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Abstract

Dengue, a vector-borne disease, thrives in tropical and subtropical regions worldwide. A retrospective
analysis of the 2002 dengue epidemic in Colima located on the Mexican central Pacific coast is carried
out. We estimate the reproduction number from spatial epidemic data at the level of municipalities using
two different methods: (1) Using a standard dengue epidemic model and assuming pure exponential initial
epidemic growth and (2) Fitting a more realistic epidemic model to the initial phase of the dengue epidemic
curve. Using Method I, we estimate an overall mean reproduction number of 3.09 (95% CI: 2.34,3.84) as well
as local reproduction numbers whose values range from 1.24 (1.15, 1.33) to 4.22 (2.90, 5.54). Using Method
II, the overall mean reproduction number is estimated to be 2.0 (1.75,2.23) and local reproduction numbers
ranging from 0.49 (0.0,1.0) to 3.30 (1.63,4.97). Method I systematically overestimates the reproduction
number relative to the refined Method II, and hence it would overestimate the intensity of interventions
required for containment. Moreover, optimal intervention with defined resources demands different levels
of locally tailored mitigation. Local epidemic peaks occur between the 24th and 35th week of the year,
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and correlate positively with the final local epidemic sizes (q = 0.92, P-value < 0.001). Moreover, final local
epidemic sizes are found to be linearly related to the local population size (P-value < 0.001). This observa-
tion supports a roughly constant number of female mosquitoes per person across urban and rural regions.
Published by Elsevier Inc.
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1. Introduction

Dengue, a mosquito-borne disease, is endemic in many countries in Africa, the Americas, the
Eastern Mediterranean, Southeast Asia, and the Western Pacific. It is a major public health prob-
lem in tropical and subtropical regions around the world (see the recent situation in Singapore
[38]). The etiological agent is a flavivirus with four different serotypes. Individuals who recover
from one serotype become permanently immune to it but may become partially immune, tempo-
rarily immune, or both to other serotypes [44]. The presence of dengue antibodies to a different
serotype is an important correlate of severe disease. The World Health Organization estimates
50 million annual, worldwide cases of dengue [44].

We estimate the transmissibility of dengue fever during the 2002 dengue epidemic in the Mexican
state of Colima using two different methods and municipal epidemic data to evaluate the effect of
spatial heterogeneity [48,21]. The first method uses a standard dengue epidemic model (with fixed
incubation periods in both hosts and vectors and an exponentially distributed infectious period in
hosts) and assumes pure initial exponential epidemic growth to estimate the reproduction number.
The second approach uses an epidemic model that incorporates more realistic incubation and
infectious period distributions and estimates the reproduction number via trajectory matching
to case notification data. We explore the relationships between the onset, peak, and size of local
dengue epidemics as well as the correlation between local final epidemic and local population size.

For directly transmitted infectious diseases, the basic reproduction number ðR0Þ is defined as the
number of secondary cases generated by a primary infectious case during its period of infectious-
ness in an entirely susceptible population at a demographic steady state [1,14,15,3]. For vector
borne diseases, R0 is the number of secondary cases generated by a primary infectious case via
the vectors in an entirely susceptible population. Typically, if R0 > 1 an epidemic occurs while
if R0 < 1 no outbreak is likely. R0 is used to quantify the intensity of control interventions nec-
essary to contain an outbreak. In the case of malaria, Sir Ronald Ross [46] introduced a mathe-
matical model with the purposes of showing that malaria can be greatly reduced by lowering the
mosquito population density below a certain threshold.

In the case of recurrent infectious diseases such as dengue, the reproduction number Rp accounts
for residual immunity generated by prior exposures to dengue in the population. We model
Rp ¼ ð1� pÞR0 where p is the proportion of the population that is effectively protected at the
beginning of the outbreak. Background immunity (in the population) depends on several factors
including the (ordered) history of circulating dengue strains, birth rates, natural deaths and migra-
tion, and the epidemiology of the invading strain. For example, individuals who recover from a
dengue serotype do so with permanent immunity to that serotype. This strain-specific immune
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response may also provide partial and/or temporary protection against other serotypes [44], even
though cross-reactive, but non-neutralizing, antibodies are an important causative factor of den-
gue hemorrhagic fever, a severe form of dengue disease [49]. Population models of interacting den-
gue strains have been theoretically explored (see for example [22,19,12,51]). Reliable estimates of
Rp would help get useful ‘‘bounds’’ on control measures, that is, on measures that would make
Rp < 1. The estimation of the basic reproduction number R0 is not possible because it would re-
quire data on the immunological history of the population from prior exposure to the dengue
strains. Here we estimate the reproduction number Rp (often denoted by R).

Estimates of the reproduction number of dengue fever vary considerably between studies
[31,36,37,20,23]. The reasons behind the variability on the estimates are not well understood. It
may be due to the severity of the dengue serotype under consideration, the quality of public health
surveillance, and/or local climatological conditions that affect vector numbers. Methods for esti-
mating the reproduction number use data on the intrinsic growth rate of the epidemic [36,37,20];
on the relation between the reproduction number and the final epidemic size [31]; and age-strat-
ified sero-prevalence surveys [23]. We evaluate the effects of assuming fixed incubation periods, an
exponentially distributed infectious period in hosts, and exponential initial epidemic growth in the
estimation of the reproduction number.
2. Materials and methods

2.1. Background

Dengue is transmitted in urban and semi-urban areas by its principle mosquito vector Aedes
aegypti. A. aegypti is a highly anthropophilic daytime feeder, living around densely populated hu-
man habitats. Most significant for human disease are females that lay eggs in containers of stand-
ing water. Humans are infected when bitten by feeding infectious females. Susceptible mosquitoes
acquire the infection when feeding on infectious humans.

Different aspects of the transmission dynamics of dengue are known to depend on climatological
conditions; those aspects include the survival and development of the vector A. aegypti [30,32,39]. The
extrinsic incubation period and the susceptibility of the mosquito have been observed to depend on
temperature [39]. Seasonal variations in temperature and rainfall have been observed to be correlated
with levels of dengue infection, with a higher number of dengue cases associated with higher rainfall
and temperature, probably because of the resulting increases in mosquito breeding sites [31,47,10].

Cases of dengue range from asymptomatic [49] to clinically non-specific flu-like symptoms to
dengue fever (DF) to dengue hemorrhagic fever (DHF) and dengue shock syndrome (DSS). Den-
gue hemorrhagic fever and dengue shock syndrome are the most severe forms of dengue disease.
Many primary dengue infections are asymptomatic. DHF and DSS have been observed with sec-
ondary dengue infections beginning at age one and with primary infections in infants born to den-
gue-immune mothers [49,27]. Dengue attack rates vary from 40% to 50% but may reach 80% to
90%. The case fatality rate of dengue hemorrhagic fever can exceed 20% in the absence of treat-
ment but it may be reduced to less than 1% with appropriate medical therapy [44].

Mexico was free of both dengue and the principal vector A. aegypti in the early 1960s but A.
aegypti reinvaded Mexico in 1978 [31]. At least three dengue serotypes have co-circulated in



Fig. 1. Map of Mexico highlighting state boundaries. The state of Colima is located on the central Pacific coast. It has a
tropical climate, a surface of 5455 km2, a coastline extending 157 km, and a population of approximately 488,028
inhabitants [13]. The state of Colima is divided in 10 municipalities: Armeria (1), Colima (2), Comala (3), Coquimatlan
(4), Cuauhtemoc (5), Ixtlahuacan (6), Manzanillo (7), Minatitlan (8), Tecoman (9), and Villa de Alvarez (10).
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Mexico since 1983 [33], and DHF has become a public health problem in Mexico in 1994 [41]. The
delay in the appearance of DHF after the reintroduction of the dengue virus is presumably the
consequence of the strong correlation between non-neutralizing antibodies and severe disease.
In some regions, annual epidemics of dengue have been observed, while in others, only sporadic
epidemics have taken place. The latter is the situation in Colima, Mexico, located on the central
Pacific coast (Fig. 1), where A. aegypti is endemic [17]. Colima has a tropical climate with a mean
temperature of 23.2 �C, an area of 5455 km2, a coastline extending 157 km, and a population of
approximately 488,028 inhabitants (89 inhabitants/km2) [13]. More than one serotype is co-circu-
lating in the population [18,25]. The state of Colima is divided into 10 municipalities (Fig. 1). The
1997 dengue epidemic in Colima [18] was followed by the 2002 outbreak we study in this paper.
2002 was a year of high dengue incidence worldwide. Over 30 Latin American countries reported
a total of over a million cases of classical dengue and more than 17,000 cases of dengue hemor-
rhagic fever [27].

Several explanations have been proposed to explain the re-emergence of dengue in regions
where it had been absent for prolonged periods of time. Reasons for re-emergence include the
immigration of people infected with absent strains which naturally brought reductions in mean
herd immunity. In Colima, only sporadic epidemics of dengue have been documented. However,
continuous low levels of transmission often go undetected by standard (low intensity) public
health surveillance [17].

2.2. Data sources

We use the weekly number of dengue cases diagnosed in the hospitals of the Mexican Institute
of Public Health (IMSS) during the 2002 Serotype-2 epidemic in the state of Colima. The IMSS
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Fig. 2. The weekly number of dengue cases per 1000 individuals during the 2002 dengue epidemic diagnosed at the
hospitals of the Mexican Institute of Public Health (IMSS) in each of the 10 municipalities in which the state of Colima,
Mexico is divided (see Fig. 1).
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(public) hospitals in the state of Colima provide service to 60% of the state population and are
distributed across the state. Each dengue case is ‘‘naturally’’ assigned to one of the 10 municipal-
ities using each patient’s household address. Patients are classified according to the WHO case
definition [43] as probable dengue cases whenever fever is present and as long as two or more
of the following symptoms are also detected: myalgia, arthralgia, retro-orbital pain, headache,
rash, or some hemorrhagic manifestations (e.g., petechiae, hematuria, hematemesis, melena).
The index (reported) case was a 10-year old female diagnosed in the municipality of Manzanillo
on January 11, 2002 (Fig. 2). The mean monthly temperature in the region was used to estimate
the extrinsic mosquito incubation period using the thermodynamic relationship given in Focks
et al. [24]. Local meteorological offices located in 9 of 10 municipalities provide temperature data.

A Dengue serotype 2 epidemic subsequent to a serotype 1, 3 or 4 epidemic leads to a higher
incidence of Dengue hemorrhagic fever [49], making identification of the epidemic time course less
prone to problems of underreporting or late detection. Consequently, the data from Colima are
unlikely to have serious problems with under-reporting.

2.3. Method I

A standard epidemic model with fixed incubation periods in both hosts and vectors and an
exponentially distributed infectious period in hosts is used to estimate the reproduction number
[1]. We use a formula for the reproduction number that is based on the assumption that the initial
epidemic growth phase is exponential.
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2.3.1. Standard dengue epidemic model
The transmission dynamics of dengue are modeled as in Anderson and May [1,20]. This model is

an adaptation of the model proposed by Ross [46], or the extension by Macdonald [35]. This model
has been used previously to estimate the reproduction number of dengue fever (e.g., [36,37,34,20]).
The model classifies hosts (humans) in three epidemiological states: susceptible (Sh), incubating or
exposed (Eh), infectious (Ih), and recovered (Rh). Female mosquitoes are classified as susceptible
(Sv), incubating or exposed (Ev), and infectious (Iv). The total numbers of susceptible humans
and adult susceptible mosquitoes are given by Nh and Nv, respectively. The disease-induced mor-
tality rate on humans is assumed negligible while the birth and natural death rates of mosquitoes
are assumed to have a common value lv. A susceptible human may be infected with dengue from
the bite of an infectious mosquito during probing and feeding. The rate of susceptible host infec-

tion is kvðtÞ ¼ mCbhv
IvðtÞ
NvðtÞ where m is the number of female mosquitoes per person, C is the mean

rate of mosquito bites per mosquito, bhv is a constant transmission probability per bite from an

infectious mosquito, and IvðtÞ
NvðtÞ is the probability that a mosquito bite is made by an infectious mos-

quito. Humans infected with dengue undergo an incubation period assumed to be of fixed length si

followed by an infectious period of mean duration 1/ch. Susceptible mosquitoes become infected

from an infectious human during probing and feeding at the rate khðtÞ ¼ Cbvh
IhðtÞ
NhðtÞ

where bvh is a

constant transmission probability per bite from an infectious human to a susceptible mosquito,

and IhðtÞ
NhðtÞ

is the probability that a random mosquito bite is made to an infectious human at time

t. Furthermore, infected mosquitoes experience an (assumed) fixed extrinsic incubation period se

(ambient temperature dependent following the relation of Focks et al. [24]) that is followed by
an infectious state from which vectors do not recover. Their mean adult lifespan is 1/lv. The system
of differential equations that describes the transmission dynamics of dengue under the above
assumptions is given by the non-linear system of delay differential equations:
_ShðtÞ ¼ �kvðtÞShðtÞ
_IhðtÞ ¼ kvðt� siÞShðt� siÞ � chIhðtÞ
_RhðtÞ ¼ chIhðtÞ
_SvðtÞ ¼ lvN vðtÞ � khðtÞSvðtÞ � lvSvðtÞ
_IvðtÞ ¼ e�lvsekhðt� seÞSvðt� seÞ � lvIvðtÞ

8>>>>>>><
>>>>>>>:

ð1Þ
where the dot denotes time derivatives. For model 1, the basic reproduction number (see [1]) is
given by:
R0 ¼
mC2bvhbhv

lvch

e�lvse ð2Þ
R0 is the product of the number of infectious mosquitoes generated during the infectious period of
a primary infectious human ðmCbvh

ch
Þ and the number of infectious humans generated by the propor-

tion of infectious mosquitoes surviving the extrinsic incubation period ðCbhve�lvse

lv
Þ. For the case of

vector-borne diseases, a different definition of the reproduction number can be given in terms of
the number of secondary cases generated either in humans or vectors, which is typically obtained
from the next generation method [14,4,6]. We use the ‘‘classical’’ definition of transmissibility in
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terms of the mean number of secondary infectious cases (humans) generated by a primary infec-
tious human [1] to facilitate comparisons of our estimates with past published results.

2.3.2. Estimating Rp from the intrinsic growth rate
The basic reproduction number is most often estimated from data in the early epidemic phase, that

is, prior to the introduction of mitigative interventions including behavioral changes, and at a time
when the effects of susceptible depletion are negligible. Favier et al. [20] derived an approximation to
Formula 2 of the basic reproduction number of Model 1 that assumes exponential initial epidemic
growth. This formula includes the initial growth rate of the epidemic (r), two parameters related to
the host epidemiology (si and ch), and two entomological parameters (se,lv). Their expression is
R0 ¼ 1þ r
ch

� �
1þ r

lv

� �
erðseþsiÞ ð3Þ
where r, the initial rate of epidemic growth, is tied in to the dominant eigenvalue of the lineariza-
tion around the infection-free state of Model 1. Reporting rates typically vary considerably over
the course of an epidemic. However, as discussed by Favier et al. [20], their estimation method is
robust to the type of underreporting that is generated by asymptomatic or mild cases of dengue as
long as the reporting rate is ‘‘constant’’ during the initial epidemic growth phase and across
reporting units (e.g., hospitals).

From the time series epidemic data, we estimate the initial intrinsic epidemic growth rate r
assuming an exponential-growth phase. The assumed initial exponential phase of the epidemic
corresponds to the ‘‘free course’’ state of the epidemic in the absence of control interventions,
behavioral changes, and saturation effects. During the 2002 epidemic in Colima, intervention that
targeted the vector (malathion spraying) were put in place but late in the epidemic. The cumula-
tive number of dengue cases (yt, t = 1,2, . . .,n) were fitted using the simple exponential function
ŷt ¼ b0ert. The range, tn, was at least 10 weeks long and bounded above when the v2 goodness-
of-fit statistic reached a minimum (Fig. 3) [20].

2.3.3. Uncertainty analysis on Rp

We assess the uncertainty in the reproduction number estimates that result from the variability
in the input parameters: r, si, ch, se, and lv [2,7,34]. This uncertainty in the reproduction number is
estimated by independently sampling parameter values (105 samples) from appropriate probabil-
ity density functions [7]. Values for the initial epidemic growth rate r come from the sampling of a
normal distribution with the appropriate mean and variance. Sampled values for the human incu-
bation period si come from a Gamma distribution with mean 5.5 days (95% CI: 4, 7) [26], and the
infectiousness period (1/ch) values come from a Gamma distribution with mean 5 days (95% CI: 3,
7) [26]. The extrinsic incubation period is assumed to vary with the mean temperature according
to the relation given in Focks et al. [24]. For each municipality, we estimate a mean temperature
using the monthly temperature measures during the exponential phase of the epidemic. The esti-
mated mean temperatures (Table 1) are above the minimal hatching temperatures for mosquito
eggs (varying from 20 to 13 �C) obtained from experimental studies [11]. The mosquito mortality
rate is assumed to be independent of ambient temperature as in other studies [45] and sampled
from a Gamma distribution with a mean of 10.5 days (95% CI: 6, 15), which is consistent with
known field study [40]. Parameter definitions and distributions are summarized in Table 2.
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Table 1
Estimates of the population size (N), total number of dengue notifications, mean temperature, and the extrinsic
incubation period (se) for the aggregated state data and for each of the 6 Colima municipalities that experienced the
largest epidemic sizes

Municipality N Total dengue Mean temperature (95% CI) �C se (95% CI) days

Whole state 488,028 4040 24.21 (20.28,28.14) 12.97 (9.25,18.87)

Manzanillo 108,584 1334 22.10 (21.22,22.98) 15.56 (14.44,17.40)
Colima 120,781 1167 25.55 (22.64,28.46) 11.11 (9.25,14.44)
Villa de Alvarez 66,300 891 24.98 (21.39,28.57) 11.86 (8.51,17.40)
Tecoman 91,036 338 25.83 (23.43,28.22) 11.11 (9.25,14.44)
Cuauhtemoc 25,462 114 23.97 (21.67,26.27) 12.97 (11.11,15.56)
Coquimatlan 16,939 94 25.88 (23.56,28.19) 11.11 (9.25,12.97)

The extrinsic incubation period was estimated using the local monthly temperature during the initial epidemic phase as
determined by the goodness-of-fit statistic [20] and following the thermodynamic relation from Focks et al. [24] to fix
the temperature dependence on the mosquito incubation time [24].
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2.4. Method II

This method differs from Method I in two aspects: (1) The incubation period distributions
in both hosts and vectors as well as the infectious period in hosts are modeled using a



Table 2
Model parameter definitions and their corresponding baseline distributions used in the estimation of the reproduction
number from Method I

Parameter Definition Mean (95% CI) Source Probability distribution

r Initial epidemic growth rate Table 2 Estimated Normal
si Mean intrinsic incubation period 5.5 (4,7) days [26] Gamma(53.8,0.1)
1/ch Mean host infectious period 5.0 (3,7) days [26] Gamma(25,0.2)
1/lv Mean adult mosquito lifespan 10.5 (6,15) days [40] Gamma(21.8,0.48)
se Mean extrinsic incubation period Table 2 [24] Gamma

Each parameter is sampled from their corresponding probability density function via simple random sampling to
generate 105 sets of parameter values.
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stage-progression model and (2) the best model trajectory is directly fitted to the epidemic data
using least-square fitting techniques. That is, it does not assume an initial exponential epidemic
growth phase.

2.4.1. Epidemic model incorporating more realistic incubation and infectious period distributions
We relax the assumption of fixed incubation periods and the exponentially distributed infec-

tious period in humans of the baseline dengue Model (1) via the use of a stage-progression model,
or the so-called linear chain trick [29,28,50]. The incubation and infectious periods are modeled as
the progression in eh incubation substates in humans ðEh1

;Eh2
; . . . ;Eheh

Þ, ev incubation substates
in mosquitoes ðEv1

;Ev2
; . . . ;Evev

Þ and ih infectious substates in humans ðIh1
; Ih2

; . . . ; Ihih
Þ. Under

this formulation, the resulting incubation and infectious periods follow a gamma distribution with
integer parameters eh, ev and ih, respectively. When the rates of progression between substates are
given by ehkh, evkv for the incubation periods and ihch for the infectious period in humans, the
resulting gamma distribution has means 1/kv, 1/kh and 1/ch for the incubation and infectious peri-
ods, respectively, and the corresponding variances are given by 1=ðehk2

hÞ, 1=ðevk2
vÞ and 1=ðihc2

hÞ,
respectively. Incorporating this stage-progression in the intrinsic and extrinsic incubation periods
and in the infectious period in humans into a system of differential equations gives:
_ShðtÞ ¼ �kvðtÞShðtÞ
_Eh1
ðtÞ ¼ kvðtÞShðtÞ � khehEh1

ðtÞ
_EhjðtÞ ¼ khehEhj�1

ðtÞ � khehEhjðtÞ; 2 6 j 6 eh

_Ih1
ðtÞ ¼ khehEheh

ðtÞ � chihIh1
ðtÞ

_IhjðtÞ ¼ chihIhj�1
ðtÞ � chihIhjðtÞ; 2 6 j 6 ih

_CðtÞ ¼ khehEheh
ðtÞ

_RhðtÞ ¼ chihIhih
ðtÞ

_SvðtÞ ¼ lvN vðtÞ � khðtÞSvðtÞ � lvSvðtÞ
_Ev1
ðtÞ ¼ khðtÞSvðtÞ � ðkvev þ lvÞEv1

ðtÞ
_EvjðtÞ ¼ kvevEvj�1

ðtÞ � ðkvev þ lvÞEvjðtÞ; 2 6 j 6 ev

_I ðtÞ ¼ k e E ðtÞ � l I ðtÞ

8>>>>>>>>>>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>>>>>>>>>>:

ð4Þ
v v v vev v v
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where C(t) is the cumulative number of dengue cases. The total human population size is given by
NhðtÞ ¼ ShðtÞ þ

Peh

j¼1EhjðtÞ þ
Pih

j¼1IhjðtÞ þ RhðtÞ, and the total mosquito population size is given
by N vðtÞ ¼ SvðtÞ þ

Pev

j¼1EvjðtÞ þ IvðtÞ. Moreover, the forces of infection for humans and mosqui-

toes are given by khðtÞ ¼ Cbvh

Pih

j¼1
Ihj ðtÞ

NhðtÞ
and kvðtÞ ¼ mCbhv

IvðtÞ
NvðtÞ, respectively.

The basic reproduction number for model 4 is given by the formula:
Fig. 4
stage-
repres
Cbvh

days�
R0 ¼
mC2bvhbhv

lvch

evkv

evkv þ lv

� �ev

ð5Þ
R0 expressions for models 1 and 4 differ in the factor expressing the proportion of infectious mos-
quitoes surviving the extrinsic incubation period. In fact, the reproduction number of Model 4
converges to that of Model 1 as ev!1. Fig. 4 shows a representative example of the effects
of the number of substates that model the extrinsic incubation period (ev) on the reproduction
number, the final epidemic size, and the epidemic peak size. Moreover, the effect of the shape
of the incubation period distributions on the shape of the epidemic growth phase is illustrated
in Fig. 5.
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Fig. 5. The effect of the shape of the incubation period distributions (in hosts and vectors) on the shape of the epidemic
growth phase. For illustration we use eh = ev = 1,3,6,1000 in the stage-progression model 4, and the incubation period
distributions are well approximated by gamma distributions with the appropriate shape and scale parameters. Other
parameter values were set as follows: m = 3 female mosquitoes per human, Cbvh = Cbhv = 0.197 bites per mosquito per
day, lv = 1/10.5 days�1, km = 1/13 days�1, kh = 1/5.5 days�1, ch = 1/5 days�1, Nh(0) = 100,000 humans, Ih(0) = 1
humans, Iv(0) = 1 mosquitoes.
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2.4.2. Estimating Rp via model fitting to epidemic data
In order to estimate Cbv, Cbh, the initial number of infectious hosts ðIh1

ð0ÞÞ, and the initial
number of infectious vectors (Iv(0)), we fit the cumulative number of cases given by equation
C(t) to the initial phase of the cumulative number of dengue cases that is bounded above when
the v2 goodness-of-fit statistic reaches a minimum [20]. We implemented a least-square fitting
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procedure in MATLAB (The Mathworks, Inc.) using the built-in routine lsqcurvefit in the
optimization toolbox. Because of lack of reliable estimates for the mean ratio of female mosqui-
toes per host (m), we fixed m = 3 and performed a sensitivity analysis on the estimates of the
reproduction number to changes in parameter m. The mean mosquito mortality rate (l), the
mean extrinsic and intrinsic incubation periods (1/kv and 1/kh), the mean infectious period
(1ch), and the local population size were taken from published literature and are given in Tables
1 and 2.

We estimate the number of stages necessary to model more realistic incubation and infectious
distributions based on the approximate mean and variance of the distributions of the intrinsic
ð1=kh ¼ 5:5 days;r2

kh
¼ 0:752 days2Þ and extrinsic ð1=kv ¼ 12:97 days;r2

kv
¼ 2:412 days2Þ (for the

entire state) incubation periods and the infectious period in humans ð1=ch ¼ 5:0 days;r2
ch
¼

1 days2Þ (Tables 1 and 2). The number of compartments necessary to model the incubation peri-
ods are eh ¼ 1=ðk2

hr
2
kh
Þ � 54 and ev ¼ 1=ðk2

vr
2
kv
Þ � 29 (for the entire state), and ih ¼ 1=ðc2

hr
2
ch
Þ � 25

for the infectious period in humans.

2.4.3. Uncertainty analysis on Rp

We generate uncertainty bounds on Rp by assuming an observation error structure for the epi-
demic timeseries. We construct 95% confidence intervals for Rp via the parametric bootstrap [16]
using a set of realizations of the best-fit curve C(t). Each realization of the cumulative number of
case notifications Ci(t) (i = 1,2, . . .,m) is generated as follows: for each observation C(t) for
t = 2,3, . . .,n weeks, generate a new observation C0iðtÞ for t P 2 ðC0ið1Þ ¼ Cð1ÞÞ that is sampled
from a Poisson distribution with mean: C(t) � C(t � 1) (the weekly increment in C(t) from week
t � 1 to week t). The corresponding realization of the cumulative number of cases is given by
CiðtÞ ¼

Pt
j¼1C0iðtÞ where t = 1,2,3, . . .,n. The reproduction number was then estimated from each

of 200 simulated epidemic curves, and the distribution of estimated reproduction numbers can be
used to construct 95% confidence intervals. These confidence intervals should be interpreted as
containing 95% of future estimates when the same assumptions are made and the only noise
source is observation error [5].
3. Results

3.1. Estimates of the reproduction number Rp

The mean extrinsic incubation period is shortest for the municipalities of Tecoman and
Coquimatlan (11.1 days) and largest for the municipality of Manzanillo (15.6 days) following
Focks et al. [24]. The mean initial growth rate (r) ranges from 0.05 (1/week) (Coquimatlan) to
0.33 (1/week) (Tecoman). Using Method I, we estimate an overall mean reproduction number
of 3.09 (SD 0.37) using the aggregated epidemic data of the 2002 dengue epidemic for the whole
state of Colima, Mexico. The reproduction number for the six municipalities that experienced the
largest epidemic size ranges from 1.24 (SD 0.05) for the municipality of Coquimatlan to 4.22 (SD
0.66) for the municipality of Tecoman. On the other hand, using the refined Method II, we ob-
tained systematically and significantly lower estimates of the reproduction number than those ob-
tained using Method I (Table 3). Using Method II, the overall mean reproduction number



Table 3
Estimates of the reproduction number, the number of epidemic weeks of the cumulative number of dengue notifications
(t*) used in the estimation, and other related parameters obtained from the two different methods as explained in the
text

Municipality Method I Method II

t* wks r (95% CI) per wk Rp (95% CI) Cbv Cbh Iv(0) Ih1ð0Þ t* wks Rp (95% CI)

Whole state 12 0.25 (0.22,0.27) 3.09 (2.34,3.84) 1.46 0.04 4.68 64.60 16 2.0 (1.75,2.23)

Manzanillo 13 0.24 (0.22,0.26) 3.26 (2.70,3.82) 0.81 0.08 5.89 17.66 16 2.30 (2.00,2.59)
Colima 16 0.14 (0.12,0.15) 1.84 (1.62,2.06) 1.36 0.01 1.58 7.34 14 1.08 (0.46,1.70)
Villa de Alvarez 17 0.12 (0.09,0.14) 1.67 (1.46,1.89) 0.36 0.06 0.99 2.84 17 1.07 (0.45,1.70)
Tecoman 10 0.33 (0.27,0.39) 4.22 (2.90,5.54) 0.63 0.09 1.20 0.93 13 3.30 (1.63,4.97)
Cuauhtemoc 22 0.11 (0.09,0.13) 1.64 (1.44,1.83) 2.68 0.004 0.68 5.16 13 0.54 (0.0,1.48)
Coquimatlan 21 0.05 (0.04,0.06) 1.24 (1.15,1.33) 2.64 0.003 1.64 17.14 19 0.49 (0.0,0.99)

For Method I, the number of degrees of freedom (df) is given by df = t* (number of data points), �2 (number of fitting
parameters) whereas for Method II, df = t* (number of data points) �4 (number of fitting parameters).
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Rp ¼ 2:0 (SD 0.12) and local Rp estimates range from 0.49 (SD 0.25) for the municipality of
Coquimatlan to 3.30 (SD 0.84) for the municipality of Tecoman. The best fits provided by model
(4) were in good agreement with the epidemic data (Fig. 6). Estimates of the reproduction number
did not change significantly when parameter m was fixed to 1, 3, or 6 although changes occurred
in the individual parameter estimates of quantities Cbv, Cbh, Ih1

ð0Þ, and Iv(0).
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the state-wide and local dengue epidemics (circles) in logarithmic scale. The duration of the initial epidemic phase was
determined by the v2 goodness-of-fit statistic [20] as in Method I.
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3.2. Epidemic onset, peak and size

The week of epidemic onset (in the 10 different Colima municipalities) ranged from week 2 to
26, in the year 2002. The mean epidemic week of onset was week 12 (SD 8.4). Epidemic week
peaks occurred between week 24 and 35. We found a statistically significant correlation between
the epidemic peak-time and epidemic size (q = 0.92, P-value = 0.0002), and a negative correla-
tion between onset week and epidemic size but without achieving statistical significance
(q = �0.62, P-value = 0.057). The weeks of epidemic onset were found to be negatively corre-
lated with the epidemic peak-sizes (borderline significant) in the different municipalities
(q = �0.56, P-value = 0.095) but no correlation was found with the peak-times (q = �0.03,
P-value = 0.93).

The final local epidemic sizes scale linearly with the local population sizes. A linear fit to the
final number of dengue notifications per municipality as a function of their corresponding popu-
lation size was found to be statistically significant (P-value = 0.0003) and explained 81.0% of
the observed variance (MSE = 58032) (Fig. 7). This observation supports our assumption of a
0 2 4 6 8 10 12

x 10
4

0

500

1000

1500

Municipality population size

T
ot

al
 n

um
be

r 
of

 d
en

gu
e 

no
tif

ic
at

io
ns

0 2 4 6 8 10 12

x 10
4

–2

–1

0

1

2

Municipality population size

S
ca

le
d 

re
si

du
al

s

a

b

Fig. 7. The total number of dengue notifications in each of the municipalities of the State of Colima, Mexico during the
2002 epidemic as a function of the population size per municipality. (a) The circles are the data for the 10 municipalities,
and the solid line is the regression model: Total dengue notifications = �117.25 + 0.0107 (local

population size) with a coefficient of determination of 81.0% and P-value < 0.001. (b) The scaled residuals fall
approximately within ±2 standard deviations.
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roughly constant number of female mosquitoes per human across urban and rural regions. This
linear model is given by:
Total dengue notifications ¼ �117:25þ 0:0107 ðlocal population sizeÞ ð6Þ
4. Discussion

We have carried out a retrospective analysis of the 2002 dengue epidemic in the state of Colima,
Mexico that included the estimation of the overall and local reproduction numbers using two
different methods. The first method uses a standard model described by Anderson and May [1]
for the transmission dynamics of malaria with fixed incubation periods in both hosts and vectors
and an exponentially distributed infectious period in hosts (recently used to estimate the reproduc-
tion number of dengue epidemics in several Brazilian regions [36,37,34,20]) and assumes an initial
exponential epidemic growth phase. On the other hand, the second method uses an epidemic mod-
el that incorporates more realistic incubation and infectious period distributions and estimates the
reproduction number via trajectory matching to the epidemic timeseries. We also used the ther-
modynamic relation from Focks et al. [24] to fix the temperature dependence on the mosquito
incubation time [24]. Our results indicate a significant bias in the estimates of the reproduction
number obtained from Method I relative to those obtained from the refined Method II. Specifi-
cally, the reproduction number is overestimated when using Method I relative to Method II.
Therefore, estimates of the reproduction number obtained using Method I may overestimate
the intensity of interventions and associated costs for epidemic control. Estimates of the reproduc-
tion number obtained from Method I are affected by two sources of bias: (1) Formula (3) of the
reproduction number used in Method I was derived under the assumption of a pure exponential
growth phase during the epidemic take-off and (2) the mathematical Model (1) used in Method I
makes the extreme assumptions of fixed incubation periods in hosts and vectors and the exponen-
tially distributed infectious period in hosts.

While the pure exponential initial growth assumption was a good approximation to estimate
the reproduction number (Method I) from the state-wide epidemic data and from some local epi-
demics (i.e., Manzanillo, Colima, Villa de Alvarez, Tecoman), such an assumption was clearly not
adequate to estimate the reproduction number for the local dengue outbreaks in Cuauhtemoc and
Coquimatlan (Fig. 6). Consequently, Method I estimated the reproduction number to be above
one for the municipalities of Cuauhtemoc and Coquimatlan when these reproduction numbers
are clearly below this threshold when more precisely estimated by Method II (Table 3 and
Fig. 6). In fact, the pure exponential growth assumption in Method I provided a larger source
of bias than that associated to the extreme assumptions on the distribution of the epidemiological
parameters in model (1). For example, by fitting Model (1) directly to the dengue epidemic curves
instead of relying on the initial intrinsic growth rate (r), we estimate a mean reproduction number
of 2.1 from the state-wide epidemic data and a mean reproduction number of 2.4 for the munic-
ipality of Manzanillo compared to the mean reproduction numbers of 2.0 and 2.3, respectively,
obtained using Method II for the same epidemic data.

Using Method II, we have estimated an overall reproduction number ðRpÞ of 2.0 (95% CI: 1.75,
2.23) using the aggregated, state-wide, data and the mean ambient temperature from each of 9
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meteorological stations and a thermodynamic temperature dependence of mosquito incubation
times [24,34]. The reproduction number was lowest in the municipality of Coquimatlan [0.49
(0.0,0.99)] and largest in the municipality of Tecoman [3.30 (1.63,4.97)]. A single control strategy
based on the state-wide reproduction number overestimates the level of mitigation required in
some municipalities and underestimate in others [9]. Nevertheless, local Rp estimates need to
be interpreted with caution since these were estimated considering the different municipalities
to be disconnected (i.e., no host mobility between municipalities). While we cannot determine
the smallest scale of heterogeneity in Rp from these data, it is no larger than the municipalities.

Because candidate dengue vaccines are still in testing or development, public health controls
must rely on reducing the reproduction number via the elimination of vectors, shortening the
mean vector lifespan (parameters m and 1/lv, respectively) or directly reducing the mosquito bit-
ing rate in humans through, for example, netting, screens, application of insecticides to clothing or
the application of mosquito repellents. Vector control programs include the removal of breeding
sites generated by humans in households (e.g., old toys, water containers, and tires), larvicidal
control including ovitraps [42], and malathion spraying to target adult mosquito populations.

Estimates of the reproduction number for dengue fever are somewhat sparse, and large repro-
duction numbers reported in a few papers raise the possibility of strong locale-dependent variations
in Rp, consistent with picture of strong locale-variation seen in Colima. Koopman et al. [31] esti-
mate the reproduction number using the relationship between the basic reproduction number and
the final epidemic size from a national serosurvey comprising 3408 households in 70 localities in
Mexico from March to October, 1986. Their mean estimate of the reproduction number is 1.3
(maximum of 2.4) significantly lower than the mean estimate reported here. Ferguson et al. [23]
report estimates for dengue from cross-sectional serological data collected in Thailand using sta-
tistical methods. These researchers report a reproduction number in the range 4–6 for dengue Sero-
type 2 using a simple model with no interacting strains and constant force of infection. The
reproduction number for dengue has also been estimated in the state of São Paulo, Brazil
[36,37] and a number of Brazilian regions covering different tropical climates [20]. Marques
et al. [36] estimated reproduction numbers in the range [1.6,2.5] in 12 cities of the state of São Pau-
lo, Brazil during a 1991 epidemic. During the 2000 epidemic in 12 cities of the state of São Paulo,
Brazil, Massad et al. [37] estimated reproduction numbers in the range [3.6,12.9]. More recently,
Favier et al. [20] estimated a reproduction number that ranged widely from 2.0 to 103 for dengue
epidemics occurring during the years 1996–2003 in 9 Brazilian regions. Variability in estimates of
the reproduction number may be due to a combination of factors that include pathogen biology,
improved public health surveillance, and better climatological conditions for the survival and effec-
tive transmission of the vectors. Depending on the severity of disease and the prevalence of diag-
nostic laboratory work, some data sets, particularly those including less severe disease may be
significantly confounded by other diseases during the initial clinical phase, e.g. influenza, yellow
fever, malaria. Whereas DSS has a unique pathophysiologic presentation in infectious disease,
some cases of dengue fever are undifferentiated and exhibit mild febrile illness lasting 1–3 days.

We have observed a linear relationship between the final size of the epidemics in the different
localities and their corresponding population size (Fig. 7). By comparison, we have previously
reported (for the same region) a linear relationship between the total number of scorpion stings
of humans (a type of vector-borne disease) and the population size for most municipalities of
Colima except for the most urbanized municipalities of Colima and Villa de Alvarez (Fig. 1,
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[8]). Hence, it seems reasonable to assume that the mean number of female mosquitoes per human
is roughly constant across the state of Colima. Moreover, our findings indicate that the burden of
dengue during the 2002 epidemic in the state of Colima, Mexico was not significantly affected by
differences in urbanization levels across the state.
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Transmisión interepidémica del dengue en la ciudad de Colima, Mexico [interepidemic transmission of dengue in
the city of Colima, Mexico], Salud Publica Mexico 45 (2003) 365–370.

[19] L. Esteva, C. Vargas, Coexistence of different serotypes of dengue virus, Journal of Mathematical Biology 46
(2003) 31–47.

[20] C. Favier, N. Degallier, M.G. Rosa-Freitas, J.P. Boulanger, J.R. Costa Lima, J.F. Luitgards-Moura, C.E.
Menkes, B. Mondet, C. Oliveira, E.T. Weimann, P. Tsouris, Early determination of the reproduction number
for vector-borne diseases: the case of dengue in Brazil, Tropical Medicine and International Health 11 (2006)
332–340.

[21] C. Favier, D. Schmit, C.D. Muller-Graf, B. Cazelles, N. Degallier, B. Mondet, M.A. Dubois, Influence of spatial
heterogeneity on an emerging infectious disease: the case of dengue epidemics, Proceedings Biological Sciences 272
(2005) 1171–1177.

[22] Z. Feng, X. Velasco-Hernandez, Competitive exclusion in a vector-host model for the dengue fever, Journal of
Mathematical Biology 35 (1997) 523–544.

[23] N.M. Ferguson, C.A. Donnelly, R.M. Anderson, Transmission dynamics and epidemiology of dengue: insights
from age-stratified sero-prevalence surveys, Philosophical Transactions of the Royal Society of London B 354
(1999) 757–768.

[24] D.A. Focks, E. Daniels, D.G. Haile, J.E. Keesling, A simulation model of the epidemiology of urban dengue fever:
literature analysis, model development, preliminary validation, and samples of simulation results, American
Journal of Tropical Medicine and Hygiene 53 (1995) 489–506.

[25] Mexican National Center for Epidemiological Surveillance and Disease Control (CENAVE). Dengue Serotypes
Circulating in Mexico, accessed March 04, 2006. Available from: http://www.cenave.gob.mx/dengue/
default.asp?id=14.

[26] D.J. Gubler, Dengue and dengue hemorrhagic fever, Clinical Microbiology Reviews 11 (1998) 480–496.
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