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Abstract

Using contact tracing data provided by the Cyprus Ministry of Health, infection trees

for the first four waves of the COVID-19 epidemic are constructed. In these trees, nodes

represent infected individuals, while links indicate the direction of transmission between

them. For each infection tree of N nodes, the hopcount distribution from the root node

to all other nodes is calculated. The empirical distribution is then compared to the

hopcount distribution of infection trees generated by a non-Markovian SI process on a

complete graph, with Weibull infection times characterized by a shape parameter α. We

compute the values of the shape parameter α that best fit the empirical distribution

and find that only values of α > 1 are obtained, while the Markovian case is

characterized by α = 1. A Weibull distributed infection time with shape parameter

α > 1 is characterized by a unimodal density function with a peak at finite time,

consistent with previous findings in the literature. Our analysis therefore suggests that

the spreading process is most likely governed by non-Markovian dynamics, and that

non-Markovianity can be detected solely from the topology of the infection trees.

Finally, we analyze the evolution of the empirical distribution of the number of

secondary infections caused by each node in the infection trees across different time

windows to estimate the effective reproduction number. In practice, the average number

of secondary infections seems to often provide a lower bound of the reproduction

number computed by the Cyprus Ministry of Health. When the last level of the trees,

composed predominantly of terminal nodes that do not generate further infections, is

excluded, the estimate reflects more accurately the dynamics of the epidemic.

Author summary

We explore how diseases spread through populations by examining infection trees. Each

“node” in the infection tree is a person and each “link” is a transmission that specifies

who infected whom during an outbreak. Based on contact tracing data from the

COVID-19 epidemic in Cyprus, we develop a method to detect non-Markovianity in

disease transmission by analyzing only the structure of these trees. A Markovian

process assumes that the chance of spreading a disease depends only on an individual’s
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current state, whereas a non-Markovian process occurs if the timing of infections is

influenced by the time passed since the host was first infected. Our results demonstrate

that real disease spread exhibits non-Markovian behavior, which can be measured from

the structure of infection trees without employing precise chronological information. We

also estimate the effective reproduction number, which indicates how many new

infections are generated on average by each infected individual. The agreement between

our estimates and those reported by the Cyprus Ministry of Health confirms that

working with detailed infection tree data is a valid and reliable way to study disease

spread. Overall, our work provides a practical framework for understanding disease

transmission in real populations.

Introduction 1

The COVID-19 devastatingly impacted humanity, causing millions of deaths and placing 2

unprecedented strain on healthcare systems worldwide [1]. However, despite these 3

challenges, measurements during the pandemic have provided a unique opportunity to 4

validate epidemiological models and gain deeper insights into disease dynamics. In this 5

work, COVID-19 infection trees, which represent the chains of transmission 6

reconstructed from contact tracing data in Cyprus, are investigated. By analyzing 7

contact tracing information, researchers can uncover transmission patterns of outbreaks, 8

reveal the impact of public health interventions and improve predictive models to better 9

prepare for future outbreaks [2–8]. Cyprus’s status as an island, along with the 10

implementation of strict border controls during the epidemic, created a uniquely 11

contained setting that supported comprehensive contact tracing. In a previous work [9], 12

an extensive literature review is conducted comparing studies that analyzed COVID-19 13

infection trees. The study shows that our dataset, spanning multiple epidemic waves, 14

includes more reconstructed transmission trees than any other study to date, 15

highlighting its uniqueness and completeness [9]. This unique scope enables an 16

unprecedented level of analysis, offering valuable insights into the fundamental 17

dynamics of spreading processes in human populations. We emphasize that assembling 18

such a comprehensive dataset requires substantial resources, which explains why similar 19

large-scale collections are rarely encountered in the literature [6, 10,11]. 20
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Our main motivation is to measure from the infection trees how much the underlying 21

spreading process departs from the assumptions employed in Markov theory. In 22

Markovian epidemics, all the events in the spreading process happen independently at 23

exponentially distributed random times, and therefore the epidemic itself is memoryless 24

implying that the future states only depend on the actual viral state of the 25

population [12]. Markovian epidemics produce nearly all currently used mean-field 26

epidemic models. Hence, testing whether a Markovian description of reality is valid, is 27

an important achievement. Real-world spreading events are very likely characterized by 28

non-exponential infection and curing times [13–16] and evidence from COVID-19 29

measures [17,18] suggests that non-Markovian processes [19–22] with unimodal 30

distributed infection times (e.g. Weibull or Gamma distribution) may give a better 31

description of the real processes [23]. 32

Numerous studies have calculated different key statistics such as tree size, centrality 33

metrics, the average number of secondary infections and superspreaders from contact 34

tracing data [5, 10,24], but little focus on the impact of the non-Markovianity of the 35

spreading process on the tree structure [25]. We employ the equivalence between the 36

non-Markovian susceptible-infected (SI) process in a contact graph and the shortest 37

paths in a graph. In the SI process, susceptible nodes transition to an infected state 38

upon transmission from a neighbor and remain infectious permanently, allowing the 39

pathogen to traverse the full graph’s topology. A shortest path tree is equivalent to an 40

infection tree (more details in Sec.“Infection trees as shortest path trees”) if link weights 41

correspond to infection times, where the infection time is the time needed for a just 42

infected node to infect one of its direct, susceptible neighbors [26]. In our SI process, 43

the time to infect a contact is assumed to be governed by a distribution with shape 44

parameter α, which controls the memory effects in the spreading process. The 45

parameter α is our “non-Markovianity” measure and here we confine to the shape 46

parameter α of the Weibull distribution. When α = 1, the infection time follows an 47

exponential distribution, recovering the standard Markovian SI model (S2 Appendix). 48

The Markovian infection trees are uniform recursive trees (URT): at each stage of the 49

process a new node is infected uniformly by one of the existing infected nodes. URTs 50

are characterized by recursive self-similarity [27] because each infection tree can be seen 51

as an union of independent uniform recursive subtrees [28, Sec. 16.2.2]. The recursive 52
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self-similarity is however “broken” whenever α ̸= 1, and the tree structure becomes 53

more complicated. 54

In this work, we extract the parameter α from the empirical hopcount distribution of 55

a set of infection trees of the same number of nodes N . The hopcount is the number of 56

links in the shortest path and the hopcount distribution indicates the probability that a 57

path between two randomly chosen nodes in a graph G contains a specific number of 58

links, called hops. The hopcount distribution was originally introduced in the early 59

2000s to study the hopcount of the shortest path between two arbitrary routers in the 60

Internet [29,30]. Indeed, studying the hopcount between arbitrary nodes helps 61

uncovering the topology, optimizing the network infrastructure, and proposing more 62

efficient designs [31]. In network epidemiology [12], where nodes represent infected 63

individuals and links indicate the direction of infection, the hopcount refers to the 64

number of subsequent infections starting from patient zero (root node) to all other 65

nodes in an infection tree. 66

Methods 67

Contact tracing in Cyprus 68

In Cyprus, the first Health Information System for COVID-19 to support disease 69

surveillance and control, named COVID-19 Emergency Response Platform (COVERP), 70

was developed by the KIOS Center of Excellence at the University of Cyprus, and 71

launched in March 2020 [32]. The timely implementation of this system, resulted in a 72

complete and detailed record of the spread of the disease for the entire country, with 73

649 000 infections in a population of 918 100 individuals. Such data, for an entire closed 74

population of almost of one million individuals, with well controlled points of access, is 75

not available elsewhere [9]. A situation which is unique in Europe and probably 76

internationally as well. 77

During the first two waves under analysis, contact tracing investigations were 78

performed through telephone interviews from a team of 80 contact tracers. Contact 79

tracers called each confirmed case and conducted investigation to identify the source of 80

the infection and close contacts. For the third and fourth waves, investigations were 81
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performed via self-reports, in which confirmed cases declared their own contacts. Close 82

contacts were then informed via SMS and were required to get tested in the following 83

days. 84

Manual verification and validation were necessary to properly match cases and 85

ensure that transmission trees were correctly reconstructed. The large number of daily 86

tests, as shown in Fig. S1, with more than 80,000 tests on some days, demonstrates the 87

extensive testing capacity strengthening confidence that a large fraction of the infected 88

individuals were identified. Fig. S2 shows the changes in interventions during these 89

waves providing contextual information on the level of public-health restrictions during 90

the analyzed periods. Obtaining a dataset of this scale and detail is challenging and 91

requires significant financial and human resources. The process of identifying, testing, 92

and tracing each case demands extensive coordination between healthcare authorities, 93

laboratories, and contact tracing teams. Hence, most countries have not been able to 94

reconstruct enough transmission trees, highlighting the uniqueness of our ensemble. 95

Dataset 96

The dataset contains 33358 confirmed infections reported in Cyprus during the first four 97

waves of the epidemic. Each infected individual was assigned a unique case ID, along 98

with information on age, gender, occupation, residence location, date of positive test, 99

and an infector’s ID indicating the direction of transmission. However, not all the 100

infected individuals were able to identify their source of infection, resulting in 11577 101

isolated cases being excluded from the study. Table 1 shows the number of infections 102

with available information about their source of infection, as well as the periods of each 103

wave. The dataset comprises only the 31-days around the peak (maximum number of 104

infected people) of each epidemic wave, and the intervals between waves are not part of 105

the dataset. The time intervals analyzed in this study correspond to the periods for 106

which high-quality, epidemiological validated contact-tracing data were available. For 107

the present study, the Ministry of Health provided only the case ID, date of positive test 108

and infector’s ID from the dataset. Using this information, infection trees from the first 109

four waves of the epidemic in Cyprus were constructed. The data was anonymized and 110

approved by the Cyprus National Bioethics Committee (CNBC 2023.01.146). 111
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Wave Period
Total num.
of infected

Num. of Infected in
trees of size N ≥ 2 (%)

Wave 1 Mar 18 – Apr 17, 2020 710 462 (65.1%)
Wave 2 Jul 16 – Aug 15, 2020 314 197 (62.7%)
Wave 3 Dec 13, 2020 – Jan 12, 2021 12345 7527 (61.0%)
Wave 4 Apr 4 – May 4, 2021 19989 13595 (68.0%)

Table 1. Information about the contact tracing dataset employed in our study for the
COVID-19 epidemic in Cyprus. The first column indicates the name used for each
epidemic wave. The second column displays the corresponding period. The third
column indicates the total number of confirmed cases reported. The fourth column
displays the number of cases and the relative percentage of the total cases which
belongs to an infection tree with at least two nodes.

Infection trees 112

In the infection trees, the nodes represent infected individuals, while the links indicate 113

the transmission direction between them. Each tree is constructed using data from the 114

31-day period around the peak (maximum number of daily infected individuals) of each 115

epidemic wave, ensuring that infection chains are not pruned even if some infections 116

occurred outside the studied time frame. Periods of strong epidemic growth are indeed 117

characterized by denser contact-tracing data, and focusing on these intervals facilitates 118

the reconstruction of infection trees. Isolated cases are instances where infected 119

individuals could not provide information on whom they infected or by whom they were 120

infected, and are excluded from the study. The constructed sets of infection trees are 121

sparse and consist of numerous disconnected short transmission chains. Real-world 122

contact-tracing data may contain missing links, due to unreported or untraced contacts. 123

Previous analyses of SARS-CoV-2 transmission networks [7, 9, 33] show that incomplete 124

information is common and naturally results in multiple disconnected transmission 125

chains rather than a single tree. For the first wave, the whole set of infection trees 126

includes 112 trees, ranging in size from 2 to 31 nodes. The second wave includes 33 127

trees, with the largest trees consisting of 31 nodes. In the third wave, 2402 trees range 128

in size from 2 to 33 nodes, while the fourth wave involves 4164 trees, with maximum 129

sizes reaching up to 27 nodes [9]. 130

The number and size of reconstructed infection trees vary across epidemic waves. 131

The variation can be attributed to several factors. Waves 1 and 2 were relatively small 132

in overall case numbers, and testing during these waves relied primarily on PCR, 133
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whereas waves 3 and 4 incorporated widespread rapid antigen testing. From Wave 3, 134

the surveillance system also transitioned from telephone-based interviews to electronic 135

documentation, improving the completeness and structure of recorded transmission 136

trees. In addition, transmission patterns may have changed across waves due to the 137

implementation of different control measures, seasonal effects, and the circulation of 138

distinct SARS-CoV-2 variants. 139

Fig 1 shows the infection network during the fourth wave of the epidemic, in red the 140

infection trees involving more than N = 5 infected individuals and in gray trees 141

representing those with N < 5. The zoomed-in views highlight an example of the 142

transmission chains with N = 14, where the root node (or patient zero) is at the top of 143

the tree, and subsequent nodes are organized into levels representing the depth of the 144

infection tree. 145

Tree 2, N=14

Tree 4, N=14 Tree 3, N=14

Tree 1, N=14

Tree 5, N=14

Tree 6, N=14

Fig 1. Infection trees of the fourth wave (April 2021 - May 2021) of COVID-19
epidemic in Cyprus. The zoomed in view displays a subset of the infection trees of size
N = 14. Trees with less than 5 nodes are shown in gray, while larger trees (5 or more
nodes) are shown in red.

The hopcount defines the number of hops (links) along the unique path from the 146

root to a specific node in the infection tree. By calculating the hopcount for every node, 147

we can determine the level set, which represents the group of nodes across discrete 148

distances from the root. Fig. 2 displays an example of the hopcount of all the nodes 149

belonging to a tree of size N = 14 in the dataset. 150
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= 3
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= 3
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= 2
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4
= 2

𝑋𝑁
5
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Tree with N=14

Fig 2. An real infection tree with N = 14 nodes. The variables X
(h)
N represent the

number of nodes located exactly at h hops from the root. For instance, at hopcount

h = 1, there are X
(1)
14 = 3 nodes.

Data limitations 151

The infection trees in the dataset are affected by intrinsic limitations: 152

1. The available contact tracing data only provide partial subgraphs of the global 153

infection tree, offering an incomplete view of the overall transmission dynamics. 154

2. Contacts of infected individuals who tested negative are not reported, and only 155

contacts who subsequently tested positive are included. 156

3. Given the limited time window selected, each infection tree only includes 157

individuals which have been infected once. 158

4. The dataset does not distinguish between imported cases and local cases with 159

unidentified sources; consequently, any individual without a traceable parent is 160

treated as a new root node. 161
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Theory of infection trees 162

Infection trees as shortest path trees 163

When analyzing an epidemic spreading on a graph G without re-infections, an infection 164

tree (also known as transmission tree) is a directed acyclic subgraph of G whose nodes 165

are the infected individuals and the links show “who infected whom”, starting from an 166

initial case, the root or “patient zero” [34]. Two main properties of infection trees are 167

investigated: (I) the distribution of the hopcount (i.e. the number of links along the 168

shortest path) between the root and any other node in the infection tree; (II) the 169

distribution of the outdegree of the nodes in the infection tree. 170

We employ the analogy between the shortest path problem on a graph G with 171

independent and identically distributed (i.i.d) link weights and a susceptible-infected 172

(SI) spreading process on G (sec. S2 Appendix for a rigorous definition of the Markovian 173

process), where the infection times possess the same distribution as the link weights in 174

the graph. The equivalence follows by viewing the transmission from the root to any 175

node as finding the shortest path between them: assigning an independent infection 176

time to each contact, the time at which an individual becomes infected is the minimum 177

total infection time over all paths from the root, i.e. a shortest-path distance. Under the 178

SI assumptions (no recovery/reinfection), the resulting parent-child relations form the 179

corresponding shortest-path tree. The shortest path tree (SPT) [28, Chapter 16] is the 180

union of the shortest paths from a source node to a set of other nodes in the graph G. 181

Markovian SI infection tree and shortest path tree with exponential link 182

weights 183

The shortest path tree in the complete graph KN with i.i.d exponentially distributed 184

link weights is exactly equivalent to the infection tree of an homogeneous Markovian SI 185

spreading process on KN , where the link weights correspond to the exponentially 186

distributed infection times (see S2 Appendix) with mean infection time 1/β. In our 187

definition, an infection time is the random duration drawn for a transmission attempt 188

along a specific link. Because the epidemic spreads through competing processes, a 189

susceptible individual is ultimately infected by the neighbor whose drawn infection time 190

is the shortest. Indeed, let us suppose that the root node A is infected at time t = 0 and 191
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that the infection rate of the process is β = 1 for all the links between infected and 192

susceptible nodes. The next node in the infection tree, which we call B, is the one 193

infected first by A whose infection time is the smallest. The infection times for all the 194

other nodes, which are infected later in the process either by the root or by another 195

infected node, are still exponentially distributed with rate β due to the memoryless 196

property of the exponential distribution [28, p. 400-401]. Indeed, if node A infects node 197

B at time u, the probability that node A infects another node C after time t + u is in 198

general [28, p. 112] 199

Pr[TA→C > t + u|TA→C > u] =
Pr[{TA→C > t + u} ∩ {TA→C > u}]

Pr[TA→C > u]

=
Pr[TA→C > t + u]

Pr[TA→C > u]
(1)

where TA→C is the random time at which A tries to infect C. If the infection times are 200

exponentially distributed then (1) becomes 201

Pr[TA→C > t + u|TA→C > u] =
e−β(t+u)

e−βu
= Pr[TA→C > t]

and the probability that node A infects another node C after time t + u is equal to the 202

probability that node A infects another node C after time t. Additionally, the minimum 203

between independent exponential random variables is still an exponential random 204

variable with rate equal to the sum of the single variable rates [28, p. 54]. Thus, the 205

next infection in the Markov process will always happen at an exponentially distributed 206

random time. Given that in a Markovian SI process all the infection link processes are 207

independent, the sum of the infection times in the path of the SI infection tree between 208

the root A and a given node D in KN , is exactly the weight of shortest path between A 209

and D in KN where the link weights are i.i.d exponentially distributed random variables 210

with rate β. We can thus employ the well-known theory of the shortest path trees in the 211

complete graph [28, Sec. 16.2], to devise the properties of the infection trees of a 212

Markovian SI process on KN . In particular, we exploit the fact that the shortest path 213

tree in the complete graph with exponential link weights is a uniform recursive 214

tree [28, Sec. 16.2]. A uniform recursive tree (URT) of size N is a random tree rooted at 215
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a given node A. At each stage a new node is attached uniformly to one of the existing 216

nodes until the total number of nodes is equal to N . Due to the memoryless property of 217

the exponential distribution and with all the infection link rates equal to β, the 218

Markovian SI infection tree on the complete graph is a uniform recursive tree. 219

The hopcount hN in the URT of N nodes is defined as the smallest number of links 220

between the randomly selected root A and a destination chosen uniformly from all the 221

other nodes {1, ..., N − 1}. The exact probability density function of the hopcount in 222

the URT with N nodes is [28, Corollary 16.3.2] 223

Pr[hN = k] =
(−1)N−(k+1)S

(k+1)
N

N !
, (2)

where S
(k)
N indicates the Stirling numbers of the first kind [35, 24.1.3]. The distribution 224

(2) describes the hopcount distribution in the infection trees of a Markovian SI process 225

on a complete graph with N nodes. For large N , to the first order, (2) is well 226

approximated by a Poisson distribution [28, Eq. 16.14] 227

Pr[hN = k] ∼ (logN)k

Nk!
. (3)

Non-Markovian SI infection tree and shortest path tree with 228

non-exponential link weights 229

Let us consider the shortest path tree in a weighted complete graph KN with N nodes. 230

If each link has an assigned random weight described by the random variable 231

W
d
= X1/α, where X is an exponential random variable Pr[X ≤ x] = 1 − e−x with 232

mean 1 and where α > 0 is a positive shape parameter, then the distribution of the link 233

weights corresponds to 234

Pr[X1/α ≤ x] = Pr[W ≤ x] = 1 − e−xα

. (4)

The Weibull distribution is [28, Sec. 3.5.3] 235

FW (x) = Pr[W ≤ x] = 1 − e−(βx)α . (5)
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and the related probability density function reads 236

fW (x) = αβ(βx)α−1e−(βx)α . (6)

Eq. (4) implies that the single link weights are distributed with a Weibull 237

distribution with shape parameter α > 0 and rate parameter β = 1. Fig. 3 shows the 238

different properties of the Weibull density function between α smaller and bigger than 1. 239

For α < 1, the density function diverges in zero and becomes more heavy-tailed. For 240

α > 1, we observe a function with a single peak at x > 0 which has a root in the origin. 241

0.0 0.5 1.0 1.5 2.0 2.5 3.0
x

0.00

0.25

0.50

0.75

1.00

1.25

1.50

1.75

2.00
f W

(x
)

α= 0.5

Exponential (α= 1)
α= 1.5

α= 2.0

α= 2.5

Fig 3. The Weibull probability density function (6) with rate parameter β equal to 1
and different shape parameters 0.5 ≤ α ≤ 2.5.

The hopcount distribution Pr[hN = k] (for integers k = 0, ..., N − 1) of the shortest 242

path tree with i.i.d. Weibull link weights is not known explicitly for any finite N , but 243

has been computed [29, Sec. 6.1] asymptotically [29,36] for N → ∞ as: 244

Pr[hN = k;α] ≈ 1

N

(lnαN)αk

Γ(αk + 1)
, (7)

which depends on the tree size N and on the shape parameter α. For α = 1 equation (7) 245

reduces to the Poisson distribution in (3). While in the Markovian case the relation 246

between the shortest path trees and the infection trees is a natural consequence of the 247
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memoryless property of the exponential distribution and of the minimum between 248

independent exponential random variables (see Sec. “ Markovian SI infection tree and 249

shortest path tree with exponential link weights”), in a non-Markovian SI process on a 250

graph the exact computation of the statistical properties of the infection trees is 251

complex. 252

We replace the exponential distribution in the Markovian SI process presented in 253

Sec.“ Markovian SI infection tree and shortest path tree with exponential link weights” 254

with a Weibull distribution which is usually employed in non-Markovian models for 255

spreading on networks [19–22]. The shape parameter α gives an indication of the 256

non-Markovianity of the process [37] as for α = 1 the pdf (6) is just an exponential with 257

rate β. Contrary to the Markovian case α = 1, the SI infection tree on the complete 258

graph with Weibull infection times is not a uniform recursive tree. Suppose node A is 259

infected at time 0 and it tries to infect its neighbors B and C. If the infection attempt 260

towards B is successful the random infection time T
(α)
A→B = u and T

(α)
A→C > u because 261

the infection of node C from A will certainly happen after a time u. We thus define a 262

new random infection time from A to C, conditioned on the event T
(α)
A→C > u, as the 263

residual random variable R
(α)
u;A→C = T

(α)
A→C − u, whose distribution function is 264

Pr[R
(α)
u;A→C ≥ t] = Pr[T

(α)
A→C > t + u|T (α)

A→C > u] =
e−(β(t+u))α

e−(βu)α
, (8)

having employed (1) with the Weibull distribution (4). For α ̸= 1, the infection 265

probability depends on the history of the infections and the process is clearly 266

non-Markovian. 267

The process of building the shortest path tree in a complete graph KN with Weibull 268

distributed i.i.d weights, produces a shortest path tree without the symmetry of the 269

uniform recursive tree in the exponential weights setting. Indeed, if the link weight 270

wA,B from the root A to a given node B is the smallest among all the links from A, we 271

are sure that the link weight from A to another node C is such that wA,B < wA,C . 272

Choosing wA,B = u > 0 and knowing that wA,C is Weibull distributed, implies that 273

Pr[wAC > t + u|wAC > u] =
e−(β(t+u))α

e−(βu)α
̸= Pr[wAC > t] = e−(βt)α ,
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equivalent to the expression (8) obtained for the non-Markovian SI process. With 274

non-exponential link weights, the process of building the shortest path tree on a graph 275

is equivalent to the non-Markovian SI process on the same topology. 276

Reproduction number and infection trees 277

The basic reproduction number R0 is defined [38] as the expected number of secondary 278

cases produced, in a completely susceptible population, by a typical infected individual 279

during its entire period of infectiousness. After sufficiently long time, a non-zero 280

fraction remains infected if R0 > 1, else the epidemic will die out if R0 < 1 [12,39]. A 281

rigorous computation of the R0 requires the definition of a next generation operator, 282

which describes how many secondary cases arise from an individual which generally 283

belongs to an heterogeneous population characterized by a given distribution. The basic 284

reproduction number R0 is defined as the dominant eigenvalue of the next generation 285

operator [38]. Alternatively, R0 can be defined from compartmental disease 286

transmission model based on a system of differential equations [40]. 287

The classic definition of the basic reproduction number usually ignores the 288

underlying contact network between individuals in a population [28,40, Sec 17.1] and 289

can often be replaced by the epidemic threshold. The epidemic threshold τc represents 290

the strength of the epidemic process and depends on the underlying contact network. In 291

the mean-field approximation R0 = τλ1, where λ1 is the spectral radius of the 292

adjacency matrix of the underlying contact network [28, Sec. 17.3]. 293

Estimating the basic reproduction number R0 or the epidemic threshold τc from 294

real-world data is complex, because it requires a detailed understanding of various 295

population characteristics, such as age, sex, and other demographic factors, as well as 296

their influence on disease transmission. Additionally, it necessitates the knowledge of 297

the full contact network between individuals, the temporal evolution of the number of 298

susceptible individuals, and potential external influences like vaccination rates or 299

behavioral changes in response to the epidemic [41]. Indeed, when the basic 300

reproduction number R0 is computed from compartmental models, many 301

assumptions [38,40,42] are needed. 302

If infection trees are available, then the reproduction numbers can be estimated from 303
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data itself [4–6,24] with minimal assumptions. In an active epidemic, it is often more 304

practical to employ the effective reproduction number R̂, defined as the actual average 305

number of secondary cases generated per primary case [5]. For any individual i within 306

an observed infection tree, the number of secondary infections is directly represented by 307

their outdegree. By considering a specific temporal window W∆t = (t− ∆t, t], we can 308

compute the outdegree distribution for all cases tested positive within W∆t. The mean 309

of this distribution provides the empirical effective reproduction number R̂(t; ∆t) for 310

that period. The knowledge of the full outdegree distribution also allows to extract 311

information about the variance of the individuals’ infectivity of the spreading process, 312

often overlooked when considering average quantities [24]. 313

Modeling assumptions 314

In view of the limitations (Sec. “Data limitations”) that characterize the infection trees 315

in the dataset, we propose the following assumptions to model the data using our theory 316

(Sec. “Theory of infection trees”): 317

1. Each infection tree of size N nodes is an independent realization of the 318

non-Markovian SI process on a complete graph KN with N nodes (Sec.“ 319

Non-Markovian SI infection tree and shortest path tree with non-exponential link 320

weights”). The infection time from an infected to a susceptible node is assumed to 321

be Weibull distributed with probability density function (6), rate parameter β = 1 322

for each link and shape parameter α. In our definition of the non-Markovian SI 323

epidemic, each infection process is assumed to be independent from the other 324

infection processes in the network. 325

2. Each infection tree is assumed to represent a complete spreading process. If the 326

tree has size N , we assume that the infection tree is the resulting transmission 327

chain within a fully connected community of N individuals, where one individual 328

is initially infected and the spreading process continues until all N individuals 329

have become infected. 330

Overall, our framework provides a minimal model to detect and characterize 331

non-Markovian dynamics in the empirical spreading process. 332
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Estimate of non-Markovian dynamics from infection trees 333

In this section we summarize the two methods employed to measure the 334

non-Markovianity of the infection trees through the estimation of the parameter α from 335

the infection tree structure. A more comprehensive description is given in S4 Appendix. 336

All the simulated infection trees are generated applying the Dijkstra’s algorithm [43], as 337

explained in S3 Appendix. 338

Method 1 In each wave we create a set S aggregating trees of the same size N and 339

for each set S we compute the hopcount distribution 340

P̂r[hN = k|data] =
1

N

1

ntrees

ntrees∑
i=1

(X
(k))
N )i, (9)

where (X
(k))
N )i is the level set at hopcount k of the i-th tree of size N in the set S. We 341

then fit the empirical hopcount distribution with (7) extracting the non-Markovianity 342

parameter α with a least square method. Each set of trees is resampled with 343

replacement Nboot = 1000 times obtaining Nboot new resampled set of infection trees of 344

the same size N . For each resampled set Sj , with j = 1, ..., Nboot, a least squares 345

estimate α̂
(j)
data of the shape parameter is obtained. From the distribution of the Nboot 346

estimates of the non-Markovianity parameter α, we extract the average, the 5th and the 347

95th percentiles. The three values are then adjusted comparing the least square 348

estimates computed with (7) from the data, with the least square estimates of α 349

computed on simulated set of infection trees. The simulated trees are obtained from the 350

simulation of the SI process on a complete graph with fixed N and selected shape 351

parameter αsim ∈ [0.5, 4.5] for the infection time. Fig.4 presents an overview of the 352

method. 353
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Aggregate infection 

trees of same size 𝑁 

Set of trees with 𝑁 nodes: 

S = {𝑇1, 𝑇2, … , 𝑇𝑛𝑡𝑟𝑒𝑒𝑠
} 

For each 

𝛼𝑠𝑖𝑚  a set of trees with 𝑁 nodes:

𝑆𝛼𝑠𝑖𝑚
= {𝑇1, 𝑇2, … , 𝑇𝑛𝑡𝑟𝑒𝑒𝑠

}

5th, average, 95th percentiles 

( ො𝛼𝑑𝑎𝑡𝑎5, ො𝛼𝑑𝑎𝑡𝑎, ො𝛼𝑑𝑎𝑡𝑎95)

5th, average, 95th percentiles 

( ො𝛼𝐿𝑆5, ො𝛼𝐿𝑆, ො𝛼𝐿𝑆95) for each 𝛼𝑠𝑖𝑚

𝑗th empirical hopcount 

distribution

ො𝛼𝑑𝑎𝑡𝑎
(𝑗)

 with least 

squares

resampled set 𝑆𝑗

𝑗th simulated hopcount 

distribution for 𝛼𝑠𝑖𝑚

ො𝛼𝐿𝑆
(𝑗)

with least 

squares for each 

𝛼𝑠𝑖𝑚

𝑅esample each set of 

trees 𝑁𝑏𝑜𝑜𝑡 =1000 

times with replacement 

(Bootstrap)

resampled set 𝑆𝛼𝑠𝑖𝑚

(𝑗)

ො𝛼

𝛼𝑠𝑖𝑚

Final estimate:

( ො𝛼ℎ𝑁5, ො𝛼ℎ𝑁
, ො𝛼ℎ𝑁95)𝑛𝑡𝑟𝑒𝑒𝑠 simulations of Weibull SI 

on 𝐾𝑁 for each 

𝛼𝑠𝑖𝑚 in [0.5,4.5]

Data

Simulations

Fig 4. Flow chart of Method 1 based on hopcount distribution, details in S4 Appendix.

Method 2 In each wave we aggregate trees of the same size N and we compute the 354

empirical outdegree distribution of the roots of the trees. We resample the trees of same 355

size N with replacement and we derive Nboot = 1000 bootstrapped root outdegree 356

distributions. For each resampled distribution (j = 1, ..., Nboot), we make a maximum 357

likelihood (see eq. (16) in S4 Appendix) estimate α̂
(j)
dr

of the shape parameter α, 358

maximizing the log-likelihood of observing the resampled empirical root outdegree 359

distribution given the simulated distribution P̂r[droot = k|αsim] (with αsim values in the 360

range [0.5, 4.5]). The average and the percentiles of the Nboot estimates give the final 361

value α̂dr
of the shape parameter α with confidence intervals. Figure 5 presents an 362

overview of the method. 363

Aggregate infection 

trees of same size 𝑁 

Root outdegree vector for trees 

with 𝑁 nodes: 

𝑑 = [𝑑1, 𝑑2, … , 𝑑𝑛𝑡𝑟𝑒𝑒𝑠
] 

105 simulations of Weibull SI on 

𝐾𝑁 for 𝛼𝑠𝑖𝑚 in [0.5,4.5]

For each 𝛼𝑠𝑖𝑚 outdegree 

distribution for 𝑁 nodes 

trees:

Pr[𝑑𝑟𝑜𝑜𝑡 = 𝑘; 𝛼𝑠𝑖𝑚]
Pr[𝑑𝑟𝑜𝑜𝑡 = 𝑘; 𝛼𝑠𝑖𝑚]

Resample the degree vector 

𝑁𝑏𝑜𝑜𝑡 =1000 times with 

replacement (Bootstrap)

𝑑𝑏𝑠
(𝑗)

 𝑗th resampled 

root outdegree 

vectors

Maximum Likelihood 

estimate of ො𝛼𝑑𝑟

(𝑗)

Final estimate:

( ො𝛼𝑑𝑟5, ො𝛼𝑑𝑟
, ො𝛼𝑑𝑟95)

Data

Simulations

Fig 5. Flow chart of Method 2 based on root outdegree distribution, details in S4
Appendix.

To ensure the reliability of our methods, we performed a comparative study of their 364

statistical power and robustness (see S4 Appendix and Fig. S3). The analysis confirms 365
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that both methods accurately track the underlying shape parameter α and exhibit 366

comparable statistical power (probability of rejecting the Markovian hypothesis given a 367

true non-Markovian set of data). 368

Effective reproduction number from the evolution in time of the 369

outdegree distribution 370

We examine the distribution of outdegrees in infection trees, that is the number of 371

secondary cases attributed to each infected individual. Analyzing the distribution 372

within a given time window captures how the infection trees reflect the evolution of the 373

epidemic spreading. We define the (dynamic) effective reproduction number R̂(t; ∆t) as 374

the average number of secondary infections caused by individuals who were tested 375

positive within the time window W∆t = (t− ∆t, t]. Such quantity enables direct 376

comparison with reproduction number estimates obtained from alternative modeling 377

approaches applied to the same epidemic in Cyprus [42,44]. We complement the 378

effective reproduction number R̂(t; ∆t) with a 90% confidence interval obtained 379

resampling Nboot = 1000 times the outdegree distributions of the confirmed case in the 380

time window W∆t. 381

Our definition of the dynamic effective reproduction number R̂(t; ∆t) is not suitable 382

for real-time monitoring purposes. This is because its computation relies on complete 383

information about the secondary cases generated by individuals who tested positive 384

within the selected time window, including infections that may have been recorded after 385

the window has closed. A real instantaneous reproduction number would require to take 386

into account the period of infectivity of a single individual and its contact network (or 387

at least its average number of contacts), which would necessitate additional assumptions 388

and information that are not available for our dataset. 389

Because our dataset contains no periods of unmitigated transmission without 390

external intervention (Fig. S2), we cannot isolate the basic reproduction number R0 391

under natural conditions. Consequently, this study focuses exclusively on the effective 392

reproduction number R̂, which reflects actual transmission dynamics. 393
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Results 394

Infection trees show non-Markovian properties 395

Fig. 6 shows the hopcount distribution of the infection trees in wave 4 with size 396

N = 5, 6, 7, 8. These tree sizes represent the most frequently observed sizes in the 397

empirical data. In red the empirical hopcount distribution is displayed. In dashed blue 398

the distribution with parameter α̂data, that is the average of the estimates of α̂
(j)
data with 399

j = 1, ..., 1000 performed on the resampled empirical distributions. The blue area fills 400

the space between the two distributions with parameters equivalent to the 5th and the 401

95th percentiles of the distribution of the bootstrapped estimates. 402
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Fig 6. Hopcount distribution for infection trees belonging to wave 4 of size
N = 5, 6, 7, 8. Red line: empirical hopcount distribution obtained aggregating trees of
the same size N . Dashed blue line: distribution (7) with parameter α̂data, which

corresponds to the average of the least squares estimates α̂
(j)
data, j = 1, ..., 1000. The blue

area spans the distributions (7) with shape parameter α in the 90% confidence intervals
of the least square estimate α̂data.

The least squares estimates α̂data extracted from the empirical distribution are then 403

corrected employing the hopcount distribution resulting from the simulation of the SI 404

process. The detailed correction procedure is displayed in Fig. S7. 405

The second method to measure the non-Markovian parameter α (Fig. 5) does not 406
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use the approximation in (7), but only relies on the the root outdegree distribution from 407

the SI process simulations (Fig. S8). Fig. 7 shows the empirical distribution for wave 4 408

and tree sizes N = 5, 6, 7, 8. The black dotted line is the root outdegree distribution 409

obtained from simulations with αsim equal to the maximum likelihood estimate α̂data
dr

of 410

the shape parameter, given the root outdegree distribution of data (in blue). 411
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]

Fig 7. Empirical root outdegree distribution obtained from the set of infection trees of
size N = 5, 6, 7, 8 belonging to wave 4. In black the root outdegree distribution obtained
from the non-Markovian SI simulation on the complete graph with size N and αsim

equal to the maximum likelihood estimate α̂data
dr

in the range [0.5, 4.5] (with steps of
0.25) given the empirical distribution. In blue the empirical root outdegree distribution.

In Fig. 8, we show the estimate of the non-Markovianity parameter α for all the 412

available trees with N > 4, ntrees > 3 and for all the waves. The threshold of at least 413

three independent chains per tree size was imposed to ensure meaningful statistical 414

comparison (see also Fig. S3). Wave 2 was excluded from Fig. 8 because it represented 415

a relatively small epidemic wave and did not contain a sufficient number of infection 416

trees of each size to meet this minimum sample requirement. 417

The error bars show the limits of the 90% confidence intervals devised with the 418

bootstrap resampling. Fig. 8 demonstrate that the average values of the estimate of α 419
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are always greater than 1 regardless of the tree size and of the number of trees in the 420

dataset. The confidence intervals are clearly dependent on the size of the single tree set 421

and increase when we have a small number of trees in a set. In the cases in which we 422

have a larger number of trees, both the methods give a value of α greater than 1 with 423

95% statistical significance. Due to the limited size of the specific tree sets, the points 424

for which the Markovian hypothesis cannot be rejected (for both methods) with 95% 425

statistical significance are: wave 1 tree size N = 9; wave 3 tree sizes N = 12; wave 4 426

tree sizes N = 15, 16. However, the average value of α is bigger than one also in these 427

cases. Finally, the values of our non-Markovianity parameter α seem to always be 428

around 1.5-2, regardless of the tree size or wave, meaning that the non-Markovian 429

spreading model we have employed uncovers some universal properties of the measured 430

spreading process. The values of α bigger than 1 are also in line with previous evidence 431

from COVID-19 literature [17, 18], which suggest that infection times can be fitted (see 432

also Fig. S4) with a Weibull distribution with shape parameter bigger than one [37]. 433
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Fig 8. Summary of all the results obtained on the sets of infection trees of wave 1, 3
and 4. In red the estimates of the shape parameter α employing the method based on
the hopcount distribution of the infection trees (α̂hN

). In green, the estimates of the
shape parameter α employing the method based on the root outdegree distribution of
the infection trees (α̂dr

). The error bars represent the 90 % confidence intervals given
by the bootstrap procedure performed resampling 1000 times with replacement each set
of trees of the same size. The number n on top of each estimate indicates how many
infection trees are employed for a given size N .

To verify whether the variability in the confidence intervals width stems from the 434

methods itself or from the data, we performed a comparative analysis of both methods 435

on synthetic sparse data (Fig. S3). Our synthetic analysis demonstrates that both 436

methods are remarkably robust and with comparable statistical power. The confidence 437

intervals observed in Fig. 8 are wider than the one obtained on synthetic data (Fig. S3), 438

because they reflect the natural noise and variance present in real-world contact tracing 439

data. Hence, the “empirical” confidence intervals provide an upper bound which allows 440

us to safely reject the Markovian hypothesis whenever the 5th percentiles of the 441

estimates in Fig. 8 are above α = 1. 442

Effective reproduction number 443

From the outdegree distribution of the infection trees in different time windows, we can 444

make an estimate of the expected number of secondary cases produced by an individual 445
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tested positive in that specific time period. We employ the definition of the effective 446

reproduction number R̂(t; ∆t) within the time window (t− ∆t, t] presented in Sec. 447

“Effective reproduction number from the evolution in time of the outdegree distribution” 448

to examine the evolution of the COVID-19 epidemic in Cyprus. We then compare our 449

effective reproduction number R̂(t; ∆t) with previous measures of the reproduction 450

number for the same epidemic in Cyprus [42,44]. 451

Figures 9, 10 display the number of confirmed cases of SARS-CoV-2 transmission 452

during the first two epidemic waves in Cyprus, while Fig. S9 and Fig. S10 during the 453

third and fourth waves. The upper panels show violin plots of the daily outdegree 454

distribution for the cases tested positive on that single day. The width of each violin 455

reflects the variability in transmission potential, while the color intensity corresponds to 456

the mean outdegree R̂(t; 1 day) for that day. Lighter colors indicate lower average 457

secondary transmissions, and darker shades indicate more intense transmission clusters. 458

The central panels display the corresponding number of daily reported cases during the 459

same period. Peaks in the number of daily cases often correspond to broader outdegree 460

distributions with higher average, suggesting super-spreading events or days with higher 461

transmission heterogeneity. In the bottom panel of Fig. 9, we compare our effective 462

reproduction number R̂(t; 1 day) for the first wave with the reproduction number R̂t 463

reported in [42]. The estimate in [42] was derived using a meta-population model 464

proposed by Peng et al. [45], a generalization of the classical SEIR 465

(susceptible-exposed-infected-recovered) model. For each day, we apply a bootstrap 466

resampling method to generate a distribution of outdegree values, from which we 467

calculate the mean and the 90% confidence intervals. The red points in the figure 468

represent the bootstrapped means, with the red area indicating the 90% confidence 469

intervals. The blue line shows the effective reproduction numbers from [42], along with 470

their own confidence intervals. For wave 1 we observe that for 28 out of the 31 days the 471

value of R̂(t; 1 day) is lower than the R̂t computed in [42]. Our estimate R̂(t; 1 day) 472

becomes higher than R̂t when the daily outdegree distribution has a very large variance 473

reflecting the presence of superspreaders which are difficult to detect with ordinary 474

compartmental models [24]. 475
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Fig 9. Daily out-degree distribution (top) and daily reported case counts (middle)
during the first COVID-19 wave in Cyprus. Violin plots represent the distribution of
secondary infections per case per day; color intensity indicates the mean outdegree.
(Bottom) Evolution of the effective reproduction number R̂(t; 1 day) in the first wave of
the COVID-19 epidemic in Cyprus. The red line shows the mean outdegree for each day
derived from bootstrapped samples, with the 95% confidence intervals indicated by the
red area. The blue line represents the effective reproduction number reported in [44]. In
dashed black the reference line at the critical value R̂c = 1.

Similarly, for wave 2 we compare our estimates with the results from the report of 476

the Cyprus Ministry of Health [44]. The methods employed by the Cyprus MoH in [44] 477

to compute the effective reproduction number are the same as the one in [42]. Fig. 10 478

shows that our estimate R̂(t; 1 day) is lower on 23 out of the 31 days of wave 2, while is 479

higher when there is an higher variance on the daily outdegree distribution. 480
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Fig 10. Daily out-degree distribution (top) and daily reported case counts (middle)
during the second COVID-19 wave in Cyprus. Violin plots represent the distribution of
secondary infections per case per day; color intensity indicates the mean outdegree.
(Bottom) Evolution of the effective reproduction number R̂(t; 1 day) in the first wave of
the COVID-19 epidemic in Cyprus. The red line shows the mean outdegree for each day
derived from bootstrapped samples, with the 95% confidence intervals indicated by the
red area. The blue line represents the effective reproduction number reported in [44]. In
dashed black the reference line at the critical value R̂c = 1.

Successively, we compare our measure R̂(t; 1 week) for the first and second wave 481

with the reproduction number R̂t computed in [42,44] employing a meta-population 482

model of Li et al. [41] incorporating information on human movement between the five 483

main districts of Cyprus. The comparison is displayed in Fig. 11. We observe that for 484

wave 1 the value of R̂(t; 1 week) is always lower than the R̂t computed in [42] and 485

follows the same trend. For wave 2 the reproduction number from [44] always falls in 486

our confidence interval showing a good agreement with our estimate. 487
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Fig 11. Evolution of the effective reproduction number R̂(t; 1 week) in the first two
waves of the COVID-19 epidemic in Cyprus. The red line shows the mean outdegree for
each week derived from bootstrapped samples, with the 95% confidence intervals
indicated as a red area. The blue line for Wave 1 represents the effective reproduction
number reported in Fig. 10 of [42]. The blue line for Wave 2 displays values from [44].
In dashed black the reference line at the critical value R̂c = 1.

For waves 3 and 4, as shown in Fig. S9 and Fig. S10, it is even more evident that 488

our effective daily reproduction number R̂(t; 1 day) estimated from the outdegree 489

distribution of the infection trees, consistently falls below the effective reproduction 490

number computed with compartmental models and data from [42]. 491

We thus conclude that our estimate R̂(t; ∆t) of the effective reproduction number 492

often lower bounds measures obtained with compartmental or meta-population 493

models [42,44]. Indeed, in the computation of the effective reproduction number 494

R̂(t; ∆t) we include all trees with N ≥ 2 nodes, which are probably partial subtrees of 495

larger infection trees. In small trees the majority of the nodes exhibit an average 496

outdegree smaller than one, thereby reducing the average number of secondary cases. 497

Finally, a high variance of the outdegree distribution indicates the presence of nodes 498

from larger trees. In such cases, our effective reproduction number R̂(t; ∆t) increases, 499
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and leads to an overestimation of the reproduction number computed in [42,44]: nodes 500

with very high out degree (sometimes called superspreaders [24]) are often overlooked by 501

mean field compartmental models. 502

A simple pruning technique to mitigate the underestimation of the effective 503

reproduction number We conclude proposing a basic procedure to mitigate the bias 504

introduced by the children nodes in the trees: we simply prune the last level of the 505

infection trees and we compute again R̂(t; ∆t) in different time windows. Fig. 12 506

presents R̂(t; ∆t) computed in three different time windows before, after or during the 507

peak of the wave (maximum number of confirmed daily cases). On the left the effective 508

reproduction number has been computed retaining the full structure of the trees, on the 509

right removing the last level of any tree. The trees are divided into three groups: trees 510

whose nodes were tested positive only before the peak (Before), trees whose nodes were 511

tested positive before and after the peak (During), and trees whose nodes were only 512

tested positive after the peak (After). 513

From the results in Fig.12, the estimate without the last level (right figure) is the 514

one which reasonably reflects the expected evolution of the epidemic wave. Without the 515

last level we observe a decrease in the effective reproduction number from before to after 516

the peak of each wave. Retaining all the nodes shows instead smaller relative variations 517

before and after the peak or even an increase in the effective reproduction number, a 518

behaviour that is inconsistent with the observed epidemic trajectory. Similar conclusions 519

can be drawn from Fig. S11 forthe daily effective reproduction number R̂(t; 1 day). The 520

infection trees without the last level provide a more conservative estimate of the 521

effective reproduction number, avoiding the underestimation introduced by leaf nodes. 522
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Fig 12. Average outdegree and 95% confidence intervals for the infection trees
belonging to different periods around the peak of the four COVID-19 waves in Cyprus.
The trees are divided into three groups: trees whose nodes were only tested positive
before the peak (Before), trees whose nodes were tested positive before and after the
peak (During), and trees whose nodes were only tested positive after the peak (After).
On the left the plot when no pruning is applied. On the right the estimate where the
last level of the infection trees is pruned.

Discussion 523

In this work, we extract from the topology of real infection trees a non-Markovianity 524

measure α, which is the shape parameter of a Weibull (6) distribution. The hopcount 525

distribution alone reveals that infection trees of varying sizes can be described as 526

realizations of a spreading process with non-exponential infection times characterized by 527

a Weibull distribution with shape parameter α > 1. Fig 8 illustrates the results for 528

different waves and different tree sizes, highlighting the general non-Markovianity of the 529

underlying spreading process. In our model, the infection time acts as an effective 530

transmission time that inherently captures multiple, often unobservable, delays, ranging 531

from true biological latency to human behavioral factors. Additionally, our 532

non-exponential infection time corresponds to an effective non-exponential generation 533

interval [37], in line with previous evidence from COVID-19 [17,18]. 534

Generalized epidemic models [46] can be created by extending the basic SI process 535

with additional compartments (e.g. recovered, exposed) and are hence able to mimic 536

non-exponential infection times via a sum of independent exponential delays. Although 537

such generalized models may provide a valid statistical description of the data (Fig. S5 538

and Tab. S1), the underlying Markovian assumptions can lead to fitting parameters 539

with values that contradict established timelines measured in COVID-19 (e.g. 540

incubation rate much larger than the transmission rate Tab. S1). Furthermore, 541
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generalized epidemic models require additional parameters that are quite difficult to 542

measure, in contrast to our phenomenological approach, that systematically absorbs all 543

the complexity into a single parameter α. Our approach is further validated when a 544

recovery compartment is introduced: Fig. S6 shows that a non-Markovian SIR process 545

still necessitates an α > 1 to match the empirical data, confirming that the deviations 546

from the Markovianity are not an artifact of our SI modeling assumption. The 547

well-established Markovian case α = 1, that produces nearly all currently used 548

mean-field epidemic models, may thus provide a safe upper bound for the nodal 549

infection probabilities in the contact graph and an upper bound for the basic 550

reproduction number [37]. 551

Our computations are based on the assumption that each observed infection tree of 552

size N is an independent realization of a non-Markovian SI process on the complete 553

graph KN . The assumption of independence between the infection trees is justifiable in 554

large populations, in particular when the global contact network is unknown. By 555

treating the trees as separate and independent, we neglect possible, but hard to measure 556

dependencies between trees. The resulting estimate of α per tree is derived from 557

localized transmission events. 558

Each infection process in the network is assumed to be independent from the others 559

and the infection time is Weibull distributed with shape parameter α and rate 560

parameter β = 1. The choice of the value for the rate parameter β does not affect the 561

SI process [28, Sec. 16.3]: when the infection times are i.i.d random variables, a global 562

rescaling of all link infection times does not change the infection tree structure. 563

The observed infection trees are usually small and do not contain information about 564

the curings, which makes SI modeling meaningful. The complete graph assumption and 565

the absence of curing processes overestimate the viral force of a single node to infect its 566

neighbors. Adding recoveries in the SI process requires a higher value of α to obtain a 567

hopcount distribution closer to the empirical one, as shown in Fig. S6, meaning that our 568

estimate of the non-Markovian parameter α is safely larger than 1. 569

Although contact tracing investigations in Cyprus were conducted thoroughly, it was 570

nearly impossible to trace all infections and construct a single connected infection tree 571

per each wave. As a result, the observed infection trees are sparse and affected by 572

under-reporting or incomplete case detection [7, 33, 47,48]. Such limitations may 573
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directly affect our estimates: if branches from the root node are missing, the computed 574

α value is underestimated, while if branches are missing from the leaf nodes, α is 575

overestimated. Nonetheless, the key qualitative conclusion α > 1 is observed 576

consistently across different waves and multiple tree sizes. 577

Our estimates of the reproduction number tend to produce lower values compared to 578

previous studies [42,44], except when the daily outdegree distribution variance is very 579

large. To mitigate the effect of the leaf nodes, a simple pruning that removes the last 580

level of the infection trees, results in an effective reproduction number estimate which 581

follows more accurately the evolution of the epidemic, as shown in Fig. 12. 582

Conclusion 583

We show that real-world epidemics are often characterized by non-exponential infection 584

processes and, consequently, by non-Markovian dynamics. In this study, we quantify the 585

non-Markovianity by the parameter α. Empirical data consistently points to a value of 586

α > 1, which indicates that the infection process likely exhibits non-Markovian 587

characteristics. Our study statistically rejects the Markovian hypothesis (α = 1), based 588

solely on the topology of real contact-tracing data. 589

Additionally, the analysis of infection trees offers an independent and complementary 590

approach for estimating the effective reproduction number, a key epidemiological metric. 591

Finally, our study demonstrates the value of “infection tree construction” and 592

stimulates the design of digital apps that are able to automatically reconstruct the 593

underlying transmission network [49,50]. 594
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