www.nature.com/scientificreports

scientific reports

W) Check for updates

Daily mapping of Australian Plague
Locust abundance

Stéphane Mangeon'*’, Allan Spessa?, Edward Deveson?3, Ross Darnell* &
Darren J. Kriticos*>

Locust population outbreaks have been a longstanding problem for Australian agriculture. Since

its inception in the mid-1970s, The Australian Plague Locust Commission (APLC) is responsible for
monitoring, forecasting and controlling populations of several locust pest species across inland
eastern Australia (ca. two million km?). Ground surveys are typically targeted according to prevailing
environmental conditions. However, due to the sheer size of the region and limited resources,

such surveys remain sparse. Here we develop daily time-step statistical models of populations

of Chortoicetes terminifera (Australian plague locust) that can used to predict abundances when
observations are lacking, plus uncertainties. We firstly identified key environmental covariates of
locust abundance, then examined their relationship with C. terminifera populations by interpreting
the responses of Generalized Additive Models (GAM). We also illustrate how estimates of C. terminifera
abundance plus uncertainties can be visualized across the region. Our results support earlier studies,
specifically, populations peak in grasslands with high productivity, and decline rapidly under very hot
and dry conditions. We also identified new relationships, specifically, a strong positive effect of vapour
pressure and sunlight, and a negative effect of soil sand content on C. terminifera abundance. Our
modelling tool may assist future APLC management and surveillance effort.

Locusts have been a longstanding challenge for many agricultural systems around the world". In the temperate
grain growing areas and semi-arid rangelands of eastern Australia, west of the great Dividing Range, Chortoicetes
terminifera® (Orthoptera: Acrididae) outbreaks frequently occur following enhanced grass productivity driven
by above-average rainfall events®=. These events often coincide with increased sea surface temperatures in the
west Pacific Ocean (associated with La Nina) and/or the east Indian Ocean (negative Indian Ocean Dipole).
There are several species of locusts in Australia that are of concern for Agriculture. In this paper, we focus on the
most significant: C. terminifera, also known as the Australian plague locust. This endemic species is widespread
throughout the continent, with frequent migration events evidenced by migration patterns and genetic studies*®.

Locusts significantly affect yield of wheat, barley, oats and sorghum in Australia, with an estimated potential
annual yield loss of 40% without intervention’. This translated into an economic agricultural loss of AUD$28.4
million in 2011 (US$19.8 million as of June 2020). Horticultural and pastoral industries are also subject to eco-
nomic damage from locusts. The ability to monitor and forecast locust outbreaks is critical for managing their
impact®. The main risks that locusts now present for Australia relate to control strategies. These need to account
for the impact of control measures on ecosystems, people, animals and crops, albeit failure to control could still
lead to economic and social impacts’. These concerns underpinned the establishment of the Australian Plague
Locust Commission (APLC), which undertakes a programme of monitoring surveys throughout the geographical
range of locusts in inland eastern Australia.

The population dynamics of C. terminifera are irruptive and thought to be driven by pulses in grass bio-
mass productivity, driven largely by rainfall. Rainfall is highly variable in inland Australia but periods of rapid
population increase generally follow heavy regional rainfall, provided local “seed” populations of locusts exist’.
Every year, there tends to be three generations of C. terminifera north of 32°S and two in the south. Gregarious
infestations can develop from sparse initial populations in a single year, following several generations of high
recruitment?. Persistence during winter is assisted by facultative egg diapause induced in autumn, while sum-
mer quiescence in dry soils is an adaptation to drought!'2. A feature of locust outbreaks is frequent nocturnal,
high altitude, wind-assisted migrations, with overnight displacements of several hundreds of kilometres'*!*.
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So far, modelling of C. terminifera has included two species distribution models'>'® and a process-based popu-

lation dynamics model built using DYMEX (www.Hearne.Software)"”. The species distribution models are binary
models that aim to estimate whether a species is present or absent at a location, or whether it is an outbreak or
not. These were applied to the case of predicting outbreaks under future climate change scenario using machine
learning methods (random forest and boosted regression trees)'®, and understanding the environmental and
demographic dynamics of the specie with a state-space dynamic model'®. Similarly, models of other species of
locust have focused on predicting a categorical variable related to locust'®-2’. We note that one study examining
the climatic drivers of locust plagues used a broadly similar to ours, albeit using long-term means rather than
daily data?'. Extending these models to estimates of abundance or density could enable a range of new ecological
applications*’. While promising algorithms exist to model abundance without consistent density surveys®, they
are not needed for our study as we leverage survey data containing information on the density of nymphs and
adults, albeit with some transformation (see Supplementary Material 1). This modelling approach allows us to
model locust abundance directly, irrespective of their life-stage.

When studying pest species such as C. terminifera, there is often a disconnect between biological and eco-
logical studies in a laboratory environment and large-scale population patterns. One of our aims is to assess
whether such biophysical findings of locust abundance can be represented through a statistical model based on
large-scale monitoring surveys. Thus, while our model does not include any explicit biological dynamics (such as
gregariousness, or previous population), the relationships it finds between locust abundance and environmental
characteristics can be used to infer the large-scale links between locusts and their environments. Previous studies
have used climatic indices and data gridding'>'¢, although we note our covariates are gridded, in this study we
leverage the survey data’s details by building a model specific to each survey site’s location, up to a daily resolution.

Locust development is a complex phenomenon, which involves many non-linear processes’, where differ-
ent environmental conditions could lead to similar abundances. In this paper we model the abundance of C.
terminifera using both Generalized Linear Models (GLM) and Generalized Additive Models (GAM). We also use
feature selection algorithms with GLMs to narrow down a set of 10 covariates to investigate further. As GAMs
incorporate non-linear data, these models have gained popularity in the ecological modelling community**2.
These models have been shown to capably model ecological processes while remaining easy to interpret?”-.

Our study aims to: (a) quantify the relative strength of various biophysical variables driving locust population
fluctuations (b) develop data-driven models of locust abundance based on these variables and (c) illustrate opti-
mal model performance and uncertainties through bivariate maps. The end-goal is to build towards a forecasting
system for locust populations, to enable practitioners to see evolving hazards and direct their survey efforts, and
to support their locust management strategy.

Methods

Datasets. Survey data. 'This study is based on a database of field surveys conducted by the Australian
Plague Locust Commission (APLC) over the last three decades. Although surveys occurred earlier, we limit our
analysis to years from 1992 to 2019, as these coincide with the availability of satellite vegetation maps and the
introduction of GPS for survey locations (significant improvement in localisation). These surveys monitor the
locust situation across the Australian states of Queensland, South Australia, Victoria, and New South Wales.
As such they aim to inform control efforts and avoid outbreaks. Although not the focus of the collection, these
surveys provide valuable long-term data on locust populations. These datasets can help inform our understand-
ing of locust populations, and their environmental drivers. The APLC survey data have been used in previous
studies'>!¢, which focused on seasonal outbreak predictions.

The APLC uses a rapid, roadside-based index monitoring surveillance system to assess locust populations
and to detect areas of high densities with the potential to affect interstate agriculture that could warrant control
intervention. Surveys are conducted during the austral spring—autumn period (September to May), with sampling
units at ~ 10 km intervals. During winter the bulk of the locust population is undetectable, as eggs are dormant
and few surveys are conducted. The accumulated data records are structured with a bias to favourable grassy
habitats and ancillary report information, they are also subject to large temporal and spatial discontinuities.
However, they provide the only spatio-temporal record of population changes in sampled areas and are spatially
accurate to within 0.01° of latitude and longitude.

The dataset contains about 295,238 observations and their spatial coverage can be seen in Fig. 1. We find that
each year, on average 32% (0 = 11%) of the surveys observed locusts. This may be an overrepresentation of locust
presence in Australia, as the surveys are biased towards habitats favourable to locusts. Furthermore, the surveys
have logistical bias: they are concentrated near roads, and more frequently around APLC field bases (e.g., Long-
reach in Queensland) as visible in Fig. 1. While the dataset covers most of eastern Australia our analysis period
(1992 to 2019), coverage is limited spatially over shorter timespans, as illustrated by one week in January 2010
(Fig. 1B). This lack of spatial coverage highlights the usefulness of a model to “fill in the gaps” in survey data.
The categorical data of the surveys are transformed into continuous abundance data by sampling from a normal
distribution (for further details, see Supplementary Material 1), this introduces a ceiling on our performance
with a standard deviation of at best 30% of the mean estimate.

Ancillaries and covariates. 'Weather variables were obtained from the SILO archive of Australian climate data,
interpolated onto a 0.05 arc degree grid®. In this study we use the data as-is, though we note such interpola-
tions are uncertain, particularly in regions where observation stations are sparse®’. We note the original weather
interpolation used a tri-variate thin plate smoothing spline, the independent variables they used were latitude,
longitude and elevation. See the original paper® for the implications of this interpolation on the data and an
assessment of the related correlation structure. For each entry in the survey database, we extracted: maximum
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Figure 1. The APLC survey spatial coverage for all surveys from 1992 to 2019 (A, left), and its (illustrative)
reduced coverage for 1 week in January 2010 (B, top right) gridded to 0.5x 0.5 degrees bins showing the number
of surveys. APLC field bases are shown as red dots, these are (clockwise from the top): Longreach, Narromine,
and Broken Hill. We expect our model to perform better in areas that were heavily surveyed. Maps produced in
R (v3.6.0) with the ggplot, ozmaps and sf libraries (see https://cran.r-project.org/).

daily temperature (°C), daily rain (mm), minimum temperature (°C), vapour pressure (hPa, in meteorological
data this refers to the partial pressure of water vapour in the atmosphere), and solar radiation (total incoming
shortwave, MJ m™2). We then take both short-term (10 days) and long-term (60 days) prior values of these
variables, and their summary statistics: minimum (min), maximum (max), and mean. For instance, if a survey
occurred on the 15th of March 2010, the short-term memory mean daily rainfall would be the average daily
rainfall from the 5th of March to the 15th of March 2010, while the long-term memory would be the average
daily rainfall from the 14th of January to the 15th of March 2010. If a survey was done at the same location 1 day
later, these memory values would shift forward by 1 day. 10 and 60 days were guesses, somewhat informed by
the lifespans of C. terminifera®. Besides these summary statistics, we also create additional covariates that reflect
the number of days that experienced no rainfall (the number of dry days) or extremes in temperature: a daily
minimum below 18 °C and maximum above 42 °C. We adapted these temperature thresholds from those used
in®!. This provides our algorithm with covariates similar to degree-days or environmental thresholds detrimental
to insect development, these are commonly used in estimating pest abundance®?. Note we ignored the mini-
mum daily rain, as respectively all of the long-term and the vast majority of the short-term were 0 mm day™". In
addition to these weather variables, we include monthly Normalised Difference Vegetation Index (NDVI) for
Australia from 1992 onwards. This product is obtained from the Advanced Very High Resolution Radiometer
(AVHRR), and aggregated onto a 0.05° grid*’. We removed any negative NDVI from our analysis (0.2% of our
data). We use static maps (30 m resolution) for soil properties (fraction of clay, sand, and silt) from the Soil and
Landscape Grid of Australia®. Finally, our GAMs take into account survey location in time and space (day of the
year, longitude, and latitude), in order to account for high spatial heterogeneity and local effects not accounted
for by our covariates.

To accommodate the various native resolutions of our covariates, we take the covariate value at the location
nearest each survey site. Thus, each surveyed density is deemed an independent sample with an associated set
of covariates, unique to its date and location. For inference purposes (our “Results” section) some of our vari-
ables were highly correlated (see Table S2) and many of our covariates relate to similar physical quantities, for
instance, we have 16 covariates related to temperature alone (see Table 1). We tried to account for these biases
through our selection of a reduced set of covariates for our models.
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GLM Lasso Ridge StepAlC

Variable | Stat | Days | Coef. VI&SC | Coef. Vi Coef. Vi Coef. Vi
Intercept 0.554 NA *%* 0.300 NA 0.554 NA 0.554 NA

Mean 60 -0.0142 | 1%*** -0.006 1% -0.005 0% -0.014 1%

_ . . Max 60 0.0435 LYF** 0.002 0% 0.044 3% 0.043 4%
«Tg Daily Rainfall Mean 10 -0.0058 0% o 0% -0.008 1% -0.006 0%
'&T: Max 10 0.0108 1%%** o 0% 0.008 0% 0.011 1%
60 0.0209 20p* ** 0.001 0% -0.004 0% 0.021 2%

Number of dry days 10 0.0126 1%%** 0.009 2% 0.022 1% 0.013 1%

Mean 60 -0.4998 | g%*** -0.065 15% -0.222 14% -0.500 9%

Max 60 -0.0898 | 4%x** -0.016 4% -0.087 5% -0.089 4%

Daily Maximum| Min 60 -0.0539 3%*** -0.008 2% -0.062 4% -0.054 3%
Temperature Mean 10 0.1436 3%*** 0.006 1% 0.015 1% 0.147 4%

Max 10 0.0029 0% 0.002 1% 0.015 1% NA NA

o Min 10 -0.0197 ApsEsEs o 0% -0.015 1% -0.021 1%
5 Number of days with 60 0.0567 690%* ** 0.015 3% 0.047 3% 0.057 6%
g Maximum above 42°C 10 0.0044 0%* 0.007 2% 0.010 1% 0.004 1%
E— Mean 60 0.1035 207 %% 0 0% -0.025 2% 0.103 2%
@ Max 60 0.0446 20p* ** 0.008 2% 0.029 2% 0.044 2%
Daily Minimum Min 60 0.0615 207 %% 0.009 2% 0.059 4% 0.062 2%
Temperature Mean 10 -0.0978 | 2%*** 0 0% -0.022 1% -0.099 2%

Max 10 0.0122 1%** o 0% 0.011 1% 0.013 1%

Min 10 -0.0110 0%. -0.003 1% -0.019 1% -0.011 0%

Number of days with 60 -0.0916 | 3%*** -0.004 1% -0.056 3% -0.092 3%
Minimum below 18°C 10 0.0462 206% % * 0.009 2% 0.031 2% 0.046 2%

° Mean 60 0.1164 ERsEss 0.031 7% 0.092 6% 0.117 4%
‘g Max 60 0.0426 3%*** 0.007 2% 0.036 2% 0.043 3%
9_"3 Daily Vapour Min 60 -0.0266 | 2%*** -0.008 2% -0.013 1% -0.027 2%
o Pressure Mean 10 0.0608 20p* ** 0.003 1% 0.035 2% 0.061 2%
r>% Max 10 -0.0404 | 2%*** -0.005 1% -0.032 2% -0.040 2%
Min 10 -0.0241 196% %% -0.002 0% -0.009 1% -0.024 1%

Mean 60 -0.0820 | 3%*** -0.026 6% -0.095 6% -0.082 3%
Max 60 0.2584 | 12%*** 0.076 17% 0.205 13% 0.258 12%

% Total Incoming Min 60 0.0580 7%*** 0.018 4% 0.047 3% 0.058 7%
= |Solar Radiation| Mean 10 -0.0461 | 2%6%** -0.007 2% -0.036 2% -0.046 2%
A Max 10 -0.0768 | 2%*** -0.014 3% -0.033 2% -0.077 2%
Min 10 0.0055 0%* 0.001 0% 0.009 1% 0.006 0%

daylength 0.0917 L9*** 0.068 15% 0.076 5% 0.092 4%

NDVI -0.0056 1%%** o 0% 0.008 0% -0.006 1%

2 sand -0.0326 | 2%*** -0.002 0% -0.025 2% -0.033 2%
8 silt -0.0269 | 3%*** | -0.009 2% -0.032 2% -0.027 3%
clay -0.0111 1%** 0 0% -0.008 0% -0.011 1%

Significance Codes (SC, p-values): *** : 010 0.001| **: 0.001t00.01| *:0.01t00.05|.:0.05t00.1| :0.1t01

Table 1. Significant variables for Chortoicetes terminifera density. Significance Codes (SC, p-values): *** : 0 to
0.001, **: 0.001 to 0.01, *: 0.01 to 0.05, . 0.05 to 0.1, : 0.1 to 1. Variable Importance (VI) is based on the t-statistic
of each model (normalized to 100%). The subset of 6 variables of interest we use in Fig. 2 for the purpose of

our GAM’s interpretation is shaded blue. We exclude the 12 variables shaded red from our model selection and
comparison (Table 2). Finally, the set of 4 variables shaded grey were excluded from Fig. 2, but included in the
GAM#2 models (see Supplementary Material Figure S1 and S2 for the full set of variables).

Statistical techniques. In “Datasets” section, we show some statistical analysis of the APLC survey dataset
for context. In “Statistical techniques” section, the focus of our work, we model the density of C. terminifera
using environmental covariates. We firstly pre-process the data, then for GLMs we scale the ancillaries so that
each variable has a mean of 0 and standard deviation of 1. This scaling is not necessary for the GAMs. In addi-
tion, to reduce the skewness of their distributions, we also use a power transform or sixth root transform for our
estimatid value, such that our models are estimating (densities)""°. Typically, densities would be log-transformed,
however, we chose to use a power transformation (with A = 1/6 = 0.167) to account for observations of 0 densities
(absence of locust). These pre-processing steps allow us to have data distributions more appropriate for statistical
algorithms when fitting our models*>.
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Model  [Num.variables [AIC  [R*  [RMSE
Nymph density (no zeroes, or 8.25% of surveys)

GLM #1 27 28,323 0.311 | 0.392
GLM #2 10 29,718 0.275 | 0.402
GAM #1 27 (+3) 72,700 0.461 | 0.562
GAM #2 10 (+3) 72,697 0.451 | 0.563
Adult density (no zeroes, or 57.67% of surveys)

GLM #1 27 48,606 0.075 | 0.299
GLM #2 10 51,502 0.054 | 0.303
GAM #1 27 (+3) 212,113 | 0.175 |0.334
GAM #2 10 (+3) 212,438 |0.144 |0.337
All densities (zeroes & nymph & Adult)

GLM #1 27 374,015 | 0.144 |0.548
GLM #2 10 365,083 | 0.107 |0.559
GAM #1 27 (+3) 369,318 | 0.286 | 0.544
GAM #2 10 (+3) 371,027 | 0.271 | 0.549

Table 2. Performance metrics for the various statistical models used to estimate density of Chortoicetes
terminifera. In the number of variables column, (+ 3) relates to the inclusion of space (latitude and longitude)
and time (day of the year). The bold values GAM (#1, all densities) represents the model used in Fig. 4 for
spatial estimations, while the italic values GAM (#2) is shown in Fig. 2 for interpretation purposes.

We use a training/validation split of 80:20%, and tenfold cross-validation for our GLM (Table 1). The train-
ing set corresponds to a (randomly) sampled fraction of all the data on which our models are trained or fitted.
Their performance is then assessed on a separate validation set that the models had not been trained on. Cross-
validation algorithms similarly divide the data, although it was restricted to the model training step, and a means
to avoid overfitting. The data for the training and test set are randomly sampled from all the available survey
locations and time. This effectively means that our models are trained on 72% of the data, tested on a different
8% ten times over until a best model was found. Our final model performance is assessed on the remaining 20%,
which was completely unknown to the model though still correlated with the training dataset.

We performed feature selection using four Generalized Linear Model (GLM)*” algorithms. These include
standard GLM, lasso and ridge regression®® and stepwise regression using the Akaike Information Criterion
(StepAIC)*. The Variable Importance (VI) was derived using Student’s #-statistic, normalized so that all VIs
summed to 100%. Once we had narrowed down a subset of 10 useful covariates, we built GLMs and GAMs, which
we compared using three metrics: the Akaike Information Criterion (AIC), R-squared (R*) and the Root Mean
Square Error (RMSE). We also use this subset to interpret the relationships between abundance and covariates
(Fig. 1, as well as Supplementary Material Figures S1, S2, and S3).

Generalized Additive Models (GAMs) were built using a specialised numerical implementation for large
datasets*. The use of GAMs allowed us to include non-linear interactions between the covariates and the esti-
mates (C. terminifera densities). These models were configured such that the response functions were taken
from the negative binomial family, with a square-root link function. We use a space-time tensor (a 3D matrix
to represent the effect of location and time-of-year) that varies with (unscaled) longitude, latitude, and day of
the year. In essence, this tensor represents the (interacting) contribution of location in space and time to our
models, and also highlights spatial and temporal correlation patterns in the data we used. For further details and
mathematical formulae, we point the reader to our Supplementary Material and Eq. 1 in particular. All other
variables were implemented using spline smooths, with no interacting covariates. For instance, the temperature
has no effect on the model fitting of the vapour pressure, and vice versa.

Results

Statistical models. Based on four GLMs commonly used for feature selection, we explored the most signif-
icant model variables (Table 1). From these we selected 10 covariates: prior rainfall and maximum temperature
(60-day mean), the number of days above 42 °C, prior vapour pressure (60-day mean and max, 10-day mean),
the incoming solar radiation (10-day mean), the current daylength, NDVI value (index between 0 and 1) and
soil sand content (as a % of soil content; Table 1). These 10 covariates were either important to all methods as evi-
denced by their Variable Importance in Table 1, or deemed of particular ecological or logistical interest (NDVI
and soil sand content). In contrast, we removed 12 variables based on their low t-statistic across our four models,
their high correlations with other variables (see Supplementary Material Table S2) or on their lack of ecological
interest. This left our “full” models (#1 in Table 2) with 27 variables (so that with the 3D tensor, we had a total of
30 variables—note this choice was heuristic, and not based on hyperparameter optimization).

Table 2 shows the performance metrics of our models, for models with either a reduced set of covariates (#2,
the 10 grey and blue covariates in Tablel) or a full set (#1, the 27 not red covariates in Table 1). The GAM with
spatio-temporal tensor and all covariates (GAM #1) performed best explaining 28.6% of the deviance, while
the Nymphs-only GAM #1 model explained 46.1% of the deviance. Importantly, the nymph model was fitted
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using only the subset of surveys where nymphs were observed (8.25% of all data). The R? values in Table 2 are
somewhat small, which could be due to a noisy dataset and complexities that our models cannot account for. We
also introduced a random sampling to convert density classes into real densities (see supplementary material),
which caps our estimation power. Nonetheless, low R? values are common with abundance estimates®. Perform-
ing ranked correlation for our core model (GAM #1), we found a Spearman coefficient p=0.331 and a Kendall
coefficient T=0.237. The scatterplot in Supplementary Material Figure S5 illustrates these by highlighting the
model’s difficulty in accurately estimating high densities. This suggests our approach is unlikely to accurately
estimate outbreaks in the correct magnitudes.

Model interpretation and discussion.  These models can be leveraged to interpret the statistical relation-
ships between each of our covariates and locust densities, allowing us to infer the influence of the covariate on
the ecological niche of C. terminifera. In the case of linear relationships between covariates and locust density,
this is readily visible through the GLMs presented in Table 1, where the coefficients columns show whether the
covariate encourages (positive coefficients), or discourages (negative coefficients) high densities of C. terminif-
era. Hence, we observe some broad relationships: populations are higher when daylengths exceed 12-h (spring
and autumn) and vapour pressure is high (reflecting humidity). In contrast, the long-term mean maximum
temperature is likely to have a negative impact on locust densities. This may reflect seasonality of rainfall, as well
as heat-related mortality.

However, there are important caveats to interpreting linear coeflicients in isolation. Firstly, our statistical
method compounds the influence of each covariate, which is problematic when using many variables. Secondly,
these models are best at identifying linear relationships between covariates and estimates. In contrast, GAMs
account for non-linear relationships better. To address both of these issues, our model interpretation will focus
on the response curves of a GAM with a reduced set of the 10 most influential covariates (GAM #2 in Table 2),
6 of which we show in Fig. 2 and use in our interpretation.

Figure 2 illustrates six covariates that are of particular interest, in zones of low uncertainty, while Supplemen-
tary Material Figure S1 and S2 use all 10 covariates and include zones of large uncertainties, and Figure S1 focuses
on Nymphs. Lastly, Supplementary Material Figure S3 shows the spatio-temporal tensor of both of our GAMs
(for nymphs only and all C. terminifera lifestages). In the smooth term contribution to fit of Figs. 1, S1 and S2,
a positive response (y-axis above 0) indicates a corresponding increase in the density estimate, while a negative
response would decrease it. In the case of Supplementary Material Figure S3, this is shown through the colours
(or z-axis), going from red for a negative response, to yellow for a positive one. Additional information to aid
in interpreting and understanding our GAMs and these Figures can be found in the Supplementary Material.
Note that while daylength is identified as being very important in Table 1, it does not contribute as strongly in
the GAM. This is because daylength varies with latitude and time of the year, which are already accounted for
by our spatio-temporal tensor. Figure 2 also includes the uncertainty in the relationships between covariates and
estimate with shaded areas (representing 2 standard deviations). Model uncertainty could be related to uncer-
tain relationships and/or lack of data. To aid interpretation in Fig. 2, we restrict our figures to regions where the
standard error is less than the estimated response. To further simplify the interpretation, particularly for the
figures in the Supplementary Material (Figure S1 and S2), we suggest focusing on areas with low uncertainty
(narrow shaded area), and to assess whether the covariate encourages (positive values) or discourages (negative
values) abundance of C. terminifera.

The relationship between the 10 covariates identified and C. terminifera abundance reflects the current under-
standing of habitat productivity and ecophysiological limitations in the biology of locusts in Australia: higher
rainfall over the long-term and high vapour pressure (through humidity) increases the amount of food resources
available for locusts*!. High vapour pressure generally means higher relative humidity, although this relationship
is confounded by temperature. Interestingly, both long-term daily rainfall (60-day mean) and vapour pressure
(60-day max) show a peak of around 4 mm day ™ and 18 hPa respectively. This may reflect that some rainfall and
humidity is beneficial to C. terminifera population growth, up to a threshold where conditions would become less
hospitable. This pattern is consistent with the Law of Tolerance*?, which states that organisms have environmental
or biophysical thresholds (minimum, maximum and optimum) which determine their success. Meanwhile, Xeric
conditions (low rainfall and vapour pressure) are associated with lower density locust populations, which may
be related to reduced food availability.

Supplementary Material Figure S1 and S2 show divergent relationships with NDVI between adults and
nymphs, with larger adult populations at very low and high NDVT, where suitability peaks around 0.25 before
decreasing up to 0.6 and then increasing again. This bimodal response suggests that there is a confounding effect
in the response of C. terminifera abundance to NDVI. This may be the result of high NDVI vegetation types,
such as forest, being largely avoided for oviposition. Such confounding interference could perhaps also come
from spatial or temporal mismatch, for example, due to migration: the abundance of a cohort of locusts that has
migrated into a region was not dependent on that region’s observed characteristics, but on that of the region
from which they originated. Seasonal trends in NDVI have already been used to monitor locust habitat*>. Our
analysis also shows that sandy soils and areas with high NDVI (a proxy for vegetation cover) rarely support a
high density of nymphs, which we interpret as these areas being unlikely oviposition sites.

Daily maximum temperature (60-day mean) is associated with decreased abundance of C. terminifera popula-
tions. Woodman?* studied the negative effect of very high temperatures (>45 °C) on first instar nymph survival
rate, but also posited that C. terminifera are robust to high temperatures alone. This is reflected in the positive
impact of number of days above 42 °C on C. terminifera abundance. Note these relationships between tempera-
ture and C. terminifera abundance may also reflect seasonality. Finally, sunlight (10-day mean solar radiation)
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Figure 2. The response curves of our “all densities” GAM (GAM#2 in Table 2) for a reduced set of 6 variables
of ecological importance. Note the varying y-scales. Our biophysical values (x-axis) were bound by a signal to
noise ratio of 2 (standard error less than half the response curve). The solid line shows the model fit, and the
shaded area shows 2 standard deviations. Notwithstanding the influence of other covariates, these plots can be
used to interpret the apparent influence of each covariate on the observed abundance of Chortoicetes terminifera.
A positive smooth contribution corresponds to higher estimated abundance, a negative one to lower abundance.
Large shaded areas can be due to an uncertain relationship, or a lack of data. A null response (y=0) is shown
with a dashed line to facilitate interpretation. This figure can also be viewed as what the function that relates
each covariate (independently) to the density of locust would look like.

appears to promote the abundance of C. terminifera, likely by enhancing plant productivity or increasing the
period locusts can optimise body temperature by basking.

Lastly, the biases in the magnitude of our predictions can be assessed in Fig. 3 and Supplementary Material
Figure S6. Of particular relevance when predicting outbreaks, the model performs best when estimating densities
around 0.6 individuals per m?, and is less accurate for low (zero in particular) and high densities. In part, this
model bias can be explained by the fewer surveys of high densities (see Supplementary Material Table S1). Due
to the use of a 6th root transform, these effects drastically impact the estimate of high-densities. We also note our
models are not able to replicate zero densities, which is consistent with the type of model used. Future approaches
that leverage zero-inflated distributions might be able to address this. Note the “Nymphs Only” models do not
have this zero-inflation (this is a result of survey design, not population dynamics). This also explains the higher
performance of the Nymphs model. While our models were able to reproduce the general increase of population
numbers with environmental conditions, they underestimated the sharpness of this increase.

Mapping our estimates. The statistical models we developed allow us to use environmental covariates to
estimate abundance of locusts at any location within eastern Australia. Figure 4 shows the estimated density of
locusts throughout eastern Australia for three days in 2010 during an outbreak season. Locations that were never
visited by Australian Plague Locust Commission (within 50 kms) were excluded. The figure was produced lev-
eraging the Vizumap package for R***. By merging the modelled estimates of C. terminifera abundance and the
uncertainty therein, we can interpret model results and confidence levels. The uncertainty component includes
both the standard error from the model, as well as that due to the random sampling to convert survey density
classes into abundance of C. terminifera. See Supplementary Material for more details.

Model estimates of spatial patterns differ across January-February in 2010. In Fig. 4, we illustrate this by
showing dates a few weeks apart, with distinctive patterns in estimated densities. Overall, the model’s highest (and
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Figure 3. A scatterplot showing observed vs predicted densities for our model of all locust lifestages. The
dashed line shows the identity line (observed equals estimated). We can see the model tends to overestimate
densities below 0.6, and zero densities in particular. In contrast, the model strongly underestimates the densities
above 1.

most uncertain) C. terminifera density estimates tend to be located in south-eastern Australia. As time progresses
from the 7th of January to the 11th of February, our model estimates an increasing locust population in the North,
with higher numbers on the 11th of February, albeit with higher uncertainty. This is reflected through yellow
tones, leading to more brown for high density estimates and yellows for low-density yet uncertain estimates.

Our method is somewhat sensitive to the APLC field survey protocols, notably through: (1) the random
uncertainty introduced by sampling from abundance categories, and (2) the spatio-temporal coverage of the
surveys. Surveys were focused on areas considered likely to host C. terminifera and as a consequence our statisti-
cal models may overestimate their range of habitats. The high estimates in south-eastern and northern Australia
may be an artefact of this survey bias, which can be seen in Fig. 2 as areas surveyed less often or not at all. To
allow readers to explore the differences between the survey and our model’s estimates, we included additional
figures in the Supplementary Material. The geographical differences can be explored in the map of Root-Mean-
Squared-Error in Supplementary Material Figure S5.

Conclusions
Quantitative predictive models of Locust abundance could lead to improved management decisions and positive
impacts on Australian agriculture. In this study we show how statistical models can help estimate Locust abun-
dance on a large scale that is relevant to coordinated broadscale area-wide pest management. Furthermore, we
modelled abundance as a continuous variable (locust density) rather than a density category (absence-presence-
swarm). Continuous variables such as this are more representative of the population dynamics at play within
the landscape. By tracking covariates at each survey site in daily timesteps, we build models that represent the
biophysical influences onto locusts with as fine a detail as possible.

Our models show that environmental covariates alone can be used to forecast the abundance of locust with
a reasonable amount of skill. We found better performance when modelling nymphs (R? = 0.461) rather than all
lifestages of locusts (R? = 0.286). This may reflect the stronger dependence of nymphs on their local environment,
as well as the dispersion capabilities of adult locusts. Locust abundance appears to follow non-linear relationships
with our covariates, which is illustrated by the better performance of GAM rather than GLM (R? = 0.144 for
all lifestages, R? = 0.311 for nymphs). The response curves shown in Fig. 2 (as well as S1 and S2) highlight how
each independent variable influences estimates of locust densities. This may include windows of environmental
conditions favourable to locust population growth. For example NDVT around 0.25 favours higher locust abun-
dance, echoing previous findings*>*S. We then leverage that model to estimate locust abundance across eastern
Australia during the 2010 season. Figure 4 illustrates how our statistical models can be used to not only estimate
areas of outbreaks, but also to assess the associated uncertainty in these estimates.
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Figure 4. Model estimates of abundance of Chortoicetes terminifera throughout eastern Australia for three days
in 2010 shown through bivariate maps of our GAM (GAM #1 with Adults and Nymphs, blue shade in Table 2)
displaying both the density of locust and associated uncertainty (as a fraction of the estimated abundance). Our
estimates are restricted to locations within 50 km of sites that were surveyed at some time. Bright blue areas
correspond to estimates of high density with low uncertainty, bright yellow to high uncertainty and low density,
grey (blue + yellow) to high density with high uncertainty. Maps produced in R (v3.6.0) with the ggplot and
VizuMap libraries (see https://cran.r-project.org/ and *4).

Our models may be improved by including more covariates, or more likely the interaction between covari-
ates, for instance temperature and vapour pressure. While our study looked at the surveys from all of Australia,
our approach could be used for regional subsets, for more accurate local estimates in regions of particular
interest. Another improvement could be the inclusion of ecological processes such as locust migration, or the
abundance levels of previous generations. This could account for the compounding nature of population growth,
and improve the estimates of low and high abundance levels. The higher performance of our model at estimating
the density of nymphs suggests that environmental variables, at least the ones we include, are more important
to the development of C. terminifera nymphs than adults. This might be related to the dispersal ability and
more ubiquitous distribution of adult locusts, and the specificity of local habitat conditions for egg and nymph
survival. We note that state-space models'® could be suited for modelling these processes explicitly. The higher
performance of the nymph-only model may also reflect the greater sensitivity of nymph populations to their
environments than adults'.

We recommend three avenues to improve the estimates of locust abundance in eastern Australia. Firstly, a
Machine Learning approach could yield better performance at modelling locust abundance or outbreaks'. Care
should be taken when interpreting such models however, as Machine Learning can be unsuitable for inference?’.
Secondly, ongoing and historical surveys could be included when estimating abundance, either as statistical
covariates or through a data assimilation framework. Note this would be less useful for forecasts or for estimates
in areas where surveys are rare. Thirdly, more abiotic covariates may be included to improve model fit. This could
involve high-resolution soil moisture data from satellites, as soil moisture impacts egg laying, egg quiescence
and nymph survival through food availability*®. While our models did not identify NDVI as a key variable, other
measures of vegetation productivity such as Fraction of Absorbed Photosynthetically Active Radiation (FAPAR)*
or tree cover data may be important covariates, as vegetation type may reflect different foods available to locusts
at each life-cycle stage. Lastly, future models could also include atmospheric patterns to reflect the long-range
dispersal of adult locusts by wind™.
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Here we demonstrate how a statistical framework may be used to leverage extensive survey efforts into esti-

mates of abundance. We show how non-linear statistical models forced by a suite of biophysical variables can
lead to more accurate estimates of locust abundances than equivalent linear models, highlighting their potential
to assist pest management decision-making. We explore the use of bivariate maps to display not only abundance
estimates, but also confidence levels. Including uncertainties in our models can aid judgement in their use for
operational purposes, and in their inclusions into forecasts for pest management.
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