
OR
IG
IN
AL

AR
TI
CL
E

International Health 2021; 13: 514–519
doi:10.1093/inthealth/ihab006 Advance Access publication 3 March 2021

Global epidemiology and socio-economic development correlates
of the reproductive ratio of COVID-19

Lutz P. Breitling ∗

Augsburg University Hospital, Department of Gastroenterology, Rheumatology and Infectiology, Stenglinstr. 2, 86156 Augsburg,
Germany

∗Corresponding author: Tel: +0049-821-400-2351; Fax: +0049-821-400-3331; E-mail: lutz.breitling@uk-augsburg.de

Received 25 August 2020; revised 25 November 2020; editorial decision 26 January 2021; accepted 12 February 2021

Background: Themost commonly cited argument for imposing or lifting various restrictions in the context of the
coronavirus disease 2019 (COVID-19) pandemic is an assumed impact on the reproductive ratio of the pathogen.
It has furthermore been suggested that less-developed countries are particularly affected by this pandemic.
Empirical evidence for this is lacking.

Methods: Based on a dataset covering 170 countries, patterns of empirical 7-d reproductive ratios during the
first months of the COVID-19 pandemic were analysed. Time trends and associations with socio-economic de-
velopment indicators, such as gross domestic product per capita, physicians per population, extreme poverty
prevalence andmaternalmortality ratio, were analysed inmixed linear regressionmodels using log-transformed
reproductive ratios as the dependent variable.

Results: Reproductive ratios during the early phase of a pandemic exhibited high fluctuations and overall strong
declines. Stable estimateswere observed only several weeks into the pandemic, with amedian reproductive ratio
of 0.96 (interquartile range 0.72–1.34) 6 weeks into the analysis period. Unfavourable socio-economic indicators
showed consistent associations with higher reproductive ratios, which were elevated by a factor of 1.29 (95%
confidence interval 1.15 to 1.46), for example, in the countries in the highest compared with the lowest tertile
of extreme poverty prevalence.

Conclusions: The COVID-19 pandemic has allowed for the first time description of the global patterns of re-
productive ratios of a novel pathogen during pandemic spread. The present study reports the first quantitative
empirical evidence that COVID-19 net transmissibility remains less controlled in socio-economically disadvan-
taged countries, evenmonths into the pandemic. This needs to be addressed by the global scientific community
as well as international politics.
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Introduction
The basic reproduction number R0 indicates the average number
of individuals infected by each case of an infectious disease in-
troduced into a fully susceptible population.1 Once the transmis-
sion dynamics of a novel pathogen are understood in detail, reli-
able estimates of R0 are particularly useful for theoretical analy-
sesmodelling the impact of control interventions.2–4 On the other
hand, the empirical reproductive ratio of new cases per time unit
divided by cases during the preceding time unit (Re) is a directly
observable epidemiologic correlate of disease dynamics in the
real world.5 In the early course of a pandemic caused by a novel

pathogen, little is known about issues such as the timing of infec-
tiousness and generation of new cases. Thus only measures such
as Re are available to inform policymakers for decision making
and justifying the introduction or lifting of interventions that may
reduce disease spread but that may come at substantial social
and economic costs.2,3
Governmentsworldwide have taken unprecedentedmeasures

to slow the spread of coronavirus disease 2019 (COVID-19).3,6
It has been suggested that the pandemic might be particularly
detrimental in less-developed countries.7 However, empirical ev-
idence on whether COVID-19 net reproduction is higher in disad-
vantaged countries is lacking.
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As outlined in a pertinent World Health Organization (WHO)
global report in 2012, the relationships between poverty and
infectious disease risk are manifold and encompass factors such
as reduced access to healthcare, lack of general and health edu-
cation,malnutrition and environmental and living conditions that
increase the risk of contracting disease.8 A comprehensive liter-
ature review found household crowding, which is closely related
with household size and lower income, contributes substantially
to the burden of gastrointestinal and respiratory disease.9 Gross
domestic product per capita was found to be a useful indicator
of infectious disease risk in a study focussing on economic down-
turns in Europe.10
With the pandemic spread of COVID-19 in 2019–2020, data

for global analysis of the distribution and evolution of Re esti-
mates during a pandemic event have become available for the
first time. The purpose of the present study was 2-fold, namely to
explore the global pattern of observed Re values during the first
months of the COVID-19 pandemic and to analyse if COVID-19
transmission dynamics as measured by Re are less controlled in
socio-economically disadvantaged countries, which could result
in a vicious cycle leading to yet greater inequality and hampered
socio-economic development.

Methods
Data on confirmed COVID-19 cases by date and country were ob-
tained from the COVID-19 Government Response Tracker project,
which also compiles information on implemented control strate-
gies such as physical distancing and contact tracing.6,11 These
data were combined with relevant country-level socio-economic,
disease burden and development indicators obtained from a va-
riety of recognized curated sources.12–15
In brief, theWorld Bank provides access to a large compilation

of socio-economic country-level indicators but also incorporates
health-related data. This encompasses data of the WHO Global
Health Expenditure Database, which is based on a regularly con-
ducted questionnaire study and provides estimates of health ex-
penditures per capita16; data of theWHOGlobal HealthWorkforce
Statistics, which estimates the number of physicians per popu-
lation, based on a standardized national reporting framework17;
data onmaternalmortality froma joint study ofmultinational or-
ganizations18; data on fertility rates, combining information col-
lected from the United Nations Population Division, the United
Nations Statistical Division and national and international statis-
tical offices; data on the mortality rate of children <5 y of age
estimated by the Group for Child Mortality Estimation, a coop-
eration of international agencies (www.childmortality.org); stan-
dardized and comparable data on the prevalence of child malnu-
trition based on the joint child malnutrition estimates provided
by the United Nations Children’s Fund, the WHO and the World
Bank. Household size data were estimated by the United Nations
based on a compilation of censuses and household surveys. The
country-level burden of disability-adjusted life years was derived
by the Global Burden of Disease Study 2017, which estimated
these measures based on a multitude of sources, for example,
survey data, inpatient admission records and health insurance
claims.19 The World Bank Gini coefficient was calculated by the
World Bank Development Research Group and provides an esti-

mate of how income is distributed among the population of a
country; a Gini coefficient of 0 implies perfect equality, whereas
a Gini coefficient of 100 implies perfect inequality.
The academic Our World In Data (OWID) charity project pro-

vides another meta-database that allows access to tables com-
bining topical data from national sources, such as the number
of COVID-19 tests conducted by country and the date collected,
with relevant data from the World Bank, WHO etc.20 For the
present study, the aforementioned COVID-19 testing data were
downloaded fromOWID alongwithWorld Bank data on gross do-
mestic product per capita, population density, median age, pro-
portion of people>65 y of age, life expectancy and prevalence of
extreme poverty, that is, the proportion of the population living
on <1.90 international dollars per day.
The empirical 7-d reproductive ratio for any day and country

was calculated as the number of newly confirmed cases during
the last week divided by the number during the week before. This
7-d Re holds immediate appeal and is widely used because it lev-
els out weekend–weekday differences in reporting.5 More elabo-
rate definitions of Re are sometimes used that try to obtain more
accurate Re values by taking into account factors such as the dis-
tribution of reporting delays5,21; for the present global analysis,
such data were not available.
The distribution of Re was analysed using standard graphical

approaches and calculatingmedians (interquartile ranges [IQRs])
for selected time points. Infinite or zero Re were considered un-
defined and treated as missing values, as were 54 negative val-
ues that could result from retrospective revisions of national case
counts. Detailed analyses were restricted to a ‘robust’ subset of
the data,whichwas defined country-wise as the time period from
first exceeding a total of 500 confirmed cases, including at least
100 cases during the last week (‘robust’ day 0), until first dropping
below 50 cases during the last week. This was furthermore con-
sidered to imply mostly autochthonous transmission within each
country.
To further investigate the development of Re estimates over

time, amixed linear regressionmodel predicting log-transformed
Re was developed, controlling for linear and cubic time trends and
accounting for repeated measurements by including country as
a random effect.22 In this model, the log(Re) was modelled as
the sum of a country-specific random intercept, the time effect,
the effect of additional predictors, such as tertile categories of
the socio-economic indicators, and an error term. Since the Re
values within each country are not independent measurements,
but are less correlated the more time has elapsed between two
measurements, a continuous autocorrelated error structure was
used to correctly estimate regression parameters and confidence
intervals (CIs).22 All models were fit using the robust time period
as the time scale. To examine the role of country-level govern-
ment interventions for Re time trends, additional predictors were
introduced in the model one at a time, indicating whether each
intervention had been active 21 d before.
A total of 17 indicators covering socio-economic wealth, gen-

eral and healthcare-related development and economic inequal-
ity were analysed. The association of each indicator with Re was
estimated by including a categorical predictor defined by its ter-
tiles in the regressionmodel. This approachwas taken to allow for
non-linear associations, while avoiding problems with too small
numbers in each category. Based on exploratory results of the
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time trends, thesemodels were restricted to the data beyond the
28th robust day, when Re estimates within country appeared sta-
ble and there were no significant time trends left.
In sensitivity analyses, stricter robustness criteria (2000 con-

firmed cases, 250 in last week, no drop below 100 cases) were ap-
plied, the intervention time gap was varied from 28 to 0 d or the
stable time period was defined differently. A significance level of
0.05 was used throughout. All analyses were done using R 3.3.3
(R Foundation for Statistical Computing, Vienna, Austria) and an
extension package for mixed regression analysis.22

Results
Values of Re could be calculated for 174 countries. As shown in
Supplemental Figure S1, observed Re values showed strong fluc-
tuations, particularly during the first weeks of disease spread in
many countries, with a tendency to excessively large values. Data
from 140 countries with a total population >7 billion fulfilled the
criteria for robust analyses. Themedian time from first confirmed
case to reaching robustness was 35.5 d (IQR 26–55). The evolu-
tion of thesemore robust Re values over time is shown in Figure 1.
The spread of observed Re narrowed substantially over time, with
an IQR of 1.07–2.59 on the day 7 (median Re 1.57) of the robust
period and 0.72–1.34 on day 42 (median Re 0.96).
The observed Re overall tended to decline for about 2 months

and then approached a lower asymptote (Figure 1). In the mixed
linear regression model predicting log(Re), the time trends were
clearly significant and the 95% CIs around the estimated coef-
ficients for day and day2 clearly excluded the null effect (βday =
−0.035 [95% CI −0.039 to −0.031]; βday2 = 0.000 24 [95% CI
0.000 21 to 0.000 28]). These coefficients remained essentially
unchanged when countrywide interventions were controlled for
in the model (Supplemental Table S1). For those interventions
with CIs excluding the null effect, the associated reduction of
Re was by a factor comparable to the change associated with
advancing 2 d in the early robust period. Notably, the signifi-
cance of the interventions themselves was strongly dependent
on the choice of time lag (Supplemental Figure S2). When apply-
ing stricter robustness criteria, the time-trend coefficients were
attenuated to βday = −0.026 (95% CI −0.030 to −0.022) and
βday2 = 0.000 18 (95% CI 0.000 15 to 0.000 22) with altogether
unchanged patterns (Supplemental Table S1).
To facilitate the interpretation of the regression results for the

socio-economic indicators, the regression coefficient estimating
the log(Re) difference between the countries in the highest and
lowest tertile of each indicator was exponentiated. The expo-
nentiated coefficient then indicates the ratio of the average Re
in the highest vs lowest tertile. For example, an exponentiated
coefficient of 1.5 would mean that the average Re in the highest
tertile is 50% higher than in the lowest tertile (i.e. COVID-19
transmission is less controlled in the highest tertile). As shown in
Table 1, the effect estimates of most development indicators
analysed featured CIs excluding the null effect. The direction
of every single association was consistent with a higher Re in
more disadvantaged countries, regardless of whether indicators
relevant to health infrastructure, disease burden or other aspects
of human well-being and development were considered. For
example, the average Re in countries in the highest tertile of
average household size was 24% higher than in the countries in

Figure 1. Distribution of the empirical COVID-19 reproductive ratio over
time in 140 countries fulfilling criteria for robust analysis. The upper panel
shows the data of each country connected by lines, whereas the bottom
panel shows violin plots of the reproductive ratios at selected time points.

the lowest household size tertile. The strongest association was
seen for extreme poverty prevalence, where the highest tertile
was associated with a 29% higher average Re. In contrast, for
indicators such as gross domestic product or health expenditure
per capita, the highest tertile was consistently associated with
a lower average Re (−13% and −15%, respectively, for these
examples). These patterns were robust in sensitivity analyses
(Supplemental Table S2).

Discussion
The present data reveal that stable estimates of the reproductive
ratio of a novel pathogen emerge only several weeks into pan-
demic spread. Months into the COVID-19 pandemic, transmission
dynamics as estimated by the 7-d Re remained less controlled in
socio-economically disadvantaged countries, which is worrisome
on numerous levels.
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Table 1. Association of country-level socio-economic indicators with COVID-19 7-d empirical reproductive ratios (Re). The dataset analysed
included 6894 observations from 113 countries. Except for average household size (n=97), extreme poverty prevalence (n=80) and child mal-
nutrition prevalence (n=68), data were available for >100 countries

Socio-economic indicator Tertile cut-offs

Re fold-change in
highest vs lowest
tertile (95% CI)

Gross domestic product per capita (dollars) >21 546 vs ≤6367 0.87 (0.79 to 0.97)
Population density (people per km²) >119 vs ≤48 0.96 (0.87 to 1.06)
Average household size, n >4.5 vs ≤3.2 1.24 (1.12 to 1.37)
Median age (years) >34 vs ≤25 0.85 (0.77 to 0.94)
People >65 y of age (%) >10 vs ≤4 0.83 (0.76 to 0.92)
Life expectancy (years) >76.9 vs ≤70.8 0.84 (0.76 to 0.93)
Health expenditures (dollars per capita) >671 vs ≤115 0.85 (0.76 to 0.94)
Physicians per 1000 population, n >2.5 vs ≤0.7 0.85 (0.76 to 0.93)
Disability-adjusted life years lost due to any (rate per 100 000) >35 536 vs ≤27 396 1.06 (0.96 to 1.17)
Disability-adjusted life years lost due to communicable, maternal, neonatal and
nutritional diseases (rate per 100 000)

>7818 vs <2272 1.18 (1.07 to 1.30)

Disability-adjusted life years lost due to non-communicable diseases (rate per
100 000)

>21 657 vs <16 841 0.85 0.77 to 0.94)

Total fertility rate (births per woman) >2.8 vs <1.8 1.18 (1.07 to 1.29)
Extreme poverty prevalence (%) >8.6 vs ≤1.0 1.29 (1.15 to 1.46)
Child malnutrition prevalence (%) >29.2 vs <12.3 1.03 (0.91 to 1.18)
Mortality rate in children <5 y of age (per 1000 live births) >30 vs ≤8 1.15 (1.04 to 1.28)
Maternal mortality ratio (per 100 000 live births) >142 vs ≤19 1.13 (1.02 to 1.25)
World Bank Gini coefficient >41.4 vs ≤33.8 1.21 (1.10 to 1.34)

The steep decline in observed Re during the first weeks of the
pandemic spread of COVID-19 probably cannot be explained en-
tirely by altered transmission dynamics per se, given the minute
intervention effect estimates compared with the overall time
trends. In a recent interrupted time-series analysis of an earlier
version of the Government Response Tracker dataset, the intro-
duction of physical distancing reduced COVID-19 incidence by
13%.6 As most interventions were introduced early during the
pandemic (Supplemental Figure S3), when observed Re showed
a strongly negative correlation with time, time and intervention
effects may be hard to disentangle in a reliable way. This is also
supported by the smallest p-values being observed for implau-
sibly short time lags in the present study, although immediate
impacts on the epidemic curve have also been described by oth-
ers.23 Given the altogether small proportion of the population that
presumably had experienced disease during the first fewmonths
of the pandemic,7 the time trends also cannot be explained by
a depletion of susceptible individuals due to acquired immunity.
The consistent early Re declines presumably result from a com-
plex interplay of behavioural changes—partially caused by formal
interventions—with increasing awareness, testing and reporting
yielding more and more complete denominators.
Taken together, these findings urge caution when relying on

observed Re for policymaking in the early phase of a pandemic.
When trying to overcome this issue by modelling and simulation,
it is equally important to minimize potential biases in early esti-
mates of transmissibility,24 which in turn may lead to an overes-
timation when projecting case numbers or intervention effects.

With respect to the association of transmission dynamics with
development indicators, the current results present the first em-
pirical evidence that COVID-19 remains less controlled in the
most disadvantaged countries even months into the pandemic.
Uncontrolled spread in less-developed countries will be an ongo-
ing source of new cases spilling over to other regions. More impor-
tantly, it will foster global inequalities, putting increasing strains
on the least resourceful populations. This needs to be addressed
on the level of world politics, and the present resultsmay serve as
a grim reminder that substantial proportions of the global popu-
lation facemore serious adversity than toilet papermissing in the
supermarket.
It has long been recognized that poverty and infectious dis-

eases are part of a vicious cycle and despite remaining a chal-
lenge in countries around the globe, COVID-19 may become yet
another ‘disease of poverty’.8 The correlation of Re with socio-
economic development was very robust in the present study and
seemed consistent for almost all indicators examined. Differ-
ences between the different indicators should not be overinter-
preted and longitudinal microdata are needed to better under-
stand the detailed causal relationships producing these patterns.
Some additional remarks are nonetheless warranted. The rather
general indicators of socio-economic prosperity, such as gross do-
mestic product per capita, median age and life expectancy, con-
sistently showed a positive association with disease control. On
a structural level, this may reflect the general challenge of pub-
lic health authorities needing sufficient resources to implement
pertinent interventions,25 and the Re was also significantly lower
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in the countries with higher health expenditures and more physi-
cians per population. On an individual level, economic disadvan-
tages are associated with reduced compliance with shelter-in-
place protocols, even in highly developed settings.26
Average household size is a development indicator that has

a particularly close link to infectious disease transmission pro-
cesses.27 Household studies have been conducted for COVID-19
and found a substantially elevated risk of infection of household
contacts.28 The present results also showed that populations al-
ready experiencing a higher burden of poverty-related ill health
struggle more with controlling COVID-19, i.e. the Re remained
higher in countries with more disability-adjusted life years lost
due to communicable, maternal, neonatal and nutritional dis-
ease or higher mortality rates for children <5 y of age and ma-
ternal mortality ratios. Apart from average household size, the
strongest associations with higher Re were observed for more
prevalent extreme poverty and for greater economic inequality as
measured by theWorld Bank Gini coefficient. Interestingly, a simi-
lar association has recently been described for the state-level Gini
coefficient with COVID-19 incidence and mortality in Brazil.29 All
these aspects of development, health and well-being are highly
interrelated and the associations should not be interpreted as in-
dicating causal relationships.
Limitations of this work include the ecological and observa-

tional nature of the data and a lack of information on face mask
wearing and other hygiene recommendations. Whereas all data
for this study were obtained from reputable organizations and
curated databases, the heterogeneity of data sources presents
another limitation.

Conclusions
Infectious diseases have always been a particular burden for
socio-economically disadvantaged populations.8 The results of
the current work suggest that COVID-19 remained less controlled
in countries with worse socio-economic development indicators,
even months into the pandemic. There certainly is a danger that
thismightworsen global inequalities in the short aswell as longer
term. This needs to be addressed by policymakers and the in-
ternational health community alike. Decisive support for disad-
vantaged populations in the context of incipient vaccination pro-
grams could be a starting point. In the long run, continuous ef-
forts need to be maintained to reduce the burden of poverty-
related disease by promoting public health structures and com-
prehensive socio-economic justice and well-being around the
world.
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(http://inthealth.oxfordjournals.org).
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