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A B S T R A C T

Objectives: This study aims to address the heterogeneity among different age groups in terms of their susceptibility to and transmissibility of in
fectious diseases. It also seeks to understand how spatial disparities affect disease spread and local population responses to emerging and re- 
emerging infectious diseases (EIDs and REIDs).
Design/Methods: We developed a spatial age-stratified SEIR model using COVID-19 hospitalisation data from South Africa, focusing on the first two 
waves of the pandemic. This model incorporates contact matrices and demographic data to capture age-dependent and spatial variations in disease 
dynamics.
Results: The spatial age-stratified model produced more biologically plausible and accurate predictions compared to non-stratified models inves
tigated. It highlighted significant differences in COVID-19 risk and transmission across different age groups and regions, offering insights into 
targeted intervention strategies.
Conclusions: The proposed model demonstrates the importance of considering both age and spatial heterogeneity in mathematical models for in
fectious disease prediction. It provides a valuable tool for governments and public health officials, particularly in resource-limited settings, to 
develop more effective and targeted interventions. This model can be adapted for other EIDs and REIDs with similar dynamics, enhancing pre
paredness and response strategies.

1. Introduction

Infectious diseases such as smallpox, tuberculosis, HIV/AIDS and cholera have had significant impacts on humanity for centuries, 
resulting in millions of deaths [1]. Emerging and re-emerging infectious diseases (EIDs and REIDs) such as the bubonic plague, avian 
influenza, SARS-CoV and MERS-CoV and most recently, COVID-19 have resulted in major epidemics and pandemics due to increased 
global trade and travel [2]. Although infectious disease mortality has decreased over the years, the threat of infectious diseases is 
ever-present and disastrous. COVID-19 highlighted the importance of reliable surveillance programs to timeously detect and effec
tively respond to these EIDs and REIDs [2,3].
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Pathogenic virulence of infectious diseases is dependent on many intrinsic and extrinsic factors, including age [4]. Immunity to 
infection at the extreme ends of the age spectrum are due to a weak innate immune system and consequently higher susceptibility to 
infectious diseases, whereas regulation of the inflammatory response results in age differences seen in infection-related mortality. 
Diseases such as the Spanish influenza, Ebola, yellow fever and tuberculosis are more severe in younger children and adults, whereas 
SARS-CoV, COVID-19 and MERS-CoV are more severe from 40 years and older [5]. School-aged children between 5 and 14 years of age 
seem to have peak immune function in terms of severity of infectious diseases [6]. In addition to virulence, transmission through 
contact patterns differ across age-groups. Early in the COVID-19 pandemic, studies showed that adults aged between 20 and 49 years 
old maintained transmission and introducing mass vaccination in those age-groups will bring resurgent epidemics under control [7].

South Africa, as with many developing countries, has a young population, where 63 % of the population is below the age of 35 years 
old [8]. In addition, there are substantial spatial disparities in the country concerning the quality of and access to basic and critical 
healthcare services, running water, and sanitation (discussed in detail in Ref. [9]). These disparities lead to significant variations in 
how the diseases spread and the resources available to mitigate their effects at both individual and community levels. In the early 
stages of the COVID-19 pandemic, many governments required the introduction of interventions such as ‘lockdowns’ to restrict 
mobility and spread of the disease. However, the capacity of the majority of the South African population to self-isolate, as well as the 
detrimental effect on an already significant wealth gap, means that surveillance programs to monitor and respond to EIDs and REIDs 
need not only consider epidemiological factors but country-specific limitations.

Mathematical models have been used widely in epidemiology to understand disease transmission dynamics as well as to predict the 
impact of the disease and inform how governments will respond. The work presented here has applied a spatial age-stratified SEIR 
model to the COVID-19 pandemic in South Africa. Although it uses COVID-19 as the focus disease, the aim of this study is to provide a 
general predictive framework that can be used for future EIDs and REIDs that have similar disease dynamics and where heterogeneity 
exists between age-groups and spatial areas.

1.1. Overview

This section details the development of an advanced SEIR (Susceptible-Exposed-Infected-Recovered) model designed to simulate 
the spread of infectious diseases, incorporating both spatial and age-stratified components. The basic SEIR model, which is well- 
documented in epidemiological literature, serves as the foundation [10]. The basic SEIR model is expanded by introducing addi
tional compartments to capture the varying severity of the disease and potential outcomes. The compartments in this extended model 
include: Susceptible (S), Exposed (E), Asymptomatic (A), mild Infections (I), General Ward hospitalisations (GW), Intensive Care 
hospitalisations (ICU), Recovered (R), and Deceased (D). This structure allows for a more nuanced simulation of disease progression, 
accommodating different clinical outcomes and severities of infection, which are relevant when modelling the hospitalisations. The 
SEIR model is extended to include spatial elements and is further refined by stratifying the population into different age-groups. This 
stratification accounts for age-specific variations in susceptibility, contact rates, and disease severity. The final model integrates these 
extensions into a comprehensive framework. The model uses a system of differential equations to simulate the transitions between 
compartments for each age-group and spatial unit. This advanced SEIR model allows for the simulation of disease dynamics across 
different geographical areas and age-groups, providing a detailed understanding of disease spread and helping to inform public health 
interventions.

1.2. The spatial component

The spread of infectious diseases relies on the movement and interactions of infected individuals with susceptible people, therefore 
assuming uniform interaction [11] across a population in SEIR models is unrealistic. Similarly, treating each area independently and 
then aggregating results ignores interactions between regions. To address these issues, the SEIR model presented here is enhanced with 
a spatial mobility matrix [12] that captures the interactions between different spatial units, allowing a proportion of exposed in
dividuals in one area to infect susceptible individuals in another. This matrix, defined as W, incorporates the spatial influence that each 
unit exerts on others, ensuring realistic modelling of disease spread across geographical boundaries. Consequently, each SEIR 
compartment is replicated for all spatial units, modifying the differential equations to account for these spatial interactions.

1.3. Age-stratification

For many infectious diseases, age-specific variations have been found to exist both for susceptibility to infection, and for the 
severity of the disease [13]. With respect to severity, one needs to consider both the probability of the infection being symptomatic 
[14], also referred to as the clinical fraction by Ref. [14], and the probability of hospitalisation or death of symptomatic cases. For both 
these probabilities, age is an important factor [15]. Infectious diseases are also spread through contact and subsequently higher contact 
rates of infected individuals lead to higher transmission rates. It is well known that contact rates vary substantially by age-group, with 
children tending to have far more contacts than older people [16]. As a result, age-varying contact matrices, together with age-specific 
susceptibility and age-specific severity parameters, are all important in understanding the dynamics of the spread of an infectious 
disease. Adding age-stratification to the model is therefore important for better accuracy in estimating the transmission rates of the 
disease.
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1.4. Contact matrices

When adding age-stratifications in models, the rate of mixing or frequency of contact between age-groups needs to be included 
[17]. Contact matrices show the average number of interactions between two age-groups per day. They are necessary in modelling the 
spread of contact-transmissible infectious diseases as they show the transmissibility of a disease across various age-groups. Let cij 

denote the number of contacts that an individual in age-group i has with an individual in age-group j in a day, where i, j ∈ {1,2,3,4}, 
where 1 = age group 1, 2 = age-group 2, 3 = age-group 3 and 4 = age-group 4. These contact rates were scaled to obtain c*

ij, which were 
used to appropriately scale the R0 for each geographical area: 

c*
ij =

(
cij − c

σc

)

+ 1.

In this equation, cij represents the original contact rate between age group i and j, c is the mean of all contact rates, and σc is the 
standard deviation of the contact rates. By subtracting the mean and dividing by the standard deviation, we standardise the data, and 
then adding 1 ensures that the resulting scaled contact rates have a mean of 1.

This approach allows us to maintain the relative proportions and variations in the contact rates while averaging out to the original 
R0 value when applied to the basic reproduction number (R0).

1.5. Age-specific susceptibility

Older adults, particularly those aged 65 and above, are more susceptible to severe illness and mortality from infectious diseases 
compared to younger individuals. Immunosenescence, the age-related decline in immune function, is a key factor contributing to 
increased susceptibility in older adults [18]. Age-related changes in both innate and adaptive immune responses, such as reduced T-cell 
function and impaired antibody production, may compromise the ability to mount an effective immune defense against pathogens 
[19]. Conversely, children and younger individuals generally exhibit lower susceptibility to severe illness and mortality from infec
tious diseases. This phenomenon has been observed in various viral and bacterial infections. Factors such as a more robust innate 
immune response, higher levels of mucosal antibodies, and differences in receptor expression or distribution may contribute to their 
relative protection [20].

Let si, i ∈ {1,2,3, 4} denote the age-specific susceptibility. Since the age-specific susceptibility is based on the risk-ratio, we have 
that 0 ≤ si ≤ 1.

1.6. Age-specific transmission rates

An important set of parameters are the age-dependent transmission rates, βij, which indicate the rate of disease transmission from 
age group j to age group i. These infection rates factor in the age differences from both the contact matrix and the relative susceptibility 
(si for age group i), and can be defined using the following relationship: 

βij =
ζ R0c*

ijsi

di
(3) 

where: R0 is the overall reproductive number of the infectious disease, defined as the average number of secondary infections caused 
by a single infected individual in a completely susceptible population [14], ζ is the scaling factor for R0 to account for any 

Fig. 1. Spatial age-stratified extended SEIR model structure with transition parameters.
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interventions, c*
ij is the age-specific scaling factor derived from the contact matrix, based on the number of contacts that an individual 

in age group i has amongst the sub-population of age group j and dj is the mean duration of the infectious period for individuals in age 
group j, calculated as: 

dj = p1jδj +
(

1 − p1j

)
ρj (4) 

with p1j being the proportion of asymptomatic infections for age group j; δj being the number of days with asymptomatic infection, for 
age group j; and ρj being the number of days with mild symptomatic infection for age group j.

The full model is shown in Fig. 1.

2. Application to COVID-19 in South Africa

The age-stratified spatial SEIR model was developed to simulate the spread of COVID-19 in South Africa. This model incorporates 
variations in susceptibility, transmission dynamics, and disease severity as outlined, across different age-groups and geographic lo
cations. The population is divided into four age-groups (0–19, 20–44, 45–59 and 60+), and the model was applied at district level (for 
52 geographical areas). Only the first two waves of the pandemic are considered as this was before COVID-19 vaccines were introduced 
to the population. The first COVID-19 wave in South Africa occurred from June 7, 2020 to August 22, 2020, and the second COVID-19 
wave occurred from November 15, 2020 to February 6, 2021. Only one wave of the pandemic is estimated at a time due to assumptions 
of temporary immunity.

For comparison purposes, the default (non-stratified) model was run using the average parameter values for all age-groups. The 
combined results from the GW and ICU components were then compared to the National Institute for Communicable Diseases (NICD) 
hospital surveillance data [21]. Note, however, that the NICD hospital data retrieved were not a complete reflection of all hospital
isations in South Africa since at the time of the hospitalisation peak during wave 1, only 340 of the 791 facilities had reported their 
COVID-19 hospital admission data.

2.1. Parameterisation

The model is parameterised using both literature and available data. The model uses data from South Africa, parameterised with 
estimates from global studies where necessary. The model presented in this paper is an adaption of the model presented in Refs. [9,12], 
which much of the parameters obtained are based off. The details of the parameters are discussed in the sections below according to 
their categorisation namely: wave and variant related parameters, spatial-related parameters, hospitalisation parameters and finally 
other important epidemiological key parameters. The details on the estimation methodology are detailed in the supplementary.

2.2. Waves, variants and associated scaling

Only the first two waves in South Africa are presented. The predominant variants during these periods are the ancestral strain and 
the Beta (B.1.351) variant, respectively [22]. The South African government implemented a risk-adjusted strategy with different 
lockdown levels, which were factored into the model by adjusting the basic reproduction number (R0) using scaling factors derived 
from effective reproduction numbers during these lockdowns.1

2.3. Spatial weights and contact matrices

The spatial weights or mobility matrix were derived from cell phone location data (data shared with the research team for use under 
ethics approval NAS107/2023), indicating the movement probabilities between districts over all age groups as a whole. The contact 
matrix, showing average daily interactions between age-groups, was used to adjust transmission rates to be age-specific [17]. Younger 
individuals had higher daily contacts, influencing the spread dynamics. Age-specific susceptibility values were estimated based on risk 
ratios, with younger age-groups having lower susceptibility. These parameters were obtained from the literature stated and assumed to 
be fixed. A sensitivity analysis was performed to assess the variability resulting from the stratification.

2.4. Age-dependent parameters and hospitalisation rates

Hospitalisation data from the Gauteng DATCOV system (data shared with the research team for use under ethics approval NAS107/ 
2023) provided age-specific rates for the progression of cases from general wards to ICUs and recovery or death. The length of stay in 
general wards and ICUs varied by age-group, with median values used in the model. These parameters allowed for a detailed simu
lation of the progression of severe cases within the hospital system. DATCOV was established as the national surveillance system for 
COVID-19 hospital admissions, with public and private hospitals reporting to the system by the end of 2020 [35]. It is the most 

1 https://www.google.com/url?q=https://www.cogta.gov.za/index.php/2020/04/29/risk-adjusted-strategy-gazetted-regulations-in-the- 
schedule/&sa=D&source=docs&ust=1720519204854447&usg=AOvVaw30bNaAwWEbi7IkZRHrUdfn.
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complete source of COVID-19 hospitalisations and several routine data quality assurance steps were made to minimise errors.

2.5. Other key parameters from literature

For the age-stratified model, the key parameters given in Table 1 are assumed to be the same across all ages and across both first and 
second waves. This assumption could be relaxed if there are data available to obtain these estimates.

2.6. Under-counting and seeding

The model accounted for under-counting of cases by scaling reported infections and deaths based on estimates of the actual versus 
reported numbers. It assumed that asymptomatic cases were three times the number of symptomatic infections [9,23]. Initial values for 
susceptible, infected, and other compartments were calculated based on mid-year population estimates for 2020 [24], adjusted for 
under-counting of infections.

2.7. Uncertainty analysis

To investigate the sources of uncertainty due to age-dependent parameters, this paper focuses primarily on sensitivity analysis from 
a parametric perspective particularly on the age-dependent parameters to assess the model’s sensitivity towards the stratification. A 
sensitivity analysis was conducted to understand the impact of parameter changes on the performance of the model [S5.9]. Sobol 
indices quantified the influence of individual age-varying parameters on the output and a one-by-one analysis was done on other key 
parameters. The analysis revealed that total hospitalisations were not highly sensitive to transmission probability but were more 
sensitive to age-specific hospitalisation rates, particularly for mild infections progressing to hospitalisation in younger age-groups. For 
the non age-varying parameters, total hospitalisations were most sensitive to the proportion of asymptomatic infections. A one-at a 
time sensitivity analysis was also conducted on the key parameters as stated in Table 1 to further investigate the uncertainty that arises 
from the other parameters. For the one at a time sensitivity analysis of the key parameters, each parameter was sampled uniformly 
from a range stated in Table S8 and the total hospitalisations were calculated based on the outcome since the hospitalisations are a key 
feature in the analysis.

The model was then simulated over 1000 simulations to produce a range of outcomes in an attempt to capture the inherent un
certainty. The sources of uncertainty in the simulations arise from the variations in the key parameters that are given in Table 1, 
capturing some of the parameter uncertainty that would exist. The parameters which are varied and the ranges are listed in Table 1. It 
is important to note that variability in the parameters obtained from literature were not included in the simulations. Variation in the 
spatial and age-related parameters would impact these results, and though they are not included in the stochastic simulations, their 
impact is understood by means of the sensitivity analysis conducted on those.

3. Results

3.1. First wave

Fig. 2 shows a comparison of the hospitalisation results per age-group for both the age-stratified and default (non-stratified) models 
for wave 1. It can be seen from this figure that the hospitalisation of children (age-group 1) and younger adults (age-group 2)are greatly 
over-estimated in the default model. This large over-estimation is due to these age-groups having the largest population yet having the 
same levels of susceptibility and hospitalisation as the older age-groups in the default model. The age-stratified model, however, uses 
the age-specific parameters and therefore clearly indicates that children did not require the same need for hospitalisation as the older 
age-groups during the COVID-19 pandemic.

The recorded hospitalisation data indicate that in-hospital COVID-19 cases peaked on August 1, 2020 during wave 1. Fig. 3 shows 
the number of hospitalisations per district and per age-group that were predicted by the model at that time. Although Fig. 3 only 
displays one snapshot in time, the full set of results indicated that the spatial age-stratified model was able to capture the spatial 
variation in terms of magnitude and timing of hospital peaks across the districts. The highest levels of hospitalisations are predicted for 
the working age groups (ages 20–59 years), in the three metropolitan municipalities, Johannesburg, Ekurhuleni and Tshwane, forming 
the Gauteng City Region. Higher hospitalisation rates are also predicted for the Ethekwini and Ehlanzeni municipalities, which, like the 
Gauteng City Region, are the economic hubs of the Kwazulu Natal and Mpumalanga provinces respectively. There is a higher degree of 
mobility in these areas in the age groups 20–59, as these are the economically active age groups whose mobility is associated with work 
in these large city regions.

A comparison of total predicted hospital cases to the hospital cases recorded nationally for wave 1 are given in Fig. 5. In this figure, 
it can be seen that the hospitalisations are much closer to the actual reported hospital admissions than those given by the default 
model. However, one should note that the actual cases are under-reported due to not all the facilities reporting their data.

3.2. Second wave

The hospitalisation results for the second wave give a similar pattern by age-group to that of the first wave, as shown in Fig. 4 but 
with higher peaks. Age-group 3 (ages 45–59), however, does have the highest number of hospitalisations in the age-stratified model, 
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while the default model indicates age-group 1 (ages 0–19) and age-group 2 (ages 20–44) had the highest number of hospitalisations 
since these are the age-groups with the largest population.

Similarly to wave 1, the age-stratified model gives better predictions of hospitalisations than that of the default model, as shown in 
Fig. 5. Fig. 5 shows the predictions and actual values of wave 1 and wave 2 side by side. From this plot one can see the difference in 
magnitude of the hospitalisation peaks between wave 1 and wave 2, which was a clear effect of the increased transmissibility of the 
Beta variant that was prevalent during wave 2. However, discrepancies are observed between the model’s predictions and actual 
hospitalisations during the intervals between and after waves. These differences may be attributed to limitations in the model, such as 
assumptions around contact rates and changes in public health interventions, as well as variability in the accuracy of reported hos
pitalisation data during these periods.

4. Discussion

The COVID-19 spatial age-stratified SEIR-type model presented can predict hospitalisations better than a non-stratified model 
would.

In order to obtain realistic infectious disease models, age needs to be factored in, since age-groups mix heterogeneously, and most 
risk of infection is dependent on age, and vaccination programmes are age specific [25]. In addition, the number of contacts that people 
in the same age-groups have will be more similar than those in different age-groups, and that results in different transmissibility rates 
across age-groups. Infectious diseases such as measles are more prevalent in children due to the inherent immunity that develops once 
infected and/or because of national immunisation programmes that countries offer for babies and children. The clinical severity of 
measles, however, is worse for children under five years old and for adults older than 20 years of age for unvaccinated people2 [26]. 
Rubella, another infectious disease, usually results in mild illness, but affects infected pregnant women through their unborn children 
as it can cause miscarriage or major birth defects, and so any model needs to differentiate between the different transition rates for 
women of reproductive age as well their contacts with unvaccinated children who may acquire the infection through school and 

Table 1 
Key parameters from literature.

Parameter Description Estimate Interval Reference

rai Relative infectivity of asymptomatic cases 0.75 [0.7,0.8] [23]
1
γi

Number of days in incubation 2 [2,6] [9]

1
δi

Number of days with asymptomatic infection 7 [3,7] [9,23]

1
ρi

Number of days with symptomatic infection 7 [3,7] [23]

p1i Proportion of asymptomatic infections 0.75 [0.65,0.85] [9,23]

Fig. 2. Comparing (a) age-stratified to (b) default model for wave 1.

2 https://www.cdc.gov/measles/symptoms/complications.html.
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transmit the disease to their families.3 Age-stratification has been incorporated in models of COVID-19 [27–29]. They have determined 
that by accounting for age-specific rates and the age structure, an important element of the transmission risk of COVID-19 has been 
incorporated which results in better predictions.

Fig. 3. Predicted hospitalisations per district and per age-group for wave 1 at the recorded hospital peak (August 1, 2020).

Fig. 4. Comparing (a) age-stratified model to (b) default model for wave 2.

3 https://www.cdc.gov/rubella/about/transmission.html.
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Infectious diseases that are widespread over an entire country or across geographic boundaries such as Ebola virus disease, require 
an element of spatial modelling and the inclusion of mobility data, to understand the spread and for countries to determine quick and 
effective response strategies [30]. In addition, the spatial disparities that exist within a country in terms of resource capacities, societal 
capacities and different movement patterns requires that spatial stratification is included within models to provide more nuanced 
predictions [9]. In a world that is increasingly feeling the impacts of climate change, the risk from pathogens is heightened resulting in 
more potential transmission events [31]. Emerging and re-emerging infectious diseases such as SARS, MERS, H1N1, avian influenza, 
yellow fever, and the most widespread, COVID-19, have demonstrated the enormous need for the public health community to un
derstand the spatial spread in the transmission dynamics of these diseases [32].

Grave, Viguerie, Barros et al. [33] have used partial differential equations to incorporate spatial heterogeneity in the spread of 
COVID-19 and have found that the predictions are in good agreement with real-world epidemiological data in different location 
settings. Fabris-Rotelli, Holloway, Kimmie et al. [9] have shown how a spatially-explicit model can improve the planning and prep
aration for COVID-19, especially at lower-level spatial units.

There has been a wave of severe infectious disease outbreaks in the 21st century, especially in the face of major global changes such 
as population growth, technological developments and climate change [34]. These emerging and re-emerging diseases are becoming 
more transmissible and widely spread and require modellers to develop more real-time, accurate models to determine the spread and 
impacts in terms of deaths and hospitalisations. This requires models to incorporate different demographics, such as age, to account for 
the fact that different demographic groups are heterogeneous and often have differing dynamics; as well as spatial-level heterogeneity. 
Diseases often begin with a localised outbreak that has the potential to spread at a local-scale, national-scale and across country 
boundaries. The more realistic a model is, and if able to provide more accurate predictions, the more useful it is to governmental 
institutions making intervention decisions, especially in the beginning of a disease outbreak or pandemic. It allows them to be better 
prepared for mitigating the impacts of these diseases in a timely and efficient manner, especially in resource-constrained settings.

5. Conclusion

Models that account for age differentials in disease transmission dynamics and describe variations in spatial distributions are more 
biologically plausible, whilst providing more nuanced and accurate predictions. This allows for better planning tools for governments 
to use, especially in the face of an increasing and devastating number of emerging and re-emerging infectious diseases.

Fig. 5. Comparison of hospitalisations for waves 1 and 2 - model predictions with 95 % uncertainty intervals and actual recorded data.
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