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Anthropogenic land consolidation 
intensifies zoonotic host diversity loss and 
disease transmission in human habitats
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Christina L. Faust    7, Yunyu Tian    1, Yiting Xu1, Yilin Liang1, Jianhui Qu3, 
Jing Wei3, Shen Li3, Tongjun Zhang3, Chaofeng Ma    8, Nita Bharti    9, 
Bernard Cazelles    10,11, Ruifu Yang    12,18, Oliver G. Pybus    4,13,18, 
Andrew P. Dobson    5,18, Nils Chr. Stenseth    14,15,16,18   & Huaiyu Tian    1,18 

Anthropogenic land-use change is an important driver of global biodiversity 
loss and threatens public health through biological interactions. 
Understanding these landscape–ecological effects at local scales will help 
achieve the United Nations Sustainable Development Goals by balancing 
urbanization, biodiversity and the spread of infectious diseases. Here, we 
address this knowledge gap by analysing a 43-year-long monthly dataset 
(1980–2022) of synanthropic rodents in Central China during intensive 
land-use change. We observed a notable increase in the mean patch size, 
coinciding with a substantial change in rodent community composition and 
a marked decline in rodent diversity; eight of the nine local rodent species 
experienced near-extirpation. Our analysis reveals that these irregular 
species replacements can be attributed to the effect of land consolidation on 
species competition among rodents, favouring striped field mice, a critical 
reservoir host of Hantaan virus (HTNV). Consequently, land consolidation 
has facilitated the proliferation of striped field mice and increased the 
prevalence of HTNV among them. This study highlights the importance of 
considering both direct and indirect effects of anthropogenic activities in 
the management of biodiversity and public health.

Anthropogenic land-use change1, such as the conversion of natural 
habitats to agricultural or urban land, is an inevitable consequence 
of developing adequate and sustainable cities, one of the sustainable 
development goals (SDGs) proposed by the United Nations2–4. However, 
the conversion of landscapes has reshaped natural animal populations 
and their community structures5–8. Importantly, such disturbances 
do not affect all species equally but instead favour animals with gen-
eralist lifestyles, small body sizes and short generation times9–11. The 
increased tolerance of generalists to human-mediated disturbance is 

evident in plants12, invertebrates13,14, birds15–19 and mammals20,21. This 
pattern of differential species survival in anthropogenic environments 
has led to biotic homogenization around the world22–28. In addition, 
land conversion is also recognized as one of the major drivers of bio-
diversity loss, with species disappearing one-hundred times faster 
than in the prehuman period29,30. This is in contradiction with another 
SDG, that of halting biodiversity loss31–34. In this work, we demonstrate 
how anthropogenic land-use change impacts public health through its 
effects on zoonotic risks.
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Furthermore, land-use conversion and consolidation have rarely 
been directly linked to natural animal population dynamics and bio-
diversity on a regional scale over periods longer than a decade43. It is 
not clear how land consolidation affects synanthropic species, which 
may benefit from increased connectivity in human-modified habitats. 
In this study, our objective was to fill the knowledge gap by analysing 
a unique long-term dataset (1980–2022) collected from the Hu region 
of Central China. The Hu region has experienced intensive anthropo-
genic land-use change over the past four decades, where the rodent 
community consisted entirely of synanthropic species during the 
study period. Importantly, among those synanthropic rodents, the 
striped field mouse (Apodemus agrarius) is the local host of a zoonotic 
disease—Hantaan virus (HTNV) causing haemorrhagic fever with renal 
syndrome (HFRS)—and its population fluctuations are closely linked 
to HFRS incidence in human populations44,45. As a consequence, the 
Hu dataset is ideal for studying the long-term ecological responses of 

Anthropogenic land-use change is usually associated with both 
loss of natural habitat (that is, habitat loss), as well as the alteration 
in the spatial configuration of habitat patches, also known as habitat 
fragmentation35,36. To reduce habitat fragmentation, China’s policies 
and practices have advocated land consolidation37—the merging of 
many heterogeneous and small land patches into larger homogenous 
units. Over the last 40 years, China has undergone land conversion 
at an unprecedented rate, primarily as a result of urbanization (from 
1978 onwards) and agricultural intensification (from 1986 onwards)38. 
Reducing fragmentation of parcels can improve infrastructure, 
enhance rural sustainable development and benefit ecosystem func-
tioning (for example, soil structure39). However, despite reducing 
fragmentation, land consolidation can lead to notable changes in 
animal population dynamics and also negatively impact biodiversity 
through intensified agricultural practices and net loss of native habitat 
areas40–42.

Box 1

Study area, anthropogenic land consolidation process and 
conceptual framework illustrating the potential consequences of 
land consolidation for public health and zoonosis risks
a, Study area, Hu region, China. b, Land consolidation process 
and potential consequences for public health and zoonosis 
risks. Land consolidation is the process of merging numerous 
heterogeneous small land parcels into larger homogeneous 
units. Spatial homogeneity may affect species competition 
among synanthropic rodents and decrease rodent diversity; such 
changes in the rodent community may, in turn, increase the risk 
of zoonotic diseases. Species competition involves intraspecific 
competition and interspecific competition. Rodent species 
include three numerically dominant rodents such as striped 
field mouse (A. agrarius, AA), Norway rat (R. norvegicus, RN) and 
buff-breasted rat (R. flavipectus, RF); as well as six other species 
such as rat-like hamster (Cricetulus triton), house mouse (Mus 
musculus), black rat (Rattus rattus), Chinese white-bellied rat 

(Niviventer confucianus), harvest mouse (Micromys minutus) and an 
unknown species. Circles indicate the three most abundant rodent 
species: striped field mouse (dark brown), Norway rat (light brown) 
and buff-breasted rat (brown). Grey rodent symbols represent 
six other rodent species. Red dots indicate rodents carrying the 
HTNV. Black arrows illustrate the effect of land consolidation on 
species competition, while blue arrows correspond to interspecific 
competition. CCM is applied to initially explore the possible causal 
relationships between rodent species and the DLNM is used to 
investigate the potential nonlinear association between land 
consolidation and rodent population. On the basis of the analysis 
results, a multispecies population dynamic model is constructed, 
incorporating mean patch size, species competition and the rodent 
population growth rate.
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synanthropic rodents to anthropogenic land-use change on a regional 
scale and understanding how changes in the rodent community con-
tribute to zoonotic hazards.

We propose a conceptual framework of the interactions between 
anthropogenic land consolidation, synanthropic rodent community 
and public health (Box 1). Using this framework and with the aid of the 
Hu dataset, we explore how anthropogenic land consolidation affects 
the synanthropic rodent community and potentially further influences 
public health. We highlight the importance of long-term monitoring 
of wildlife in a human-mediated environment. Our findings suggest 
that anthropogenic disturbance not only affects human well-being 
directly by promoting improved infrastructure but also influences 
wildlife reservoirs of zoonotic pathogens.

Results
Observed dynamics in rodent diversity, community 
composition and HTNV prevalence
To measure the size and diversity of the rodent community, during the 
last four decades, >15,000 rodents of nine species were trapped in the 
Hu region, comprising >300,000 trap nights in total, with a mean cap-
ture rate of 4.88 rodents per 100 trap nights (range 0.33–15.21 per 100 
trap nights). The abundance and composition of the rodent community 
changed strikingly in the Hu region (Fig. 1a). Although the abundances 
of most rodents decreased in the last four decades, the abundance of 
the striped field mouse increased, becoming the most abundant species 
in the community. We calculated species diversity on the basis of the 
effective number46,47 of rodent species during this period (Fig. 1b) and 
found that diversity has decreased by 53% from 2.59 during 1980–1985 
to 1.21 during 2017–2022. This represents a considerable decline in 
rodent diversity, with eight out of nine rodent species becoming nearly 
extinct in the Hu region over the 43 years of the study. These findings 
were quantitatively consistent with other measures of species diversity 
(Supplementary Fig. 1).

Land consolidation is an important consequence of the urbaniza-
tion process in China48. By using high-resolution (30 m) land-use data 
(available from Landsat-MSS (1980) and Landsat-TM/ETM (1990–2022)), 
we detected strong temporal trends of land consolidation in the Hu 
region (Supplementary Fig. 2). This consolidation process contributed 
to a notable change in land-use configuration and reduction in hetero-
geneity. For both agricultural and urban land-use types, the number 
of patches has decreased substantially from 772 patches in 1980 to 
404 in 2022, while the mean patch size has nearly tripled from 10.10 ha 
in 1980 to 28.04 ha in 2022 (Supplementary Fig. 2). Furthermore, we 
found a strong negative correlation between local rodent diversity 
and the mean patch size of anthropogenic habitats (rodent species 
diversity, Spearman’s rank correlation coefficient ρ = −0.72, P < 0.001; 
species richness, ρ = −0.74, P < 0.001; Fig. 1b) and the distance between 
patches (rodent species diversity, ρ = −0.71, P < 0.001; species richness, 
ρ = −0.76, P < 0.001; Supplementary Fig. 3b), as well as a positive cor-
relation between rodent diversity and edge density (rodent species 
diversity, ρ = 0.62, P < 0.001; and species richness, ρ = 0.72, P < 0.001; 
Supplementary Fig. 3c), indicating that rodent biodiversity loss in the 
Hu region was associated with a decrease in regional landscape hetero-
geneity. In particular, land consolidation was a monotonic process in 
the Hu region, while rodent species diversity decreased with population 
variations (Supplementary Figs. 1 and 2). The diagnostic results from 
the multiple regression revealed a high degree of correlation and col-
linearity among mean patch size, the distance between patches and edge 
density (Supplementary Table 1). Therefore, mean patch size was used 
as a proxy for land consolidation for subsequent analyses.

As the striped field mouse is the main reservoir host for HTNV, 
with infected individuals accounting for >95% of all infected rodents 
in the study area, we further investigated the prevalence of HTNV in 
this population over time (Fig. 1c). For striped field mice, we estimated 
the prevalence of HTNV from the accumulated number of 

HTNV-positive individuals and the total number of trapped individuals 
per year. The prevalence of HTNV among striped field mice was posi-
tively correlated with the percentage of striped field mice comprising 
the rodent community (Fig. 1c; ρ = 0.41, P < 0.01). We also examined 
these associations using structural equation modelling (SEM)49 within 
a single model framework. The results are consistent with our findings, 
indicating a direct positive effect of the percentage of striped field 
mice comprising the rodent community on the prevalence of HTNV, 
as well as the positive effect of land consolidation on the striped field 
mice in the rodent community (Supplementary Fig. 4).

Anthropogenic land consolidation and interspecific 
competition shape the rodent community composition
To explore the possible causes of composition changes in the rodent 
community, we investigated the potential interactions between species 
and the impact of land consolidation (change in mean patch size) on 
the population dynamics of three numerically dominant local rodent 
species: striped field mouse, Norway rat (Rattus norvegicus) and 
buff-breasted rat (Rattus flavipectus). These three species represent 
88% of all recorded rodents in the region. Our analysis using conver-
gent cross-mapping (CCM)50 revealed the presence of statistically 
significant interactions among the rodent populations (Fig. 2 and Sup-
plementary Table 2). The results suggest that the striped field mouse 
affects Norway rat (Fig. 2a) and buff-breasted rat (Fig. 2b) populations, 
respectively. However, the Norway rat and the buff-breasted rat do not 
show an effect on the striped field mouse. The buff-breasted rat also 
has an effect on the Norway rat but not vice versa (Fig. 2c). Further 
interaction relationships between the other six species are shown in 
Supplementary Fig. 4.

Next, we fitted the distributed lag nonlinear model (DLNM)51 to 
analyse the potential nonlinear association between rodent population 
dynamics and land consolidation, while also considering the confound-
ers of climate variables, intraspecific and interspecific competition. To 
reduce complexity and uncertainty, these three rodent species were 
modelled separately. Our statistical analysis suggested that climate, 
intraspecific and interspecific competition and land consolidation 
played a crucial role in the rodent population dynamics. Moreover, the 
mean patch size was found to be positively associated with the popula-
tion density of the striped field mouse, negatively associated with the 
Norway rat but not associated with that of the buff-breasted rat (Fig. 3).

Anthropogenic land consolidation affects species 
competition and virus transmission
To further explore the interactive effect of land consolidation and 
species competition in the rodent community, we constructed a dis-
crete nonlinear time-series model based on Lotka–Volterra dynamics52. 
Specifically, we analysed the effects of climate, land consolidation and 
species competition on the rodent community structure in this model 
(Methods). The model allowed us to estimate the effect of land con-
solidation (τ) on intraspecific and interspecific competition intensity 
using time-series data from the three rodent populations (Fig. 4b). 
Higher values of τ  correspond to a stronger intensity of the effect, while 
the sign of τ  indicates a positive or negative effect on species competi-
tion. Our results revealed that land consolidation has lasting and 
time-varying effects on species competition. The cumulative effect is 
positive for the striped field mouse but negative for both the Norway 
rat and buff-breasted rat (Fig. 4d). Furthermore, land consolidation 
intensifies the interspecific competition among rodent species 
(Fig. 4e,g and Supplementary Fig. 6). Thus, our analysis strongly sug-
gests that land consolidation leads to changes in intraspecific and 
interspecific competition; and those changes, at least in part, further 
lead to the observed shifts in species composition of the rodent com-
munity. As such, our models predict that increasing speeds of land 
consolidation will lead to a decline in the rodent population growth 
rate (Supplementary Fig. 7). We also performed sensitivity analyses by 
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Fig. 1 | Observed dynamics of rodent diversity, community composition and 
HTNV prevalence among striped field mice, 1980–2022, the Hu region, 
China. a, Rodent community composition. Rodent population density for each 
species is expressed as capture numbers in 100 trap nights. b, Rodent species 
diversity decreased with mean land patch size. The scatterplot shows the 
association between mean patch size and rodent species diversity (left y axis, 
black dots, effective number of species) and between mean patch size and 
species richness (right y axis, red circles, species richness), assessed with 
Spearman’s rank correlation coefficient (ρ). The correlations are significant 

(P < 0.001, two-sided test). Lines represent fitted linear regression models 
(shading shows 95% confidence intervals of fitted values). The mean patch size 
for each year was interpolated from the observed values using generalized 
additive models (Supplementary Fig. 2). c, HTNV prevalence among striped field 
mice increases with the percentage of striped field mice comprising the rodent 
community. The correlation between them was evaluated with Spearman’s rank 
correlation coefficient (ρ) and found to be significant (P = 0.0061, two-sided 
test). Error bars represent 95% credible intervals.
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rodent species was assessed with the CCM skill, of which the value ranges from 0 
to 1. Solid lines represent the mean of cross-mapping skill of each library size. 
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replacing the mean patch size with either the agriculture patch area or 
the urban patch area, modifying climatic variables and subsequently 
changing the speed of land consolidation. Additionally, as antirodent 
campaigns primarily target striped field mice that carry the HTNV in 
the Hu region, we conducted sensitivity analyses by increasing the 
population density of the striped field mouse by 20% and 50% (ref. 53). 
The effect of land consolidation on species competition remained the 
same (Supplementary Figs. 8–14).

As striped field mouse is the main reservoir of HTNV in the Hu 
region, with infected individuals accounting for >95% of all infected 
rodents, we next investigated whether anthropogenic land consoli-
dation influences HTNV transmission among rodents based on a 
single-species epidemic model54,55. This model, which incorporates 

temperature and rainfall as potential climatic factors and land con-
solidation as a driver of human activity, captures well the key features 
of the observed HTNV transmission dynamics (Fig. 5a and Methods). 
The results indicated that the impact of land consolidation on virus 
transmission changes from negative to positive over time (Fig. 5b). We 
inferred that increasing the patch size may reduce contacts between 
striped field mice in the initial months. As the striped field mouse exhib-
its strong survival abilities and becomes numerically dominant species 
with increased patch size, it amplifies the risk of HTNV transmission 
within the host reservoir.

Last, given the considerable irregular species replacement 
observed over the past decades, we estimated global and local Lyapu-
nov exponents56,57 to assess the potential presence of chaos in rodent 
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(b) and buff-breasted rat (RF) (c). Rodent population density for each species 

is expressed as capture numbers per 100 trap nights. d, The effect of land 
consolidation on intraspecific competition. AA → AA is the effect of species AA on 
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community dynamics. A positive Lyapunov exponent represents the 
divergence of nearby trajectories, which is widely regarded as an indica-
tor of chaos. The global Lyapunov exponent is related to the average 
rate of trajectory divergence or convergence over the entire dynami-
cal system, whereas local Lyapunov exponents measure the rate of 
trajectory divergence or convergence over a short period of time. Our 
analysis yielded a positive global Lyapunov exponent of 4.39 and posi-
tive local Lyapunov exponents ranging from 2.0 to 14.6 for the entire 
rodent community (Supplementary Fig. 15), highlighting the intrica-
cies inherent in this system. However, specifically for the striped field 
mouse, a negative global Lyapunov exponent of −0.65 was observed 
and local Lyapunov exponents alternated between positive and nega-
tive values in the first 30 years, consistently converging to negative 
values within the subsequent 10 years. These findings suggested that 
the main host reservoir of HTNV experienced localized oscillations 
before eventually stabilizing to a robust steady state, influenced by 
the land consolidation process.

Discussion
Our long-term, regional study reveals that anthropogenic land 
consolidation has been an ecologically disruptive process for local 
rodent communities in the Hu region of China, causing irregular 
species fluctuations by suppressing intraspecific and intensifying 
interspecific competition over the past four decades. Detecting 
chaos in time series of rodent population dynamics implies that 
there is no stable state in the overall dynamical system, which limits 
the predictability of zoonotic host abundances56. Despite the fact 
that synanthropic rodents act as virus reservoirs or transmitters in 
disease transmission58, little is known about their long-term popula-
tion trends. Previous studies have shown that land-use and cultiva-
tion activities have little impact on the population growth rate or 
population dynamics of rodents59,60. Other studies have shown large 
differences in rodent population densities across large spatial scales 
but have been unable to link local densities to environmental drivers61. 
Furthermore, anthropogenic chemical interventions to reduce rodent 
population abundances62, while occasionally successful, often fail to 
achieve sustainable control.

Our findings also suggest that anthropogenic activities affect 
rodents not only directly (for example by affecting the rodent popula-
tion growth rate) but also indirectly via interspecific competition. Inter-
specific competition is often difficult to measure and consequently has 
been largely neglected. Additionally, the indirect influence on rodents 
resulting from anthropogenic activities may only be detectable over 
long temporal scales, such as decades63. Here, we demonstrate that 
long-term monitoring of these rodent populations provides insights 
into the drivers of changes in the composition of synanthropic rodent 

communities, which have key implications for mitigating the impacts 
of rodent populations on potential disease outbreak risks.

The dramatic decline in rodent biodiversity over the past four dec-
ades (that is, a notable shift in the rodent community composition) is 
associated with anthropogenic land-use change. In particular, the striped 
field mouse has benefited from land consolidation and has become the 
numerically dominant species at the community level. Our computa-
tional analysis indicates that the observed land-use change probably 
reflects the strong adaptability of the striped field mouse to changes in 
land use, which appears to exceed that of other rodent species. Striped 
field mice can flexibly adjust their behavioural response to both urban 
and rural environments64 and exhibit demographic flexibility65. Conse-
quently, they can tolerate human-modified landscapes and outcompete 
other rodent species, including invasive Norway rat. Similar patterns 
have been observed for other animal communities in human-managed 
ecosystems, such as bird and gecko communities66,67. However, as our 
inference is based on statistical analysis of time-series data, further 
experiments will be necessary to examine and validate these findings.

An alternative explanation is that the anthropogenic land-use 
change affects the three most abundant rodent species differently 
and consequently alters the structure of interspecific competition 
among them. For example, Norway rats live on agricultural and urban 
land-use types, while striped field mice prefer mainly agricultural 
land. As overall sanitation and infrastructure in the urban area of the 
Hu region has improved considerably, Norway rats were more severely 
impacted than striped field mice. Furthermore, our observations of 
the rodent community composition are particularly striking, since 
the rodent community over the study period consisted exclusively of 
synanthropic species, for which life histories are fast-paced and have 
a relatively higher tolerance towards human activities.

The striped field mouse, the main benefactor of the land con-
solidation process, is also the main host reservoir for HTNV. HTNV is 
an important zoonotic pathogen that causes HFRS, where China has 
the highest global incidence44,45. Previous studies have suggested an 
association between biodiversity and rodent-borne diseases, where a 
higher virus prevalence is generally observed in areas with lower rodent 
biodiversity68,69. Our observation that the prevalence of HTNV among 
striped field mice increased with lower rodent diversity is therefore 
consistent with these studies. Other studies have shown that changes 
in landscape structure can foster transmission risk by increasing HTNV 
reservoir species abundance70,71. Nevertheless, our findings indicate a 
growing zoonotic risk stemming from anthropogenic land-use change 
within the rodent community. To the best of our knowledge, such a 
mechanism has rarely been reported.

Our study highlights the critical need to understand a broader 
context of the ecological responses associated with land-use change. 
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Fig. 5 | Results of the nonlinear transmission model of HTNV among striped 
field mice. a, Temporal dynamics of observed (blue line) and simulated HTNV 
prevalence (red line). HTNV prevalence represents the trend of HTNV carried 
proportion in the striped field mouse. b, The effect of land consolidation on 

HTNV transmission (black line), that is logβpatch. The ten curves in grey are a 
subset of the global confidence set for logβpatch created by bootstrapping. Red 
line represents the baseline level of the effect of land consolidation on HTNV 
transmission.
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Despite having access to unique long-term field data on rodent com-
munity composition, gaps remain in our understanding of rodent 
population ecology. Specifically, the marked decline and subse-
quent resurgence of rodent population abundance, coupled with 
the observed numerical dominance of the Norway rat over striped 
field mice in the early 2000s, remain unexplained by existing models, 
highlighting potential unaccounted drivers of synanthropic rodent 
population dynamics. Furthermore, limitations of the data prevent us 
from introducing replication tests to strengthen the results, such as the 
lack of data on rodents captured for each trapping site. Understand-
ing the cause of these variations in rodent populations is essential to 
control and prevent future disease risk, which probably requires more 
intensive monitoring of local rodent communities.

We find that anthropogenic land consolidation, measured as an 
increase in patch size, influences species competition in synanthropic 
rodent communities. More broadly, our study sheds light on the com-
plex interplay between human-mediated land-use change and rodent 
ecology. Moreover, other metrics of land consolidation, such as edge 
density and the distance between patches, may influence species dis-
persal and require further investigation. Other concurrent human 
activities along with the landscape–ecological consolidation process, 
such as agricultural mechanization, pest control and crop produc-
tion, may also shape species-specific survival and reproduction. Thus, 
additional tests of these hypotheses on a fine scale will be necessary 
to forecast rodent responses to anthropogenic disturbance. Crucially, 
our study highlights the importance of systematic and long-term 
surveillance of various animal communities, especially in regions 
experiencing ongoing and substantial anthropogenic disturbances.

Methods
Study area and HFRS rodent host survey
Our study area, the Hu region (108.6° E, 34.1° N) in Shanxi province, 
Central China, is a predominantly agricultural county. The southern 
half of the county is an uninhabited mountain (Qinling), which is not 
included in this work. We focus on the northern part (Supplementary 
Fig. 2a), a plain with a total population of 597,100 in 2010, where 80% of 
the population is agricultural and 75% of the area is under agricultural 
use72. The Hu region was determined to be a national observation loca-
tion for HFRS in around 1980 and since then monthly surveillance of 
local rodent abundance and human HFRS cases have been conducted 
regularly. Rodent trapping was carried out for three consecutive nights 
each month at each of the nine trapping sites located on agricultural 
land near residential areas. At each site, we deployed 100 traps (four 
parallel trap lines with 25 traps per line and 5 m spacing between traps). 
A total of 308,476 trap nights were conducted from 1980 to 2022, with a 
minimum of 300 trap nights per month. All trapped rodents were iden-
tified to species and the recorded species include striped field mouse, 
Norway rat, buff-breasted rat, rat-like hamster, house mouse, black 
rat, Chinese white-bellied rat, harvest mouse and unknown species.

To measure the diversity of rodent species, we calculated the 
Shannon–Wiener diversity index47 and the effective number of species, 
a modified Shannon–Wiener diversity index, which is defined by the 
following formula46:

effective number = exp (−
n

∑
i=1

pi log(pi)) (1)

where n is the number of species and pi is the proportion of species i.

Land-use data
To monitor land-use changes in the Hu region, we acquired land-use 
classification product from 1980 to 2022, every 5 years, except 1985, 
from the Data Center for Resources and Environmental Sciences, 
Chinese Academy of Sciences (http://www.resdc.cn). Raw data were 
obtained from Landsat-MSS (1980) and Landsat-TM/ETM (1990–2022) 

at a 30 m resolution. For the northern Hu region, we extracted the 
primary (level 1) land-use types (five in total), which includes forest, 
agricultural land, water, urban and unused areas. Since the rodents 
investigated in this study live mainly in agricultural and urban areas, 
land consolidation refers to agricultural and urban lands. It should be 
noted that the other three types of land use (water, forest and unused) 
have remained mostly unchanged over the last four decades and are 
not included in the study region (Box 1).

Anthropogenic land consolidation
Land consolidation is an important step in urbanization, arising in asso-
ciation with social and economic development, including agricultural 
yield, human housing and taxation and infrastructure73. It is generally 
regarded as the reallocation and rearrangement of parcels, resulting 
in a larger patch size and less fragmentation for some land uses74. To 
trace the land consolidation process in the Hu region, we calculated 
the area of each patch for each land-use type using Fragstats 4.7 soft-
ware. On the basis of standard area calculation algorithms, Fragstats 
4.7 calculates the area of each patch by counting the number of pixels 
within the independent polygon shape of each patch and converting it 
into the desired area unit. For each land-use type, annual land-use data 
were interpolated using the generalized additive model, with a devi-
ance explanation of models >90%. Regarding the average area available 
for rodent populations inhabiting urban and agricultural landscapes, 
we calculated the mean patch size of urban and agricultural land area, 
respectively, as the two types of habitat patch size (A). For each year, 
the mean patch size is calculated as follows:

A =
∑nurb

i=1 Aurb,i +∑nagr
i=1 Aagr,i

nurb + nagr
(2)

where n represents the patch number and Ai represents the area for 
patch i. The subscripts represent the land-use type (urb denotes urban 
and agr agricultural land).

Edge density is defined as the length of edges between heterogene-
ous landscape elements per unit area within a landscape. We calculated 
the edge length of each patch using ArcMap 10.7 software and aggre-
gated these lengths to obtain the total edge length. A buffer radius of 
0.5 km was established around each patch to determine the area of 
the buffer zones and the total patch area was calculated as the sum of 
all these buffer zones. Edge density was then computed as the ratio of 
total edge length to total patch area. The distance between patches was 
quantified as the average nearest-neighbour distance between patches. 
For each patch, we identified its nearest neighbouring patch, calculated 
the distances to these nearest neighbours and then computed the 
average of these distances to represent the distance between patches.

Climate data
The monthly average temperature and rainfall data were obtained from 
the Hu County meteorological station from 1980 to 2020 and world 
weather online from 2021 to 2022 (https://www.worldweatheronline.
com/huxian-weather-averages/shaanxi/cn.aspx).

Multiple linear regression
To identify factors influencing response variable such as HTNV trans-
mission, we used multiple linear regression to estimate the association 
between variables. The multiple regression model is given by:

Yt = α + β1patchsizet + β2AAdensityt−1 + β3temperaturet
+β4rainfallt + ϵ

(3)

where Yt is the prevalence of HTNV on month t. Parameter α is the 
intercept of the regression model and β1, β2, β3 and β4 represent the 
coefficients of variables. Parameters temperaturet, rainfallt and patch-
sizet represent temperature, rainfall and mean patch size on month t, 
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respectively. AAdensityt − 1 is the AA density on month t − 1. Parameter 
ϵ is the random error. To further consider the effect of edge density 
and the distance between patches on HTNV transmission, we also 
incorporated these two variables into the regression model.

Structural equation model
To further examine the relationship between land consolidation, 
climate factors, species diversity and disease transmission within a 
single model framework, we used SEM49 as an integrated approach 
to estimate the structural correlation between variables. SEM was 
performed using the R package lavaan75 with maximum likelihood 
estimation procedures.

Interactions between rodent species
To preliminarily explore potential relationships in the rodent commu-
nity, we applied the CCM method50 to the time series of the population 
abundance of three numerically dominant rodent species (Fig. 2a). CCM 
is a statistical method based on space state reconstruction, represent-
ing the statistical link between the value of variable X reconstructed by 
the other variable Y (using the nearest-neighbour forecasting method) 
and the observed value X as cross-map skill. It can be used to detect 
weak interactions in nonlinear systems, such as ecosystems, where 
interactions among species are often weak to moderate50. In particu-
lar, the CCM can distinguish the interactions between species and the 
effect caused by other shared driving factors50, making it an ideal tool 
for our case. The critical criterion for estimating causal interactions 
between two variables using CCM is to ensure that the cross-mapping 
skill monotonically increases and converges with the length of time 
series used in cross-mapping. Here, CCM was adopted to assess the 
causal strength between time series of population abundance of three 
numerically dominant rodent species, measuring the degree to which 
changes in the abundance of each rodent species are attributable to 
changes in the abundance of the other species. For each pair of species, 
we computed cross-map skills to show the strength of interactions. 
We also provided a null expectation by running the causality test on 
the surrogate time series using the method of ‘seasonal’ (Supplemen-
tary Table 2). The analyses were performed using the rEDM package 
(v.1.14.3) of R (v.4.3.1)76,77. In the analysis, the embedding dimension (E) 
was set according to the results of the simplex projection.

The effect of anthropogenic land consolidation on rodent 
population density
Among all rodents recorded in our study, striped field mice, Norway 
rats and buff-breasted rats together account for 88% of the total num-
ber of rodents. Consequently, instead of including all rodent species 
in our analysis, we focus on these three numerically dominant rodent 
species. To explore the potential nonlinear association between land 
consolidation and population dynamics of the three numerically domi-
nant rodent species, we applied the DLNM51. The DLNM framework is 
based on the definition of the cross-basis function, which can combine 
the lag–response function and exposure–response function to describe 
the nonlinearity and lag correlation simultaneously. Specifically, the 
lag–response functions for each covariate are constructed using the 
natural cubic splines with 4 degrees of freedom and the maximum lag 
was specified up to 24 for all variables, except for mean patch size, and 
the maximum lag was set as 48 for mean patch size. Therefore, we can 
fit the nonlinear lag–response relationship between rodent population 
dynamics and land consolidation over the cumulative lag of 48 months. 
Time-series analysis was performed with the R packages dlnm, mgcv 
and splines. The regression model is given by:

Yt = α + β1cb.AAdensityt + β2cb.RNdensityt + β3cb.RFdensityt
+β4cb.temperaturet + β5cb.rainfallt
+β6cb.patchsizet +month,

(4)

where the error term follows the Gaussian distribution. Yt is the monthly 
population density for AA, RN and RF on month t. Parameter α is the 
intercept of the regression model and β1, β2, β3, β4, β5 and β6 are the 
coefficients of covariates. cb.AAdensityt , cb.RNdensityt , cb.RFdensityt , 
cb.temperaturet, cb.rainfallt  and cb.patchsizet  represent the cross-basis 
functions for the AA density, RN density, RF density, temperature, 
rainfall and mean patch size on month t, respectively. The remaining 
variables are seasonal control variables.

Three-species population dynamic model
Although CCM was used to preliminarily explore causal relationships 
among the three numerically dominant rodent species, it cannot 
directly identify the positive or negative nature of a relationship, 
nor can it determine the strength of the interactions. To further 
investigate the interactive effects of species competition within the 
rodent community and how these effects are influenced by mean 
patch size, we constructed a multispecies population dynamics 
model (based on Lotka–Volterra equations52), considering intrinsic 
growth rate of rodent population and species competition among 
them (Fig. 4). Competition among rodent species manifests as the 
occupation of resources. We focus on population densities of striped 
field mice, Norway rat and buff-breasted rats, which together com-
prise 88% of the total number of rodents in our study. The population 
abundance was represented by the number of rodents caught per 
100 trap nights.

Ṅi,t+1 = Ni,t (ri,t −∑
j=1F j,tN j,t) (5)

where Ni,t (with i = AA, RN, RF) represents the abundance of species 
i at time t. Parameter ri,t is the intrinsic growth rate of population i, 
respectively. Fj,t represents the intraspecific or interspecific competi-
tion effect of species j on species i at time t.

Previous researchers have reported several relationships between 
patch size and population abundance, including positive78, negative 
and none79,80. Different species have different habitat preferences 
between patches of different sizes. This preference would lead to more 
resource occupation, thus forming a competitive advantage among 
the community. However, to our knowledge, there is no evidence on 
the preference for patch size of rodents living in the Hu region. There-
fore, we formulate a simple model for species competition, equation 
(5), assuming that the competition coefficient is linearly related to the 
patch size preference. At is the mean patch size of the habitat at time t. 
τj and εj are the scale factor and the intercept, respectively, to quantify 
the effect of the patch size change on the resource occupation of spe-
cies j. Here, the sign of τ  shows the direction of the effect, that is to 
intensify or weaken the species competition effect; and the magnitude 
of τ  shows the strength of the effect.

F j,t = τjAt + εj (6)

We consider that the intrinsic growth rate (ri,t) of population i over 
time contains both long-term trends and seasonal fluctuations com-
ponent in our model, that is ri,t = ri,lt + ri,seas, where ri,seas contains envi-
ronment influence components from temperature and rainfall, that is 
ri,rainΔiRain and ri,tempΔiTemp. Parameters ri,rain and ri,temp are composed 
of n = 12 distinct values, one for every month. Δ is a vector of dummy 
variables with a length of n − 1. Specifically, the intrinsic growth rate of 
population i is given by:

ri,t = ri,lt +
n−1
∑
j=1

(ri,rain)jΔj,tRaint−2 +
n−1
∑
j=1

(ri,temp)jΔj,tTempt−2 (7)

Substituting equations (6) and (7) into equation (5), the 
equation can be written as:
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Ṅi,t

Ni,t
= (logNi,t)

′ = ri,lt +
n−1
∑
j=1

(ri,rain)jΔj,tRaint−2 +
n−1
∑
j=1

(ri,temp)jΔj,tTempt−2

−
3
∑
i=1

m

∑
k=0

(τi,kAt−k + εi,k)Ni,t−k

(8)

Assume that Δt  is 1 month, then (logNi,t)
′ = d(logNi,t)

dt
=  logNi,t−

logNi,t−1. Furthermore, equation (7) can be written as a semiparametric 
additive model45,46:

logNi,t − logNi,t−1 = ri,lt +
n−1
∑
j=1

(ri,rain)jΔj,tRaint−2

+
n−1
∑
j=1

(ri,temp)jΔj,tTempt−2

−
3
∑
i=1

m

∑
k=0

(τi,kAt−k + εi,k)Ni,t−k

(9)

Using a backfitting algorithm, the parametric part of the model 
is first fitted through weighted least-squares regressions. The backfit-
ting algorithm is applied to provide a progressive improvement in 
our estimate of the interspecific competitive in the population 
through the adjustment of parameter τ . The nonparametric part of 
the model—this is the long-term intrinsic growth rate of the rodent 
population—is then obtained by smoothing the residuals of the regres-
sion step. The smoothing bandwidth h = 1 and the spline penalty 
weight μ = −5 in AA, RN and RF fitting model. The specific fitting 
process is as follows:

Letting the row vector Xt = [ΔtRaint−2,ΔtTempt−2,NAA,t, NRN,t,, 
NRF, t,U,V,W] where Δt = (Δ1,t,Δ2,t,⋯Δn−1,t) and (U,V,W) = − (PatchtNAA,t,
PatchtNRN,t,PatchtNRF,t), the parametric part of equation (8) can be solved 
as:

θ̂ = (XT (I −W )X)−1XT(I −W )Y (10)

where X is a matrix with rows Xt, Y is a column vector with row values 
log (Yt+1) − log (Yt), I is the identity matrix of size t × t. As in the original 
method55, we use a truncated Gaussian kernel with a specified smooth-
ing bandwidth h in the construction of the weight matrix W. The result-
ing regression coefficients are θ̂ = [rrain, rtemp, ε, τ]

T
, where rrain = 

(rrain,1, rrain,2,⋯ , rrain,n−1), rtemp = (rtemp,1, rtemp,2,⋯ , rtemp,n−1), ε = (ε1,0, ε1,1,⋯ , 
ε1,m, ε2,0, ε2,1,⋯ , ε2,m, ε3,0, ε3,1, ⋯ , ε3,m)  and τ = (τ1,0, τ1,1,⋯ , τ1,m, τ2,0, τ2,1, ⋅
⋅⋅, τ2,m, τ3,0, τ3,1,⋯ , τ3,m) . The τ  values are then fitted with a penalized 
cubic regression spline (with ten knots and a penalty weight μ) that is 
constrained to be monotonically decreasing and positive.

The initial estimated term is then calculated as:

Ŷt = Yt − (U,V,W)T ̂τ (11)

where ̂τ  is the spline-fitted coefficient. Now, we use a backfitting algo-
rithm to obtain better parameter estimates for ̂τ. Equation (9) becomes:

Ŷt = ri,lt +
n−1
∑
j=1

(ri,rain)jΔj,tRaint−2 +
n−1
∑
j=1

(ri,temp)jΔj,tTempt−2

−
3
∑
i=1

m

∑
k=0

εi,kNi,t−k

(12)

Equation (12) is then through a weighted least-squares regression, 
similar to equation (9). Redefining the row vectors Xt = [ΔtRaint−2, and 
Yt = ̂Yt, we get θ̂ = (XT (I −W )X)−1XT (I −W )Y = [rrain, rtemp, ε]

T
. The residu-

als of this fit are ρ = Y − Xθ̂ . Let Z = (U,V,W ) , we can progressively 
improve the estimates of ̂τ. For the estimate of ̂τ, we have

ψ = (ZT (I −W )Z)−1ZT(I −W )ρ (13)

where ψ = (ψ0,ψ1,⋯ ,ψm)
T . The improved estimate τ′ can be written as:

τ′ i = ̂τi + ψi for i = 0, 1,⋯ ,m. (14)

These τ′ values are fitted with a constrained penalized regression 
spline as above, yielding the new estimate, ̂τ′. The next iteration begins 
with replacing ̂τ  with ̂τ′. By repeating backfitting algorithm, the ̂τ  value 
can be improved.

The second step of the semiparameter method is to obtain the 
ri,t values from the resulting residuals by smoothing them with the W 
matrix:

rlt = W(Y − Xθ̂) (15)

where X is a matrix with rows Xt = [ΔtRaint−2,ΔtTempt−2,NAA,t,NRN,t,NRF,t], 

Yt = log (Yt+1) − log (Yt) − (U,V,W )T ̂τ, θ̂ = [rrain, rtemp, ε]
T

.

Transmission equation for HTNV prevalence
To investigate the effect of anthropogenic land consolidation on 
the dynamics of zoonotic HTNV, a discrete nonlinear transmission 
equation was constructed on the basis of a single-species epidemic 
model, as the striped field mouse is the main reservoir host for HTNV, 
with infected individuals accounting for >95% of all infected rodents in 
the study area. This model incorporates temperature, rainfall and land 
consolidation as drivers. The form of transmission equation is as follows:

It+1 = βtI
α
t S

γ
t εt, (16)

where I is the proportion of the striped field mouse that carries HTNV. 
S is the proportion of susceptible population. βt  is pathogen transmis-
sibility over time. εt is the multiplicative noise. We consider that patho-
gen transmissibility βt  is the product of three separate components: a 
long-term one, βlt, a seasonal one, βseas, and a patch-affected one, βpatch. 
Equation (16) becomes:

It+1 = βltβseasβpatchI
α

t
(1 − It)

γεt (17)

where βseas contains environment influence components from tem-
perature and rainfall, that is βrainΔRain and βtempΔTemp. βrain and βtemp 
are composed of n = 12 distinct values, one for every month. Δ is a vector 
of dummy variables with a length of n − 1. The exponents α  and γ are 
mixing parameters included to allow for nonlinearities in contact rates. 
To fit the model, we log-transform equation (17), which becomes:

log It+1 = log (βlt) +
n−1
∑
j=1

log (βRain)jΔj,tRaint−2

+
n−1
∑
j=1

log (βTemp)jΔj,tTempt−2

+
m

∑
j=0

log (βpatch)jAt−j

+α log (It) + γ[log (1 − It)] + log(εt)

(18)

The fitting method is similar to equation (9)55. Using the backfitting 
algorithm, the parametric part of the equation (18) is first fitted through 
weighted least-squares regressions. Letting the row vector 
Xt = [ΔtRaint−2,ΔtTempt−2,A, log It, log (1 − It)] , where Δt = (Δ1,t,Δ2,t,⋯
Δn−1,t), A = (At,At−1,⋯ ,At−m)  and It  is virus carried rate at time t. The 
parametric part of equation (18) can be solved as:

θ̂ = (XT (U −W )X)−1XT(U −W )Y (19)

where X is a matrix with rows Xt, Y is a column vector with row values 
log It+1 , and U is the identity matrix of size t × t. As in the original 
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method55, we use a truncated Gaussian kernel with a specified smooth-
ing bandwidth h in the construction of the weight matrix W. The  
resulting regression coefficients are θ̂ = [logβrain, logβtemp,  
logβpatch,α, γ]

T
, where logβrain = (logβrain,1, logβrain,2,⋯ , logβrain,n−1) , 

logβtemp = (logβtemp,1, logβtemp,2,⋯ , logβtemp,n−1)  a n d  logβpatch =
(logβpatch,0,  logβpatch,1,⋯ , logβpatch,m) . The logβpatch  values are then  
fitted with a cubic regression spline. The initial estimated term is  
calculated as:

Ŷt = Yt − log β̂patchA (20)

where log β̂patch is the spline-fitted coefficient. Now, using the backfit-
ting algorithm to get better parameter estimates for log β̂patch .  
Equation (18) becomes:

Ŷt = log (βlt) +
n−1
∑
j=1

log (βRain)jΔ j,tRaint−2 +
n−1
∑
j=1

log (βTemp)jΔ j,t

Tempt−2 + α log (It) + γ [log (1 − It)]

(21)

Equation (21) is then calculated through a weighted least-squares 
regression, similar to equation (18). Redefining the row vectors 
Xt = [ΔtRaint−2,ΔtTempt−2, log It, log (1 − It)]  and Yt = Ŷt , we get θ̂ = (XT

(U −W )X)−1 XT (U −W )Y = [logβrain, logβtemp,α, γ]
T

. The residuals of this 
fit are ρ = Y − Xθ̂ . We can progressively improve the estimates of 
log β̂patch. For the estimate of log β̂patch, we have

ψ = (AT (U −W )A)−1AT(U −W )ρ (22)

where ψ = (ψ0,ψ1,⋯ ,ψm)
T . The improved estimate logβ′patch  can be 

written as:

logβ′patch,i = log β̂patch,i + ψi for i = 0, 1,⋯ ,m (23)

These logβ′patch values are fitted with a cubic regression spline as 
above, yielding the new estimate, log β̂′patch. The next iteration begins 
with replacing log β̂patch with log β̂′patch. By repeating backfitting algo-
rithm, the log β̂patch value can be improved.

The second step of the semiparameter method is to obtain the βlt  
values from the resulting residuals by smoothing them with the  
W matrix:

βlt = W(Y − Xθ̂) (24)

where X is a matrix with rows Xt = [ΔtRaint−2,ΔtTempt−2, log It, log (1 − It)], 

Yt = log It+1 − log β̂patchA, θ̂ = [logβrain, logβtemp,α, γ]
T

.

Global and local Lyapunov exponents
Lyapunov exponents (LE) are used to measure trajectory divergence 
(or convergence) of the deterministic skeleton of the model56,57. It is 
calculated as the limit of the logarithm of the product of the Jacobian 
matrix of the model fitted along the observed time-series trajectory:

LE = 1
NΔt log || JN JN−1⋯ J1u0|| (25)

where N is the number of data points in the time series, || || is the  
Euclidean vector norm and u0 is a unit vector. The Jacobian matrices 
include partial derivatives with respect to the intrinsic variables NAA, 
NRN and NRF.

The local Lyapunov exponent was also calculated from equation 
(25). Whereas the global Lyapunov exponent measures the average 
trajectory divergence over the entire attractor of the dynamical sys-
tem, local Lyapunov exponent measures local trajectory divergence 
over short stretch of the time series. In our case, the local Lyapunov 
exponent calculated the local trajectory divergence over 6 months, 

which corresponded to six consecutive data points (N = 6) at time 
intervals of Δt = 1 month.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All data are available in the main text or the Supplementary Informa-
tion. Raw data are not publicly available and are protected due to con-
fidentiality agreements, which were used under license for the current 
study but are available upon reasonable request to the corresponding 
author and with permission from the data provider (H.T.). The request 
will be responded to within 2 weeks.

Code availability
Code files are available via GitHub at https://github.com/huaiyutian/
Hantaan-virus.
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