o | ¢ 2 Dead
Supportive Care (BSC) ventilation

Desd Alive

(ventilation during
inpatient stay)
« Discharge (alive)
4 Oxygen support with
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Fig.2 Example: a cost-effectiveness framework for COVID-19 treatments for hospitalized patients in the
United States, (Sheinson et al. 2021)

include symptoms, survival, quality of life, number of deaths or costs. Finally, the
expected outcomes of each alternative choice are calculated by taking a weighted
average over all pathways (Hunink et al. 2001; Rochau et al. 2015), such as in the
evaluation of COVID-19 testing strategies for university campuses in a decision-
tree analysis (Van Pelt et al. 2021).

State-transition models A state-transition model is conceptualized in terms of
a set of (health) states and transitions between these states. Time is represented in
time intervals. Transition probabilities, time cycle length, state values (‘“rewards”)
and termination criteria are defined in advance. During the simulations, individu-
als can only be in one state in each cycle. Paths of individuals determined by
events during a cycle are modeled with a Markov cycle tree that uses a set of ran-
dom nodes. The average number of cycles in which individuals are in each state
can be used in conjunction with the rewards (e.g., life years, health-related qual-
ity of life or costs) to estimate the consequences in terms of life expectancy, qual-
ity-adjusted life expectancy, and the expected costs of alternative interventions
or health technologies. There are two common types of analyses of state-tran-
sition models: Cohort models (“Markov”) (Beck and Pauker 1983; Sonnenberg
and Beck 1993) and individual-level models (“first order Monte Carlo” models)
(Spielauer 2007; Groot Koerkamp et al. 2010; Weinstein 2006). Simple cohort
models are defined in mathematical literature as discrete-time Markov chains. A
discrete-time Markov chain is a sequence of random variables X, X|,X,, ... rep-
resenting health states with the Markov property, namely that the probability of
moving to the next health state depends only on the present state and not on the
previous states:

PriX, ., =x| X, =x,X, =x%,....X,=x,)=Pr(X,,, =x | X, =x,)

Generalized models such as continuous time Markov chains with finite or infinite
state space are not commonly applied in health decision science. Applications of
state-transition models in the pandemic include evaluation of treatments (Sheinson
et al. 2021) and vaccination strategies (Kohli et al. 2021). We also find hybrid mod-
els including the combination of decision trees and STMs (see Fig. 2).
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Discrete Event Simulation (DES) Similar to decision trees and state-transi-
tion models, health outcomes and costs of alternative health technologies can
be assessed. In addition to these outcomes, as mentioned earlier, performance
measures can be calculated as additional information for decision makers, and
the impact of scarce resources on costs and health outcomes can be evalu-
ated (Jahn et al. 2010). The increased use of DES to support decision making
under uncertainty is shown in the review of Zhang (2018). Model applications
in COVID-19 include optimizations of processes with scarce resources such as
bed capacities (Melman et al. 2021) or testing stations (Saidani et al. 2021) and
laboratory processes (Gralla 2020).

Dynamic Models/Time-variant Dynamics The dynamic SIR type models
explained in Sect. 4.2 can also be used in the context of decision-analytic mod-
eling (e.g., vaccination allocation, ECDC 2020a; Sandmann et al. 2021) . This
model type can be extended by further compartments such as Death (D) and
other states (X), reflecting, for example, quarantine or other states relevant to the
research question. Such SIRDX models have been used frequently to model non-
pharmaceutical intervention effects during the COVID-19 pandemics (Nuss-
baumer-Streit et al. 2020). As in Markov state-transition models, a deterministic
cohort simulation approach is used to model the distribution of compartments
over time. Deterministic compartment models are useful for modeling the aver-
age behavior of disease epidemics in larger populations. When stochastic effects
(e.g., the extinction of disease in smaller populations), more complex interac-
tions between disease and individual behavior or distinctly nonrandom mixing
patterns (e.g., the spread of the disease in different networks) are relevant, sto-
chastic agent-based approaches can be used (see next section).

Agent-based models (ABM) Agent-based models as introduced earlier, have
been used for decision analysis, for example for cost-effectiveness analyses in
health care in the recent years (Marshall et al. 2015; Chhatwal and He 2015).
ABMs are also used in public health studies to model noncommunicable dis-
eases (Nianogo and Arah 2015). A comparison of ABM, DES and system
dynamics can be found in Marshall et al. (2015), Marshall et al. (2015) and Pit-
man et al. (2012). ABMs are increasingly applied for COVID-19 evaluations
including decision support for vaccination allocation accounting explicitly for
network structure and contact behavior (Bicher et al. 2021; Jahn et al. 2021).

Microsimulation Microsimulation as a modeling approach based on survey
data and combining characteristics of above mentioned modeling approaches is
used for prediction and decision analysis in various fields, especially for policy
support using scenarios. Recently, MSM are also used for modeling diseases
(Hennessy et al. 2015) including infectious diseases.

Table 2 provides a short comparative overview of these commonly applied
modeling approaches with example applications for COVID-19 research, in
addition to our general comparison at the beginning of the section. Further guid-
ance on model selection for a given problem at hand exists (IQWiG 2020; Rob-
erts et al. 2012; Siebert et al. 2012; Marshall et al. 2015).
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5 Decision analysis

The models described in Sect. 4 are built to inform decision making. Therefore,
the so-called decision analysis framework is used. Decision analysis aims to sup-
port decisions under uncertainty by means of systematic, explicit and quantitative
methods. In particular, computer simulations and prediction models as described
above are used to calculate the short-term and long-term benefits and harms (as
well as the costs) of alternative interventions, technologies or measures in health
care (Schoffski and Schulenburg 2011; Richardson and Spiegelhalter 2021). The
decision-analytic framework includes, among other things, the relevant health
states and events considered to describe possible disease trajectories, the type
of analysis (e.g., benefit-harm, cost-benefit, budget-impact analyses (Drummond
et al. 2005)) and the simulation method (cohort- or individual-based). In addition
to base-case analysis (using the most likely parameters), scenario and sensitiv-
ity analyses (Briggs et al. 2012) should be performed to show the robustness or
uncertainty of the results. Value of information analysis can be applied to assess
the value of future research to reduce uncertainty (Fenwick et al. 2020; Siebert
et al. 2013).

5.1 Decision tradeoffs

A central idea in decision analysis is that tradeoffs in outcomes of alternative choices
are formalized and, if possible, quantified. In addition, the tradeoff between such
outcomes is explicitly expressed, usually in the form of an incremental tradeoff ratio.
In the context of a benefit-harm analysis, for example, this relates to quantifying the
benefits of COVID-19 vaccination in terms of (incremental) deaths avoided and the
harms of vaccination in terms of (incremental) potential side effects.Alternatively,
the tradeoff of different school closure strategies in a pandemic (e.g., according to
incidence level) weighting benefits in terms of (incremental) deaths or hospitalisa-
tions avoided and lost education time should be considered. In general, two or more
interventions can be compared in a stepwise incremental fashion (Keeney and Raiffa
1976). Benefit-harm analyses are often applied in screening evaluations (Mandel-
blatt et al. 2016; Sroczynski et al. 2020). To detect efficient strategies, so-called
strongly dominated strategies are first excluded. These are strategies that result in
higher harms (e.g., due to testing or invasive diagnostic work-up) and lower benefits
(e.g., cancer-cases avoided, life-years gained) than other strategies. Second, weakly
dominated strategies are excluded, that is strategies that result in higher harms per
additional benefit compared with the next most harmful strategy, or in other words,
strategies that are strongly dominated by a linear combination of any two other strat-
egies. Third, the incremental harm-benefit ratios (IHBRs) are calculated for the non-
dominated strategies.

harm (strategy;) — harm (strategy:
IHER = Aharms ( gy;) ( gYit1)

Abenefits _ benefit (strategy;) — benfit (strategy,, )
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There is no general benchmark for how much additional harm individuals are will-
ing to accept per unit of additional benefit. Strategies are explored as a function of
willingness-to-accept thresholds, and they are displayed as harm-benefit acceptabil-
ity curves on the efficiency frontier (Neumann et al. 2016).

In this context, the choice of measures that are presented and discussed also influ-
ences decision behavior (Ariely and Jones 2008). The same applies to changes in deci-
sion-making due to alternatives that are presented. Regarding optimization of vaccina-
tion interventions, temporal aspects of availability and effectiveness of vaccinations can
be considered. Alternative strategies can be evaluated, like in the comparison of imme-
diate vaccination with lower vaccine protection, against later vaccination with expected
higher effectiveness but risk of intermediate infection. Further non-pharmaceutical
measures like school-closure strategies can be evaluated depending on incidence level
but also accounting for additional measures to reduce the spread of the disease.

5.2 Statistical decision theory

As a more general framework, statistical decision theory can help to make decisions
on a formal basis. In this framework, the decision maker has to choose among a set of
different actions a by quantitatively assessing the consequences of these actions. To this
end, we consider a loss function L(6, @), where the unknown parameter 6 refers to the
“state of the world”. The interesting question for the statistician is how to use the data
in order to make optimal decisions. Assume we observe an experimental outcome x
with possible values in a set X, which depends on the unknown parameter 6. Further-
more, let f(x|8) be the corresponding likelihood function. Then, we define a decision
function 6(x) which turns data into actions (Parmigiani and Inoue 2009). To choose
between decision functions, we measure their performance by a risk function

R@,5) = / L(0, 8)f (x|0)dx.

These can be approached from either a frequentist perspective (e.g., the minimax
decision rule) or a Bayesian perspective, where the risk is associated with a prior
distribution z(#). For a more thorough treatment of these concepts, we refer to Par-
migiani and Inoue (2009).

Examples for loss functions in the context of COVID-19 include the number of
avoided deaths (Bubar et al. 2021), negative reward functions in Markovian decision
models (Eftekhari et al. 2020) or the social loss function as proposed in a recent discus-
sion paper of the European Commission (Buelens et al. 2021).

6 Reporting and communication
For data analysis and modeling to have an impact as a component of decision mak-
ing, appropriate reporting and communication is key. There are numerous standards

and guidelines for study planning and statistical reporting in the numerous applica-
tion areas, such as the ESS standard for quality reporting, the CONSORT, PRISMA,
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CHEERs guidelines and others (see https://equator-network.org). These standards
are based on commonly accepted core quality principles and values such as accu-
racy, relevance, timeliness, clarity, coherence and reproducibility. For measures to
restrain and overcome an epidemic effectively, communication among experts that
follows highest professional and ethical standards is not sufficient. In a democratic
society, policy measures can only be implemented if they are accepted by the wider
population. This puts high demand on skills associated with communicating statisti-
cal evidence on the side of scientists, governments and media, and a citizenry able
to understand statistical messages.

In recent decades, there have been numerous publications, initiatives, and ideas to
improve the communication of quantitative and statistical information, see Hoffrage
et al. (2000), Tufte (2001), Rosling and Zhang (2011), Otava and Mylona (2020), to
name only a few. Data journalism has recently taken off as an innovative component
of news publishing, and COVID-19 provides numerous excellent examples, often
using an interactive visual format on the Internet, such as dashboards. A fundamen-
tal problem in assessing probabilities, for example, lies in the intuitive conflation
of subjective risks (“how likely am I to become infected”) and general risks (“how
likely is it that some person will become infected”). Another issue is that of equating
sensitivity of a diagnostic test and the positive predictive value (Eddy 1982; Giger-
enzer et al. 2007; McDowell et al. 2019; Binder et al. 2020). In particular, the preva-
lence (or base rate) is often neglected leading to this confusion. Fact boxes com-
bined with icon arrays are recommended for the presentation of test results. Both
representations are based on natural frequencies (Gigerenzer 2011; Krauss et al.
2020) and present case numbers as simply and concretely as possible. Many scien-
tific studies show that icon arrays help people understand numbers and risks more
easily (e.g., McDowell et al. 2019). The Harding Center for Risk Literacy shows
many other examples of transparent communication of risks, including COVID-19!
and a collection of misleading or wrong communication of statistics, such as for
vaccination effects (“Unstatistik’).

When communicating the results of an analysis to policy makers or the gen-
eral public, the following aspects must also be kept in mind. While human think-
ing tends towards pattern simplification and political communication also prefers
a simple cause-effect relationship, real phenomena are often multivariate. Thus,
when studying COVID-19 and predicting its spread, it is important to consider
its symptomatology, the incidence and geographic distribution of diseases, popu-
lation behavior patterns, government policies and impacts on the economy, on
schools, on people in nursing homes and on social life as a whole. However, it
is also crucial to integrate these into data analyses and to communicate results
clearly and transparently; for example, it might be important to state that associa-
tions observed in the data could be caused by other, omitted variables (confound-
ers). In addition, much of the data comes from observational studies, which usu-
ally makes a robust causal attribution problematic. As many of these phenomena
cannot be studied other than by observation (for ethical and feasibility reasons),

! https://www.hardingcenter.de/de/.
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Fig. 3 Choropleth map of the incidence figures on 2021-02-12 for Germany by district. Source: Robert-
Koch-Institute https://app.23degrees.io/export/oCRP768wQ3mCswE7-choro-corona-faelle-pro-100-000/
image

causal attribution might be achieved as a scientific consensus opinion among sci-
entists from the relevant disciplines that understand the complexity of the models
and the subject matter studied. Visual representations take a central position in
public communication and aim to represent the corresponding dynamics and con-
tents in a quickly understandable way. Usually either time-dependent parameters
or data with a spatial reference are visualized. For spatially distributed data, cho-
ropleth maps are predominantly used, in which administrative regions defined by
the responsible health authorities are colored according to the distribution density
of the infection figures or variables derived from them (see Fig. 3). Their visual
perception problems—such as the visual dominance of the area of administrative
regulatory frameworks that have no direct relation to infection events—are well
known but the effects of such problems are still widespread. In addition, the use
of ordinance thresholds as the basis for color scaling is often at odds with color
schemes that emphasize real spatial distributional differences.

For time-dependent parameters, different variants of time series diagrams are
used, predominantly line and column diagrams. The use of logarithmic scales in
time series diagrams should be evaluated with caution (Romano et al. 2020). On
the one hand, they tempt superficial readers to underestimate dynamic growth pro-
cesses; on the other hand, they increase the demands on the mathematical and sta-
tistical literacy of the readership without corresponding advantages of visual repre-
sentation. Figure 4 shows the time course of the 7-day incidence per 100,000 people
between 24 January and 4 February 2021 for some selected countries. While the
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Daily new confirmed COVID-19 cases per million people
7-day rolling average. Due to limited testing, the number of confirmed cases is lower than the true number of
infections.
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7-day rolling average. Due to limited testing, the number of confirmed cases is lower than the true number of
infections.

5,000
4,000
3,000

2,000

Germany

France
1,000

United Kingdom
United States
Canada

India

0 —=E== e = = ‘
Mar 1, 2020 Aug 8, 2020 Feb 24,2021 Feb 21, 2022

Source: Johns Hopkins University CSSE COVID-19 Data ccBY
Fig.4 The 7-day incidence for different countries over time. On the logarithmic scale (top graphic),
differences appear small. The linear scale (bottom graphic), however, shows considerable differences.

Source: Our World in Data, https://ourworldindata.org/covid-cases?country=INDUSAGBRCANDEU
FRA, accessed 2022-02-22
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differences appear relatively small on the logarithmic scale, the linear scale shows
considerable differences.

7 Recommendations

Reaching a decision based on data requires several steps, which we have illustrated
in this paper: Data provide the basis for different kinds of models, which can be used
for prediction, explanation and decision making. This forms the basis for making
decisions within a formal framework. The results of these models must be commu-
nicated to non-scientists in order to gain acceptance of and adherence to policy deci-
sions. Each of these steps comes with its own caveats and requires sound statistical
knowledge.

Data: Lessons learned from the current pandemic about data, variables and infor-
mation that should be obtained are critically discussed for specific countries (Gross-
mann et al. 2022; The Royal Statistical Society 2021; Rendtel et al. 2021) and on
a European and international level (Kucharski et al. 2021; ECDC 2020b), (Dean
2022; Mathieu 2022). Examples include establishing new vaccination registries,
extending coronavirus registries with further socio-demographic parameters and
data sharing. We recommend the implementation of standards (European Statistics
Code of Practice 2017) and processes for data collection on a national and interna-
tional level, especially within Europe. These standards need to be refined, meeting
the requirements of relevance, transparency, truthfulness, timeliness and accuracy
to improve the handling of epidemics and pandemics in the coming years. National
and international strategies and systematic collection and sharing of data allowing
researchers to access the information that is important to build comparable statistical
and decision-analytic models.

Modeling Methods: Depending on the modeling approach, the model can be fit
to one data set (e.g., regression model) or data from different sources with different
levels of evidence can be used to populate the model (e.g., decision-analytic mod-
els). In addition, several modeling approaches may be applicable for one research
question (e.g., differential equation model or ABM for the prognosis of COVID-
19 spread and consequences). We recommend clear communication about 1) the
purpose of the model, 2) how the model uses data, 3) the database or additional
assumptions and their evidence basis, and 4) risks and uncertainties. If applicable,
several modeling approaches should be applied. As a result, the model best fitting
the data would be selected or different modeling approaches could provide insights
into uncertainty, like in national forecasting consortia (e.g., as in the Austrian
COVID Prognosis Consortium (CPK 2021)) and nowcast/forecast ensembles. The
infrastructure of comprehensive population or microsimulation models—including
population, disease and flexible intervention or policy modules—needs to be estab-
lished and maintained beyond the current crisis.

Data Aquisition: Models require data from various sources, and different mod-
eling approaches allow data transformation and synthesis from different sources.
Data aquisition for scientific evaluations requires a further improved infrastruc-
ture to speed up model development and to parameterize models with high level
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evidence including vaccine effectiveness in real time. We recommend the creation
of a central national DatalLab, collecting data in a unified way and linking data from
different sources as well as enabling accessibility for experienced users. With regard
to data sharing, it is important that this is manageable from a practical point of view
in terms of the time frame and resources needed.

Transparency: In the wake of the COVID-19 pandemic, reporting of infec-
tion numbers and derived epidemiological indicators boomed, demonstrating with
dramatic clarity the knowledge gap between experts, policymakers and the public.
To increase the acceptance of decisions and associated measures, all steps in the
decision-making process must be disclosed. We recommend a transparent decision-
making process and communication of this process starting with the data, continu-
ing with the choice of models, relevant perspectives, outcomes or metrics for several
outcomes and an explicit discussion of considered tradeoffs (see, e.g., Gigerenzer
et al. 2007; Gigerenzer and Edwards 2003; Richardson and Spiegelhalter 2021). In
this context, the media also play a crucial role.

Interdisciplinary cooperation: A pandemic poses particular challenges to soci-
ety as a whole. In order to tackle these as efficiently as possible, interdisciplinary
cooperation, such as that fostered by the DAGStat, is essential. We recommend that
experts act as a specialist group rather than as individuals, broadly positioned and
media-sensitive. These interdisciplinary collaborations should consist of data scien-
tists including statisticians, epidemiologists, experts in public health, social sciences
and ethics, as well as decision and communication scientists. The DAGStat as an
umbrella organization of various professional societies, the Competence Network
Public Health COVID-19 or the Society for Medical Decision Making (SMDM) are
examples for existing networks that can be built upon.

Statistical Literacy / Data Literacy: The COVID-19 crisis brought into the gen-
eral public’s awareness that our social interaction and political decisions are essen-
tially based on data, modeling, the weighing of risks and benefits, and thus on prob-
ability estimates, expected values and incremental harm-benefit ratios. Clearly, we
need additional efforts to promote statistical or data literacy at all levels of society.
The ability to critically evaluate and interpret data and to critically reflect on model
outcomes serves to promote maturity in a modern digitized world. We recommend
promotion of statistical literacy to be intensified at all levels of education (school/
vocational education/training) following the Data Literacy Charta (Schiiller et al.
2021) and including risk competency (Ball et al. 2020; Loss et al. 2021). There-
fore, collaboration between statisticians and all stakeholders involved in statistical
literacy is necessary.

8 Discussion

In our paper, we discussed all steps starting from data capturing to statistics, mod-
eling, decision making and communication which are important aspects in the con-
text of evidence-based decision making. The current pandemic has shown that, in
particular in Germany, we are still far from such an evidence-based decision-making
process. Aims of this process include the following: First, it should result in the best
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possible decision given the available evidence, and it is necessary to explicitly con-
sider the tradeoffs involved with certain interventions. Second, gaining the public’s
acceptance of the decisions is fundamental. In order to achieve these goals, we need
reliable data, careful interpretation of the results and a clear communication, espe-
cially concerning uncertainty, see, for instance, WHO (2020).

It is important to note that the considerations described in our paper not only
apply to the current pandemic, but also extend to future pandemics® and other (pub-
lic or political) challenges such as the climate change debate (Ritchie 2021).

Our paper has several limitations. First, we refer to data as the input to the statisti-
cal models irrespective of possible preprocessing steps. An upcoming publication on
data and data infrastructure in Germany will include more details on data prepara-
tion, building upon the DAGStat white paper (Deutsche Arbeitsgemeinschaft Statis-
tik 2021). Second, our overview of modeling techniques does not provide a detailed
discussion of all modeling approaches and their advantages and limitations but it
should foster interdisciplinary collaboration among data scientists. References on
guidance papers provide valuable further readings. Third, the decision-making pro-
cess involves a variety of stakeholders, including politicians, government agencies
and health authorities, health care providers, citizens, patients and their relatives,
scientists, and they all take different perspectives. We have not discussed this aspect
in detail in our paper, but the original white paper included a paragraph on political
decision making (Deutsche Arbeitsgemeinschaft Statistik 2021).

The German Consortium in Statistics (DAGStat), a network of 13 statistical asso-
ciations and the German Federal Office of Statistics® and the Society for Medical
Decision Making (SMDM)), initiated a collaboration of scientists with backgrounds
in all areas of statistics as well as epidemiology, decision analysis and political
sciences to critically discuss the role of data and statistics as a basis for decision-
making motivated by the COVID-19 pandemic. We found that similar concepts are
often considered in different areas, but different notation and wording can hinder
transferability. In this sense, this paper also aims to bridge the gaps between dis-
ciplines and to broaden the research focus of statistical disciplines to prepare for
future pandemics.
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