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Abstract.

Models can be useful tools for understanding the dynamics and control of mosquito-borne disease. More

detailed models may be more realistic and better suited for understanding local disease dynamics; however, evaluating
model suitability, accuracy, and performance becomes increasingly difficult with greater model complexity. Sensitivity
analysis is a technique that permits exploration of complex models by evaluating the sensitivity of the model to changes
in parameters. Here, we present results of sensitivity analyses of two interrelated complex simulation models of mosquito
population dynamics and dengue transmission. We found that dengue transmission may be influenced most by survival in
each life stage of the mosquito, mosquito biting behavior, and duration of the infectious period in humans. The importance
of these biological processes for vector-borne disease models and the overwhelming lack of knowledge about them make
acquisition of relevant field data on these biological processes a top research priority.

INTRODUCTION

Worldwide, 2.5 billion people are at risk of contracting den-
gue. Approximately 50 million dengue fever cases, 500,000
cases of dengue hemorrhagic fever, and 22,000 deaths occur
annually.! Local and regional control is complicated by the
facts that no vaccine has yet been licensed for broad-scale
application and that dengue epidemiology is complex. Not
only are there four different virus serotypes with potentially
different ecologies, but transmission dynamics are also influ-
enced by variation in the behavior and population dynamics
of mosquito vectors and human hosts and the nature of their
interactions with the environment and each other.?

Mathematical and computer simulation models provide a
systematic way to explore and analyze the complexity of den-
gue transmission and can be useful tools for devising more
effective disease surveillance and control strategies. Models
can integrate data from different sources and at different
spatiotemporal scales, identify and prioritize gaps in data
or knowledge, and address questions that are too complex,
expensive, or dangerous to address in other ways.>* Models,
therefore, provide a basic theoretical framework so that the
intricate transmission processes of dengue can be represented
in a simplified form that can be analyzed in ways that are not
possible in the natural system itself.

To explore the complexity of infectious disease systems,
both simple® and complex®® models have been developed.
More complex disease models tend to be more realistic and
can be used to develop location-specific control strategies.
However, the behavior of complex models can be difficult
to explore analytically,” and as the number of model param-
eters increases, the likelihood also increases that parameters
for which little empirical data exist are included. Evaluating
the suitability, accuracy, and performance of complex disease
models can be difficult.

Sensitivity analysis provides a way to explore the behavior of
complex disease models by identifying how variation in model
parameters affects model output.” Model outputs obtained
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with different parameter values are evaluated to identify the
parameters to which the model is most sensitive. In this way,
sensitivity analysis can be useful not only for understanding
model behavior, but also for identifying the biological pro-
cesses that may be most important in determining pathogen
transmission. Obtaining accurate empirical estimates of the
parameters capturing the most important biological processes
may then improve the accuracy of disease models and the abil-
ity of models to inform surveillance and control strategies.

In this study, we conducted a sensitivity analysis of the com-
plex dengue simulation models originally developed by Focks
and others.”® The Container-Inhabiting Mosquito Simulation
Model (CIMSiM) simulates mosquito population dynamics,
and the Dengue Transmission Model (DENSiM) simulates
dengue transmission in a human population. Both models can
be parameterized for a specific location using local weather
and entomological and epidemiological data, and both can be
used to test the effects of various prevention measures on local
dengue transmission. Our objectives were to (1) parameterize
the models for Iquitos, Peru, using data collected during longi-
tudinal studies in the city (i.e., set-up the models with required
data from location to be modeled), (2) identify parameters to
which the models are most sensitive using sensitivity analysis,
and (3) determine parameters for which more empirical data
are needed. Our overall goal was to evaluate the behavior of
the model and set an empirical research agenda for improving
the understanding and modeling of dengue and its control.

OVERVIEW OF MODELS

The dengue model is comprised of two interacting mod-
els. CIMSiM is an age- and stage-structured model that tracks
the dynamics of mosquito eggs, larvae, pupae, and adults over
time.® The model uses local weather information and infor-
mation obtained from a survey of breeding sites in the focal
location. For the survey, users collect information about the
number of water-filled containers in a defined area, container
dimensions, container characteristics, and number of pupae in
the containers. These raw data are used to define container
categories for use in the model. Egg, larval, and water dynam-
ics within each container category are simulated with survival
and development based on predation (for eggs), temperature,
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saturation deficit, and food dynamics. Adult population
dynamics are determined by age-dependent survival with two
age classes (young and old), the effects of temperature and
saturation deficit on survival, and host biting.

DENSIM takes information from CIMSiM and local infor-
mation about the human age structure, age-specific birth and
death rates, age- and serotype-specific serostatus, and popula-
tion size to simulate infection dynamics in human and mos-
quito populations. It is individual-based and age-structured for
the human population and tracks infection dynamics for all
user-defined dengue serotypes circulating in the system.” The
dengue transmission model uses CIMSiM results to model the
mosquito population and its interaction with the human popu-
lation. Both models have stochastic and discrete elements.

METHODS

Data. Long-term entomological and epidemiological surveys
have been conducted simultaneously in Iquitos, Peru, since
1999, and data obtained from these surveys were used to
parameterize the models. Iquitos is located in the northeastern
part of Peru (73.2°W, 3.7°S; 120 m above sea level) and has a
tropical climate with an average daily temperature of 25.8°C
and an average annual precipitation of 3.4 m during the study.
The study was restricted to an ~16 km? area in the districts of
Mayanas, Punchana, Belen, and San Juan.

For the entomological component of the monitoring study,
a team of researchers visited houses on a daily, rotational
basis since 1999 and recorded information about each water-
filled container in and around each home. Each container was
defined as a certain type (e.g., bucket, tire, or vase), and sev-
eral measurements related to container size, water use, loca-
tion, and number of pupae were obtained. Details of the study
and results from the first 3 years of the study are presented by
Morrison and others."!

The epidemiological study monitored the serostatus of
~2,400 individuals once every 6 months beginning in 1999.
The sampled population represented a wide range of ages
and individuals of both sexes. A team of phlebotomists
obtained blood samples from study participants once every
6 months, and the plaque reduction neutralization test was
used to determine serotype-specific serostatus of individuals
when blood was drawn. Differences in test results between
subsequent blood draws were used to identify infections
for each of the dengue serotypes, although the exact timing
of the infection between negative and positive blood draws
(~6-month intervals) could not be determined. This technique
did, however, allow the detection of all infections, including
those that were asymptomatic.'”

Model parameterization. Containers. CIMSIiM simulates the
dynamics of immature Ae. aegypti and water dynamics within
user-specified container categories. Each container category
should represent the average characteristics and density of that
container category in the focal location. We used containers
sampled in the long-term entomological study in Iquitos, Peru,
just before the transmission season in 2000 to parameterize the
model.!! Container measurements used for the parameterization
included shape (circular or rectangular), dimensions, presence
or absence of lid, fill method (manual or rain), fill frequency
(daily, weekly, or monthly), drawdown frequency (daily, weekly,
or monthly), if it was located on the edge of a roof or similar
device to capture rain water, if it was in shade or sun, and total

number of pupae present. Drawdown percent was estimated
by expert opinion (Morrison AC, personal communication).
For each container, we calculated volume and watershed ratio
where the watershed ratio was the surface area of the container
opening divided by the surface area of the opening at its’ widest
location in the container (i.e., the surface area of a horizonal
plane in the widest part of the container). If the container was
partially under a roof or rain gutter, the watershed ratio was
multiplied by 5, and if the container was completely under a
roof or similar device, the ratio was multiplied by 10.

Container categories for CIMSiM were then defined by the
local container type (e.g., bucket or tire) and fill method (rain-
or manually filled), and averages for all container character-
istics required in the model were calculated for the resulting
68 container categories (Supplemental Appendix A, Tables 1
and 2). A few changes to these averages were necessary for
the model to produce sustained transmission of dengue in
DENSIM. Mean drawdown was reduced from 50% to 0% for
rain-filled boxes, drawdown frequency was changed from daily
to weekly for large rain-filled tanks, and height was changed
from 100 to 1.1 cm for large rain-filled and elevated tanks.

Weather. Weather data used for parameterization were
obtained from the National Climatic Data Center for a
weather station in Iquitos for 2000-2004 (station: 84377099999—
IQUITOS; information available at http://www.ncdc.noaa
.gov/oa/ncdc.html). Weather inputs included daily minimum,
average, and maximum temperature, precipitation, relative
humidity, and saturation deficit.

Food. After entering the appropriate container and weather
data into the model, the food fitter described in Focks and
others® was used to determine food inputs for each container
category in CIMSiM using default values for biological
parameters (Table 1). Food values were modified within the
food fitter until the difference between the predicted number
of pupae and the observed number of pupae per hectare was
less than or equal to one for each container category (calculated
from the Iquitos entomological study described above)
for each container category. In one case (rain-filled tires),
changing food did not alter the difference between observed
and predicted numbers of pupae. In this case, an arbitrary
value of 60 for food was used. The food values obtained when
using default values for biological parameters were used for
all model runs in the sensitivity analysis described below (i.e.,
the food fitter was not used for each of the 5,000 parameter
combinations described below).

Human demographics. Data used to calculate the human
population size of Iquitos were obtained for 1999 (simulations
began January of 2000) from El Instituto Nacional de Estadis-
tica e Informatica (INEI; information available at http:/wwwl
.inei.gob.pe/biblioineipub/bancopub/Est/Lib0004/Loreto
.htm). Estimated population sizes for the districts of Iquitos
and Punchana (the areas sampled in the longitudinal studies
conducted in Iquitos) were summed to give a population size
of 400,000 for DENSiIM. Host density was then calculated as
400,000 divided by the estimated area of the region surveyed
(16 km?).1!

Age-structure and age-specific fertility rates were obtained
by the US Census Bureau international database online for
Peru in 1999 (information available at http://www.census.gov/
ipc/www/idb/country.php). Age-specific death rates were cal-
culated from several sources. Numbers of age-specific deaths
and population size for Peru in 2003 were obtained from the
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TaBLE 1
Parameter defaults and ranges for CIMSiM sensitivity analysis

Biology tab Parameters Distribution Default Minimum value Maximum value
Adults Young mosquito cut-off age Uniform 10 8 12
Adults Old mosquito survival Uniform 0.89 0.8 0.9
Adults Young mosquito survival Uniform 0.91 0.9 1
Adults Double blood mean high weight threshold Uniform 3.5 2.8 42
Adults Double blood meal high weight ratio Uniform 0.01 0.05 0.12
Adults Double blood meal low weight threshold Uniform 0.5 0 1.2
Adults Double blood meal low weight ratio Uniform 1 0.8 1
Adults Dry to wet weight factor Uniform 1.655 1.324 1.986
Adults Fecundity factor Uniform 459 36.72 55.08
Adults Interrupted feeds per meal Uniform 3 0 5
Adults Minimum oviposition temperature Uniform 18 14.4 21.6
Adults Proportion of mosquitoes feeding on humans Uniform 0.09 0.72 1
Adults Proportion of interrupted feeds on different host Uniform 0.35 0.2 0.6
Adults Survival at or above high saturation-deficit threshold Uniform 0.6 0.48 0.72
Adults High saturation-deficit threshold Uniform 30 24 36
Adults Low saturation-deficit threshold Uniform 10 4 16
Adults Second developmental threshold Uniform 0.58 0.464 0.696
Adults High-temperature threshold Uniform 40 30 45
Adults Survival at or above high lethal temperature threshold Uniform 0.05 0.04 0.06
Adults High lethal temperature threshold Uniform 50 45 60
Adults Low-temperature threshold Uniform 4 2 14
Adults Survival at or below low lethal temperature threshold Uniform 0.05 0.04 0.06
Adults Low lethal temperature threshold Uniform 0 -10 2
Eggs Flood hatch ratio Uniform 0.596 0.4768 0.7152
Eggs Minimum hatch temperature Uniform 22 13.5 26.4
Eggs Nominal survival Uniform 0.99 0.792 1
Eggs Predation survival at high-temperature threshold Uniform 0.7 0.56 0.84
Eggs High-temperature predation threshold Uniform 30 25 36
Eggs Low-temperature predation threshold Uniform 20 14 25
Eggs Survival at or above high saturation-deficit threshold Uniform 0.95 0.76 1
Eggs High saturation-deficit threshold Uniform 40 32 48
Eggs Survival at low saturation-deficit threshold Uniform 0.99 0.792 1
Eggs Low saturation-deficit threshold Uniform 10 2 18
Eggs High sun-exposure threshold Uniform 0.85 0.68 1
Eggs Survival at or above high sun-exposure threshold Uniform 0.95 0.76 1
Eggs Spontaneous hatch ratio Uniform 0.197 0.1576 0.2364
Eggs High-temperature threshold Uniform 30 20.6 38.5
Eggs Survival at or above high lethal temperature threshold Uniform 0.05 0.04 0.06
Eggs High lethal temperature threshold Uniform 47 38.5 56.4
Eggs Low-temperature threshold Uniform -6 -10 34
Eggs Survival at or below low lethal temperature threshold Uniform 0.05 0.04 0.06
Eggs Low lethal temperature threshold Uniform -14 -23.4 -10
Larvae Cadaver weight to food ratio Uniform 0.4 0.32 0.48
Larvae Dry container survival Uniform 0.05 0.04 0.06
Larvae Assimilation rate Uniform 0.3 0.24 0.36
Larvae Exploitation rate Uniform 0.8 0.64 0.96
Larvae Exploitation rate independence Uniform 0.1 0.08 0.12
Larvae Metabolic weight-loss rate Uniform 0.016 0.0128 0.0192
Larvae Metabolic weight-loss exponent Uniform 0.667 0.5336 0.8004
Larvae Fasting survival with lipid reserve Uniform 0.95 0.76 1
Larvae Fasting survival with no lipid reserve Uniform 0.5 0.4 0.6
Larvae Non-depletable lipid reserves Uniform 0.15 0.12 0.18
Larvae Minimum weight for survival Uniform 0.0009 0.00072 0.00108
Larvae Nominal survival Uniform 0.99 0.792 1
Larvae Minimum weight for pupation Uniform 0.1 0.08 0.19
Larvae Pupation survival Uniform 0.95 0.76 1
Larvae High-temperature threshold Uniform 39 30.2 41.5
Larvae Survival at or above high lethal temperature threshold Uniform 0.05 0.04 0.06
Larvae High lethal temperature threshold Uniform 44 41.5 52.8
Larvae Low-temperature threshold Uniform 10 7.5 18.8
Larvae Survival at or below low lethal temperature threshold Uniform 0.05 0.04 0.06
Larvae Low lethal temperature threshold Uniform 5 -3.8 7.5
Larvae Weight at hatch Uniform 0.001 0.0008 0.0012
Pupae Emergence survival Uniform 0.83 0.664 0.996
Pupae Female emergence ratio Uniform 0.5 0.4 0.6
Pupae Nominal survival Uniform 0.99 0.792 1
Pupae High-temperature threshold Uniform 39 30.2 41.5
Pupae Survival at or above high lethal temperature threshold Uniform 0.05 0.04 0.06
Pupae High lethal temperature threshold Uniform 44 41.5 52.8
Pupae Low-temperature threshold Uniform 10 7.5 18.8
Pupae Survival at or below low lethal temperature threshold Uniform 0.05 0.04 0.06

Pupae Low lethal temperature threshold Uniform 5 -3.8 7.5
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TABLE 2

Parameter defaults and ranges for DENSiIM sensitivity analysis

Parameter Distribution Default Minimum value Maximum value

Duration of maternally acquired neutralizing titers of antibody (days) Uniform 90 30 180
Duration of maternally acquired enhancing titers of antibody (days) Uniform 270 216 324
Duration of heterologous immunity Uniform 60 30 180
DEN-1 viremia (MID-50) Uniform 1,000,000 4 8
DEN-1 incubation duration (days) Uniform 4 2 8
DEN-1 viremic duration (days) Uniform 5 3 8
DEN-2 viremia (MID-50) Uniform 1,000,000 4 8
DEN-2 incubation duration (days) Uniform 4 2 8
DEN-2 viremic duration (days) Uniform 5 3 8
DEN-3 viremia (MID-50) Uniform 1,000,000 4 8
DEN-3 incubation duration (days) Uniform 4 2 8
DEN-3 viremic duration (days) Uniform 5 3 8
Probability of infection in biters at or below low titer set point (4 logs) Uniform 0.1 0 0.3
Probability of infection in biters at or above high titer set point (8 logs) Uniform 1 0.8 1
Nominal probability of mosquito to human infection Uniform 0.9 0.72 1
EIP factor at or below low set point (3 logs) Uniform 1.25 1.1 1.4
EIP factor at or above high set point (8 logs) Uniform 0.75 0.6 0.9
Double blood meal low weight ratio Uniform 1 0.8 1
Double blood meal low weight limit Uniform 0.5 0 1.2
Double blood meal high weight ratio Uniform 0.1 0.05 0.12
Double blood meal high weight limit Uniform 35 2.8 4.2
Proportion of mosquitoes feeding on humans Uniform 0.9 0.72 1
Interrupted feeds per meal Uniform 3 0 5
Proportion of interrupted feeds on a different host Uniform 0.35 0.2 0.6
Young mosquito survival Uniform 0.91 0.9 1
Young mosquito cutoff age Uniform 10 8 12
Old mosquito survival Uniform 0.89 0.8 0.9

MID-50 is the 50% monkey infectious dose

United Nations (UN) Statistics Division online (information
available at http://unstats.un.org/unsd/demographic/sconcerns/
mortality/mort2.htm, table 19). Estimated age-specific death
rates were calculated from these data. The crude death rate for
Peru in 2003 was one-half the crude death rate estimated by
the US Census Bureau for the same year. It has been suggested
that only 50% of deaths are reported in Peru.!? Doubling age-
specific death rates calculated from the UN Statistics Division
generated a crude death rate that matched the crude death
rate estimated by US Census Bureau. We used these doubled
mortality rates in the parameterization of DENSiM.

Age- and serotype-specific serostatus. Data used for esti-
mating age- and serotype-specific serostatus for the human
population were obtained from the epidemiological survey
conducted in Iquitos, Peru.’” Because simulations began in
2000, we used results from the last blood sample collected from
individuals in 1999 (N = 852). Date of birth was not recorded
during the study, and only age at first blood draw in 1999 was
known. Age- and serotype-specific serostatus was calculated
from the data assuming that all individuals remained the same
age throughout the entire year (i.e.,January 1 to December 31).
Sample sizes differed across age groups, with high sample sizes
for younger individuals and relatively small sample sizes for
the older age groups. To obtain better estimates of age-specific
serostatus for the older age groups, a logistic curve was fit
to the proportion of individuals immune to each serotype in
each age class for dengue 1 (DEN-1) and 2 (DEN-2), the only
serotypes present in 1999. The equation was fit to the first §,
9,10, and 11 age classes (which had relatively large sampling
sizes) with and without forcing through the origin. The fit
obtained using the first nine age classes and forcing through
the origin produced immunity rates of 84% and 78 % for DEN-1
and DEN-2, respectively, by age 25-29, which best matched
expected age-specific seroprevalence for 1999.1 Predicted

values for rates of immunity by serotype and age class from
this logistic equation were used in the simulations.

Infection introduction. In Iquitos, DEN-1 was first detected
in 1990, DEN-2 was first detected in 1995, and DEN-3 was first
detected in 2001. For our simulations, we introduced DEN-1
and DEN-2 on January 1 and January 3, 2000, respectively, and
DEN-3 on January 1, 2001. Virus was introduced monthly for
the first year for each serotype, with one infected human to
produce sustained transmission of the three serotypes.

Sensitivity analysis. Parameter ranges. Because most of
the parameter defaults for the models were determined
from empirical studies and because parameter ranges were
rarely presented in those studies, we set parameter ranges
for parameters included in the sensitivity analysis as +20%
of the default value, which produced reasonable parameter
ranges based on expert opinion (Tables 1 and 2). The £20%
rule was modified in the following ways. (1) If the 20% range
gave values that were not possible (e.g., negative values
when minimum value should be zero or values above one for
survival), the range was truncated to match data requirements.
(2) If an empirical range existed and if this range was larger
than the 20% range, the empirically measured range was used.
(3) If an empirical range existed and if the 20% range was
wider than this range on one side of the default but smaller
than the empirical range on the other side, the range of the
parameter was expanded on the one side where empirical
range is wider, but the 20% range was maintained on the
other side. (4) For egg, larvae, pupae, and adult survival versus
temperature and egg predation survival versus temperature,
the numbers of degrees within the 20% range calculated
for the highest lethal temperature threshold were used to
define the ranges for the lower survival temperature thresholds.
In many cases, temperature threshold ranges overlapped. The
sensitivity analysis was originally run with the overlapping
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ranges, and runs were omitted when parameter values selected
for lower thresholds were higher than the parameter values
selected for the higher thresholds. Because far more runs were
omitted than maintained, the midpoint of the overlapping
section of temperature threshold ranges was calculated, and
the ranges were shorted to that midpoint so that they did not
overlap. In CIMSiM, weight at hatch and minimum weight
for survival were rank-correlated to reduce the probability
of obtaining impossible parameter values during the Latin
Hypercube sampling (LHS) of parameter values (discussed in
next section), and because they are likely correlated in natural
systems. Because we were only interested in the relative
effect of different parameters on model output and because
parameter distributions are unknown for most parameters, we
assumed a uniform distribution for all parameter values.

LHS and model runs. Sensitivity analyses were conducted
separately for CIMSiM and DENSIM using the Iquitos
parameterization. DENSIM uses output and parameter values
for adult mosquitoes from CIMSIiM to resimulate the mos-
quito population and track infection dynamics in mosquitoes.
Thus, for DENSIM sensitivity analysis, parameter defaults
for CIMSIM were used in every run except the parameters
associated with biting and adult survival, which were varied
in both CIMSiM and DENSIM tests. LHS was performed on
each set of parameters using Sandia’s LHS program (Version
0.5 Beta, 1997; Sandia National Laboratories, Risk Assessment
and Systems Modeling Department, Albuquerque, NM) with
5,000 samples for each parameter (Sandia’s LHS program was
modified to allow 5,000 as opposed to the original maximum
of 1,000 samples). A module was created to read the output of
the LHS program and automatically run CIMSiM or DENSiM
using parameter values selected for each of the 5,000 runs. All
simulations used the established population, random food,
and food values obtained by using the food fitter with default
parameter values.

Analysis of output. For each run of the model, daily measures
of several outputs over the S-year period (2000-2004) of
the simulation were obtained. For CIMSIM, we focused on
the total daily number of eggs, larvae, pupae, females, new
females, host-seeking females, ovipositing females, and new
eggs laid summed over all containers in Iquitos and the
average weight of female mosquitoes in the city. For DENSiM,
we evaluated the total daily number of infective mosquitoes,
persons incubating, persons viremic, and persons with virus for
each of three serotypes. Because the outputs are time series,
we conducted several analyses to facilitate the evaluation of
the relative effects of each parameter on model output. First,
we calculated several time series descriptors for each output
listed: mean, median, minimum, maximum, variance, period,
amplitude, first, second, and third autocorrelation coefficients,
and 25% and 75% quantiles.”® Principal components analysis
was then conducted to reduce the time series descriptors to
three new independent variables (i.e., principal components)
for each output and for DENSiM, each output by serotype.
Finally, step-wise regressions of the first three principal compo-
nents against parameter values was conducted for each output.
P value to enter and remove was set at 0.15, because the goal
was to be more inclusive than exclusive. Thus, for each of the
nine outputs in CIMSiM, three regressions were performed,
one for each of the three principal components (27 regressions
total). For DENSIM, 36 regressions were performed—three
for each of four outputs for each of the three serotypes. The

order in which the parameters were added (i.e., rank) reflects
the relative amount of variation in the principal component
explained by the parameters and therefore, can be interpreted
as their relative importance in determining model output. To
assess overall sensitivity of the models to changes in parameters,
regressions that had similar principal component loadings on
time-series descriptors were grouped and compared. For each
regression group, the number of times that the parameter was
selected in the regression (output variable versus principal
component) and its average rank were calculated, and relative
importance was assigned based on count and rank across
regression groups.

RESULTS

CIMSiM sensitivity analysis. For CIMSiM, principal com-
ponent (PC) loadings for the mean, quantiles, minimum,
maximum, amplitude, and to a lesser degree, variance were
high and positive for PC1 across all output variables. Loadings
on the first three autocorrelation coefficients and amplitude
were high and positive for PC2 across all output variables
and loadings for PC3 varied across output variables but were
generally very high and positive for period (Supplemental
Appendix A, Table 3A). Loadings for PC3 were similar for
eggs, larvae, and host-seeking females and similar for pupae
and total females.

For each of these groupings (defined by similarities in PC
loadings), the number of times each parameter was included
and its average rank (order of inclusion) were calculated
(Supplemental Appendix A, Table 4A). Results showed that
model outputs for CIMSiM (with total numbers of each life
stage summed across containers) were sensitive to (1) nominal
survival for eggs, larvae, and pupae and young and old adult
survival (a partial surrogate for adult nominal survival pres-
ent in earlier model versions that allows the potential for age-
dependent mosquito mortality), (2) parameters associated
with larval feeding (i.e., exploitation rate, assimilation rate,
and exploitation rate independence), (3) parameters associ-
ated with egg predation (i.e., high and low predation tempera-
ture thresholds and predation survival at the high-temperature
threshold), (4) parameters associated with pupation (i.e.,
survival while metamorphosing into pupae, survival while
emerging from the pupal stage, and female emergence ratio),
(5) high-temperature thresholds for eggs and adults, (6) adult
fecundity factor, dry to wet weight ratio, second develop-
mental threshold, and low saturation-deficit threshold, and
(7) minimum egg-hatch temperature. Particularly important
variables were the larval exploitation rate, high-temperature
thresholds for eggs, adults, and egg predation, and nominal
survival for larvae and young adults. Overall, the parameters
identified as important in determining dynamics of the mos-
quito population were related to survival within each life stage.

DENSIM sensitivity analysis. For DEN-1, DEN-2, and the
three output variables for human infection (i.e., persons incu-
bating, persons viremic, and persons with virus), PC1 loadings
were high and positive for mean, variance, the first three
autocorrelation coefficients, and amplitude. PC2 loadings were
high for quantiles (all negative), the first three autocorrelation
coefficients (all positive), and period (positive), and PC3
loadings were high for variance (negative), median (positive),
maximum (negative), and amplitude (negative). For DEN-3
and the three human infection outputs, loadings for PC1 were
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high and positive for mean variance, maximum, the first three
autocorrelation coefficients, and amplitude. PC2 loadings for
DEN-3 and the three human infection outputs were high for
the first quantile (positive), median (positive), autocorrela-
tion coefficients (negative), and period (negative), and for
PC3, they were high for variance (negative), all quantiles
(positive), maximum (negative), and autocorrelation coef-
ficients (negative). Loadings for infective mosquitoes were
generally different from loadings for the other output
variables but were similar across each serotype for each
principal component. PC1 loadings for infective mosquitoes
were high and positive for mean, variance, median, third
quantile, maximum, and amplitude. PC2 loadings were high
and positive for the three autocorrelation coefficients, and
PC3 loadings were high for first quantile (positive), median
(positive), maximum (negative), and amplitude (negative).
Counts and average ranks were obtained for each of these
groupings (Supplemental Appendix A, Table 3B).

Results showed that infection of humans and mosquitoes
were most sensitive to the number of interrupted mosquito
feeds per blood meal and parameters associated with age-
dependent adult mosquito survival, particularly survival of
the older-aged individuals (i.e., young and old survival and
cut-off age between young and old adults) (Supplemental
Appendix A, Table 4B). For each serotype, the duration of
the viremic period was important. The duration of incubation
in the humans was occasionally important for each serotype,
although viremia was not important. Proportion of mosquito
feeds on different hosts, proportion of feeds on humans, dura-
tion of heterologous immunity, and double blood meal low
weight limit for mosquitoes were also important.

DISCUSSION

Sensitivity analysis results suggest that patterns of mosquito
population dynamics and dengue transmission may be pri-
marily determined by factors influencing the survival of each
life stage of the mosquito, larval food competition, adult mos-
quito biting behavior, and duration of the infectious period in
humans. These results are consistent with other modeling stud-
ies reporting the importance of mosquito survival or mortal-
ity,!*?! biting rate 413171822 and length of the infectious period
in the host®!#2-27 in determining the dynamics of mosquito-
borne diseases. However, our results go one step further by
identifying specific causes of mosquito mortality and the
aspects of biting behaviors that may be most influential. Age-
dependent adult mortality, exploitation and assimilation of
larval food, egg predation and hatching, survival due to tem-
perature for all life stages, pupation survival, adult fecundity,
number of feeds per complete blood meal, and proportion of
interrupted or incomplete blood meals that resume on differ-
ent hosts may all be important in determining mosquito popu-
lation and virus transmission dynamics.

Unfortunately, little detailed empirical information exists
on mosquito survival and biting behavior, and accurate esti-
mates of the length of the host infectious period for mos-
quito-borne diseases are often difficult to obtain. A growing
number of studies have shown age-dependent mortality in
mosquitoes,”®* but the form of the relationship between age
and mortality and how it changes in space and time in natu-
ral systems are not known for most mosquito vector species.
Accurate estimates of age-dependent mortality are important,

because adult survival determines the probability that a mos-
quito will live long enough to become infectious and transmit
a pathogen during its lifetime. Studies have identified poten-
tial causes of mortality throughout the mosquito life cycle, 3
but the rates at which mortality occurs for each mortality
factor are not known. Larval food competition is known to
occur in the laboratory and field,***° but the extent to which
it occurs in nature is unclear. In most cases, the resources that
larvae consume in natural systems have not even been iden-
tified. Finally, many investigators have estimated mosquito
biting rates in the field,*** but few have defined details of bit-
ing behavior that we identified as important in our sensitivity
analysis.

CIMSiM and DENSIM are most sensitive to parameters
for which little empirical information exists, and although this
information can be extremely valuable for setting research
priorities, it also places constraints on the use and interpre-
tation of model outputs. Uncertainty in estimates of impor-
tant parameters limits confidence that the models accurately
capture mosquito population and transmission dynamics in a
specific location.*” Outputs should not, therefore, be used to
make explicit predications about transmission dynamics or the
effect of intervention strategies on them. However, even with
limitations in the current state of understanding of dengue
transmission, models can be extremely useful tools.>* CIMSiM
and DENSIM are based on currently available information,
and they can be useful for improving understanding about
the complex processes that interact to determine transmission
dynamics and allowing users to visualize how slight changes in
biological parameters or certain components of intervention
strategies (i.e., percent coverage of indoor residual spraying)
can have dramatic effects on mosquito populations and den-
gue transmission. The models are useful for encouraging users
to think critically about ecological and transmission processes
occurring in their locations, providing the relative effects of
different perturbations to mosquito population dynamics
and patterns of virus transmission to aid in developing more
informed local control strategies that specifically target key
components of the virus transmission process.

In addition to restrictions in model use, the limitations
and constraints of our analysis and results should be consid-
ered. First, we did not test model sensitivity to differences in
container classification, weather, human demographics, and
serostatus. Model output may be sensitive to a slightly differ-
ent set of parameters across locations. Second, we focused on
the linear effects of parameters and sensitivity of model out-
puts to individual parameters and not on interactive effects.
Because of the large numbers of parameters and because
our goal was to conduct an initial analysis of the model, we
chose to use linear step-wise regression to evaluate param-
eter importance. Although non-linear effects may occur, this
method permits a simplified first analysis. Interactive param-
eter effects were also not examined, although results did iden-
tify related groups of parameters as being important (e.g.,
interrupted feeds per meal and proportion resuming on differ-
ent hosts). More complete analyses of parameter interactions
are needed. Finally, the structure of the models may restrict
the type of information that can be extracted from them. For
example, the models do not include movement of vectors or
hosts or heterogeneous distribution of mosquito bites among
humans, which prevent an evaluation of the relative impor-
tance of these factors in determining transmission dynamics.
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Unlike some other studies,'*"** we did not identify parameters
associated with the extrinsic incubation period (EIP) in the
mosquito as being important. This may be a function of how
the processes determining the EIP are incorporated into the
model and not because it is unimportant. Mosquito survival
interacts with the EIP to determine the number of mosqui-
toes that become infectious, but the interaction may operate
primarily through the parameters determining adult mosquito
survival in the model and only secondarily through parame-
ters associated directly with EIP. Overall, the importance of
mosquito survival, biting behavior, and length of the incuba-
tion period in the host are likely to have important effects
across all systems, although the details of those processes that
are most important may vary.

Because of their importance in determining transmission
dynamics and the scant empirical information about them,
mosquito mortality, biting behavior, and duration of the infec-
tious period should be top priorities for empirical research on
mosquito-borne diseases. Specifically, studies are needed to
better understand (1) age-dependent adult mosquito mortal-
ity, (2) mortality factors and rates for all mosquito life stages,
(3) the strength, nature, and occurrence of larval density
dependence, (4) the number of times a mosquito feeds per
replete blood meal, and (5) the number of different hosts that
are fed on per meal in natural systems. Focusing empirical
research on parameters that have been identified as potentially
important in models of virus transmission dynamics will not
only improve understanding of transmission patterns but will
also improve the accuracy of models and their use as tools for
developing more effective surveillance and control strategies.

Received September 13, 2010. Accepted for publication January 29,
2011.

Note: Supplemental Appendix appears at www.ajtmh.org.

Acknowledgments: This research was supported by the Innovative
Vector Control Consortium (http://www.ivcc.com/) and the Research
and Policy for Infectious Disease Dynamics (RAPIDD) program of
the Science and Technology Directory, Department of Homeland
Security, and Fogarty International Center, National Institutes of
Health. Initial support for the improvement of the dengue models
came from the Jean and Julius Tahija Family Foundation, Jakarta,
Indonesia. Many thanks to Dr. Steven Stoddard for help in obtain-
ing and interpreting epidemiological and entomological data from the
Iquitos surveys, Bborie Park (University of California Davis) for help
with computer setup and data organization, and Dr. Chonggang Xu
for valuable input on sensitivity analysis procedures.

Authors’ addresses: Alicia M. Ellis and Thomas W. Scott, Department
of Entomology, University of California Davis, Davis, CA, and the
Fogarty International Center, National Institutes of Health, Bethesda,
MD, E-mails: alicia.m.ellis@gmail.com and twscott@caes.ucdavis.edu.
Andres J. Garcia, Department of Geography, Emerging Pathogens
Institute, University of Florida, Gainesville, FL, E-mail: andygar
cia@gmail.com. Dana A. Focks, Department of Environmental and
Global Health, Emerging Pathogens Institute, University of Florida,
Gainesville, FL, E-mail: DAFocks@id-analysis.com. Amy C. Morrison,
Department of Entomology, University of California Davis, Davis,
CA, and Naval Medical Research Center Detachment, Washington,
DC, E-mail: amy.aegypti@gmail.com.

REFERENCES

1. World Health Organization, 2010. Dengue and Dengue Hemor-
rhagic Fever Fact Sheet. Available at: http://www.who.int/media
centre/factsheets/fs117/en/index.html. Accessed July 2010.

2. MacKenzie JS, Gubler DJ, Peterson LR, 2004. Emerging flavivi-
ruses: the spread and resurgence of Japanese encephalitis, West
Nile, and dengue viruses. Nat Med 12: s98-s109.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

. McKenzie FE, 2000. Why model malaria? Parasitol Today 16:

511-516.

. McKenzie FE, Samba EM, 2004. The role of mathematical model-

ing in evidence-based malaria control. Am J Trop Med Hyg 71:
94-96.

. Ross R, 1911. The mathematics of malaria. BMJ 1: 1023.
. Chitnis N, Hyman JM, Cushing JM, 2008. Determining important

parameters in the spread of malaria through the sensitivity anal-
ysis of a mathematical model. Bull Math Biol 70: 1272-1296.

. Focks DA, Daniels E, Haile DG, Keesling JE, 1995. A simulation

model of the epidemiology of urban dengue fever: literature
analysis, model development, preliminary validation, and sam-
ples of simulation results. Am J Trop Med Hyg 53: 489-506.

. Focks DA, Haile DG, Daniels E, Mount GA, 1993. Dynamic life

table model for Aedes aegypti (Diptera, Culicidae): analysis of
the literature and model development. J Med Entomol 30:
1003-1017.

. Blower SM, Dowlatabadi H, 1994. Sensitivity and uncertainty

analysis of complex models of disease transmission: an HIV
model, as an example. Int Stat Rev 62: 229-243.

Morrison AC, Minnick SL, Rocha C, Forshey BM, Stoddard ST,
Getis A, Focks DA, Russell KL, Olson JG, Blair PJ, Watts DM,
Sihuincha M, Scott TW, Kochel TJ,2010. Epidemiology of den-
gue virus in Iquitos, Peru 1999 to 2005: interepidemic and epi-
demic patterns of transmission. PLoS Negl Trop Dis 4: ¢670.

Morrison AC, Gray K, Getis A, Astete H, Sihuincha M, Focks D,
Watts D, Stancil JD, Olson JG, Blair P, Scott TW, 2004. Temporal
and geographic patterns of Aedes aegypti (Diptera: Culicidae)
production in Iquitos, Peru.J Med Entomol 41: 1123-1142.

Pan American Health Organization, 1998. Health in the Americas,
Vol. I1. Washington, DC: PAHO Scientific Publication.

Kendall BE, Briggs CJ, Murdoch WW, Turchin P, Ellner SP,
McCauley E, Nisbet RM, Wood SN, 1999. Why do populations
cycle? A synthesis of statistical and mechanistic modeling
approaches. Ecology 80: 1789-1805.

Bartley LM, Donnelly CA, Garnett GP,2002. The seasonal pattern
of dengue in endemic areas: mathematical models of mecha-
nisms. Trans R Soc Trop Med Hyg 96: 387-397.

de Moor PP, Steffens FE, 1970. Computer-simulated model of an
arthropod-borne virus transmission cycle, with special refer-
ence to chikungunya virus. Trans R Soc Trop Med Hyg 64:
927-934.

Hancock PA, Godfray HCJ, 2007. Application of the lumped age-
class technique to studying the dynamics of malaria-mosquito-
human interactions. Malar J 6: 98.

Jetten TH, Martens WIM, Takken W, 1996. Model simulations to
estimate malaria risk under climate change./ Med Entomol 33:
361-371.

Massad E, Forattini OP, 1998. Modelling the temperature sensitiv-
ity of some physiological parameters of epidemiologic signifi-
cance. Ecosyst Health 4: 119-129.

Ruan SG, Xiao DM, Beier JC, 2008. On the delayed Ross-
Macdonald model for malaria transmission. Bull Math Biol 70:
1098-1114.

Scott TW, McLean RG, Francy DB, Card CS, 1983. A simulation
model for the vector-host transmission system of a mosquito-
borne avian virus, Turlock (Bunyaviridae). J Med Entomol 20:
625-640.

Y¢Y, Sauerborn R, Séraphin S, Hoshen M, 2007. Using modelling
to assess the risk of malarial infection during the dry season,
on a local scale in an endemic area of rural Burkina Faso.
Ann Trop Med Parasitol 101: 375-389.

Supriatna AK, Soewono E, van Gils SA, 2008. A two-age-classes
dengue transmission model. Math Biosci 216: 114-121.

Codeco CT, Luz PM, Struchiner CJ, 2004. Risk assessment of yel-
low fever urbanization in Rio de Janeiro, Brazil. Trans R Soc
Trop Med Hyg 98: 702-710.

Freeman J, Laserson KF, Petralanda I, Spielman A, 1999. Effect of
chemotherapy on malaria transmission among Yanomani
Amerindians: simulated consequences of placebo treatment.
Am J Trop Med Hyg 60: 774-780.

Ruiz D, Poveda G, Vélez ID, Quifiones ML, Ria GL, Velasquez
LE, Zuluaga JS, 2006. Modelling entomological-climatic inter-
actions of Plasmodium falciparum malaria transmission in
two Colombian endemic-regions: contributions to a National
Malaria Early Warning System. Malar J 5: 66.



264

26.

27.

28.

29.

30.

31.

32.

33.

34.

3s.

36.

37.

Santos LBL, Costa MC, Pinho STR, Andrade RFS, Barreto FR,
Teixeira MG, Barreto ML, 2009. Periodic forcing in a three-
level cellular automata model for a vector-transmitted disease.
Phys Rev E Stat Nonlin Soft Matter Phys 80: 016102.

Shaman J, 2007. Amplification due to spatial clustering in an indi-
vidual-based model of mosquito-avian arbovirus transmission.
Trans R Soc Trop Med Hyg 101: 469-483.

Harrington LC,BuonaccorsiJP, Edman JD, Costero A, Kittayapong
P, Clark GG, Scott TW, 2001. Analysis of survival of young and
old Aedes aegypti (Diptera: Culicidae) from Puerto Rico and
Thailand. J Med Entomol 38: 537-547.

Harrington LC, Vermeylen F, Jones JJ, Kitthawee S, Sithiprasasna
R, Edman JD, Scott TW, 2008. Age-dependent survival of the
dengue vector Aedes aegypti (Diptera: Culicidae) demonstrated
by simultaneous release-recapture of different age cohorts.
J Med Entomol 45: 307-313.

Styer LM, Carey JR, Wang JL, Scott TW, 2007. Mosquitoes do
senesce: departure from the paradigm of constant mortality.
AmJ Trop Med Hyg 76: 111-117.

Styer LM, Minnick SL, Sun AK, Scott TW, 2007. Mortality and
reproductive dynamics of Aedes aegypti (Diptera: Culicidae)
fed human blood. Vector Borne Zoonotic Dis 7: 86-98.

Muir LE, Kay BH, 1998. Aedes aegypti survival and dispersal
estimated by mark-release-recapture in northern Australia.
Am J Trop Med Hyg 58: 277-282.

Futami K, Sonye G, Akweywa P, Kaneko S, Minakawa N, 2008.
Diving behavior in Anopheles gambiae (Diptera: Culicidae):
avoidance of a predacious wolf spider (Araneae: Lycosidae) in
relation to life stage and water depth. J Med Entomol 45:
1050-1056.

Lee DK, Bhatkar AP, Vinson SB, Olson JK, 1994. Impact of forag-
ing red imported fire ants (Solenopsis invicta) (Hymenoptera,
Formicidae) on Psorophora columbiae eggs.J Am Mosq Control
Assoc 10: 163-173.

Roitberg BD, Mondor EB, Tyerman JGA, 2003. Pouncing spider,
flying mosquito: blood acquisition increases predation risk in
mosquitoes. Behav Ecol 14: 736-740.

Ellis AM, 2008. Incorporating density dependence into the ovipo-
sition preference —offspring performance hypothesis. J Anim
Ecol 77: 247-256.

Legros M, Lloyd AL, Huang Y, Gould F, 2009. Density-dependent
intraspecific competition in the larval stage of Aedes aegypti

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

ELLIS AND OTHERS

(Diptera: Culicidae): revisiting the current paradigm. J Med
Entomol 46: 409-419.

Leonard PM, Juliano SA, 1995. Effect of leaf litter on fitness and
population performance of the tree hole mosquito Aedes trise-
riatus. Ecol Entomol 20: 125-136.

Reiskind MH, Zarrabi AA, Lounibos LP, 2010. Invasive leaf
resources alleviate density dependence in the invasive mos-
quito, Aedes albopictus. Biol Invasions 12: 2319-2328.

Aldemir A, Bedir H, Demirci B, Alten B, 2010. Biting activity of
mosquito species (Diptera: Culicidae) in the Turkey—Armenia
border area, Ararat Valley, Turkey. J Med Entomol 47: 22-27.

Rodriguez M, Pérez L, Caicedo JC, Prieto G, Arroyo JA, Kaur H,
Sudrez-Mutis M, de La Hoz F, Lines J, Alexander N, 2009.
Composition and biting activity of Anopheles (Diptera:
Culicidae) in the Amazon region of Colombia./ Med Entomol
46:307-315.

Afolabi BM, Amajoh CN, Adewole TA, Salako LA,2006. Seasonal
and temporal variations in the population and biting habit of
mosquitoes on the Atlantic coast of Lagos, Nigeria. Med Princ
Pract 15: 200-208.

Barnard DR, Posey KH, Smith D, Schreck CE, 1998. Mosquito
density, biting rate and cage size effects on repellent tests. Med
Vet Entomol 12: 39-45.

Michael E, Ramaiah KD, Hoti SL, Barker G, Paul MR, Yuvaraj J,
Das PK, Grenfell BT, Bundy DA, 2001. Quantifying mosquito
biting patterns on humans by DNA fingerprinting of blood-
meals. Am J Trop Med Hyg 65: 722-728.

Scott TW, Clark GG, Lorenz LH, Amerasinghe PH, Reiter P,
Edman JD, 1993. Detection of multiple blood-feeding in Aedes
aegypti (Diptera, Culicidae) during a single gonotrophic cycle
using a histologic technique. J Med Entomol 30: 94-99.

Scott TW, Githeko AK, Fleisher A, Harrington LC, Yan G, 2006.
DNA profiling of human blood in anophelines from lowland
and highland sites in western Kenya. Am J Trop Med Hyg 75:
231-237.

Xu C, Legros M, Gould F, Lloyd AL, 2010. Understanding uncer-
tainties in model-based predictions of Aedes aegypti population
dynamics. PLoS Negl Trop Dis 4: e830.

Chowell G, Diaz-Dueiias P, Miller JC, Alcazar-Velazco A, Hyman
JM, Fenimore PW, Castillo-Chavez C, 2007. Estimation of the
reproduction number of dengue fever from spatial epidemic
data. Math Biosci 208: 571-589.



