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Abstract: The complexity, multidimensionality, and persistence of the COVID-19 pandemic have
prompted both researchers and policymakers to turn to transdisciplinary methods in dealing with
the wickedness of the crisis. While there are increasing calls to use systems thinking to address the
intricacy of COVID-19, examples of practical applications of systems thinking are still scarce. We
revealed and reviewed eight studies which developed causal loop diagrams (CLDs) to assess the
impact of the COVID-19 pandemic on a broader socioeconomic system. We find that major drivers
across all studies are the magnitude of the infection spread and government interventions to curb
the pandemic, while the most impacted variables are public perception of the pandemic and the risk
of infection. The reviewed COVID-19 CLDs consistently exhibit certain complexity patterns, for
example, they contain a higher number of two- and three-element feedback loops than comparable
random networks. However, they fall short in representing linear complexity such as multiple
causes and effects, as well as cascading impacts. We also discuss good practices for creating and
presenting CLDs using the reviewed diagrams as illustration. We suggest that increasing
transparency and rigor of the CLD development processes can help to overcome the lack of systems
thinking applications to address the challenges of the COVID-19 crisis.

Keywords: causal loop diagram; systems thinking; COVID-19; network theory

1. Introduction

Despite a significant progress on vaccination, with almost four billion vaccine doses
administered, the daily number of new COVID-19 cases worldwide is still around the
500,000 mark, and the daily number of deaths is close to 10,000 as of late July 2021 [1].
Furthermore, various new mutations of the virus, an uneven distribution of vaccines
across different countries, the unwillingness of large parts of the populations in some
countries to receive vaccination, as well as other factors contribute to the persistence of
the COVID-19 crisis as the most pressing issue globally [2].

The COVID-19 pandemic is not only a grand challenge for the public health system,
but it has also affected virtually all areas of human life. The spread of the virus, as well as
various mitigation and adaptation measures have had a widespread effect on economic
activity, job security, social relations, mental health, and trust in others and institutions
[3]. This makes the challenge of “getting back to normal life” truly multi-dimensional and
calls for an interdisciplinary approach [4]. However, multiple and potentially lagged
interdependencies between various components of the affected systems are difficult to
oversee and comprehend by the human brain in the absence of special tools, while the
lack of a holistic perspective increases the risks of unintended adverse consequences [5,6].
Systems thinking has been suggested to unravel this challenge by accounting for essential
links and feedback loops between issues that both scientists and policymakers tend to
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consider in isolation, creating a shared understanding of the problem and identifying
potential leverage points [7,8].

Some scholars responded to this call advocating the use of systems thinking in a
rather general sense [9-11], while others came up with some concrete examples of the
application of systems thinking, usually through employing causal loop diagrams [2,4,12—
16] or system dynamic models [17-19].

Causal loop diagramming (also termed systems mapping) is a principal qualitative
system thinking tool used both inside academia and for communicating with
policymakers and the general public [20]. Causal loop diagrams (CLDs) constitute a
schematic description of the considered system depicting its components and the (causal)
relations between them. Components are connected by directed links. Each link represents
an impact (causal influence) of one component on another. The impact can be positive, in
which case an increase/decrease of the state of the impacting component leads to an
increase/decrease of the state of the impacted component, or negative, in which case an
increase/decreases of the state of the impacting component leads to the opposite change
of the state of the impacted component, i.e., a decrease/increase. CLDs are useful for
formalizing mental models of individuals and groups, rapid identification of the possible
drivers of the considered system’s dynamics, and communicating feedback and
archetypal structures in the considered system [20]. CLDs can be used as a standalone
qualitative modeling tool or as a step toward developing a quantitative simulation, e.g., a
system dynamics model [21].

This paper aims to review the state-of-the-art studies that construct CLDs to
investigate the impact of the COVID-19 pandemic on a broader human-society—
environment system. This review intends to formulate methodological as well as applied
insights. Methodologically, our analysis provides observations (a) on what seems to be a
common practice in research involving causal loop diagramming to analyze the
socioeconomic impacts of COVID-19 from the systems perspective; (b) on major gaps in
the existing CLDs that deal with systems impact of COVID-19; and (c) on what seems to
be a good practice in the development, presentation, and analysis of CLDs. Observations
(a), (b), and (c) can be useful for future CLD developers for benchmarking their work
against the state-of-the-art, for positioning and focusing their research, and for increasing
the impact of their research, respectively. The applied insights of this paper include
observations that can guide quantitative model development to further analyze the multi-
dimensional impacts of COVID-19 and policy-relevant observations.

The paper is organized as follows. The approach to the selection of studies for the
review as well as key methods for the analysis of the selected CLD set is described in
Section 2. In Section 3, we present the results of the analysis of the selected studies
including a summary of the selected papers and their scope (Section 3.1), analysis of
commonly and rarely used concepts across the reviewed CLDs (Section 3.2), basic
network statistics of the reviewed CLDs (Section 3.3), major drivers and impacted
components (Section 3.4), complexity patterns (Section 3.5), and, finally, the discussion of
good practices for the CLD development, presentation and analysis as used by the authors
of the reviewed CLDs (Section 3.6). Section 4 provides a discussion and conclusions.

2. Methods and Scope

To identify relevant studies, first, we conducted a formal literature search in the
Scopus database using the following search query:

TITLE-ABS-KEY ( covid-19 AND ( ( “causal loop diagram*” ) OR ( “influence
diagram*” ) OR ( “systems map*” ) ) )

Therefore, we also accounted for terms that are sometimes used interchangeably to
CLDs, i.e., systems maps and influence diagrams.

This search yielded 12 papers. Seven out of these were discarded from the further
analysis, as they focused either only on the virus spread itself, i.e., being epidemiological
models, e.g., [22], or on a too-narrow phenomenon, e.g., [23] focusing on the routine
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childhood immunization or [24] focusing on the development of branchless banking. One
of the remaining five papers was a conference paper [25] that then was developed into a
journal article by the same author and contained the same CLD, so we also disregarded
this conference paper from our analysis and included only the journal article [2].

Then, we also reviewed the citations of the remaining four papers and, using both
Scopus and the Google Scholar database added four more works containing relevant
CLDs—one journal paper, two preprints, and one blog post. Ultimately, eight studies
satisfying the scope of our review were selected for a detailed analysis. These eight
publications are summarized in Table 1.

Table 1. Reviewed studies (sorted by date of publication, ascending).

Authors/CLD ID Title Date Published Type Reference
(Wicher, 2020) The COVID-19 case as anuv:;;r:ple of Systems Thinking 15 March 2020 Blog [26]
A systems approach to preventing and responding to Paper in a peer-
(Bradley et al., 2020) COVID-19 28 March 2020 reviewed journal [16]
Developing a Preliminary Causal Loop Diagram for Paper in a peer-
(Sahin et al., 2020)  Understanding the Wicked Complexity of the COVID-19 18 June 2020 p . P [12]
Pandemic reviewed journal
(Bahri, 2020) The Nexus Impacts of the CQVID-19: A Qualitative 08 August 2020 Preprint [14]
Perspective
COVID-19 Emergency public health and economic
(Tonnang et al.,, 2020)  measures causal loops: A computable framework. In 10 September 2020 Preprint [15]
COVID-19
(Klement, 2020) Systems Thinking About SARS-CoV-2 28 October 2020 L aperinapeer- 4

(Zieba, 2021)

A qualitative model of patterns of resilience and
(Kontogiannis, 2021) vulnerability in responding to a pandemic outbreak with 10 November 2020

How can systems thinking help us in the COVID-19 crisis? 08 June 2021

reviewed journal

Paper in a peer-
reviewed journal

[4]
system dynamics
Paper in a peer-
reviewed journal

(2]

To analyze the selected CLDs, we use both qualitative and quantitative methods.
First, in Section 3.1 we discuss the research focus of the reviewed studies.

Second, in Section 3.2 we reveal commonly and rarely used concepts across the eight
reviewed studies by identifying synonymic variables and computing simple statistics of
the appearance of distinctively different notions across all CLDs.

Third, in Section 3.3 we analyze structural properties of the reviewed CLDs employing
a number of approaches from the graph theory. Indeed, a CLD can be considered as a
directed graph (a digraph) determined by its adjacency matrix 4 = (a;;), i,j =1,...,n,
where a;; = 1/a;; = —1 if component i makes a positive/negative impact on j and a;; =
0 if i has no link into j; here, n is the total number of components in the considered
system [27]. We compute and compare basic network statistics for the CLDs under review,
including the number of nodes and links, as well as the average node degree, i.e., the
average total number of the incoming and outgoing links associated with a node. We further
analyze the dependence of links on the CLD size across the reviewed CLDs.

Fourth, in Section 3.4, for each CLD, we compute the statistics of the number of
incoming and outgoing links associated with a node (in- and out-degree). Using the
Frederic Vester’s approach that was originally suggested in [28] and further developed by
other authors in [29], we identify active components (drivers) and passive (most
impacted) components of a CLD as nodes that have a high number of outgoing and
incoming links, respectively. Components with high number of both link types are
regarded as critical hubs in the corresponding CLDs.



Systems 2021, 9, 65

4 of 17

Fifth, in Section 3.5, in each CLD we identify network motifs —basic microstructures,
which can be considered as network building blocks. Following [30,31], we focus on (i)
bidirectionality (a two-component feedback loop), (ii) multiple causes, (iii) multiple
effects, (iv) an indirect effect, (v) a moderated effect, and (vi) three-component feedback
loops (see Table 2). Motif (i) includes two nodes, while motifs (ii)-(vi) include three nodes.
Furthermore, we run a conditional uniform random graph (CUG) test [30] to compare the
prevalence of these motifs in the reviewed CLDs to their prevalence in the ensembles of
random networks with the same number of nodes and edges (so-called “N, m” model
family [32]) which is used as the null model.

Sixth, in Section 3.6 we review how the eight CLDs were developed and presented in
terms of the description of the design procedure, availability of lists of components, links
and feedback loops, visualization, software implementation (source code), and methods
employed for the CLD analysis. We selected these features as dimensions of good practice
based on commonly used guidelines, e.g., [20] and our own practical experience.

Table 2. Network motifs used for analysis. Nodes highlighted with red depict impacting components, nodes highlighted
with green depict impacted components. In the cases of bidirectionality and feedback loops, it is assumed that there is no
dominant impact in any direction.

# Motif Name Motif Description (Following [33]) Motif Schematic View
(i)  Bidirectionality A node impacts and is impacted by another adjacent node

(ii) Multiple causes Two non-adjacent nodes impact another node, adjacent to both of them

(iii) Multiple effects A node impacts two adjacent nodes which are non-adjacent between each other

(iv)  Indirect effect A node impacts a non-adjacent node through a third node

(v) Moderated effect A node impacts an adjacent node both directly and through a third node

(vi) Feedback loop Three adjacent nodes impact each other in one direction, i.e., clockwise, or

(3 components)

counterclockwise

3. Results
3.1. Research Focus

In terms of the research ambition, which the reviewed papers set for themselves, all
eight papers share a similar approach that can be described as going “beyond health
effects”. This includes unraveling and visualizing the complexity and interconnectivity of
different subsystems within the socioeconomic system, adding a transdisciplinary focus
to COVID-19 policies, and identifying leverage points. Two papers specifically emphasize
certain sectors, namely, [2,26] concentrated on the role of media in the pandemic
development coverage, and, in addition, [2] considered the role of businesses behavior.
We summarized the addressed research question in Table 3.
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Table 3. Research questions addressed by the reviewed studies.

CLDID Research Question/Focus
(Wicher, 2020) “I focused on the media and my role, as an individual, in the COVID-19.”
“<...>provide a framework to look beyond the chain of infection and better understand the
(Bradley et al., 2020) multiple implications of decisions and (in)actions in face of such a complex situation involving
many interconnected factors.”
(Sahin et al., 2020) “<...>visualise the complexity in managing the COVID-19 pandemic through a systems lens by
’ identifying the interconnectivity between health, economic, social and environmental aspects.”
(Bahri, 2020) “<...> provide readers a qualitative analysis how the COVID-19 may affect our susceptible
’ population, healthcare facilities and economy.”
“<...>envision linkages between the elements of the contagion, healthcare, and the economy,
(Tonnang et al., 2020) . . . .
and visualize key components that characterize the whole system.
(Klement, 2020) “<...> try to identify and study system structures and causal loops of the problem at hand,
g integrating all relevant disciplines within an inter- and transdisciplinary approach.”
“<...>unravel the nexus of social and institutional forces that affect the parameters of ‘system
(Kontogiannis, 2021) dynamics’ models <...>”; “<...> explore how CLDs, their modular blocks (i.e., system
archetypes) and leverage points could be used to model <...> principles of resilience.”
. ow do businesses respond to the prolonged exposure to the -19 crisis? at kind o
(Zieba, 2021) “How do busi pond to the prolonged exp he COVID-19 crisis? What kind of

actions are they prone to undertake and what are the drivers of those actions?”

3.2. Common and Rare Components

In this section, we discuss similarities and differences between the components
included in the CLDs by the authors of the reviewed studies. All eight CLDs accounted
for the magnitude of the infection spread, and, in addition, studies [4,13,15,16]
distinguished between the number of actually infected people and diagnosed cases
(“Certified infections rates”! vs. “Infectious population” [4], “Number of positive tests”
vs. “Infected population” [13], “Diagnosed” vs. “Infected” [15] and “Number of cases
detected” vs. “Number of infectious people” [16]); studies [14,15] additionally
distinguished between symptomatic and asymptomatic virus carriers. Six out of eight
papers also separately accounted for the number of COVID-19 deaths. Three papers
[4,14,15] use variables that are commonly included in SIR-type models, i.e., susceptible,
recovered, and hospitalized populations [34].

The next most commonly included aspects across the eight CLDs are panic and/or
fears (accounted for by six papers, i.e., “Panic and fear” [4,12], “Anxiety, panic and fear”
[13], “Public outrage” [16], or just “Fears” [15]), as well as public awareness (“Alertness “
[4], “Awareness campaign” [12], “Advisories and media reports” [15], “Effectiveness of
public health risk communication” and “Public awareness” [16], “Situational awareness”
[26]), business closures (lockdowns), unemployment (or “People out of work” [4]), impact
on the healthcare system (“Hospital strain” and “Medical staff attrition” [4] “Health care
worker load” [12], “Occupied health facilities” and “Shortage of health facilities” [14,15],
“Impact on healthcare system” [26]), and social distancing (or “Avoidance of public
space” [26]) —each accounted for by five papers.

On the other hand, only two papers included the influence of the pandemic on the
environmental issues, i.e., air pollution [12,13]. The former paper also accounted for the
“Waste generation” and “CO2 concentration”. Social challenges such as (a lack of) “Trust
within communities”, “Crime and violence”, and “Racism” [12], as well as the “Conflicts
of interest” [13] appeared in only one paper, correspondingly. The role of vaccines was
also highlighted only in two papers (“Development of vaccines”, “Production with
promising but not yet certified vaccine”, and “Availability of vaccines” [4] and
“Vaccination” [15]), while [4] is the only study which accounts for the role of research
institutions (“Research institutes mobilisation”). Some issues that are generally
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considered important factors for the spread of COVID-19 and its impact, for example,
social and economic inequality [35,36], are absent in all reviewed CLDs.

An exhaustive list of concepts used in all CLDs is provided in the Supplementary
Material (Table S1).

3.3. Basic Network Properties of COVID-19 CLDs

Basic CLD network properties provide a simple indication of the system complexity.
Table 4 presents the summary statistics that includes the number of nodes, the number of
links, and the average node degree across the eight reviewed CLDs. CLDs vary
significantly in terms of the number of nodes that they include: The smallest one (17
nodes) is by [2] who studied the business response to the COVID-19 crisis, and the largest
one (78 nodes) is by [4], who analyzed the resilience of healthcare, government, social, and
economic subsystems to the COVID-19 shock. Half of the reviewed CLDs have between
21 and 25 nodes, which corresponds to the commonly accepted standard [37].

Interestingly, across the reviewed CLDs, the number of links scales approximately
linearly with the number of nodes. This can be seen in Figure 1 depicting the average node
degree, which is twice the ratio of the number of links to the number of nodes. Excluding
[12] as an outlier [38]2, we obtain that across the remaining seven CLDs, the average node
degree is 3.46 + 0.21. Such a narrow window of the average degree suggests that in most
cases, the CLD developers in these seven studies regarded three to four links per element
as an appropriate representation of the system’s complexity in the context of their study.
Study [12] involved a broader expert community into the design of their CLD, and this
seems to have resulted in a more complex CLD with a much higher number of links and
hence a higher average node degree—conceivably due to a larger heterogeneity of the
views involved in the CLD construction [31].

Table 4. Comparative statistics of graph representations of the reviewed CLDs. The CLD
highlighted in italics is an outlier in terms of average degree.

CLDID Nodes (n) Links (I) Average Degree (ZII)
(Wicher, 2020) 21 37 3.52
(Bradley et al., 2020) 21 34 3.24
(Sahin et al., 2020) 38 88 4.63
(Bahri, 2020) 24 42 3.50
(Tonnang et al., 2020) 50 91 3.64
(Klement, 2020) 25 42 3.36
(Kontogiannis, 2021) 78 125 3.21
(Zigba, 2021) 17 32 3.77

Mean 34 61 3.61
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Figure 1. Average node degree across the reviewed CLDs as a function of their size, i.e., the number
of nodes. The blue line represents the estimated linear trend excluding the outlier [12]. The slope is
-0.004 with p-value 0.379, and hence the hypothesis that the average degree is independent on the
network size cannot be rejected at the significance level at least 99.9%. The mean average degree
value is 3.46 + 0.21.

3.4. Major Drivers and Most Impacted Components

Following Vester, in order to understand how a complex system can be managed, it
is useful to identify active and passive components, as well as critical hubs in the
corresponding CLD [28]. Active components have a substantial influence on other
components of the system; changes in such components often trigger significant changes
in the entire system, hence such components are often referred to as drivers. Passive
(impacted) components tend to be sensitive to changes in other parts of the system. They
can serve as indicators of the reaction of the system to a change, while they usually have
a weak influence on the other components of the system. Critical hubs both strongly
influence and are strongly influenced by other components of the considered system and
often play an essential role in the formation of feedback loops [29].

To identify the active and passive components in the reviewed CLDs, following the
spirit of [28], for each reviewed CLD we obtain the in- and out-degree distributions, i.e.,
the observed frequencies of in- and out-degree values® and set a threshold which marks
the highest distribution quantile. Here, we adopt the 10% right tail*. Those components,
whose in-degree/out-degree is higher than the corresponding threshold value® are
identified as candidate active/passive components. More details of the implementation of
this procedure can be found in the Supplementary materials.

As components of a complex system typically both influence and are influenced by
other components of the system, some may have both high out- and in-degrees. To deal
with such cases, following [29], for each CLD component, we compute an active/passive
quotient (APQ), i.e., the ratio of its out-degree to the in-degree. As “truly” active and
passive components, for the further analysis, we select only those candidate active/passive
components which have APQs greater/smaller than one. Furthermore, we determine
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critical hubs® as components that have a high product of out- and in-degrees. Table 5
summarizes the definitions used.

Table 5. Classification of system components following Vester.

Active Passive Critical Hubs
Out-degree In the top decile Any Not in the top decile In the top decile
In-degree Any In the top decile Not in the top decile In the top decile
Product of in-degree and out-degree Any Any In the top decile  In the top decile
Active/passive quotient >1 <1 Any 1

Across eight CLDs, two to seven components are classified as active’. A higher out-
degree acts as an indicator of a higher importance of the component. In all reviewed
papers, except [15], the magnitude of the infection spread expressed in terms of “Number
of infected people” [26], “Infectious population” [4], “Number of positive tests” [13],
“Confirmed cases” [12], “Perceived number of infectious people” [16], or, more generally,
“Seriousness of the COVID crisis” [2] is a very important active component with the
highest or second-highest out-degree. In both studies, where the infections are the second-
ranked, the active component with the strongest influence is “(Policy) interventions”
[12,13]. Government measures, “Lockdowns” and “Government imposed restrictions”,
are also important active components in [2,15], and both have the second highest out-
degree in their corresponding CLDs.

“Health system” and “Centre for Disease Control” have the highest and the second-
highest out-degree in [4,15] correspondingly.

An essential role of communication and media is reflected by the presence of “Public
attention towards COVID-19” in [26], “Effectiveness of public health risk communication”
in [16] and “Digital channels” in [15], and “Popularity of social media” in [2] among the
active components in their corresponding CLDs. “Economic activities” [12] and
“Economic pressure” [4] as well as “Unemployment” [15] also appear as important
drivers in these papers. Finally, “Research Institutes Mobilization” imposes a strong
influence on the entire system in [4].

Across the reviewed CLDs, two to nine components were classified as passive. The
public perception of the pandemic is the most critical passive component in the CLDs of
[2], expressed as “Perceived seriousness of COVID crisis”; of [12,13], expressed as
“(Anxiety), panic and fear”; and of [16], expressed as “Public outrage”. At the same time,
“Chance of getting infected” has the highest in-degree in the CLD by [26]. The CLDs of
[14] and [4,16] follow them, with “Infected droplets or surfaces”, “Infection rate”, and
“Transmission events” having the second highest in-degree, correspondingly.

The most crucial passive component of the CLD by [4] is “Capacity to respond”. At
the same time, “Budget for fight the COVID-19” has the second-highest degree in the CLD
by [26]. The most impacted component of [14]’s CLD is “Recovered population”, while
for [15], it is the “Isolated population”.

Economic effects of the pandemic impact are reflected by the presence of “GDP loss
fraction” [4], “Total demand” [15], and “Business closures” [12] among the passive
components in the corresponding CLDs. Finally, influence of the pandemic on mental
well-being is highlighted by the respective passive nodes in the CLDs of [13,14].
Interestingly, “Immune system” is active in the CLD of [15]'s CLD and passive in the CLD
of [13].

“GDP” [14,15], “Situational awareness” [26], “Symptomatic population” [14], “Dead
population” [14,15], “Isolated population” [14,15], “Hospitalized population” [4],
“Mobilization of policies” [4], and “Vaccination” [15] can be defined as “critical hubs” as
they impact and are impacted by many other components. For example, the numbers of
symptomatic, hospitalized, and isolated people depend on how fast the virus spreads, but
they also influence further contamination.
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At the same time, our analysis of in- and out-degree distributions (Figure S1 in
Supplementary Material) shows that six out of eight reviewed CLDs demonstrate a
prevalence of transmitter variables, i.e., those with zero in-degree, over receiver variables,
i.e., with zero out-degree, thus highlighting a shock character of the COVID-19 pandemic,
which is considered as an external perturbation to a wider socioeconomic system.

A synthesis overview of active and passive components and critical hubs across all
eight CLDs is schematically presented in Figure 2. These components are essential as “they
are likely to have a bearing on a large number of issues and research questions” [39].

Number of

COVID-19 cases Virus spread rate

Situational

Res:e.arc.h awareness Recovered
mobilization population
) ) Vaccination . )
Communication Anxiety, panic
& media and fear
Symptomatic/
hospitalized/
isolated/dead
Economic population
Business losses
pressure
Mobilization
of policies
Healthcare Capacity to
system GDP respond
Polic
. R v Mental well-
interventions and .
being

restrictions

Figure 2. Summary of active and passive components of the systems. Concepts in red circles denote
active components aggregated across the reviewed studies, concepts in green circles denote
aggregated passive components, and concepts in yellow circles denote aggregated critical hubs.

3.5. Structural Complexity: Motifs

To measure how the reviewed CLDs reflect system complexity beyond the basic
network statistics and to obtain insights regarding the degree to which a CLD represents
a specific type of causality [30], we measure the prevalence of certain network motifs
(listed earlier in Table 2) in each diagram.

For each of the reviewed CLDs, we generated 1000 random graphs with the same
numbers of nodes and edges as the corresponding reviewed CLD. Then, for each of the
six motif types, we calculated the expected number of motifs across the simulated random
graphs and compared it with the actually observed number of motifs in the reviewed
CLD. As a measure of motif prevalence, we chose a difference between the observed motif
count and the corresponding expected value [31]. To be able to compare among CLDs
which have different number of components and links, we standardize both the observed
and expected numbers of motifs using the mean and standard deviation of the
corresponding ensemble of random graphs (i.e., we compute z-scores) [31]. Therefore, the
motif differences are measured in the number of standard deviations (Figure 3).

Our findings illustrate that all reviewed studies accounted for more bidirectional
structures (feedback loops with two components) than might be expected. In this sense,
the most prominent study is [15]8. Six out of eight studies also had more three-component
feedback loops than corresponding random networks. Four studies underrepresented and
four studies overrepresented the moderated effects. At the same time, almost all studies
demonstrated a lower prevalence of multiple effects (with the exception of [12]) and
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indirect effects (with the exception of [13]). In all studies, multiple causes were observed
less frequently than in random networks.

Additionally, we find that there is no clear pattern between a motif’s prevalence in
CLDs and its size (measured by the number of components), as well as between a motif’s
prevalence and the date of its publication, i.e., more recent CLDs do not necessarily
contain more complex causal structures than the early maps.
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(Bahri, 2020)
(Bahri, 2020)

(Wicher, 2020) 4
(Bradley et al., 2020)
(Sahin et al., 2020) 4
(Tonnang et al., 2020)
(Klement, 2020) 4
(Kontogiannis, 2021)
(Zigba, 2021) 4
(Wicher, 2020) 4
(Bradley et al., 2020)
(Sahin et al., 2020) 4
(Tonnang et al., 2020) 4
(Klement, 2020) 4
(Kontogiannis, 2021)
(Zieba, 2021) 4

Figure 3. Grey dots represent the standard score® (z-score) of the number of motifs across 1000
realizations of the randomly generated graphs. The red mark depicts the actually observed indicator
standardized in the same manner, so the red mark denotes the number of standard deviations by
which the actually observed number of motifs differs from the mean of the distribution.
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3.6. Good Practices of Creation and Visualization of CLDs

Here, we focus on the design procedure, availability of lists of components, links and
feedback loops, visualization, software implementation (source code), and methods
employed for the CLD analysis as important dimensions of good practice for developing
and presenting CLDs. These features are selected based on commonly used guidelines,
e.g., [20] and our own practical experience. Table 6 summarizes how these features are
covered in the reviewed CLDs.

Table 6. Design and analysis features of the reviewed CLDs!.

CLD ID Design Procedure List of Components, Links, and Visualization Features Software. Analysis
Feedback Loops Implementation = Methods
(Wicher, 2020) anzﬁ;tigacl)r;:t?cle N/A Feedback loops marked N/A Feedback loops
(Bradley et al., 2020) N/A N/A The e%senFlal feedback loop s Vensim Feedback loops
highlighted by color
. Based on expert Subsystems highlighted by colored .
(Sahin et al., 2020) workshops Components areas; feedback loops marked Vensim Feedback loops
. Based O.n data Separate CLDs of subsystems and . Feedback loops,
(Bahri, 2020) analysis and N/A Vensim system
. . archetypes; feedback loops marked
literature review archetypes
Formal description
Subsystems highlighted by colored .
(Tonnang et al., 2020) of the development Feedback loops links; feedback loops marked Vensim Feedback loops
process
Built upon existing Subsystems highlighted by colored
KI 202 A A F 1
(Klement, 2020) CLD N/ areas; feedback loops marked N/ eedback loops
Built upon an Separate CLDs of archetypes;
Feedback 1 ,
(Kontogiannis, 2021) existing SIR model Feedback 100Ds archetypes highlighted by color on Vensim ee s asCterr?OPS
5 ’ and expert P the main CLD; feedback loops arci]let os
interviews marked P
Based on “mental
(Zigba, 2021) database, N/A Feedback loops marked Vensim Feedback loops

observation, and
intuitive approach”

An important prerequisite for the credibility, transparency, and replicability of a CLD
is the description of its design procedure [40]. For example, the CLD presented in [12] was
based on several expert workshops, which are briefly described in the paper’s appendix
(Appendix A) [12]. The CLD of [13] is based on this CLD. Expert workshops represent a
useful source of unique knowledge and insights to address wicked problems [41].
Information on the workshop participants (can be anonymized) and other workshop details
is useful for the readership to fully appreciate what the CLD represents. Using a coding
procedure that formally translates participant statements into elements of a CLD can be
recommended [42]. Another way to develop a CLD can be desk research. According to the
descriptions provided, in six out of eight reviewed papers, the authors used their own
mental models complemented by literature reviews to produce their CLDs.

We argue that a comprehensive description of the system’s components (and ideally
interconnections between them) and data sources that were used to inform them is
important for the CLD validation. One of the reviewed studies provided such a description
([12], Appendix A). Some papers contain literature-based evidence for justifying some key
interconnections between the components of their CLDs [2,4,13,14]. We believe that while
general knowledge can often be sufficient to draw causal links, in some cases, especially
when it involves a novel phenomenon, such as in the case of COVID-19, justifying links with
the available evidence can greatly increase the CLD’s credibility. For example, the CLD in
[13] includes a “# of positive tests”—“COVID-19 deaths” link and no “Infected
population”—“COVID-19 deaths” link. We find that this is not completely straightforward,
and as readers, we would appreciate a justification of this choice.
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Using colors and other ways to evince the CLD structure often improves its
comprehensibility [43]. Among the eight reviewed papers, three papers mark subsystems
within the considered systems: [12,13] highlight different subsystems using areas of different
colors and [15] highlights links in different subsystems using different colors!'. Both
approaches seem to be helpful for better reading of the CLDs to which they were applied.

Furthermore, [4] uses different colors to highlight system archetypes, which are
commonly encountered combinations of reinforcing and balancing feedback loops, often
leading to an undesired behavior of the considered system [44,45]'2. This study, along with
[14], also presents separate maps of system archetypes, which constitute the building
blocks of the full CLD. This is considered a useful practice by [20].

At least six out of eight reviewed CLDs were implemented using Vensim software??,
which is a commonly used tool for designing CLDs (and systems dynamics models). None
of the papers provided a source file of their model. For researchers who would wish to
use a CLD developed by other authors, having such a file would save efforts on
reproducing it, especially if the CLD is rather large.

The main methodological approach to the CLD analysis in all eight reviewed papers is
based on the selection and discussion of several major feedback loops, which is a standard
practice in the field. Feedback loops are essential to understand the behavior of a system’s
model and identify potential leverage points [46,47]. CLDs can contain thousands of
feedback loops [48], however, it is often enough to discuss the most essential ones which are
relevant to the problem at hand. Moreover, it has been proposed that the CLD dynamics are
largely driven by a relatively small subset of feedback loops, namely, a Shortest
Independent Loop Set (SILS) introduced by [27] is defined as a “set of shortest loops which
are necessary to fully describe the feedback loop complexity of the model” [49].

For discussing feedback loops and their role, it is essential that each one that is
referred to is depicted separately and/or described textually in a way that allows readers
to clearly see all the constituting links [50]. For example, [4,15], two studies with the largest
numbers of feedback loops discussed, provide tables listing loops and their interpretation,
which helps readers to follow the authors’ argumentation. Moreover, [4,26] give
distinctive names to their loops, as suggested by [20], to increase the understanding of the
function of each loop. In terms of feedback loops visualization, all studies except for [16]
label the discussed feedback loops in their CLDs, which helps in following the
corresponding discussion in the paper. The commonly accepted labelling style is to use
either “RX”, “BX”, or just “X”, where “X” is the identificatory (number) of the analyzed
loop, “R” refers to a reinforcing loop, and “B” refers to a balancing loop. Two papers,
[4,14], go deeper and, following [51], identify and analyze archetypal structures in CLDs
which are indicative of system modularity [52].

Feedback loops and systemic archetypes enable a better understanding of some of
the challenges which make the COVID-19 pandemic a wicked problem. This type of
analysis shows the capability of systems thinking to be of particular use to make a step
towards problem structuring [53]. Furthermore, it can help to identify leverage points,
which can steer the systems towards a desired goal or away from an undesired behavior
[47]. This is explicitly emphasized in two of the reviewed papers [4,12].

4. Discussion and Conclusions

In this paper, we analyzed eight studies aimed to illustrate the complexity and multi-
dimensionality of the COVID-19 crisis using a practical tool of systems thinking —causal
loop diagrams (CLDs). Here, we highlight some of the observations. First, we observed
that the key components of the reviewed CLDs are consistent across all eight studies,
however, different studies put different emphases on the main drivers and main affected
components of the analyzed systems. This diversity of both drivers and affected variables
supports the need for a transdisciplinary response to the pandemic [13].

The insights on common and rare components (Section 3.2), as well as on drivers and
the most affected elements (Section 3.4) can be useful for future CLD developers and
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quantitative modelers to guide their research. For example, CLD analysts may decide to
focus on gaps revealed in the existing CLDs, e.g., inequality, or they may choose to focus
on the most important components to dig deeper into their dynamics and impacts.
However, the scope of some CLDs could be quite narrow, and therefore, reusing concepts
from them for a more general study should be done carefully.

Quantitative modeling and in particular systems dynamics (SD) modeling [21] can
benefit from this review, as modelers can use the discussed CLDs a basis for their models.
The author of [4] supports this point of view: “[CLDs] have the potential to be converted
into Stock and Flow diagrams that allow quantification of results”. For example, CLDs
can be used to extend the traditional SIR-type system dynamic models to make them more
realistic and useful for decision making [22]. The most essential system components
identified in this review can guide the choice of variables in models.

Our insights in this part can also be useful for policy makers. The analysis of drivers
(Section 3.4) can indicate candidate leverage points for the mitigation of the adverse
consequences of COVID-19 and improve the resilience of the socioeconomic system to
“provide a basis for effective response to the control of the pandemic” [4] and “bounce
forward” from the shock caused by the pandemic [7]. The analysis of the most impacted
components carried out in the same subsection can draw the attention of policy makers to
areas where unintended and unwanted effects may be anticipated.

Second, we observed that the average number of links per node across the reviewed
CLDs does not depend on the diagram size (Section 3.3). We proposed that this might be
because the CLD developers regarded three to four links per node as an appropriate
representation of complexity in their studies. This and other observations discussed in
Section 3.3 can be useful for future developers of CLDs in the context of COVID-19 for
benchmarking their models and planning their efforts and scope.

Third, we revealed a higher-than-expected prevalence of two- and three-component
feedback loops in the reviewed CLDs (Section 3.5). This is different from the results
obtained by [30], which found a low prevalence of these feedback structures in cognitive
maps developed in the context of sustainable agriculture. This difference can be explained
by the fact that the CLDs that we reviewed were developed by researchers familiar with
systems thinking, which, according to [30], leads to a higher complexity of the developed
cognitive models. Furthermore, in the same subsection and consistently with [30], almost
all of the CLDs that we reviewed underrepresent “multiple effects” and “indirect effects”
motifs, and they also underrepresent “multiple causes” motifs, which are, on the contrary,
prevalent in [30]. The latter fact can probably be attributed to the novelty of the COVID-
19 pandemic. Interestingly, while all authors discuss the feedback loops identified in their
CLDs, none of them explicitly analyze multiple causes or effects for any components of
the considered system'4. This could be attributed to the fact that humans tend to perceive
effects as more abstract and distant phenomena than causes, as suggested by the
construal-level theory [54]. These observations can be useful for CLD developers for
benchmarking their analysis as well as for researchers generally focusing on complexity
and systems thinking.

Fourth, our observations made in Section 3.6 on good practices of development,
presentation and analysis of CLDs can be helpful for future CLD developers. In terms of
CLD development, we suggested that a detailed description of the design procedure
enhances trust in the developed CLD. In terms of CLD presentation, highlighting
meaningful subsystems of a large system helps reading a complex CLD. Finally, in terms
of analysis, feedback loops and other smaller structures which constitute CLD building
blocks such as archetypes and motifs can shine the light on the system complexity and
help understand its behavior.

We conclude that despite the numerous recent calls to use systems thinking for
addressing the complexity of the COVID-19 crisis, its practical applications are currently
scarce; for example, [2] notes in this regard that “systems thinking approach to analyze
the consequences of the COVID-19 outbreak is relatively novel and not extensively used”.
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More recent studies generally do not contain more complex causal structures than the
earlier ones. Therefore, we assume that they do not build upon the past models. Only one
of the reviewed CLDs is explicitly based on another existing CLD. A plausible explanation
of this fact is that CLDs are often developed for a specific purpose with a further aim to
inform a more sophisticated model or analysis. However, we are not aware if any of the
reviewed CLDs have been used for such a purpose up to the date of our writing.

We suggest (Section 3.6) that CLDs could benefit from a rigorous description of the
development procedure and information sources used. This would improve their credibility
and enable other researchers to enhance them further or conduct other types of analysis.
Moreover, sharing the model source file can also be beneficial, especially since most of the
reviewed maps showed consistency in the most important components and interactions and
the degree of their complexity. Therefore, the reusability of CLDs could be key to enhance
the efficiency of research efforts and/or to promote more advanced studies.

Being a useful systems-thinking tool, CLDs also have a series of limitations. As with
every model, a CLD constitutes a major simplification of the considered real system. CLDs
do not distinguish stocks and flows, which, along with the feedback structures, are the
essential concepts in modeling systems behavior [20,46]. CLDs are inherently static and
therefore cannot account for the dynamics of the modeled system, i.e., behavior over time
[46]'>, without being translated into a computer simulation model. CLDs invite users for a
mental simulation, which, however, can be challenging even for relatively simple CLDs [20].

Notwithstanding these limitations, we argue that the reviewed papers demonstrate
the power of systems thinking to inform a holistic picture of the pandemic’s impact on a
broader socioeconomic system. Indeed, CLDs are helpful for an initial exposition of the
complexities brought about by COVID-19 for policymakers and the general public. They
promote critical thinking [53] and show how deeply the pandemic affects all areas of
human activity and that there is no easy “silver bullet” to solve this wicked problem [55],
thus calling for a transdisciplinary approach. We suggest that building more
comprehensive CLDs and having formal tools for their analysis [27,43,49] can further
unleash the potential of systems thinking to inform decision making in circumstances of
a wicked problem, such as the COVID-19 crisis—either as a standalone tool or as an input
to more sophisticated models and analyses. As no single modelling approach can serve as
a panacea for addressing a complex policy issue, CLDs should ideally be used in
combination with other methods and models to provide reliable policy advice.

Supplementary Materials: The following are available online at
www.mdpi.com/article/10.3390/systems9030065/s1. Table S1. Concepts used in the reviewed CLDs;
Figure S1. Distributions of in- and out-degrees for each reviewed CLD.
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Notes

! Here, and in what follows, the names of CLD components in quotation marks are those originally used by their authors in the
reviewed publications.

2 The average node degree of the CLD from [12] constitutes 2.2 standard deviations from the mean of the ensemble of the eight
CLDs under review. A threshold of two standard deviations is often considered enough to determine outliers in small-size
samples [38].

3 These can be computed as sums of the absolute values of rows and columns of the respective adjacency matrices.
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The 10% threshold is our choice to delimit a group of the most impacting/impacted components from the others. We show this in
the distribution plots of the in- and out-degrees for each reviewed CLD (Supplementary Materials Figure S1).

If several components with the same degree were divided by the top decile, all of them were considered.

Vester originally classified all components with a high product of in- and out-degrees as critical, thus often including active and
passive components. In this review, we emphasize the role of components, which are both systems drivers and indicators, but
formally could not be classified as either active or passive. Formally we included components which either (i) have different in-
and out-degrees less than top deciles or (ii) have equal in- and out-degrees in the top deciles, and, at the same time, have the
product of in-degree and out-degree in the top deciles of the corresponding distributions of in- and out-degrees for each CLD.
Vester also considers buffer components which have a low product of in- and out-degrees. These are beyond of scope of our
analysis.

The CLD by [14] does not have any active components fulfilling our criteria.

Their CLD contained eight standard deviations more of the bidirectional structures than the random networks” mean.

A linear transformation of raw data that provides that the mean and the variance of the distribution are 0 and 1,
correspondingly. The standard score thus gives the number of standard deviations by which the actual data point is above or
below the mean value.

Table entries marked with “N/A” indicate that the corresponding aspect has been neither explicitly articulated by the authors or
the reviewed studies nor it could be identified straightforward by the review authors.

We assume that the authors of the reviewed CLDs have defined such subsystems a priori classifying components substantially,
e.g., economic, social, healthcare, etc. However, it is also possible to recognize subsystems after a CLD has been developed, for
example, using graph clustering methods.

Usually four generic problem archetypes are specified [45]: (i) the underachievement, (ii) relative achievement, (iii) relative
control, and (iv) out-of-control. While also being “building blocks” of CLDs containing few components, these are different to
motifs discussed in Section 3.5.

Three studies mention this explicitly, while the CLDs of three more studies have a typical visual appearance, which allowed us
to attribute them to this software.

Analysis of multiple causes and multiple effects (along with detection of feedback loops) for each component of a CLD can be
performed using Vensim software (which was used to develop the majority of the reviewed CLDs and is commonly used for this
purpose).

Although six out of eight reviewed CLDs account for time delays for some of the links helping to qualitatively understand the
speed of impact propagation, this still does not enable a formal analysis of the modeled systems” dynamics.
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