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Abstract: Striped field mice (Apodemus agrarius) are the main host for the Hantaan virus (HTNV),
the cause of hemorrhagic fever with renal syndrome (HFRS) in central China. It has been shown
that host population density is associated with pathogen dynamics and disease risk. Thus, a higher
population density of A. agrarius in an area might indicate a higher risk for an HFRS outbreak.
Here, we surveyed the A. agrarius population density between 2005 and 2012 on the Weihe Plain,
Shaanxi Province, China, and used this monitoring data to examine the relationships between the
dynamics of A. agrarius populations and environmental conditions of crop-land, represented by
remote sensing based indicators. These included the normalized difference vegetation index, leaf
area index, fraction of photosynthetically active radiation absorbed by vegetation, net photosynthesis
(PsnNet), gross primary productivity, and land surface temperature. Structural equation modeling
(SEM) was applied to detect the possible causal relationship between PsnNet, A. agrarius population
density and HFRS risk. The results showed that A. agrarius was the most frequently captured species
with a capture rate of 0.9 individuals per hundred trap-nights, during 96 months of trapping in
the study area. The risk of HFRS was highly associated with the abundance of A. agrarius, with
a 1–5-month lag. The breeding season of A. agrarius was also found to coincide with agricultural
activity and seasons with high PsnNet. The SEM indicated that PsnNet had an indirect positive effect
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on HFRS incidence via rodents. In conclusion, the remote sensing-based environmental indicator,
PsnNet, was highly correlated with HTNV reservoir population dynamics with a 3-month lag (r = 0.46,
p < 0.01), and may serve as a predictor of potential HFRS outbreaks.

Keywords: Hantaan virus (HTNV); remote sensing; hemorrhagic fever with renal syndrome (HFRS);
net photosynthesis (PsnNet); rodent population dynamics

1. Introduction

In 1984, hemorrhagic fever with renal syndrome (HFRS) broke out in Shaanxi Province, marked
by rapidly progressive glomerulonephritis symptoms and a high likelihood of mortality caused by the
Hantaan virus (HTNV, family Bunyaviridae, genus Hantavirus): a total of 1439 cases and an incidence
of 0.3% occurred in Hu County (Shanxi Province) [1,2]. Although a significant decrease in the number
of HFRS cases has been observed over the long-term, the 493 cases reported between 2010 and 2011
reawakened concern about the possible risk of disease.

Hantaviruses are primarily associated with the rodent family, Muridae [3]. Hantaviruses and
rodent reservoir species are tightly linked, so that each viral species is primarily associated with
a single rodent species, although spillover infections have been reported in other mammals [4,5].
As HFRS is transmitted by contact with rodent urine, feces or saliva [6,7], usually considered
as a direct, density-dependent transmission [8,9], the ecology of rodent abundance can largely
determine the possibility and magnitude of HFRS [10]. On the Weihe plain, located in central
Shaanxi Province, striped field mice (Apodemus agrarius) are the main rodent host of HTNV [11].
Therefore, understanding the factors that lead to changes in A. agrarius abundance is important for
better predicting HFRS outbreaks.

In 2002, a trophic cascade hypothesis was proposed by Yates et al. to explain how environmental
variation affects the probability of epidemic outbreaks [12]. Trophic cascades are indirect interactions
within a food web that can affect the entire ecosystem. Favorable environmental conditions can bring
an increase in primary and secondary productivities, which results in a higher rodent population
density and thereby an increased risk of hantaviruses transmission to humans [13,14]. At present,
remote sensing (RS) has been recognized as an important information source for studying hantaviruses
ecology, and it is often used in the study of the relationship between environmental variables and
hantavirus transmission. Glass et al. [15–17] and Boone et al. [18,19] used remote sensing images to
identify environments associated with a risk of hantaviral disease in humans caused by Sin Nombre
virus. Wei et al. [20] combined ecologic niche modeling with remote sensing techniques to identify
the risk factors for hantavirus infections in rodent hosts. Zhang et al. [10] and Goodin et al. [21]
examined the relationship between natural infection rates for hantavirus in rodents and land cover
classes. Yan et al. [22] used Landsat TM satellite data to explore the temporal relationship between
the number of HFRS cases and a time series of the normalized difference vegetation index (NDVI).
These studies highlight the usefulness of RS in anticipating HFRS risk.

Here we carried out a survey of rodent population dynamics, covering the period from 2005
to 2012 on the Weihe Plain, and used HFRS incidence data, together with satellite data, to test the
hypothesis that the population dynamics of the animal reservoir of HTNV is led by trophic cascades
(measured via remote sensing indicators), and in turn these can serve as possible predictors of HFRS
outbreaks. Our analyses will improve the understanding of the risk of HTNV transmission to humans.
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2. Materials and Methods

2.1. Rodent Sampling

Our study area was in one of the HFRS focus areas in Hu County (108◦E, 34◦N), the national
HFRS surveillance site on the Loess Plateau of central China. From January 2005 to December 2012,
monthly surveys of the local animal reservoir populations of the Hantaan virus were carried out.
Rodent trapping was conducted in nine trapping sites, set on farmland with a simple vegetation
structure (occupied mostly by the major crops, spring wheat and autumn maize) which are habitats
for important rodent reservoirs—3 km away from villages in Hu County. In each trapping site, at
least 300 single-capture small mammal traps were set for three nights as four parallel lines of 25 traps
each (Figure 1). We put peanuts in each trap as bait at night and recovered small mammals trapped
in the morning [1]. Capture rates are expressed as the number of rodents caught per 100 trap-nights.
Traps were spaced at approximately 5 m intervals. Snap-traps (Golden Cat, Guixi Mousetrap Factory,
Guixi, Jiangxi, China) were set each night, and recovered in the morning. Captured animals were
collected each morning and identified to species, according to previously described criteria [23].
All captured rodents were accessioned to the Shaanxi Centers for Disease Control and Prevention
[05HX001–16HX129]. Epidemiological data were obtained from the Shaanxi Provincial Center for
Disease Control and Prevention.Remote Sens. 2017, 9, 1076  4 of 13 
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Figure 1. Land cover map of the Weihe Plain, Shaanxi Province, Central China. The black box
indicates the study area, Hu County. We obtained this land cover data from GlobCover 2009 v2.3 (ESA
Globcover Project; http://due.esrin.esa.int/globcover/). The black circles represent rodent sampling
sites. Characteristics of the landscape in Hu County trapping web. Photo courtesy of P. Yu. Schematic
representation of the rodent-trapping site. Traps were spaced at ~5-m intervals.
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Data on HFRS cases in Hu County from 2005 to 2012 were obtained from the Shaanxi Notifiable
Disease Surveillance System. These cases were confirmed, according to the standard diagnosis set by
the Ministry of Health of the People’s Republic of China [24], then confirmed by detecting antibodies
against hantavirus in human serum samples.

2.2. Satellite Data

The launch of the Moderate Resolution Imaging Spectroradiometer (MODIS) on board the Terra
and Aqua spacecrafts in December 1999 and May 2002, respectively, has greatly contributed to our
understanding of Earth’s dynamics. In this study, a group of MODIS Land products were used (Table 1)
that were obtained from the National Aeronautics and Space Administration’s Earth Observing System
Data and Information System (EOSDIS; http://reverb.echo.nasa.gov/reverb/). Specifically, the NDVI
was extracted from the MOD13A2 product, with a 16-day and 1-km resolution. The leaf area index
(LAI) and fractional photosynthetically active radiation (FPAR) were extracted from the MOD15A2
product with an 8-day and 1-km resolution. The LAI was used to quantify the amount of foliage area
per unit ground surface area [25], and FPAR was used to measure the vegetation-absorbed radiation in
the 0.4–0.7 µm spectral region of solar radiation [26].

Table 1. Satellite data used in this study.

MODIS Land Product Indicator Spatial Resolution Temporal Resolution Temporal Period

MOD13A2 NDVI 1-km 16-day 2005–2012
MOD15A2 LAI 1-km 8-day 2005–2012
MOD15A2 FPAR 1-km 8-day 2005–2012
MOD17A2 GPP 1-km 8-day 2005–2012
MOD17A2 PsnNet 1-km 8-day 2005–2012
MOD11A2 LST 1-km 8-day 2005–2012

Note: MODIS, Moderate Resolution Imaging Spectoradiometer; NDVI, normalized difference
vegetation index; LAI, leaf area index; FPAR, fractional photosynthetically active radiation; GPP, gross
primary production; PsnNet, net photosynthesis; LST, land surface temperature.

Gross primary production (GPP) [27] and net photosynthesis (PsnNet) [28] were derived from the
MOD17A2 product with an 8-day and 1-km resolution, and were used in this study. GPP provides
an accurate regular measure of the capacity of the vegetation to capture carbon and energy during
photosynthesis, and PsnNet is used to measure the net uptake of carbon dioxide into a leaf.

The 8-day land surface temperature (LST) data was derived from the MODIS MOD11A2 product.
The time range of the MODIS products used was from 2005 to 2012, and all the datasets were aggregated
into monthly values by taking the maximum of all values recorded within the month.

2.3. Statistical Analysis

The relationships between remote sensing-based indicators, HFRS risk and rodent population
density were examined by Pearson’s correlation. We applied a cross-correlation analysis, which
detects if there are time-lag relationships. Given the time lag in the rodent population response to
environmental conditions, we kept the remote sensing-based indicators series still and shifted the
rodent population density series backward by one month each time (up to six months). To detect the
lag effect of rodent population density on HFRS risk, we shifted the incidence of HFRS backward and
kept rodent population density still. A cross-correlation analysis was used to assess the associations,
and was calculated as:

ρxy (t) = γxy (t)/(σxσy) t = 0, ±1, ±2 (1)

where ρ (t) is the cross-correlation coefficient at time lag t; σ is the standard deviation for rodent
population density, incidence of HFRS and remote sensing-based indicators; and γ is the covariance
function.

http://reverb.echo.nasa.gov/reverb/
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2.4. Structure Equation Model

Structure equation modeling (SEM) is a general statistical technique, which combines factor
analysis and multiple regression, used to examine direct and indirect effects among the interactions
between multiple factors [29]. SEM can be used to interpret information on the observed correlations
of groups of organisms, to test and evaluate complex causal relationships [30,31]. We constructed
SEMs using the R package, lavaan (50), applying the maximum-likelihood method to estimate the
model. Among the multiple indexes available to assess the fit of model, we chose a normalized
χ2-test (chi-squared/degrees of freedom), comparative fit index (CFI) and root-mean square error
of approximation (RMSEA) [32]. The normalized χ2-test is used to test whether the relationship
structured in model is reasonable for the data. CFI is used to test if the model fits the data, where >0.9
is good, and RMSEA measures how closely the model reproduces data patterns, where lower values
are better [33].

Based on the time-lag relationship found in the correlation analysis, we formulated SEM by setting
PsnNet three months prior (t-3) as the predictor, rodent population density (t) as the mediator, and
the incidence of HFRS four months later as the dependent variable. Our model tested the hypothesis
that the variation between correlated PsnNet and rodent population density could provide plausible
explanations for HFRS outbreak.

2.5. Ethical Review

The Animal Ethics Committee of the Shaanxi CDC waived approval for this study. Because the
methods did not include animal experimentation, it was not necessary to obtain an animal ethics
license. In addition, the species captured in this study are not protected in China and none of the
captured species are included in the China Species Red List.

3. Results

3.1. HFRS Epidemics in Hu County, 2005–2012

Hu County is an area with a high incidence of HFRS and a population of about 0.61 million on
the Weihe Plain (Figure 1). HFRS epidemics have occurred every year between 2005 and 2012, with
varying magnitude. A total of 1118 HFRS cases were confirmed in Hu County between 2005 and
2012. The annual incidence of HFRS continued to increase (Table 2). Two outbreaks in 2010 and 2011
were larger than usual, with 282 and 211 cases being reported, respectively (Figure 2). The monthly
distribution of HFRS cases indicated that HFRS incidence was higher in the second half of the year,
and peaked from October to December (Figures 3 and 4).

Table 2. Annual incidence of hemorrhagic fever with renal syndrome (HFRS) from 2005 to 2012.

Year 2005 2006 2007 2008 2009 2010 2011 2012

Incidence of HFRS (1/10, 000) 0.90 1.11 1.51 1.61 2.23 4.62 3.46 2.64
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Figure 3. Average seasonal distribution of hemorrhagic fever with renal syndrome (HFRS) cases
and capture rate of Apodemus agrarius in Hu County, 2005–2012. Error bars show the maximum and
minimum values.

3.2. Apodemus Agrarius Population Dynamics and Temporal Pattern of HFRS

During the study, 365 A. agrarius were captured on 41,764 trap-nights, with a capture rate of
0.9 individuals per hundred trap-nights. The population density of A. agrarius varied both seasonally
and among years. Trap success decreased during the late autumn and winter and increased during the
spring and the annual peak of rodent density was from August to October (Figure 3). The seasonal
distribution of HFRS cases always showed a relatively high peak in November and a lower peak in
June (Figure 3). Both the seasonality and the result of cross-correlation analysis (Table 3) indicated that
the monthly number of HFRS cases was positively correlated with rodent density, with a 1–5 month lag.
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Table 3. Cross-correlations between the number of hemorrhagic fever with renal syndrome (HFRS)
cases and the rodent population density.

Lag (month) 0 1 2 3 4 5 6

r 0.19 0.31 ** 0.41 ** 0.42 ** 0.39 ** 0.31 ** 0.13

** p < 0.01.

3.3. Correlations Between Remote Sensing-Based Indicators and Apodemus Agrarius Population Density

Figure 5 shows that the maximum cross-correlation coefficient indicates that PsnNet, at a lag of
3 months, appears to play a role in rodent population density. The results (Figure 6) indicated that
the population density of A. agrarius was positively correlated with NDVI, GPP and PsnNet, with
a lag of 2 months, 2–3 months and 2–3 months, respectively. The population density of A. agrarius was
negatively correlated with LST, with a 6-month lag. The highest correlation coefficient was for the
relationship between the capture rate of A. agrarius and PsnNet, with a 3-month lag (r = 0.46, p < 0.01).
The PsnNet was high on an annual basis during March to September, which was the breeding season
for A. agrarius, although the value of PsnNet in June was low due to the spring harvest. The capture
rate of A. agrarius was relatively high in the breeding season and relatively low over the winter period,
from December to February. Therefore, the results indicated that the seasonal pattern of PsnNet peaked
and coincided with the capture rate of A. agrarius.Remote Sens. 2017, 9, 1076  8 of 13 
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Figure 4. Remote sensing-based indicators of crop-land in Hu County. NDVI, normalized difference
vegetation index; FPAR, fraction of photosynthetically active radiation absorbed by vegetation; LAI, leaf
area index; GPP, gross primary productivity; PsnNet, net photosynthesis; LST, land surface temperature.
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Figure 5. Cross-correlation between rodent population density and net photosynthesis (PsnNet).

3.4. Correlations Between Remote Sensing-Based Indicators and Other Rodent Species

An additional analysis was conducted to test the relationship between the indicators illustrated
above and population densities of the brown rat (Rattus norvegicus). This species lives close to humans
and does not rely on farm crops. The results indicated that the capture rate of R. norvegicus was
not associated with any of the indicators over a 1–6-month lag. (Figure 6), which showed that the
relationships between the capture rate of A. agrarius and these indicators were unlikely to occur due to
chance alone.
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Figure 6. Correlation matrix of environmental factors and capture rate of Apodemus agrarius (left) and
Rattus norvegicus (right). Every correlation coefficient that matched two variables was calculated with
Pearson’s method in R. AA, Apodemus agrarius; RN, Rattus norvegicus; NDVI, normalized difference
vegetation index; FPAR, fraction of photosynthetically active radiation absorbed by vegetation; LAI, leaf
area index; GPP, gross primary productivity; PsnNet, net photosynthesis; LST, land surface temperature.
Numbers ranging from −1 to 1 are Pearson’s correlation coefficients of variables on horizontal and
vertical axes. The color and size of circles indicate the correlation significance. Only significant statistics
(p < 0.05) are shown.



Remote Sens. 2017, 9, 1076 9 of 13

3.5. Structure Equation Model for Incidence of HFRS with Rodent Population Density and PsnNet

The SEM (Figure 7) indicated that PsnNet in the previous months was significantly and positively
correlated with the rodent population density and the incidence of HFRS. Similarly, the rodent
population density was positively associated with the incidence of HFRS in the following months.
This showed the indirect effect of PsnNet on incidences of HFRS.
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Figure 7. Structural equation model for net photosynthesis (PsnNet), rodent population density and
incidence of hemorrhagic fever with renal syndrome (HFRS). (χ2 = 2.34, CFI = 0.97). * Parameter is
significant at the 0.05 level. ** Parameter is significant at the 0.01 level.

4. Discussion

The importance of zoonoses is increasingly recognized, and disease early warning-systems are
currently receiving considerable research attention [34,35]. Previous work has demonstrated that
environmental conditions monitored by satellite imagery, including vegetation cover, landscape
structure, soil moisture and water bodies [36–38], could be a potential information source for studying
the ecology of zoonotic diseases, such as vector-borne and rodent-borne diseases [16,39,40], because
the environmental conditions characterized by remote sensing images are considered to be linked to
reservoir host habitats or pathogen infection risks.

In this study, we evaluated the environmental conditions of farmland systems at field sites on the
Weihe Plain that may be inhabited by HTNV rodent hosts, using MODIS products. We collected data
during field campaigns, which provided strong evidence that the apparent time lag between the end of
rodent host breeding [41] and subsequent HFRS peaks in humans was related to a biological process.
In farmland with a simple vegetation structure, we found a higher correlation between A. agrarius
population density and PsnNet than between A. agrarius population density and NDVI. This was not
unexpected, because the impact of interannual fluctuations in crop output, which affects population
density, is likely to be reflected by PsnNet.

HFRS is still a serious disease in mainland China, which accounts for 90% of the cases reported
globally [42]. In mainland China, HTNV and Seoul virus (SEOV), the major causative agents of HFRS,
are carried by A. agrarius (which thrives in rural areas) and R. norvegicus (which thrives in urban
areas), respectively [43,44]. During the 96 months of trapping in the study area, A. agrarius was the
most frequently captured rodent species and the dominant species in the study area [45]. We applied
a structure equation model to test the trophic cascade hypothesis in the farmland systems of central
China, which supported the finding that primary productivity may affect rodent demography with
a time lag. We inferred that the time lags might be due to the time needed for crop growth and rodent
breeding activities to be seen in the trappable population. It follows that there would be a further few
months after rodent demography was affected until the human-wildlife contact pattern was affected.
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It was, therefore, seen that the environmental variable, PsnNet, which represented the food availability
for small rodents [46,47] would be a useful indicator for natural HTNV infection warnings in this focal
area of China.

As climate variability plays an important role in shaping A. agrarius population dynamics (and also
those of other rodent species), as has been suggested by several previous studies [48–51], the complex
linkages between farmland conditions, A. agrarius abundance, and climatic conditions should be
studied in the future. Also, due to the various types of climate and habitat, further analyses and
validation are needed for other endemic areas of China. Finally, we must acknowledge the limitations
of this study. As the virus prevalence in rodent hosts affects disease dynamics, the epidemiology of
HTNV should also be considered.

5. Conclusions

Our study is an encouraging step towards an early warning approach that can predict the risk of
hantavirus infection because fluctuations in the abundance of the rodent reservoir can be estimated
from satellite imagery, which provides an effective method for monitoring environmental conditions on
a large scale. The trophic cascade hypothesis has been validated in our study area by using satellite and
filed surveillance data. Vegetation productivity (farmland land condition, represented by PsnNet) was
shown to act as an important driver for increases in the abundance of hantavirus reservoir (A. agrarius),
with a 3-month lag.

In conclusion, we have shown that the risk of HFRS is closely related to environmental variability
and remote sensing could be critical for effective risk prediction and public health applications.
This approach offers a valuable basis to develop a less costly but effective warning system to prevent
HFRS outbreaks in our study area, Hu County. Additionally, the utility of remote sensing for real-time
environmental condition observation provides health authorities plenty of time to develop targeted
strategies for the control and prevention against the risk of HFRS.
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