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Abstract: Social disruptions caused by the COVID-19 pandemic challenged existing institutional arrangements
that govern the society. During that time, nation-states had to prevent the collapse of society and rapidly estab-
lish new institutions and adapt existing ones to address public health, job security, and freedom-of-movement
concerns. At the same time, institutional developments are explicitly or implicitly related to the cultural and
moral values relevant to societal well-being. Values hold a significant role in governing society during crises,
guiding states’ institutional response to unforeseen challenges. However, values themselves are not static: re-
search has shown that values may change rapidly during crises. This paper studies the relationship between
value change and institutional change in times of crisis using agent-based modelling and machine learning
techniques. In our model, we represent countries as agents who define institutional strategies to control dis-
ease spread and subsequently protect the well-being of their citizens. Institutional change and value change
are modelled as two independent processes. Yet, the model confirms the seemingly trivial inverse correlation
between them: when the value of openness-to-change increases in a society, the institutional strategies also
become less strict. Conversely, when conservatism increases, the strategies become stricter on average. How-
ever, thereis no direct causal relationship between the two changes: being open to change does not necessarily
make a government select more relaxed rules, but this correlation is rather an emergent consequence of being
more flexible in changing rules, whether the new ones are stricter or more relaxed.

Keywords: Institutional Modelling, Institutional Evolution, Value, Value Change, Crisis

This articleis part of aspecial section on ""Modelling Values in Socio/Technical/Ecological Systems", guest-
editors: Amineh Ghorbani, Anna Melnyk, Bruce Edmonds, & Ibo van de Poel

Introduction

The disruptions caused by the COVID-19 global pandemic significantly challenged societal structures (WHO
2020). The nations’ responses to the COVID-19 pandemic depended on their status of healthcare systems,
economies, public services, and their ability to provide social safety. From the perspective of welfare, eco-
nomics and the capability approach (Sen|1993), this crisis deprived societal well-being by threatening citizens’
essential needs like having good health, having a decent job, and having the freedom-of-movement to pursue
a good life (Anand et al.|2020). The urge to secure the well-being of citizens invoked nation-states to deal with
numerous dilemmatic situations where vital decisions had to be made. Governing the global pandemic, while
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at the same time being ill informed about the risks involved, resulted in heterogeneous institutional responses
and challenges (Hull2020). Conditioned in an uncertain pandemicsituation (Lempert et al.[2003), na-tion-states
opted for different pathways in containing and resolving this global health crisis.

Institutions, i.e., systems of rules and enforcement mechanisms that govern human behaviour and interaction
(Ostrom||1990), are dynamic and are constantly adapted. For example, there are records for establishing new
institutions on a daily basis during COVID-19 for some nation-states (Acaps Covid-19/2023). Although the insti-
tutions themselves were quite similar between countries, the frequency of changes and the number of insti-
tutions were different between countries. At the same time, research has shown that the nation states’ values
also changed during crisis (Bojanowska et al.|2020; Bonetto et al.[2021). In general, it is a common sense that
values play a significant role as they guide the state’s institutional response to unforeseen challenges. The way
institutions are organised explicitly or implicitly commits to underlying cultural and moral values. These val-
ues provide guidance and justifications for the decision-makers who shape societal institutions. By referring
to social psychologist/Schwartz (2003, p.261), we conceptualise values as “deeply rooted, abstract motivations
that guide, justify or explain attitudes, norms, opinions and actions”, and an analysis of which “can provide
predictive and explanatory power” and “reflect [a] major social change in societies and across nations”.

Values and institutions have both been evidenced to change during a crisis such as the COVID pandemic. At the
same time, common sense tells us that values play a significant role in defining institutional arrangements. So,
is value change what has driven institutional change in the crisis? And if so, to what extent did it play this role?

The objective of this research is to study, whether there is a causal relationship between value change and
institutional change. In other words, whether the changes in the values of the society, lead to changes in how
the pandemic is governed.

Answering this question can bring insights into better understanding how societies function and how we can
improve the functioning of institutions to address societal problems and promote greater social and economic
well-being. This, in turn, can help us make better informed and adaptive policies that align with societal values
and promote institutional effectiveness.

To inquiry into this question, we take an agent-based modelling (ABM) approach to explore the dynamics of
change in institutions and in values over time. The ABM outcomes can provide us a dynamic view of the in-
terplay between individual behaviour and social structures (Bianchi & Squazzonil[2015). To be able to study
the relationship between value change, and institutional change, these two processes have to be modelled
independently of each other. In other words, values should not directly be an influencing factor in choosing
strategies. Therefore, we use independent data for each of these processes in the same context to study such
relationship. For modelling value change, we use Schwartz Value Survey (Schwartz2003) to conceptualise and
parameterize country values. For modelling institutional change, we use real-world data from ACAPS! dataset
on the COVID-19 government measures and EU COVID-19 datasets? and machine learning (ML) techniques to
inform our country agents’ decisions about changing institutions. In other words, rather than basing the de-
cision on the value of agents, they are informed by how countries in reality decide on interventions based on
factors such as number of infections.

Recently ABM has been applied to study values and their dynamicity. For example,[Mercuur et al.[(2019) stud-
ied the role of values on agents’ behaviour. ABM has also used extensively for modelling different dimensions
of the pandemic. For example, |Dignum|(2021) developed the ASSOCC model for the COVID crisis which also
incorporated values and culture and explore the relation with the management of the pandemic.

This article is organised as follows: Section 2 presents the related conceptual and theoretical background; Sec-
tion 3 describes the model; Section 4 shows the implementation of the model; Section 5 presents the results;
and Section 6 presents discussion and conclusion.

Conceptual and Theoretical Background

Institutions and institutional change during a pandemic

Institutions

The set of rules, whether formal or informal, that influence interactions, and decision making in society are
called institutions (North|1991).
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To model institutions, we use the ADICO grammar of institutions (IG) which provides five concrete concepts
for defining institutional statements (Crawford & Ostrom|1995). In the ADICO grammar, A denotes Attributes:
specifies subject, to whom a strategy or rule applies; D refers to Deontic: determines how an action is done
(prohibition, obligation, and permission); | represents Aims: identifies the actions toward which Deontic ap-
plies; C indicates Conditions: under which conditions or, when, where, and how a strategy or rule applies; and
0 denotes Or Else: determines specific punishments to be applied when an agent acts in violation of the in-
stitutional rules. For example, in an institution: ’All people have to keep 1.5 meter distance in any public area
whether indoor or outdoor’, A is ’all people’, D is ’have to’, | is ’keep 1.5 meter distance’, Cis ’in any public area’,
and we do not have any sanctions (O).

According to Ostrom, a shared strategy is a social concept of behavioural patterns, which many individuals
observe. A shared strategy contains AIC elements. Therefore, it is neither associated with any deontic modality
nor having a reward or punishment (Crawford & Ostrom|1995).

We look at institutions at a country level, meaning that we do not focus on whether the people within a coun-
try follow the rules or not. Rather we look at these country-level rules as "strategies" that countries take in
combatting the pandemic (e.g., introducing social distancing). In this definition, "a country government" is the
attribute of the institutional statement, who implements certain policies under specific conditions (e.g., R rate
being above 1). Most of these institutional strategies are similar across countries as there is also a lot of "copy-
ing behaviour" that makes some strategies more common than others. Therefore, the rule setting behaviour
among countries can be viewed as shared strategies globally.

Institutional change during a pandemic

Although actors may recognise and potentially comply with institutions, they may also shape and change them
within a social system (North|1996). Individuals or organisations can change their decisions based on new learn-
ing and skills (internal triggers) or environmental factors (external triggers), which could lead to institutional
change (North|1996).

In this study, we explore institutional emergence as the result of an external shock (i.e., changes at the be-
ginning of COVID-19 pandemic). Additionally, we consider institutional adjustments and changes in previous
institutions causing by new learning and skills, especially after the starting point of the crises.

Values and value change during a pandemic

Defining values

Values play an important role in comprehending individual and social behaviours and their alignment with
social institutions. A study of values allows to capture underlying societal mechanisms to equip the decision-
making capacities of different regulatory bodies (e.g., policy-makers). However, the conceptual environment
around values is somewhat ambiguous as various academic disciplines provide different definitions of values.
In philosophy, values often pertain to what is considered as good (ontology), or what we believe (epistemol-
ogy) or what we express (semantics) as being good (Hirose & Olson/[2015). Anthropologists consider values as
ideas about worthiness or as a conception relating to a code or standard (Belshaw|1959). In the realm of social
sciences, a more empirically grounded approach is taken to study values, with scholars commonly referring to
values as attitudes, preferences, and interests (Rokeach|1973).

One of the mostinfluential empirical studies on values was conducted by the social psychologist Shalom Schwartz
in|1992. Inspired by |Rokeach|(1973)’s (1973), Schwartz conducted an extensive value survey across countries.
He subsequently developed the intercultural theory of basic human values, which conceptualises values as
beliefs forming an interrelated hierarchical system. This system guides individuals and/or groups to desirable
goals (Schwartz et al.]1999). Schwartz’s value theory proposes a value typology including 56 values that are uni-
versal across cultures. |Schwartz (1992) found that values can be arranged into ten value clusters that charac-
teriseindividual variationsinvalue priorities: conformity, tradition, universalism, benevolence, power, achieve-
ment, hedonism, stimulation, self-direction, and security. Figureshows these ten value clusters:

« Power: This value emphasises the pursuit of social status, prestige, and dominance over others.

« Achievement: This value emphasises the pursuit of personal success, competence, and mastery of skills.
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« Hedonism: This value emphasises the pursuit of pleasure, enjoyment, and sensory gratification.
« Stimulation: This value emphasises the pursuit of novelty, excitement, and challenge.
« Self-direction: This value emphasises the pursuit of autonomy, creativity, and personal freedom.

« Universalism: This value emphasises the pursuit of social justice, equality, and concern for the welfare of
all people.

« Benevolence: Thisvalue emphasises the pursuit of caring, empathy, and concern for the welfare of others.

« Tradition: This value emphasises the pursuit of respect for cultural and religious traditions, social order,
and family values.

+ Conformity: Thisvalue emphasises the pursuit of obedience to authority, social norms, and group loyalty.

« Security: This value emphasises the pursuit of safety, stability, and protection from harm.

The ten value clusters can be categorised into two main groups: individualistic values and social values. The first
four value clusters - conformity, benevolence, universalism, tradition - represent social values, emphasising
consideration for others. The remaining six clusters - power, hedonism, self-direction, security, achievement,
and stimulation - reflect individualistic values.

Visualising the ten value clusters in a two-dimensional space helps to understand them better. The first di-
mension distinguishes self-enhancement values from self-transcendence values. Self-transcendence values
prioritise the well-being of others, while self-enhancement values emphasise personal achievement and ben-
efits. The second dimension distinguishes openness-to-change values from conservation values. It indicative
of whether individuals are open to new things and ideas versus whether they prefer tradition and conformity.
Openness-to-change dimension includes the values of self-direction and stimulation, and emphasises the pur-
suit of creativity, novelty, and personal growth. While the conservation dimension includes the values of tra-
dition, conformity, and security, and emphasises the pursuit of preserving the status quo, stability, and social
order.

Values within the same value cluster are prioritised similarly, reflecting their shared characteristics. On the
other hand, values belonging to clusters that are wide apart from each other in the two-dimensional space are
typically prioritised very differently, indicating their distinct nature. Values positioned closer together in this
two-dimensional space are more compatible, suggesting that individuals who prioritise these values are likely
to share common perspectives. Conversely, values positioned wide apart values are more likely to conflict, rep-
resenting different viewpoints and priorities. This prioritisation typically guides decision-makingin a particular
situation; people are typically tempted to act upon the values they prioritise.
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Figure 1: The ten clusters Schwartz value clusters (Davidov|2008).

How values can change during a crisis: COVID-19 pandemic

In the theory of basic human values, values are considered to be relatively stable (Schwartz/1992). Their priori-
tisation typically forms during childhood (Cieciuch et al.|2015). While there is consensus among psychologists
that value prioritisation stabilises around the age of adolescence (Cieciuch et al.[2015; |Sagiv et al.[2017), sig-
nificant life transitions (e.g., moving to another country) can be an exception (Sagiv et al.[2017). The global
pandemic quite substantially triggered rapid changes in lifestyle and reconsiderations of what is deemed "nor-
mal" and socially acceptable behaviour. Compliance with movement restrictions and social distancing, job
losses, and the urgent need to digitise essential activities like schooling were unprecedented challenges that
prompted people to alter their behaviour.

An extensive study of value change in the context of pandemic utilised a topic modelling approach based on
the large text corpora (van de Poel et al[2022). This study indicated that the most significant change in value
prioritisation took place at the beginning of pandemic, whereas the long-term effects seem to be limited (van
de Poel et al.[2022).

Another insightful perspective on value change during the pandemic was offered by|Steinert| (2021) who links
it to the amplifying effect of information technologies, in particular social media, on human emotions and val-
ues. [Steinert|(2021) indicates that sharing online one’s negative emotions in relation to pandemic facilitates
emotional climate that can contribute to societal value change. In particular,|Steinert (2021) suggest that what
he calls emotional contagion though social medial can induce to change in value prioritisation with a bigger
emphasis on the conservation and security values. Furthermore, Steinert (2021) signifies an important link be-
tween personal values and political preferences. He suggests that: "When people perceive their values to be
threatened, they prefer policies that protect these values and are more inclined to accept measures that limit
their civic freedom" (Steinert{2021).

Similar to Steinert’s insights were concluded by a working group headed by psychologist|inglehart & Lampert
(2021), who emphasise that although values related to survival gain more relevance, the lack social contact and
freedom of mobility increased the importance of social solidarity, equity, community, and self-determination
values (Lampert et al.2021). In contrast, basing on the insights form survey data, other studies, have indicated
that values remained relatively stable and what we witnessed was "more an emotional than a rational response
to institutional functioning" (Reeskens et al.[2021, p.5163).

In the growing body of value change scholarship, several studies have followed Schwartz’s conceptual tradi-
tion, highlighting the reprioritisation of both value sets 1) openness-to-change and 2) conservatism. These
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studies empirically examined the evolution of basic human values during the COVID-19 pandemicin France and
Poland (Bojanowska et al.[2020;[Bonetto et al.[2021). Similarly to|Lampert et al.| (2021), their findings revealed
insightful patterns that conservatism values (i.e., security and conformity) were more valued during the out-
break than usual. In contrast, values relating to openness-to-change were less prioritised during the COVID-19
outbreak than in ordinary circumstances. These findings about changes in value prioritisation reflect a correla-
tion between the threat imposed by the crises and conservatism. Similar insights were gained during research
of the 2008 world financial crisis where researchers also drew a link between the decreasing role of openness-
to-change and strengthening the role of conservatism (Sortheix et al.[2019).

From individual values to countries’ values: A situated perspective on institutions

In this research, we extend the idea of a change in the level of individual value prioritisation to the collective
level. In particular, we are interested in the level of value-informed goals that nation-states pursue in order to
tackle the challenges of the pandemic. Although values are not fixed, and the prioritisation can change over
time in response to social and historical contexts, they remain a powerful force that shapes individual and col-
lective actions. On the one hand, studies revealed that crises could lead to changes in the prioritisation of
deeply rooted motivations for decisions and actions. In our view, this claim can also be extended to including
country’svalues. Crises disrupt the normal functioning of society and require individuals and societies to swiftly
adapttheirvalues and behavioursin order to respond effectively. Forinstance, in response to the COVID-19 pan-
demic, many countries implemented policies aimed at protecting public health and promoting social welfare.
These value-informed goals of policies reflect the tendency that occurs on the individual level as they capture
a shift towards values that prioritise the well-being of others over individual freedoms.

The pandemic created double-sided impacts on value change that were seemingly contradicting: On the one

hand, many uncertainties led countries (i.e., their governments?) to prioritise conservatism more strongly. These
challenges included concerns about health and safety, economic insecurity, and social disruption. In response

to these challenges, countries became more risk-averse and resistant to change. On the other hand, the pan-

demic also created new opportunities and challenges that required individuals and governments to adapt and

innovate, which promoted a greater open-ness-to-change. For instance, the pandemic accelerated the adop-

tion of new technologies, such as remote working tools and telemedicine, and created a need for experimenta-

tion and innovation in areas such as public health and social welfare. In response to these challenges, countries

became more open to trying new approaches.

One may however, question the generalizability of individual values to a country as a whole, and its govern-
ment in particular. Although|Schwartz](1992)’s (1992) exploration of human values started on the level of indi-
viduals, in the later work, a number of pat-terns were drawn from the cross-country study of values and value
orientations (Schwartz|2008). In particular, in chapter five of the book "Cultural value orientations: Nature and
implications of national differences", Schwartz/ (2008) suggests that "the prevailing cultural value orientations
in a country are likely to find expression in the major social policies of governments and practices of society."
Building on this point, in our paper we assume that nation state value system represents an aggregated system
of citizen’s (individual) values. In assuming so, we intentionally take a simplistic view on how a state represents
the aggregation of citizen’s values and leave out other factors to exclusively focus on an exploration of a value-
based approach. In other words, this research builds on the assumption that when people within a country
score high on certain values (e.g., stimulation), then the country as a whole and its government also score high
on that particular value.

To make the reasoning behind the assumed level of "agency," more explicit, let us briefly elaborate on the origin
of this assumption. Our objective in this research is to focus on capturing the dynamics between value change
and international policy responses to the spread of COVID-19. We deliberately opted to integrate a value per-
spective with an institutional economics perspective, as, in our view, the global pandemic is an interesting case
of the emergence of institutions (i.e., shared strategies) due to unprecedented challenges that required rapid
international policy response. In order to ground this perspective on institutions, we build our assumption on
the work of |Dolfsma & Verburg| (2008). Following|Dolfsma & Verburg| (2008), we claim that North interpreta-
tion of institutions is based on the individual account of what they call the agent approach (individualist), as
opposed to the structuralist approach (collectivist).

This dichotomy in understanding institutions traced back to an age-old debate between proponents of the
agency approach, who argue that explanations of social facts always arise from individual preferences, expecta-
tions, behaviours, and motives, and proponents of the structural approach, who claim that institutions should
always be studied within social systems in which they emerge and therefore should not be reduced to individual
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parts. In our research, we align with the agency approach because we contend that the urgency of the COVID-19
case left no space for the rise of structured regularities. Instead, it necessitates immediate state action (policy
response) aimed at protecting citizens and oriented toward other states’ (expected) actions.

@® An Agent-Based Model of Institutional and Value Change During COVID
Crisis

3.1 Inthis section, we explain the assumptions that the model is based upon, the abstract model architecture and
the modules. We then define the dataset we used as input data.

Assumptions

3.2 We build our model based on a set of assumptions:

« We represent countries as agents where the properties of these agents are at country-level.

« We do not give specific names to countries to avoid the claim that we are predicting the behaviour of a
country. We are only looking at the changes in value prioritisation and institutions that occur during the
pandemic.

« Sincewefocusontheintroduction and emergence of institutions, we only consider the 'Introduction/extension
of measures’ in the used dataset.

« Following the previous assumption, we model the establishment of institutions during COVID-19 rather
than their discontinuation.

« Theinstitutions are defined in relation to the well-being of citizens: being healthy, having ajob and having
freedom-of-movement.

+ Each timestep in the simulation represents two weeks as this was on average the period in which coun-
tries assessed the performance of the current policy in place, to potentially introduce a new one®.

+ We model institutions as shared strategies as we are modelling country-level institutional dynamics. In
other words, the institutions we define do not have a sanctioning (i.e., if a country does not implement
the policy, the country is not sanctions by the UN) nor a deontic (countries do not have any obligation to
implement these rules) from a global perspective but they may follow other countries’ footsteps.

Using the data in the agent-based model
3.3 Theoverall architecture of the simulation is shown in Figure which will be ex-plained in detail in this section.

The initial value for each of ABM parameter settings is a random number in a specific range which is derived by
real-world data.>, ®,”
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Pre-processing

Pre-processing starts with selecting required fields from ACAPS dataset on the COVID-19 government measures
and EU COVID-19 datasets. The cleaning procedure includes managing null values, missing data, and formatting
records. ACAPS includes measurements, which have been implemented by countries in addition to the imple-
mented data and country name. EU COVID-19 consists of number of infected cases reported per day per country.
After that, we join tables on common fields. Moreover, we categorise ACAPS measurements (category + mea-
sures) into four standard interventions (i.e., NoLockdown, SocialDistancing, SoftLockdown, Hard-Lockdown)
following|Kreulen et al.|(2022):

« NoLockdown: only raising public awareness,

« SocialDistancing: informing about the virus and social distancing,
+ SoftLockdown: staying home as much as possible,

+ HardLockdown: closing non-essential locations.

It is worth mentioning that the four interventions are independent: they have accumulating impacts on the
number of COVID cases and there may be more than one intervention at a time. Additionally, they have differ-
ent impact weights, for example, Hard Lockdown has higher impact on reducing cases. In the dataset that was
used to train the ML, the interventions were assigned to each one of these four higher-level interventions. In
other words, each of the four interventions above were further divided into different sub-interventions. Each
intervention can have a weight in the range of [0, 1]. An intervention would get the value of 1, if all these sub-
interventions were implemented. Based on the data, we have 8 sub-interventions for NoLockdown, 6 Social
Distancing, 5 SoftLockdown, and 10 HardLockdown. Therefore, we assign the following weights for each spe-
cific intervention according to its number of sub-interventions (more information can be found in[Appendix A):
[’No Lockdown’,’Social Distancing’,’Soft Lockdown’,’Hard Lockdown’], value = [0.125,0.17,0.2,0.1]

Most of the COVID rules and cases are updated bi-weekly. Therefore, we set the granularity of the data to
two weeks, i.e., we aggregate data for each two weeks in one record. This new granularity starts from the
day that the first country implemented an intervention. Therefore, there may be several interventions in each
two weeks. We use the summation of the weights of interventions in each two weeks and average of ’‘Cumula-
tive_number_for_14_days_of_COVID_19_cases_per_100000’ for the records to avoid duplication in calculating
the cases.

Finally, to improve the accuracy, we round data by applying the below procedure:
« If the weight of an intervention (i.e. sum of its sub-interventions) is greater than 0.6: we assign "high’ (1)
« If the weight is greater or equal to 0.4 and less or equal to 0.6: we assign ’'middle’ (0.5)

« If the weight is less than 0.4: we assign ’low’ (0)
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Using ML to train agents in the model

3.8 ML techniques refer to algorithms that have the ability to find patterns and predict outcomes by learning from
input data and without programming all requirements explicitly (Samuel[1959; Murphy|2012). ML techniques
can provide great potential to bring higher degrees of intelligence and learning into the models (Macal & North
2010;|Rand & Rust|2011;/An|2012; Kavak et al.[2018;/Dehkordi et al.[2023).

3.9 ML can bring the opportunity to cover the world knowledge (past experiences) in the model, build an informed
picture of how countries react in specific situations, and decrease the degree of model abstractness.

3.10 Inthis research, we use Decision trees as the ML technique. Decision tree (DT) is a predictive algorithm, which
is mostly used in a supervised approach, in the form of tree which has branches that represent observations
and leaves that outline conclusions. There are two ways of applying DT: classification and regression (Olkin
2002). A classification DT is a DT where discrete values are allowed. For this type of DT, leaves are class labels
and branches are the links between class labels. In contrary, in a Regression DT continuous values are allowed,
and the leaves can have the ranges for the regression.

3.11 The advantage of using DTs is that the knowledge represented by a DT is very clear. Therefore, the learned
knowledge by a DT can be interpreted easily by even non-experts (Jadhav & Channe|2016). Another advantage
is that a DT is able to map non-linear relationships quite well. Additionally, it can handle missing values (Wu
et al.|2008). The disadvantages are: it has long training time (Jadhav & Channe|2016), it easily overfits and it does
not support online learning; meaning that with new data, the tree needs to be rebuilt (Brijain et al.[2014). DT
have been widely used in ABM. We used multivariant regression DT to predict the weights of four interventions
at each time learned by cleaned structured data. The input parameters for our trained DT are: ['week_bin’,
"REGION’,’Cumulative_number_for_14_days_of_COVID_19_cases_per_100,000’]

3.12 And the Output parameters are: ['No Lockdown’,’Social Distancing’,’ Soft Lockdown’,’Hard Lockdown’].
3.13 Oneoutputsamplecould be: {"No_Lockdown’: 0.0,’Social_Distancing’: 0.0,’Soft_Lockdown’: 0.5, ’Hard_Lockdown’:
0.0}.

3.14 We split the cleaned structured data into training and validation sets by the split ratio 80:20. That is 80% of the
data goes into the training set and 20% to test set. After the DT has learned based on the training set, the DT is
validated on test set.

3.15 First, we calculated the Mean Absolute Percentage Error (MAPE), which is a commonly used metric for evaluat-
ing the performance of regression models. MAPE, Equation[l} is a percentage metric that measures the average
absolute percentage difference between the predicted and actual values across all instances in the dataset. It
is expressed as a percentage and represents the average magnitude of the error relative to the actual values.

AE
MAPE = S— - 100% (1)
sum (actuals)

where S AE is the sum of the absolute differences between the predicted and actual values, and sum (actuals)
is the sum of the actual values across all instances. The MAPE on test set for our DT is 14%.

3.16 While MAPE is a useful metric for evaluating the overall performance of the model, it does not provide a per-
target variable measure of performance. As we used multi-variate regression DT, we have four outputs. There-
fore, we calculated the accuracy of each intervention. Accuracy measures the overall correctness of the model’s
predictions by comparing the number of correctly predicted instances to the total number of instances for that
specific intervention. The accuracy of our DT on test set for each output (intervention) with accepting 0.1 error
is:

« Number of correct predictions with accuracy of 0.1 for NoLockdown: 0.72
« Number of correct predictions with accuracy of 0.1 for SocialDistancing: 0.73
» Number of correct predictions with accuracy of 0.1 for SoftLockdown: 0.69

« Number of correct predictions with accuracy of 0.1 for HardLockdown: 0.81

ABM conceptualisation

3.17 Theflowchart of the model is shown in Figure[3] In the initialisation phase, the agents are created, the network
is set up and agents are initialised with random attributes for their value systems, region, following country,
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3.18

3.19

tolerable threshold for infected cases, tolerable threshold for unemployment, tolerable threshold for freedom,
and well-being parameters related to health, freedom, and unemployment (we define and conceptualise well-
being later). At each tick (two weeks), each agent checks its well-being. A country satisfaction is measured by
comparing the current status of well-being variables of the agent with the related tolerable thresholds. If one
or more than one element do not meet the tolerable thresholds, the agent is not satisfied with the situation. In
this way, agents who are more sensitive to freedom or unemployment will be dissatisfied faster based on their
unemployment and freedom elements.

If the agent is satisfied with its well-being, nothing will happen. Otherwise, the agent follows the two indepen-
dent processes of change: value change and institutional change. If the agent is dissatisfied with the current
well-being, the agent changes the strategy. We conceptualise 4 types of strategy change (ML, Copy, Mutation,
and Case-based). The type of strategy change, which each agent might chose is a probability that is determined
based on the parameter settings of the scenarios of simulation. After each change, the parameters will be up-
dated and the overall values and the shared strategy will be calculated. The entire process is iterative. The
simulation stops after a certain number of ticks.

[ Start
e .
¥
Initislization
At each Tick
e
DiissatisTed Wall-being? DiissatisTed
¥ -
Changs sratezy 1
¥ - . . o
Chenga values ] ¥
- - -

ra
| Change paremetars
. .

No

/" Eeporting Shared
o Stratezy

; ¥
[ Calculsting Shared valua |
e . "

Figure 3: Flowchart of the model.

The model includes the following components:

» Agents. The country agents have certain attributes: region, country-to-follow, tolerable threshold for
infected cases, tolerable threshold for unemployment, tolerable threshold for freedom, well-being (with
its two states: satisfaction and dissatisfaction), a value system, frequency of value change, change degree
and country change threshold, and country strategies to deal with the pandemic.

+ Well-being is defined in terms of granting essential "doing and being" like an opportunity to be healthy,
employed, and mobile by providing equal access to the healthcare services, job market and unrestricted
mobility (Sen|1993;/Anand et al.[2020). It is the government’s role to set institutions that would support
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citizens’ well-being. Therefore, we conceptualised well-being as a function including three elements:
health, which is number of infected cases for 14 days ago per 100,000 population; unemployment rate;
and freedom rate (civil liberties). The initial amount for each of these parameters is a random number in
the specific range; derived by real-world data.

A country satisfaction (on its well-being) is measured by comparing the current status of well-being vari-
ables (number of cases, unemployment rate, and freedom rate) of that agent with the related tolerable
thresholds which are cases_threshold, unemployment_threshold, freedom_threshold (the ranges of the
variables are derived by real-world data and the tolerable thresholds are determined based on the initial
variables + a random number or initial variables - a random number, see Table[T).

If one or more variables do not meet the tolerable thresholds, the agent is not satisfied with the situation.
In this way, agents who are more sensitive to freedom or unemployment will be dissatisfied faster. Yet,
the type of institution that is selected as a result of this dissatisfaction is not in anyway, related to the
values of the agents.

For the country’s value system, we use two sets of Schwartz values: Openness-to-change and Conser-
vatism. 1) Openness-to-Change (OSS) covers the two values: Self-Direction, Stimulation; 2) Conser-
vatism (CS T) covers the two values: Security, and Tradition.

Weintroduced two variables with a range [0, 1] to represent these two value sets for each agent, such that
OSS + CST = 1 following the existing literature (Bojanowska et al.[2020;|Bonetto et al.[2021).

« Country strategies. We defined four interventions, following|Ghorbani et al.|(2020): NoLockdown, So-
cialDistancing, SoftLockdown, HardLockdown.

A country strategy is a collection of the four interventions, Country Strategy = {’"NoLockdown’: value,
"SocialDistancing’: value, ’SoftLockdown’: value, ’HardLockdown’: value}. Each intervention is a float
variable in the range of [0, 1]® (more details will be explained in Section 4.1). This implies that at any
pointintime, a country can have more than one of these interventions, which form the overall strategy of
that country. Each agent records its current strategy (the combination of above mentioned interventions)
which is coded using the ADICO grammar, along with its three well-being variables.

We measure the "strictness" of a country strategy, which is the weighted summation of all four interven-
tions of a country strategy based on Equation[2] The weights are selected in such a way that weights of
stricter interventions are higher (the weight of HardLockdown is higher than SoftLockdown and so on).
The weights for each intervention are derived manually by us. Since for all scenarios we use the same
weights, they are comparable.

Wes, = CS[NoLockdown] - 1 + CS[S ocialDistancing] - 10+
CS, [SoftLockdown] - 100 + CS,[HardLockdown] - 1000  (2)

« Strategy change. Over time with increasing numbers of infected cases, increase in unemployment rate,
or decrease in freedom rate, if agents are not satisfied with their current situation, they change their strat-
egy. Satisfaction is measured by comparing the current status of well-being variables with the related tol-
erable thresholds for each agent, which is a parameter in the model. Changing strategy means changing
the values of the four interventions.

Countries can copy the strategies of other countries during the pandemic. An example of countries copy-
ing other countries’ strategies during the pandemic is the widespread (adoption) of mask mandates. This
strategy was first implemented in Asian countries such as South Korea and Taiwan and was later copied
by many other countries around the world as a way to slow the spread of the virus (Han et al.|2020).
However, our current assumption is that every country has a unique value system, economic, and social
factors, and what works in one country may not work in another, so each country’s strategy change is
tailored to its specific circumstances. Therefore, the strategy changes are not coded to always result in
an increase or decrease of the well-being parameters. Countries have different mechanisms to change
their strategies, if it is needed, that might result in a stronger or weaker strategy.

We model strategy change in four different ways:
1. ML, the strategy changing process makes use of extensive data that trains our agents in choosing
the most realistic strategy based on what actually happened during the pandemic. A Regression

Decision Tree is trained using real-world data on the conditions (e.g., number of infected cases) that
lead to specific combination of interventions.
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2. Copying the strategy of an agent (country) that this particular agent is following (i.e., the initial val-
ues are similar to the country’s initial values). This strategy change mimics the way that countries
copying each other’s strategies, as mentioned above.

3. Mutation, randomly changing one of the intervention values to 1 to form a new strategy.
4. Case-based with a degree of evaporation, which means agents change their strategies (interven-
tions’ weights) according to the rise in cases: more cases, stricter interventions.

Additionally, to replicate the strategy lifting that can happen in reality over time, each intervention may
evaporate with a degree. The procedure is based on Algorithm|[1}

Algorithm 1 Case-based changing strategy

if country_cases < country_cases_threshold then
Nothing

end if

if country_cases_threshold < country_cases < 1.5 - country_cases_threshold then
NoLockdown =1

end if

if 1.5 - country_cases_threshold < country_cases < 2 - country_cases_threshold then
SocialDistancing =1

end if

if 2 - country_cases_threshold < country_cases < 2.5 - country_cases_threshold then
SoftLockdown =1

end if

if 2.5 - country_cases_threshold < country_cases then
HardLockdown =1

end if

It is worth to mention that in reality, it might happen that one strategy is a combination of several coun-
tries’ strategies. Although, we did not define a strategy change in a way that produces a joint strategy (i.e.,
combining the strategies of several countries) as a result of one step of change, it may occur gradually over
several strategy changes.

« Updating parameters. Based on the new chosen country strategy, the three well-being parameters
of each agent will be updated. The effects of new strategy on well-being parameters are inspired from
(Nussbaumer-Streit et al.[2020), who studied the effect of different strategies on essential well-being el-
ements (explained in[Appendix B). Under this assumption, the effect of HardLockdown intervention in
decreasing cases, increasing unemployment, and decreasing freedom, is greater than other softer inter-
ventions.

+ Value change. Changes in the values prioritisation occur when the agent is not satisfied with the current
well-being status. In this situation, value change occurs by decreasing or increasing the previous value
based on its initial state (Bonetto et al.|2021). If the initial OSS is high (> 0.5), the new OSS will decrease:
0SS - change_degree. If the initial OSS is low (< 0.5), the new OSS will increase: 0SS + change_degree.
Consequently, CST will be updated to 1 - OSS. However, not all countries seek to change their values at
each tick. They might change or not, based on their well-being status and parameters related to value
change as describe below.

The change_degree is different for each country at each changing time. This determines how much one
value can change for each country. This is a random variable between 0 and changing threshold (coun-
try_change_threshold) for that specific country. Additionally, value change for each country has a thresh-
old: country_change_threshold. Thisthreshold determines, for each country, how much the initial values
can change. This threshold is different for each country based on their initial values. The summation of
all change_degrees during the simulation for each country cannot exceed this threshold. The more open-
ness agents have higher threshold and viceversa.

Additionally, each agent has a frequency of value change. The ’frequency_of_value_change’ determines
how many ticks the agent should wait before changing the values. This parameter is based on the ini-
tial values of the agent. The frequency of change is low for the countries with the low initial OSS (the
country rarely changes its values). If the initial 0SS is high, the country is more open to change, thus fre-
quency_of_value_change is higher. In other words, if the agent is not satisfied with its well-being, it is
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not always going to change the values. The agent waits until its frequency of change allows it to change.
For example, if the frequency of change is 2 for an agent, it should wait two ticks, until while the agent is
dissatisfied, and then change the values.

When values change, the unemployment_threshold and freedom_threshold also will be updated accord-
ingly. If the initial OSS is high, the unemployment_threshold will decrease and the freedom_threshold
increases by one unit. If the initial OSS is low, the unemployment_threshold will increase and the free-
dom_threshold decrease by one unit (see Table.

As pandemic changes things rapidly, the memory of the previous social order is still fresh and will pull
back when possible. Therefore, we assume a roll back mechanism as one option for designing our sce-
narios. When values changes of a country reach a specific threshold (different for each country, coun-
try_threshold), there is a probability that the country’s values roll back to the initial values or the status
quo.

« Shared strategy. Later on in time, the average of all country strategies shows the average weights of
interventions across all countries and here we refer to it as the shared strategy.

For example suppose we have three countries with: Countryl Strategy = {'NoLockdown’: 0, 'SocialDis-
tancing’: 0, ’SoftLockdown’: 1/2, "HardLockdown’: 0}, Country2 Strategy = {’NoLockdown’: 0, 'SocialD-
istancing’: 0, 'SoftLockdown’: 1/2, 'HardLockdown’: 1}, and Country3 Strategy = {'NoLockdown’: 0, ’So-
cialDistancing’: 1, SoftLockdown’: 0, "HardLockdown’: 0}; the shared strategy will be {"NoLockdown’: 0,
"SocialDistancing’: 1/3, ’SoftLockdown’: 1/3, ’"HardLockdown’: 1/3}.

We measured the "strictness" of a shared strategy, which is the weighted summation of all four interven-
tions of a shared strategy based on what is mentioned in *Country strategies’ part, Equation[3]

Wss, = SS[NoLockdown] - 1 + S S[S ocialDistancing] - 10+
SS,[SoftLockdown] - 100 + S S,[HardLockdown] - 1000 (3)

+ Accumulated value. Accumulation of values is a variable that is calculated in the model, showing the
sum of all OSS values for all countries. We keep track of this to explore the relationship between overall
value of countries and shared strategy at each time.

Dissatisfaction about well-being serves as a starting point for both updating processes of values and coun-
try strategies. However, the actual update functions of these two are completely independent of each
other. In that way, we ensured that any relationships between shared strategies and accumulated values
could only be the outcome of the model and would not be coded into the model.

Model Implementation and Sensitivity Analysis

Implementation details

4.1 Themodelwasimplemented in Python using Mesa (ABM part) and Sklearn (ML part) libraries. The class diagram
of the model is shown in|Appendix C| The codes of this study is openly available on COMSES: https://www.co
mses.net/codebase-release/29022830-747d-401b-80fb-177e45b94559/.

4.2 We use random initial parameter setup (to explore the whole domain space) in specific ranges. The specific
ranges for our parameters are derived by real world data (Sattenspiel et al.[[2019) (as mentioned in Section
3.2). The model parameters are shown in Table[l] Note that each element of well-being, also has a tolerable
threshold.

4.3 Moreover, we defined three groups of countries: countries with very high initial 0SS, countries with very high
initial CST, and countries in between.

Table 1: ABM Input Parameters and Variables (see|Appendix D).

Name Base value Threshold parameter Par.ameter Description
Variable
Number of agents 100 - P Number of agents
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cases_for_14_days_

random integer [0, 2]

Cases_threshold =

P-P

The number of infected

strategy

per100000 random integer [30, 60] cases per 100,000 in 14
days. The threshold of tol-
erating cases.
unemployment random integer [0, 30] unemployment _thresh- | P-V The initial unemployment
old = unemployment + rate. The tolerable thresh-
random integer [0, 10] old for unemployment.

freedom random integer [40, 90] Freedom_threshold P-v The initial freedom rate.
= freedom - random The tolerable threshold
integer [0, 30] for freedom.

0SS random uniform [0, 1] - v The probability of gener-
ating an agent with high
(greater or equal to 0.5) or
low (less than 0.5) USS has
been fed by a model pa-
rameter.

CST random uniform [0, 1] - Vv 1-0SS

r 0.2 (initial value) - P Reproduction rate.

In each tick: r (new)
= cases_this_tick /
cases_previous_tick

frequency_of_ if the initial 0SS > 0.8: fre- | - P How many ticks the agent

value_change ~ .

quency_of_value_change = wait to change the values.
1
if 0.5 < initial 0SS < 0.8: fre-
quency_of_value_change =
2
if 0.5 < initial CST < 0.8: fre-
quency_of_value_change =
4
if the initial CST > 0.8: fre-
quency_of_value_change =
8
decrease_freedom random uniform [0.03, | - P
0.09]
Lnncerfna;ﬁ)‘yment random uniform [0.03, | - P
0.05]
increase_cases if r < 1: cases_14_100000 | - \"
x random.randint(0, 5) or
random.randint(0, 100)
if r > 1: cases_14_100000 x
r
initial_strategy {’NoLockdown’: 0, ’SocialD- | - v The initial country strat-
istancing’: 0, ’SoftLock- egy.
down’: 0, 'HardLockdown’:
0}
change_degree if the initial 0SS > 0.5: min | - P How much the initial val-
(initial 0SS, initial CST) ues can be changed?
if the initial CST > 0.5: min
(initial OSS, initial CST)/2
need_to_change_ 0 - P A flag to show whether it

needs to change strategy
or not. It feeds based on
the output of well-being
function.
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4.4

4.5

4.6

4.7

4.8

distribution of countries
in regions from ACAPS
dataset  (REGION_Africa,
REGION_Americas,
REGION_Asia, RE-
GION_Europe,
REGION_Middle_east, RE-
GION_Pacific: 0.3, 0.2, 0.1,

region Probability based on real | - P The region of the agent.

0.2,0.1,0.1)
countrycountry-to- | An Agent (with similar ini- | - P The similar agent in terms
follow tial OSS/CST values) of initial values.

Sensitivity analysis

We use sensitivity analysis on the model level variables to explore input/output domain space in order to iden-
tify parameters for which small variations most affect the model’s output (Lee et al.[2015).

The parameters, on which we did OFAT (one-factor-at-a-time) sensitivity analysis (ten Broeke et al.[2016), are
shown in Table[2] *OSS Degree’ determines the probability of generating countries with high (0SS greater or
equalto 0.5) orlow initial 0SS (less than 0.5). We assumed three values for this parameter to cover low, medium,
and high initial OSS. "ML Degree’ is the probability of using past experiences (trained ML) in selecting strate-
gies among countries. It shows which portion of the world use 'ML’ when they need to change their strategies.
Greater’ ML Degree’ shows a simulated world, where most countries use past experiences (trained using real-
world data) to change their strategy. ’Innovation Degree’ represents the probability of countries being more
innovative in changing their strategies or just simply go to copy their strategy from another country. Lower
value for ’Innovation Degree’ probability means higher chance to go for copying.

Table 2: Model level parameters.

Value Varied Range

0SS Degree 0.3,0.6,0.9
ML Degree 0,0.3,0.6,0.9
Innovation Degree | 0,0.3,0.6,0.9

To find the sensitivity of the model, for each combination of model parameters, we run the model 100 times
(in total 4800 independent simulation runs). The model outcomes for sensitivity analysis phase are shown in
Based on the result of sensitivity analysis, we reached to these parameter ranges: OSS Degree 0.3, 0.6, 0.9; ML
Degree 0, 0.3, 0.6; Innovation Degree 0.3, 0.6, 0.9.

The goal of our experiments is to see the overall pattern between accumulated value and shared strategy over
time. We designed four scenarios as shown in Table[3] where the mechanisms of strategy change, and whether
there is roll back in the value change process easing for interventions, vary.

Table 3: Parameter setups.

Scenario | Strategy Roll Back? | Strategy 0SS Degree ML Degree Innovation
Change Evapora- Degree
mechanism tion?

1 Mutation, No No 0.3,0.6,0.9 0,0.3,0.6 0.3,0.6,0.9
Copy, ML

2 Mutation, Yes No 0.3,0.6,0.9 0,0.3,0.6 0.3,0.6,0.9
Copy, ML

3 Case-based, No Yes 0.3,0.6,0.9 0,0.3,0.6 0.3,0.6,0.9
Copy, ML

4 Case-based, Yes Yes 0.3,0.6,0.9 0,0.3,0.6 0.3,0.6,0.9
Copy, ML
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Results

We executed 10800 independent simulation runs (4 scenarios, each combination of model parameters 300 runs:
4 x3 x 3 x3 x 100 =10800).

The goal is to extract general patterns between accumulated value change and shared strategy. Figure[d|shows
the strictness of the shared strategy (in blue) and the accumulated value (in green) averaged over runs for all
four scenarios. First, we look at the slope of diagrams; we then discuss the general pattern between shared
strategy and accumulated value, the correlations, the causes by analysing dissatisfaction (well-being parame-
ters), interventions, and agents’ specifications by exploring the differences between the scenarios.

Adaptation speed to the pandemic: The results in Figure 4 indicate that at the beginning of the pandemic, there
are big changes in strategies; meaning that countries change their strategies significantly to adapt to the pan-
demic as shown by the slope of the diagram (Figure[4) at the beginning. This is in line with the theory that
suggests institutional change is more frequent as the start of a collective situation (Farjam et al.|2020). After the
cross point between accumulated value and shared strategy, the slope for both diagrams slowly flattens. This
can be the consequence of selecting more effective strategies as a result of learning behaviour driven by the
data-trained decisions.

General pattern: A general inverse relationship between shared strategies and accumulated values is observ-
able (Figure[4). When the summation of OSS values for all countries is high (on average), the strategies are
less strict on average and vice versa. One reason for this pattern is that when the overall accumulated 0SS is
high, the agents change their values more often, to adapt to new situations and therefore, there is less dissat-
isfaction. On the other hands, when the overall accumulated CST is high, the agents rarely change their values.
Consequently, they are suddenly faced with dissatisfaction caused by the pandemic (immediate changes in the
number of infected cases, unemployment rate, or freedom rate which are not in the tolerable threshold ranges
of the country).

Strategy Selection: Mutation, Copy, Strategy Selection: Case-
ML based/Evaporation, Copy, ML
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Figure 4: The general relationship between shared strategies and accumulated values. The strictness of the
shared strategy (in blue) and the accumulated value (in orange) averaged over runs, per tick for the four scenar-
ios.

Figure[4]also shows the effect of having random selection of interventions (i.e., mutation) as opposed to being
sensitive to number of infections (i.e., case-based). The strictness of interventions follows a smoother curve
when mutation take place, while being have a case-based selection criteria has a much steeper path towards
strictness. This is due to the fact that agents can choose stricter interventions only based on the rising of cases.
This difference is also observed in the correlation analysis: it is stronger with the presence of mutation (the
correlation between shared strategy and accumulated value (0SS) is - 0.99), and lower with the presence of
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case-based/evaporation strategy selection (- 0.72). Having rollback mechanisms for values (i.e., Scenarios 2 and
4 compared to Scenarios 1 and 3) does not however, create too much of a difference among the correlations.

Well-being: Figu reElshows the countries’ dissatisfaction values, for the four scenarios over time. The average
number of countries who are not satisfied with each well-being elements are shown with different colours:
dissatisfaction caused by the number of infected cases (in brown), increasing the unemployment rate (in light
green), decreasing the freedom rate (in dark green). The dissatisfaction caused by cases shows (semi) stability
after the first peak due to the interventions implemented over time.

When there is a roll back mechanism (i.e., there is a probability that the country’s values roll back to the initial
values or the status quo, when values changes of a country reach a specific threshold), the satisfaction caused by
unemployment and freedom rates is lower. Since in roll back mechanism, agents have the opportunity to tune
their thresholds related to unemployment and freedom rates more often. Therefore, they adjust their tolerable
thresholds over time and can better deal with the pandemic. Having a case-based selection/evaporation in
place however, instead of mutation, does not influence the average satisfaction level of countries over time.

Strategy Selection: Mutation, Copy, Strategy Selection: Case-
based/Evaporation, Copy, ML

Without Roll Back

1

With Roll Back

Figure 5: The well-being results. The average number of countries which they are dissatisfied due to the number
of infected cases (in brown), increase in unemployment rate (in light green), decrease in the freedom rate (in
dark green).

Interventions: Figure|§|shows the histograms of each interventions’ weights over time for each scenario. In
Scenarios 1 and 2, agents choose stricter interventions. However, in Scenarios 3 and 4, they are choosing lighter
ones.
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Strategy Selection: Mutation, Copy, Strategy Selection: Case-
ML based/Evaporation, Copy, ML
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Figure 6: The histogram of each interventions’ weights (the intensity) over time (Tick) for each scenario, NoLock-
down (in brown), SocialDistancing (in light green), SoftLockdown (in dark green), and HardLockdown (in or-
ange).

Agents’ specifications: By exploring agents’ specification in four scenarios, there is no differences between their
parameters except for unemployment and freedom thresholds (Figure[7). As we discussed earlier, in situations

with higher frequency of change, countries have more opportunity to adjust their unemployment and freedom
tolerances when there is a roll back mechanism.

Strategy Selection: Mutation, Copy, Strategy Selection: Case-
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Figure 7: Averages of unemployment and freedom thresholds of countries when there is a roll back mechanism
(in blue), and when these is not a roll back mechanism (in green).

Discussion and Conclusion

This paper aimed to study and test the relationship between value change and shared strategy change during
a crisis. In this work, we brought together computational capacities of agent-based modelling and machine
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learning to explore the relationship between change of value prioritisation in agents and emergence of shared
strategies among agents.

While implementing strategy change and value change as two independent processes, we observed that the
relationship between overall strategy (the intensity) change and accumulated value change under the pressure
of a crisis (COVID-19 in this case) in general is inverse. Given that the selection of strategies was not directly
influenced by the values of agents, thisis an insightful confirmation of what may seem a trivial relation between
values and institutions. When the overall openness-to-change value (0SS) among agents is high on average, the
shared strategies are less strict (on average) and vice versa. This is an interesting observation as the agents are
programmed to change their values more often and are therefore, able to more quickly adapt to new pandemic
circumstances. In other words, being open to change, does not immediately make a government select more
relaxed rules, but this correlation is rather an indirect consequence of being more dynamics in changing rules.

To better explain the findings of this research, it is also worth looking more closely at the impact of conser-
vatism. When the overall accumulated CST among agents is high, the agents rarely change their values (i.e.,
0SS, CST). Therefore, they are faced with higher dissatisfaction rates caused by the pandemic in at least one of
the well-being dimensions. Their responses to combat this dissatisfaction thus also needs to be large requir-
ing them to choose more strict interventions. In other words, being more conservative does not make agents
choose stricter rules, but these strict rules are the indirect consequence of not being open to (value) change.

The key message or explanation we draw from this research is, being open to change, does not necessarily cause
a government to select more relaxed rules, but this correlation is rather an indirect and emergent consequence
of being more flexible in changing rules, whether the consequent ones are more relaxed or stricter.

In this work, we aimed to incorporate data-driven decision making while also giving the possibility to explore
a wider space of outcomes. This data-driven aspect of the work allowed us to model the process of institu-
tional change and value change quite independently, as the selection of strategies was driven by actual deci-
sions made by countries, rather than the result of value change in the model. Therefore, taking this data-driven
decision-making approach proved to be highly useful for our specific goal.

This modelling practice, however, also faced some limitations. First, the model that we used as the basis to test
the relation was quite abstract both in terms of specifications of countries (agents) and the world in general.
Therefore, we did not really aim to model and study the dynamics of the pandemic in anyway, and rather used
this situation as a proof-of-concept and source of data for intervention change. As such, we are not drawing
any conclusion about how a pandemic can be better managed nor whether the existing institutions and values
had any positive or negative impact on the way the pandemic played out. Second, we exclusively focused on
shifts in values, encompassing diverse directions, rather than the intensification of values in the same direc-
tion. Specifically, countries with initially high OSS scores would experience a decrease in OSS (becoming more
conservative), while countries with low OSS (high CST) would see an increase in 0SS (becoming more open)
in case of dissatisfaction. This is a very simplistic representation of value change and therefore, served as an
illustration of how value change, and its relation with other components of a social system can be modelled.
In addition to more advanced value change processes, for future work, it is also worth implementing feedback
loops to inform agents about the consequences of their strategy selection on their state of well-being.
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Figure 8: Pre-processing.
ACAPS Used Fields
Table 4: ACAPS used fields.

Field Description

Country Country of the record

Region Region of the record

Log-Type Introduction / extension of measures or Phase-out measure

Category Sub-intervention category

Measure Sub-intervention measure

Data-Implemented | The implementation date
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ACAPS Sub-interventions

Table 5: ACAPS sub-interventions.

Category Measure Merged Intervention
Governance and | Limit product | Governance and | NoLockdown
socio-economic imports/exports socio-economic
measures measures. Limit
product im-
ports/exports
Governance and | Economic measures | Governance and | NoLockdown
socio-economic socio-economic
measures measures. Eco-
nomic measures
Movement restric- | Border checks Movement restric- | NoLockdown
tions tions. Border checks
Movement restric- | Visa restrictions Movement re- | NoLockdown
tions strictions. Visa
restrictions
Movement restric- | Additional Movement restric- | NoLockdown
tions health/documents tions. Additional
requirements upon | health/documents
arrival requirements upon
arrival
Public health mea- | Health screeningsin | Public health mea- | NoLockdown
sures airports and border | sures. Health
crossings screenings in  air-
ports and border
crossings
Public health mea- | Awareness cam- | Public health mea- | NoLockdown
sures paigns sures.  Awareness
campaigns
Public health mea- | Strengthening the | Public health mea- | NoLockdown
sures public health system | sures. Strengthen-
ing the public health
system
Public health mea- | Other public health | Public health mea- | SocialDistancing
sures measures enforced sures. Other public
health measures en-
forced
Public health mea- | General recommen- | Public health mea- | SocialDistancing
sures dations sures. General rec-
ommendations
Public health mea- | Requirement to | Public health mea- | SocialDistancing
sures wear protective gear | sures. Requirement
in public to wear protective
gear in public
Public health mea- | Testing policy Public health mea- | SocialDistancing
sures sures. Testing policy
Public health mea- | Psychological assis- | Public health mea- | SocialDistancing
sures tance and medical | sures. Psychological
social work assistance and med-
ical social work
Public health mea- | Obligatory medical | Public health mea- | SocialDistancing
sures tests not related to | sures.  Obligatory
COVID-19 medical tests not
related to COVID-19
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@

Lockdown Partial lockdown Lockdown. Partial | SoftLockdown
lockdown
Movement restric- | International flights | Movement restric- | SoftLockdown
tions suspension tions. International
flights suspension
Public health mea- | Isolation and quar- | Public health mea- | SoftLockdown
sures antine policies sures. Isolation and
quarantine policies
Public health mea- | Mass population | Public health mea- | SoftLockdown
sures testing sures. Mass popula-
tion testing
Social distancing Limit public gather- | Social distanc- | SoftLockdown
ings ing.  Limit public
gatherings
Governance and | Emergency admin- | Governance and | HardLockdown
socio-economic istrative structures | socio-economic
measures activated or estab- | measures. Emer-
lished gency adminis-
trative  structures
activated or estab-
lished
Governance and | State of emergency | Governance and | HardLockdown
socio-economic declared socio-economic
measures measures. State of
emergency declared
Lockdown Full lockdown Lockdown. Full lock- | HardLockdown
down
Movement restric- | Border closure Movement re- | HardLockdown
tions strictions.  Border
closure
Movement restric- | Surveillance and | Movement restric- | HardLockdown
tions monitoring tions. Surveillance
and monitoring
Movement restric- | Domestic travel re- | Movement restric- | HardLockdown
tions strictions tions. Domestic
travel restrictions
Movement restric- | Curfews Movement restric- | HardLockdown
tions tions. Curfews
Movement restric- | Complete  border | Movement restric- | HardLockdown
tions closure tions. Complete
border closure
Social distancing Schools closure Social  distancing. | HardLockdown
Schools closure
Social distancing Closure of busi- | Social distancing. | HardLockdown
nesses and public | Closure of busi-
services nesses and public
services

Appendix B

Unemployment and freedom rates will be updated according to Table[6] There are two parametersincrease_unemployment
and decrease_freedom, which shows the amount to be increased or decreased at each tick (these two param-

eters are described in Table[1). For updating unemployment and freedom rates, we use a weighted sum of
increase_unemployment/ decrease_freedom x Effect_Intervention_i, where Effect_Intervention_i is the effec-

tiveness of applying intervention i based on Table[g]
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Table 6: Variable Values for Different Lockdown Types.

Variable NoLockdown | SocialDistancing | SoftLockdown | HardLockdown
Unemployment 0.25 0.50 0.75 1
Freedom 0.25 0.35 0.65 0.90

® AppendixC

The class diagram of the model is shown in Figure[9] Pre-processing is necessary for both ML and Agent classes.
One trained and validated ML model can be applied in one or many agents (in Agent class). In addition, one
Model class consists of several agents instances from Agent class.
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Figure 9: Class diagram of the model.

® AppendixD

Decease_freedom: based on the real data (https://freedomhouse.org/report/freedom-world), the dif-
ferences in freedom between 2019, 2020, 2021 in average is 1-2, therefore each two weeks in average 0.04-0.08
is the decreased value. Therefore, we assume random uniform (0.03, 0.09) as decreased freedom parameter
for each agent to cover the tolerances. In the scale of model parameters, it is between 1.4-4.2 (0.03-0.09 x 100
/2.15).

Increase_unemployment: based on the real data (Monitor 2020), the differences in unemployment relative to
2019 in total is 1.1, therefore each two weeks in average 0.04 is the increased value. Additionally we have anal-
ysed https://databank.worldbank.org data, between 2019 and 2020 (the data for 2021 was not available on
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the time of analysing), we calculated the differences between unemployment rates of countries which we have
available data, then divided the numbers per 24 to calculate the difference of unemploymentin each two weeks,
the average of differences in each two weeks for all the countries is 0.04 (same as what is mentioned for the first
resource). Therefore, we assume random uniform (0.03, 0.05) as increased unemployment parameter for each
agent to cover the tolerances. In the scale of model parameters, it is between 1.2-2.5 (0.03-0.05 x 100 /2.5).

Increase_cases: It shows the increasing number of infected cases (without considering any strategies). Before
starting the pandemic (r < 1) the new number of infected cases are estimated as a random number between: 1)
number of current infected x random integer [0, 5], which shows one infected person can infect 0 to 5 people;
2) or a random number between 0 to 100. When the pandemic starts (r > 1), based on the reproduction rate
formula, the new infected cases are the current ones multiply to r.

® AppendixE

Table 7: Sensitivity result.

0SS | ML Degree
0.3 0
0.3 0.3
0.3 0.6
0.3 0.9
0.6 0
0.6 0.3

JASSS, 27(1) 18,2024

Value Changes

Strategy Changes

http://jasss.soc.surrey.ac.uk/27/1/18.html

Doi: 10.18564/jasss.5283



0.6 0.6
0.6 0.9
0.9 0

0.9 0.3
0.9 0.6
0.9 0.9

Although the main purpose of sensitivity analysis is to find the parameter ranges, which the model is sensitive
to, it can bring more insights into searching the whole parameter domain and their effects on the relationship
between accumulated value and shared strategy. The relationship between overall accumulated value and
shared strategy over time is an emergent pattern from the model. Since value change and strategy change
processes are completely independent in the model.

Following the first goal, the results show that the model is sensitive to ML Degree = 0.9. Since the fluctuations
are always observable in this situation in comparison with other ML Degree in all combinations. In other words,
the 100 runs do not converge only when ML Degree = 0.9.

Additionally, the model is sensitive to Innovation Degree = 0. Among the four diagrams for different ML Degree
values, always a same pattern is observable. However, when Innovation Degree = 0, the same pattern is not
observable. In other words, the model does not follow the same way and acts differently in this situation.

The case OSS Degree = 0 is not a real scenario, since the probability to produce a non-conservative country
would then be zero. In that case, we are dealing with a simulated world where most of the countries are conser-
vative or extremely conservative and almost none of the agents (countries) are willing to change their values.
Therefore, we exclude this case from parameter setups.

Following the second sensitivity analysis goal, the general inverse relationship between accumulated value and
shared strategy is observable. Moreover, as we move to simulated worlds with higher initial degree of OSS, the
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ranges of strategy changes are higher. This shows that a world with more open countries is going to have stricter
strategies. On the other hands, a simulated world with mostly conservative countries changes their strategy
less.

Additionally, the sub-scenarios with higher initial OSS degrees have a wider range of accumulated OSS over
time. The cause is that the agents (countries) with higher 0SS are much more likely to change their values.

Moreover, we explore the effect of ML on the relationship between accumulated value and shared strategy.
Based on the sensitivity analysis, we have three ML degrees: 0 (no intelligence), 0.3, and 0.6. In this cases, we do
not discriminate sub-scenarios based on initial 0SS degree. Therefore, the start points for original accumulated
0SS are mostly near the average. With increase in the ML degree, the ranges of shared strategy changes are
wider. It can be interpreted in this way: in reality, we may have more unexpected peaks of infected cases or
other parameters, which cause countries to suddenly choose stricter strategies.

Finally, we explore the impact of Innovation degree on the output (i.e. relationship between accumulated value
and shared strategy). Again, we have three different probabilities: 0.3, 0.6, and 0.9. With increase in the copying,
the ranges of shared strategy changes are lower. When the level is higher, the probability to go for copying is
higher. Therefore, when we have more countries, which copy other countries’ strategies (with similar initial
values), the shared strategy will converge. Moreover, the ranges for strategy changes are less in these situations.

Notes

thttps://data.humdata.org/dataset/acaps-covid19-government-measures-dataset

Zhttps://data.europa.eu/euodp/en/data/dataset/covid-19coronavirusdata/resource/55e8f966-d5c8-438e-85bc-
c7a5a26f4863

3In this article, we use the term “country” to refer to the government of a country
“https://data.humdata.org/dataset/acaps-covid19-government-measures-dataset
Shttps://data.humdata.org/dataset/acaps-covid19-government-measures-dataset
®https://freedomhouse.org/report/freedom-world
Thttps://databank.worldbank.org/

8In the dataset that was used to train the ML, each of these interventions were further divided into different
sub-interventions. An intervention would get the value of 1, if all these sub-interventions were implemented,
and less otherwise.
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