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ABSTRACT

Aims Sin Nombre virus (SNV), a strain of hantavirus, causes hantavirus pulmo-
nary syndrome (HPS) in humans, a deadly disease with high mortality rate
(>50%). The primary virus host is the deer mouse, and greater abundance of deer
mice has been shown to increase the human risk of HPS. Our aim is to identify and
compare vegetation indices and associated time lags for predicting hantavirus risk
using remotely sensed imagery.

Location Utah, USA.

Methods A 5-year time-series of moderate-resolution imaging spectroradiom-
eter (MODIS) satellite imagery and corresponding field data was utilized to
compare various vegetation indices that measure productivity with the goal of
indirectly estimating mouse abundance and SNV prevalence. Relationships
between the vegetation indices and deer mouse density, SNV prevalence and the
number of infected deer mice at various time lags were examined to assess which
indices and associated time lags might be valuable in predicting SNV outbreaks.

Results The results reveal varying levels of positive correlation between the veg-
etation indices and deer mouse density as well as the number of infected deer mice.
Among the vegetation indices, the normalized difference vegetation index (NDVI)
and the enhanced vegetation index (EVI) produced the highest correlations with
deer mouse density and the number of infected deer mice using a time lag of 1.0 to
1.3 years for May and June imagery.

Main conclusions This study demonstrates the potential for using MODIS time-
series satellite imagery in estimating deer mouse abundance and predicting han-
tavirus risk. The 1-year time lag provides a great opportunity to apply satellite
imagery to predict upcoming SNV outbreaks, allowing preventive strategies to be
adopted. Analysis of different predictive indices and lags could also be valuable in
identifying the time windows for data collection for practical uses in monitoring
rodent abundance and subsequent disease risk to humans.

Keywords
Deer mice, hantavirus, MODIS, Sin Nombre virus, time-series, Utah, vegetation
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INTRODUCTION

was traced to infection with Sin Nombre virus (SNV), a strain of
hantavirus of which the deer mouse (Peromyscus maniculatus) is

In May 1993, an outbreak of hantavirus pulmonary syndrome
(HPS) occurred among previously healthy young people in the
Four Corners region of the south-western USA. HPS has a rela-
tively high mortality rate (> 50%) and is characterized by acute
respiratory distress (Nichol et al., 1993; Glass et al., 2000). HPS
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the primary reservoir (CDC, 1993; Childs et al., 1994; Hjelle
et al., 1996). There is currently no vaccine or effective drug to
prevent or treat HPS (Custer et al., 2003; Buceta et al., 2004),
and for this reason there is a need to understand the nature of
the virus as well as its spatial and temporal dynamics in order to
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predict the risk of the disease and design effective prevention
policies.

Environmental conditions, such as climate (Glass et al., 2000;
Yates et al., 2002), seasonality (Cantoni et al., 2001; Dearing
et al., 2009) and vegetation type (Boone et al., 2000), have been
associated with the geographic distribution of SNV in deer
mouse populations in past studies. One of the main drivers for
the inter-annual changes in HPS cases is thought to be fluctua-
tion in precipitation and temperature. The El Nifio of 1991-92 is
believed to be the major climatic factor leading to the outbreak
of HPS in 1993 in the south-western USA. The dramatic
increase in rainfall is believed to have resulted in more food and
thus increased local rodent populations such as deer mice (Par-
menter ef al., 1993; Engelthaler et al., 1999). This increase in
deer mouse abundance enhances the human risk of HPS (Par-
menter et al., 1993). Childs et al. (1995) conducted a household-
based, case—control study of environmental factors associated
with HPS and found that a higher number of captured, infected
deer mice is associated with the occurrence of HPS.

Yates et al. (2002) outlined the effects of climate change on the
abundance of rodent populations in the trophic cascade hypoth-
esis. As precipitation increases and temperature is more toler-
able, net primary productivity increases and subsequently
results in a larger deer mouse population. Increased mouse
density increases viral transmission among mice and results in a
larger number of dispersing mice. This leads to increased disease
transmission to humans who come into contact with these mice.
When environmental conditions become more severe mouse
populations decline, but the environmental conditions at some
locations allow survival of a sufficiently large rodent population
for the virus to persist. Thus, it is important to identify the
environmental conditions needed to maintain host populations
of a sufficient size to sustain the virus. Hantaviruses are hori-
zontally transmitted among members of the rodent population
but are not vertically transmitted to offspring. They need a large
host population to avoid local extinction (Glass ef al., 2007).

Satellite imagery has demonstrated value in linking environ-
mental conditions to disease distribution and dynamics. For
example, Linthicum et al. (1999) found that outbreaks of Rift
Valley fever could be predicted up to 5 months in advance in
Kenya using the normalized difference vegetation index (NDVI)
and Pacific and Indian Ocean sea-surface temperature anoma-
lies. Thomson et al. (1997) used meteorological satellite data to
model the spatial and seasonal dynamics of infectious disease
transmission and developed affordable early warning systems
for malaria. A study of malaria prevalence in children in The
Gambia used NDVT to measure changes in vegetation growth as
proxy ecological variables representing changes in rainfall and
humidity to predict the length and intensity of malaria trans-
mission (Thomson et al., 1999).

A few previous studies have utilized Landsat Thematic
Mapper (TM) satellite imagery to study hantavirus dynamics.
Glass etal. (2002) developed logistic regression models to
predict risk to humans of HPS using Landsat TM imagery. They
found that heavy rainfall associated with the El Nifo—Southern
Oscillation increased the rodent population and preceded HPS
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cases in the south-western USA (Glass et al., 2000). Goodin et al.
(2006) evaluated the relationship between land cover and han-
tavirus prevalence in rodents. Their land-cover map was derived
from a variety of coarse-resolution satellite imagery depending
on the type of land cover being mapped (e.g. along track scan-
ning radiometer (ATSR) and SPOT-VGT). A positive relation-
ship was found between agricultural land-cover disturbance and
hantavirus in rodents in Paraguay. However, single-date satellite
imagery can be limited in capturing the vegetation dynamics
that affect rodent population dynamics.

The moderate resolution imaging spectroradiometer
(MODIS), launched on the NASA satellites Terra (December
1999) and Aqua (May 2002), significantly improved the avail-
ability of data for epidemiological studies. There have been a few
studies that utilized MODIS time-series data in modelling
rodent pathogen transmission and predicting disease risk to
humans. Glass et al. (2007) applied MODIS NDVI data to
compare vegetation growth patterns in years of severe drought
from 2002 to 2004 and found that high-risk HPS areas had
higher levels of green vegetation and longer durations of green-
ness. Marston et al. (2007) modelled the spatial distribution of
the rodent species that were the hosts of a parasitic tapeworm.
The rodent distribution was modelled with landscape charac-
teristics using four different types of remotely sensed data. Their
results showed that the MODIS time-series image data provided
the strongest relationships and explained the highest percentage
deviance of the relationships present (up to 41.4%). These
results support the idea that using time-series NDVI data can
offer improved results over single-date imagery.

In this study we investigated the value of MODIS data for
estimating rodent abundance and SNV prevalence with the
goal of predicting hantavirus risk. We examined relationships
between environmental conditions (vegetation greenness and
moisture), deer mouse density and SNV prevalence using high-
temporal-resolution (16 days) MODIS satellite imagery and
multi-year field survey data. The central hypothesis is that veg-
etation indices can serve as proxies for deer mouse food avail-
ability that affects deer mouse abundance and SNV prevalence.
We applied MODIS time-series imagery to measure vegetation
productivity and to indirectly estimate mouse abundance and
SNV prevalence in deer mouse populations.

METHODS

Study area

The study area is located in proximity to the Little Sahara rec-
reation area in Juab County, Utah (39°40” N, 112°15” W). The
elevation in this area ranges from 1600 to 1900 m. Dominant
vegetation species in the area include Great Basin sagebrush
(Artemisia tridentata) and Utah juniper (Juniperus osteosperma).
Areas with high sagebrush cover are positively correlated with
deer mouse abundance (Pearce-Duvet et al., 2006). The pre-
ferred habitat for deer mice is sagebrush. This particular area
has experienced heavy recreational use, mainly by all-terrain
vehicles (ATVs) (Lehmer et al., 2008). Landscape disturbance
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due to recreational ATV use has created new roads, trails and
open spaces. Trapping webs at the study area were selected based
on low and high levels of disturbance. Low disturbance refers to
those areas where ATVs have had little or no effect, and high
disturbance refers to the areas with trails and vast expanses of
bare ground caused by camping and the heavy use of recre-
ational vehicles.

Field data

Rodents were live-trapped in the spring and autumn of 2004,
2005 and 2006. Using a web-based approach (Anderson et al.,
1983), 12 3.14-ha trapping sites were established for the spring
and autumn of 2004, 2005 and 2006. There have been two
general field sampling designs for estimating small-mammal
populations: grid-based regimes and web-based approaches
(typically transect lines or trapping webs) (Burnham et al., 1980;
Anderson et al., 1983; Buckland et al., 1993, 2001). Web-based
trapping has been utilized in a number of studies, including
small-mammal studies at a number of sites within the US Long
Term Ecological Research Network, monitoring programmes
for rodent-borne zoonotic diseases conducted by public health
agencies in the USA (Parmenter et al., 1999), and global-change/
biodiversity programmes around the world. The trapping web
design in this study is the most commonly used trapping
arrangement in longitudinal studies of hantavirus (Abbott et al.,
1999; Calisher etal., 1999; Kuenzi etal., 1999; Mills etal.,
1999a,b; Root et al., 1999).

Trapping webs are centred on a reference location with traps
emanating from this point. The trapping web contains 12 100-m
trap transects radiated from the central trap at angles of 30°
from one another. Transects were numbered from 1 to 12, with
the first transect facing south and other transects incremented in
a clock-wise direction. Twelve traps are placed on each trap
transect. For each trap transect, the first four traps are spaced
5 m apart and the other eight traps are 10 m apart. Each trap is
coded and marked by the transect number and its location along
each transect labelled by letters from A to L with A for the closest
trap to the centre and L for the furthest.

In each sampling period, traps were set for each trapping web
for three consecutive nights. Small-mammal processing was
conducted according to protocols and methods for trapping and
sampling small mammals for virological testing (Mills et al.,
1995). Ear tags with individual numbers were attached to newly
captured mice. Captured mice were weighed and recorded for
trap code, sex, reproductive status, weight, ear tag number,
wounds, scars, etc. Blood was drawn from deer mice for testing
for the presence of SNV. Rodents were released where they were
captured.

Enzyme-linked immunosorbent assay for detection of Sin
Nombre virus antibody was performed on all blood samples
(Feldman et al., 1993; Lehmer eral, 2008). Prevalence is
reported as the percentage of infected deer mice at each sam-
pling site. For this reason estimates of prevalence increase in
accuracy with increasing sample size.
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MODIS satellite imagery

This study utilized MODIS surface reflectance 16-day composite
data with 500 m spatial resolution to derive environmental con-
ditions of the study sites across multiple years (2003-06).
MODIS instruments capture data in 36 spectral bands ranging
in wavelength from 0.4 to 14.4 pm and at varying spatial reso-
lutions (2 bands at 250 m, 5 bands at 500 m and 29 bands at
1 km). They provide twice-a-day global coverage at 250 m (red,
near-infrared), 500 m (mid-infrared) and 1000 m resolution
(thermal infrared). The datasets are available to the public ¢. 1
week after acquisition, and they are designed to provide mea-
surements of large-scale global dynamics and processes occur-
ring on the land and in the oceans and lower atmosphere.
MODIS imagery has been successfully used for a variety of
applications including quantifying vegetation cycles, assessing
land-cover change and mapping the spatial distribution of habi-
tats (Jin & Sader, 2005; Beck et al., 2006; Lunetta et al., 2006;
Xiao et al., 2006).

Temporal compositing methods

Temporal compositing of remote sensing time-series data is a
common practice to compress data and reduce the impacts of
cloud effects and changing view geometry (Qi & Kerr, 1997).
Temporal compositing algorithms analyse the pixel values across
time and select the single best pixel value to represent the entire
time period (Dennison et al., 2007).

Many temporal compositing algorithms have been developed
for moderate- to coarse-resolution remote sensing systems.
Dennison et al. (2007) introduced a new class of compositing
algorithms based on two measures of spectral similarity, end-
member average root mean square error (EAR) and minimum
average spectral angle (MASA). Their research demonstrated
that these novel algorithms reduce short-term variability in
spectral indices across several land-cover types (Dennison et al.,
2007). A set of 16-day MODIS compositing data across March to
July for 5 years (2002—06) using MASA and EAR methods was
created and used to derive several vegetation indices.

Vegetation indices from MODIS

The correlations between a set of vegetation indices calculated
from 5 years of MODIS data and deer mouse density, hantavirus
prevalence and the number of infected mice for each site across
4 years (2003-06) were examined using linear regression. The
sample sizes varied from 36 for spring to 43 for autumn because
a few additional sites were added in autumn 2003 and 2004.
Four commonly used vegetation indices were calculated, includ-
ing NDVI (Rouse et al., 1973), the enhanced vegetation index
(EVI; Huete et al., 2002), normalized difference water index
(NDWT; Gao, 1996) and visible atmospherically resistant index
(VAR Gitelson et al., 2002). NDVI, EVI and VARI are greenness
indices based on chlorophyll absorption and near-infrared
reflectance and/or visible reflectance, while NDWI is a moisture
index based on near-infrared water absorption.
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NDVI is a very simple, well-known and widely used remote
sensing vegetation index. It is calculated from the individual
measurements as follows:

NDVI = (pxr —Prep)/(Pair + Prep) (1)

where prep and pyr stand for the red and near-infrared reflec-
tance. The resulting values ranges from —1.0 to +1.0.

EVI was developed to improve the NDVI by accounting for
soil and atmospheric interference (Justice et al., 1998; Huete
et al., 1997, 2002). EVI normalizes the red band reflectance by
the blue band reflectance (ppie) (Huete et al., 1997). EVI is more
sensitive in vegetation with a high leaf area index (LAI), where
NDVI saturates quickly and shows very little dynamic range for
high-LAI canopies in crop fields (Boegh et al., 2002). EVI is
formulated as:

EVI=G(pnir —Prea)/(Pnir + Cl Prea —C 2Pp1e + L) (2)

where G=2.5,C1 =6,C2=7.5and L = 1. VARI is a vegetation
index based entirely on visible reflectance (pgreen> Pred a0d Ppiye)
(Gitelson et al., 2002). VARI is calculated as:

VARI= (pGreen - pRed)/(pGreen + pRed - pBlue )‘ (3)

NDWTI was introduced by Gao (1996) to assess water content
using near-infrared water absorption. NDWTI increases with veg-
etation water content. It is defined as follows:

NDWI = (g6 um —P124 um)/(p0A86 pm T P124 pm)' (4)

The 0.86 pm and 1.24 um channels of MODIS (possum and
P124um) are band 2 and band 5, respectively.

Time lags

Glass et al. (2002) found that there was an apparent 1-year lag
between the end of the 1997-98 El Nino and the increase in
hantavirus prevalence in high-risk areas, which was also the case
in the 1993 HPS outbreak preceded by the 1991-92 El Nino
event. This time lag is also in line with the trophic cascade
hypothesis (Yates et al., 2002).

Vegetation indices were calculated for MODIS composites
from March to July, 2002—06. This time period coincides with
vegetation green-up in the study area, and the index values
during this time period should indicate vegetation productivity.
Time-lag effects between the spring vegetation indices (2002—
06) and deer mouse density and hantavirus prevalence (2003—
06) were explored with lags of 0, 0.3, 1.0 and 1.3 years. A 0-year
lag examined the correlation between spring vegetation indices
and the same-year spring field data. The 0.3-year lag examined
the correlation between spring vegetation indices and autumn
field data in the same year. The 1-year time lag examined the
correlation between spring vegetation indices and field data
from the following spring. The 1.3-year time lag examined cor-

4

relations between spring vegetation indices and autumn field
data in the following year. Linear regression was used and r* was
calculated and compared.

RESULTS

Deer mouse density and vegetation indices

Correlations between vegetation indices and deer mouse density
typically peaked in May or June for NDVI and EVI and in March
for NDWI. For VARI, the correlation with density peaked in
March at 0- and 0.3-year time lags and was highest in May at 1.0-
and 1.3-year lags. Figure 1 shows an example of changing cor-
relations between EVI and deer mouse density for each compos-
ite period, and at the four different lag times. At peak 7% linear
correlations between deer mouse density and NDVI/EVI at a
1.3-year lag were mostly significant. Figure 2 shows an example
of the relationship between 10 June EVI and density ata 1.0-year
time lag.

The maximum 7* for each vegetation index and lag are shown
in Table 1. Linear regression showed that all vegetation indices
had significant (P < 0.01) correlations with deer mouse density
at various time lags. For correlations between deer mouse
density and NDVI/EVI over various time lags, the 1.0- and
1.3-year lags yielded higher r* than the 0- and 0.3-year lags,
where the 1.3-year lag had the highest % Correlations were
highest for NDVI at a 1.3-year lag, with an 7* of 0.50 and sig-
nificance greater than 99.9%. The intercept and slope coeffi-
cients of the linear regression were —99.39 and 527.26.
Correlations were also high for EVI at 1.0- and 1.3-year lags,
with 7* of 0.46 and 0.47 and significance greater than 99.9%. The
intercepts and slope coefficients of the regression lines were
—77.68 and 772.30 for a 1.0-year lag and —100.15 and 893.44 for
a 1.3-year lag, respectively. Significant correlations were also
found between VARI and deer mouse density at all time lags,
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Figure 1 The r* of deer mouse density and the enhanced
vegetation index (EVI) between March and July at 0-, 0.3-, 1.0-
and 1.3-year lags. The correlation peaked in June, and the 1.0-
and 1.3-year lag yielded the highest significant 7* (0.46 and 0.47,
respectively).
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Table 1 Maximum 7 values and dates of maximum * values between March and July for normalized difference vegetation index (NDVI),
enhanced vegetation index (EVI), visible atmospherically resistant index (VARI) and normalized difference water index (NDWI) regressed

against the deer mouse density at 0-, 0.3-, 1.0- and 1.3-year lags.

Date of Date of Date of Date of
Time lag Maximum maximum Maximum maximum Maximum maximum Maximum maximum
(years) NDVI NDVI EVI EVI 7~ VARI VARI NDWI NDWI
0 0.31% 6 March 0.28% 10 June 0.29% 6 March 0.35% 6 March
0.3 0.18 6 March 0.05 10 June 0.21* 6 March 0.23* 6 March
1 0.32* 9 May 0.46* 10 June 0.24* 9 May 0.11 25 May
1.3 0.50* 9 May 0.47* 10 June 0.27* 9 May 0.07 25 May
*Significance (P < 0.01).
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lations between NDWI at lags of 0 and 0.3 years and deer mouse
density, with 7* of 0.35 and 0.23.

Average 9 May NDVI and mouse density in the autumn across
12 study sites were computed and plotted in Fig. 3. The average
9 May NDVI increased 19% in 2005 from 2004, while mouse
density doubled in the autumn of 2006 over the autumn of
2005. When average NDVTI varied little between 2002 and 2003,
there was little change in mouse density from 2003 to 2004.

Total number of infected mice and vegetation indices

Correlations between the number of infected mice and the veg-
etation indices across the time lags (0, 0.3, 1.0, 1.3 years) were
also examined. Table 2 lists the maximum r* and the dates of the
maximum > for the number of infected mice and the vegetation
indices. The results were very similar to those of mouse density.
This may indicate that density and the number of infected mice
are correlated.
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2002 2003 2004 2005

Year

Figure 3 (a) Average autumn deer mouse density (number of
mice per web = SE) from 2003 to 2006. (b) Average normalized
difference vegetation index (NDVI) on 9 May for 2002-05.

All vegetation indices had significant (P < 0.01) correlations
with the number of infected mice at various time lags. For
correlations between the number of infected deer mice and
NDVI/EVI over various time lags, the 1.0- and 1.3-year lags
yielded higher 7* than the 0- and 0.3-year lags. Correlations were
highest for EVI for a 1.0-year lag, with an 7* of 0.53 and signifi-
cance greater than 99.9%. Correlations were also high for NDVI
for a 1.0- and 1.3-year lag, with 1% of 0.36 and 0.43, respectively,
and significance greater than 99.9%. There were significant cor-
relations between NDWI at 0-, 0.3- and 1.0-year lags and the



L.Cao et al.

Table 2 Maximum 7* values and dates of maximum 7* values between March and July for normalized difference vegetation index (NDVI),
enhanced vegetation index (EVI), visible atmospherically resistant index (VARI) and normalized difference water index (NDWI) regressed
against the number of infected deer mice at 0-, 0.3-, 1.0- and 1.3-year lags.

Date of Date of Date of Date of
Time lag Maximum maximum Maximum maximum Maximum maximum Maximum maximum
(years) NDVI 7 NDVI 7 EVI 7 EVI ~ VARI VARI #? NDWI 2 NDWI 2
0 0.18 6 March 0.11 10 June 0.23% 6 March 0.25% 6 March
0.3 0.09 6 March 0.03 10 April 0.12 6 March 0.16* 26 June
1 0.35* 10 June 0.53* 10 June 0.40* 10 June 0.20* 25 May
1.3 0.43* 10 June 0.36* 9 May 0.21% 9 May 0.04 9 May

*Significance (P < 0.01).

Table 3 Maximum 7 values and dates of maximum * values between March and July for normalized difference vegetation index (NDVI),
enhanced vegetation index (EVI), visible atmospherically resistant index (VARI) and normalized difference water index (NDWI) regressed
against the prevalence of Sin Nombre virus (SNV) at 0-, 0.3-, 1.0- and 1.3-year lags.

Date of Date of Date of Date of
Time lag Maximum maximum Maximum maximum Maximum maximum Maximum maximum
(years) NDVI 7 NDVI EVI 7 EVI # VARI 7 VARI 7 NDWI 2 NDWI
0 0.12 7 April 0.05 9 May 0.28* 7 April 0.11 25 May
0.3 0.11 26 June 0.11 7 April 0.07 7 April 0.02 7 April
1 0.27* 26 June 0.25% 10 June 0.40% 7 April 0.19 7 April
1.3 0.06 28 July 0.03 28 July 0.05 7 April 0.03 6 March

*Significance (P < 0.01).

number of infected deer mice, with 7> of 0.25, 0.16 and 0.20,
respectively. Similar to the results for density, the maximum r*
for NDWI and the number of infected mice was in March, while
for NDVI and EVI the high significant maximum 7* were in May
and June.

SNV prevalence and vegetation indices

Correlations between SNV prevalence and the vegetation
indices across the time lags (0, 0.3, 1.0, 1.3 years) were examined.
Table 3 lists the maximum * and the dates of the maximum * of
SNV prevalence and the vegetation indices.

Most of the correlations of prevalence and vegetation
indices were not significant. The highest significant #* (0.40)
was of VARI in June for a 1.0=year lag. The next highest r*
was for NDVI with an 7 of 0.28 with a 0O-year lag. The
next highest r* were of NDVI and EVI in June with a 1.0-year
lag, with values of 0.27 and 0.25, respectively. NDWTI did not
have significant correlations with SNV prevalence for any time
lag.

DISCUSSION AND CONCLUSIONS

This study examined the relationships between vegetation
indices (NDVI, EVI, VARI and NDWI), deer mouse density,
SNV prevalence and the number of infected deer mice (potential
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risk to humans) at various time lags with the goal of identifying
useful vegetation indices and time lags for predicting the risk of
hantavirus outbreaks. The results revealed reasonably good cor-
relations between vegetation indices and deer mouse density
and the number of infected deer mice. In contrast, correlations
between vegetation indices and SNV prevalence were much
weaker. Prevalence is calculated as the ratio of the number of
infected mice and the overall number of mice, but may not
necessarily be correlated with either the number of infected
mice or the overall number of mice. For example, the prevalence
on a study site with a low number of infected mice and low
overall number of mice may be the same as the prevalence on a
study site with a high number of infected mice and high overall
number of mice.

Among four tested vegetation indices, NDVI and EVI yielded
higher significant * while NDWI had lower significant values.
VARI produced the lowest 2. The 1.0- and 1.3-year lags for
NDVI and EVI provided the best correlations overall, which
suggests that spring NDVI and EVI are better correlated with the
following year’s deer mouse abundance and the number of
infected deer mice than the current year’s. This finding corre-
sponds to Glass et al.’s (2002) study, which found that there was
an apparent 1-year lag between the 1997-98 El Nifio and the
increase in SNV prevalence in high-risk areas in the subsequent
year. This was also the case in the 1993 hantavirus pulmonary
syndrome outbreak in the south-western USA, which indicated
that the previous 1991-92 El Nifio event was the major climatic
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Table 4 The diseases directly transmitted by rodents and their locations in the world.

Disease

Where the disease occurs

Hantavirus pulmonary syndrome
Haemorrhagic fever with renal syndrome

Lassa fever West Africa
Leptospirosis World-wide
Lymphocytic chorio-meningitis (LCM) World-wide

Omsk haemorrhagic fever
Plague
Rat-bite fever

Western Siberia
Western USA, South America, Africa, Asia
World-wide: Streptobacillus moniliformis in North America and Europe, Spirillum minus

Throughout most of North and South America
Primarily in eastern Asia, Russia, Korea, Scandinavia, western Europe and the Balkans.

in Asia and Africa

Salmonellosis

South American arenaviruses (Argentine haemorrhagic
fever, Bolivian haemorrhagic fever, Sabid-associated
haemorrhagic fever, Venezuelan haemorrhagic fever)

Tularemia

World-wide
South America: parts of Argentina, Bolivia, Venezuela and Brazil

World-wide

factor leading to the outbreak. The dramatically increased rain-
fall is believed to result in greater food resources that permitted
increase in the size of deer mouse populations and subsequently
the human risk of hantavirus pulmonary syndrome (Parmenter
et al., 1993; Engelthaler et al., 1999). This time lag is also consis-
tent with the findings of the trophic cascade hypothesis (Yates
et al.,2002). The 1-year time lag provides great opportunities for
applying satellite imagery to predict upcoming SNV outbreaks
allowing preventive strategies to be deployed in a timely fashion.

While NDVI and EVI had the most significant 7* at 1.0- and
1.3-year lags, NDWI had most significant 7* at 0- and 0.3-year
lags. The significant correlation between NDWI and deer
mouse density occurred on 6 March. The most significant cor-
relation between NDWI and the number of infected mice was
also on 6 March. This indicates that early spring vegetation
moisture may be a predictor of deer mouse density and the
number of infected mice in the same spring and following
autumn. Combinations of different indices and lags could be
valuable for identifying the time windows for data collection for
practical uses in monitoring rodent abundance and subsequent
disease risk to humans.

Although there have been a few studies using remotely sensed
data to predict hantavirus risk (Boone et al., 2000; Glass et al.,
2000) most of them used single-date TM imagery. However,
single-date image data make it difficult to capture the vegetation
dynamics and their effect on disease dynamics. The high-
temporal-resolution compositing satellite data eliminate the
cloud cover and bad imagery, providing more reliable data. Glass
et al. (2007) explored the use of January 2002 to April 2004
MODIS NDVI data to compare the seasonal patterns of vegeta-
tion growth in low- and high-risk hantavirus areas. The study
showed that vegetation growth at high-risk sites started earlier
and lasted longer than that at comparable lower risk sites,
regardless of land cover. Marston efal. (2007) showed the
advantages and associated potential of using time-series MODIS
NDVI datasets to model rodent distributions over single-time
NDVI datasets. The use of high-temporal-resolution MODIS
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imagery in epidemiological studies has been limited. This study
demonstrated that the use of MODIS data in estimating rodent
abundance and predicting disease risk to humans has potential.
While our study area is in Utah, USA, MODIS data are freely
available with world-wide coverage. This method is suitable for
extension to other rodent-borne diseases around the globe. A
few examples are leptospirosis and Argentine haemorrhagic
fever. Herbreteau et al. (2006) explored the use of land-use maps
and vegetation indices derived from advanced spaceborne
thermal emission and reflection radiometer satellite imagery in
studying leptospirosis dynamics in rice fields in Thailand.
Porcasi etal. (2005) incorporated the advanced very-high-
resolution radiometer NDVI as an environmental variable in a
simple numerical model of rodent population dynamics and
viral infection for the Junin virus. These studies have shown the
usefulness of satellite-derived vegetation indices in predicting
rodent-borne diseases. MODIS data may improve predictive
models for many of the 11 types of rodent-borne diseases listed
in Table 4 (CDC, 2009).

A predictive model utilizing NDVI or EVI and NDWT could
be built to predict deer mouse abundance and hantavirus risk to
humans. Other factors should be built into the model, such as
temperature and the length of vegetation greenness. Tersago
et al. (2009) found high summer and autumn temperatures in
the preceding 1 and 2 years were related to high incidences of
hantavirus disease in Belgium. Clement et al. (2009) reported
that an increase in bank vole populations may be because a mild
autumn in the previous year provides more food resources and
therefore increases the survival rate in the winter. Longer veg-
etation greenness has been associated with areas of high HPS
risk. Glass et al. (2007) found the NDVTI in areas with high HPS
risk had an early onset, with significantly higher levels of green
vegetation that lasted longer than at lower-risk sites. In a large
areal extent, other variables have been found useful in relating
environmental conditions and rodent borne diseases, such as
land use (Goodin et al., 2006), vegetation types (Boone et al.,
2000) and elevation (Jay et al., 1997).
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While the results are promising, further study with more years
of data would help to prove the long-term efficacy. Long-term
studies are crucial for understanding the temporal patterns of
virus host populations and identifying characteristics of reser-
voir ecology associated with outbreaks of human disease. In
spite of their importance and utility, long-term studies of reser-
voir populations of zoonotic diseases are rare. They require
continuous funding for many years, they are labour intensive,
expensive and may not produce significant results in the short
term (Mills ef al., 1999a,b). Our study collected a large number
of field mouse trapping data that have not been seen in past
hantavirus studies. During six field seasons from 2004 to 2006,
over 4000 mice at 12 study sites were captured, recorded and
released. These valuable field data provide great opportunities
to understand mouse population ecology and hantavirus
dynamics.
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