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Abstract objective To stratify and understand the potential transmission processes of Zika virus in

Colombia, in order to effectively address the efforts on surveillance and disease control.

methods We compare R0 of Zika for municipalities based on data from the regional surveillance

system of Antioquia, Colombia. The basic reproduction number (R0) and its 95% confidence

intervals were estimated from an SIR model with implicit vector dynamics, in terms of recovered

individuals in each time unit, using an approximate solution. These parameters were estimated fitting

the solution of the model to the daily cumulative frequency of each Zika case according to symptoms

onset date relative to the index case reported to the local surveillance system.

results R0 was estimated for 20 municipalities with a median of 30 000 inhabitants, all located

less than 2200 m above sea level. The reported cases ranged from 17 to 347 between these

municipalities within 4 months (January to April of 2016). The results suggest that 15 municipalities

had a high transmission potential (R0 > 1), whereas in five municipality transmissions were

potentially not sustaining (R0 < 1), although the upper bound of the confidence interval of the R0 for

3 of these 5 was greater than one, indicating the possibility of an outbreak later on.

conclusion The study identified high-risk municipalities (R0 > 1) and provide a technique to

optimise surveillance and control of Zika. Health authorities should promote the collection, analysis,

modelling and sharing of anonymous data onto individual cases to estimate R0.
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Introduction

In May 2015, PAHO/WHO issued an epidemiological

alert for the Zika epidemic in the Americas, after confir-

mation of autochthonous transmission in Brazil. On 1

February 2016, WHO declared the Zika epidemic in the

Americas a Public Health Emergency of International

Concern [1, 2].

Zika is a disease spread by an arbovirus of the genus

Flavivirus (family Flaviviridae) and is transmitted by the

Aedes aegypti mosquito, which is also vector of dengue

and chikungunya [3]. In 2015–2016, because of its high

incidence, the Zika epidemic was considered a public

health problem in the Americas due to its rapid spread

compared to previous epidemics in Africa and Asia, fre-

quent occurrence of severe neurological complications

(Guillain–Barr�e syndrome) and occurrence of congenital

syndromes related to Zika infection [4].

Around 40 countries/territories in the Americas

reported autochthonous transmission in 2015–2016. By
July 2016, Brazil had reported 78% of confirmed cases

(64 311/81 914), 38.7% of suspected cases (161 241/

416 958) and 1656 cases of congenital syndrome with

suggestive evidence of congenital infection and 255 labo-

ratory-confirmed cases. Colombia was the second country

in Americas to report a large number of cases: 10.4%

(n = 8506) of confirmed cases, 21.1% of suspected cases

(n = 87 844), 11 confirmed cases of microcephaly related

to Zika and 102 cases under study. Puerto Rico (2.6% of

confirmed cases) and Venezuela (2% of confirmed cases

and 11.8% of suspected cases) also report high incidence

[5].
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PAHO/WHO recommended countries to establish inte-

grated control programme to reduce virus transmission,

including the identification of areas with high risk of

transmission [2]. In this study, we estimate the basic

reproductive number (R0), an indicator of potential for

local Zika transmission in Antioquia. R0 is formally

defined as the average number of secondary cases gener-

ated by an infected individual when introduced into a

completely susceptible population during his infectious

period [6].

Antioquia in northwestern Colombia has more than 6

million inhabitants living in 125 municipalities divided

into nine subregions (Figure 1). Aedes aegypti is dis-

tributed in more than 80% of its land area due to its

tropical climate. Antioquia reported the highest number

of municipalities with laboratory-confirmed cases at week

28 of 2016 [7] and it had a rapid spread of the disease in

some subregions and cases presented more aggressive

symptoms than from other arboviruses such as joint pain,

conjunctivitis and emerging neurological conditions.

PAHO established some entomological indices to deter-

mine the risk of dengue transmission [8]; however, these

indices are not accurate. For example, Focks [9] found a

weak relationship between larval indices and production

of adult mosquitoes, responsible for transmission. It has

also been determined that less than 20% of larvae deposits

are usually responsible for over 80% of Aedes adults [10].

Similar results have been reported by Bowman [11] and

Boyer [12]. Particularly the latter suggest that traditional

infestation indexes of Aedes should not be considered indi-

cators of epidemiological risk. In Medellin, the capital of

Antioquia, a relationship between traditional entomologi-

cal indexes and the incidence of the disease was not

observed for dengue epidemic registered in 2010 [13].

Given the poor relationship between the transmission

of dengue and entomological indicators, this paper esti-

mated R0 from an SIR model with implicit vector dynam-

ics, based on the work of Pandey [14] and Bailey [15].

The SIR model proposed in our paper recognises the

importance of vector transmission summarising, in the

beta transmission parameter, the cycle of vector–human

transmission. We use epidemiological surveillance data to

establish the potential for local transmission, estimating

R0 for the ongoing Zika epidemic.
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Figure 1 Subregions of Antioquia, Colombia.
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Methods

We estimated and compared the basic reproductive num-

ber of Zika in municipalities of Antioquia, Colombia.

The solution to an SIR model with implicit vector

dynamic in the transmission term was adjusted to the

daily cumulative frequency of Zika cases, reported to the

epidemiological surveillance system of Antioquia (‘SIVI-

GILA’) by municipality.

The approximate solution of a model was obtained

as follows. First, the vector SIR model with explicit

vector dynamics was reduced to a simple SIR model

with an implicit vector dynamics via simple assump-

tions on the transmission terms. The resulting effective

simple SIR model incorporated the transmission

parameter, which is a weighted average of vector-to-

host and host-to-vector transmission parameters of the

original vector SIR model. That is, the transmission

term b includes the average number of new infected

humans generated by an infectious mosquito and the

average number of new infected mosquitoes generated

by a single infected human (Equation 17 in

Appendix 1).

The original vector SIR model consisted of five coupled

differential equations which described explicitly the trans-

mission of the disease from vectors-to-humans and

humans-to-vectors. The human population was classified

into susceptible, infected and removed individuals, and

the vector population was classified into susceptible and

infected mosquitoes.

The second, analytical solution of the vector SIR model

was difficult to compute. In Appendix 1, we show that

an analytic solution is possible if the model is simplified

under a certain approximation, which assumes that the

number of infected mosquitoes remains approximately

constant during the epidemic. Such an assumption is rea-

sonable under certain specific climatic (i.e., rainfall, tem-

perature) and ecological conditions in the region. For the

resulting effective simple SIR model, it was possible to

use the well-known approximated analytical solution pro-

posed by Kermack and Mackendrick [16] (Equation 18

in Appendix 1).

We assumed that the temporal evolution of the number

of removed human individuals is directly observed from

the notifications of the epidemiological surveillance. The

epidemic parameters were assumed constants over time,

and the effect of a possible spatial migration was

assumed negligible.

Using the simplest model, which assumed a closed pop-

ulation during the transmission of Zika, the effect on the

transmission of asymptomatic individuals and the possi-

bility of sexual or vertical transmission are not

considered. Homogeneous mixing between humans and

vectors is assumed in such a way that the classical mass

action law is applicable.

The deterministic model is used because the population

of municipalities is large enough and the effect of

stochastic processes on the model parameter estimates is

extremely low.

Data sources

Data were obtained from the anonymous database of the

epidemiological surveillance system (‘SIVIGILA’) of

Antioquia, which contains daily data onto the onset date

of symptoms of each patient by municipality. Case

reporting is required by all hospitals or clinics. Case defi-

nition and data management are based on the guidelines

of the Ministry of Health and Social Protection and the

National Institute of Health of Colombia (NIH). We

included only Antioquia0s residents in the analysis. Sus-

pected cases, laboratory confirmed and confirmed clinical

criteria were included. Cases were reported from the first

4 months of 2016 when the peak of the epidemic

ocurred.

Parameter estimation

The epidemic parameters were estimated using

NLREG� (version 6.5 – P. Sherrod, TN, USA) by fit-

ting the mathematical expression of recovered individu-

als per unit time R (t) to the daily cumulative number

of reported Zika cases according to symptoms onset

date relative to the index case (Appendix 1 Equation 18;

Appendix 2).

NLREG� is a flexible, stable and easy to handle soft-

ware. It is a non-linear regression procedure which uses a

least squares method for fitting. In order to perform the

estimation, it is necessary to introduce some ‘seed’ or ad

hoc values for the relevant parameters. These values are

neither initial values of the model parameters nor initial

states as needed in the case of a dynamical system.

Hence, there is no need for any sensitivity analysis on it.

The code used to estimate the parameters is included in

Appendix 1.

We verified that the time between the index case and

the successive case was approximately the extrinsic incu-

bation period, which is around 3 weeks [17]. The seed

values of the parameters were taken as ch ¼ 0:02,

R0 = 20, s = 100 with their 95% confidence interval.

Goodness of fit test was used to compare observed and

estimated data.

Ethics approval for the study was not required, as all

analysis used depersonalised routine notification data.
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Results

From 1 January 2016 to 11 April 2016 (i.e., week 1–15),
1935 cases of Zika were reported to the Secretary of

Health in 74 of the 125 municipalities of Antioquia and

nine subregions. Of these, 1864 cases were from Antio-

quia residents (96.3%) in municipalities that were located

below 2200 metres above sea level. The population of

the municipalities varied between 14 000 and 2.5 million,

with a median of 30 000 inhabitants per municipality

(Table 1).

1841 cases were analysed, after discarding 23 cases

due to other diagnoses. Laboratory confirmed cases

accounted for less than 1% of total cases (=15/1841).
Data on the onset date of symptoms were available in

99.5% of cases. Laboratory-confirmed cases data were

used only for small number of municipalities. Due the

rarity of laboratory-confirmed cases, data based on sus-

pected and clinical confirmed cases were used for 11

municipalities and only suspected cases were used for

seven municipalities (Table 1).

Cases were primarily women (67.1%), aged 15–
44 years old (63.7%) and residents in urban areas

(81.8%). The age and gender distributions were found to

be similar between municipalities Table 1. We estimated

R0 for 20 municipalities that had reported more than 15

cases in the analysed period. Most index cases began

showing symptoms in January 2016. Outbreaks were

reported during 43–98 days (median 79 days) in the

municipalities. A median of 38 cumulative cases was

reported by municipality, with a minimum of 17 cases in

Sopetr�an and maximum of 347 cases in Medellin. Also,

the next two highest reporting of the cumulative fre-

quency of cases was found in Apartad�o (n = 311) and

Turbo (n = 228).

As shown in Figures 2–3, the cumulative number of

cases was growing abruptly in Caceres andMedellin, while

in 12 municipalities it stabilised around a fixed number. In

the remaining six municipalities, the cumulative curve

showed a slow growth initially, eventually approaching to

a stable value of cumulative number of cases.

The adjusted coefficient of multiple determination ran-

ged between 96.27% and 99.97%, obtaining a suitable

adjustment of accumulated cases per day and the number

of recovered individuals per unit time R(t) estimated from

the model according to equation 18 (Figures 2–3).
The median R0 was estimated as 1.12. The R0 upper

95% confidence interval was >1 in all 15 municipalities.

The greatest potential for transmission occurred in 14

municipalities, with a maximum R0 > 1 of 2.2 (CI 95%

1.54–2.86) in Nech�ı and a maximum value of 56.38 in

Caceres (Figure 4). The last two municipalities are part

of the Bajo Cauca subregion, where the epidemic was

growing during the analysis, as can be seen in Figure 2.

In the subregion of Valle of Aburr�a, Medellin,

R0 = 22.2, followed by the subregion of Urab�a, where

six municipalities had R0 > 1.

Potential to maintain transmission locally was lower in

five municipalities, where the estimated R0 was <1, but
the upper confidence interval included some R0 values >1
during the analysed period (see Figures 3–4).

Discussion

Mathematical models have been developed to help under-

stand the epidemiology of vector-borne diseases and sup-

port decision making. Some of these models explicitly

include dynamics of vector population. In this study, we

developed a procedure to estimate the reproduction num-

ber (R0) of a vector-borne disease via analytical expres-

sion of cumulative cases that includes a weighted average

of effective vector-to-host and host-to-vector transmis-

sion. The vector-borne model used in this article is first

reduced to the effective direct transmission model before

explicitly finding its approximate solution under certain

assumption and estimating R0. The approximation of the

solution to the model provided a simple relationship

between the reported cases in the field and the estimated

cases from the model without explicitly incorporating all

the entomological variables and data, following the work

of Pandey [14] and Bailey [15].

Models that explicitly include entomological variables

are complex due to the requirement of greater number of

parameters, including parameters describing the infection

cycle between mosquito and humans, for which data may

be difficult to obtain. Hence, simple models with rela-

tively few parameters and with consistency with real data

are often preferred, as in the current analysis. However,

to formulate a model that incorporates all the complexi-

ties of Zika are mathematically more complicated, mak-

ing it difficult to derive algebraic expression of R0, to

obtain approximated analytical solutions and to perform

regression procedures that let us estimate the epidemio-

logical parameters.

However, we would like to note that this study consid-

ers certain strict modelling assumptions including con-

stant vector density. For the current study, this

assumption may be reasonable as the analysis covered

only ~3 months, but it may not hold for other vector-

borne diseases or if we consider other regions with signif-

icant fluctuations in climatic variables. Models with

explicit vector dynamics and parameters depending on

weather conditions (i.e. rainfall and temperature) may be

required if an outbreak lasts longer.
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Our work has the advantage of using data on reported

cases to stratify the potential transmission at municipali-

ties during an ongoing outbreak. As mentioned by King

et al. [18], it is preferable to estimate R0 using disaggre-

gated data. Thus, available data on the date of symptom

onset of each patient are needed to implicitly model the

Table 1 Zika cases of residents in Antioquia, Colombia, 2016 by subregion and municipality

Subregion/

Municipality

Metres

above

sea level Population

Type of

cases

Dates of index

case and last

case reported

Total

cases

Ratio

urban/

rural

Age – number (per cent)

<15 15–44 45 +

Bajo Cauca
C�aceres 200 38 850 Suspect 03/01/2016

15/02/2016

45 1.0 14 (31.1) 21 (46.6) 10 (22.2)

Nech�ı 30 27 238 Suspect 30/01/2016

20/03/2016

29 4.8 9 (31.3) 12 (41.4) 8 (17.8)

Caucasia 150 114 902 Suspect &

Confirmed

10/01/2016

05/04/2016

59 13.8 11 (18.6) 37 (66.1) 11 (18.6)

Zaragoza 150 31 129 Suspect 29/01/2016
07/04/2016

49 7.2 7 (14.3) 34 (69.4) 8 (16.3)

Valle Aburr�a

Medell�ın 1538 2 486 723 Suspect &

Confirmed

12/09/2015

09/04/2016

351 13.0 35 (10.0) 231 (65.8) 85 (24.2)

Bello 1450 464 614 Suspect &

Confirmed

11/01/2016

01/04/2016

32 7.0 10 (31.3) 15 (46.8) 7 (21.9)

Envigado 1575 227 644 Suspect &

Confirmed

01/01/2016

03/04/2016

21 6.0 2 (9.5) 12 (57.1) 7 (33.3)

Itag€u�ı 1550 270 903 Suspect &

Confirmed

13/01/2016

03/04/2016

40 3.4 3 (8.1) 31 (83.8) 3 (8.1)

Urab�a
Chigorod�o 34 78 148 Suspect &

Confirmed

02/01/2016

06/04/2016

164 17.2 31 (18.9) 105 (64.1) 28 (17.0)

San Pedro

de Urab�a

200 31 539 Suspect &

Confirmed

06/01/2016

30/03/2016

23 2.3 4 (17.4) 9 (39.1) 10 (43.5)

Carepa 28 57 220 Suspect &

Confirmed

07/01/2016

06/04/2016

102 4.1 14 (13.7) 75 (73.5) 13 (12.7)

Turbo 2 163 525 Suspect &

Confirmed

02/01/2016

02/04/2016

228 4.4 44 (19.3) 153 (67.1) 31 (13.6)

Necocl�ı 8 63 991 Suspect &

Confirmed

25/01/2016

07/04/2016

36 1.0 5 (13.9) 22 (61.1) 9 (25.0)

Apartad�o 30 183 716 Suspect &

Confirmed

02/01/2016

10/04/2016

315 7.1 64 (20.3) 196 (62.2) 55 (17.5)

Mutat�a 75 21 077 Suspect &

Confirmed

26/01/2016

03/04/2016

19 1.7 6 (31.6) 11 (57.9) 2 (10.5)

Nordeste
Remedios 700 29 898 Suspect 16/02/2016

04/04/2016

18 3.5 3 (16.7) 15 (83.3) 0 (0.0)

Magdalena Medio

Puerto Berr�ıo 125 47 717 Suspect 31/01/2016
02/04/2016

61 3.7 10 (16.4) 34 (55.7) 17 (27.9)

Puerto

Triunfo

150 20 483 Suspect 06/01/2016

02/04/2016

27 0.6 7 (25.9) 17 (63.0) 3 (11.1)

Occidente
Sopetr�an 750 14 821 Suspect 15/01/2016

01/04/2016

17 1.8 0 (0.0) 8 (47.0) 9 (52.9)

Oriente
Rionegro 2125 122 231 Suspect &

Confirmed

26/12/2015

02/04/2016

18 1.3 0 (0.0) 15 (83.3) 3 (16.7)
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dynamics of transmission. These data are usually col-

lected in epidemiological surveillance but not analysed or

disseminated and shared.

Various studies have analysed the dynamics of trans-

mission of vector-borne diseases by explicitly taking into

account the spatial dissemination aspect [19]. We

excluded the spatial link because of the short time scale.

Typically, the transmission of a disease may depend on

climatic, environmental and socio-economic factors that

may go beyond the administrative limits of the
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Figure 2 High Potential transmission (R0 > 1) of Zika by municipality Antioquia, Colombia, 2016.

1254 © 2017 John Wiley & Sons Ltd

Tropical Medicine and International Health volume 22 no 10 pp 1249–1265 october 2017

Juan Ospina et al. Modelling potential local transmission of Zika



C
um

ul
at

iv
e 

ca
se

s

24

18

12

6

0

C
um

ul
at

iv
e 

ca
se

s

40

30

20

10

0

C
um

ul
at

iv
e 

ca
se

s

20

15

10

5

0

C
um

ul
at

iv
e 

ca
se

s

C
um

ul
at

iv
e 

ca
se

s

20

15

10

5

60

40

20

00

0 20 40
Time (Day)

Rionegro Zaragoza

60 80 100 0 20 40
Time (Day)

60 80 100 0 20 40
Time (Day)

60 80

R0 = 0.98 (CI 95% 0.93–1.02)

Adj.Coef.Det. = 98.98%

R0 = 0.98 (CI 95% n.e)

Adj.Coef.Det. = 98.31%
R0 = 0.98 (CI 95% 0.88–1.08)

Adj.Coef.Det. = 96.27%

Envigado

0 20 40
Time (Day)

60 80 100 0 20 40
Time (Day)

60 80

R0 = 0.98 (CI 95% 0.92–1.03)

Adj.Coef.Det. = 98.9%

R0 = 0.98 (CI 95% n.e)

Adj.Coef.Det. = 96.96%

Itagüí Mutatá

Figure 3 Less potential transmission (R0 < 1) of Zika by municipality Antioquia, Colombia, 2016.

C
um

ul
at

iv
e 

ca
se

s

60

40

20

0

C
um

ul
at

iv
e 

ca
se

s

40

30

20

10

0

C
um

ul
at

iv
e 

ca
se

s

20

15

10

5

0
0 20 40

Time (Day)
60 80 0 20 40

Time (Day)
60 80 100 0 20 40

Time (Day)
60 80

R0 = 1.08 (CI 95% 1.02–1.15)

Adj.Coef.Det. = 97.7%
R0 = 1.03 (CI 95% 0.97–1.09)

Adj.Coef.Det. = 97.0%

R0 = 1.07 (CI 95% 0.8–1.26)

Adj.Coef.Det. = 98.24%

Puerto Berrío

C
um

ul
at

iv
e 

ca
se

s

C
um

ul
at

iv
e 

ca
se

s

32

24

8

16

0

400

300

100

200

0
0 20 40

Time (Day)
60 80 100 0 50 100

Time (Day)
150 200 250

R0 = 1.18 (CI 95% 1.06–1.3)
Adj.Coef.Det. = 98.58%

R0 = 22.2 (CI 95% n.e.)

Adj.Coef.Det. = 99.3%

BeIlo Medellín

Puerto Triunfo Sopetrán

Figure 2 continued.

© 2017 John Wiley & Sons Ltd 1255

Tropical Medicine and International Health volume 22 no 10 pp 1249–1265 october 2017

Juan Ospina et al. Modelling potential local transmission of Zika



municipalities or regions. However, the choice of factors

to be taken in the study should depend on the goal of the

work, types of data that could be readily obtained from

the field and availability of mathematical tools capable of

estimating required quantities.

It should be emphasised that estimations of R0 values

provide approximations to the local transmission dynam-

ics of Zika. As illustrated here, R0 is used basically to

compare the transmission potential between municipali-

ties and accordingly, to identify and suggest effective

local control measures [20]. Municipalities with higher or

lower risk of Zika transmission were identified based on

estimated R0. There is no ‘gold standard’ to assess the

external validity of our results; however, our findings on

stratification of potential local transmission coincide with

the risk perception of health personnel in charge of epi-

demiological surveillance (personal communications with

Antioquia Secretary of health).

In this study, we used a deterministic model because of

large populations in each of the municipalities. Addition-

ally, vector transmission occurring in a municipality as a

whole, make the modelling of epidemics in small groups

like schools, hospitals, homes or workplaces, a hard task.

Like any other modelling study, this study also has

some limitations including only few laboratory-confirmed

cases and under-diagnosis or underreporting of cases,

though, some stochasticity capturing measurement errors

were included in the fitting procedure.

This work includes the stratification of the potential

transmission of Zika for large and small outbreaks, guided

by R0 estimates depending on whether R0 is bigger or smal-

ler than one. Equation (18) is an approximate solution of

our simple SIR model and this solution exists and can be

applied for all values of R0. In case R0 > 1, the equa-

tion (18) produces a rising curve or S-shaped logistic func-

tion, which asymptotically saturates. If R0 < 1, we obtain

a curve of monotonically decreasing cases.

The presence of asymptomatic individuals so far esti-

mated at 80% in other contexts [3,21] could affect esti-

mation of R0 in our model, which assumes that we are

counting all infectious cases. In case of a high level of

underreporting, inclusion of asymptomatic cases will

merely provide high uncertainty in our estimates. Our

aim was to use a simple model for an ongoing epidemic

of Zika to capture local disease dynamics and compute a

rigorous closed form expression to estimate R0 using lim-

ited available data.

It was assumed in this model that each municipality

has a closed population, which may be appropriate in the

short term, in relation to the relatively short time of

occurrence of Zika transmission. We also assumed negli-

gible migration and internal mobility between
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I.
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R
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VIII.
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IX.

IX.
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Valle de Aburra
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Figure 4 Reproductive number of Zika
in municipalities of Antioquia, Colombia.
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municipalities. Moreover, data on disaggregated vital

statistics are scarce, and there is no official reporting of

internal mobility rates/residence times of the population.

In future, we plan to consider the flow of individuals

from endemic municipalities to the capital (Medellin) and

metropolitan area (Valle of Aburra), mainly due to the

difference in socio-economic conditions and work oppor-

tunities.

Our R0 estimates for Zika fall are similar to ranges in

the literature. However, the exact comparison of our esti-

mates of R0 with the reported values in the literature is

difficult to carry out because of different models, and

assumptions were used by other published studies.

Towers et al. [22]. used a SEIR/SEI model with vector

dynamics for estimating R0. They used data from the

daily incidence of suspected Zika cases reported in Bar-

ranquilla, Colombia from October to November 2015 to

estimate the exponential growth rate of an outbreak. In

their fitting procedure, they fixed their entomological

parameters obtained from other regions in the literature.

According to authors, R0 was estimated to be 3.8 (95%

CI 2.4–5.6). The authors used a similar expression as

given in equation 17 but some parameters were obtained

assuming the epidemic being in its initial exponential

phase when interventions are not yet applied. As only

data from the beginning of the outbreak were only used,

the exponential growth may overestimate the reproduc-

tion number. In our model we used Equation 16, a short-

ened form of Equations 17 and 18 representing the

complete course of the epidemic instead of just its initial

phase; therefore our method may underestimate the

reproduction number.

Other authors also have analysed data from the initial

phase of the epidemic based on the exponential growth

rate, using phenomenological models. Majumder et al.

[23]. used exponential smoothing models as well as the

Incidence Decay and Exponential Adjustment (IDEA)

model to estimate R0 for Colombia and other countries,

using the data published by HealthMap and the NIH. They

estimated an average R0 of around 4.82 (range 2.34–8.32).
Nishiura et al. [24]. estimated R0 from Colombia using

maximum likelihood methods. They assumed that the con-

firmed cases from week 35 of 2015 had an exponential

growth. The estimates of R0 ranged from 3.0 to 6.6.

Rojas et al. [25] analysed surveillance data from San

Andres and Girardot, Colombia using a maximum likeli-

hood method to fit a chain-binomial model to daily inci-

dence data. The estimated R0 in San Andres was 1.41

(95% CI: 1.15–1.74) and in Girardot it was 4.61 (95%

CI: 4.11–5.16). Hsieh [26] used a phenomenological

model to estimate parameters by fitting the Richards

model to the weekly reported case data from Colombia

provided by the Pan American Health Organization

(PAHO) website. The estimated R0 ranged from 1.75

(95% CI: 1.34–2.16) to 1.79 (95% CI: 1.29–2.30) in the

first wave of cases (week 32–43/2015) and in the second

one (week 49/2015–week 16/2016), respectively.

Chowell et al. [27] estimated R0 by calculating the

polynomial growth profile of the initial trajectory of the

epidemic with data from the daily incidence of Antio-

quia globally. Assuming a gamma distributed generation

interval (average: 14 days S.D 2), they estimated R0 of

10.3 (CI 95%: 8.3–12.4) in the first generation of Zika

to 2.2 (CI 95%: 1.9–2.8) in the second generation.

When the exponential distributed generation interval

was assumed, R0 was estimated from 2.8 (CI 95%: 2.4–
3.1) to 1.8 (CI 95%: 1.7–2.0) for the two generations,

respectively. The latter values were lower than those

estimated by Nishiura et al. [24], who used weekly data

from Colombia, but they are closer to those obtained in

our work, for each of the municipalities despite using

different models.

Anaya et al. [28] estimated R0 assuming an exponen-

tial growth rate model and a gamma distribution for the

generation time as described by Chowell et al. [27] of

daily data of cases reported of Cucuta from 29 June

2015 to 30 July 2016. According to the authors, R0 ran-

ged between 2.68 (95% CI 2.542.67) and 4.57 (95% CI

4.18–5.01).
In this paper, we show that data based on the cumula-

tive incidence give a better model fit than fitting the

model to the incidence data. From a practical point of

view, incidence data are limited because daily or weekly

incidence may change with the confirmation of cases,

usually 4 weeks after the notification of cases.

The age and sex distribution of cases of Antioquia are

similar to those reported in Colombia [5]. As it has been

documented, the tendency of women to consult a practi-

tioner is related to concerns about the risk of having con-

genital malformations in infected pregnant women. The

occurrence of cases primarily in urban areas and in the

population aged 15–44 suggest that these populations

have high exposure to vector density or are more suscep-

tible to infection.

The results show a greater transmission potential of

Zika in municipalities of Bajo Cauca, Uraba subregions

and Medellin. The high R0 in these municipalities is in

line with the observed incidence rate, hence it suggests

the need to strengthen the capacity of case detection and

management as well as integrated vector control pro-

grammes.

Our results demonstrate the advantage of having indi-

vidual patient data to estimate R0 instead of analysing

weekly accumulated data. Moreover, they are extremely

© 2017 John Wiley & Sons Ltd 1257
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useful in designing both regional and global policies. Pub-

lic health departments will be able use such data and

methods for future outbreaks of emerging and remerging

disease.
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Appendix 1

From the Vector SIR Model to the simple SIR model

The standard SIR vector model is given by the following

system of non-linear and coupled differential equations

where the equations (1), (2) and (3) describe the human

population classified as susceptible (Sh), infected (ih) and

removed (Rh); and equations (4) and (5) describe the

mosquito population classified as susceptible (Sm) and

infected (im) [16]. We assumed that the mortality, migra-

tion and natality were negligible because the short time

scale of the epidemic occurrence.

dShðtÞ
dt

¼ �bmhShðtÞimðtÞ ð1Þ

dihðtÞ
dt

¼ bmhShðtÞimðtÞ � chihðtÞ ð2Þ

dRhðtÞ
dt

¼ chihðtÞ ð3Þ

dSmðtÞ
dt

¼ lmNm � bhmSmðtÞihðtÞ � lmSmðtÞ ð4Þ

dim
dt

ðtÞ ¼ bhmSmðtÞihðtÞ � lmimðtÞ ð5Þ

where

bhm � bbhme
bmh � bbmheNm

Nh

And the model parameters are as follows:

b: bitting rate.

bh,m: probability of effective transmission from human

to mosquito by bite.

bm,h: probability of effective transmission from mos-

quito to human by bite.

ch: per capita recovery rate of Zika infection in

humans

lm: per capita mortality rate in mosquitoes.

Nh: total human population

Nm: total mosquito population.

We assume that the densities of susceptible mosquitoes

and infected mosquitoes are constant over time and

obtain a simplified SIR model as below. That is,

imðtÞ ¼ im ð6Þ

SmðtÞ ¼ Sm ð7Þ

Substituting (6) and (7) in (5) we obtain:

0 ¼ bhmSmihðtÞ � lmim ð8Þ

From (8), it follows that:

im ¼ bhmSmihðtÞ
lm

ð9Þ

Using (6) and (9) in (1) we obtain:

dSh
dt

ðtÞ ¼ � bmhShðtÞbhmSmihðtÞ
lm

ð10Þ

Using (6) and (9) in (2) we obtain:

dih
dt

ðtÞ ¼ bmhShðtÞbhmSmihðtÞ
lm

� chihðtÞ ð11Þ

Since Sm is assumed constant, we define average effec-

tive infectivity as in Pandey et al. (2013) [8]

b ¼ bmhbhmSm
lm

ð12Þ

Hence the equations (10) and (11) can be rewritten as:

d

dt
ShðtÞ ¼ �bShðtÞihðtÞ ð13Þ

d

dt
ihðtÞ ¼ bShðtÞihðtÞ � chihðtÞ ð14Þ

Rewriting the equation (3)

d

dt
Rh tð Þ ¼ chRhðtÞ ð15Þ

It shows that the human population satisfies a simple

SIR model given by equations (13), (14) and (15).

For the effective SIR model ((13), (14) and (15)) the

basic reproduction number R0 is given by:

R2
0 ¼ Shð0Þb

ch
ð16Þ

Substituting (12) in (16), we obtain an R0 which is

similar to the reproduction number of the classic Ross–
Macdonald model
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R2
0 ¼ Shð0ÞbmhbhmSm

lmch
ð17Þ

it is to say

R2
0 ¼ Shð0Þbmh

ch
� bhmSm

lm

� �

where Shð0Þbmh

ch
is the average number of new infected

humans generated by an infectious mosquito, and Smbhm
lm

represents the average number of new infected mosqui-

toes generated by a single infected human.

An approximate solution for the effective SIR model

and obtaining R0

The SIR model (13), (14) and (15) can be solved approxi-

mately: [14–16]

RðtÞ ¼
q2
�
s
q � 1� a tanhð�0:5acht þ /Þ�

s
ð18Þ

where s = Sh (0); and

a ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s

q
� 1

� �2
þ 2s

q2

s
ð19Þ

/ ¼ 1

2
ln

aqþ s� q
aq� sþ q

� �
ð20Þ

q ¼ ch
b

ð20AÞ

The saturation value obtained from (18) takes the form

Rð1Þ ¼ 2qð1� q
s
Þ ð20BÞ

The equation (20B) gives the final total size of the out-

break. The equation (18) gives the evolution through the

time of the accumulated cases of the infection. The equa-

tion (18) will be used to fix the observed trends of the

epidemic.

Algorithm to estimate the basic reproductive number

using NLREG � version 6.5 (P. Sherrod, TN, USA).

Title ‘Cumulated cases of Zika 2015–2016’;
Variables Day, CC;

Parameter gamma =0.02;

Parameter R =20;

Parameter s =100;

Double rho, alpha, phi;

rho=s/R;

alpha = ((s/rho-1)^2 + 2*s/rho^2)^(1/2);

phi =1/2*ln((alpha*rho+s-rho)/(alpha*rho-s+rho));

Function CC =rho^2/s*(s/rho-1-alpha*tanh(-.5*alpha*

gamma*D�ıa+phi));

Plot xvar=Day, xlabel=‘Time (Day)’, ylabel=‘Cumu-

lated cases’;

Plot;

rplot;

ITERATIONS 100;

CONFIDENCE 95;

Data;
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