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Abstract: Since the outbreak of the corona virus in the end of 2019, many worldwide attempts have
been made to monitor and control the COVID-19 pandemic. A wealth of empirical data has been
collected and used by national health authorities to understand and mitigate the spread and impacts
of the corona virus. In various countries this serious health concern has led to the development of
corona dashboards monitoring the COVID-19 evolution. The present study aims to design and test
an extended corona dashboard, in which—beside up-to-date daily core data on infections, hospital
and intensive care admissions, and numbers of deceased people—also the evolution of vaccinations
in a country is mapped out. This dashboard system is next extended with time-dependent contextual
information on lockdown and policy stringency measures, while disaggregate information on the
geographic spread of the COVID-19 disease is provided by means of big data on contact intensity
and mobility motives based on detailed Google Mobility data. Finally, this context-specific corona
dashboard, named ‘Dutchboard’, is further extended towards the regional and local level so as to
allow also for space-specific ‘health checks’ and assessments.

Keywords: corona dashboard; infection cases; hospital admission; intensive care; death cases;
vaccination; policy stringency; lockdown; mobility; social interaction; social distancing; local/regional
COVID-19 dashboard

1. Introduction

COVID-19 has become a disruptive factor in human health conditions all over the
world. It has not only affected the life and wellbeing of millions of people on our planet but
has also exerted major devastating impacts on the welfare of many people, in particular, low
income groups. Apart from a few noticeable exceptions, most countries have made serious
attempts—within the resources available—to cope with this pandemic, through socio-
medical and socio-economic intervention policies. Despite the generally rather uniform
space-time spread pattern of a pandemic, most countries have developed country-specific
medical prevention and mitigation strategies, so that from a worldwide perspective the
space-time dispersion of the pandemic exhibits a capricious complex space-time evolution.
In addition, the emergence of new variants of the corona virus has led to irregular dispersion
curves, reflected in successive corona waves.

Public health authorities in many countries have tried to keep records of the devel-
opment of COVID-19 cases by collecting up-to-date and open-access information on new
COVID-19 infections, hospital admissions, intensive care admissions, and number of de-
ceased persons. In a later stage (as of the beginning of 2021)—with the introduction of
various vaccines—also more information became available on the penetration rates and
impacts of several vaccines for different population groups.

In several countries, health authorities have made a serious attempt to put together
the available COVID-19 data in an up-to-date corona dashboard, often even on a daily
basis. Examples can be found inter alia in Belgium, The Netherlands, and the USA (in
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particular, the Johns Hopkins Coronavirus Center in Baltimore). Such dashboards aim to
monitor the health situation in a country and are meant to act as a signpost for public health
policy. Consequently, since the pandemic outbreak a rich database on the fluctuations in
COVID-19 infections could be built up. However, to understand the dynamics of a range
of such often irregular corona curves—over time and space—calls for more quantitative
insight into various critical contextual (or background) factors, in particular, the develop-
ment of corona vaccinations (and different vaccines), the intensity of policy intervention
measures, and the social-spatial behaviour of people in terms of social-physical interaction
(ranging from work mobility to family visits). Measuring such interactive effects is not
an easy task. As we know, from the first epidemiological models [1], the quantitative and
consistent measurement of epidemiological spread patterns—influenced by a combination
of vaccination impacts, lockdown measures and spatial-behavioural contact impacts—is
fraught with many empirical data and applied statistical problems [2,3].

In general, broad systematic and comparable information, at least in a quantitative
sense, was hardly available at the beginning of the pandemic, in particular on conditioning
factors for physical human interaction and on the nature, intensity and pervasiveness of
a variety of government intervention measures. Consequently, the effects of a series of
public lockdown and other prevention measures in relation to social behaviour are less
understood. An interesting evidence-based study on the spatial spread and concentration
of COVID-19 in relation to lockdown measures can be found in [4]. On a global scale, the
Oxford policy stringency index, which has recently gained quite some popularity, provides
a quantitative indicator on national direct and indirect policies to cope with COVID-19.
Clearly, sometimes these policy mechanisms showed wild fluctuations over time and across
countries. Consequently, the impacts of public policy measures worldwide on the intensity
and spread of COVID-19 are very pluriform, so that a comparative impact assessment of
the success of policies is extremely difficult. It goes without saying that an assessment of
the effect of the policy context on the corona developments in a country calls for up-to-date
and detailed quantitative information on various background factors.

A major context-specific determinant of the spread of the corona virus is clearly
shaped by physical transmission of the virus among people in close proximity. From a data
perspective, physical interaction and mobility patterns are thus critical, as interaction and
mobility form the intermediate vehicle for physical contact and human communication.
Therefore, detailed information on social interaction (including its reverse, viz. ‘social
distancing’) is a sine qua non for a detailed understanding of the spread pattern of COVID-
19. In our study on context-specific corona dashboards we will, therefore, employ ‘big data’
taken from the Google Mobility database.

Another striking phenomenon is the great heterogeneity in the density and spread
pattern of COVID-19, even within the same country. The geographical pattern of COVID-19
shows a great diversity over regions and cities of a country. Therefore, there is a need
for a localised corona dashboard information that captures much of the above mentioned
spatially granular information so as to create a decision support tool for regional or local
‘health checks’ on a short-term basis.

The present paper—focused on The Netherlands as the study area—aims to provide
the foundation and an illustrative application for a context-specific corona dashboard
(serving as a quantitative visualised decision support tool) that combines—beside core
COVID-19 data—various background factors that influence the detailed space-time tra-
jectory of the spread of COVID-19, ranging from the national to the local level. However,
serious doubts have been expressed on the functioning of such health dashboards, and
thus a critical general assessment of dashboards in public policy is also needed.

This paper is organised as follows. After this introductory section which sets the
scene for our study, we will introduce and summarise in Section 2 the general nature and
benefits of a dashboard for policy making or management in both the private and public
sector. Next, in Section 3 the architecture of a corona dashboard for health policy will be
described, against the background of a prevailing national corona dashboard developed
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in The Netherlands. Section 4 will then be devoted to the necessary extension of such a
dashboard by addressing three context-specific factors, viz. the vaccination programme, the
intensity of policy intervention (‘policy stringency’) and the social interaction/mobility patterns
by using big data from Google. Given the need to analyse geography-specific factors, we
will in Section 5 present regionalised or localised versions of the context-specific corona
dashboard, so as to serve the information needs of regional or local health authorities. In a
final section (Section 6), we will offer some prospective views on possible improvements of
the proposed local or regional corona dashboard.

2. Dashboards: A ‘Deus Ex Machina’?
2.1. Dashboards: Introduction

The currently popular corona dashboards are mainly inspired by dashboard applica-
tions in the management sciences. Dashboards have in the past decades become a popular
policy and decision support tool in many fields of research and management [5–10]. The
number of definitions of a dashboard is vast, while the range of applications is broad. In
the present study we will conceive of a dashboard as an organised management or policy
information system with focused quantitative up-to-date information (‘data’) that is essen-
tial for actionable response; it is a visualised and compact decision support system usually
based on critical thresholds or target values of pre-specified policy-relevant variables [11].

It should be noted that a dashboard is not a miraculous panacea for treating all kinds
of diseases (a ‘deus ex machina’). It acts as a lighthouse for consistent decisions or policy
making, but it does not imply a decision per se nor function as a compelling choice tool;
it offers only an insightful, evidence-based and instrumental interface mechanism for in-
terventions of competent agents. Furthermore, it is not a prediction model: a dashboard
captures only in a systematic and condensed form relevant past information. Trend ex-
trapolations, expert-based forecasts or imagineering tools can be added to a dashboard in
the form of ‘satellite information’ around the data core of the dashboard. Thus, mental
experiments of a ‘what . . . if’ nature (e.g., in the form of ‘flight simulators’, scenario choice
exercises, or gaming experiments in a decision lab) may be included as complementary
tools to a dashboard (see also [12] for an application to uncertain transportation planning
in the future). Dashboards serve to reduce information on complex, multi-layered and
interdependent systems into surveyable and actionable information presented in the form
of a lighthouse for management navigation tasks [13,14]. Dashboards do not only comprise
a limited collection of meters which serve as a visual yardstick for decision making, they
also need systematic background information in order to interpret the visualised outcomes
on a dashboard (‘contextualised information’). Therefore, context specificity is a key feature
of any operational dashboard. Consequently, due attention is needed for: (i) dashboard
principles; (ii) dashboard design; (iii) dashboard data; and (iv) dashboard analysis and use
(see Sections 2.2–2.5). These descriptions will be used as key elements for designing the
corona dashboard and to assess its usefulness at the end of this paper.

2.2. Dashboards: Principles

Since the corona pandemic outbreak, several countries have developed so-called
corona dashboards as a monitoring tool for public health policy. In many discussions
and implementations of corona intervention strategies, a reference is made to quantitative
corona dashboard data. Such discussions give the impression that a corona dashboard is a
cybernetic steering instrument. However, dashboards are no ‘automatic pilots’; they are
data-driven information tools for balanced decision making so as to keep a complex organi-
sation on course. In general, they are usually part of a strategic performance management
system, in which the achievement of pre-set key performance indicators (KPIs) is the main
managerial challenge [15–32]. In current health care policy regarding COVID-19, KPIs are
also extensively used, such as professional hospital treatment of corona patients (and other
patients), satisfactory vaccination intensity or restricted mobility and physical interaction.
Just like in management practice, such KPIs should play a key role in a corona dashboard.
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The general literature on business management and industrial organisation contains
a wealth of contributions on dashboards, KPIs and balanced scorecard methods. They
all serve to provide systematic information for monitoring, adjusting or changing the
organisation’s trajectory. Deviations from a pre-set course require appropriate and timely
response, as is known from cybernetics. Historically, in the literature on macro-economic
policy, the seminal work of Nobel laureate Jan Tinbergen [33] (1956) is noteworthy in
this context; based on pre-set fixed targets (acting as reference points for decisions), he
was able to specify the courses of actions (‘instruments’) that were needed to reach these
goals. His work was later on extended by Theil [34] (1964) who introduced a quantitative
target achievement model for government and industry decisions, using a quadratic penalty
function for a deviation from the pre-specified development trajectory of the target variables.
This work was later on extended in multiple-goal programming models in the form of
multi-objective achievement analysis [35]. A first transition towards a scoreboard and
dashboard analysis in multi-criteria decision making can be found in the multi-dimensional
flag model in which the performance of an agent in terms of achieving several targets (or
avoiding cost factors) is presented by the colours of distinct flags describing the degree of
success or desired outcome [36].

In recent years, scorecards and dashboards have gained increasing popularity. Scorecards
aim to confront the values of strategic goals of an organisation with its actual outcomes or
results: performance is judged on the basis of pre-specified goals. In general, scorecards
are static representations of goals achievements of KPIs, although in a multi-temporal
framework they can also be used as monitoring tools. Scorecard methods may essentially
be conceived of as a quantitative gap analysis.

Dashboards have a more embracing character and map out the state of a complex
dynamic organisation on the basis of multiple interdependent metrics related to KPIs. Al-
though the core of a dashboard is formed by a small number of pre-selected meters depict-
ing in a bird’s eye view the performance of the agent, it contains in practice—as additional
information sources—several graphs, charts or diagrams to visualise the state of KPIs and
related parameters. A dashboard then monitors the evolution of an agent’s performance,
and provides the necessary—though not sufficient—information for operational—strategic
or managerial—interventions. Clearly, its usefulness depends on up-to-date provision of
relevant data for actionable management. A dashboard can thus be used for both long-
range strategic performance management and day-to-day management decisions. It is clear
that in a pressing corona context, a dashboard is mainly used as an information tool for
short-term decisions and less for long-term strategy development. A good example can
be found in the corona dashboard developed in Belgium which contains much detailed
information which serves as a guiding tool for regular adjustments in Belgian corona
policies (available online: https://datastudio.google.com/embed/reporting/c14a5cfc-cab7
-4812-848c-0369173148ab/page/ZwmOB (accessed on 1 September 2020).

2.3. Dashboards: Design

Corona dashboard data are often reported in daily newspapers; they have frequently
been the source of public debate. In general, dashboards are useful for a visualised perfor-
mance measurement and monitoring, but need an adequate design in terms of flexibility
and information coverage, so that real-time data can be generated—and visualised—for
understanding and changing the current evolutionary state. Given the multiplicity of po-
tential corporate objectives and targets, a systematic design of a dashboard is a sine qua non.
A guide may be found in Miller’s [37] (1956) ‘magical number seven’, which stipulates that
the maximum number of objectives that can simultaneously, consistently and effectively
be taken into consideration by a smart decision maker is seven. Beyond this threshold,
decisions become inconsistent and flawed, as can be shown by experimental research. This
principle is not only respected in a car dashboard, but also in current corona dashboard ap-
plications, where the number of indicators simultaneously included in a corona dashboard
is normally four to five (e.g., daily infections, hospital admissions, occupancy of intensive

https://datastudio.google.com/embed/reporting/c14a5cfc-cab7-4812-848c-0369173148ab/page/ZwmOB
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care units, death tolls, or vaccination percentage). In case of many objectives (or KPIs), a
systematic architecture and decomposition of decision factors has to be carried out (see in
particular, [38]) so that a logical decision tree can be constructed, in which each class of
choice or decision criteria receives more or less a similar weight in the decision procedure
(see also [39]). Consequently, a hierarchical decision tree has to be constructed so as to
design a dashboard with a limited set of pre-specified strategic or operational indicators
(KPIs). This decomposition principle will also be adopted in our corona dashboard design.

Any dashboard should be able to show interlinkages among KPIs, while it should also
provide meaningful interactive information to all qualified users. The visualisation of the
dashboard information should be straightforward and as simple/accessible as possible [40–42].

Depending on the class of competent users, a dashboard may adopt different scopes;
in particular, a distinction may be made according to operational dashboards (with real-time
data for a snapshot of performance), analytical dashboard (with more focus on trends
and future outlooks including scenario experiments), and strategic dashboards (analysis
of key performance indicators for a better alignment with corporate strategy, including
uncertainty analysis). It is clear that over the past few years, dashboard design and analysis
has become an intelligent ‘art’ serving the needs of management and policy making in both
the private and the public sector (see also [40]). In the current corona times, dashboards
with COVID-19 data have become shared information tools in society, with a main focus
on operational short-term dashboards.

2.4. Dashboards: Data

Dashboards for corona policy may provide different handles for adaptive policy;
looking only at one meter (e.g., infections) may lead to a neglect of another meter (e.g., death
cases). So, the ‘art’ of dashboard use is to offer a balanced and simultaneous overview of a
limited number of key indicators. Due to fluctuating patterns in COVID-19 cases, there is
an ongoing need for up-to-date information on these key indicators. Dashboards are indeed
data-driven decision-support tools. They provide up-to-date information on a selective set
up of heterogeneous data that characterise a complex organisation. The transformation of
pluriform data into useful dashboard information on KPIs presupposes: (i) a transparent
access to all relevant data by competent actors; (ii) a systematic simplification of complex
data into decomposed user-oriented data; (iii) a useful coding and decoding of the data
so as to facilitate the meaning/understanding of data; (iv) the generation of a clear user
interface with the data employed in the dashboard.

In the light of the strategic importance and accountable functioning of a dashboard,
the following data requirements are necessary (see also [43]):

• A clear recording of all data sources;
• A transparent presentation of all data used;
• Online access to all data in the dashboard (the ‘5-s rule’);
• A clear justification of the data metrics in the context of relevant KPIs;
• An objective and non-value loaden data content so as to stimulate innovative, but balanced

and accountable decision making;
• A user-oriented visualisation of the trajectory of all decision-relevant data;
• The presence of user interfaces so as to facilitate unconventional thinking of agents;
• Incorporation of filtering and navigation tools in combination with future scenarios

(including gamification tools).

Dashboards are data-driven policy-support tools in a learning management system
characterised by a multiplicity of heterogeneous data put together in a user-friendly
‘instrument panel’. The great potential of digital technology has propelled the data handling
capacity of professionals and users, not only in a business environment, but also in public
policy, e.g., in urban policy (see, e.g., [44–46] and health policy [47–53]). This has stimulated
the use of data-driven systematic dashboards, mainly to monitor performance progress,
but also to identify outliers in a dynamic decision environment.
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Against the background of urgent policy needs regarding COVID-19 management, a
corona dashboard should fulfil the following criteria: synchronisation of data, simultaneous
interactivity of relevant information, and selectivity of key performance data on COVID-19.

In conclusion, dashboards are data-based information tools that serve the needs of
decision-making agents by access to and presentation of relevant core information in an
attractive and insightful manner. The current corona times demonstrate clearly the need
for up-to-date policy-relevant information.

2.5. Dashboards: Analysis and Use

There are hardly any studies with a critical assessment of corona dashboards. How-
ever, in the general management dashboard literature we find many reviews. In several
publications [54,55] a critical review of the advantages of a dashboard use has been ar-
ticulated, such as: communication improvement, more focus on strategy, better internal
coordination, more ‘out of the box’ thinking, better quality control and more professional
business planning. There is no doubt that over the past few years, dashboards have gained
much popularity as efficient decision support tools, in both private and public circles.
Examples in the business sector can be found inter alia in: productivity analysis, marketing,
HRM, financial management or quality control. Public sector applications can be found
inter alia in: environmental management, energy planning, traffic safety management,
education or health care. A dashboard may, therefore, be seen as an applied business
intelligence tool in a corporate organisation and in the public domain, while also allowing
for online analytical processing.

The widespread use of dashboards was analysed in the framework of the present
study by undertaking a review and meta-analytical synthesis of the existing literature
during the year 2020, using Guidelines for Performing Systematic Literature Reviews in Software
Engineering. Based on a keyword search and filtering, a total of 52 papers remained.

Our overall findings from this meta-analytic search process can be summarised as
follows. Dashboards are becoming an important means of tracking key performance
indicators for private, nonprofit, and public organizations. Broadly, dashboards summarise
“key performance metrics and underlying performance drivers” [56] (p. 177). Typically,
dashboards facilitate the processing of complex information in less time than it would
take to comprehend otherwise with the use of information graphical representations and
explanatory texts.

Applications from the health care sector are rare, while applications to COVID-19 were
not yet found in this database.

In the public sector, dashboards appear to be normally used for three applications:

• Monitoring in near-real time, (often) employed by front-line workers to keep track of
operations to monitor processes, events and activities on a real-time (near) basis;

• Analysis and benchmarking, in which executives use tactical dashboards to review and
benchmark the performance of departmental activities and processes; departmental
managers may use dashboards for monitoring their unit’s progress;

• Strategic tracking, so as to track progress toward achieving strategic objectives; these
dashboards are often implemented using a balanced scorecard framework.

These applications are usually set up with the goal to communicate, improve internal
performance, or increase accountability and transparency within or across sectors with a
focus on collaboration and participation from the citizens and key stakeholders.

It is noteworthy that the recent development and popularity of corona dashboards was
not characterised by a solid and comprehensive knowledge of dashboard design principles.
Most countries which have designed a corona dashboard (see e.g., https://coronavirus.
data.gov.uk/details/cases, accessed on 1 July 2021) did so in a rather ad hoc manner,
without respecting the scientific design principles. As a consequence, the information
provided by many corona dashboards is usually not directly comparable. In Europe, this
lack of systematic design, use and interpretation of COVID-19 information has hampered
the coordination of corona policies in European countries and the sharing of insights from

https://coronavirus.data.gov.uk/details/cases
https://coronavirus.data.gov.uk/details/cases
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national corona monitoring panels. Several ad hoc corona dashboards were created in
Europe, which were sometimes based on false expectations regarding policy outcomes. In
our subsequent description of a corona dashboard we have, therefore, paid due attention
to the conceptualisation, contextualisation and operationalisation of a corona dashboard.

3. Organisation and Architecture of a Corona Dashboard

After the unforeseen outbreak of the corona virus and the sudden emergence of
COVID-19 as a life-threatening and infectious pneumonia in Wuhan (Hubei, China) in
December 2019, it took only a few months for the virus to reach and cover the whole world.
This public health emergency called for firm policy responses, which ideally should be
based on evidence-based information on the causes, the spread, the treatment and the
prevention of this corona disease. In several countries, scientists started to develop—often
online and interactive—corona dashboards so as to monitor and visualise the reported
cases of COVID-19 as the basis for awareness creation and informed policy responses. A
well-known example is the corona dashboard hosted by the Center for Systems Science
and Engineering (CSSE)—Johns Hopkins University (Baltimore), but also many other
corona dashboard initiatives were launched elsewhere, including The Netherlands. In
general, such dashboards capture the number, date and location of confirmed COVID-19
cases, as well as the number of hospital admissions and officially confirmed death cases.
It is evident that with rising COVID-19 cases the data collection and processing for a
corona dashboard cannot be completed manually, so that it became necessary to go for
an automated data collection procedure, in which health authorities (including medical
doctors, clinics, hospital etc.) were playing a pivotal information role. This turned out
to be a painstaking process, so that the accountable collection of reliable and comparable
COVID-19 data in different parts of the world became a nightmare, which opened the door
for doubts on the reliability of data.

Right from the beginning, the Dutch health authorities have decided to create one
open-access corona dashboard which contained all COVID-19 data from all sources to the
maximum extent possible, in order to inform the public, to monitor the corona situation
in The Netherlands as compared to the spread elsewhere, and to provide a data-based
yardstick for public intervention strategies in the country. The daily corona figures were
collected and presented on an open platform, so that the evolution could be traced, includ-
ing possible ex-post effects of government interventions (including lockdown measures),
or changes in social contact behaviour (e.g., home office work, teleshopping etc.), as well
as of vaccination programmes (as of the beginning of 2021). The main focus of the Dutch
corona dashboard (developed by the RIVM, The Netherlands State Institute for Public
Health and Environment) was on the actual corona figures, including the visualisation
of fluctuations and of various waves, for the country as a whole and for various regions
and urban agglomerations. This information base contained the following in particular:
the number of daily reported COVID-19 cases, the number of officially reported hospital
cases, the number of COVID-19 admissions in intensive care divisions, and the number of
officially reported COVID-19 deaths.

The backbone of the COVID-19 dashboard was formed by the design and use of
geographically disaggregated risk maps for health/safety regions in the country where a
classification was made into: (i) caution (low risk), (ii) concern (medium risk), (iii) serious
(high risk), (iv) very severe (extremely high risk). Based on progressive weekly averages, the
corona situation for these risk regions could be monitored on a daily basis. This dashboard
information was supplemented by vulnerability data for specific target groups (e.g., in
elderly homes and care facilities) and by an assessment of the reproduction rate of the
corona spread (with a number 1 as the reference index). This dashboard—only based on
verified data—has played an important role in the first part of the corona crisis as the basis
for evidence-based public health care decisions, e.g., on school closures, compulsory use of
face masks, encouragement of online activities, etc.
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The Dutch corona dashboard created by the RIVM has many merits; it is a rich up-to-
date and open-access information base which has been instrumental as a systematic policy
support tool for developing evidence-based health care strategies; it is publicly accessible,
so that the confidence in this monitoring system is rather high; it also allows for flexible
target setting for various KPIs during the corona crisis, although it is not an interactive
scoreboard system. It is essentially more a well-crafted systematic information base than a
decision or policy support tool. Consequently, target settings are less transparent, while
neither the action orientation nor the forecasting capabilities are strongly developed. The
latter limitation is particularly salient in case of policy needs for local or socio-economic
purposes. To cope with the latter challenge, a more comprehensive and systemic approach
in a broader spatial context would be desirable, in which the virus spread, contact patterns
of people, public intervention measures and vaccination rates are brought together in one
analytical and accountable framework.

We will start the presentation of our new dashboard design (‘Dutchboard’) with a
schematic picture of the core of the corona dashboard which incapsulates the cornerstones
of any base corona dashboard containing the base figures on COVID-19 (see Figure 1).
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The visual numerical information content captured by this dashboard is presented
here as a screenshot on an arbitrary date, viz. 28 February 2021 (see Figure 2).

Sustainability 2022, 14, x FOR PEER REVIEW 9 of 22 
 

 

 

Figure 2. Illustration of COVID-19 in numbers in the basic corona ‘Dutchboard’, 21–28 February 

2021. Source: The Center for Actionable Research of the Open University (CAROU) 

(http://www.smartcity-dashboards.com, accessed on:1 July 2021) Legend: The corona dashboard 

shows five columns of information—cases, deaths, hospital admissions, ICU admissions and vac-

cinations. 

We note that the online numerical information captured by Figures 1 and 2 is still 

incomplete. Detailed information on two important information categories is missing: (i) 

population heterogeneity and composition effects (e.g., age, gender, blue collar/white col-

lar, vaccination willingness, income/poverty; (ii) urban geography and morphology (e.g., 

density/proximity/interaction, urban liveability/environment/green, social capital/social 

and cultural bonds). To understand the complexity of the corona curves over space and 

time a digital extended and localised corona dashboard is needed, cascading from na-

tional to local levels and providing contextualised data on spatial contact patterns in rela-

tion to lockdown measures and vaccination rates. 

The resulting extended corona dashboard is schematically depicted in Figure 3. The 

extension of this dashboard with three more constituents—as shown in the integrative 

Figure 4—will now be described in Section 4. 

Figure 2. Cont.



Sustainability 2022, 14, 836 9 of 21

Sustainability 2022, 14, x FOR PEER REVIEW 9 of 22 
 

 

 

Figure 2. Illustration of COVID-19 in numbers in the basic corona ‘Dutchboard’, 21–28 February 

2021. Source: The Center for Actionable Research of the Open University (CAROU) 

(http://www.smartcity-dashboards.com, accessed on:1 July 2021) Legend: The corona dashboard 

shows five columns of information—cases, deaths, hospital admissions, ICU admissions and vac-

cinations. 

We note that the online numerical information captured by Figures 1 and 2 is still 

incomplete. Detailed information on two important information categories is missing: (i) 

population heterogeneity and composition effects (e.g., age, gender, blue collar/white col-

lar, vaccination willingness, income/poverty; (ii) urban geography and morphology (e.g., 

density/proximity/interaction, urban liveability/environment/green, social capital/social 

and cultural bonds). To understand the complexity of the corona curves over space and 

time a digital extended and localised corona dashboard is needed, cascading from na-

tional to local levels and providing contextualised data on spatial contact patterns in rela-

tion to lockdown measures and vaccination rates. 

The resulting extended corona dashboard is schematically depicted in Figure 3. The 

extension of this dashboard with three more constituents—as shown in the integrative 

Figure 4—will now be described in Section 4. 

Figure 2. Illustration of COVID-19 in numbers in the basic corona ‘Dutchboard’, 21–28 February 2021.
Source: The Center for Actionable Research of the Open University (CAROU) (http://www.smartcity-
dashboards.com, accessed on 1 July 2021) Legend: The corona dashboard shows five columns of
information—cases, deaths, hospital admissions, ICU admissions and vaccinations.

We note that the online numerical information captured by Figures 1 and 2 is still
incomplete. Detailed information on two important information categories is missing:
(i) population heterogeneity and composition effects (e.g., age, gender, blue collar/white
collar, vaccination willingness, income/poverty; (ii) urban geography and morphology (e.g.,
density/proximity/interaction, urban liveability/environment/green, social capital/social
and cultural bonds). To understand the complexity of the corona curves over space and
time a digital extended and localised corona dashboard is needed, cascading from national
to local levels and providing contextualised data on spatial contact patterns in relation to
lockdown measures and vaccination rates.

The resulting extended corona dashboard is schematically depicted in Figure 3. The
extension of this dashboard with three more constituents—as shown in the integrative
Figure 4—will now be described in Section 4.
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4. The Corona Dashboard in Context (‘Dutchboard’)

The core corona dashboard depicts quantitative data—systemically decomposed—on
key facts of the space and time spread of COVID-19 cases. The time trajectory of key data
on the corona cases will be depicted and commented on in Section 4.1. As mentioned, there
are three context-specific factors that determine the trajectory of the spread of the corona
virus: (i) the degree of vaccination intensity in a given country; (ii) the policy stringency
in coping with the virus; (iii) the degree of intensity of social contacts. These three factors
shaping the dynamic force field of the COVID-19 spread (see also Figure 4) will be mapped
out in Sections 4.2–4.4, successively, in the form of the ‘Dutchboard’).

4.1. COVID-19 Time Trajectories

The time trajectory of corona cases (beginning March 2020 until July 2021) in The
Netherlands shows many fluctuations. Figure 5 describes the daily patterns (averaged over
progressing weekly data) of the COVID-19 spread, measured in the number of infections,
number of hospital admissions (including intensive care admissions) and number of de-
ceased COVID-19 patients. This figure forms an empirical part of the broader corona dash-
board designed in the context of this study (see http//www.smart-city-dashboards.com,
accessed on 1 July 2021). Two observations can be made on these curves: (i) there is a
considerable correlation pattern between the three curves in this diagram in the initial stage
of the corona disease; (ii) over the 18-month period, five corona waves can be identified,
with rather different time intervals and amplitudes, however. In the last month of 2021, the
impacts of the Omicron variant can already be observed. These data are also available on a
regional and municipal level, as will be shown in Section 5.

It is an important question whether the shape and amplitude of these curves show a
similarity with the patterns of the three aforementioned contextual factors, viz. vaccination,
policy intensity and social contacts. To that end, we will provide a concise presentation of
the time patterns of the curves concerned in Sections 4.2–4.4.

http//www.smart-city-dashboards.com
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4.2. COVID-19 Vaccination Intensity

Right from the outset, it has immediately been argued by experts that next to a natural
herd group immunisation, a strong vaccination programme would be the best way to
get out of the crisis. The pharmaceutical industry has almost created a miracle by the
extraordinarily fast invention, production and market entrance of various vaccines, of
which in the western world AstraZeneca, Moderna, BioNTech Pfizer and Janssen are the
most well-known. These four vaccines have different degrees of protection (also in regard
to successive corona virus variants) and different vaccination conditions. Especially in
the initial period (beginning of 2021), there was a real scarcity of all vaccines, so that the
implementation of the vaccination programme showed many ups and downs. Furthermore,
in addition to uncertain delivery schemes of these vaccines, health authorities in different
countries developed a vaccination scheme that was co-determined by health conditions, age,
vulnerability of groups, contact patterns of people, key professionals, or socio-economic
status, so that the time trajectory of vaccinations—and hence of corona cases—was difficult
to monitor and to control. Finally, many uncertainties and beliefs in ‘fake news’ also
influenced the acceptance rates of the public.

The vaccination programmes in most countries started in the beginning of 2021 and
showed different intensities and growth paths for most countries, with forerunners such as
Israel and the UK, and with many backrunners in the developing world. Figure 6 shows
that the vaccination programme in The Netherlands started somewhat slow in the first
month of 2021, but then the country accelerated its vaccination efforts. It is noteworthy
that daily vaccination data are not available due to a complicated recording and reporting
system, with many agencies involved. Another complexity is formed by the doses needed
for a full vaccination (two for AstraZeneca, Moderna and BionNTech Pfizer, and one for
Janssen). Therefore, the current vaccination curves are not very accurate, especially if a
subdivision is made according to the shares of the four abovementioned vaccines (see
also Figure 7). It should be noted that gradually also more spatially disaggregate data on
vaccinations become available.

http://www.smartcity-dashboards.com
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data collection by Our World in Data (20 December 2021), Legend: For vaccines that require multiple
doses, each individual dose is counted. As the same person may receive more than one dose, the
number of doses per 100 people can be higher than 100.
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One might expect an increasing impact of the rising vaccinations curves over the
first six months of 2021, but this is—in light of the fourth corona wave in the end of June
and beginning of July (see Figure 5)—not a valid assumption, unless other intervening
factors can be identified. Therefore, we will in Section 4.3 pay attention to the role of public
health policy.
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4.3. COVID-19 Policy Intensity

The unexpected sudden rise of the worldwide corona crisis has led to a variety of
uncoordinated policy interventions in many countries, regions and cities. Three types of
governmental interventions can be distinguished:

• Health care responses, such as compulsory use of face masks, discouragement of hand-
shaking contacts, social distancing, many test stations for COVID-19, network or
contact tracing in case of positive corona tests, etc.;

• Containment measures, so as to create restricted ‘social bubbles’, such as abandonment
of family visits, school closures, prohibition of sports or cultural events, closure of bars,
restaurants or hotels, discouragement of physical work presence, and stimulation of
online activities (home office);

• Economic support and incentive measures, so as to keep business alive or to support
low-income groups, such as loans or tax reliefs for entrepreneurs or income transfers
to vulnerable socio-economic groups.

Most of the policy intervention data are only available at the national level; given the
small scale of the country, a locally or regionally differentiated policy has proven to be
not very feasible. Since the COVID-19 policy interventions, the Global Oxford COVID-19
Government Response Tracker has been designed and put into operation with a view to
a systematic information collection on a great variety of policy responses and measures
regarding the pandemic, based on 23 indicators classified according to the above trichotomic
categorisation. This is a rich open-access database that covers at present almost all countries.
It has led to the definition and measurement of a policy stringency index measured on
a scale from 1 to 100. Most policy stringency data are recorded on a national level and
permanently updated, but do not display daily information, so that a straightforward
comparison with the corona curves or the vaccination curves is not possible. Figure 8
depicts the development of the intensity of COVID-19 policy intervention schemes for The
Netherlands. It is noteworthy that a straightforward correlation with the curve on corona
cases is hard to find, although it should be mentioned that the sudden drop of lockdown
and other measures in the second part of June 2021 is rather soon followed by a very sharp
rise of the corona infection curve (mainly young people) in the first two weeks of July 2021,
which is a plausible outcome.
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In general, however, the amplitude, slope and curvature of the three curves depicted
so far do not show a clear direct correspondence. Therefore, it is important to examine
a fourth background factor for the COVID-19 spread, viz. physical social contact (see
Section 4.4).

4.4. COVID-19 Contact and Mobility Patterns

The spread of COVID-19 is caused by close physical contact proximity and inter-
action [45,57,58]. Such data on the individual level hardly exist (with a few exceptions,
such as data from a corona app). The intensity of human interaction can be approximated
by disaggregate mobility data. Since spatial mobility is a derived demand, it is evident
that mobile people travel for social contact, work, entertainment, shopping etc., and thus,
detailed daily mobility data provide a proxy for the intensity of social interaction in an
economy [59,60].

In our research, we were fortunate to have access to an important data source, viz.
the Google Mobility Data Reports which record and present on a daily basis several types
of human spatial movements, not only nationally, but also locally. The advantage of this
database is that it makes a distinction into different main classes of travel motives, such as:
retailing, shopping, recreation, groceries, pharmacies, parks, workplaces, transit stations,
residential social visits, etc. This is a rich source of information and may be used as a proxy
for social contacts (or inversely, of ‘social distancing’). Figure 9 provides a visualisation
of daily interaction or mobility patterns in The Netherlands—in relation to a baseline
profile—since the beginning of the pandemic.
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Figure 9. Illustration of evaluation of mobility patterns and motives during corona times in The
Netherlands. Data source: Google COVID-19 Community Mobility Reports.

It is noteworthy from Figure 9 that visits to nature and parks are highly peaking in a
period where lockdown measures were rather stringent (thus, a substitution effect). Most
of the other mobility curves run more or less parallel, with sharp declines at the beginning
of a new or more strict lockdown measure. Clearly, the mobility data have also a local or
regional dimension.

Comparing now the three types of curves which form the contextual background for
the corona dashboard information (and its trajectory over time) brings to light that indi-
vidually these curves do not show a direct correlation with the corona curves. Apparently,
the causal framework for understanding the complexity of the COVID-19 phenomenon
is not yet fully developed. Therefore, we turn to another possibly important background
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factor, viz. the geographical pattern of the COVID-19 dispersion. This will be described
in Section 5.

5. The Geography of COVID-19 (‘Spatial Dutchboard’)

The corona dashboard—described in Section 3 from a national perspective—can also be
deployed at a regional (provincial), sub-regional and local level, as data on COVID-19 cases
are available at a spatially disaggregated level (see for an illustration of policy interventions
and corona disease cases the screenshot in Figure 10).
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Figure 10. Illustration of a spatially disaggregated corona dashboard (city of Heerlen, Limburg).
Source: The Center for Actionable Research of the Open University (CAROU), http://www.smartcity-
dashboards.com, accessed on 1 July 2021. Authors’ own compilation.

Thus, also the corona curves at the local level can be depicted. We have, for the sake of
illustration, presented here the corona curves for the city of Heerlen in the southern Dutch
province of Limburg.

http://www.smartcity-dashboards.com
http://www.smartcity-dashboards.com
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We note that the policy stringency curves are not available at local level, so that, at
best, national information may provide some proxy information here. Given the spatial
disparities in COVID-19 cases and in vaccination rates, this is a limitation in the data
metrics. However, the spatial interaction/mobility data—as an interact response—can
be distilled at local level from the Google Mobility Data system, so that an overlay can
be made of the local corona curves, the local interaction/mobility curves, the cumulative
vaccination curve and the aggregate (national) policy stringency curve (for an arbitrary
illustration, see Figure 11). These types of curves can be drafted for the nation as a whole,
for all provinces and for all municipalities.
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Figure 11. Illustration of integrated Dutchboard indicators on COVID-19 dynamics (2020–2021).
Authors’ own compilation.

The degree of regional/local differentiation in corona cases (and related other Dutch-
board indicators) appears to be very high, as is also illustrated by the locally differentiated
corona map (see Figures 12 and 13) of The Netherlands (also available on a day-by-day
basis; see http://www.smartcity-dashboards.com, accessed on 15 November 2021).
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Figure 13. Illustrative map of visits to parks during different corona periods in The Netherlands (as
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An examination of the spatial corona dashboard system with the national corona
dashboard system brings to light that generally some similar patterns can be observed,
but that the degree of variability between local and national dashboard information is
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significant (see also [61]). This observation prompts also a question on the effectiveness of
national intervention schemes, if local/regional factors are not yet sufficiently understood
or mapped out. Nevertheless, the importance of local dashboards as an intervention
decision support tool is uncontested, since it offers local and regional health authorities a
fine-tuned, tailor-made and high-granular toolbox for coping with the COVID-19 pandemic
from a bottom-up perspective.

6. Concluding Remarks

The design and application of the extended and localised corona dashboard (‘Dutch-
board’) presented in this study has prompted much interest from both the academic and
public policy side. This type of dashboard appears to generate an added value, but prompts
also new questions in several respects:

• An open-access interactive dashboard enhances the citizens’ awareness on local factors
determining the spread of COVID-19. The local responsiveness and community
consultation to such dashboard information is a topic for further research;

• Solid academic interest in handling tonnes of big data which are mirrored in capricious
space-time curves is needed, because the pattern recognition of such complex data
cannot be undertaken by conventional econometric approaches, and calls for AI
techniques, in particular computational neural networks and machine learning (see
e.g., [62]). This data metrics challenge is also an important future research topic;

• The space-time spread pattern of COVID-19, seen from a contextual perspective,
prompts novel research questions, for instance, on the socio-economic impact factors,
the business environment, and the geographic-morphological structures in relation to
the corona crisis; it goes without saying that a profound causal pattern analysis would
need an integration of multivariate path modelling with dynamic complexity analysis;

• On the data side, a new effort on collecting longitudinal data or panel data at a disag-
gregate level would be needed, in particular, in regard to physical contact patterns,
while on the effect side the interest should not only be on COVID-19 cases (ranging
from infection to death), but also on all other diseases which were aggravated due
to postponement of regular medical treatment (ranging from general practitioners
to hospital surgeries). The selection and filtering of the right data on KPIs is a major
research challenge;

• The forecasting capability of corona dashboard is rather limited due to lack of insight
into the causal patterns in the COVID-19 dynamics. Clearly, several ‘what . . . . if
. . . ’ statements can be envisaged on spread patterns of a virus, but the statistical-
econometric tests and the general reliability and hence the solidity of such forecast-
ing experiments—taking into consideration the broader spatial and socio-economic
determinants—are still feeble due to lack of evidence-based causality analysis, in
particular in regard to prevention and control measures. Time and again, both policy
makers and researchers are surprised by unexpected events or new corona variants
(such as the omicron variant);

• The corona ‘Dutchboard’ is not a static guiding tool; it is an adaptive and online
information and policy vehicle—from national to local levels—which is an important
signpost for up-to-date corona curves management;

• The impact of policy intervention schemes—at different geographical levels (rang-
ing from national to local) and addressing different economic sectors (ranging from
entertainment to retailing)—needs also a careful analysis, in particular, since com-
munity responses and compliance with corona rules shows considerable geographic
differences. There is certainly much scope for future-oriented spatial corona scenario
analysis (‘wind-tunnelling testing’ (see e.g., [63–65]);

• The capricious pattern of corona curves and the lack of empirical and evidence-based
insights into the complexity of the corona phenomenon in an open space-economy
lead to a modest position of any corona dashboard. It is a necessary but by no means
sufficient decision support tool for public health intervention strategies. It ought to
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be complemented with both expert opinion and plausibility reasoning by various
agencies involved. This is evident from recent discussions on the effectiveness of
booster vaccines;

• Finally, there is the broader macro-economic question on the long-run impact of the
corona crisis on local, regional and national economies (see e.g., [66]), in particular, on
sectoral implications (e.g., physical vs. online shopping), on commuting patterns (e.g.,
home offices), on tourism and recreation, and on socio-economic disparities (ranging
from micro to macro levels).

The deep societal impact and the seemingly uncontrollable nature of COVID-19 has
prompted a global research interest in the causes, spread, intervention measures, and
the geographical and socio-economic dimensions of this disease. It has left far-reaching
footprints in all places and will be a source of much evidence-based research in the years to
come. The construction of advanced and informed corona dashboards seems to be a critical
step forward in effective contemporary research on infectious diseases, so as to better
understand the backgrounds of corona resilience capacity in countries and regions. This
would have to be complemented with dynamic correlation analyses (e.g., co-integration
methods) to understand the complex interwoven dynamics of the multiplicity of corona-
related curves.
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