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To understand the transmission dynamics of the prevailing pandemic 2009–10, due to the newly emerged
pathogen influenza A/H1N1 throughout India, we have
analysed the daily reported time-series dataset of the
first two waves and a comparative study has been
made for different regions of India. In order to quantify the early intensity of the strain, we have estimated
basic reproduction number (R0) through initial intrinsic growth rate method using standard deterministic
SEIR model and effective reproduction number (Rt)
through the stochastic SIR model using Bayesian
inference. The estimate of reproduction number for
India is 1.46 with 95% CI (1.15, 1.77), whereas for
different states, the reproduction number is between
1.03 and 1.75.
Keywords: Bayesian inference, influenza H1N1, pandemic, reproduction number.
THE presence of the highly pathogenic influenza A/H1N1
virus among human population in several regions of the
world, including India, has highlighted the urgent need
for taking some efficient preventive measure against the
latest pandemic. A novel influenza strain was first
detected in Mexico in March 2009, which rapidly spread
to different countries of the world1. In India, the first case
(exogenous) of H1N1 2009–10 pandemic was identified
on 17 May 2009 in Hyderabad and then it spread all over
the country at varied intensities in different states2. As on
17 May 2010, there were 31,924 laboratory-confirmed
cases in India and 1525 deaths were reported, i.e. 4.78%
of the cases tested positive for influenza A/H1N1 virus2,3,
hence estimating the strength of the epidemic is of great
concern.
The basic reproduction number (R0) is the most common
measure of this strength4,5 to understand the early epidemic situation. In a wholly susceptible population, R0 is
simply the number of secondary cases generated by one
primary case. When a fraction p of the population is effectively protected from infection, this quantity is known
as the effective reproduction number (Rp) and is related to
R0 by Rp = (1 – p)R0, assuming a well-mixed population6.
Whereas the effective reproduction number at time t,
denoted by Rt, is defined as the actual average number of
secondary cases per primary case at time t (for t > 0)7
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and is typically less then R0. Essentially, to quantify the
characteristic or strength of outbreak over time for the
whole epidemic span, effective reproduction number (Rt)
is commonly used, considering control strategies utilized
through public health policies, immunity developed in a
population, climatic variations, pathogen evolution, spatial
structure of the population along with all other interventions subject to the outbreak. The basic reproduction number quantifies the strength of outbreak at the initial phase,
whereas the effective reproduction number explains the
dynamics of the whole epidemic span.
The reports published about the estimation of R0 on the
basis of data obtained for different countries differ considerably. For example, R0 has been variously estimated
between 1.21 and 1.35 for Japan8, 2.2 and 3.0 for Mexico9,
and 1.3 and 1.7 for the United States10. The divergence in
the estimates for R0 may be the result of the effect of different methods and models adopted in respective studies.
We have made use of two different approaches through
their respective performances, to estimate the reproduction number for influenza A/H1N1 pandemic 2009–10 in
India, method-1 – estimation of R0 using early intrinsic
growth rate method through the SEIR deterministic
model11, and method-2 – Bayesian estimation of Rt through
stochastic SIR model12. We have examined Rt for each
segments at the time t = cut-off point (Appendix 1), which
is derived for the estimation of R0. Our estimate of R0 for
India is 1.46 and it ranges from 1.17 to 1.52 for different
states. Whereas we observed that the estimate of Rt for
India was 1.46 with 95% CI (1.15, 1.77), and for different
states, the reproduction number was between 1.03 and
1.75. According to our estimate, a single primary infectious
case of H1N1 in India has produced on an average 1.46
secondary infectious cases during the entire infectious
period. Also, the estimates show robustness in nature.
The pandemic 2009–10 is known as ‘swine flu’, caused
by the influenza virus A of the sub-type H1N1. Daily reported time-series data for the 2009–10 influenza in India
was obtained from the Ministry of Health and Family
Welfare, Government of India (2, Figure 1 a). In India a
total of 31,924 infective cases with 1525 deaths were reported during 366 days of the first two waves of pandemic from 17 May 2009 to 17 May 2010. We have
adopted different starting points of the epidemic for different states as well as for the whole of India by considering the first indigenous cases respectively, for the
estimation of basic reproduction number. Some statistical
adjustment technique has also been employed to manipulate the missing data. The total notified case fatality
proportion (CFP) of these two waves in India was found
to be 4.78% (Table 1).
Method-1: We have made use of standard deterministic
SEIR epidemic model which classifies the individuals
into susceptible S(t), latent/exposed E(t), infective I(t)
and removed R(t)4. Susceptible individuals in contact
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with the virus enter the exposed class at the rate
βI(t)/N(t), where β is the transmission rate and
N(t) = S(t) + E(t) + I(t) + R(t) is the total population at
time t. As the time-scale of the epidemic is much faster
than the characteristic times for demographic processes
(natural births and deaths), these effects are not included
in the model under study. Assuming the homogeneous
mixing among the individuals, the transmission dynamics
of the epidemic can be modelled using the following system of nonlinear differential equations.
d
βS (t ) I (t )
S (t ) = −
,
dt
N (t )

d
βS (t )I (t )
E (t ) =
− kE (t ),
dt
N (t )

d
I (t ) = kE (t ) − γI (t ) ,
dt

d
R(t ) = γI (t ),
dt

(1)

where 1/k is the mean latent period and 1/γ is the mean
infectious period.
The key epidemiological parameter that characterizes
the transmission potential of an infectious disease is R0,
which can be typically estimated from the early epidemic
phase during which the epidemic runs its free course in
the absence of interventions and the effects of susceptible
depletion are small. Commonly, it is assumed for most of
the human infectious diseases that an exponential growth
exists in the initial phase of epidemic4,5. In such situations, one of the most familiar methods for computing R0
is based on initial exponential growth rate (r) for the
cumulative number of cases. This quantity is also known
as the intrinsic growth rate or force of infection, estimated by fitting a simple linear regression line (a + rt) to
the ‘BEST’ length of its exponential phase in logarithmic
scale11. The ‘BEST’ length of its exponential phase (cutoff point, Appendix 1) can be determined by the coefficient of determination, the goodness-of-fit test statistic.
Ro is then computed by substituting the estimated intrinsic growth rate r in eq. (2), which is derived from the
linearized simple SEIR model13 and is given by
R0 = 1 + Vr + f (1 − f )(Vr ) 2 + O[(Vr )3 ],

(2)

where V is the mean serial interval (sum of the mean latent period and mean infectious period), and f is the ratio
of the mean infectious period to the mean serial interval.
Method-2: Considering the uncertain behaviour of daily
reported cases, we have used Bayesian inferential method
applied to a stochastic version of a standard SIR model.
One may use a stochastic version of the SEIR model
instead, but this leads to more complexity in the computation. This method allows us to estimate Rt directly,
through the probabilistic nature of the contagion process.
Rt shows time-dependent variation with the decline in
susceptible individuals (intrinsic factors) and with the
CURRENT SCIENCE, VOL. 101, NO. 8, 25 OCTOBER 2011
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Figure 1. Daily number of influenza A/H1N1 notifications in different segments (fairly affected states) of India during the pandemic 2009–10,
shows the different waves patterns. This represents two waves for India, whereas some of the segments do not exhibit the same pattern clearly.

Table 1.

Estimates of basic reproduction number and effective reproduction number with 95% CI of the influenza pandemic 2009–10 for India
and its different segments (fairly affected states)

State
Delhi
Karnataka
Tamil Nadu
Maharashtra
Kerala
Haryana
Rajasthan
Others
India

Total
number of
infections

Percentage
of infections

9,697
2,350
2,090
6,283
1,482
1,948
3,380
4,694

30.38
7.36
6.55
19.68
4.64
6.10
10.59
14.70

31,924

100.00

Percentage
of deaths

Case fatality
proportion
(per 100)

Basic
reproduction
number (R0)

Effective
reproduction
number (Rt)*
(with 95% CI)

95
164
7
461
38
39
198
523

6.23
10.75
0.46
30.23
2.49
2.56
12.98
34.30

0.98
6.98
0.34
7.34
2.56
2.00
5.86
11.14

1.52
1.32
1.50
1.49
1.35
1.33
1.17
1.45

1.24 (0.23, 2.25)
1.50 (0.60, 2.41)
1.68 (0.79, 2.57)
1.35 (0.25, 2.44)
1.03 (0.21, 1.85)
1.31 (0.00, 2.74)
1.75 (0.92, 2.58)
1.29 (1.07, 1.51)

8.89
13.86
9.12
9.24
12.84
13.33
25.67
10.05

1525

100.00

4.78

1.46

1.46 (1.15, 1.77)

9.90

Total number
of deaths

Doubling
time

*Rt has been calculated for each segment at the time t = cut-off point, which is derived for the estimation of R0.
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implementation of control measures (extrinsic factors).
Sometimes, it may be found to increase over time owing
to the pathogen evolution or population structure variation.
We have made use of the method developed by Bettencourt and Ribeiro12, the sequential Bayesian estimation of
effective reproduction number through a stochastic SIR
model, considering the standard SIR model (omitting
removed and death cases for simplicity). Here, the notations are the same as explained earlier.
d
βS (t )I (t )
S (t ) = −
,
dt
N (t )
d
βS (t )I (t )
I (t ) =
− γI (t ).
dt
N (t )

(3)

A stochastic version of this model can be formulated by
taking the rates on the right-hand side of population equations (3) to determine the mean changes λ over the time τ
of the several compartments of population, which usually
are evaluated from a probability distribution P(λ) with
average λ. One may consider the discrete probability distribution P as Poisson distribution (a maximal entropy
distribution), when only average is known. If the measure
of variation is available too, a more general distribution,
such as negative binomial may be adopted instead.
In reality, the information about outbreak is usually not
in terms of infectious individuals, but as a collection of
reported cases, which at the time of reporting may have
progressed. With this limitation, it is worth considering
our estimation procedure in terms of the changes in the
commutative number of cases, C(t). Then the number of
new cases at time t is ΔC(t) = C(t) – C(t – τ), where τ
denotes the time interval between successive reports. For
our study τ = 1 day. As C(t) = I(t) + R(t) + D(t), from
eq. (3) the total number of cases up to time t, C(t) obeys
the equation dC(t)/dt = βS(t)I(t)/N(t). To find the expression for the evolution of new cases ΔC(t + τ), integrate
eq. (3) for I(t) on (t, t +τ) to obtain

ΔC(t + τ) = ΔC(t)b(Rt),

(5)

where b(Rt) = exp[γτ(Rt – 1)], which is the slope of the
straight line passing through each node and origin in the
time-delay trajectory plot (Figure 2) of ΔC(t) versus
ΔC(t + τ). Then it can be evaluated from the data for
each t.
Rt = 1 + log(b(Rt))/γτ.

(6)

Equation (5) explains how the initial Rt can be estimated
geometrically (without the parameter search or numerical
optimization) from an epidemic time-delay plot of surveillance data. But in practice, for emerging infectious
diseases, relative variations in case numbers are large
(Figure 2, expressing a large fluctuation in new cases).
Therefore, this simple geometric approach becomes less
realistic. Thus, we need a method which provides a much
more robust estimate of the reproduction number. This
notion led us to find a stochastic estimation procedure
evaluating the probability distribution of Rt instead.
A probabilistic description is decisive for realistic
modelling of new cases of emerging infectious diseases,
which are typically characterized by large coefficient of
variation. This can be achieved by defining the number of
new cases, ΔC(t + τ) as a discrete stochastic variable generated by a probability distribution with average number of
cases given by eq. (5), i.e. ΔC(t + τ) ~ P{ΔC(t)b(Rt)},
where P{λ} denotes a discrete probability distribution
with mean λ. In other words, for a given Rt (and other
parameters like γ) and ΔC(t), one can predict the distribution of a future case number as P[ΔC(t + τ) ←
ΔC(t)/Rt] = P{λ}, λ = ΔC(t)b(Rt) for the SIR model12.
With this uncertain measure, the parameter estimation
can be achieved using Bayesian approach in the perspective of probabilistic epidemiological models. The probabilistic formulation for future cases is equivalent to the

⎡ t+τ ⎛
S (t ′) ⎞ ⎤
− 1 ⎟ dt ′ ⎥ ,
I (t + τ ) = I (t ) exp ⎢ γ ∫ ⎜ R0
⎣⎢ t ⎝ N (t ′) ⎠ ⎦⎥

≈ I(t)exp[γ(Rt – 1)],

(4)

where R0 = β/γ and Rt = [S(t)/N(t)]R0 (the instantaneous
reproduction number) is a function of time; and eq. (4) is
approximated assuming S(t)/N(t) as constant on (t, t + τ).
Consider b(Rt) = exp[γτ(Rt – 1)], then I(t + τ) = I(t)b(Rt).
Now, to obtain the disease progression in terms of
reported cases, we discretized the differential equation
for the change in total number of cases on (t, t + τ). Consequently, we have
1068

Figure 2. Time-delay trajectory plot of ΔC(t) versus ΔC(t + τ) for the
Indian data. The solid diagonal line indicates b(Rt) = 1, i.e. Rt = 1
(eventually the nodes which are above the line refer to Rt > 1 and those
below refer to Rt < 1). Dotted line indicates in a particular time say
t = 64, b(Rt) = 1.88 (shown as red lines).
CURRENT SCIENCE, VOL. 101, NO. 8, 25 OCTOBER 2011
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estimation of the probability distribution for Rt through
Bayes’ theorem as
P[ Rt |ΔC (t + τ ) ← ΔC (t )]
=

P[ΔC (t + τ ) ← ΔC (t )/Rt ]P[ Rt ]
,
P[ΔC (t + τ ) ← ΔC (t )]

td = r–1ln 2,
(7)

where P[Rt] is the prior, which reflects any prior knowledge of the distribution of Rt (one can start with uniform
distribution); and the denominator is a normalization factor. From successive applications of Bayes’ theorem, a
sequential estimation scheme that exploits the course of
epidemiological observations on real time, can be constructed using the posterior distribution of Rt at time t as a
prior in the next estimation step at t + τ. This iteration of
eq. (7) results in an updated distribution scheme each
time for Rt. From these successive distributions, mean
(average) or maximum likelihood estimate (with confidence interval) may be recorded as an estimator of Rt. In
this study we have adopted the mean (average) as the best
estimator for Rt (Figure 3, for all the regions as well as
for the whole of India) over time. We have used the realtime series data of new cases of influenza A/H1N1, C(t)
to compute the probability distribution of Rt, adopting the
program implementation in MATLAB. We have used an
unbiased uniform distribution U(0, 3) as the initial prior
(since maximum value of Rt recorded is 3 for this strain).
For each subsequent daily iteration, we evaluated full
posterior distribution from eq. (7) using the posterior of
previous day as a new prior for posterior distribution of
Rt; see, Appendix 2. We have made use of other parameter choices reported in the literature for influenza.
The entire population was assumed to be susceptible at
the beginning of the epidemic, and at the initial stage of
the epidemic the infected fraction of the population at
risk raises exponentially when R0 is greater than 1. Then

Figure 3. Percentage of infectives and percentage of deaths for different states of India. Gujarat, Maharashtra, Karnataka and Rajasthan
have greater death-proportion compared to their respective infectiveproportion. ‘Other States’ includes all less affected states and Union
Territories.
CURRENT SCIENCE, VOL. 101, NO. 8, 25 OCTOBER 2011

the doubling time td is defined as the time taken to double
the infectious cases4 and is given by
(8)

where r is the initial intrinsic growth rate.
Based on the different model performances (deterministic and stochastic), the reproduction numbers for India
(2009–10 pandemic H1N1) and its different states have
been estimated from daily reported cases. In method-1, to
evaluate the initial exponential growth rate, we have
determined the cut-off points considering the first indigenous case as the starting point of the epidemic; the
method11 is described in Appendix 1. For India, we fixed
the starting point of the epidemic as 11 June 2009 and the
cut-off point was derived as 13 August 2009. The 64 days
duration is a fair indication of the best length of exponential growth based on the goodness-of-fit (coefficient of
determination, R2) for India. The estimate of R0 obtained
through this method was 1.46 for India. The mean latent
period was fixed to 1.9 days14 and mean serial interval
was 3–6 days15,16. Though this method entertains only the
initial dataset, we have used the remaining epidemic days
for determining the cut-off point; but there were no other
indications of any such clear exponential phases. We also
estimated the R0 for each fairly affected state of India and
it ranged from 1.17 to 1.52 (Table 1) using method-1. The
doubling time was estimated for India as 9.9 days, considering the pure exponential growth at the beginning of
epidemic. The respective state-wise doubling time has
also been derived (Table 1). Method-2 that estimates
effective reproduction number using Bayesian inference
is more robust in nature. Considering the same cut-off
points as used in method-1, the reproduction number obtained was 1.46 with 95% confidence interval (1.15, 1.77)
for India. The same has been calculated for fairly affected
state of India and it ranged from 1.03 to 1.75 with the
respective confidence intervals (Table 1). Here, one can
figure out the strength of the outbreak instantaneously
through the value of Rt and also how it is decaying over
time (days). We adopted the moving average method for
some of the states to overcome the problem of program
implementation on real dataset. This led to the distribution patterns of Rt over time being less stochastic in nature (Figure 4 b–h).
We examined daily reported epidemiological timeseries data of the novel influenza 2009–10 strain, which
is termed as influenza A of sub-type H1N1. This strain
hit India on 17 May 2009 as its first case (exogenous) and
till 17 May 2010 had knocked two complete waves of
epidemic span. The first wave (May–October 2009)
claimed 448 lives from 14,293 infected cases and the
second wave (November 2009–May 2010) claimed 1077
lives out of 17,631 infected cases. In addition, the third
wave of pandemic is also in its further course of run. A
close observation of data from different states reveals that
1069
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Figure 4. Sequential Bayesian estimation of full distribution leads to the estimation of its expected value (green lines) and 95% CI (red and blue
lines). Uncertainty measured by the width of CI decreases with more case observations. The estimate eventually leads to smaller Rt owing to the
depliation of susceptibles and later Rt → 1. The vertical lines indicate the cut-off points based on which we estimated R0 and Rt.

the epidemic started initially in some parts of India and
concentrated there and later moved to other parts of the
country. For example, the number of infectious cases in
the first wave for Rajasthan was notably few and these
were mostly exogenous cases. The severity of the epidemic in Rajasthan can be found in the second phase.
Analysis of the overall Indian situation forced us to discuss the seven worst-hit states (Table 1). It has also been
observed that the present pandemic is comparatively mild
in North East states, which account for 60% (about 680
million) of the Indian population. The fatality rate (deaths
per 100 infective) due to the recent H1N1 for west and
south states was found to be 6.97, whereas it was only 2.0
for north and east states. Also, the insight analysis revealed that there were no two complete waves for each
segment of India; Rajasthan and Kerala showed only one
clear wave instead (Figure 1).
To get more insight into the dynamics of the pandemic,
we have used the initial intrinsic growth rate method and
1070

applied it to the standard SEIR deterministic model in
order to be commensurate with the paucity of epidemiological data, typically available for this emerging influenza pandemic to measure the intensity of outbreak
throughout India. Our estimates of R0 range from 1.17 to
1.52, with a low level of spatial variation across eight
geographical segments of India, which were marginally
associated with socio-demographic factors. In contrast,
there is a remarkable spatial heterogeneity in the death
rates, which range from 0.34% to 7.34% across the country. Interestingly, it has been found that though the intensity of emerging influenza was very high for Delhi (BRN
1.52) and Tamil Nadu (BRN 1.50), CFP was comparatively very less: Delhi (CFP 0.98) and Tamil Nadu (CFP
0.34). This fact leads to the analysis of control policy
measures employed for these populations and their structure. Unfortunately, in the ‘Other States’ segment CFP
was very high (11.14), mainly due to its high value in the
states in this segment, namely Gujarat, Punjab, Madhya
CURRENT SCIENCE, VOL. 101, NO. 8, 25 OCTOBER 2011

RESEARCH COMMUNICATIONS
Pradesh, Chhattisgarh and Himachal Pradesh. Though
Punjab, Madhya Pradesh, Chhattisgarh and Himachal
Pradesh have less infectious (less than 200), their CFP is
comparatively higher. Moreover, Gujarat itself accounted
for 24.28 CFP in the case of ‘Other States’ segment.
Method-1 quantifies the measure of epidemic potential
for a pathogen through R0. In reality, epidemiological
data typically permit only the estimation of Rt, which may
differ from R0 due to accured immunity and other factors.
In fact, Rt is found to be more informative than R0, as it
reveals the dynamics of the epidemic process over time.
For an emerging infectious disease when transmission is
at an early stage and the pathogen is adopting to the
population, it becomes crucial to monitor quantitative
changes of effective reproduction number over time12.
Thus the detection and tracking of an emerging disease
can be formalized in terms of monitoring Rt, as it evolves
and approaches the critical threshold Rt → 1. In the case
of India, the pandemic H1N1 is not uniform all over the
country (Figure 1). Also, the strength of outbreak in some
regions like Tamil Nadu has high BRN 1.50 at the
beginning, but got infected only 6.55% of the total infected cases in India. Moreover, the dramatic increase in
incidence from 20 to 97 occurred from 6 to 7 August
2009, which has a direct effect on the uncertainty of the
reproduction number estimates. This phenomenon can be
addressed by real-time monitoring of the outbreak
through method-2. Moreover, the real-time data limitation accounts for several statistical methodologies, like
moving average to avoid no infection in a day (zeros
in daily infective); which may decrease the degree of the
stochastic nature of the model trajectory. To avoid the
complexity and overall data limitation we have adopted
the stochastic version of the SIR model (method-2) in our
present study on H1N1 to estimate Rt instead of the
stochastic SEIR model.
The estimates of reproduction number through both the
methods coincide for India, whereas these estimates of Rt
are slightly less than R0 for the sub-regions of India
(Table 1), except states like Rajasthan (Rt = 1.75, R0 = 1.17),
Tamil Nadu (Rt = 1.68, R0 = 1.50) and Karnataka
(Rt = 1.50, R0 = 1.32). This is due to the data smoothening
(through moving average), required for the implementation
of method-2, incorporationg the fact that the data exhibit
very large fluctuations, with some days not showing a
single case, while the following days show extremely
large number of cases and vice-versa.
In conclusion, our result indicates that the recent pandemic influenza A/H1N1 in India is comparatively mild
than that reported in other countries of the world. The
second wave in India had more impact on the population
compared to the first wave. The early determination of
BRN helps to design the optimal control policies to
counter the epidemic spread in advance, whereas the realtime estimate of Rt helps understand the future pattern of
the disease dynamics. Some regions (like Delhi and
CURRENT SCIENCE, VOL. 101, NO. 8, 25 OCTOBER 2011

Tamil Nadu) had higher intensity at the beginning, but
showed comparatively low CFP. On the other hand, it
was the reverse for Gujarat, Maharashtra, Karnataka and
Rajasthan, which led to the study of the public health facilities as well as pathogen analysis. The varied intensity
and fatality measures in different segments of India encouraged us to analyse the entire epidemic span which
accounts for the control strategies, population structure
and pathogen evolution. Our estimates aim at public
health interventions in the case of similar pandemics in
the future.

Figure 5. a, Epidemic pattern: fraction of population newly infected
against fraction of population ever infected; b, Evaluation of goodnessof-fit statistic (coefficient of variation, R2) of the successive linear
regression; c, Evaluation of the slope. The red vertical line indicates the
point, 80th percentile to the left of which is considered as the cut-off
point.
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Figure 6. The complete density plot of posterior distribution of Rt
through sequential Bayesian estimate from successive daily iteration.

Appendix 1.

Determination of cut-off point

Determination of the cut-off point is a crucial part of
method-1. The usual process can be figured out through
the linear fit11 to the data, fraction of population newly
infected against fraction of population ever infected. The
goodness-of-fit statistic (coefficient of determination, R2)
is calculated considering one more data point each time.
The slopes can be noted simultaneously for each fit (Figure 5).
We have considered the coefficient of determination R2
as the goodness-of-fit and have found that the slope fluctuates more at the beginning, but later it was found to be
smoothly decreasing in nature. The best estimate of the
force of infection (r) lies in the intermediate phase and
the cut-off point of the initial linear phase should lie
therein. Considering the maximum value of R2, it can be
noted that the slope is also around its maximum attainable value. However, choosing the point corresponding to
the maximal of R2 may lead to an underestimation of the
reproduction number; hence it is not satisfactory. In this
case, we chose the 80th percentile of the slope left to the
maximal goodness-of-fit not to the accidentally high
value11.
Appendix 2.
distribution

Sequential Bayesian estimate of posterior

We computed the full posterior distribution of Rt from eq.
(7) through sequential Bayesian estimate from successive
daily iteration of observed new cases ΔC(t) by considering unbiased uniform U(0, 3) as the initial prior. The
product of the two probabilities on the right-hand side of
eq. (7) was evaluated as a non-parametric function defined
in terms of 1000 discrete bins in R between 0 and 3. The
distribution of Rt tends to cluster around 1 as the epidemic span increases (Figure 6).
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