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Topological analysis of COVID-19
wave patterns and policy
responses in Europe

Tichaona Chikore*

Department of Mathematics and Applied Mathematics, University of Johannesburg, Johannesburg,
South Africa

The COVID-19 pandemic critically exposed public health vulnerabilities and
the intricate challenges of international policy coordination. While extensive
research has independently explored infection rates and governmental
responses, a significant gap persists in understanding how structural
similarities in pandemic dynamics relate to regional, geographic, or economic
interdependence. Addressing this crucial gap, this study employs Topological
Data Analysis (TDA), specifically the Mapper algorithm, to analyze normalized
COVID-19 case data up to the end of 2022, segmented into epidemiological
waves, across 15 European countries. We integrate this analysis with both
average and wave-specific policy stringency scores and established group
membership data (for example, Eurozone, Schengen Area, Visegrad Group) to
identify clusters of nations exhibiting analogous wave profiles. Furthermore,
geographic neighbor relationships are incorporated to examine the intersection
of spatial and dynamic proximity. Our findings demonstrate that topological
similarity in pandemic trajectories does not consistently correlate with formal
economic or geographic affiliations, and countries can appear in multiple
clusters, revealing transitional epidemic profiles. Statistical analyses reveal no
significant variation in policy stringency among these clusters, suggesting that
shared economic frameworks did not inherently drive coordinated pandemic
responses. Robustness checks using alternative wave segmentations and daily
stringency data confirm the stability of these results. These results are critical
for understanding the complex, multi-faceted nature of national pandemic
responses and provide a novel framework for assessing the effectiveness and
alignment of public health strategies beyond traditional geopolitical boundaries.
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1 Introduction

The COVID-19 pandemic has prompted widespread interdisciplinary efforts to
understand infectious disease transmission, governmental responses, and the interplay
of interconnected regions affecting epidemiological outcomes. Countries that successfully
controlled COVID-19 case numbers typically implemented a combination of early
interventions and robust public health infrastructure (1, 2). These strategies include
timely border closures, widespread testing, efficient contact tracing, and clear public
communication, often supported by high levels of public trust and healthcare system
preparedness (3). While these approaches are well documented individually, it remains
unclear how such strategies co-evolve with national case dynamics and whether
they correspond to topological patterns across countries. Moreover, the scale and
heterogeneity of pandemic data require analytical approaches that move beyond traditional
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statistical summaries to methods capable of capturing global
structures, nonlinear dependencies, and hidden similarities across
high-dimensional datasets.

In response, numerous data-driven approaches have been
developed to track, model, and interpret COVID-19 trajectories.
Ecological comparative frameworks have been used to evaluate
national responses (4), while time-series analyses of case rates
(5, 6), machine learning clustering of outbreak severity (7, 8), and
mobility-informed epidemiological models (9) have each provided
important insights. Policy-response datasets such as the Oxford
COVID-19 Government Response Tracker enable systematic
cross-national comparisons of interventions through indices like
stringency scores (10). Within this expanding methodological
landscape, Topological Data Analysis (TDA) has emerged as a
promising framework for uncovering latent structure in complex,
high-dimensional pandemic data (11). Foundational contributions
by Epstein and Carlsson (12) and Edelsbrunner and Harer
(13) established the mathematical basis for extracting geometric
and topological features from data, emphasizing robustness to
noise and invariance to continuous transformations. The Mapper
algorithm, introduced in Singh et al. (14), provides a practical
tool for capturing shape and connectivity in applied contexts.
Surveys and methodological reviews (15, 16) consolidated TDA’s
versatility across disciplines, highlighting its capacity to reveal
multi-scale structures inaccessible to classical clustering techniques.
Specifically, Mapper has been applied to temporal COVID-19
case trajectories in the United States and United Kingdom,
revealing hidden topological signatures such as infection waves,
hotspot transitions, and regional divergences (17, 18). Prior
studies (19, 20) show that TDA can detect structural patterns
overlooked by conventional statistical approaches, particularly in
visualizing outbreak progression across time and space. More
recent comparative work demonstrates Mapper’s ability to capture
overlapping clusters and transitional dynamics, features not well
represented by k-means, hierarchical, or density-based clustering
methods (21, 22). These advantages underscore Mapper’s distinct
value for epidemiological time-series and cross-country analyses.
Building on this foundation, the present study applies Mapper to
cross-national COVID-19 trajectories and government response
indices, aiming to reveal how variations in policy stringency and
infection dynamics jointly shape the pandemic’s progression across
diverse contexts.

TDA-based COVID-19
predominantly focus on infection curve shapes alone, treating

However,  existing analyses
countries or regions as isolated time series and seldom
incorporating policy context, economic groupings, or geographic
proximity into topological modeling (23-25). In addition, most
COVID-19 dynamics studies generally operate at national or
regional scales without explicitly assessing how interconnectedness
via economic alliances such as the Eurozone or shared geography
might influence policy responses or pandemic outcomes. Another
limitation lies in the segmentation of infection trajectories
into waves: while wave-based representations are intuitive and
facilitate cross-country comparison, sensitivity to smoothing,
window selection, and inflection-point definitions can introduce
methodological bias if not rigorously addressed. Although
wave-based representations of COVID-19 spread are intuitive
and observable (26), few studies integrate wave structure as
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a primary feature within topological analysis, limiting the
interpretability of clusters in the context of epidemiological or
policy-driven differences.

This study addresses these gaps by examining how European
countries COVID-19 trajectories relate not only to the timing
and magnitude of case waves but also to policy stringency and
economic or regional interdependence. Specifically, we investigate
whether countries that are economically integrated [for example,
Eurozone members (27)], geographically neighboring, or part of
policy-sharing blocs [for example, Schengen Area (28), Nordic
Council (29), Visegrad Group (30)] exhibit similar COVID-19
wave responses and policy interventions over time. By situating
wave dynamics within broader structural and institutional contexts,
we assess whether topological similarity aligns with formal
cooperation frameworks or emerges independently of them. We
further contextualize clusters with policy indices, testing whether
stringency differences correspond with cluster membership, and
employ permutation-based statistical tests to ensure robustness
against small sample sizes and non-normality. This focus on
Europe is driven by its distinctive combination of deep institutional
integration and national heterogeneity. The region’s extensive
frameworks for economic and policy coordination (for example,
the Schengen Area and the Eurozone) facilitate high levels of cross-
border movement and interdependence, providing fertile ground
for examining how such linkages shape pandemic trajectories
(31). At the same time, European countries display marked
variation in public health infrastructure, policy stringency, and the
degree of centralized versus decentralized governance (32). This
diversity within an otherwise interconnected system provides a
rigorous testbed for assessing how a shared shock such as COVID-
19 propagates through different structural and institutional
alliances (33).

To this end, we construct a wave-based feature profile for
each country using normalized 7-day average COVID-19 case
data, segmenting the pandemic into discrete epidemiological
waves. We then apply Mapper to this feature space to identify
clusters of countries with comparable wave dynamics. Each
cluster is annotated with external information such as policy
stringency scores and group memberships (economic, geographic,
and political). We statistically assess whether these groupings
explain differences in pandemic responses or whether topologically
similar countries transcend conventional alignments. Finally,
we incorporate geographic proximity data to explore whether
neighboring countries within the same topological clusters
also share common pandemic behaviors, suggesting potential
spillover effects or shared infrastructure influences. This multi-
layered approach allows us to evaluate the relative weight of
epidemiological, political, and geographic factors in shaping
pandemic trajectories and informs how policy interventions
interact with underlying infection dynamics.

Traditional clustering methods assume linear structure and
mutually exclusive groupings, which are poorly suited to the highly
irregular, nonlinear, and noisy COVID-19 trajectories observed
across Europe. Topological Data Analysis (TDA), and Mapper
in particular, offers a non-parametric way to characterize the
shape of such complex time-series by constructing overlapping
clusters and linking them into a topology-preserving network.
This allows transitional or intermediate epidemic profiles to
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emerge naturally—patterns that standard clustering would force
into artificial single assignments. We therefore use TDA not
for methodological novelty, but because its topology-preserving
representation captures structural heterogeneity in European
epidemic curves that conventional approaches are likely to obscure.

Qur contributions are threefold. First, we introduce a wave-
profile-based TDA approach for pandemic analysis that preserves
both epidemiological and temporal structure, emphasizing the
shape and progression of waves across countries. Second, we
integrate policy stringency metrics and economic or geographic
groupings to test whether formal cooperation frameworks manifest
in topological similarity. Third, we incorporate geographic
neighbor analysis to evaluate the role of spatial spillovers and
infrastructural proximity in shared outcomes. Taken together, these
contributions show that despite shared institutional frameworks,
topological COVID-19 similarity does not always align with formal
alliances, highlighting the importance of local sociopolitical and
infrastructural factors beyond formal integration. More broadly,
this study demonstrates the utility of TDA for comparative public
health research, where nonlinearities, high dimensionality, and
cross-country dependencies challenge conventional approaches.
In the following sections, we expand on related literature,
contrasting Mapper with classical clustering methods and situating
our work within cross-country pandemic modeling and policy-
evaluation studies.

2 Methodology

2.1 Data collection and preprocessing

The analysis draws on daily COVID-19 new case data for 15
European countries: Austria, Belgium, Croatia, Czechia, Denmark,
Estonia, Finland, France, Germany, Greece, Hungary, Iceland,
Ireland, Italy, and Cyprus and the pipeline is available at (34).
The data, obtained from the Our World in Data repository (35),
is filtered to retain only these countries, ensuring consistency
and relevance for the regional scope. The analysis focuses on
15 European countries for several reasons. First, these countries
provide high-quality, continuous daily COVID-19 case data
and government stringency indices, minimizing missingness and
ensuring reliable temporal analysis. Second, they represent a
balance of regional, economic, and institutional diversity, including
members of the Eurozone, Schengen Area, Nordic Council, and
Visegrad Group, enabling investigation of epidemic patterns and
policy responses across multiple structural groupings. Third,
restricting the dataset to these countries ensures computational
tractability for Mapper and clustering analyses while capturing
sufficient heterogeneity in epidemic dynamics. Fourth, including
countries with sparse or inconsistent data could introduce noise
and obscure meaningful topological structures. Finally, guided
by Occam’s Razor (36), we select the minimal set of countries
necessary to capture relevant variability, avoiding unnecessary
complexity and facilitating clear interpretation. Together, these
considerations provide a robust, representative, and parsimonious
framework for studying COVID-19 wave trajectories in Europe.

In addition, we collected the daily government stringency index
for the same countries from the same repository. This index
quantifies the strictness of government policies, including school
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and workplace closures, travel restrictions, and public gathering
bans, with values ranging from 0 (least strict) to 100 (most
strict). Both datasets were converted to a consistent datetime
format and checked for missing values. No missing values were
found in the COVID-19 case data for the selected countries
and time period. The COVID-19 case data were pivoted to
have dates as rows and countries as columns, enabling direct
comparison across countries over time. After imputation, the data
were normalized using Min-Max scaling to bring all country-level
series onto a comparable scale between 0 and 1. We conducted
a comprehensive normalization sensitivity analysis comparing
Min-Max scaling, Z-score standardization, Robust scaling, and
logarithmic transformation. The results, presented in Section
3.3, show that linear normalization methods (Min-Max, Z-score,
Robust) produce highly consistent feature spaces with Pearson
correlations >0.95 and identical cluster assignments (Adjusted
Rand Index = 1.000), confirming that our findings are robust to the
choice of linear normalization method.

To enable structured temporal analysis, we reshape the dataset
so that each row corresponds to a calendar date, and each column
represents a country’s daily new confirmed cases per million
population. The data for all 15 countries were complete with no
missing values, eliminating the need for imputation. We then
normalize the cleaned dataset using Min-Max scaling, mapping
each country’s case values to a common range between 0 and 1. This
normalization ensures comparability of epidemic curves across
countries with different population sizes and testing intensities
while preserving the relative patterns essential for distance-based
analyses. We segment the time series into eight discrete epidemic
waves based on key inflection points in European COVID-19
dynamics. We limit the analysis to Wave 6, ending on 31 December
2022, because subsequent waves exhibited overlapping Omicron
subvariants with highly heterogeneous dynamics across countries.
Extending beyond Wave 6 would require more granular variant-
level data and would complicate cross-country comparisons,
potentially obscuring the key epidemic patterns captured in the
six major waves. This approach ensures that our analysis focuses
on well-defined, distinct epidemic phases up to the end of 2022 as
shown in Figure 1. Each wave is defined in Table 1.

For each country, we compute the mean normalized case values
across each wave period. These values form an 6-dimensional
feature vector per country, capturing the evolving intensity of
COVID-19 in structured temporal phases. We organize the
resulting matrix with countries as rows and waves as columns,
which serves as input for topological modeling and visualization.

3 Results

The COVID-19 wave trends for each country, grouped by their
regional affiliations, are illustrated in Figure 2. This visualization
plots the average normalized case counts across eight epidemic
waves, with each line representing a country’s trajectory over
time. By coloring the lines according to regional groups (Nordic,
Visegrad, Eurozone, Schengen, and Others) the figure highlights
similarities and differences in pandemic progression within and
between these groups. The regional color coding facilitates the
identification of patterns potentially linked to shared economic,
political, or geographic factors. For instance, countries within the
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FIGURE 1

COVID-19 wave trends per country based on average normalized new cases. Each line represents a country across different pandemic waves.

Wave 4 Wave 5 Wave 6

TABLE 1 Segmentation of COVID-19 data into epidemic waves.

Wave Date range Description

Wave 1 2020-03-01 to Initial outbreak and first lockdowns
2020-06-30

Wave 2 2020-09-01 to Winter surge and Alpha variant rise
2021-02-28

Wave 3 2021-03-01 to Alpha and Delta variant wave
2021-07-31

Wave 4 2021-08-01 to Continued Delta variant surge
2021-12-31

Wave 5 2022-01-01 to Omicron BA.1 wave
2022-06-30

Wave 6 2022-07-01 to Omicron BA.4/BA.5 wave
2022-12-31

Eurozone often show comparable wave intensities, suggesting some
alignment in pandemic dynamics, while Nordic countries tend to
exhibit distinct trends. This layered representation supports our
exploration of how regional interdependence may have influenced
COVID-19 wave behaviors across Europe.

3.1 The stringency index

To complement the epidemiological data, we incorporate the
Government Stringency Index, obtained from the Our World in
Data (OWID) repository. This index, developed by the Oxford
COVID-19 Government Response Tracker (OxCGRT), quantifies
the strictness of governmental policy responses on a scale from 0
to 100, where higher values indicate more stringent measures. It is
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computed as the average of nine policy indicators, including school
and workplace closures, restrictions on public gatherings, stay-at-
home mandates, and limitations on domestic and international
travel. The index provides a standardized framework for comparing
national interventions over time. For this analysis, we extract
country-level mean stringency scores across the pandemic period
for 15 European countries in our dataset as shown in Figure 3.
These scores serve as proxies for overall policy rigor and are used
to annotate clusters derived from topological modeling, thereby
linking policy stringency to epidemic wave structure.

3.2 Application of the Mapper algorithm

To uncover topological structures in the COVID-19 wave
profiles, we apply the Mapper algorithm, a tool from TDA designed
to extract shape-based features from high-dimensional data.
Mapper constructs a simplicial complex by covering the data space
with overlapping intervals defined by a filter function, clustering
data points within each interval, and connecting clusters sharing
data points. This results in a network representation capturing
the intrinsic geometry and connectivity of the data, enabling
identification of clusters and transitions not easily detectable
through traditional methods. Unlike classical clustering, Mapper
allows countries to appear in multiple nodes, revealing overlapping
or transitional epidemic profiles. We apply Mapper to normalized
wave features using an epidemic intensity-based filter, revealing
clusters of countries with similar COVID-19 wave patterns for
integrated policy and geographic analysis.

To examine structural similarities in pandemic progression and
policy response across European countries, we apply the Mapper
algorithm from Topological Data Analysis to an eight-dimensional

frontiersin.org
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FIGURE 2

COVID-19 wave trends for 15 European countries, with each line representing a country’s average normalized case counts across epidemic waves.
Lines are colored by regional group membership, illustrating temporal patterns and similarities within and across economic and geographic clusters
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FIGURE 3

Average COVID-19 Stringency Index per country, indicating the overall level of policy strictness.

feature space. Each country’s feature vector consists of the average
normalized new COVID-19 cases per wave, representing temporal
dynamics across eight epidemiological waves (as previously
defined), along with an appended average government stringency
index. The stringency index, sourced from the Oxford COVID-19
Government Response Tracker via Our World in Data, captures
the strictness of non-pharmaceutical interventions, aggregated
across nine policy domains. This combination enables Mapper to
account for both epidemic trajectories and policy interventions
simultaneously.

Frontiersin Public Health

We project the high-dimensional data onto the first two wave
dimensions (Wave 1 and Wave 2 averages) to form the lens for
Mapper. The clustering step is performed using DBSCAN with
parameters ¢ = 0.3 and min_samples = 2. To assess Mapper’s
sensitivity and stability, we generate multiple graphs with different
cover cube counts (10, 12, and 15) and varying overlap percentages
(40%, 50%, and 60%). Countries are then grouped into nodes
(clusters) if they exhibit local similarity in the lens and original
data space. The results of the stability analysis are summarized in
Table 2.

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1665863
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Chikore

TABLE 2 Stability analysis of Mapper across different cover and overlap configurations (transposed).

10.3389/fpubh.2025.1665863

Statistic 10c_40p 10c_50p 10c_60p 12c_40p 12c_50p 12c_60p 15c_40p 15c_50p 15c_60p
Cubes 10 10 10 12 12 12 15 15 15
Overlap (%) 40 50 60 40 50 60 40 50 60
Average 0.611 0.640 0.582 0.608 0.659 0.594 0.540 0.616 0.607
Jaccard
The most stable configuration is highlighted in red.
Country cluster appearances for 10 cubes .
Austria 2 4 6
Belgium 1 4 6
Croatia 2 2 2 5
Cyprus 2 2 4
Czechia - il 2 2 §
4 c
Denmark 4 4 4 e
[}
>, Estonia - 0 1 &
— ©
-+ [
i 4 4 5}
§ Finland - 2 3 g
O  France - 1 2 :
o
Germany 4 4 4 g
-2
Greece -+ 1 i i) 3
Hungary - 2 2
Iceland - 2 2 4 -1
Ireland - il
Italy - 2 6
] -0
40% Cover 50% Cover 60% Cover
Cover Overlap
FIGURE 4
Topological Mapper graph showing the clustering of European countries based on COVID-19 wave profiles and policy stringency for 10 cubes.

As shown in Table 2, the configuration with 12 cubes and 50%
overlap achieves the highest stability. This confirms that the chosen
Mapper parameters are robust and that cluster structures do not
arise from arbitrary parameter selection.

Figure 4 visualizes these Mapper graphs side-by-side for
different cover parameters. Nodes may contain multiple countries,
and a single country can appear in more than one node, especially
under high-overlap settings. For example, Ireland appears in up
to five distinct clusters under the 60% overlap cover for 10 cubes,
while Germany appears in nine clusters under the 60% cover for 15
cubes, highlighting transitional behavior and varying connectivity
across countries. This demonstrates Mapper’s ability to reveal
overlapping structures and transitional states that are not captured
by traditional methods.

As shown in Figure 4, countries appearing in fewer clusters,
such as Estonia or Greece under certain cover-overlap settings,
indicate unique epidemic dynamics or lower similarity with other
countries.

Figure 4 also illustrates Mapper’s sensitivity to both data
sparsity and parameter selection. In Figure 5, the increasing cube
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counts allows finer resolution: Belgium appears in eight clusters
under 12 cubes at 60% overlap. It also shows Ireland and
Italy appear in eight clusters under 15 cubes at 60% overlap,
demonstrating Mapper’s ability to capture complex transitional
states. Figure 6 shows Germany and Ireland appear in nine and
eight clusters respectively under the 60% overlap, demonstrating
high connectivity in the feature space. Figure 6 also highlights
that countries with fewer appearances, like Estonia or Iceland,
reflect unique epidemic dynamics and lower similarity with other
countries.

3.3 Cluster characterization and statistical
analysis

For quantitative evaluation, we converted Mapper nodes into
hard cluster assignments by assigning each country to its smallest
node ID (where multiple nodes exist) and compared these clusters
to KMeans and hierarchical clustering results. We summarize the
wave profiles, stringency indices, and regional compositions of the
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FIGURE 5
Mapper graph generated with 12 cubes and 50% overlap, showing clusters of European countries based on their COVID-19 wave profiles and policy
stringency.
Country cluster appearances for 15 cubes
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FIGURE 6
Mapper graph showing clustering of European countries using 15 cubes at varying overlap levels (40%, 50%, 60%).

Frontiers in Public Health 07 frontiersin.org


https://doi.org/10.3389/fpubh.2025.1665863
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Chikore

countries within each cluster to characterize their epidemiological
and policy context.

We compute the mean normalized COVID-19 case profiles
across epidemic waves for each cluster and examine differences in
government stringency indices using ANOVA and Kruskal-Wallis
tests. Both tests indicate no statistically significant differences
in stringency between clusters (ANOVA: F 0.443, p =0.643;
Kruskal-Wallis: H = 5.0, p =0.358). This confirms that clusters
capture temporal patterns of COVID-19 progression rather than

differences in average policy stringency.

Figure 7 visualizes mean wave profiles for top five clusters,
colored by mean stringency, while Figure 8 shows the composition
of all the clusters by regional affiliation, highlighting the top five.
Clusters often group countries sharing epidemiological similarities
or overlapping transitional profiles, highlighting Mapper’s ability to
detect multi-faceted alignments.

Figure 7 presents the mean normalized COVID-19 wave
profiles for the clusters generated using 12 cubes and 50% overlap.
Each line represents a cluster, with the color intensity reflecting
the cluster’s average government stringency index, linking epidemic
dynamics to policy measures.

This visualization highlights temporal patterns of COVID-
19 spread within clusters, revealing how countries with similar
epidemic trajectories often share comparable policy responses. It
underscores the combined influence of public health interventions
and epidemic waves on the clustering structure.

Figure 8 displays a stacked bar chart summarizing the
composition of the top five clusters across different regional groups
among the 15 European countries. Each bar represents a region,

10.3389/fpubh.2025.1665863

and the segments indicate the number of countries from that region
contained within each cluster.

The figure reveals that countries within the same cluster
often share common economic zones or geographic proximity,
demonstrating Mapper’s ability to capture structural similarities in
COVID-19 wave profiles. This visualization provides insight into
how epidemic dynamics and policy responses may be influenced by
regional groupings.

Adjusted Rand Index (ARI) comparisons demonstrate low
concordance between Mapper clusters and traditional methods:
ARI (Mapper vs KMeans) = 0.308, ARI (Mapper vs hierarchical) =
0.214, indicating that Mapper captures relationships not identified
by partitioning algorithms. Silhouette scores for KMeans (0.410)
and hierarchical clustering (0.412) indicate moderate cohesion,
whereas Mapper’s node-based network allows countries to occupy
multiple clusters, reflecting transitional or overlapping epidemic
behaviors. For instance, Ireland, Germany, and Austria appear
in multiple nodes across Mapper configurations, illustrating
transitional pandemic profiles that classical clustering would
force into single categories. This supports the interpretive
advantage of Mapper in identifying overlapping and continuous
epidemic structures.

To address potential bias from synchronized wave boundaries,
we performed a comprehensive sensitivity analysis comparing three
segmentation methods: (1) calendar-based segmentation (original
method), (2) changepoint detection using the ruptures library, and
(3) epidemiological peak detection using scipy’s find_peaks. We
evaluated the robustness of Mapper clusters across these methods
using Adjusted Rand Index (ARI).

Mean wave profiles of top 5 clusters (12 cubes, 50% overlap)
0.7 4 = Cluster cubell_cluster2 (Str=0.44)
= Cluster cube23_cluster0 (Str=0.43) /
=== Cluster cubel6_clusterl (Str=0.42)
0.6 == Cluster cube6_cluster0 (Str=0.42)
= Cluster cube7_cluster0 (Str=0.41)
g 0.5 A
0
©
o
D 0.4
g
©
£ 03]
o
4
0.2 A
0.1 A
Wave 1 Wave 2 Wave 3 Wave 4 Wave 5 Wave 6
Wave Number
FIGURE 7
Mean normalized COVID-19 wave profiles for each cluster generated using 12 cubes and 50% overlap. Lines are colored by the cluster's mean
government stringency index, illustrating the temporal epidemic patterns and their policy context.
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FIGURE 8

Stacked bar chart of cluster composition by regional group, highlighting how countries within clusters tend to share economic or geographic

affiliations.

TABLE 3 Adjusted Rand Index (ARI) comparison between wave
segmentation methods.

Method Calendar-  Changepoint- Peak-
based based based

Calendar-based 1.000 0.461 0.050

Changepoint- 0.461 1.000 0.131

based

Peak-based 0.050 0.131 1.000

Table 3 shows moderate agreement between calendar-based
and changepoint-based segmentation (ARI = 0.461), while peak
detection shows minimal agreement (ARI = 0.050 and 0.131). The
changepoint method detected consistent wave boundaries across
countries (Figure 9), with boundaries occurring at similar time
points (mean £ SD: 185 & 0 days for Wave 1 end, 365 & 0 days
for Wave 2 end, 520 =+ 0 days for Wave 3 end, 670 & 0 days for
Wave 4 end, 850 £ 0 days for Wave 5 end).

Figure 9 visually demonstrates that changepoint boundaries
align closely with calendar-based boundaries, while peak detection
identifies too many local maxima (25 £ 0.87 peaks per country)
to define meaningful epidemic waves. The consistent timing
of changepoints across countries supports the epidemiological
relevance of our calendar-based segmentation.

We further examined cluster composition consistency across
segmentation methods. Calendar-based and changepoint-based
methods produced clusters with substantial overlap (Table 4),
while peak-based segmentation yielded different groupings due to
oversegmentation.
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Table 4 shows that 13 of 15 countries (86.7%) maintain the
same cluster assignments across calendar-based and changepoint-
based segmentation. The two countries with different assignments
(Croatia and Ireland) appear in transitional positions between
clusters, consistent with Mapper’s ability to capture overlapping
memberships.

ANOVA on policy stringency across segmentation methods
shows consistent null results. For calendar-based segmentation:
F = 0.443, p = 0.643; for changepoint-based segmentation: F =
0.452, p = 0.638. These consistent non-significant results across
methods confirm that government policy stringency is not the
primary driver of cluster formation, regardless of wave boundary
definitions.

Figure 7 highlights temporal differences in pandemic evolution
across clusters and situates them within their respective policy
environments. Figure 8 shows that clusters often align with shared
regional characteristics, suggesting that geographic proximity
or economic integration may contribute to similar epidemic
dynamics beyond formal policy stringency. The combination
of ARI, silhouette scores, and overlapping node membership
demonstrates that Mapper provides complementary insights
to traditional clustering, particularly for detecting nuanced,
transitional, and overlapping country profiles. We evaluate wave-
specific government policy stringency across the six COVID-19
waves. For each wave, we calculate the mean stringency per country
and perform ANOVA across Mapper-derived clusters, applying the
Benjamini-Hochberg correction for multiple comparisons. Across
all waves, after correction, no significant differences are observed
(Wave 1: F = 0.739, p = 0.586; Wave 2: F = 0.630, p = 0.652; Wave
3: F =0.308, p = 0.866; Wave 4: F = 0.289, p = 0.878; Wave 5: F
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Comparison of wave boundaries across segmentation methods. Calendar-based segmentation shows predefined wave periods as vertical bands.
Changepoint-based segmentation highlights statistically detected transition points, while peak-based segmentation identifies multiple local maxima
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= 2.965, p = 0.074; Wave 6: F = 5.442, p = 0.014; all p-values >
0.05 after Benjamini-Hochberg correction), indicating that cluster
membership does not systematically correspond to stricter or more
lenient government responses. These results confirm that policy
stringency is not a primary driver of cluster formation, even when
assessed at a wave-specific resolution.

We assess whether cluster-level differences in policy stringency
are statistically meaningful using both classical ANOVA and
robust non-parametric permutation tests. Because the dataset spans
six epidemic waves, sensitivity analysis is restricted to feasible
segmentations between 2 and 6 waves. Across these segmentations,
results remain consistent: ANOVA shows no significant differences
(F =044, p = 0.64), effect sizes are modest (n> 0.35), and
permutation tests confirm non-significance (p &~ 0.38).

~
~

To strengthen the statistical assessment, we additionally
implement ANOVA, Kruskal-Wallis,
permutation tests using mean stringency per country within
each epidemic wave. Across all six waves, none of the tests
detects significant between-cluster differences after multiple
testing correction (ANOVA F = 0.289-5.442, p = 0.014-0.878;
permutation p

wave-specific and

0.010-0.873), and wave-specific effect sizes

Frontiersin Public Health

TABLE 4 Cluster composition comparison between calendar-based and
changepoint-based segmentation.

Calendar-based Countries Changepoint-
cluster based
overlap

Cluster 0 Austria, Germany, 3/3 countries
Greece

Cluster 1 Belgium, France, Italy 3/3 countries

Cluster 2 Croatia, Czechia, 2/3 countries
Hungary

Cluster 3 Denmark, Finland, 3/3 countries
Iceland

Cluster 4 Cyprus, Estonia, Ireland 2/3 countries

Overall agreement 13/15 countries (86.7%)

(n*> = 0.021-0.301, w?* = 0.000-0.268) are consistently small to
moderate, reinforcing that policy stringency does not systematically
explain Mapper cluster membership.
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TABLE 5 Statistical comparison of wave segmentation methods.

10.3389/fpubh.2025.1665863

Calendar-based 1.000 6 N/A 0.643
Changepoint-based 0.461 6 High (0 days SD) 0.638
Peak-based 0.050 253 +£0.87 Low N/A

TABLE 6 Statistical comparison of normalization methods. The accompanying ﬁgure (Figure 10) provides visual

Normalization Pearson Spearman Cluster Notes
method mean mean ARI

Z-score 1.00 0.94 1.000 Linear
Min-Max 0.99 0.92 1.000 Linear
Robust 0.95 0.88 1.000 Linear
Log scaling 0.75 0.63 0.0866 Nonlinear

We further conducted PERMANOVA on the full set of wave-
averaged stringency values, which yielded a pseudo-F = 2.33 and
p = 0.06, and performed a stringency-shuffling stability test (1000
iterations), resulting in a mean ARI of -0.001 (SD = 0.089). Both
analyses indicate that distributional differences and topological
sensitivity are not driven by stringency.

We also note explicitly that small cluster sizes constrain

inferential power, and we interpret all statistical outcomes with
appropriate caution.
Across all segmentation methods, no statistically significant
differences in policy stringency between Mapper clusters are
observed after multiple testing correction. The moderate agreement
(ARI = 0.461) between calendar-based and changepoint-based
segmentation, combined with high boundary consistency (0 days
standard deviation), demonstrates robustness to alternative wave
definitions. However, we acknowledge that the moderate ARI
value indicates some sensitivity to exact boundary placement, and
findings should be interpreted with appropriate caution regarding
wave definition choices.

To evaluate whether our results depend on the choice of
normalization, we compare four commonly used transformations
applied to all wave derived features: Z-score standardization,
Min-Max scaling, Robust scaling, and logarithmic scaling as
shown in Table 5. For each method, we recompute the full
feature set and assess consistency through Pearson and Spearman
correlations, cluster stability using the Adjusted Rand Index,
geometry preservation via PCA projections, and differences in raw
normalized values using one-way ANOVA.

Table 6 presents the statistical comparison of the four
normalization methods. The three linear transformations (Z-score,
Min-Max, and Robust) show very high consistency, with Pearson
correlations of at least 0.95 and Spearman correlations of at least
0.88, and they yield identical cluster structures with an Adjusted
Rand Index of 1.0. In contrast, logarithmic scaling produces a
markedly different geometric configuration, reflected in lower
correlations (Pearson approximately 0.75), weaker monotonic
agreement (Spearman approximately 0.63), and substantially
different cluster assignments (ARI = 0.0866). These deviations arise
from the nonlinear compression of large values under log scaling.
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confirmation of these findings. The correlation matrix and
ARI matrix show strong alignment among the linear methods
but distinct separation for log scaling. Cluster assignment plots
confirm that only the log transformed features produce a divergent
grouping.

These analyses demonstrate that our main findings are robust
across all linear normalization strategies, and that the Mapper
topology is stable so long as the normalization preserves linear
structure. Only the nonlinear log transformation yields a distinct
topological signature, consistent with its geometric distortion.

The ANOVA results in Table 7 indicate statistically significant
differences among the normalized values across methods (all p <
0.001), but these differences do not propagate to topological or
clustering results for linear methods.

Table 8 summarizes the overall correlation statistics across
all normalization method comparisons, showing that linear
normalization methods yield consistently high correlations. The
results also indicate perfect ranking consistency across countries,
confirming that the relative feature ordering is preserved regardless
of the normalization approach.

4 Discussion

This study leveraged Topological Data Analysis (TDA) to
explore the complex interplay between COVID-19 wave patterns,
government policy stringency, and pre-existing economic and
geographic affiliations among European countries. Our findings
reveal a picture that challenges some conventional assumptions
about coordinated responses and the direct impact of policy
measures. The Mapper algorithm naturally produces overlapping
nodes that capture transitional behaviors and multifaceted
epidemic profiles, but certain quantitative comparisons with
classical clustering methods require discrete assignments. For these
analyses (such as computing the Adjusted Rand Index (ARI) against
k-means and hierarchical clustering) each country is temporarily
assigned to its smallest node ID when multiple memberships
occur. This hardening is solely for validation and does not
alter the underlying Mapper graph, which continues to preserve
overlapping memberships; countries like Ireland, Germany, and
Austria illustrate continuous, transitional epidemic behaviors. This
approach enables both quantitative comparison and retention of
TDASs ability to capture complex, overlapping epidemic structures.

A key revelation from our Mapper analysis is that topological
similarity in pandemic trajectories does not consistently align with
formal economic or geographic groupings (Eurozone, Schengen
Area, Visegrdd Group), a sentiment also found in Loeffler-
Wirth et al. (37). This contrasts with the intuitive anticipation
of greater epidemiological convergence or policy harmonization
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Correlation matrix between normalization methods
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FIGURE 10

Comprehensive comparison of normalization methods. (a) Correlation matrix, (b) Adjusted Rand Index matrix, (c) cluster assignments for Z-score
normalization, and (d) cluster assignments for Min-Max normalization. Linear methods demonstrate strong consistency in all metrics.
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TABLE 7 One-way ANOVA results for each wave showing significant differences between normalization methods (all p-values < 0.001).

Statistic Wave 1 Wave 2 Wave 3 Wave 4 Wave 5 Wave 6
F-statistic 324.384046 5,258.614258 5,138.338104 7,707.516805 14,682.588133 21,807.790080
p-value 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000

within such blocs due to shared governance structures, economic
interdependence, or ease of movement. For instance, while
some research has highlighted the potential for cross-border
transmission and the need for coordinated responses within
integrated regions (38), our TDA approach, which focuses on
the shape and evolution of epidemic waves, suggests that the
intrinsic dynamics of the pandemic within each country may be
more strongly influenced by national-level factors than by these
broader affiliations. This is particularly evident in the resulting
clusters (Figures 6, 7), where countries from diverse regions or
economic groups are grouped together. These overlapping and
transitional epidemic profiles cannot be adequately captured by
classical clustering methods (for example, k-means or hierarchical
clustering), which enforce strict and disjoint partitions. This aligns

Frontiersin Public Health

with a growing body of literature emphasizing the heterogeneity
of pandemic responses and outcomes, even within seemingly
homogeneous regions, pointing to the significant roles of local
context, public trust in institutions, and specific national healthcare
capacities (39). Our results suggest that while formal ties exist, their
influence on the dynamics of the pandemic, as captured by Mapper,
might be less direct or overshadowed by other, unmeasured
internal factors.

Furthermore, our statistical tests (ANOVA and permutation-
based non-parametric tests) revealed no significant variation
in average policy stringency between the identified topological
clusters. This is a particularly intriguing finding, as it challenges
the intuitive expectation that countries exhibiting similar wave
profiles would have adopted comparable levels of government
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TABLE 8 Overall correlation statistics across all normalization method
comparisons.

Statistic Value

Mean Pearson correlation 0.860900
Minimum Pearson correlation 0.738272
Maximum Pearson correlation 0.991993
Standard deviation 0.114556
Mean Spearman correlation 0.935043
Minimum Spearman correlation 0.883854
Maximum Spearman correlation 0.970268
Overall ranking consistency 1.0000

intervention, or that highly stringent policies would consistently
lead to distinct epidemiological outcomes. Many studies have
utilized stringency indices to correlate policy rigor with infection
rates or mortality [for example in Hale et al. (10) and Islamaj et
al. (40)]. However, our results suggest that the average stringency
score alone may not be the primary driver shaping the temporal
profile of epidemic waves. Quantitative measures of cluster quality,
such as the adjusted Rand index and silhouette scores, indicate
that Mapper’s overlapping clusters capture transitional dynamics
more effectively than classical methods, which tend to produce
artificially low silhouette scores when intermediate behaviors are
forced into single partitions. This could imply several possibilities:
(1) the timing and duration of specific interventions might be
more critical than their overall average stringency (41); (2) public
adherence and behavioral responses to policies, which are not
directly captured by the stringency index, play a substantial
role in shaping wave dynamics (42, 43); (3) other confounding
factors, such as population density, age demographics, pre-existing
immunity, or the prevalence of specific viral variants, could exert a
stronger influence on wave shapes (44-46), potentially masking the
direct impact of average stringency. This reinforces the idea that
the effectiveness of government interventions is multifaceted and
cannot be reduced to a single index.

The consistent appearance of certain countries (notably
Ireland and Estonia) across multiple clusters and configurations
further reinforces the idea of transitional or multifaceted
pandemic profiles (47). These overlapping assignments illustrate
the interpretability of the Mapper graph, showing continuous
relationships between countries that classical clustering cannot
represent. Visual inspection of the Mapper network highlights
transitional nodes, offering actionable insights into countries
with hybrid epidemic dynamics or mixed policy responses. This
flexibility in categorization is a strength of the Mapper algorithm,
allowing for the identification of overlapping and continuous
structures that traditional clustering methods might miss.

The findings indicate that topological similarity in COVID-19
trajectories is often independent of formal economic or geographic
groupings, suggesting that relying solely on institutional affiliations
for coordinated responses may be insufficient. Policymakers
should focus on real-time epidemiological signals (such as growth
rates, wave intensity, and transitional cluster membership) when
designing interventions, rather than assuming uniformity within
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economic or regional blocs. The presence of overlapping epidemic
profiles highlights the need for adaptive, flexible policies that
can be rapidly adjusted as countries move between different
topological clusters. Scenario-based policy frameworks, which
trigger interventions according to dynamic epidemic indicators
rather than static memberships, may improve responsiveness and
reduce cross-border transmission risks. Moreover, the decoupling
of wave similarity from average policy stringency emphasizes the
importance of timing, enforcement, public adherence, and local
context in shaping outcomes. Investments in surveillance, data-
sharing, and inter-country communication become critical for
preemptively identifying transitional dynamics and coordinating
timely interventions. In sum, these insights advocate for a more
nuanced, data-driven approach to pandemic governance that
complements formal institutional mechanisms.

Despite providing valuable insights, this study has several
limitations. First, the analysis is limited to 15 European countries,
which may restrict generalizability to other regions or a broader
global context. COVID-19 case counts vary across countries due
to differences in testing intensity, testing policies, and reporting
delays, potentially affecting the accuracy of inferred wave dynamics.
Second, while we initially considered imputation for missing data,
the final datasets were complete with no missing values after
truncation at the end of 2022, eliminating the need for imputation.
Third, reliance on the Oxford stringency index, which measures
de jure policy strictness, does not capture actual compliance or
enforcement and may attenuate observed associations. Fourth,
the use of wave-averaged stringency could obscure the impact
of time-sensitive interventions such as school closures or mask
mandates; future research could incorporate more granular policy
data, vaccination rates, variant prevalence, and mobility metrics.

Also, while TDA reveals structural relationships among
countries trajectories, it does not establish causality, and
the relatively small number of countries warrants caution in
interpreting Mapper nodes. These considerations should guide the
interpretation of cross-national comparisons and the drawing of
policy implications. Even if epidemic peaks occurred at different
times across countries, we initially applied uniform calendar-
based wave boundaries to facilitate cross-country comparison.
To ensure that this choice did not bias results, we performed
sensitivity analyses using country-specific wave segmentation based
on changepoint detection. The resulting Mapper clusters and
topological structures were largely consistent (adjusted Rand index
>0.85), indicating that our main findings are robust to differences
in wave timing. Nevertheless, we acknowledge that uniform wave
boundaries may introduce minor distortions in the representation
of individual country trajectories.

Furthermore, we conducted comprehensive parameter
sensitivity analyses for the Mapper algorithm, systematically
varying cover sizes (10, 12, and 15 cubes) and overlap percentages
(40%, 50%, and 60%). Cluster stability assessed via Jaccard
similarity showed high consistency (average >0.92) across
parameter variations, with the optimal combination (12 cubes,
50% overlap) selected for the final analysis. This confirms that
the observed transitional behaviors represent genuine epidemic
dynamics rather than parameter-driven instability. Additionally,
checks
Min-Max, Z-score, Robust, and logarithmic transformations)

robustness for normalization methods (comparing
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demonstrated that linear normalization approaches produce
highly consistent feature spaces (Pearson correlations >0.95,
adjusted Rand index = 1.0), and the use of correlation distance was
justified based on its focus on pattern similarity independent of
magnitude.Despite these robustness checks, we acknowledge that
preprocessing choices and the relatively small sample of countries
may affect cluster composition and topological interpretations.
Readers should therefore interpret the observed structures as
suggestive patterns rather than definitive causal relationships.

5 Conclusion

The finding that topological similarity in pandemic trajectories
does not consistently align with formal economic or geographic
affiliations carries significant policy implications, echoing the work
in Quaglia and Verdun (31) and Lavery and Schmid (48). It
suggests that the efficacy of public health coordination should not
rely solely on existing institutional frameworks (like the Eurozone
or Schengen Area), but rather on real-time epidemiological
alignment [see also Stroisch et al. (49)]. Policymakers must be
prepared for dynamic clustering, where nations temporarily share
epidemic profiles even without a strong political or economic
bond. This mandates the creation of flexible, scenario-based
policy playbooks that trigger coordinated responses based on a
country’s epidemiological state, rather than political membership
(50). Furthermore, the observation of transitional epidemic
profiles implies that policy measures must be continuously
adaptive, allowing for rapid shifts in strategy as a country moves
between topological clusters. We acknowledge that cross-country
differences in age structure, health-system capacity, vaccination
coverage, variant dominance, behavioral compliance, and data
quality likely influence epidemic outcomes. Our analysis focuses
on epidemic waves and policy stringency, and interpretations of
cluster-level differences should be viewed as partial rather than
comprehensive explanations.
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