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AF2.1 DATA CLEANING

There were missing data in the time series of surface daytime and nighttime temperature data existing as 8-day averages from Moderate Resolution Imaging Spectroradiometer (MODIS) [1]. First we converted the data into weekly values, in that the calendar week containing at least four days of the 8-day average would be assigned the value of the 8-day average. Once in a weekly format we found that there was about 10% missing data (Table 2.1.a). 

Table 2.1.a Number of observations and percentage of missing data.
	Variable
	Sample size
	Missing data (%)

	nighttime temperature at week t
	45038
	10.81

	daytime temperature at week t
	45912
	9.08


 
We imputed missing data using a two-step approach. In the first step, data were imputed using a predictor variable. The nighttime and daytime data are highly correlated (at week t: r = 0.77, p-value <0.01). We used a mixed-effects model to estimate nighttime temperature given daytime temperature. The model was specified as a random intercept model using the municipality as a random effect, given that the time series of observations with municipalities were not independent of each other (Table 2.1.b). 

Table 2.1.b Model parameter estimates, standard error and t-value.
	Parameters
	β
	Std. Error
	t-value

	Intercept
	8.64
	0.200
	43.26

	Daytime temperature at week t
	0.25
	0.004
	57.64

	Municipal deviation
	2.01
	0.138
	



The nighttime temperature variable, not including the newly imputed data, was then used as a predictor for imputing the daytime temperature data using a mixed-effects model with municipality as a random effect (Table 2.1.c).

Table 2.1.c Model parameter estimates, standard error and t-value.
	
	β
	Std. Error
	t-value

	Intercept
	20.91
	0.124
	168.23

	Daytime temperature at week t
	0.315
	0.005
	64.77

	Municipal deviation
	1.12
	0.05
	



To assess the validity of the models to impute missing data, we calculated the correlation between the predicted data and the existing data. These data were highly correlated, thus, provided evidence that our imputation approach was appropriate (Table 2M2.1.d).

Table 2.1.d Correlation between existing and imputed data.
	Variable
	Correlation
	p-value

	nighttime temperature at week t
	0.927
	< 0.01

	daytime temperature at week t
	0.867
	< 0.01


 
After imputing the data in this first step, there remained 4.8% missing data for both the nighttime and daytime temperature variables. We used a second step to further impute the data, under the assumption that observations closer in time are more likely to be similar in temperature than when further apart in time, over the short-term. To impute, we averaged existing observations together to estimate a missing value. For instance, if temperature of week t was unknown, we average the temperatures at weeks t-1 and t+2 to produce an estimate for time t. If temperature at weeks t and t+1 were unknown, we used the mean of weeks t-2 and t-1 to estimate for t, and the mean of weeks t+2 and t+3 to estimate for t+1. We did not have cases of three consecutive unknown values.

AF2.2 EXPLANATORY VARIABLES

AF2.2.1 Environmental

Vector environmental suitability is a previously developed composite measure of Aedes species vector habitat and arbovirus transmission suitability [2]. This variable is a function of i) temperature suitability for dengue transmission to humans via Ae. aegypti, ii) temperature suitability for dengue transmission to humans via Ae. albopictus, iii) minimum relative humidity, iv) annual cumulative precipitation, v) an enhanced vegetation index, and vi) urban versus rural habitat type (for details see [2]). The spatial resolution for the variable is at a 5 km grid resolution and the values were considered constant for our study period. 

We used weekly total precipitation data (time-varying) at 0.1 degree latitude/longitude resolution from Integrated Multi-satellitE Retrievals for GPM (IMERG) from NASA [3]. We also created a variable from these data for the total precipitation for the study period (time-fixed) for each municipality. 

Surface daytime and nighttime temperature were acquired as data as 8-day averages were acquired with 0.05 degree latitude/longitude resolution from Moderate Resolution Imaging Spectroradiometer (MODIS) [1] and translated into mean weekly (time-varying) daytime and nighttime temperature variables (Additional File 2). We also created variables for mean temperature over the study period temperatures from these data (i.e. time-fixed data). The mean weekly and mean study period variables for the precipitation and temperature data were included to assess effects on mosquito vectors and ZIKV transmission that may operate at different time scales. For example, a temperature variable with a one-week time lag may better capture the influence of EIP and recent vector activity and survival, whereas, the mean study period temperature may better capture environments suitable for long-term persistence of the mosquito vectors.  

Elevation data were derived from a 90 m resolution digital elevation model [4].  

AF2.2.2 Social

Data for municipal population size were available from the Colombian Government (DANE; http://www.dane.gov.co) and were converted to densities using municipality areas. 

Poverty data came from unsatisfied basic needs (UBN) composite metric. UBN is a composite measure of five equally weighted metrics: i) inadequate dwellings, ii) crowding, iii) inadequate services, iv) economic dependence, and v) school-aged children not attending school [5]. Surveyed households must be classified by at least one metric to be considered as having UBN. UBN is a common measure of poverty for Latin America [6][5]. These data were available from the Departamento Administrativo Nacional de Estadística (DANE: http://www.dane.gov.co). 

Municipal road density was considered a measure of human connectivity within a municipality, and obtained from the Center for International Earth Science Information Network (CIESIN) [7]. We used the same road network dataset to calculate a measure of inter-municipal connectivity as the number of roads entering/leaving the municipality.

AF2.2.3 Neighbourhood disease intensity

Neighbourhood disease intensity variables controlled for the reported spatial distribution and temporal progression of cases. The nearest infected municipality at time t was calculated as the Euclidean distance (km) from municipal centroid to centroid and represented the transmission distance. The proportion of infected neighbouring municipalities at t was determined from immediately adjacent municipalities and represented a spatial weight of transmission pressure. These variables were created using the cleaned and imputed surveillance data, in that, once a municipality had reported ZIKV it was assumed to remain a source of ZIKV over the course of the study period, even if cases were not reported in some weeks over the period. We consider this a valid assumption given that municipalities reporting ZIKV mostly showed an epidemiological curve typical of infectious disease incidence over time (i.e. increase, peak, decrease); furthermore, almost 99% of these municipalities continued reporting ZIKV by the last week in the study period. In the logistic regression, a categorical variable for reporting week accounted for the temporal progression of known ZIKV cases. This factor is a proxy for the growth rate of infection in the population.

Summary statistics for the explanatory variables used in building the logistic and AFT models are shown in Table 2.2.3.a. Variables are for municipalities reporting ZIKV at least once from 2015/10/24 to 2016/01/09. Results are shown for non-imputed data.

[bookmark: _GoBack]Table 2.2.3.a. Summary statistics for explanatory variables. 
	Variable
	Mean
	Median
	Standard deviation
	90% range

	Mean study period temperature (°C)
	15.0
	15.2
	6.48
	5.82-23.7

	Mean weekly daytime temperature (°C)
	25.5
	25.6
	5.74
	18.1-32.7

	Mean weekly nighttime temperature (°C)
	14.8
	15.3
	7.01
	5.25-23.8

	Total study period precipitation (mm)
	32590.2
	28166.2
	19615.5
	11514.0-61344.6

	Total weekly precipitation (mm)
	622.9
	263.3
	861.4
	1.56-1783.7

	Mean Elevation (m)
	1387.0
	1387.1
	991.1
	77.7-2781.3

	Mean vector environmental suitability
	0.439
	0.499
	0.324
	0.0-0.828

	Population density per km2
	3.10
	1.28
	4.63
	0.170-8.07

	Unsatisfied Basic Needs (% population)
	42.8
	41.3
	18.4
	20.2-68.0

	Inter-municipal road connectivity
	3.39
	3.0
	2.82
	0-7

	Road density per km2
	0.096
	0.088
	0.069
	0.00814-0.191

	Nearest infected municipality (km)
	41.7
	17.2
	67.3
	8.95-111.11

	Proportion of neighbouring municipalities reporting ZIKV
	0.543
	0.600
	0.391
	0.0-1.0





AF2.3 MODEL FORMULATION FOR A BINARY LONGITUDINAL RESPONSE VARIABLE

In this section we describe details of our modeling approaches by providing the theory of (i) a logistic regression model for a binary longitudinal response variable, and (ii) an accelerated failure time model for a binary longitudinal response variable.

AF2.3.1 Logistic regression

We modeled the probability of municipal i reporting at least 1 case of ZIKV in week t using a logistic regression model.  Let  be the binary response at week t (t = 1, …, T) from a municipality i (i = 1, …, N) such that yit = 1 if the ith municipality reported at least 1 case of ZIKV at week t; otherwise, 0. Let θ denoted by be its generating random variable whose mean values are . The marginal probability of success is defined as:

,	(1)

where  is a p-dimensional vector of time-dependent explanatory variables with the corresponding regression coefficients  and () represents the transpose. The dependence structure of the process is taken to be a second order of Markov chain that is parameterized such that the marginal parameter  preserves its meaning regardless of the serial dependence. In a second order Markov chain, we consider the joint distribution of three components at the time (), where  and   are respectively two weeks and one week prior to time t. Imposing the constraints, the odds ratio of the joint distribution of a pair of binary responses is defined as:

	 (2) 

, 	(3)

where  are two positive parameters. In this formulation, the serial dependence is regulated by . 

The logistic regression modeling process was performed using the R package bild (www.r-project.org). The serial dependence was assumed to be constant across time and municipalities. For more information, the reader is referred to [8][9].

This model structure enabled us to study risk of ZIKV emergence using temporally dynamic variables (e.g. proportion of neighbouring municipalities reporting ZIKV at week t), and still assess effects of temporally static variables (e.g. elevation, mean study period temperature) on the probability of reporting a first case of ZIKV at week t. Furthermore, we could also assess if the influence of temporally dynamic variables values (e.g. mean weekly temperature) for weeks leading up to a first reported case differed from the variable value at the week of the first reported case. If there was no difference, the variable would be a poor model predictor. If there was a difference and the variable values were similar for weeks preceding an outcome of yit = 0 and in areas never reporting cases during the study period, then the variable would be a good model predictor.

AF2.3.2 Accelerated failure time model

We also modeled the time to the first reported ZIKV case in municipalities via a survival regression model. To efficiently use all of the information we had about the observations, we adopted a parametric technique.  In this approach, we specified the shape of the baseline hazard based on knowledge from reported research findings [10][11][12], among others. That is, assuming that the presence of the first reported ZIKV case accelerates the infection growth rate exponentially and then taking into consideration that the number of cases decays within a timeframe due to different processes [10], we characterized the time to the first report of ZIKV in municipalities with an accelerated failure time (AFT) model.

AFT models describe the relationship between the survival probabilities and explanatory variables and measure the direct effect of predictors on the survival times. This characteristic of AFT models facilitates the interpretation of the results because the parameters measure the effect of the corresponding explanatory variable on the mean survival time. 

Let  be the natural  of the time  (in weeks) at which a municipality i either did not report the first ZIKV case () or reported the first case of ZIKV ().  The general form of an AFT model is then described as:

	,     		(4)

where  is a linear combination of time-dependent explanatory variables with the corresponding regression coefficients ; () represents transpose;  is an error term on the natural  scale with an appropriate distribution. From equation (4), it can be see that  is the distribution of survival times when . Furthermore, equation (4) also indicates that the linear combination of predictors  in the model act additively on  or multiplicatively on . That is, they accelerate or decelerate the passage of time by a multiplicative factor. 

We can rearrange equation (4) as following:

	, 	(5)

where  is known as the acceleration parameter.

AFT models generated by a baseline hazard  is defined as:
		 	(6)

where  is a positive function that helps define a parametric family of baseline survivor functions;  is a parameter vector used in modeling the baseline distribution.

The AFT modeling process with a parametric baseline hazard was implemented on the survival ZIKV data using the aftreg function in the eha R package (www.r-project.org). We considered the Weibull and log-normal distributions of survival times based on knowledge of how failures arise [9][10][11] and insights into what we would be expected in terms of a hazard function. For the Weibull ZIKV survival times, where  is the scale parameter and  is the shape parameter of the distribution, the error term  should follow an extreme value distribution with the scale parameter  and the shape parameter  where  is the standard deviation [13]. For log-normal ZIKV survival times,, the error term should be normally distributed with the mean  and the standard deviation  ,  [13]. The model adequacy was assessed using diagnostic procedures based on Akaike’s information criterion (AIC) and from graphical examinations. The chosen model had the smallest AIC value with fewer parameters and satisfied the AFT properties. More information on AFT models for a binary longitudinal response variable can be found in [13][14].
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