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Abstract

Inter-specific interactions can influence species’ activity and movement patterns. In particular,
species may avoid or attract each other through reactive responses in space and/or time.
However, data and methods to study such reactive interactions have remained scarce and
generally limited to two interacting species. Nowadays, the deployment of camera traps opens
new opportunities but adapted statistical techniques are still required to analyze interaction
patterns with such data. We present the multivariate Hawkes process (MHP) and show how it
can be used to analyze interactions between several species using camera trap data. Hawkes
processes use flexible pairwise interaction functions, allowing us to consider asymmetries and
variations over time when depicting reactive temporal interactions. After describing the
theoretical foundations of the MHP, we outline how its framework can be used to study
inter-specific interactions with camera trap data. We design a simulation study to evaluate the
performance of the MHP and of another existing method to infer interactions from camera
trap-like data. We also use the MHP to infer reactive interactions from real camera trap data
for five species from South African savannas (impala Aepyceros melampus, greater kudu
Tragelaphus strepsiceros, lion Panthera leo, blue wildebeest Connochaetes taurinus and
Burchell’s zebra Equus quagga burchelli). The simulation study shows that the MHP can be
used as a tool to benchmark other methods of inter-specific interactions inference and that this
model can reliably infer interactions when enough data is considered. The analysis of real
data highlights evidence of predator avoidance by prey and herbivore-herbivore attraction.
Lastly, we present the advantages and limits of the MHP and discuss how it can be improved
to infer attraction/avoidance patterns more reliably. As camera traps are increasingly used, the
multivariate Hawkes process provides a promising framework to decipher the complexity of

interactions structuring ecological communities.
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1 Introduction

Inter-specific interactions affect many aspects of ecological communities. For instance, they influence
ecosystem services (Valiente-Banuet et al., 2015), species assembly via biotic filtering (Ovaskainen et al.,
2017) and the behavior of interacting species. In particular, interactions are one of the factors that structure
the way in which animal species move in the landscape and adjust their habitat choices or activity times
(Palmer et al., 2022). Mobile animals can respond to interactions by avoiding or seeking proximity with
individuals of other species, depending on the positive or negative outcome of the interactions. For
instance, prey can avoid their predators (Say-Sallaz et al., 2019), competing species can avoid each other
(Cornhill et al., 2022; Searle et al., 2021), or herbivores can forage together to reduce predation risk or
increase access to preferred foraging resources (Beaudrot et al., 2020). In this paper, we will use the term
“interaction” to refer to the attraction or avoidance of a species by another one, even though “interaction”
also refers to the underlying process to the attraction/avoidance pattern.

These interactions (as defined above) can occur in space and/or time, at different scales. Species can adjust
their space use in response to the expected distribution of other species (proactive spatial interaction,
Palmer et al., 2022). Species can also alter their daily activity patterns (e.g. Karanth et al., 2017) in
response to other species (proactive temporal interaction). However, some species could also exhibit a
reactive response to the presence of other species, i.e. change their behavior in response to the actual
presence of a species sometime before at a given location (e.g. Karanth et al., 2017; Parsons et al., 2016).
This type of response could be mediated, for instance, by olfactory (Cornhill and Kerley, 2020; Kuijper

et al., 2014) or auditory cues (Hettena et al., 2014). Investigating these reactive interactions is particularly
promising as it allows us to identify fine-grained patterns that could be missed by approaches aggregating
data in space or in time (Cusack et al., 2017; Frey et al., 2017; Parsons et al., 2022).

Investigating such fine-scale responses is very challenging, as it requires an intensive sampling effort to
monitor multiple species in space and time. In this context, camera traps open new opportunities to study

the spatial and temporal activities of multiple species (Caravaggi et al., 2017). Camera trap arrays allow for
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the collection of multiple species occurrences and, therefore, the monitoring of entire communities for large
areas continuously in time (Pardo et al., 2021). Hence, camera traps can produce massive amounts of data
and offer new possibilities to study interactions between several species at multiple scales. Moreover, they
are relatively cheap and easier to set up than classical fieldwork survey techniques (e.g. transects),
especially for rare or elusive species or in remote areas. As camera traps become more affordable and
automated species identification methods from pictures are being developed with deep learning, camera
trap data (and other passive sensors data) will likely become more abundant in the future (Caravaggi et al.,
2017).

With camera trap data, interspecific interactions are mostly studied at a broad spatial or temporal scale. To
do this, data are often aggregated so that either the spatial or the temporal aspect is completely ignored.
There are two main approaches for this purpose: comparing species’ daily activities patterns (Ridout and
Linkie, 2009) or spatial occupancy patterns (e.g. with the multispecies occupancy model of Rota et al.,
2016). Such methods provide a measure of the proactive attraction or avoidance strategy, with species
adapting their space or time use in anticipation to other species’ presence or absence (Palmer et al., 2022).
However, other approaches have combined spatial and temporal aspects to infer reactive
attraction/avoidance strategies (frequently called spatio-temporal interactions in the literature (Karanth

et al., 2017; Murphy et al., 2021; Niedballa et al., 2019; Prat-Guitart et al., 2020)). Most methods using
camera trap data quantify only the temporal aspect of reactive interactions: therefore, we will call the
inferred patterns reactive temporal interactions. The majority are based on the computation of time
intervals between the detections of two species at a given place (e.g., Harmsen et al., 2009): here, we call
this family of methods inter-event times methods. The distribution of time intervals can then be contrasted
according to the order of appearance of species (Parsons et al., 2016; Prat-Guitart et al., 2020) or
summarized by a statistic that is compared to values obtained under a null model (usually data permutation,
Cusack et al., 2017; Galindo-Aguilar et al., 2022; Karanth et al., 2017; Murphy et al., 2021). For a

comparison of different approaches to infer reactive temporal avoidance with time interval measures, see
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Niedballa et al. (2019). Other more recent approaches use point processes, which allow us to integrate
temporal dependence in a model-based framework (Kellner et al., 2022; Schliep et al., 2018).

Although all methods described above are useful to study reactive interactions, they usually focus on pairs
of species and can therefore be unsuitable for studying complex interaction networks. For instance, these
methods can identify spurious interactions between two species if other species are involved in the
interaction network but not considered in the analysis. Moreover, they summarize the effect of a species on
another one by a single value (e.g., the median of the time interval, Karanth et al., 2017), thus ignoring the
multiscale and possibly time-dependent changes in the attraction/avoidance patterns (but see Cusack et al.,
2017).

In this paper, we propose the multivariate Hawkes process (MHP) (Hawkes, 1971; Lambert et al., 2018) as
a modeling framework to infer reactive interactions between multiple species from passive sensors such as
camera traps. Hawkes processes belong to the family of point processes which allow for the analysis of
species capture events in continuous time, thus avoiding any data aggregation procedure. In Hawkes
processes, species’ interactions are modeled as pairwise interaction functions which depend on the time
elapsed between species detections. The MHP used in this article is generative and offers the possibility to
simulate occurrence data, given parameters specification. It also comes with an inference procedure which
allows to adjust the pairwise interaction functions from observed data. It deals properly with indirect effects
caused by species interaction chains, thus minimizing the risk of inferring spurious interactions. We believe
that this model is a useful conceptual framework which is is well-suited for assessing reactive temporal
interactions between species. We first present the Hawkes process and how it can be used to analyze camera
trap data. Then, we describe the MHP used in this article, which was developed by Lambert et al. (2018)
and implemented in the R package UnitEvents (Albert et al., 2021). We then show how this model can be
used to simulate data to evaluate the performance of statistical methods or to infer interactions from camera
trap data. We also apply the MHP on real camera trap data from the Snapshot Safari monitoring program

(Pardo et al., 2021) to infer reactive temporal interactions between five mammal species. Finally, we
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discuss on the usefulness of the MHP and the perspectives on how to develop this model further.

2 Material and methods

All analyses were performed using R statistical software (v4.3.0; R Core Team, 2023) and the code and data

(Nicvert et al., 2023) are available at https://doi.org/10.6084/m9.figshare.24552157.v3.

2.1 Model: the multivariate Hawkes process (MHP)

Hawkes processes are a family of point processes used to describe dependencies between punctual events.
These processes belong to the class of self-exciting point processes for which the probability of occurrence
at time ¢ depends on the previous events occurrences. The first Hawkes process was introduced in 1971 by
Alan G. Hawkes (Hawkes, 1971). Originally applied to model aftershocks following earthquakes (e.g.
Ogata, 1988), Hawkes processes have been applied in various fields (Reinhart, 2018), for instance to model
crime recurrence in cities (Mohler et al., 2018), the evolution of prices on the stock market (Hawkes, 2018)
or the transmission of action potentials in a network of neurons (Reynaud-Bouret et al., 2013). Theoretical
properties of Hawkes processes have also been thoroughly studied, and numerous extensions have been
proposed.

Throughout this article, we define an occurrence as a detection of an individual at a camera at a given time,
and we do not take imperfect detection into account. To describe the model, we consider data on the
occurrences of .S species collected on C' cameras. In our framework, the data collected on C' cameras are
seen as C' independent realizations of the MHP. Let 7" denote the m-th instant of punctual occurrence for
species ¢ at camera [. Let Nil be the total number of occurrences for species ¢ at camera [. We model the
occurrence times (T%)mzl...]\ff, i=1..5, 1=1...c as C realizations of a MHP.

To model punctual occurrences, point processes use a latent intensity function, which is a measure of the
rate at which events occur in time. When modeling species occurrences from camera trap data, the intensity

for a given species represents the rate at which this species occurs at a camera. For species ¢, the intensity
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)\ﬁ(t) at camera [ is formally defined as (Daley and Vere-Jones, 2003):

li
AL = L s 7 OF
! 6—0 0

)]

where n!

Jt,4+0] is the number of points occurring between times ¢ and ¢ + ¢ for species ¢ at camera [ and § is

an infinitesimally small amount of time. Informally, the intensity of a point process multiplied by a small
amount of time can be viewed as the probability that there will be at least one point occurring around time ¢.
In this article, we use the R package UnitEvents (Albert et al., 2021), available at
https://sourcesup.renater.fr/frs/?group_id=3267, to simulate and infer MHPs. UnitEvents is only available
on Linux and Mac OS. However, in the code and data repository for the article (Nicvert et al., 2023), we
provide a Dockerfile allowing to run the analyses from any operating system (including Windows).
UnitEvents implements the MHP described in Lambert et al. (2018). In this framework, the intensity of

species ¢ seen on camera [ for a Hawkes process with .S interacting species is written as:

S
Mey={vi+> > fimilt—T4) )

— -
J 1m\T,ﬂ<t n

where )\ﬁ(t) represents the intensity for species ¢ (as defined above) at camera [. v; is a positive parameter,
the background rate: it represents the basal intensity of species 7 (in time™!, e.g., day~!) unrelated to
previous occurrences. For instance, v; would be low for a rare species and higher for a common species.
fj—i is the interaction function which represents the influence of an occurrence of species j on species 7 as
a function of time delay: positive values of f;_,; represent an attraction of species ¢ by species j, negative
values represent a repulsion and null values independence. In the case j = 4, the function f;_,; represents
the interaction between individuals of the same species <. In that case, we will call f;_,; the auto-interaction
function: it could reflect for instance the fact that some species are solitary or gregarious. f;_,; are defined

as piecewise constant functions with K time bins of equal length §:
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where 1), _1)s, 15] denotes the indicator function between delays (k—1)d and k6. The K coefficients a
represent the average number of occurrences of species ¢ gained (if positive) or suppressed (if negative) by
an occurrence of species j in the k-th interval after this occurrence of species j.

In this framework, f;_,; can take negative values, thus allowing to model repulsive effect of species j on
species 7. As the intensity )\é must be positive by definition, Equation (2) includes a positive part (-).
However, for mathematical reasons, in the following developments we will assume that the negative values
of f;_; are never too strong so that the intensity never becomes negative, and the positive part is not
needed. To enforce this assumption, the repulsion terms can only be as strong as the other terms making up
the total intensity.

Figure 1 illustrates a realization of a MHP with five species (measured at a single camera) simulated with
UnitEvents. In this example, some species attract each other (see the interaction network on Figure 1a)
with the same decreasing discrete exponential interaction function with K = 12 time bins of width § = 4
hours (Figure 1b). The background rate is the same for all species and is fixed to 0.2 occurrences day .
The right panel (Figure 1c) shows the simulated species occurrences and associated intensities over time.
When nothing happens, the intensity is fixed at the background rate. When an attracting species occurs, the
intensity of the attracted species peaks, making an occurrence more likely. For instance, each occurrence of

species s; gives rise to a peak in the intensity of s3. Moreover, when several attracting events occur, the

interaction functions add up, which makes the occurrence of the target species even more likely.

2.2 Model inference
The inference procedure implemented in the UnitEvents package is a fast and scalable LASSO-penalized
(least absolute shrinkage and selection operator) least-squares criterion. It allows to estimate a single MHP

from C' realizations (in our setting, this corresponds to C' cameras).
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Let (B4, ...,8g) denote the parameters of interest for each species i= 1, ..., S. Each 3; is a vector of size
1 4+ SK containing the background rate of species ¢ (;) and the parameters of the interaction functions
targeted to this species 7 for the .S species and the K bins: 3; = (v, (af_ﬂ.)j:lm& k=1..x)- Each 3, is

estimated as:

C C
B; = arg min LASSO(B;) where LASSO(B;) =-2) "B, + BT Y GBi+2d13] @
: 1=1 1=1

——

least-squares penalization

where 7 denotes transposition and |3, is the vector containing the absolute values of the coordinates of 3;.

bé is an observable vector of size 1 + S K. If camera [ is active between times «; and 7;, then

m .
1 1 l li
bi = <J\/Y27 (/ n[i*kﬁ, t—(k—1)d] dnt> ) . (5)

Its first value is the total count of species 7 observed on camera [. The other values represent the total
occurrence counts of the species j observed in the k-th bin before the occurrences of species ¢ at camera /.

G is also an observable matrix defined as:

m
Gl = / el dt (6)

l

where cft is a vector of size 1 + SK defined as ci = (1, (nﬁ_k& t_(k_1)5]>j:1...5’, kl...K) Its first value
is 1 and other values represent the occurrence counts of species j occurring on camera [ in the k—th bin
before time ¢.

The term 2d. |3;| of Equation (4) corresponds to the LASSO penalization: it can make some parameter
values shrink to zero and thus avoid overparameterization. The strength of this LASSO penalization is
controlled by the weights vectors d;, which are computed from the data and tuned by a unique user-chosen

parameter v (equation derived from Lambert et al. (2018) adapted from Hansen et al. (2015)):
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The choice of a suitable value for -y is crucial for model selection, because ~y ensures that only relevant
nonzero parameters are kept in the model. However, choosing a good value for -y is difficult: it has been
evaluated by simulations in Lambert et al. (2018) and Hansen et al. (2015), and we proceeded likewise in
this article.

In the current implementation of UnitEvents, three flavors of the LASSO penalization are available. We
choose the "Bernstein Vanishing LASSO" (BVL), where the penalization in Equation (4) is first applied to
discard weak interaction parameters. Then, the estimates of the remaining non-null parameters are obtained
by minimizing the least-squares criterion. Lastly, an additional step is introduced to remove parameters
smaller than a data-computed threshold (see Lambert et al., 2018, for details and justification).

In the implementation of UnitEvents, the bins width § and the number of bins K for the interaction
functions are fixed by the user, who also needs to choose a value of  a priori. The other parameters

(interaction functions coeflicients aé? _,; and background rates v;) are fitted as described before.

2.3 Simulation study
We generated camera trap-like data under the MHP and used these simulated data to (i) evaluate the

performance of a method and (ii) tune the penalization parameter for inference on real data.

2.3.1 Simulation parameters

For these two objectives, we conducted two sets of simulations in the same conditions. We considered an
interaction network with five species s;—1..5 where s attracts s and ss attracts sg and sy (network from
Figure 1a). This network represents a difficult case as an inference method should detect direct interactions,
but not spurious indirect interactions (e.g., s; — s3) and identify that species s5 is not interacting with

others. In this simulation, we define the true interactions by decreasing exponential functions until two days:

10



223

224

225

226

227

228

229

231

232

233

234

235

236

237

239

240

241

242

243

244

a exp (711(1)(3) t) ift <2

f(t) = ' (®)
0 ift >2

where a is the interaction strength. The half-life of this function is the denominator of the decrease rate, so
that this function will reach half of its initial value at ¢ = 0.5 day. The interaction strength a for the true
model varied from 0.01 to 1 day™!. Here, the interaction strength represents the maximum intensity of the
pairwise interaction function for ¢ = 0. An analogous interaction function is shown in Figure 1b with a = 1
and with discrete bins. The background rate was fixed at 0.1 day! for all species.

The simulated trapping length varied from 20 to 500 trapping days for each camera over 25 cameras
(making up to 12 500 trapping days in total). For each condition, 30 different data sets were generated to
evaluate the variability of the inference.

We evaluated the performance of the inference by computing the true positive and true negative rates. The
true positive rate is the proportion of inferred nonzero interactions over the count of true nonzero
interactions. The true negative rate is the proportion of inferred null interactions over the count of true null

interactions.

2.3.2 Evaluating a method to infer reactive temporal interactions

We illustrated how synthetic data generated with the MHP can be used to evaluate the performance of a
method to infer inter-specific interactions, considering the inter-event times method of Murphy et al.
(2021). We applied the method of Murphy et al. (2021) on simulated data (simulation settings are
described in Section 2.3.1). This method consists in computing the median time between directed pairwise
species occurrences (excluding pairs from the same species) for observed and randomly permuted data (999
permutations). The permutation procedure involved randomly changing the cameras’ labels of species
occurrences (for details, see Murphy et al., 2021). Finally, the statistical significance of interactions was
estimated by comparing the median time for observed and permuted data. We used a significance threshold

of 5 % with a Holm correction for multiple testing.
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2.3.3 Choice of the penalization parameter

To choose the best penalization parameter - in the context of interactions inference, we used a simulation
approach (simulation settings are described in Section 2.3.1). We inferred MHPs with different values of v
(between 0.3 and 1) from the simulated datasets. For the inference parameters, we chose K = 12 bins of
width § = 4 hours (2 days in total, corresponding to the length of the simulated interactions functions).
Then, we defined any inferred interaction function as null if all bins were zero over the function’s support,

and non-null if at least one bin was not null.

2.4 Application: analysis of interactions between five species in the African

savanna
We used the MHP to infer interaction functions between five species of the southern African savanna:
impala Aepyceros melampus, greater kudu Tragelaphus strepsiceros, lion Panthera leo, blue wildebeest

Connochaetes taurinus and Burchell’s zebra Equus quagga burchelli.

2.4.1 Data collection

Camera trap data were collected as part of the long-term Snapshot Safari monitoring program (Pardo et al.,
2021). Snapshot Safari is a network of camera trap grids set up in more than 30 locations in southern
Africa. The camera trap design consists in grids of 5 km? in each location, in which cameras were fixed at
about 50 cm high. Cameras were automatically triggered by motion or heat using passive infrared sensors.
Each camera was programmed to take a series of three images within 1-5 seconds of each other by day, and
only one image by night to minimize disturbance occasioned by white flash. For this analysis, we focused
on six camera trap grids in the savanna biome in northern South Africa: the Associated Private Nature
Reserves (around Kruger National Park), Kruger National Park, Madikwe Game Reserve, Pilanesberg

National Park, Somkhanda Game Reserve and Venetia Limpopo Nature Reserve (see Figure 2).
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2.4.2 Data pre-processing

Pictures were classified by citizen science using the Zooniverse platform (www.zooniverse.org), where
pictures were available online and annotated by more than 150 000 volunteers (see Pardo et al., 2021, for
more details).

For this analysis, we filtered out cameras where capture events were too rare (less than 2 pictures in total or
less than 1 picture every 30 days on average). We did not filter for independence between occurrences of
the same species. However, since the Hawkes model does not allow two capture events to occur
simultaneously, if two or more individuals of different species were seen on the same capture event, their
occurrence time was randomly shifted from one minute in advance to one minute later. For multiple
individuals of the same species seen simultaneously, the occurrences of the individuals were counted as a
single event (i.e. an occurrence corresponds to an individual or a group of individuals of a given species).
After the filtering procedure, there were 72 703 occurrence events (corresponding to 70 409 unique
pictures) collected on 179 cameras in total. Cameras were active during 503 4= 224 (sd) days on average
(min: 19 days, max: 851 days), amounting to 90 176 trapping days on all cameras. All pictures were taken

between June 2017 and November 2019.

2.4.3 Parameters inference

We inferred the parameters of a MHP using interaction functions defined by K = 6 bins of 6 = 6 hours (36
hours in total). This parametrization should allow us to capture the dynamics of reactive temporal
interactions with enough granularity while keeping a relatively low number of parameters to estimate to
allow reliable inference. Using results of the simulation study (see Section 3.1.2), we decided to set the

value of the penalization parameter ~y to 0.5.
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3 Results

3.1 Simulation study

3.1.1 Evaluating a method to infer reactive temporal interactions

We used data simulated under the MHP to evaluate the method of Murphy et al. (2021). As expected, the
ability to detect interactions (true positive rate) increases with the strength of the interactions (Figure 3).
Provided the interaction strength a is big enough (at least 0.1 day™!), the ability to detect interactions
increases with the number of trapping days, which indicates that a significant sampling effort is required to
infer interactions from camera trap data (at least 300 trapping days for 25 cameras when the interaction
strength is above 0.2 day™'). More surprisingly, when the interaction strength is high (at least 0.5 day™!), the
true negative rate decreases with increasing sampling effort. This indicates that the method wrongly detects
interactions between non-interacting species. Additional investigations (Appendix S1: Section S1) show
that these errors mainly concern the detection of spurious indirect interactions between species involved in

interaction chains (e.g., s; — $3).

3.1.2 Choice of the penalization parameter

The simulation study to find suitable values for the penalization parameter -y led to the results shown in
Figure 4. Unsurprisingly, the ability to detect true interactions (true positive rate) increases with the
number of trapping days and the strength of interactions. When the penalization is too low (y = 0.3; top
row), the model tends to identify interactions between non-interacting species (reducing the true negative
rate) but this problem vanishes when sampling effort increases. On the other hand, a high penalization

(v = 1; bottom row), moderately improves the true negative rate, but more importantly dramatically
hampers the ability to detect non-null interactions for small interaction strengths. A value of v = 0.5 seems
to be a good compromise allowing to efficiently detect true interactions when their strength is not too small

(at least 0.1 day™') but avoiding the identification of false interactions. It gives good results especially when

14
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the sampling lasts more than 400 trapping days per camera. Hence, we decided to use a penalization
parameter of v = 0.5 to infer the parameters of a MHP from real data (see Section 3.2). Lastly,
supplementary analyses show that the spurious interactions are randomly distributed and not biased towards

indirect interactions as with the inter-event times method (Appendix S1: Section S1).

3.2 Analysis of real data

We fitted a MHP using the occurrence data of five species (impala, greater kudu, lion, blue wildebeest and
Burchell’s zebra) collected with camera traps. Adjusting the model only took a few seconds on a personal
computer. The resulting interaction functions are shown in Figure 5 and the inferred background rates in
Appendix S1: Section S2.

Background rates represent the basal intensity for each species, independently of the others. They vary
greatly between species, with impala having a much higher background rate than other species (impala:
0.212 day!; zebra: 0.040 day™'; kudu: 0.035 day™!; wildebeest: 0.022 day™' and lion: 0.003 day™!). As
expected, they are strongly related to the total occurrence count of each species.

Regarding the interaction functions, the inferred parameters highlight a strong auto-attraction for the first
bin (0-6h), varying between 1.5 and 2.25 day™! depending on the species. Regarding the cross-species
interaction functions, many herbivores are attracted to each other. Impalas follow or avoid kudus
(depending on the delay), wildebeests and zebras; zebras follow impalas, kudus and wildebeests;
wildebeests mainly follow zebras. Other interactions between herbivores are negligible. These
herbivore-herbivore interactions are composed of a short-term attraction (during the first six hours after an
occurrence) and of a medium-term attraction (twelve to thirty-six hours after an occurrence), except
impalas that are not attracted by zebras on the short-term. Additionally, impalas seem to avoid kudus six to
twelve and thirty to thirty-six hours after an occurrence. We notice that these interactions are asymmetrical
(impalas and zebras follow other species much more than they are followed). Regarding prey-predator

interactions, lions do not follow or avoid any other species. Zebra and impala seem to avoid lion in the next
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6 hours following an occurrence of this predator. Finally, the inferred interactions are relatively robust to a
change in bin width, as we show in Appendix S1: Section S4, where we performed the inference on the

same dataset with different bins widths (3 and 9 hours).

4 Discussion

It is now well established that identifying the signature of inter-specific interactions from species
occurrence data is generally difficult (Blanchet et al., 2020; Popovic et al., 2019). However, camera trap
data provide additional information (time and order of occurrence of species) that can help to relate
occurrence patterns to underlying inter-specific interactions. In this context, the Hawkes model provides a
new theoretical framework to analyze species occurrences sampled in continuous time using camera traps.
This model aims to predict the probability of occurrence of a given species at a given time taking into
account the previous occurrences for several species. By considering the exact time at which species occur,
this model provides a detailed picture of species reactive temporal interactions under the form of interaction
functions (here, the term “interaction” refers to the attraction/repulsion pattern). These functions allow a
multiscale description of interactions as they characterize how the interaction strength varies with time,
contrary to other methods that provide a single measure of attraction/avoidance. Moreover, these functions
are directed: the inferred interactions can be asymmetrical, as expected for ecological interactions. The
toolbox associated to this model offers the possibility to generate data and design simulation studies or to
infer parameters from real data.

We used the multivariate Hawkes process to generate camera trap-like datasets with different properties
(sampling effort, strength of interactions) and showed how these simulated data can be used to evaluate the
performance of a method or to tune inference parameters. Both simulation studies demonstrate that camera
trap data can be used to detect reactive temporal interactions between species but this requires a substantial
sampling effort, especially when the strengths of interactions are low. In our simulation setup (five species,

background rates of 0.1 day™! and only attractions), results suggest that at least one year of sampling with
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25 cameras is required to obtain reliable inference, and this holds only if the interaction is strong enough
(interactions of strength 0.01 day! are not reliably detected in our simulations). These requirements would
probably be higher if more species were considered, especially for rare species (smaller background rate).
Hence, we agree with Schliep et al. (2018) that more data are needed to estimate reliable reactive
interaction patterns than to estimate species occupancy. In this context, the MHP provides a powerful
simulation tool to design and assess the quality of sampling protocols in camera trap studies by adopting a
virtual ecologist approach (Zurell et al., 2010). The simulation study also highlights the limits of methods
focusing on pairs of species to analyze interactions between multiple species. By focusing only on two
species at a time, these approaches are not able to disentangle direct interactions from indirect effects due to
other species in interaction chains (Appendix S1: Section S1). Moreover, the correction for multiple testing
we applied in our study was not sufficient to eliminate these spurious interactions, and we can assume that
this issue is more important in the literature when no correction is considered. As a consequence,
inter-event times methods tend to overestimate the number of interactions, especially when their strength is
high or the sampling effort increases. However, such spurious interactions were inferred only when we
simulated quite strong interactions, and more investigations would be needed to estimate the range of
interaction strengths we can expect in natural conditions. On the contrary, the Hawkes process used here is
multivariate by nature, so it works on all species simultaneously and thus allows to identify interactions
between two species conditionally to the other species, similar to graphical models in the context of
co-occurrence analysis (Popovic et al., 2019). This modeling approach thus provides a better picture of the
interaction network of the whole community.

The real dataset analysis shows how the MHP can be used to infer reactive interactions between five
mammal species from the African savanna. In our example, since we defined an occurrence as the presence
of an individual or a group of individuals, the values of the interaction functions represent the number of
individuals or groups of individuals that are attracted/repulsed by other occurrences, and the typical group

size to consider depends of the species. We identified strong auto-attractions for all species but also
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attractions between different herbivores and avoidance of lion by two herbivore species (impala and zebra).
Whereas it could be tempting to interpret these results as behavioral responses of species to an underlying
interaction (e.g. avoidance in response to predation), the Hawkes model only characterizes
attraction/avoidance patterns and particular care should be taken when interpreting these results, especially
since no covariates were included in this analysis. We discuss these different interpretations of the observed
patterns in terms of ecological processes below and we make suggestions to improve the MHP to untangle
the different hypotheses.

We identified auto-attractions for all species, indicating that the occurrence of a given species increases the
probability to have another occurrence of the same species at the same place. This could be due to the same
individual lingering in front of the camera, especially since no independence filter was applied (although
cameras are configured to pause for one minute between trigger events), or this could reflect sociality
among individuals, as an individual or a group may attract other individuals for gregarious species. This
could also stem from habitat selection processes, so that numerous subsequent occurrences could be
observed at cameras located in species’ preferred habitats. Lastly, circadian rhythms impose physiological
constraints on the activity times of each species and thus could increase their occurrence rate at certain
times of the day. When they are not taken into account, as is the case here, circadian rhythms could affect
the interaction functions in the short term (0-6h) and also induce a 24-hour periodicity in the interaction
functions. This issue is clearly illustrated using simulated data (see Appendix S1: Section S3) and could
partly explain the short-term (0-6h) auto-attraction, and probably most of the weak auto-attraction observed
around 24h for impala, kudu, wildebeest and zebra (Figure 5).

Regarding the cross-species interactions, we observed attraction patterns between some herbivores, which
could be explained by four mechanisms. First, temporal niche convergence could induce attraction between
species when they are active at the same time of day and if they also share the same location. In our
example, the four herbivore species are diurnal with crepuscular activity peaks. However, if the apparent

attraction was due to shared circadian rhythms, we would probably observe a symmetry of interaction
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functions (i.e., if s — s2 is not null, so — s; is also not null) as the order of appearance of species at a
camera during the activity time would be random. This is not always the case in the example depicted here,
for instance between zebra and kudu. Second, species sharing the same kind of preferred environment
might show apparent attraction. However, as for the temporal niche, this spatial niche should induce a
symmetrical interaction pattern. Third, the apparent attraction between species could be due to
mixed-species grouping strategy, whereby some species forage together in mixed groups. Such groups are
thought to mitigate predation risk and/or to improve access to resources (Beaudrot et al., 2020). Moreover,
when it comes to predation risk, in addition to the dilution effect (a simple number game), there is a possible
benefit to being associated with more vulnerable species (Fitzgibbon, 1990). This implies a directionality
in the choices of association, an asymmetry well captured by the MHP. In our analysis, some species are
attracted by others in the first hours following an occurrence (impala follows kudu and wildebeest; zebra
follows wildebeest, kudu and impala; and wildebeest follows zebra). Interestingly, these associations have
been described in the literature (Meise et al., 2019; Pays et al., 2014; Schmitt et al., 2014). Finally, another
mechanism that could explain interactions between herbivore species is grazing succession (Bell, 1971),
which describes a strategy by which species sequentially use the same grazing area: less selective species
come first (non-ruminants and species with higher body mass), followed by more selective species (smaller
ruminants). In our results, some herbivore species are attracted with a delay (impala following zebra, kudu
and wildebeest; wildebeest following zebra; zebra following wildebeest and impala). Impala following
other (bigger) species and wildebeest following the non-ruminant zebra are compatible with the grazing
succession theory (Bell, 1971). However, the temporal scale of this potential grazing succession occurs at a
temporal scale much shorter than the one classically described (McNaughton, 1976, 1985).

Regarding the apparent avoidance of lions by zebras and impalas, here again this could stem from temporal
niche divergence (lion is a nocturnal species whereas impala and zebra are diurnal). This apparent
repulsion could also reflect a strategy of impala and zebra to minimize predation risk by reactively avoiding

lions, i.e. responding to actual cues of lions presence (olfactory or auditory cues for instance) at a fine
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spatio-temporal scale, as documented for zebras (Courbin et al., 2016).

As discussed with the real dataset analysis, a major challenge remains linking attraction/repulsion patterns
identified by the MHP to underlying ecological processes. To date, the implementation used in this paper
cannot include covariates to model variations in species’ background occurrence rates. This calls for two
major improvements: first, we could include temporal covariates to account for the variation of species
occurrence rate through the day according to their diel cycle. Second, we could include environmental
covariates to account for species habitat preferences across the landscape. Works such as Fujita et al.
(2018) for temporal covariates or Carstensen et al. (2010) for temporal and environmental covariates could
be helpful in this perspective. Further developments include accounting for the imperfect detection by
camera traps, which is known to be an important issue (Burton et al., 2015). In this regard, Kellner et al.
(2022) recently developed an occupancy model with a detection process occurring in continuous time with
a Markov-modulated Poisson process, and a similar approach could be envisioned with the MHP.

Here, we inferred a MHP from camera trap data, but this modeling approach could be extended to other
types of passive sensors collecting occurrence data in continuous time (e.g., microphones, hydrophones)
that are increasingly used to monitor biodiversity. In particular, using a spatially explicit extension of the
Hawkes process (first described by Ogata, 1998, in the context of earthquakes occurrences) could be
especially suited to include a spatial dependency between camera traps or to analyze GPS collar data and
estimate interaction functions in time and space.

The Hawkes process could also be used for other applications than estimating inter-specific interactions, for
instance to study behavioral synchrony within a group (e.g. Pays et al., 2012) or to infer animal social
networks from occurrence data (e.g. Jacoby et al., 2016).

Even if more developments are required to improve ecological inference, we contend that the MHP and
other point processes methods offer an adapted theoretical framework for the analysis of time-continuous
occurrence data while contributing to an explanation of interactions among herbivores and between

herbivores and predators.
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7 Figure captions

Figure 1: Example of a realization of a multivariate Hawkes process. (a) shows the interaction network
between five species (each arrow represents a non-null interaction function). In this example, all
auto-interaction functions f;_,; are null. (b) shows the shape of the interaction functions (X = 12 time bins
of width § = 4 hours) corresponding to arrows in the interaction network (a). (¢) shows a realization of the
Hawkes process with the interaction network and the interaction functions shown in (a) and (b). For this
simulation, the background rate was set to 0.2 occurrences day ! for all species. For each species i, the
above panel shows the intensity \; and the bottom panel shows the species occurrences. Each time an
attracting species occurs, the intensity for the attracted species peaks and then decreases as dictated by the
interaction function shape.

Figure 2: Study sites. Six protected areas were surveyed with camera traps for this study: the Associated
Private Nature Reserves (APN), Kruger National Park, Madikwe Game Reserve, Pilanesberg National Park,
Somkhanda Game Reserve and Venetia Limpopo Nature Reserve. Data © OpenStreetMap contributors.
Figure 3: Evaluation of an inter-event times method (Murphy et al., 2021). Panels represent different
interaction strengths (maximum value of the interaction function). The x-axis represents the sampling
length and the y-axis represents the performance: true positive rate (full dots, continuous line) or true
negative rate (circles, dashed line). Points indicate values for the 30 repetitions, lines joins the medians, and
the colored area represents the 2.5th and 97.5th percentiles.

Figure 4: Performance of the inference with the multivariate Hawkes model. In columns, the
interaction strength (maximum value of the interaction function). In rows, the different values of the
penalization parameter ~y. The x-axis represents the sampling length and the y-axis represents the
performance (true positive rate or true negative rate). Lines, points and colors have the same meaning as for
Figure 3.

Figure 5: Inference of interactions from real data using the multivariate Hawkes model. The top plot

shows the auto-interaction functions (between occurrences of the same species). The bottom plot shows

28



641

642

643

644

cross-species interactions, where the intensity of species in rows is affected by species in columns. The
horizontal dashed line represents zero. Note that the y-axis scale is different between auto- and
cross-species interactions. Silhouette images from PhyloPic by Lukasiniho (wildebeest), Margot Michaud

(lion), Robert Hering (kudu), Zimices (zebra) and an unknown author (impala).
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Section S1 Bias in the inference methods

We are interested in knowing whether spurious interactions are more likely to be inferred between
species which are part of an interaction chain. To investigate this question, we analyze the
inferences performed with the inter-event times method of Murphy et al. (2021) and with the
Hawkes method (respectively sections 3.1.2 and 3.1.1 in the main text). The true interaction graph
used for these simulations is depicted in Figure 1a in the main text (s; attracts s,, and s» attracts
s3 and s4). The total number of repetitions over all conditions were respectively N = 750 for the
inter-event times method (Figure S1a) (5 durations x 5 strengths x 30 datasets) and N = 2250 for
the Hawkes model (Figure S1b) (5 durations x 5 strengths x 30 datasets x 3 penalizations). With
the inter-events times method, the model is biased towards inferring more often the indirect

interactions s; — S3, S; — S4, S3 — S4 and s, —> s3. This is not the case with the Hawkes model.
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Figure S1: Bias in the inference. These graphs show the proportion of times an interaction was
inferred over all simulated data in different conditions for (a) the inter-event times method of Murphy
et al. (2021) and (b) the Hawkes model. The true interactions are s; — So, S — S3 and sy —> 4.



Section S2 Background rates inferred for real data

The figure below shows the background rates inferred for each species in the application example.
These background rates are closely linked to the species abundances observed on camera traps,
with impala being by far the most abundant species (50 803 occurrences), followed by zebra

(9 843), then wildebeest and kudu (respectively 5910 and 5560) and lion being far more rare (587).
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Figure S2: Background rates inferred with the Hawkes process for each species. The back-

ground rates values are written besides the points.
Silhouette images from PhyloPic by Lukasiniho (wildebeest), Margot Michaud (lion), Robert Hering (kudu), Zimices (zebra) and an unknown author
(impala).
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Section S3 Influence of circadian rhythms

We simulated two species occurrences with cyclic rates in order to mimic circadian rhythms. We
simulated occurrences over 1000 days on a single camera. For that, we used an inhomogeneous
Poisson process for which species intensities varied periodically over 24 hours, with the Poisson
non-homogeneous intensity defined with a cosine function with a period of 24 hours. Even
though species occurrences were independent, the Hawkes process inferred a periodic
attraction/repulsion pattern between and within species.
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Figure S3: Inference of spurious interactions when circadian rhythms are present. (a) shows
the non-homogeneous Poisson intensities for the two species. (b) shows the interaction functions
inferred with a multivariate Hawkes process from the data simulated with two non-homogeneous
Poisson process for which the intensities are shown in (a).



Section S4 Influence of bin width

In order to check if bin width influences the inferred interaction functions, we changed the bin
width used for the inference on the real data. Here, we inferred a Hawkes process with bins widths
0 of 3 and 9 hours (compared to 6 = 6 hours in the main text).

Results are shown in Figure S4. Overall, the parameters are similar between 3, 6 and 9 hour bins.
Regarding the 3 hours bins, the nonzero interactions are the same than with 6 hours bins and they
have the same direction. Only the negative interactions (lion-impala and lion-zebra) are missed,
possibly due to low power. The inferred background rates are similar to the rates inferred with 6
hours bins, except for impala which has a smaller background rate (0.194 compared to 0.212
occurrences day™! in the main text).

Regarding the 9 hours bins, all nonzero interactions are the same and they have the same direction
as in the 6 hours bins version. The inferred background rates are similar to those inferred with 6
hours bins as well.

Finally, we can note that the values of the interaction functions are smaller when the bins widths
are larger. This is expected because the average number of occurrences gained or suppressed

during a given interval is the integral of the function over this interval.
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Figure S4: Inference of a multivariate Hawkes process with different bin widths. (a) shows

the parameters inferred with 3 hours bins and (b) the parameters inferred with 9 hours bins.
Silhouette images from PhyloPic by Lukasiniho (wildebeest), Margot Michaud (lion), Robert Hering (kudu), Zimices (zebra) and an unknown author
(impala).
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