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Abstract

Biological and behavioral differences between genders influence infectious disease
dynamics. Yet, most epidemiological models overlook these aspects in favor of age
stratification alone. Here, we systematically evaluate the impact of incorporating
gender-specific features into an age-structured epidemic compartmental model,
calibrated to COVID-19 mortality data from the second wave in Italy (Autumn
2020–Winter 2021). We develop eight model versions representing different combinations
of three data-driven features: gender-stratified contact matrices derived from CoMix
data, gender-specific infection fatality ratios (IFR), and gender-dependent transmission
rates linked to behavioral differences. We calibrate these models against aggregated
mortality data and evaluate their performance on data disaggregated by gender, age,
and both. Our results demonstrate that models incorporating gender-stratified contact
patterns significantly outperform those relying solely on age, improving the accuracy of
the fit even when analyzing age-disaggregated data alone. Furthermore, the inclusion of
gender-specific IFR is essential for reproducing the empirically higher mortality rates
observed in males. While phenomenological behavioral adjustments improve the fit for
specific subgroups, such as older males, we observe trade-offs where maximizing
performance for one demographic group occasionally reduces accuracy for another.
Overall, our findings highlight that integrating gender data—particularly regarding
contact patterns—is a critical step toward increasing the realism and precision of
epidemiological models, even when outcome data is not fully disaggregated.

Author summary

Due to a combination of behavioral and biological factors, such as the adoption of
protective measures and immune responses, infectious diseases affect men and women
differently. However, the mathematical models used to understand and predict
epidemics often overlook these aspects, focusing primarily on age. Here, we investigate
whether explicitly including gender-specific data improves the accuracy of epidemic
simulations. Using data from the second wave of the COVID-19 pandemic in Italy, we
develop and compare several models that incorporated gender differences in social
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interaction patterns, biological risk of death, and protective behaviors. We find that
men and women exhibit distinct social mixing patterns, and including this information
is the most important factor for accurately reproducing the overall number of deaths.
Additionally, accounting for the higher biological risk faced by males is essential for
capturing gender-specific mortality trends. We also observe that because men had
higher mortality rates, the models naturally prioritized fitting male data, sometimes at
the expense of accuracy for females. Our work demonstrates that gender-agnostic
models may miss crucial details. We conclude that incorporating gender-specific data is
vital for creating more realistic models and designing inclusive public health policies
that protect all demographic groups effectively.

Introduction 1

Gender and sex are important, yet often overlooked, dimensions affecting the dynamics 2

of infectious diseases [1]. From a socio-behavioral perspective, a consistent finding 3

across studies is that females are more likely than males to adopt and maintain 4

protective behaviors, including wearing face masks [2, 3], practicing social 5

distancing [2, 3], and maintaining good hand hygiene [2–5]. Similar trends have been 6

reported for COVID-19, particularly with regard to non-pharmaceutical interventions 7

(NPIs), with females more likely than males to adopt NPIs and maintain them over 8

time [6–8]. Broader societal gender roles also shape contact patterns through factors 9

such as occupational segregation and caregiving responsibilities [9]. However, these 10

patterns are not always straightforward; for example, females have shown significantly 11

greater hesitancy to vaccine for several diseases, including COVID-19 [10–12]. From a 12

biological perspective, research suggests that females often exhibit stronger immune 13

responses than males [13,14]. For example, the prevalence of hepatitis A and 14

tuberculosis is higher in males than in females [15]. Similar patterns have been observed 15

for COVID-19, with males showing a higher risk of developing severe illness and 16

experiencing higher mortality rates [8, 16–19]. 17

The recognized importance of sex and gender in shaping behaviors relevant to 18

infectious disease transmission calls for their inclusion in epidemic models together with 19

other variables that are already often taken into account. Age, in particular, is widely 20

understood as being a key stratifying variable due to substantial differences between 21

different age groups, not only regarding vulnerability to diseases but also in terms of 22

contact patterns and behavioral responses [20–25]. Recently, research has also 23

highlighted the need to integrate the diversity of social and structural conditions into 24

models [26–28]. For instance, recent work has shown how generalized contact matrices, 25

stratified by age and other variables such as socio-economic status (SES), allow 26

developing expressive models able to correctly capture attack rates and disease burden 27

across groups of the population [29]. This highlights how neglecting key social variables 28

can lead to substantial misrepresentations of transmission dynamics, and motivates a 29

shift towards models integrating a population stratified along multiple dimensions, and 30

in particular towards the use of multi-dimensional contact matrices to feed data-driven 31

models. 32

Although gender is among the most common socio-demographic variables collected 33

in surveys investigating knowledge, attitudes, and behaviors toward infectious 34

diseases [30,31], sex and gender have rarely been explicitly incorporated into epidemic 35

models [32,33]. Analyses of large-scale contact surveys, such as POLYMOD [22] and 36

CoMix [34,35], have often been limited to exploring aggregate differences in the total 37

number of contacts between males and females, without investigating deeper structural 38

variations in their contact patterns. One of the few studies to construct and analyze 39

generalized contact matrices that include gender is found in the COVID-19 40
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literature [36]. However, the research used pre-pandemic data and its application to 41

epidemic models required adjusting the matrices for the COVID-19 period in a manner 42

that, while plausible, was not empirically validated. This example highlights a broader 43

trend: while theoretical frameworks able to take into account gender differences have 44

been proposed, practical applications remain limited [8, 37], probably due to the limited 45

availability of gender-stratified data for epidemiological parameters and outcomes [38],. 46

Here, we address this gap by explicitly incorporating gender and gender-specific 47

characteristics into age-stratified epidemic models in a data-informed manner. The goal 48

is to identify which gender-related features have to be taken into account for capturing 49

observed dynamics. In doing so, we consider features more closely associated with 50

biological sex (understood as physiological and anatomical differences between males 51

and females) alongside others more related to gender (understood as the socially and 52

culturally constructed roles, behaviors, and norms associated with being male or 53

female). Although these dimensions are conceptually distinct, we use the term “gender” 54

throughout to refer to both for brevity and, due to data limitations, we restrict our 55

representation to a binary classification. Building on a baseline age-structured 56

Susceptible-Latent-Infectious-Recovered (SLIR) framework, extended to include deaths, 57

we consider three gender-specific features that can be selectively introduced into the 58

model: (1) a contact matrix stratified by both age and gender, (2) age- and 59

gender-specific infection fatality ratios (IFRs), and (3) a behavioral component reflected 60

in higher transmission rates among males compared to females. Each of these features 61

can either be taken into account in the model or not. Eight different models can thus be 62

built, each corresponding to a different way of accounting for differences between 63

genders. These models range from a purely age-stratified model to one fully stratified 64

by both age and gender for contacts as well as IFRs, and by gender for transmission 65

rates. To assess the relative importance of these features, we consider these models in 66

the context of the second wave of the COVID-19 pandemic in Italy (Autumn 2020 – 67

Winter 2020/2021). More precisely, our methodology involves a two-step process. First, 68

we calibrate all eight models against weekly death data aggregated by both age and 69

gender. Second, we evaluate how well these calibrated models capture the empirically 70

observed dynamics, not only on the aggregated data but also when the data is 71

disaggregated by gender, by age, and by both age and gender. 72

Results show that including gender-specific IFR and contact patterns improves how 73

well the models reproduce observed mortality data. In particular, we find that 74

accounting for gender-specific IFR is key to properly capture the gender disaggregated 75

mortality, and in particular the fact that male mortality is higher than female mortality 76

at all times. Moreover, including gender-stratified contacts improves the performance of 77

the model in reproducing not only empirical mortality disaggregated by both age and 78

gender, but also mortality data disaggregated only by age. This suggests that taking 79

into account gender differences in contact patterns can improve overall models’ realism. 80

Our study also finds unexpected trade-offs: a model that captures well male mortality 81

data in a certain age range may not reproduce as well female mortality data in another 82

age range. This shows that a single “one-size-fits-all” model might not always be 83

obtainable, and that models might need to be tailored to the specific groups and 84

outcomes being studied. 85

Materials and methods 86

Data 87

In this study, we use data from multiple sources to stratify the population by age and 88

gender, construct age- and gender-stratified contact matrices, and to calibrate the 89
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models. 90

Contact matrices We rely on two different sources to obtain contact matrices: the 91

POLYMOD study [22] and the CoMix study [34,39]. POLYMOD was a large-scale 92

European survey conducted in 2006 that provides a pre-pandemic baseline for social 93

mixing patterns, whereas CoMix was specifically designed to measure contact behaviors 94

in several European countries during the COVID-19 pandemic. This dual-source 95

approach is necessary because, on November 6, 2020, the Italian government 96

implemented a tiered restriction system, assigning each of the 20 regions a daily color 97

code—yellow, orange, or red—based on the local epidemiological situation. Each color 98

corresponded to a different level of restrictions, with yellow indicating the lowest level 99

and red the highest [40] (note that we do not consider the ”white zone”, which 100

technically corresponded to an even lower level of restrictions than the yellow zones, as 101

white zones almost never occurred during the data collection period). The CoMix data 102

collection waves occurred entirely during this period and are therefore not suitable to 103

feed into models of the spread taking place before November 6, 2020, for which we thus 104

use matrices derived from the POLYMOD study. 105

The first part of the procedure to obtain the age- and gender-stratified contact 106

matrices from the data of the two studies is similar. We construct four separate 107

age-stratified contact matrices: cM,M for male-to-male contacts, cM,F for 108

male-to-female contacts, cF,M for female-to-male contacts, and cF,F for 109

female-to-female contacts. The element (i, j) of each matrix represents the average 110

number of contacts reported in the survey data between individuals of the 111

corresponding gender(s) in age groups i and j. The matrices cM,M and cF,F are 112

symmetric, i.e., cM,M
i,j = cM,M

j,i and cF,F
i,j = cF,F

j,i . For matrices cM,F
i,j and cF,M

i,j it holds 113

cM,F
i,j = cF,M

j,i , as the number of male-to-female contacts from age group i to age group j 114

matches the number of female-to-male contacts from j to i. We then convert the total 115

numbers of contacts to per capita numbers of contacts, by dividing each row of each 116

matrix by the number of individuals in the corresponding age and gender group. 117

Specifically, we divide row i of cM,M and cM,F by the number NM
i of males in age 118

group i, and row i of cF,F and cF,M by the number NF
i of females in age group i. The 119

resulting matrices are not symmetric, as they now reflect the per capita contact rate 120

rather than total contacts. Finally, we merge the four matrices into a single generalized 121

contact rate matrix c, stratified by both age and gender, in which the entry cig,i′g′ 122

represents the mean contact rate for an individual in age group i and of gender g with 123

individuals in age group i′ and of gender g′. 124

Moreover, in a second step we take into account the impact of non-pharmaceutical 125

interventions by modulating the contact matrices over time. This procedure depends on 126

the specific dataset used (either POLYMOD or CoMix), as described in the following 127

two paragraphs. 128

POLYMOD data When using the POLYMOD data, we compute a generalized 129

contact matrix for five different settings: home, school, workplace, leisure, and general 130

community setting. Variations in contact patterns induced by non-pharmaceutical 131

interventions in the workplace, leisure, and general community setting are modeled 132

using data from the Google COVID-19 Community Mobility Reports [41]. These 133

reports provide the daily percentage ps(t) of visits to setting s, relative to a 134

pre-pandemic baseline. A reduction factor which captures contact variation can thus be 135

estimated as rs(t) =
(

1 − ps(t)
100

)2

, based on the assumption that the number of contacts 136

is proportional to the square of the number of individuals present. Note that, while 137

both Google Mobility data and POLYMOD data distinguish contacts by setting, their 138
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categorizations do not align perfectly. In some cases, a direct correspondence can be 139

established, while in others an approximate mapping is required. The setting-specific 140

parameters are derived as follows: 141

• For the POLYMOD workplace setting, we use the workplaces percent change from 142

baseline field of Google Mobility data. 143

• For the POLYMOD leisure setting, we use the retail and recreation percent change 144

from baseline field of Google Mobility data. 145

• For the POLYMOD general community setting, we use the average of the grocery 146

and pharmacy percent change from baseline and the transit stations percent change 147

from baseline fields of Google Mobility data. 148

To smooth out fluctuations in daily values, we compute the weekly average for each 149

parameter. 150

In the case of schools , we rely on data from the Oxford COVID-19 Government 151

Response Tracker [42], which provides a daily ordinal index P (t) (ranging from 0 for no 152

measures to 3 for full closure) indicating the stringency of school closure policies at the 153

national level. We compute the weekly average of this index and derive a school contact 154

reduction factor as rschool(t) = 3−P (t)
3 . Finally, we assume that the home contact matrix 155

remains constant, with no reduction factor applied. Indeed, while some studies have 156

documented changes in household contacts in the case of strict lockdowns [43–45], the 157

period during which we describe contacts with POLYMOD matrices did not include 158

such measures in Italy. 159

The contact matrix at time t (where t is measured in weeks) is computed as a 160

weighted combination of the five setting-specific matrices, each modulated by the 161

corresponding reduction factor. 162

CoMix data We use the CoMix data to generate a separate contact matrix for each 163

of the three restriction zones (i.e.,yellow, orange, and red) by considering only data from 164

survey participants under the corresponding restriction zone. The contact matrix for a 165

given day is then obtained as a weighted sum of the three zone-specific matrices, where 166

the weights correspond to the proportion of the Italian population living under each 167

restriction regime on that day: 168

ct =
N t

y

Ntot
cy +

N t
o

Ntot
co +

N t
r

Ntot
cr

where cy, co, cr are the three contact matrices for, respectively, yellow, orange and red 169

zones, N t
y, N t

o, N t
r are the number of individuals in, respectively, yellow, orange, and 170

red zones at time t, and Ntot is the total population. Population data for each region, 171

used to compute the weights, are taken from the Italian National Institute of Statistics 172

(ISTAT) [46]. 173

Demography data To stratify the population in our models, we use demographic 174

data for Italy from the United Nations World Population Prospects [47]. We consider 175

five age groups: 20–29 years old (y.o.), 30–39 y.o., 40–49 y.o., 50–59 y.o., and 60+ y.o., 176

and two genders: male and female. Individuals under 20 years of age are excluded 177

because of missing gender information for children (18 y.o. or less) and to maintain 178

compatibility with the available mortality data used for model calibration, which are 179

aggregated into 10-year age groups. 180
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Epidemiological data For calibration, we use weekly death counts provided by the 181

Italian National Institute of Health (ISS) [48] for the period corresponding to the second 182

wave of COVID-19 in Italy. Specifically, the dataset covers the weeks from September 183

14, 2020 (Week 38) to February 21, 2021 (Week 7). These data are stratified by age (in 184

10-year intervals) and gender (male and female). 185

Epidemic models 186

Core structure of the model We use a stochastic compartmental model with six 187

compartments, illustrated in Fig 1. Susceptible individuals (S) become infected and 188

move into the Latent compartment (L) at a rate known as the force of infection (λ), 189

characterized by the transmission rate (β) and the contact matrix. In the latent stage, 190

individuals are not yet infectious; they progress to the Infectious compartment (I) at 191

rate ϵ. Infectious individuals leave the infectious state at rate µ−1: they either recover 192

(R) or die (D), with respective probabilities given by the IFR, which is age-stratified in 193

all model versions. To model more accurately the real-world delay between when a 194

death occurs and when it is officially recorded, we introduce an intermediate 195

compartment, D. Individuals that die from the infection first move from I to D, where 196

they remain for an average duration ∆ before being counted in the cumulative deaths 197

compartment, Do (the superscript stands for ”observed”). For the full set of equations 198

that rule the model, see the Supplementary Material. 199

D

R
ILS

I

β

c

𝜖

μ, 1-IFR

Do
μ, IFR Δ

Fig 1. Schematic representation of the model. The model extends a standard
SLIR (Susceptible–Latent–Infectious–Recovered) framework by including two
compartments to account for deaths (D and Do). D represents an intermediate
compartment to account for the delay between a death event and its official record. The
contact matrix c used in the model are derived either from POLYMOD or CoMix,
depending on the simulation period, and are stratified by age only or by both age and
gender, depending on the model considered.

Models with gender-stratified features To investigate the impact of taking into 200

account gender-stratified characteristics on epidemic outcomes, we define eight versions 201

of the model, obtained from all possible combinations of three features: i) age- and 202

gender-stratified contact matrix — denoted ck,k′ if stratified by age only, or ckg,k′g′ if 203

stratified by both age (k) and gender (g); ii) age- and gender-stratified IFR — derived 204

from the age-stratified IFR taken from the literature [49] and the odds ratio (OR = 205

1.39) reported in [50], representing the ratio of the odds of death between infected males 206

and females. To find the specific Infection Fatality Rates for males (IFRm) and females 207

(IFRf ) for each age group, we solve the following system of equations: 208

IFR = wm ∗ IFRm + wf ∗ IFRf , OR =
oddsm
oddsf

=
IFRm

1−IFRm

IFRf

1−IFRf
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where wm and wf are the proportions of infected males and females, approximated by 209

their proportions in the population for each age group; and iii) gender-specific behavior 210

— represented by a multiplicative factor rβ > 1 applied to β for males, accounting for a 211

higher risk of infection due to behavioral differences other than contacts. 212

To facilitate the analysis and the presentation of results, we assigned to each of the 213

eight models a unique code based on the presence of the three gender-dependent 214

features: contacts (C), IFR (I), and behaviors (B). The code 0 is used for the model 215

that does not include any gender-dependent features. Models with multiple features 216

combine the corresponding letters. The codes are reported in Table 1. 217

Table 1. Overview of model versions. Codes assigned to each of the 8 model
versions based on the gender-dependent features included. Model 0 does not include any
gender-dependency, while e.g. model CI uses generalized age- and gender-stratified
contact matrices and an age- and gender-dependent IFR, but does not include the
multiplicative factor rβ .

Model code Contacts IFR Behaviors
0 ✗ ✗ ✗
C ✓ ✗ ✗
I ✗ ✓ ✗
B ✗ ✗ ✓
CI ✓ ✓ ✗
CB ✓ ✗ ✓
IB ✗ ✓ ✓

CIB ✓ ✓ ✓

Parameters The full list of parameters and their sources is reported in Table 2. The 218

parameters ϵ [51, 52], µ [53, 54], and the age-stratified IFR [49] are taken from the 219

literature, while for ∆ we use a value of 14 days [55].The remaining parameters are 220

fitted as described in the following section. Two values of β are estimated: β1 applies at 221

the start of the simulation, and β2 applies from November 6, 2020, onwards, to account 222

for stricter NPIs enforced on that date. Accordingly, POLYMOD contact matrices are 223

used before November 6, 2020, and CoMix matrices thereafter, to account for the 224

change in contact patterns. 225

The basic reproduction number R0 of all models is computed using the next 226

generation matrix method [56,57]. For more details on the formula of R0 for each 227

model, see the Supplementary Material. 228

Calibration 229

Approximate Bayesian Computation To calibrate our models, we use an 230

Approximate Bayesian Computation (ABC) rejection algorithm [63,64]. For additional 231

details on the algorithm, see the Supplementary Material. 232

The free parameters of our models and their priors are: 233

• The two transmission rates, β1 and β2. For β1, we explore uniform values such 234

that the corresponding R0 (R01) lies between 1 and 1.7. Although the basic 235

reproduction number of COVID-19 was higher [58] early in the pandemic, several 236

restrictions were already in place in Italy during Autumn 2020, justifying the use 237

of smaller values. For β2, we explore uniform values such that the resulting R0 238

(R02) lies between 0.5 and 1.7. The reasoning is similar to that for β1, but we 239

allow β2 to be below 1 due to the proximity to the epidemic peak. In both cases, 240

the relevant metric is technically the effective reproduction number Rt, given that 241

December 19, 2025 7/24

 . CC-BY-NC 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 21, 2025. ; https://doi.org/10.64898/2025.12.19.25342675doi: medRxiv preprint 

https://doi.org/10.64898/2025.12.19.25342675
http://creativecommons.org/licenses/by-nc/4.0/


Table 2. Summary of model parameters. Model parameters, their symbols, values,
and sources from the literature.

Parameter Symbol Value Source

Transmission rate
(beginning of simulation)

β1 fitted [58,59]

Transmission rate
(6th November 2020)

β2 fitted [58,59]

Inverse of the latent period ϵ 0.25 days−1 [51, 52]

Inverse of recovery period µ 0.4 days−1 [53, 54]

Infection fatality ratio IFR stratified [49,50]

Delay in deaths ∆ 14 days [55]

Initial number of individuals distributed
in the infected compartments

i0 fitted [60]

Initial fraction of
recovered individuals

r0 fitted [60–62]

there is a fraction of non susceptible individuals. However, given that the 242

estimated initial recovered fraction r0 is relatively small (at most 10% of the total 243

population) and the same goes for the fraction of infected individuals when we fit 244

β2, we use the R0 as a suitable approximation for defining the prior distribution 245

of the transmission rates β1 and β2. 246

• The initial number of infected individuals i0, assigned to the latent (L) and 247

infectious (I) compartments based on the relative average time spent in each (ϵ−1
248

for L and µ−1 for I). We explore uniform values between the weekly number of 249

confirmed cases reported in Italy on September 14, 2020 [60] (the start of the 250

simulation – i14Sept = 10, 119) and ten times that value. 251

• The initial fraction of recovered individuals r0. We explore values uniformly 252

between 3% and 10% of the total population. The lower bound accounts for 253

recoveries from the first COVID-19 wave, while the upper bound is based on two 254

seroprevalence studies [61,62] conducted in late 2020 in Italy, both reporting 255

values around 10%. Since our simulation starts in September 2020, the fraction 256

should be lower than the year-end estimates. 257

• The increased risk of infection for males rβ due to behavioral differences, for the 258

four models that include this feature. We consider a uniform prior distribution 259

between 1 (no difference) and 1.3. 260

The models are calibrated against the weekly number of deaths aggregated by age 261

and gender obtained from the ISS [48] between Week 40 of 2020 and Week 7 of 2021. 262

Simulations start two weeks earlier (Week 38 of 2020) to allow the epidemic to evolve 263

before calibration. For each model, we perform Nsim = 106 simulations and use as error 264

metric e the weighted mean absolute percentage error (wMAPE) [65], defined as: 265

wMAPE[y(t)] =

∑
t |yobs(t) − y(t)|∑

t |yobs(t)|
,

where yobs(t) and y(t) are respectively the observed and simulated weekly numbers of 266

deaths for week t. We use a threshold value σ = 0.2 to determine acceptance or 267

rejection of a parameter set. 268
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Evaluation metrics For each model, we randomly draw 1, 000 parameter sets from 269

the accepted posterior samples and run the model 10 times for each set, resulting in a 270

total of 10,000 simulations per model. To assess how well each model explains the 271

observed patterns, we use the root mean squared error (RMSE) to compare the mean 272

predicted deaths across the 10,000 simulations against the observed death time series. 273

To determine if the performance differences between models are statistically significant, 274

we also compute an RMSE value for each individual simulation, yielding a distribution 275

of 10,000 RMSE values per model. We then compare these distributions using a 276

Kruskal-Wallis test followed by a Dunn’s post-hoc test. Furthermore, while the models 277

are fitted using aggregated death data (total deaths across age and gender), we evaluate 278

their ability to reproduce observed mortality at a more fine-grained level. To this end, 279

we compute the RMSE on weekly death time series disaggregated by gender, by age, 280

and by both gender and age. This approach allows us to quantify model performance in 281

capturing mortality dynamics within specific demographic subgroups. Finally, to ensure 282

the robustness of our findings, we evaluate model performances using an additional 283

metric: the mean absolute error (MAE). 284

Results 285

Gender contacts in CoMix study 286

Although CoMix data has been studied in detail in other works [35,66–69], 287

gender-specific contact patterns have not been explored in depth. Previous analyses 288

focused primarily on the total number of contacts of males and females, revealing only 289

minor differences [35]. However, while the overall number of contacts is similar, the 290

underlying interaction patterns can vary significantly between genders, and these 291

differences can be visualized using contact matrices. To improve readability, instead of 292

displaying the generalized contact matrix for each zone, in Fig 2A we show the four 293

gender-specific matrices built using all available CoMix contact data for Italy: 294

male-male, male-female, female-male, and female-female interactions. The female-female 295

contact matrix reveals more diverse inter-age mixing. Specifically, females report a 296

higher number of contacts outside their own age group (off-diagonal elements), especially 297

with individuals aged 60 and above. In contrast, the male-male matrix is more strongly 298

diagonal, indicating that male contacts are more concentrated within similar age groups. 299

For cross-gender interactions, which are not symmetric (as they are per-capita contacts), 300

we observe assortative mixing along the main diagonal as well as contacts with older 301

individuals. However, females tend to have higher values in the elements immediately to 302

the right of the diagonal, indicating a slight tendency to interact with males in the next 303

older age group. For males, the reverse pattern is observed, with slightly larger values 304

to the left of the diagonal. Finally, the female-to-male contact matrix shows higher 305

per-capita contact rates than the male-to-female matrix. 306

The epidemiological significance of these structural differences is captured by the 307

dominant eigenvalue of each matrix, which is proportional to the potential for disease 308

transmission (R0). This is illustrated in Fig 2B, which displays the distributions of the 309

largest eigenvalue of each matrix, obtained via bootstrapping with 10, 000 replicates. We 310

find that the female-female matrix has a lower dominant eigenvalue than the male-male 311

one, suggesting that, in isolation, male-to-male contact patterns are more favorable to 312

epidemic spread. Moreover, the female-to-male matrix has a substantially higher 313

eigenvalue than its male-to-female counterpart. This implies a significant asymmetry in 314

transmission potential: contact patterns make it more efficient for a disease to spread 315

from females to males than from males to females. The Kolmogorov-Smirnov test 316

applied to each pair of distributions confirms that the differences are statistically 317
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significant (p < 10−4). Given these findings, the remainder of our analysis is dedicated 318

to investigating the impact of including this gender stratification, as well as the 319

gender-dependency of IFR and behaviors, into epidemiological models. 320

A.

B.

Fig 2. Gender-specific contact matrices and their dominant eigenvalues. A.
Contact matrices for male-male, male-female, female-male, and female-female
interactions, obtained from CoMix data for Italy. B. Distributions of the dominant
eigenvalue of the four matrices, estimated via bootstrap with 10, 000 replicates for each
matrix.

Models’ calibration 321

In Fig 3, we show the one-dimensional ,marginal posterior distributions of R01 , R02 , i0, 322

and r0 for each of the eight models, as well as the distribution of rβ for the four models 323

where it is included. We report the posterior distributions of R01 and R02 instead of β1 324

and β2 for ease of interpretation, given that the latter can be directly computed from 325

the former. 326

Overall, the posterior distributions are quite similar across the different models. The 327

mean values of R01 are above 1, as expected at the start of the simulations, while those 328

of R02 are below 0.9, reflecting the implementation of control measures by 329

November 6, 2020 and the proximity to the epidemic peak. Models with contacts 330

stratified by gender tend to show posterior distributions for both R01 and R02 slightly 331

shifted toward smaller values. 332

For i0, the posterior distributions tend to favor values close to the reported number 333

of infections on September 14, 2020, although long tails are present. The posterior 334

distributions of r0 and rβ remain fairly uniform, similar to their priors. For r0, this 335

suggests that the exact fraction of recovered individuals at the start of the simulation 336

has limited influence on the model’s overall results. For rβ , although males have a higher 337

risk of infection in the model, no single value of this increased risk is clearly preferred. 338
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Fig 3. Posterior distributions of model parameters. Posterior distributions of
R01 , R02 , i0, r0, and rβ (when available) for each of the eight models (rows). The
distributions are computed from all accepted parameter sets in the ABC rejection
algorithm. Posterior values of r0 are expressed as percentages of recovered individuals
out of the total population. Posterior values of i0 are expressed in units of i14Sept which
is the weekly reported number of infections on September 14, 2020, in Italy (10, 119).
Model codes indicate which of the three features—contacts (C), IFR (I), and behaviors
(B)—are present in each model (see Table 1).

In Fig 4 we present the results of the fit for the eight models, showing the mean 339

weekly number of deaths across 10, 000 simulations (solid lines with shaded confidence 340

intervals) alongside observed data (points). All models capture the general trend of the 341

observed data, but the Root Mean Squared Error (RMSE) values, reported in each 342

panel, reveal quantitative differences in performance. In particular, the results clearly 343

split the models into two distinct groups based on the inclusion of gender-stratified 344

contacts. The four models incorporating this feature (i.e., the C, CI, CB, CIB models) 345

perform significantly better (lower RMSE) than the four models without it (i.e., the 0, I, 346

B, IB models). This finding is statistically significant (Kruskal-Wallis, p < 10−4, see 347

Supplementary Material). 348

The model with only gender-stratified contacts (C) achieves the lowest RMSE 349

(435.0), followed closely by model CI with gender-stratified contacts and IFR (RMSE = 350

439.1) and model CIB with all three gender-dependent features (RMSE = 441.1). The 351

post-hoc analysis shows (Supplementary Material) that the differences among these top 352

three models (C, CI, and CIB) are not statistically significant. Conversely, the four 353

models lacking the gender-stratified contact feature (0, I, B, and IB) perform 354

substantially worse, with RMSE values between 536.3 and 545.4. As with the 355

top-performing group, the differences within this group of lower-performing models are 356

not statistically significant. These results are robust with respect to choosing MAE as 357

error metric (see the Supplementary Material). 358
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Fig 4. Model fit to aggregated mortality data. Simulated weekly number of
deaths (mean and 95% confidence interval from 10,000 simulations; lines and shaded
areas) compared with observed weekly numbers of deaths (dots) for each model. Root
Mean Squared Error (RMSE) values are reported in each panel. The best (lowest)
RMSE is highlighted in bold, as well as the two other RMSE values that are not
statistically significantly different from the best (see Supplementary Material). Model
codes indicate which of the three features—contacts (C), IFR (I), and behaviors
(B)—are present in each model (see Table 1).

Models’ comparison with gender-disaggregated data 359

Fig 5 compares model performances in reproducing the empirical weekly number of 360

gender-specific deaths. Each plot shows the mean across 10, 000 simulations (solid lines 361

with shaded areas marking the confidence intervals) alongside observed data (points). 362

This analysis highlights the critical role of the gender-stratified IFR (models with I), 363

particularly for capturing that the male mortality is larger than the female one. For 364

male mortality data indeed, models lacking this feature (models without I, columns 1 365

and 3) tend to have high RMSE values, with the baseline model (0) having the highest 366

(worst) RMSE (526.9). Moreover, male mortality is either lower than (models 0 and C) 367

or similar to (models B and CB) female mortality, in qualitative disagreement with the 368

empirical data. In contrast, models taking into account a gender-stratified IFR (models 369

with I, columns 2 and 4) reproduce the qualitative trend of having a systematically 370

larger male mortality. In addition, models in which gender-stratified IFR is combined to 371

at least one other gender-related feature (models CI, IB, CIB) show a substantial 372

improvement in RMSE values. The best RMSE is obtained for the model taking into 373

account both gender-stratified contacts and gender-dependent IFR (model CI). 374

For female mortality data, the results are more complex. While the model 375

incorporating both gender-stratified contacts and gender-dependent IFR (CI) also yields 376

the best performance (lowest RMSE = 192.8), the other feature combinations show 377

different effects. In particular, the model using only gender-stratified behaviors (B) 378

achieves the second-best RMSE (211.2), performing slightly better than the model with 379

only gender-stratified IFR (I) (RMSE = 215.7). 380

The tests presented in the Supplementary Material (Kruskal-Wallis, p < 10−4) show 381

that all pairwise performance differences are statistically significant. Furthermore, also 382

the analysis using the MAE as evaluation metric (see Supplementary Material) 383

identifies model CI as the most robust and accurate model for reproducing 384

gender-specific mortality data. 385
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Fig 5. Comparison of model performance on gender-disaggregated mortality
data. Weekly number of deaths obtained in the simulations (mean and 95% confidence
interval from 10,000 simulations; lines and shaded areas), compared with the observed
values (dots) for each of the eight models, stratified by gender. Parameter sets are
drawn from the posterior distributions (1, 000 sets) and each set is simulated 10 times to
account for stochastic variability. Root Mean Squared Error (RMSE) values for male
(RMSE M) and female (RMSE F) mortality data are reported in each panel. The best
(lowest) RMSE is highlighted in bold. Model codes indicate which of the three
features—contacts (C), IFR (I), and behaviors (B)—are present in each model (see
Table 1).

Models’ comparison with age-disaggregated data 386

In Fig 6 we present the performance of each model in capturing the weekly number of 387

deaths for each age group. All models overestimate the weekly number of deaths for the 388

younger age groups (20 − 29 y.o. through 50 − 59 y.o.). However, the impact of this 389

overestimation on the overall evaluation is limited, as the number of deaths in these 390

groups is one to two orders of magnitude smaller than in the 60+ y.o. age group, which 391

thus dominates the overall mortality signal. 392

Similarly to the analysis on aggregated data, the comparison of the RMSE values 393

obtained by the various models indicates that models using age- and gender-stratified 394

contact matrices (models with C) reproduce age-disaggregated data systematically 395

better than the other models. Indeed, these four C, CI, CB, CIB models have a lower 396

(better) error than the four 0, I, B, IB models for each age group. This finding is 397

statistically significant, as post-hoc tests confirm that every model with C performs 398

significantly better than every model without C (p < 10−3 for all pairwise comparisons, 399

see Supplementary Material). In fact, the four lower-performing models without C (0, I, 400

B, IB) are largely indistinguishable from one another, particularly in the 40 − 49 y.o. 401

and 50 − 59 y.o. age groups, for which no statistically significant differences are found 402

between these models. 403

When comparing the top-performing models with C moreover, the model using both 404

gender-stratified contact data and gender-dependent IFR (model CI) achieves the lowest 405

RMSE for four of the five age groups (20− 29 y.o., 30− 39 y.o., 40− 49 y.o., and 50− 59 406

y.o.). For the 60+ y.o. age group, the model with gender-stratified contacts only (C) 407

has the lowest RMSE (521.4), but its performance is statistically indistinguishable from 408

the ones of model CIB (RMSE = 522.8) and of model CI (RMSE = 523.7). This 409
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suggests that for the older population, the addition of gender-stratified IFR or behavior 410

features does not provide a significant improvement over the model taking only 411

gender-stratified contact data into account. The analysis using the MAE as evaluation 412

metric gives similar results (see Supplementary Material). 413

Fig 6. Comparison of model performance on age-disaggregated mortality
data. Weekly number of deaths obtained in simulations (mean and 95% confidence
interval from 10,000 simulations; lines and shaded areas) compared with observed values
(dots) for each of the eight models (columns) and each age group (rows). Parameter sets
are drawn from the posterior distributions (1, 000 sets) and each set is simulated 10
times to account for stochastic variability. Root Mean Squared Error (RMSE) values
are reported in each panel. The best (lowest) RMSE for each age group is highlighted in
bold, as well as the other RMSE values that are not statistically significantly different
from the best (see Supplementary Material). Model codes indicate which of the three
features—contacts (C), IFR (I), and behaviors (B)—are present in each model (see
Table 1).

Models’ comparison with age- and gender-disaggregated data 414

Finally, we analyze model performance at the most granular level, considering 415

simultaneously both age and gender.In Fig 7, we show the curves of the weekly number 416

of deaths for each model, age group, and gender, alongside the observed data and the 417

corresponding RMSE values. This detailed view reveals a non-trivial pattern in which 418

the best-performing model depends on the specific demographic group considered. 419

The results for the 60+ y.o. age group, which dominates the mortality signal, show 420

differences between genders. For males over 60 y.o., the model incorporating all three 421

gender-stratified features (CIB) performs best, achieving the lowest RMSE (258.19). It 422

is followed by model CI with gender-stratified contacts and IFR (RMSE = 293.07). 423

This indicates that accurately capturing mortality data in older males requires 424

incorporating multiple gender-dependent features. On the contrary, for females over 60 425

y.o., the baseline model (0, with no gender-specific features) achieves the lowest RMSE 426

December 19, 2025 14/24

 . CC-BY-NC 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 21, 2025. ; https://doi.org/10.64898/2025.12.19.25342675doi: medRxiv preprint 

https://doi.org/10.64898/2025.12.19.25342675
http://creativecommons.org/licenses/by-nc/4.0/


(194.95). It is followed by models CB (RMSE = 198.01) and C (RMSE = 206.66). This 427

finding suggests that for this demographic group, taking into account the standard 428

age-specific IFR is sufficient to reproduce mortality data, and that adding the gendered 429

features we considered actually worsens the performance. 430

The patterns in the younger age groups (20 − 59 y.o.) are also distinct. For males 431

aged 20 − 59 y.o., the model with only gender-stratified contacts (C) is the best 432

performer, achieving the lowest RMSE in all four age brackets. On the other hand, for 433

females, the model with all gender-dependent features (CIB) is the top performer for the 434

20 − 29 y.o., 30 − 39 y.o., and 40 − 49 y.o. age groups. For the 50 − 59 y.o. age group, 435

the model with gender-stratified IFR and behaviors (IB) provides the best performance. 436

Finally, and similarly to the analysis of age-aggregated mortality data, only models 437

taking into account a gender-dependent IFR reproduce the fact that male mortality lies 438

above female mortality across all age groups. While this trend is consistent in terms of 439

total deaths, it is most visually evident in the groups above 40 y.o., as the significantly 440

lower death counts in younger cohorts lead to greater fluctuations that can occasionally 441

mask this pattern. 442

As shown in the Supplementary Material, the majority of these performance 443

differences are statistically significant, underlining the clear demographic-specific nature 444

of the epidemic spread. The analysis using MAE as performance metric confirms the 445

robustness of our results (see Supplementary Material). 446
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Fig 7. Comparison of model performance on age- and gender-disaggregated
mortality data. Weekly number of deaths obtained in simulations (mean and 95%
confidence interval from 10,000 simulations; lines and shaded areas) compared with
observed values(dots) for each of the eight models (columns) and each age group (rows),
stratified by gender. Parameter sets are drawn from the posterior distributions (1, 000
sets) and each set is simulated 10 times to account for stochastic variability. Root Mean
Squared Error (RMSE) values for male (RMSE M) and female (RMSE F) mortality data
are reported in each panel. The best (lowest) RMSE values for each age-gender group
are highlighted in bold. Model codes indicate which of the three features—contacts (C),
IFR (I), and behaviors (B)—are present in each model (see Table 1).

Discussion 447

In this study, we investigated the effect of incorporating gender-related heterogeneities 448

into an age-structured epidemic model of COVID-19 mortality in Italy. Despite the vast 449

literature showing the existence of heterogeneities in disease-related 450

behaviors [6, 7, 70–72] and in disease outcomes [16,17], previous works have either 451

focused on a theoretical characterization of frameworks [8, 37] or on contact 452

matrices—adjusted in ways that are plausible but not empirically validated [36]. Our 453

analysis of the gender-stratified contact matrices of the CoMix study revealed structural 454

differences in contact patterns between genders, providing a strong incentive to 455

investigate the impact of those patterns on the propagation of a disease in a population. 456

Female-female contacts showed greater off-diagonal contacts, and female-to-male 457

per-capita contacts were substantially higher than the reverse, a finding reinforced by 458

the larger dominant eigenvalue of the female-to-male matrix. This observation of higher 459

and more varied contacts among females is consistent with findings from the analysis by 460

Doerre et al. [36] on the POLYMOD data for Germany. While their study used 461

pre-pandemic data, our work confirms these structural patterns using data collected in 462

Italy during the pandemic. 463
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Starting from a SLIR framework including deaths, we thus built a series of 464

data-driven model versions incorporating various combinations of age- and 465

gender-stratified features. Namely, we considered a generalized contact matrix stratified 466

by both gender and age, an age- and gender-dependent IFR and a phenomenological 467

coefficient accounting for differences between genders in other disease-related behaviors. 468

We first calibrated each model against weekly data collected during the second wave of 469

the COVID-19 pandemic in Italy (September 14, 2020 to February 21, 2021), using data 470

aggregated by both age and gender. We then conducted a comprehensive performance 471

evaluation, first by assessing goodness of fit, and second by assessing their ability to 472

reproduce mortality trends on disaggregated data (by gender only, by age group only, or 473

by age and gender), that were not used to calibrate the model. 474

All eight models provided a qualitatively plausible fit of the aggregated mortality 475

data. However, a quantitative comparison showed that models incorporating 476

gender-stratified contact patterns (C, CI, CB, CIB) performed significantly better than 477

those without. This initial finding suggests that contact patterns are the most dominant 478

feature allowing to obtain a quantitative agreement with aggregated mortality data. 479

Interestingly, the differences between the top-performing C-models (C, CI, and CIB) 480

were not statistically significant, suggesting that incorporating gender-stratified IFR or 481

behaviors into the model, in addition to gender- and age-dependent contact patterns, do 482

not provide an additional benefit for the fit to aggregated mortality data. 483

This finding was reinforced by the analysis of the age-disaggregated data. Indeed, 484

when mortality was disaggregated by age alone, models including gender-stratified 485

contacts (C-models) outperformed the others across every age group. Among these, the 486

model combining gender-stratified contacts and IFR (model CI) proved to be the most 487

robust, achieving the best or statistically equivalent performance across all age 488

categories. Hence, introducing gender-dependent contact patterns into a model can 489

yield benefits that might extend beyond the description of gender-specific outcomes: 490

indeed, incorporating this feature (contacts) improves the models’ ability to capture 491

underlying age-based patterns. 492

Gender-stratified IFR also played a major role, and in particular taking them into 493

account was necessary to reproduce the empirical higher mortality among males with 494

respect to females. Moreover, this feature was most effective in improving performance 495

when introduced in combination with gender-stratified contacts. Indeed, when 496

disaggregating by gender alone, the model combining gender dependence in both 497

contacts and IFR (CI) was the best performer for both males and females. This 498

highlights the importance of including differences in mortality risk between genders, but 499

also suggests that taking into account gender differences in biological vulnerability 500

(IFR) alone is insufficient without also accounting for differences in contact patterns. 501

The role of the phenomenological description of differences in gender-stratified 502

behaviors, such as adherence to NPIs or self-induced contact reduction, was more 503

complex. Introduced in isolation (model B), it produced a good description of female 504

mortality data (second-best model), while performing poorly for male mortality data. 505

Moreover, in the study of mortality data fully disaggregated by age and gender, its 506

inclusion was crucial for achieving the best performance in specific groups, namely to 507

describe the mortality of older males (model CIB) and younger females (models CIB 508

and IB). 509

Overall, the inclusion of gender-dependent features in the models tended to penalize 510

the description of female mortality data in favor of reproducing male mortality. This 511

trade-off is evident when looking at the different results for the 60+ y.o. age group in 512

the fully disaggregated analysis. This group is by far the most impacted, with a 513

substantially higher number of deaths. On the one hand, the baseline age-dependent 514

model, with no gender-dependent features (0), captured best the mortality curve for 515
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females but substantially underestimated deaths among males, making it the 516

worst-performing model in this regard. Moreover, the inclusion of all three 517

gender-stratified features (model CIB) amplifies the shift of simulated data toward 518

higher male mortality and lower female mortality, leading this model to achieve the best 519

performance for male mortality data but the poorest performance for female mortality. 520

The sensitivity analysis done by using MAE as evaluation metric confirmed the 521

robustness of our main conclusions, with the top-performing models in each analysis 522

remaining consistent. 523

Our findings highlight that the impact of including gender-related heterogeneities in 524

models is context-dependent: their contribution to model accuracy depends both on the 525

epidemiological characteristics of the subgroup under consideration and on the nature of 526

the heterogeneity being modeled. Even in contexts where outcome data are aggregated 527

by gender—as was the case for the mortality data used to fit our models—incorporating 528

gender-specific features can improve the realism of the simulations, particularly when 529

the focus is on specific subpopulations. In practice, this suggests that models intended 530

to inform public health interventions would benefit from incorporating gender-specific 531

features, especially when aiming to evaluate impacts within subgroups where such 532

differences are substantial. 533

The work presented in this study comes with several limitations. First and foremost, 534

it is important to stress that our goal was not to develop a predictive model aimed at 535

forecasting the pandemic trajectory. The model fitting was used to ground our 536

simulations in data, but the primary aim was to understand the impact of gender 537

differences in epidemic modeling, in a data-driven way, and to identify which features 538

play the most prominent role in the results. Secondly, it is important to note that our 539

approach uses the term “gender” to refer to a set of characteristics that, in reality, 540

include both biological sex-related factors and socially constructed gender-related 541

factors. This choice was made due to data limitations that preclude a complete 542

separation of these concepts and to the lack of data allowing for a representation 543

beyond the binary classification. Future work would benefit from data that enables a 544

more nuanced treatment of sex and gender, including non-binary identities, as well as 545

the disentangling of biological and social determinants of health. Thirdly, we could not 546

include gender of children in our analysis, due to data availability. Despite the fact that 547

the role of children in the transmission chain of the first wave of the COVID-19 in Italy 548

is smaller than for other viruses such as influenza [73,74], differences in caregiving 549

patterns due to traditional gender roles may be a source of variation in exposure 550

between males and females [9]. Thus, contact patterns including children would have 551

been interesting to analyze and should be included in works of this kind. Additionally, 552

in deriving the gender-specific IFRs, we weighted the contributions of males and females 553

by their respective population shares rather than by the proportion of infections. While 554

this assumption was necessary to ensure consistency with the aggregate age-stratified 555

IFRs reported in the literature [49], it does not account for the fact that the ratio of 556

infected males to females may dynamically deviate from the population ratio during the 557

epidemic. Furthermore, we introduced behavioral differences not included in contact 558

patterns in a deliberately simple way so as not to overcomplicate the framework or deal 559

with an excessive number of fitting parameters. Future studies could explore more 560

complex, ideally data-driven, representations of gendered behavioral differences. We 561

also did not consider vaccination, as our simulations ended in February 2021 and 562

COVID-19 vaccination in Italy began only in the very last days of December 2020, 563

making its impact negligible in the first weeks of 2021. Nonetheless, incorporating 564

vaccination in future models could be valuable, particularly in the light of documented 565

gender differences in vaccine hesitancy [11,12] and the impact of vaccination on contact 566

behavior [39]. Additionally, a potential extension of this research would be to perform 567
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the model calibration directly on the disaggregated data. Our study was designed to fit 568

models to aggregated mortality data and then evaluate their ability to explain 569

disaggregated trends—a common scenario when detailed data is unavailable for 570

calibration. By fitting directly to age- and gender-specific data, future analysis could 571

determine whether the model selection outcomes change, revealing if the trade-offs 572

observed here persist, and providing an even more granular understanding of which 573

features are essential for specific demographic groups. Finally, our analysis focused 574

exclusively on Italy. While this allowed for a detailed data-driven investigation, social 575

contact patterns and gender roles vary across cultures. However, the framework 576

developed here is general and can be readily applied to other countries where age- and 577

gender-stratified data are available. Extending this analysis to other geographic 578

contexts would be of great interest to investigate how the impact of gender-related 579

variables on epidemic spread varies across different societies. 580

In conclusion, this study moves beyond the theoretical acknowledgment of gender 581

disparities in infectious diseases to provide a systematic, data-driven evaluation of their 582

impact within an epidemiological model. The results indicate that the inclusion of 583

empirically grounded features—such as differences in contact patterns and in mortality 584

risk—is not merely a refinement but can become a crucial step toward more accurate 585

simulations. Our findings underscore that the path to improving epidemiological models 586

lies in the careful, context-specific integration of key demographic and social structures. 587

Acknowledgments 588

ADG and DP acknowledge support from the Lagrange Project of the Institute for 589

Scientific Interchange Foundation (ISI Foundation) funded by Fondazione Cassa di 590

Risparmio di Torino (Fondazione CRT). AB acknowledges support from the Agence 591

Nationale de la Recherche (ANR) project DATAREDUX (ANR-19-CE46-0008). The 592

authors gratefully acknowledge Alberto Uriales and Antonino Bella from the ISS 593
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48. Istituto Superiore di Sanità (ISS). Sorveglianza integrata COVID-19: i principali
dati nazionali;. Accessed: 2025-05-01. Available from: https:
//www.epicentro.iss.it/coronavirus/sars-cov-2-sorveglianza-dati.

December 19, 2025 22/24

 . CC-BY-NC 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 21, 2025. ; https://doi.org/10.64898/2025.12.19.25342675doi: medRxiv preprint 

https://www.salute.gov.it/portale/nuovocoronavirus/dettaglioNotizieNuovoCoronavirus.jsp?lingua=english&menu=notizie&p=dalministero&id=5154
https://www.salute.gov.it/portale/nuovocoronavirus/dettaglioNotizieNuovoCoronavirus.jsp?lingua=english&menu=notizie&p=dalministero&id=5154
https://www.salute.gov.it/portale/nuovocoronavirus/dettaglioNotizieNuovoCoronavirus.jsp?lingua=english&menu=notizie&p=dalministero&id=5154
https://www.google.com/covid19/mobility/
https://www.bsg.ox.ac.uk/research/research-projects/coronavirus-government-response-tracker#data
https://www.bsg.ox.ac.uk/research/research-projects/coronavirus-government-response-tracker#data
https://esploradati.istat.it/databrowser/#/it/dw/categories/IT1,POP,1.0/POP_POPULATION/DCIS_POPRES1/IT1,22_289_DF_DCIS_POPRES1_1,1.0
https://esploradati.istat.it/databrowser/#/it/dw/categories/IT1,POP,1.0/POP_POPULATION/DCIS_POPRES1/IT1,22_289_DF_DCIS_POPRES1_1,1.0
https://esploradati.istat.it/databrowser/#/it/dw/categories/IT1,POP,1.0/POP_POPULATION/DCIS_POPRES1/IT1,22_289_DF_DCIS_POPRES1_1,1.0
https://population.un.org/wpp/Download/Metadata/Documentation/
https://www.epicentro.iss.it/coronavirus/sars-cov-2-sorveglianza-dati
https://www.epicentro.iss.it/coronavirus/sars-cov-2-sorveglianza-dati
https://doi.org/10.64898/2025.12.19.25342675
http://creativecommons.org/licenses/by-nc/4.0/


49. Verity R, Okell LC, Dorigatti I, Winskill P, Whittaker C, Imai N, et al.
Estimates of the severity of coronavirus disease 2019: a model-based analysis.
The Lancet infectious diseases. 2020;20(6):669-77.

50. Peckham H, de Gruijter NM, Raine C, Radziszewska A, Ciurtin C, Wedderburn
LR, et al. Male sex identified by global COVID-19 meta-analysis as a risk factor
for death and ITU admission. Nature communications. 2020;11(1):6317.

51. Lauer SA, Grantz KH, Bi Q, Jones FK, Zheng Q, Meredith HR, et al. The
incubation period of coronavirus disease 2019 (COVID-19) from publicly reported
confirmed cases: estimation and application. Annals of internal medicine.
2020;172(9):577-82.

52. Ferretti L, Wymant C, Kendall M, Zhao L, Nurtay A, Abeler-Dörner L, et al.
Quantifying SARS-CoV-2 transmission suggests epidemic control with digital
contact tracing. science. 2020;368(6491):eabb6936.

53. Backer JA, Klinkenberg D, Wallinga J. Incubation period of 2019 novel
coronavirus (2019-nCoV) infections among travellers from Wuhan, China, 20–28
January 2020. Eurosurveillance. 2020;25(5):2000062.

54. Kissler SM, Tedijanto C, Goldstein E, Grad YH, Lipsitch M. Projecting the
transmission dynamics of SARS-CoV-2 through the postpandemic period.
Science. 2020;368(6493):860-8.

55. Centers for Disease Control and Prevention: COVID-19 Pandemic Planning
Scenarios;. https://www.cdc.gov/coronavirus/2019-ncov/hcp/
planning-scenarios.html#table-1.

56. Diekmann O, Heesterbeek JAP, Metz JAJ. On the definition and the
computation of the basic reproduction ratio R 0 in models for infectious diseases
in heterogeneous populations. Journal of mathematical biology. 1990;28(4):365-82.

57. Van den Driessche P, Watmough J. Reproduction numbers and sub-threshold
endemic equilibria for compartmental models of disease transmission.
Mathematical biosciences. 2002;180(1-2):29-48.

58. Liu Y, Gayle AA, Wilder-Smith A, Rocklöv J. The reproductive number of
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