
Page 1/22

Landscape features drive insectivorous bat activity
in Indian rice �elds
Iqbal Singh Bhalla  (  iqbalbhalla@gmail.com )

University of Oxford
Orly Razgour 

University of Exeter
François Rigal 

CNRS - Université de Pau et des Pays de l’Adour - E2S UPPA
Robert J. Whittaker 

University of Oxford

Research Article

Keywords: Bat acoustics, Landscape drivers of activity, Scale-dependent responses, Agricultural
landscape

Posted Date: April 18th, 2022

DOI: https://doi.org/10.21203/rs.3.rs-1553569/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-1553569/v1
mailto:iqbalbhalla@gmail.com
https://doi.org/10.21203/rs.3.rs-1553569/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/22

Abstract
Context

The conversion of natural land for agriculture is a crippling threat to biodiversity. The effect of this
conversion can be minimised by understanding the habitat requirements of local species and
incorporating them into agricultural landscapes. Insectivorous bats, which have been shown to control a
number of agricultural insect pests, exhibit species-speci�c responses to the surrounding landscape, tied
closely to their morphology and foraging mode. The activity and distribution patterns of bats are
therefore in�uenced by the landscape characteristics.

Objectives

This study aimed to determine which features in the landscape surrounding rice �elds in�uence the
activity levels of insectivorous bats, and at what scales they were most in�uential.

Methods

We collected acoustic recordings to determine activity levels of seven bat sonotypes in rice �elds
surrounded by a variety of landcover types in the Nagaon district of Assam, India. Using this, we
determined the most important set of features in the surrounding landscape, and the scales at which they
were most predictive, for each sonotype.

Results

Our results suggest that variables related to tree cover are the most important predictors of bat activity in
rice �elds. Distance to nearest forest, area of forest within 1km, distance to nearest forest edge, and
landscape heterogeneity in�uenced all �ve of the analysed bat sonotypes. Also important were the
amount of urban land within 1km, which exerted a negative effect on the activity of one sonotype, and
moonlight activity, which negatively in�uenced the activity levels of one sonotype.

Conclusion

Our results demonstrate that when in rice �elds, bat activity is most in�uenced by presence and proximity
of trees. Increasing tree cover in agricultural landscapes will increase bat activity and likely the level of
pest control.

Introduction
Bats, of the order Chiroptera, are the second most diverse mammalian order on the planet, bringing with
their diversity substantial ecological and �nancial value through their potential use as bioindicators
(Jones et al. 2009; Russo et al. 2021), providers of fertilizer, and ecosystem services such as pest control,
seed dispersal, and pollination (Kunz et al. 2011). Of the known > 1400 species of bats (Simmons and
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Cirranello 2021), nearly two-thirds are insectivores, which thrive in a range of habitats – from deserts
(Razgour et al. 2018) – to wetlands (Mas et al. 2021). In adapting to these environments, bats have
evolved highly specialized acoustic and morphological characteristics that enable them to navigate
different niches and hunt prey in a wide variety of conditions (Denzinger et al. 2016; Jones et al. 2016).
These same specializations, however, also de�ne the limits of their existence. As a result, bats adapted to
a particular habitat cannot easily forage in another.

Interest in insectivorous bats in agricultural landscapes has risen dramatically in the last two decades,
driven in part by the growing evidence of their value as pest suppression agents to crops such as rice
(Puig-Montserrat et al. 2015), cotton (Cohen et al. 2020), cacao (Cassano et al. 2016), and corn (Maine
and Boyles 2015). Their success as natural pest suppressors comes from a broad diet (Tournayre et al.
2021; Maslo et al. 2022), large energetic demands associated with �ight, and, importantly, �exibility in
foraging habitats. Insectivorous bats quickly switch to the most productive foraging habitat available.
When an agricultural plot is fallow between seasons, bats can move to more productive regions
elsewhere, to return when there are pest outbreaks (McCracken et al. 2012; Puig-Montserrat et al. 2015).
This has led to the suggestion that bats might be uniquely suited to tackle the changing ranges of pests
under climate change (Blažek et al. 2021).

A number of characteristics determine the suitability of a landscape to insectivorous bats. Chief among
these is the composition of the wider landscape surrounding the crop �elds. Studies of bats in
agricultural landscapes consistently �nd that heterogeneous landscapes support a more species rich and
diverse bat community than homogenous ones (Frey-Ehrenbold et al. 2013; Monck-Whipp et al. 2018;
Rodríguez-San Pedro et al. 2019) and that higher levels of natural and semi-natural landcover within
agricultural landscapes promotes bat activity (Kelly et al. 2016; Kahnonitch et al. 2018).

Linear elements such as hedgerows and lines of trees constitute a key type of natural landcover for
echolocating bats. These are used both as landmarks for navigation, and for protection against avian
predators and wind (Downs and Racey 2006). Even a single row of trees can be used for commuting and,
if the trees are of the right structural form, for roosting (Fischer et al. 2010; Kalda et al. 2015). Increasing
the width of the linear features is usually accompanied by larger insect communities, leading to higher
bat activity (Russ et al. 2003). As a result, linear features around agricultural �elds host bats in greater
numbers and diversity than the �eld interiors do (Kelm et al. 2014; Finch et al. 2020). With many types of
agriculture providing less-than-hospitable matrices between forest patches, the presence of suitable linear
elements reaching into agricultural �elds increases the permeability of such agricultural landscapes
(Finch et al. 2020).

The edges between forest and non-forest habitats also provide productive feeding grounds for bats that
offer (comparative) safety from predators. The relative safety and higher foraging success for the
generally rich guild of edge-space foragers (Denzinger et al. 2016), results in signi�cantly higher bat
activity at edges or in close proximity to linear features compared to open and cluttered habitats (Jantzen
and Fenton 2013; Finch et al. 2020).
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Compounding the requirements for foraging habitats are the requirements for roosting and water. While
many bats are capable of commuting long distances to forage, such movements are often along edges.
Many bats will avoid open spaces, which bring higher risks of predation, colder temperatures, and faster
winds (Downs and Racey 2006). Landscape elements providing bats with access to water bodies support
greater bat activity (Heim et al. 2018).

The carrying capacity of a landscape is therefore not solely determined by its composition, but also by
the con�guration of the elements within it, which shape a bat’s access to food, roosts, and water (Heim et
al. 2015). Landscape complementation – whereby close proximity of different landscape elements, and
their resulting ease of access, increase the abundance of a species – is particularly evident in bats due to
the often contrasting requirements of roosting (in mature trees) and foraging (in more open spaces). A
study in Canada found that when the area of different landcover is kept constant, increased
fragmentation led to increased bat activity (Ethier and Fahrig 2011).

Across the world, the intensi�cation and homogenization of agricultural practices (Robinson and
Sutherland 2002; Wang et al. 2015) are having severe impacts on bat populations (Park 2015). Given the
strong preference of bats for speci�c landscape structures, changes which reduce treecover
disproportionately affect those species that forage in dense natural vegetation. The general trend shows
a greater decline of clutter foragers than open-space foragers with reduced treecover (Heim et al. 2016;
Mtsetfwa et al. 2018).

As agricultural systems worldwide come under increased production pressure, the need for sustainable
pest control has bolstered studies of natural pest control measures. Given that bats are valuable pest
suppression agents, and that India is striving to increase agricultural production (Hinz et al. 2020), it is
important to understand the relationship of bats and agricultural landscapes.

This study focussed on the insectivorous bats in rice-dominated landscapes of Assam, India. In India, rice
makes up 22.01% of the gross cropped area (Directorate of Economics and Statistics 2019). A small rice
farm can offer an ideal habitat for a broad community of insectivorous bats, boasting an abundance of
insects (Puig-Montserrat et al. 2015), edges (Harms et al. 2020), roosting sites (in trees and
anthropogenic structures) (Kusuminda et al. 2021), and water bodies. As a matrix, rice is a harsh habitat,
providing no landmarks, edges, tree cover, or resting sites. The larger the �elds are, therefore, the less
accessible we expect their interiors to be, as bats foraging in them are then further from water sources,
shelter, edges, or roosting sites (Rainho and Palmeirim 2011; Frey-Ehrenbold et al. 2013).

This study used passive acoustic recordings from rice �elds within the Nagaon district of Assam
(26°21'0"N, 92°40'60"E) to investigate the importance and scales at which different landscape features
drive the activity of insectivorous bats. By identifying how bats use the agricultural landscape, this study
can contribute to designing agricultural landscapes for the protection of bats and the promotion of their
ecosystem services.



Page 5/22

Methods

Study site:
The study was conducted in the Nagaon district of Assam. Although the typical operational holding of
agricultural land in Nagaon (of which rice is the primary crop) is 0.5-1.0 hectares (Saikiam et al. 2020),
rice plots usually lie adjacent to one another, so the size of an uninterrupted stretch of rice varies
considerably. Nagaon tends to have hot and wet summers. For the months of May and June 2019, the
average temperature was 28°C, with a minimum of 21°C and a maximum of 35°C (accessed on 15 Jan
2022 from timeanddate.com). The lack of irrigation leaves many farmers relying on the rains to water
their crops. Historically, the months of May and June see among the highest rainfall of the year,
averaging 219 and 311mm, respectively (accessed on 15 Jan 2022 from timeanddate.com).

A typical farming village in Assam has a central road with many branches, dotted on either side with
buildings, both concrete and wood. Hubs in a village centre have the highest density of buildings and
arti�cial light, which decrease as one moves further away. Forested or semi-forested vegetation is present
in pockets and surrounding most structures. Data for this study came from rice �elds surrounding such
villages near the city of Nagaon.

Field Data:
Acoustic data were collected using six Audiomoth 1.0.0 full spectrum recorders (Hill et al. 2018) with a
sampling rate of 384kHz and a medium gain. Data were collected over 18 nights between 9 May and 8
June 2019, with the six recorders placed as far away from each other as was feasible. Sites were chosen
by a combination of logistical feasibility, diversity of the surrounding landscape, and contacts with local
communities. Uniform data collection in this landscape proved di�cult, and site locations and sampling
effort were in�uenced signi�cantly by logistical, cultural, and safety considerations. As a result, not every
site was revisited, nor were recorders always in place by dusk. To account for difference in sampling
effort, any recorder that collected less than 90 minutes of audio in a night was excluded from the
analysis, and sampling effort was included in the global model of each sonotype. To account for
potential spatial autocorrelation introduced by clustering of sites, both the raw data and the residuals of
�nal models were tested for spatial autocorrelation at all relevant scales.

Acoustic data analysis
Acoustic recordings totalling 481 hours were processed using custom built code in Python version 2.7
(Rossum et al. 1995). From these recordings bat calls were isolated and extracted based on the following
measurements. All code used during analysis will be uploaded to a git repository.

(i) Frequency of maximum energy (FMAXE) – the frequency containing the most energy in the call
(Wordley et al. 2014). (ii) Minimum and maximum frequencies – the lowest and highest frequencies that
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contained 5% of the energy of FMAXE. (iii) Bandwidth – difference in frequency between the minimum
and maximum frequencies. (iv) Call length – the time interval between the point that the call �rst crosses
5% FMAXE, and when it last crosses FMAXE. (v) Average amplitude – the average amplitude of the call.

Using manually veri�ed calls to form a template, a linear discriminant analysis in the MatLab
Classi�cation learner (The MathWorks Inc. 2019) was used to build a classi�er that classi�ed all the
remaining calls into sonotypes. The classi�ed calls were then processed in R version 3.63 (R Core Team
2020) to reclassify based on FMAXE and bandwidth those few calls that had been misclassi�ed. The
calls were also �ltered to remove false positives arising from heavy rain, instrument failure, or bats that
were recorded prior to the recorders being put in place.

There are limited acoustic libraries for Indian bats, none extending as far as Assam. Without such a
library to use as reference, the isolated calls were classi�ed to the sonotype level, rather than the species
level. These were de�ned based on FMAXE and bandwidth into: (i) Constant Frequency calls (CF), (ii)
Frequency modulated – Quasi Constant frequency calls (FM-QCF), (iii) Quasi-Constant frequency calls
(QCF). Pure Frequency Modulated (FM) and FM-CF-FM calls were not recorded. A few CF calls were
recorded, but could not be separated from insect noises, and so were excluded from the analysis. One
QCF call was recorded in the same frequency range as another FM-QCF call, frequently changing from
QCF to FM-QCF within a pass. These were therefore considered to be the same sonotype and were
recorded as FM-QCF. Calls were classi�ed into sonotype based on FMAXE values, resulting in one pure
QCF call at 28kHz, and six FM-QCF calls at 20kHz, 31kHz, 34kHz, 38kHz, 48kHz, and 65kHz, respectively.

All recordings were divided into �ve-second intervals. One bat pass was de�ned as an interval containing
more than two calls of the same sonotype (Millon et al. 2015). Using a random number generator, ten
percent of the extracted passes were selected for manual veri�cation. The classi�er accurately identi�ed 
> 90% of the passes.

Spatial data analysis
Landscape data used for the analysis came from Level-2A of Copernicus Sentinel data [2019], accessed
on 13 January 2022. Different studies choose different radii around sites within which to calculate
landscape statistics. These vary based on the objective of the study, bat species in question, and
landscape. They range between 0.1km−1km (Kahnonitch et al. 2018) to 1km−5km around each site
(Rodríguez-San Pedro et al. 2019). Due to lack of data on the home and foraging ranges of India bats, we
chose intermediate scales of analysis for landscape variables, using scales of 500m, 1000m, 2000m, and
3000m, to account for difference in range sizes between different species. The landscape in a radius of
3km around every site was classi�ed at a 10m resolution using a random forest supervised classi�er in
Google Earth Engine (Gorelick et al. 2017). Training data were collected using Google Earth Engine and
classi�ed landscapes were veri�ed using Google Earth imagery from January 2019, and the �rst author’s
knowledge of the �eldsites. The classi�cation of rice �elds was also ground-truthed.
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Four bands were used for the classi�cation, B3, B4, B8 and B11, which correspond to green, red, near
infrared (NIR), and short-wave infra-red (SWIR), respectively. In addition to the above bands, the following
three indices were calculated for use in the classi�er. NDVI and NDWI (Xue and Su 2017) and one
additional index (Mayer and Scribner 2002) were calculated using the formulae below.

1. NDVI: (NIR-Red)/(NIR + Red)
2. NDWI: (Green-NIR)/(Green + NIR)
3. (SWIR – Red)/(SWIR + RED).
To increase the accuracy of the classi�er, the least cloudy image, selected using the
‘CLOUDY_PIXEL_PERCENTAGE’ band from data for each of January and May were considered. These two
months represent the landscape before and during the rice season, respectively. The difference in the
values of the above three metrics between the months of January and May exploited changes in the
spectral characteristic of rice prior to and during the season, increasing the accuracy of the classi�er.

Each 10m-10m pixel was classi�ed into one of nine landscape types.

1. Dry Rice: Rice planted in dry �elds.
2. Wet rice: Rice planted in waterlogged �elds.
3. Water: Pixels covered completely with water that was not covered by any algae/plants.
4. Bank: Pixels �lled partly with water and partly with another landcover type.
5. Edge: Land �lled only partly with trees and partly with a different land cover type.
6. Field: Land with grass but no trees.
7. Forest: Pixels containing only trees.
8. Bare ground: Empty land without grass, trees, water, or rice, often roads.
9. Urban: Area with construction/houses, or roads. Although roads were often also classi�ed as ‘Bare
ground’.
This list was later condensed by merging three pairs of classi�cations: dry rice and wet rice; and water
and bank, and ‘urban’ and ‘bare ground’. ‘Dry rice’ and ‘wet rice’, and ‘water’ and ‘bank’ were merged
because these pairs were, from the perspective of a bat, nearly identical. ‘Urban’ and ‘bare ground’ were
merged because roads were often classi�ed as ‘bare ground’, and represented many of the negative
features of urban land – arti�cial light, noise, and pollution.

The following types of landscape metrics were calculated for the analysis:

1. Area of all landscape types except water within the four buffers. Size of water bodies was not
considered because at the scale of analysis we used, without access to characteristics such as water
depth, and in a landscape with an abundance of water bodies, distance to the nearest water body was
considered to be the most important water variable.
2. Distance of each site to nearest patch of every landscape. De�ning a ‘patch’ as 10 or more pixels of a
water (equivalent to 50m * 20m) or 30 or more pixels of the other landscape types (equivalent to 50m *
60m), the distance to the nearest patch within 3000m from the recorder was measured. This metric was
not calculated for rice because all the recorders were placed in rice �elds.
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3. Landscape structure metrics. Shannon's Diversity Index (SDHI) for landscapes, calculated as –

i=1
m∑(Pi * ln(Pi)) (Shannon 1948). Where ‘i’ is the selected landscape and Pi is the proportion of

landscape ‘i’ in the selected buffer.

Statistical analysis:

Part 1: Accounting for spatial autocorrelation
To maximise the use of the data, while acknowledging and accounting for non-independent datapoints,
sites were grouped according to buffers that resulted in no signi�cant spatial autocorrelation. All
statistical analysis was performed in R version 3.63 (R Core Team 2020). A distance matrix of all the
points was created and transformed into a hierarchical cluster tree. Points were then grouped based on a
set of scales: 0.1km, 0.2km, 0.3km, 0.4km, 0.5km, 1km, 5km, 10km and 30km. At each scale,
standardized bat activity was tested for spatial autocorrelation using the Moran’s I test with the
moran.test() function in the ‘spdep’ package (Bivand and Wong 2018). The smallest scale at which sites
could be grouped with no spatial autocorrelation was chosen for each sonotype. This grouping was used
as the random effect in the subsequent models.

Part 2: Choosing one variable of each landcover
Most landcover types had �ve datapoints per site. They were: area within buffers of 0.5km, 1km, 2km and
3km - and distance of the site to the nearest patch of said landcover. In the case of rice and Shannon
Landscape Diversity Index (SDHI), distance to the nearest patch was not applicable.

For each landcover type, the most signi�cant of the �ve (or four) variables was selected using a
generalized linear mixed model (GLMM) implemented as below. Here bat activity was the response
variable, sampling effort and one variable of the focal landcover were explanatory variables, and the
previously selected grouping variable was the random effect. The models of every variable of a landcover
type were compared to each other and to a null model using Akaike’s Information Criteria corrected for
sample size (AICc) to determine the most signi�cant variable of a given landcover type (Bartoń 2020). If
the null model performed best, then the landcover type in question was not taken forward, otherwise the
variable that contributed to the best model was standardized and incorporated into the global GLMM.

Part 3: Global model
The global GLMM was built with nightly bat activity as the response variable and the previously selected
variable of each landcover as the explanatory variables. Also included were the standardized variables of
‘moonlight intensity’ (obtained for the study from WorldWeatherOnline.com on 16 August 2021) and
distance to water. The previously determined site groupings were used as the random effect. Prior to
running the model, all of the variables were z-standardized to make the results comparable (Schielzeth
2010), and tested for correlation with the Pearson’s r. The global model was built using the ‘glmmTMB’
package (Brooks et al. 2017) , with a negative binomial distribution parameter to account for
overdispersion (Lindén and Mäntyniemi 2011).
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Part 4: Best model
The resulting global model (above) was run through the ‘dredge’ command in the MuMIn package (Bartoń
2020) to select, using AICc, the best-performing subset of variables that explained bat activity. If any
variable correlated with another by over |0.7|, then a condition was placed on the dredge function to test
models with only one of the correlated variables. Models within two AICc units of each other were
considered equivalent, and the most parsimonious model with no obvious pattern in the residuals was
considered the ‘best’ model. The residuals of the best models were tested again for spatial
autocorrelation at the previously created scales using the moran.test() function. R2 values − the
coe�cient of determination based on the likelihood ratio test − was calculated using the ‘r.squaredLR’
function from the MuMIn package (Bartoń 2020). In addition to creating models for each sonotype
individually, models were also created for combined bat activity that used data from all sonotypes.

Results
A total of 13,263 calls belonging to seven sonotypes were isolated, identi�ed, and analysed from 18
nights of recordings. These were divided into seven FM-QCF sonotypes, calling at 20kHz, 28kHz, 31kHz,
34kHz, 38kHz, 47kHz, and 65kHz, respectively (Table I). Henceforth, these sonotypes will be referred to
using ‘S’ followed by their identifying frequency (e.g. S20). An additional FM-QCF sonotype calling at
18kHz was identi�ed, but separating calls from insect noise proved challenging and the large number of
false positives led to it being dropped from further analysis. Sonotype S20 did not reach the modelling
stage because spatial autocorrelation was detected at a 10km scale during Part 1 of the statistical
analysis. Grouping data points by a larger scale was deemed redundant and the sonotype was dropped.
S65 was also dropped due to insu�cient data for statistical analysis.

Table I Number and percentage of total passes recorded of each bat sonotype. Bat activity data were
extracted from 481 hours of recordings collected using Audiomoth 1.0.0 full spectrum recorders over 18
nights between 9 May and 8 June, 2019, from rice �elds in the Nagaon district of Assam. S.A. scale
indicates the smallest scale tested at which spatial autocorrelation was not signi�cant.
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  Sonotype Number of passes Percentage of total (%) S.A. scale

1 S38 4214 31.8 1km

2 S35 2709 20.4 5km

3 S32 1676 12.6 500m

4 S28 1630 12.3 1km

5 S20 1453 10.9 N.A

6 S47 1329 10 400m

7 S65 252 1.9 NA

Overall, variables indicative of the presence of trees were most prominent and signi�cant in the �nal
models (Fig. 2). Edge variables were present in the �nal models of S28 and S32. Forest variables were
present in the �nal models of S28, S35, S38. SDHI was only found in the best model of one sonotype –
S47. Urban landcover was present in the best model of two sonotypes, S28 and S38 (Fig. 2a, 2d).
Sampling effort contributed to the best model of all sonotypes. Water, which had only been included in
the global model as a distance variable, did not feature in the best model of any sonotype. Similarly rice,
which had only been included in the global model as an area variable, also did not feature in the best
model of any sonotype. There was also similarity in the type of variable of each landcover type that made
it into the best model. Edge was only present in the form of distance to edge. Forest was present in the
form of distance to forest and forest area within 1km. Urban was only present as area of urban landcover
within 1km (Fig. 2). Full details of model results of individual sonotypes can be found in online resource 1
(Table SI).

In creating a model for overall bat activity, spatial autocorrelation was detected at all relevant scales.
Despite this, an exploratory set of models were built by grouping points at the 400m, 1km and 5km
scales. In addition to sampling effort, distance to forest and area of rice within 2km were the most
important variables in the �nal models, with one model having area of edge within 1km as a predictor
(online resource Table SII). The similarity of the models, despite having points grouped at different spatial
scales, would indicate a relatively low effect of spatial autocorrelation and suggest that these variables
do in�uence bat activity in general.

In considering individual effects, Fig. 3 shows the relationship between bat activity and individual
variables present in the �nal models of all sonotypes. Since the models we built were mixed models, they
included random effects that cannot be represented in scatter plots. Nonetheless, these plots are useful
for observing patterns in the raw data. Distance to edge and forest, area of urban land, and moonlight
intensity, seen in Fig. 3a, 3c, 3e, 3f, and 3g, represent variables that were statistically signi�cant in the
best models of sonotypes S28, S35 and S38. Despite not accounting for the random effect, all of them
show a clear negative correlation with bat activity, which is in line with the model estimates and with
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what other similar studies would predict. Figure 3b and 3d represent forest area within 1km (S28) and
distance to edge (S32). These are neither statistically signi�cant in the �nal models (Fig. 2), nor do they
show an obvious pattern in scatter plots (Fig. 3b and 3d). On the other hand Fig. 3h and 3i, which
represent urban land and SDHI within 1km for sonotypes S38 and S47, respectively, show a clear pattern
in the scatter plots, despite being not signi�cant in the �nal models of these sonotypes. This pattern is
also what one would expect based on other similar studies, showing bat activity decreases with an
increase in urban land, but increases with an increase in landscape heterogeneity.

Discussion
This study examined bat activity levels in rice �elds, with the aim of exploring why rice �elds set in
different landscapes see different levels of insectivorous bat activity. Our results showed that key
landscape features, namely forest and edge cover, urban land, moonlight intensity and landscape
heterogeneity in�uenced the activity of �ve sonotypes of insectivorous bats.

In warm and dry environments, bats lose water rapidly (Webb et al. 1995) and it must be replenished
through their food and by drinking. While many species have evolved mechanisms to limit water loss
(Reher and Dausmann 2021), the presence of water bodies still exert considerable in�uence on where
bats choose to �y, particularly in arid environments (Razgour et al. 2010). Past studies have found
distance to water to be a key factor in driving selection of roost sites and foraging grounds (Adams and
Thibault 2006; Adams and Hayes 2008; Rainho and Palmeirim 2011). However, water bodies in these
studies tend to be few and far apart, increasing their importance to foraging bats. Despite our study being
conducted in the summer, when temperatures regularly exceeded 30°C, having been conducted in rice
�elds, our sites were all within 600m of a water body (de�ned here as areas of water of at least 1000sq
meters, equivalent to a 50m by 20m plot), with an average distance of 204m. This distance being well
within the foraging ranges of insectivorous bats, water was not found to be an in�uencing factor in the
best model of any sonotype, suggesting that for the analysed species, the range at which water becomes
a limiting factor is greater than bats in our landscapes were presented with.

Urban landscapes are not entirely uninhabitable, and many bat species have adapted to them. The use of
urban land by bats is in�uenced by built infrastructure, light pollution, noise levels, tree cover, bat
physiology, predation pressure, and prey availability (Moretto and Francis 2017; Moretto et al. 2019; Jung
and Threlfall 2021). While light pollution in urban areas is harmful to insect populations on the large
scale (Owens et al. 2020), the attraction provided by street lights can create local prey-dense zones
(Firebaugh and Haynes 2019), which in turn can increase the activity of some bats (Rodríguez-Aguilar et
al. 2017). Bat activity is higher when patches of forest, water, and/or agricultural landcover are nearby
(Dixon 2012; Ancillotto et al. 2019), in part because of higher insect activity in such areas (Avila-Flores
and Fenton 2005). Studies have found that the complementation of anthropogenic and natural landcover
can result in high levels of bat activity, particularly of mobile generalist species (Johnson et al. 2008).
More universally, canopy cover has been found to be a key determinant of bat activity in urban contexts
(Bailey et al. 2019). Bats exhibit extremely species-speci�c responses to landscapes and while some
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studies have found increased activity of bats in urban landscapes (Rodríguez-Aguilar et al. 2017), many
studies have found even moderate urbanization to have negative impacts on bat activity (Ancillotto 2015;
Jung and Threlfall 2016). While our sites were set in rice �elds, urban landcover was present around the
sites in two forms: dense urban landscapes seen in Nagaon city and scattered nodes in villages. One or
both of these negatively affected the activity of S28 and S38. For the other sonotypes, it is possible that
the farmland and associated buildings, trees, and water bodies satis�ed the requirements of most bats at
the local scale, thereby overriding any negative (or positive) effects of the city.

Forests and forest boundaries, including linear features such as rows of trees, are important habitats for
bats (Heim et al. 2015). However, separating the often concurrent incentives for the use of such habitats,
including as roosting sites, for safety against predators (Heim et al. 2018) and the wind (Verboom and
Huitema 1997), landmarks for navigation, and improved foraging (Jantzen and Fenton 2013), can be a
challenge. Some of these bene�ts change with time. For example, brighter nights allow predators to see
better (Prugh and Golden 2014), increasing the importance of shelter. Similarly, prey abundance relative
to the surrounding landscape varies with season, particularly in agricultural landscapes. Conversely, the
provision of trees as roosting sites remains more consistent over time.

Prey availability is a strong driver of bat activity and while it is di�cult to compare the activity of different
bats in different settings, studies have found that insectivorous bats do, in general, consider in-season
rice �elds to be prey-rich habitat (Sedlock et al. 2019; Toffoli and Rughetti 2020). Activity is increased by
the presence of forest patches nearby (Heim et al. 2015; Bailey et al. 2019). Some studies have shown
insectivorous bats to preferentially hunt over rice �elds compared to forested areas (Puig-Montserrat et al.
2015; Kemp et al. 2019; Katunzi et al. 2021). Other studies report that while rice �elds were attractive
foraging grounds, nearby natural wetlands saw higher levels of foraging activity (Toffoli and Rughetti
2017).

While the edge variables calculated and tested for in this study included area of forest edge (within
various buffers from the focal site), only distance to the nearest edge was retained in the best models of
S28 and S32. The activity of sonotypes S35 and S38 was in�uenced by the distance to the nearest forest
patch while S28 was in�uenced by the area of forest within 1km. Given that our landscapes were
surrounded by forested area, rather than natural wetlands, we hypothesize that our rice �elds were more
attractive foraging sites than the surrounding forests or forest edges and therefore that the primary
attraction of forests and forest edges was not prey availability but safety or the presence of roost sites.
This is augmented by the fact that the bamboo houses and sheds in villages were known to be used as
roost sites (IB, rigorous personal observation). These structures, being smaller than concrete buildings,
more enclosed by trees, and bearing thatched roofs, were usually classi�ed as ‘edge’ rather than ‘urban’
landcover. This adds to the argument that ‘edges’, as classi�ed in this study, also represented roost sites
to bats in the study area.

Area of rice was not present in the best models of any sonotype. The most likely reason being that since
our sites were all in rice �elds, set in rice-dominated landscapes, prey availability was high enough that
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larger areas did not improve foraging success through reduced competition or increased prey availability.

Rice-dominated landscapes present a harsh matrix interspersed with patches of forest-urban-edge
combinations that provide foraging grounds, roost sites, and relative safety. Harsher (more contrasting)
matrices evoke stronger reactions to fragmented landscapes (Rodríguez-San Pedro and Simonetti 2015;
Farneda et al. 2020) and unbroken rice �elds provide little by way of shelter or roost sites. Greater
landscape heterogeneity increases the proximity of different landcover types. This can result in larger bat
populations and higher bat activity because bats that roost and forage in different landscapes now have
easy access to both, reducing potentially commuting costs (Ethier and Fahrig 2011). An increase in
landscape heterogeneity also correlates with availability of edges between natural and agricultural
landcover. These interfaces are important for edge-space foragers that avoid open spaces either because
they are more vulnerable to predators in open spaces, or because they have a higher foraging success at
edges (Lentini et al. 2012; Frey-Ehrenbold et al. 2013). Greater heterogeneity also increases insect
populations by providing spaces for them to breed and survive fallow seasons (Sigsgaard 2000; Fahrig et
al. 2015; Bertrand et al. 2016; Chaperon et al. 2022). Sonotype S47 was in�uenced by landscape
heterogeneity, most strongly at the scale of 1km (Fig. 2), supporting other studies that demonstrate the
positive effect of landscape heterogeneity on bat activity (Frey-Ehrenbold et al. 2013; Monck-Whipp et al.
2018; Rodríguez-San Pedro et al. 2019).

Agricultural industries globally face an enormous challenge to reduce their reliance on environmentally
unsustainable practices, such as the use of chemical pesticides, for both environmental and �nancial
reasons. Pests are predicted to cause increasing losses to many major crops (Deutsch et al. 2018) and
chemical methods of control, far from eliminating pests, have often prompted the emergence of more
resistant strains (Normile 2013). The effective use of natural enemies as a sustainable alternative is only
practised in pockets around the world (Lou et al. 2013; Puig-Montserrat et al. 2015), but holds great
potential to alleviate the dual burdens of declining agricultural and ecological health. Realizing this
potential requires both an understanding of the ecological relationships that underpin these ecosystem
services and the ecology of the service providers to make agricultural landscapes more habitable to them.

Studies of bats in agricultural landscapes have shown the need for connectivity, heterogeneity, and the
presence of natural landcover (Downs and Racey 2006; Frey-Ehrenbold et al. 2013; Finch et al. 2020). Few
have considered the rice landscape, and none in India. This study demonstrated that in rice landscapes of
Assam, while proximity to urban land decreased bat activity, the presence of forest patches and edges,
and higher levels of landscape heterogeneity promoted bat activity, and likely by extension also increased
the control of insect pests.
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Figure 1

See image above for �gure legend.

Figure 2

Effect of landscape variables on each sonotype. Generalized linear mixed models of �ve bat sonotypes
built on data collected over 18 nights of recording between 9 May and 8 June 2019. Recordings were
made using Audiomoth passive acoustic recorders in rice �elds across the district of Nagaon, Assam.
Variables were chosen from a global model based on their contribution to signi�cant decrease in AICc
values. Dots represents the estimate, solid dots indicate a p-value < 0.05 and hollow dots indicate a p-
value > 0.05. Error bars represent the 95% con�dence interval. The con�dence interval around ‘Sampling
effort’ is not zero, but is too small for wings to extend beyond the perimeter of the solid dot

Figure 3
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Scatter plots of bat activity over all standardized variables present in the �nal models of each sonotype
(except sampling effort). Blue dots indicate a p-value < 0.05, salmon dots indicate a p-value > 0.05. These
points are raw data, and do not accurately represent the effect of variables in the �nal models. This is
because mixed effect models used in this study included random effects that couldn’t be accounted for in
the above scatter plots. Lines and 95% con�dence intervals represent the predicted values extracted from
the relevant best models
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