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ABSTRACT

THE SPATIAL AND BEHAVIORAL ECOLOGY OF HUMAN-ELEPHANT CONFLICT

Habitat conversion to farmland has increased human-wildlife interactions that often lead to conflict,
injury, or death for people and animals. To conserve wide-ranging species in human-modified landscapes
it is essential to understand how animals selectively use or avoid cultivated areas. Use of agriculture leads
to human-wildlife conflict, but evidence suggests that substation behavioral and spatial variation occurs in
how much individuals may use agricultural lands, how they alter their movement behavior, and the
impact this has on overall foraging strategies. Therefore, understanding the behavioral and landscape
drivers of human-wildlife conflict is critical for managing wildlife populations. This is particularly
relevant for wild elephant populations, as human-elephant conflict account for many of the conflict cases
in Africa and Asia. I use a GPS dataset of 86 free-ranging elephants in the Serengeti-Mara ecosystem
spanning Kenya and Tanzania to explore the spatial and behavioral ecology of human elephant conflict. I
discuss my findings in the context of the possible mechanisms driving inter- and intra-individual
variation, the ecological and management implications for this variation, applications to other conflict-

prone species, and directions for future research.

In the first chapter, I analyzed GPS data of 66 free-ranging elephants in the Serengeti-Mara ecosystem to
quantify their use of agriculture. I then examined factors influencing the level of agricultural use,
individual change in use across years, and differences in activity budgets associated with use. Using
clustering methods, the data grouped into four agricultural use tactics: rare (<0.6% time in agriculture;
26% of population), sporadic (0.6-3.8%; 34%), seasonal (3.9-12.8%; 31%), and habitual (>12.8%; 9%).
Sporadic and seasonal individuals represented two thirds (67%) of recorded GPS fixes in agriculture,
compared to 32% from habitual individuals. Increased agricultural use was associated with higher daily

distance traveled and larger home range size, but not with age or sex. Individual tactic change was
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prevalent and the habitual tactic was maintained in consecutive years by only five elephants. Across
tactics, individuals switched from diurnal to nocturnal activity during agricultural use, interpreted as
representing similar risk perception of cultivated areas. Conversely, tactic choice appeared to be
associated with differences in risk tolerance between individuals. Together, these results suggest that
elephants are balancing the costs and benefits of crop usage at both fine (e.g., crop raid events) and long
(e.g., yearly tactic change) temporal scales. The high proportion of sporadic and seasonal tactics also
highlights the importance of mitigation strategies that address conflict arising from many animals, rather
than targeted management of habitual crop raiders. This approach can be applied to other species and
systems to characterize individual variation in human resource use and inform mitigations for human-

wildlife coexistence.

In the second chapter, I explore how elephants shift space use and movement prior to conflict. Staging
behavior prior to crop incursions has been described across multiple taxa and offers potential utility in
managing conflict, but few quantitative assessments of staging have been undertaken. I developed an
algorithmic approach based on omission-commission testing to assess the efficacy of six widely used
metrics of animal movement to identify staging behavior prior to agricultural incursions. I applied this
approach to GPS data from 55 African elephants in the Serengeti-Mara ecosystem and found tortuosity
and HMM-derived behavioral states to be the most effective for identifying staging events. I then assessed
temporal patterns of defined staging at daily and seasonal scales and explored environmental and
anthropogenic drivers of staging from spatial generalized logistic mixed models. Finally, I tested the
viability of algorithms using movement and spatial metrics to predict crop incursions based on GPS data.
This approach identified staging behavior that appeared to be driven largely by human activity and
diurnal availability of protective cover from forest, riverine vegetation, and topography. Staging also
varied substantially by season. Tortuosity and behavioral state metrics identified different staging
strategies with distinct spatial distributions and anthropogenic drivers and appeared to be linked to the

juxtaposition between protected and cultivated lands. Tortuosity-based staging combined with distance-
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to-agriculture produced promising results for pre-event prediction of crop incursion. This work shows
some of the challenges and advantages of using animal behavior to assess temporal and spatial
heterogeneity in human-wildlife conflict and demonstrates the need to further incorporate animal
movement data into conflict management approaches. This approach is extendable to other conflict-prone
species to assess pre-conflict behaviors and space use. Fine scale movement data applied to management

aims allows targeted and proactive mitigation and can facilitate effective spatial planning.

In the third chapter, I draw on my findings and others showing that elephant space use is highly structured
by human activity and that the population is structured by the degree to which individuals’ crop-raid. I
analyzed GPS data from 56 free-ranging elephants to assess drivers of resource selection strategies and
the spatial structure of agricultural selection in relation to regions of high and low agricultural
fragmentation to assess how crop use may drive patterns of resource selection and space use within a
population. I found wide variation in resource selection coefficient values between individuals, indicating
strongly differentiated resource selection strategies across individuals, years, and seasons. Variation was
particularly marked during the wet season across years, but individuals were more likely to use a similar
strategy in the dry season. Cluster analysis of individual resource selection coefficients indicated they
were structured primarily by the degree of crop use in the dry season and time spent in protected and
unprotected areas. While crops were avoided at the home range level, controlling for space revealed that
crop selection patterns were strongly spatially structured and related to the level of fragmentation. In areas
with high fragmentation, large farms and small forest refuges, elephants selected most strongly for areas
within 1000m of the protected area boundary. In contrast, elephants selected most strongly for areas
1000-2000m away in areas with low fragmentation, smaller farms, and larger forest refuges. My results
highlight how variation in behavioral responses to human development and landscape change structure
resource selection and space use, and by extension population distributions. This approach can be applied
to other species and systems to characterize individual variation in human resource use and inform

mitigations for human-wildlife coexistence.
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In the fourth chapter, I explore the collaborative development of technologies to aid in conservation
challenges such as human-wildlife conflict. Amid accelerating threats to species and ecosystems,
technology advancements to monitor, protect, and conserve biodiversity have taken on increased
importance. This has become an increasing area of interest to address human-wildlife conflicts where
real-time monitoring and warning systems could play an important role in reducing conflict. While most
innovations stem from adaptation of off-the-shelf devices, these tools can fail to meet the specialized
needs of conservation and research or lack the support to scale beyond a single site. Despite calls from the
conservation community of its importance, a shift to bottom-up innovation driven by conservation
professionals remains limited. I surveyed practitioners, academic researchers, and technologists to
understand the factors contributing to or inhibiting engagement in the collaborative process of technology
development and adoption for field use, as well as identify emerging technology needs. High cost was the
main barrier to technology use across occupations, while development of new technologies faced barriers
of cost and partner communication. Automated processing of data streams was the largest emerging need,
and respondents focused mainly on applications for individual-level monitoring and automated image
processing. Cross-discipline collaborations and expanded funding networks that encourage cyclical
development and continued technical support are needed to address current limitations and meet the

growing need for conservation technologies.
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CHAPTER 1: RISK PERCEPTION AND TOLERANCE SHAPE VARIATION IN AGRICULTURAL
USE FOR A TRANSBOUNDARY ELEPHANT POPULATION

Summary

To conserve wide-ranging species in human-modified landscapes it is essential to understand how
animals selectively use or avoid cultivated areas. Use of agriculture leads to human-wildlife conflict, but
evidence suggests that individuals may differ in their tendency to be involved in conflict. This is
particularly relevant to wild elephant populations. We analyzed GPS data of 66 free-ranging elephants in
the Serengeti-Mara ecosystem to quantify their use of agriculture. We then examined factors influencing
the level of agricultural use, individual change in use across years, and differences in activity budgets
associated with use. Using clustering methods, our data grouped into four agricultural use tactics: rare
(<0.6% time in agriculture; 26% of population), sporadic (0.6-3.8%; 34%), seasonal (3.9-12.8%; 31%),
and habitual (>12.8%; 9%). Sporadic and seasonal individuals represented two thirds (67%) of recorded
GPS fixes in agriculture, compared to 32% from habitual individuals. Increased agricultural use was
associated with higher daily distance traveled and larger home range size, but not with age or sex.
Individual tactic change was prevalent and the habitual tactic was maintained in consecutive years by
only five elephants. Across tactics, individuals switched from diurnal to nocturnal activity during
agricultural use, interpreted as representing similar risk perception of cultivated areas. Conversely, tactic
choice appeared to be associated with differences in risk tolerance between individuals. Together, our
results suggest that elephants are balancing the costs and benefits of crop usage at both fine (e.g., crop
raid events) and long (e.g., yearly tactic change) temporal scales. The high proportion of sporadic and
seasonal tactics also highlights the importance of mitigation strategies that address conflict arising from
many animals, rather than targeted management of habitual crop raiders. Our approach can be applied to
other species and systems to characterize individual variation in human resource use and inform

mitigations for human-wildlife coexistence.



1. Introduction

The long-term fitness of wide-ranging species in landscapes that have been fragmented by human
disturbance depends on resource acquisition and movement trade-offs (Moody et al., 1996; Tucker et al.,
2018). Across species, these trade-offs can result in wide variation in how individuals select habitats, use
space, and move between heterogeneous landscape patches (Bastille-Rousseau et al., 2019; Hertel et al.,
2019; Leclerc et al., 2016). This can result in alternative behavioral tactics, where individuals may
express different responses to a given environmental context. In fragmented landscapes, this variation can
impact ecological processes such as intraspecies competition, dispersal and reproduction, spread of
disease and invasive species, and interactions with humans (Sih et al., 2011). Population-level analyses
that average across individuals may miss important differences in the way individuals use habitats, even
to the extent where average behavior is not representative of any behavioral tactics (Bastille-Rousseau et
al., 2019; Hertel et al., 2019). Yet, it can be difficult to quantify variation and identify trade-offs when
there are strong gradients in human activity and differences in response among individuals (Johnson et al.,
2015). In the face of rapidly changing landscapes, the link between movement and ecological processes
has increased the importance of studying how human activity and land conversion structure animal
behavior (Spiegel et al., 2017; Tucker et al., 2018; Wall et al., 2021). Long-term GPS datasets can provide
the means to assess the environmental factors that influence behavioral tactics across a population and

provide critical context for conservation actions.

In human-dominated landscapes with hunting or persecution, wildlife often perceive humans as a threat
and in turn seek to minimize encounters through spatial and temporal avoidance (Gaynor et al., 2019).
Despite the risk, animals may also seek out areas of human activity that provide high-quality food
resources (Stillfried et al., 2017). This creates trade-offs between foraging and predation risk in human-
dominated areas. Behavioral variation emerges as differences in risk tolerance and perception drive
decision making around this trade-off, and can in turn lead to impacts on survival as some individuals

spend more time in areas with people (Sih et al., 2011). These foraging decisions should be realized in an



animal’s space use, reflected in both long-term trends in use and avoidance of anthropogenic resources
(i.e. risk tolerance) (Stillfried et al., 2017), and short-term movement strategies to avoid people in space
and time (i.e. risk perception) (Gaynor et al., 2018). Tolerance and perception of risk are generally linked,
so that animals with a higher perception of risk will tolerate it less, thereby driving individual differences
in the use of human-dominated areas and leading to alternative tactics in accessing anthropogenic

resources (Dingemanse et al., 2010; Ducros et al., 2020).

Human-wildlife conflict due to increased land conversion and human population growth within wildlife
ranges is a critical issue, given that wide-ranging large mammals bear most of the cost of this conflict and
many are either critically endangered or rapidly declining (Ripple et al., 2015; Woodroffe et al., 2005).
Across systems and species, evidence suggests that there is large variation in the propensity of individuals
within a population to be involved in conflict with humans (Chiyo and Cochrane, 2005; Hertel et al.,
2019; Linnell et al., 2008). This is particularly well-documented in wild elephant populations who raid
crops (Mumby and Plotnik, 2018). Yet the behavioral complexity of conflict is poorly understood, and
presents challenges for conflict management given that solutions will likely need to address multifaceted

aspects accounting for behavior, landscape, and management resources (Blackwell et al., 2016).

For elephants, crop-raiding can provide a nutrient-rich food source but introduces large risks that can
impact short-term survival as a result of retaliatory attacks by farmers using spears, arrows, and poison
(Hoare, 2015). Diel activity in elephants is known to be strongly influenced by human presence (Gaynor
et al., 2018; IThwagi et al., 2018), and human development is a severe restriction on elephant space use
across Africa (Wall et al., 2021). Elephants are known to alter their behavior preceding and following
crop raiding (Troup et al., 2020), and use forest refuges during the day to reduce exposure in agricultural
areas (Songhurst et al., 2016). Crop raiding has also been consistently reported as sex- and age-biased
towards dispersed adult males (Chiyo and Cochrane, 2005; Smit et al., 2019). Males may be more likely

to raid crops because they are more socially independent than females and require more energy to enter



and maintain their reproductive state (Chiyo et al., 2011). In African savannah elephants (Loxodanta
africana), the majority of conflict is often attributed to a few ‘problem individuals’ who habitually raid
crops while most of the population may raid occasionally or avoid the risk completely (Chiyo and
Cochrane, 2005; Hoare, 2001). This suggests that there are multiple behavioral tactics related to
agricultural use. A plethora of mitigation efforts have been centered around deterring habitual crop raiders
through hazing, translocations, and removal (Hoare, 2015). However, there is limited understanding on
the complexity of crop raiding behavior and the extent to which individuals use agricultural over time,
partly due to the difficulty in obtaining detailed longitudinal data on individual crop use behaviors

(Mumby and Plotnik, 2018).

Here, we use a long-term GPS tracking dataset to characterize and explore individual variation in crop
raiding behavior to address the following objectives. First, we outline and implement an approach to
assign tracked individuals in a free-ranging population of elephants into distinct agricultural-use tactics.
Next, we assess the relationship between agricultural-use, life-history traits, and general space use. To
determine whether tactics are consistent over time, we then quantify intra-individual variation in tactics
between years. Finally, to assess differences in risk perception across tactics, we assess the impact of
tactic choice on an individual’s activity budget between agricultural and non-agricultural movement
phases. Because crop raiding is thought to be mainly perpetrated by a small percentage of males, we
expected to find agricultural-use tactics of rare, seasonal, and habitual use and increasing agricultural-use
strongly correlated with males and older adults. We expected individual switching between tactics would
be minimal, but that larger home range sizes would facilitate increased switching. Finally, we expected
that activity budgets would be impacted by agricultural use and indicate lower risk perception among
seasonal and habitual tactics. We discuss our findings in the context of the possible mechanisms driving
variation in elephants’ use of agriculture, the implications of diverging tactics for managing human-

wildlife conflict, and directions for future research.



2. Methods

Study Area

The study was conducted in the Serengeti-Mara Ecosystem; a 40,000 km? savannah ecosystem in
southwestern Kenya and northwestern Tanzania (Fig 1). The elephant population in the ecosystem was
estimated at 7,535 individuals in 2014 (Mduma et al., 2014). The core area of the system is formed by the
Masai Mara National Reserve in Kenya and Serengeti National Park in Tanzania, and is buffered by game
reserves and community-managed conservancies with limited livestock grazing. The remaining area is
unprotected and made up of private and community land used for agriculture and pastoralism. The
seasonal rainfall distribution is strongly bimodal, with a short wet season from November to January and
a long wet season from March to June. Vegetation types range from productive short-grass communities
to mixed tall-grass, savannah, woodland, and Afromontane forests (Ogutu et al., 2009). Crop agriculture
is primarily grain crops and has two growing seasons corresponding to the bimodal rainfall pattern in the
system. Crops are mainly grown in unprotected areas, and the overall extent of agricultural land has
expanded from 37.0% of the region in 1984 to 54.0% in 2018 (Veldhuis et al., 2019). Human-elephant
conflict fluctuates with crop cycles, but incidences have risen overall in conjunction with agricultural

expansion (Denninger-Snyder et al., 2019; Mukeka et al., 2019).

Tracking Data

We used GPS relocation data collected from March 2011 to December 2019 for 84 elephants spanning the
Mara (n = 51) and western Serengeti (n = 31) regions of the ecosystem (Fig 1). In the Mara, elephants
were selected opportunistically for collaring to provide a spatial representation of the area and monitor
elephants at risk for poaching and conflict. In the Serengeti, elephants were selected based on dry-season
population density. Females selected for collaring each represented a distinct family group, while selected
males were socially independent at the time of collaring. Elephants were immobilized and fitted with GPS
collars (Savannah Tracking and Animal Wildlife Tracking) following procedures established by the

Kenya Wildlife Service and Tanzania Wildlife Research Institute and approved by Colorado State



University’s IACUC committee (protocol no. 18-7744A and 19-9431A). Age classes were assigned to all
collared elephants as young adults (15— 34) and old adults (>35) based on ageing criteria established from
known elephant populations (Moss, 2001). Individuals that did not overlap with at least one crop season
or ranged outside of available spatial layers were excluded, resulting in a dataset of 66 elephants, 32 male
and 34 female, for the analysis (Table A1). GPS relocations were set to 1 hour or 30-minute sampling, but
to evaluate crop use equally among elephants we down-sampled to a standard hourly fix rate. Precision
error was negligible in comparison with the scale of the spatial covariates. All 66 animals were used to
define agricultural use tactics. A subset of 62 individuals with multi-year datasets were used to quantify
and model annual changes between tactics. A subset of 54 individuals with >95% fix success rate were

used for behavioral state estimation (McClintock et al., 2013).

Environmental Data

Spatial and environmental covariates were compiled to analyze agricultural use and movement strategies
(Table A2). Agricultural coverage was derived from a 30-m Landsat land cover classification of the
Serengeti-Mara ecosystem published in Veldhuis et al., 2019. Forest cover, defined as areas with over
30% canopy cover in 2019, was determined from the 30-m Landsat forest cover change product in
Google Earth Engine (Hansen et al., 2013). Rivers were manually digitized and classified as either
permanent or seasonal using ground truthing and local knowledge (TWCM and FZS, 1996; Tyrrell et al.,
in press). We sampled these data at 30-meter resolution and calculated Euclidean distance to agricultural
edge, forest edge, and rivers using R version 4.0.3 (R Core Team, 2013). Slope was calculated based on
the 30-meter SRTM digital elevation model (Farr et al., 2007). Human footprint was assessed using the
1000-m Global Human Modification layer for 2015 (Kennedy et al., 2019). From these layers, covariate
values were extracted for each GPS fix and standardized to improve model convergence. Because the
exact timing of the short and long rain crop cycle varied annually, we used years as the agricultural-use

sampling unit. To avoid splitting data within a single crop season, we assigned an adjusted-year variable



and chose April 1% as the cutoff point that best reflected when most fields were fallow in the northern and

southern regions of the system and conflict is at a low point (unpublished data, Hahn 2020).

Tactic Clustering

For our first objective, we sought to classify and define tactics related to agricultural use in the
population. We considered a tactic as a group of elephants displaying similarity in the intensity and
temporal patterns of their agricultural use. Due to sampling constraints, some years lacked any high-use
individuals. A two-step approach was used to keep tactic definitions consistent between years. First, we
aggregated agricultural use for the entire track of each individual i to identify tactics and determine
thresholds of agricultural use between tactics. Second, tactic thresholds were used to predict T;,, the tactic
used by individual 7 in year y, based on yearly agricultural use. To characterize tactics, we defined two
crop use measurements that reflected the intensity and temporal fluctuations in use: mean use p; (the
number of relocations in agriculture versus the total relocations for an individual) and the 90-day
maximum agricultural use m; (maximum value of a 90-day moving average of agricultural use for an
individual-year, averaged over years). A moving average was chosen to smooth fluctuations at smaller
time scales and clarify yearly peaks in usage. A 90-day window was selected to represent a typical grain
crop growing season (unpublished data). To identify tactic clusters among individuals in the population,
we implemented Gaussian Mixture Models (GMMs) using the MClust package for R (Bastille-Rousseau
et al., 2019; Scrucca et al., 2016). We fit three candidate models using mean use, maximum use, and both
mean and maximum use. We used Bayesian Information Criterion to select the optimal number of clusters
for each of the three models (Scrucca et al., 2016), including one cluster as a possibility. We used
predictive performance to select the top model, evaluated using repeated 10-fold cross-validation with 20
repeats. Additional information on agricultural use measurements and model fitting can be found in

Appendix A.2 Agricultural Tactics Clustering.



To address our second objective to identify correlates of agricultural use, we conducted generalized linear
mixed models with a gaussian link and used individual-year mean agricultural use as the response
variable. Candidate models were evaluated using corrected Akaike Information Criterion (AICc) to adjust
for the small sample size of the dataset. Covariates were chosen based on our expectation that age, sex,
and movement would influence use: age class, sex, individual-year home range size, and individual-year
mean daily displacement. We included a random effect for individual ID. Home range size was

determined using 95% minimum convex polygons in the adeHabitatHR package for R (Calenge, 2015a).

Tactic change

For our third objective to quantify individual tactic change between years, we assessed change using
individual-year tactics 7;,. Each individual year was coded as a change or non-change year, where tactic
change was defined as T;,.; # T;,. We discounted the first year for each individual because a previous
tactic could not be determined. To investigate drivers of tactic change, we conducted generalized linear
mixed models with individual-year tactic change as the response variable. Tactic change, coded as change
or non-change, was modeled with a binomial distribution. We included a random effect for individual ID.
Candidate models were evaluated using corrected Akaike Information Criterion. Covariates were chosen
based on expectations that age, sex, and prior tactic would influence tactic change: age class, sex,

individual-year home range size, prior year tactic, and an interaction between age class and sex.

Behavioral State Comparisons

For our fourth objective to assess differences in activity budgets when using agriculture or not, we used
hidden Markov models (HMMs) (Morales et al., 2004) to infer latent behavioral states from the
movement path. HMMs allow estimation of behavioral states based on the speed and turning angle
between each pair of GPS relocations (Langrock et al., 2012), but require that the number of behavioral
states be chosen before fitting the models. We considered HMMs with three behavioral states, based on

prior findings from Polansky et al. (2015): S1 — ‘encamped’ characterized by slow speeds and high



tortuosity associated with localized foraging and resting, S2 — ‘meandering’ characterized by moderate
speeds and meandering directions associated with active foraging, and S3 — ‘directed walk’ characterized
by high speeds and directional travel associated with dispersal behaviors (Fig S3). To improve our
behavioral state estimates and investigate the effect of environmental variables on behavioral decisions,
we included covariates for the state transition probabilities. HMMs estimate a state transition probability
matrix (i.e. the probability of transitioning from encamped to foraging), and we applied covariates to this
matrix using mixed linear regression models with a gaussian link (Patterson et al., 2009). Covariates were
selected based on expectations that terrain and distance to human and natural features would affect
movement behavior: distance to the nearest agriculture edge (allowing negative values for fixes within
agriculture), distance to forest, distance to permanent and seasonal water, slope, human footprint, and a
random effect for individual identity (Table A2). We constructed 10 candidate models and used Akaike
Information Criteria to select the best covariate formulation. HMMs were evaluated graphically using
pseudo-residuals and by comparing observed step length and turning angle distributions with simulated
data generated from the model (Vogel et al., 2020). Following model selection, the Viterbi algorithm was
used to estimate a behavioral state for each GPS relocation, which in turn were used to calculate activity
patterns. Model fitting and evaluation was implemented using the momentuHMM package for R
(McClintock and Michelot, 2018). Additional information on model fitting and diagnostics can be found

in Appendix A.3 Hidden Markov Models.

To infer risk perceptions we contrasted 24-hour activity patterns between periods in and outside of
agriculture, given that shifts in activity (i.e., diurnal to nocturnal) to avoid human activity are a good
indicator of risk perception (Gaynor et al., 2018). To compare movement in and out of agriculture, we
defined an agricultural use movement phase (e.g., Nathan et al., 2008) (Fig A9 & A10). Phases were
defined as any GPS relocations within 6 hours (before or after) of a relocation in agriculture, based on
findings from Troup et al. 2020 on elephant movement before and after crop raiding. To consider changes

in activity between phases, we constructed kernel density estimates of state-level 24-hour activity to



quantify 1) the intra-tactic change in activity between agricultural use and non-use phases; and 2) inter-
tactic differences in activity. Change in activity was quantified using the estimated overlap (OV) between
activity density estimates (Ridout and Linkie, 2009). For intra-tactic change, we estimated overlap OVinta
of activity density estimates in agricultural use and non-use phases by individual-year. A generalized
linear mixed model was used to assess OVinra in relation to tactic and state, treating the individual as a
random effect. OVinra was modeled with a gaussian distribution. For inter-tactic differences, we estimated
overlap OViner of activity density estimates for each unique tactic pair (n = 6 per state). A generalized
linear model with gaussian link was used to assess OViqer in relation to agricultural use phase, state, and

tactic pair.

3. Results

The 66 elephants used for the analysis produced 939,844 GPS relocations, resulting in a median of 12,587
fixes (Masai Mara = 15,166, Serengeti = 11,016) per elephant. The elephants spent 31.7% of time in core
areas, 47.5% in buffer areas, and 20.9% of time in areas with no formal protections, while 4.83% of time
was spent in agriculture. The median distance from home range center to the nearest agriculture area was

2.97 km (sd = 4.7km).

Tactic Clustering

For our first objective, we identified four agricultural use tactics. From the Gaussian Mixture Models, we
found that mean agricultural use (cv error = 1.36%) best describes clusters among individuals, and
identified four clusters according to BIC rankings (Fig S2). The maximum agricultural use model was
slightly less accurate (cv error = 1.91%) and produced just two clusters, while the model with mean and
maximum use performed markedly worse (cv error = 15%) and identified four clusters (Hahn et al.,
2021). Using the clusters produced in the top model of mean agricultural use, we defined the four tactics
as: T1 —rare (<0.6% mean agricultural use) with consistently low rates of agricultural use; T2 — sporadic

(0.6-3.8% mean use) characterized by low to moderate seasonal agricultural use; T3 — seasonal (3.9-
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12.8% mean use) characterized by intensive seasonal agricultural use; and T4 — habitual (>12.8% mean
use) characterized by consistent high rates of use throughout the year (Fig 2). Using these cluster
definitions, 202 individual-years from 66 individuals were classified into tactics. Of the 66 elephants, 53
(80%) spent at least one year in the sporadic, seasonal, or habitual classes, while 13 (20%) were found to
only use the rare class. Overall, rare use was observed in 26% of the individual-years, while sporadic
made up 34%, seasonal was 31%, and habitual was 9%. Sporadic and seasonal individuals represented
two thirds (67%) of recorded GPS fixes in agriculture, compared to 32% from habitual individuals and
1% from rare individuals. Females made up 72% of rare, 44% of sporadic, 48% of seasonal, and 33% of
habitual tactic classes (Fig 3a). In our second objective, the model with mean daily displacement and
home range size performed best according to AICc (Table A3). We found that mean daily displacement
was positively correlated with agricultural use (f = 0.05, 95% CI [0.01, 0.08]), while home range had a
marginal effect (B =0.01, 95% CI [-0.001 — 0.01]) (Table 1). Among-individual variation of the intercept
was 0.003. A competing model that included sex was found (AAICc = 0.95), but sex had a negligible

effect on agricultural use (Table A3).

Tactic Change

For our third objective, 136 individual-years (mean of 3.06 years per individual, sd = 1.82) were used to
assess tactic change rates after discounting the initial year, for which a change in tactic could not be
determined. Individual-years in the rare use tactic (n = 32) had the lowest rate of tactic change from the
prior year (rate = 0.12, 95% CI = [0.07, 0.18], while sporadic (n = 51; rate = 0.35, 95% CI =1[0.29, 0.42]),
seasonal (n =43; rate = 0.37, 95% CI =[0.30, 0.45]), and habitual (n = 10; rate = 0.40, 95% CI =[0.24,
0.56]) all had significantly higher change rates. By sex, tactic change rates were more predictable for
females (rate = 0.26, 95% CI =[0.07, 0.30] than males (rate = 0.37, 95% CI = [0.31, 0.42]. The logistic
mixed model with age class, sex, and home range size was selected based on AICc (Table A4). The
probability of switching tactics increased with home range size (f = 3.24, 95% CI [0.07 — 7.47]). We also

found a significant interaction between age class and sex, where the probability of switching tactics

11



increased for old males and young females (Table 2, Fig 3b). Among-individual variance of the intercept

was 1.17 on the log-odds scale. We found a competing model (AAICc = 1.1) with only age class and sex.

Behavioral State Comparisons

For our fourth objective, Hidden Markov models were fit to 939,844 GPS relocations, comprising 54
individuals. The Hidden Markov model with a generalized linear mixed model of distance to forest,
distance to permanent and secondary rivers, slope, human modification, and distance to agriculture with a
polynomial of degree 2 produced the lowest AIC value (Table A5), and diagnostics indicated good model

fit (Fig A4, A5).

Using the agricultural use phases (includes movement 6 hours before and after crop usage) and
individual-year tactic classifications, habitual individuals spent 70.5% of their time in agricultural use
phases, while seasonal spent 38.8%, sporadic 20.53%, and rare 3.59%. Comparing intra-tactic activity
density estimates (OVinra) between phases, tactic had a weak effect on activity overlap, indicating similar
shifts in activity between tactics (Table 3a, Fig 4). By state, meandering had much higher overlap
between phases than encamped (= 0.17, 95% CI [0.14, 0.20]), as did directed walk ( = 0.14, 95% CI
[0.10, 0.17]), indicating that encamped behavior was most affected by agricultural use. Among-individual
variance of the intercept was 0.008. In agricultural use phases, individuals showed multiple peaks in
encamped behavior while employing a single encamped period out of phase (Fig 4). Relatedly, peaks in
exploratory movement also shifted to night when in agricultural use phases, occurring during times
considered to be active crop-raiding hours (Troup et al., 2020). Comparison of inter-tactic activity density
estimates (OViner) revealed rare and habitual had the least overlap in activity, sporadic and seasonal had
the greatest overlap (B = 0.05, 95% CI [0.00, 0.09]), and overlap differences for remaining pairwise
comparisons were marginal (Table 3b). By state, meandering had significantly higher overlap in relation
to encamped (= 0.07, 95% CI [0.04, 0.11]), indicating time budgets for this activity were conserved

irrespective of agricultural use tactic (Table 3b).
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4. Discussion

The development of effective strategies to mitigate wildlife impacts on humans (or vice versa) is
facilitated by understanding the factors that underpin space use in human-dominated landscapes (Sih et
al., 2011; Wittemyer et al., 2019). Given the escalation of human-wildlife conflict, characterizing wildlife
use of agricultural areas is of particular interest. Our analytical framework to systematically cluster and
assess individuals based on use of a human resource helped to define alternative tactics related to
agricultural use and disentangle drivers related to the individual and the environment. We classified four
distinct tactics in relation to the intensity of agricultural use and found that more individuals are at risk for
conflict than previously thought. Given that all individuals studied were in the same ecosystem and could
access cultivated areas equally, we interpreted tactic choice as a representation of individual differences
in risk tolerance (Stillfried et al., 2017), and shifts in 24-hour activity (day-night ratios) as a
representation of risk perception (Gaynor et al., 2018). The similar shift to nocturnal activity for all tactics
during agricultural use suggests that perceptions of risk are similar across individuals, while differences in
risk tolerance appeared to drive the variation in tactic choice and tactic change. We discuss these findings
in relation to the most plausible mechanisms driving variable agricultural use, the implication of

diverging tactics on management of human-wildlife conflict, and application to other species.

Tactics differed markedly in occurrence and indicated a large percentage of elephants were at risk of
conflict; 66% of individual-years were in the seasonal and sporadic class, while only 9% of individual-
years were of the habitual. In contrast to previous research in which bulls were reported to be the
dominant perpetrators in elephant crop raiding (Chiyo et al., 2011; Hoare, 2015; Smit et al., 2019), we
found that sex was not predictive of mean yearly agricultural use. While our study inherently quantified
use by individual elephants, research is still needed on how the tactic choices of individual females may
impact the rest of their family group. The prevalence of agricultural usage by females and mixed cow-bull

groups across the transboundary ecosystem may be a response to patterns of agricultural expansion along
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protected area boundaries observed over the last 35 years (Tiller et al., 2021; Veldhuis et al., 2019). Given
the restrictions that expanding human development has placed on elephant ranges in Africa (Wall et al.,
2021), further research is warranted on the complexities of crop use behavior and the impact of

agricultural edge effects on family groups across systems and continents.

We found high rates of individual tactic change across years, indicating the population segment using
agriculture is more dynamic than previously thought. Switching was strongest among habitual
individuals, to the extent that only five out of 62 animals maintained a habitual use strategy for
consecutive years. Further, the increased probability of tactic change for mature adult males supports
previous work linking crop raiding to male reproductive strategies (Chiyo et al., 2011), although we
lacked observations of male reproductive state in the study population to investigate further. As
movement is energetically expensive, the correlation of larger home ranges and higher mean daily
displacement with agricultural use suggests that crop usage may be associated with higher energetic
expenditure to reach crops. Farmland provides a patch with relatively low search time and high
concentration of forage (Branco et al., 2019), which potentially offsets increased energy expenditure.
However, the high rates of tactic change between years for habitual and seasonal individuals suggest that

maintaining high levels of agricultural use over time may be difficult.

In our assessment of risk perception among individuals, we found that irrespective of tactic, elephants
shifted activity during phases of agricultural use to concentrate encamped behavior during the day and
shift to predominantly nocturnal directed walk movements. This was consistent with behavior described
in other elephant populations while traversing agricultural areas (Songhurst et al., 2016; Tiller et al.,
2021), and could be the result of individuals experiencing similar hazing and retaliation from humans.
Here, we observed a decoupling of risk perception and tolerance, resulting in a similar spatially explicit
movement strategy for all individuals that reduced risk when using human resources and a large variation

in the amount of time (interpreted as reflective of variation in tolerance) individuals were willing to spend
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in human-dominated areas. Our results demonstrate how individuals are balancing the costs of increased
risk and energetic expenditure and the benefits of high-quality forage at fine (e.g., agricultural use phases)

and long (e.g., yearly tactic change) temporal scales.

We note that our analysis was conducted at a coarse scale where tactics emerged from the underlying
differences in movement choices between individuals, and risk was inferred from movement. Resource
selection functions can help further investigation of the relationship between tactic choice, space use, and
the composition of the agricultural matrix. Further, this analysis used an agriculture classification that did
not distinguish between planted and fallow fields. High fidelity annual classification that can identify
actively planted fields would aid the detection of crop raiding versus dispersal movements through the
agricultural matrix, help to refine tactic definitions, and allow assessment of tactic change at a seasonal

scale.

This study highlights the complexity of elephant use of agriculture and the importance of individual
variation in management planning. While only five individuals maintained habitual crop raiding levels
over multiple seasons, most individuals used agriculture at least sporadically. This implies that a larger
percentage of the population is at risk of conflict and may explain why efforts that focus on mitigation or
removal of habitual individuals often prove unsuccessful. When many individuals raid occasionally,
mitigations that are cheap and easily scalable within local communities should be more effective, such as
chili and beehive fencing or unpalatable crops that buffer at-risk farms from elephants (Hoare, 2015).
Further, hazing mitigations could be targeted to leverage knowledge on patterns of risk perception. For
example, while most hazing applications occur during a raid, applications during times and in locations
that elephants perceive to be safe before crop use (e.g., in rest areas during the day) could reduce the
overall time spent in agricultural use phases. Because risk perception and movement behaviors are similar

among tactics, this hazing strategy would be applicable across a population.
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Understanding the individual complexity of conflict behaviors in wildlife is crucial to develop effective
mitigation strategies. While our study focused on elephant crop use, the clustering approach is translatable
to other species where time spent in specific areas leads to conflict. This may be most productive for
species where variation in conflict risk between individuals has already been documented, such as
carnivore depredation of livestock and bears accessing human food resources. Such investigations can
play a pivotal role in motivating mitigation efforts and land use planning initiatives that incorporate

behavioral complexity in human-wildlife conflict hotspots.

5. Tables & Figures

Table 1. Drivers of mean agricultural use for 202 elephant individual-years in the Serengeti-Mara
Ecosystem, analyzed using a mixed effects regression. Home ranges were calculated as minimum convex
polygons. Fixed effect coefficients are shown with 95% confidence intervals, and highlighted in bold
where confidence intervals did not overlap zero. Positive values indicate a covariate was predictive of
increased agricultural use. See Table A3 for model selection results.

Term Estimate  S.E. 95% Cl1
Intercept -0.43 0.16 -0.73--0.12
Home range 0.01 0.004 | 0.00-0.02
Mean Daily 0.05 0.02 0.01 —0.08
Displacement

Table 2. Drivers of tactic change by individuals between years. Tactic change was assessed using a mixed
effects regression with logit link. Fixed effect coefficients are shown with 95% confidence intervals, and
highlighted in bold where confidence intervals did not overlap zero. Positive values indicate a covariate
was predictive of switching tactics from the previous year. See Table A4 for model selection results.
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Term Estimate S.E. 95% CI1

(Intercept) -1.61 0.52 -2.98 --0.72
Sex:Male -1.71 1.17 -4.64 —0.33
Age:0Old Adult -0.38 1.14 -3.14-1.77
Home Range 3.24 1.76 0.07—17.47
Male*Old Adult 2.92 1.71 0.01-7.29

Table 3. Factors driving intra- and inter-tactic similarity in circadian activity patterns of elephants.
Similarity was quantified using estimated overlap of activity pattern densities. A) Factors affecting intra-
individual similarity in activity patterns when in versus outside of agricultural use phases, assessed using
a generalized linear mixed model. The intercept includes factor levels for the low use tactic and encamped
state. B) Similarity in circadian activity patterns between the four agricultural use tactic classes using a
generalized linear model. The intercept contains factor levels for out-of-phase movement, encamped state,
and rare-habitual comparison. For both tables, fixed effect coefficients are shown with 95% confidence
intervals, and highlighted in bold where confidence intervals did not overlap zero. Positive values indicate
greater similarity in comparison to the reference level contained in the intercept.

A. Term Estimate  S.E. 95% CI1
Intercept 0.65 0.03 0.58 — 0.72
Tactic:Sporadic -0.02 0.03 -0.09 - 0.04
Tactic:Seasonal -0.01 0.04 -0.08 — 0.06
Tactic:Habitual -0.02 0.05 -0.10 - 0.06
State:Meandering 0.17 0.02 0.14 - 0.20
State:Directed 0.14 0.02 0.10-0.17
Walk
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B. Term Estimate S.E. 95% CI

Intercept 0.84 0.02 0.80 - 0.89
Ag Use Phase:In-phase -0.004 0.01 -0.03 - 0.02
State:Meandering 0.07 0.02 0.04 - 0.11
State:Directed Walk 0.03 0.02 -0.01 - 0.06
Comp:Rare-Sporadic 0.002 0.03 -0.05 - 0.05
Comp:Rare-Seasonal 0.02 0.03 -0.03 - 0.07
Comp:Sporadic-Seasonal 0.05 0.03 -0.001 - 0.10
Comp:Sporadic-Habitual 0.03 0.03 -0.02 - 0.08
Comp:Seasonal-Habitual 0.04 0.03 -0.01 - 0.09
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Figure 1. A) The Greater Serengeti-Mara Ecosystem showing core and buffer protected areas,
agriculture, forest, and permanent and seasonal rivers. Buffer area boundaries have been simplified. B)
Shows the GPS relocations of the 66 individuals included in the study. C) Shows a close up (bounding
box in A) of the individual Ivy's GPS track as she makes repeated forays into the surrounding agricultural
area.
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Figure 2. Tactic clusters defined by a univariate Gaussian Mixture Model using mean agricultural use.
Boxplots show the distribution of mean agricultural use for each tactic class. Grey squares show the mean
agricultural use for each individual used in the classification organized by tactic class.
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Figure 4. Kernel density estimates for 24-hour activity patterns are shown for agricultural (dashed line,
grey fill) and non-agricultural (solid line, dark grey fill) use phases. Density estimates are stratified by
tactic (column) and behavioral state (row). Vertical dashed lines indicate approximate sunrise (6:30am)
and sunset (6:30pm) times.
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CHAPTER 2: STAGING BEHAVIORS IDENTIFY SPATIAL AND TEMPORAL RISK OF HUMAN-
WILDLIFE CONFLICT

Summary

Habitat conversion to farmland has increased human-wildlife interactions that often lead to conflict,
injury, or death for people and animals. Understanding the behavioral and landscape drivers of human-
wildlife conflict is critical for managing wildlife populations. Staging behavior prior to crop incursions
has been described across multiple taxa and offers potential utility in managing conflict, but few
quantitative assessments of staging have been undertaken. Animal movement data can provide valuable,
fine-scale information on such behavior with opportunities for application to real-time management for
conflict prediction. We developed an algorithmic approach based on omission-commission testing to
assess the efficacy of six widely used metrics of animal movement to identify staging behavior prior to
agricultural incursions. We applied this approach to GPS data from 55 African elephants in the Serengeti-
Mara ecosystem and found tortuosity and HMM-derived behavioral states to be the most effective for
identifying staging events. We then assessed temporal patterns of defined staging at daily and seasonal
scales, and explored environmental and anthropogenic drivers of staging from spatial generalized logistic
mixed models. Finally, we tested the viability of algorithms using movement and spatial metrics to
predict crop incursions based on GPS data. Our approach identified staging behavior that appeared to be
driven largely by human activity and diurnal availability of protective cover from forest, riverine
vegetation, and topography. Staging also varied substantially by season. Tortuosity and behavioral state
metrics identified different staging strategies with distinct spatial distributions and anthropogenic drivers,
and appeared to be linked to the juxtaposition between protected and cultivated lands. Tortuosity-based
staging combined with distance-to-agriculture produced promising results for pre-event prediction of crop
incursion. Our work shows some of the challenges and advantages of using animal behavior to assess
temporal and spatial heterogeneity in human-wildlife conflict and demonstrates the need to further

incorporate animal movement data into conflict management approaches. Our approach is extendable to
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other conflict-prone species to assess pre-conflict behaviors and space use. Fine scale movement data
applied to management aims allows targeted and proactive mitigation and can facilitate effective spatial

planning.

1. Introduction

Human expansion into wildlife areas and habitat conversion has increased human-wildlife interactions,
which can often lead to conflict, injury, or death for people and animals (Woodroffe et al., 2005). Such
negative interactions not only lead to direct losses, but can hamper wider conservation efforts and erode
tolerance towards wildlife (Dickman, 2010; Goswami and Vasudev, 2017). Due to the expansion of
conflict, understanding, predicting, and managing animal movements in human-dominated landscapes is a
focus of conservation research (Konig et al., 2020). The spatial ecology of conflict, that is the spatial
distribution of conflict and its behavioral and landscape drivers, can pinpoint risks and provide

information to inform mitigation efforts (Bautista et al., 2021; Miller, 2015).

The spatial distribution of conflict is generally driven by the presence of humans and conflict resources,
such as agriculture, water, or livestock (Broekhuis et al., 2017; Denninger-Snyder et al., 2019; Miller,
2015). However, given dynamics in resources and behavior, risk of conflict is not static (Laffan et al.,
2016). An animal’s decision-making during conflict can be driven by risk-reward tradeoffs akin to anti-
predation behavior (Frid and Dill, 2002), and this may result in spatial and temporal heterogeneity in
conflict risk patterns as animals find movement strategies to adapt to a dynamic landscape and avoid
people (Miller and Schmitz, 2019). Generally, locations of known conflict sites are used to assess and
predict conflict risk (Bautista et al., 2021; Miller, 2015), but less is understood about space use leading up
to conflict and how the landscape may facilitate or impede negative human-wildlife interactions
(Blackwell et al., 2016). Identifying pre-conflict behavior and understanding how temporal and spatial
variation in this behavior relates to conflict risk on the landscape could help elucidate trade-offs that

animals make during crop incursions and inform how to manage landscapes to reduce conflict. Animal
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GPS telemetry can provide valuable and highly specific data to inform such assessments, and also has the
potential to be applied in real-time settings as an early warning system for negative human-wildlife

interactions (Weise et al., 2019).

In many migratory species, staging and stopover sites provide a safe area to avoid predators while resting
and refueling during migration (Dingle and Drake, 2007). The choice of stopover location and behavior
within these sites is generally the outcome of safety and foraging tradeoffs, where animals may choose
stopover sites with some food and little danger or seek out risky sites with access to food (Pomeroy et al.,
2008). Pre-conflict ‘staging’ behavior that mimics this strategy has been described in multiple species
including African and Asian elephants (Tiller et al., 2021; Wilson et al., 2015), American black bears
(Marchinton, 1995), and monkeys (Mekonnen et al., 2012), although to our knowledge it has not been
quantitatively defined and assessed. Across these species, staging is consistently described as confined
movement within densely covered habitat during the day in advance of incursions into crops and urban
areas at night. As found with migratory staging, it is theorized that staging areas, defined as refuge habitat
that animals use to access crops, could provide safety in human-dominated areas and allow animals to
remain close to high-quality food sources that require minimal travel and search time to obtain, despite

these areas being more dangerous (Tiller et al., 2021).

Crop raiding by elephants is one of the most prevalent types of human-wildlife conflict in Africa and
Asia, and is increasing with the spread of farms into wildlife range areas (Shaffer et al., 2019). As a result,
local communities can incur substantial costs from elephants that damage crops and property, sometimes
cause human injury or loss of life, and lead to retaliation killings of elephants (Denninger-Snyder et al.,
2019; Shaffer et al., 2019). Elephants typically crop-raid at night when they are less likely to be detected
(Sitati and Walpole, 2005; Tiller et al., 2021; Troup et al., 2020). They may also alter their normal activity
budgets by reducing movement during the day and moving quickly through fields at night in order to

access crops (Hahn et al., 2021). Conflict risk fluctuates annually, and in savannah systems is often linked
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to rainfall patterns as crops are primarily rain-fed and begin to mature as natural vegetation begins to
desiccate (Branco et al., 2019). Spatially, crop raiding tends to occur more frequently closer to forest
edges and protected areas, and in areas of lower human footprint (Denninger-Snyder et al., 2019; Sitati
and Walpole, 2005; Wilson et al., 2015), and elephants may use these forest patches as staging areas to
access crop fields (Tiller et al., 2021). Despite recognition of this behavior and the potential utility of
staging area identification for conflict mitigation, to our knowledge there have been no quantitative

assessments of staging related to human-wildlife conflict.

We analyzed a long-term GPS elephant movement dataset to investigate the mechanisms and propensity
of staging behavior employed during crop raiding by elephants. Our analysis is structured following four
objectives. First, we outline and implement an approach to define staging using six metrics derived from
GPS movement data. Second, we evaluate and compare spatial drivers of staging clusters in relation to
agriculture, protective cover vegetation, topography, and human footprint. Third, we assess how staging
fluctuates temporally at daily and seasonal scales. Finally, we test the feasibility of using GPS-derived
movement metrics and environmental parameters to predict night-time crop incursions from day-time
movement data. We discuss our findings in the context of possible mechanisms driving staging behavior,
the implications for proactive management of human-wildlife conflict across species, and directions for

future research.

2. Methods

Study Area

The study took place in the Serengeti-Mara Ecosystem, a savannah ecosystem in southwestern Kenya and
northwestern Tanzania that covers over 40,000 km”. The core area of the system is formed by the
Serengeti National Park in Tanzania and the Masai Mara National Reserve in Kenya (38% of study area).
It is buffered by limited use areas made up of community-managed conservancies with managed livestock

grazing and no farming (14%). The remaining area is unprotected, comprised of private and community
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land used for crops and pastoralism (48%). Agriculture is primarily maize and other grain crops that have
two growing seasons corresponding to the system’s biannual rainfall pattern. The agricultural — protected
area interface ranges from a hard edge (non-protected crop land adjacent to core areas) to soft edges
(limited use areas providing a buffer between crop land and core areas). Human-elephant conflict
fluctuates with crop cycles and is highest in the dry season, but incidences have risen overall in

conjunction with agricultural expansion (Denninger-Snyder et al., 2019; Mukeka et al., 2019).

Tracking Data

We analyzed GPS data collected from 2011 to 2021 from 55 elephants (185 elephant-years) that have
been tracked as part of long-term research projects in Kenya and Tanzania (details in Hahn et al., 2021).
GPS data collected from females (n = 27) represent a family unit while males (n = 28) are dispersed and
represent a single individual. Locations were filtered to the spatial extent of the study area, subsampled to
1-hour intervals where necessary, and individuals with <95% fix success rates were removed. After
cleaning, the dataset totaled 1,054,680 locations. To delineate movement during agricultural use, we
defined agricultural use days based on whether elephants used agriculture that day. Because crop use

occurs primarily at night, a day for this analysis was the period between 6am and 5am.

Environmental Data

Spatial covariates were compiled to analyze agricultural use and staging locations (Table B2). Agriculture
(8% of study area) was derived from a 30-m Landsat land cover classification of the Serengeti-Mara
ecosystem published in Veldhuis et al., 2019. Forest cover (1% of study area) was determined from the
30-m Landsat forest cover change product in Google Earth Engine, and defined as areas with over 30%
canopy cover in 2019 (Hansen et al., 2013). Normalized difference vegetation index (NDVI) was
extracted from the 250m Moderate Resolution Imaging Spectroradiometer (MODIS) vegetation product
from 2011-2021 at 16-day intervals and used to delineate wet, transition, and dry periods using Gaussian

mixture clustering (Bastille-Rousseau et al., 2020). To delineate areas where water was readily available
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we extracted and buffered rivers and drainages from the global HydroSHED Free Flowing Rivers
Network (Grill et al., 2019) by 250m corresponding to the mean step length for elephants. Slope was
calculated based on the 30-meter SRTM digital elevation model (Farr et al., 2007). Human footprint was
assessed using the Google Open Buildings product for Africa, which classifies permanent structures using
machine learning (Sirko et al., 2021). Land use status was categorized as core area, limited use, and
unprotected (Fig. 5). We used individual elephant-years as the sampling unit for agricultural-use and

movement metrics and defined years using an April cutoff to avoid splitting up crop seasons.

Staging Identification

To address our first objective to identify staging behavior prior to agricultural incursions, we used an
iterative algorithm and ensemble modeling approach to explore the efficacy of six different movement
metrics to detect staging movement patterns: hourly step length, straightness index, tortuosity, net squared
displacement, persistence velocity, and hidden Markov model-derived behavioral state (Table 4). We
chose these metrics because they have either previously been found to capture differentiated movement
behavior in elephants during crop incursions (Hahn et al., 2021; Troup et al., 2020), or were expected to

capture embedded movement consistent with previously observed staging behavior.

Based on elephant activity budgets and timing of known crop use (Hahn et al., 2021; Tiller et al., 2021),
we explored movement behavior between 6am and 9pm and potential stage lengths within this period
from 2 to 16 hours. Using these parameters, the data could be segregated into 120 combinations of
possible staging time windows. Within each time window, we calculated the value of the given movement
parameter and assessed how well that value combined with the time of day and window size identified
staging using omission and commission rates. Commission is defined as the inclusion of non-crop related
movement (false positives) and omission is defined as the failure of the algorithm to identify pre-crop

movement (false negatives). Algorithm iterations were used to test the parameter space of each metric.
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All movement metric calculations and algorithms were run in R version 4.1. Detailed metric definitions

and parameterizations can be found in Appendix 2.1.

To create a staging classification based on the many algorithm iterations for each metric, we used
weighted majority voting (Punera and Ghosh, 2008) to consolidate iterations based on performance and
create a single ensemble classification for each movement metric. Here, we assigned weights to each
iteration based on 1-commission error (i.e. lower commission error is weighted higher) (Fig. 6.2). The
total weight for each GPS location was calculated as the sum of individual iteration weights, and the
location was classified as staging if the weight for a location was greater than the average weight for all
possible staging locations. For each movement metric, omission-commission testing was used to evaluate

the overall ensemble stage classification and sensitivity to individual differences in elephants.

Spatial and Temporal Drivers of Staging

To investigate our second objective, we assessed how staging events on the landscape were driven by
natural and anthropogenic factors. For a given staging metric, the proportion of staging locations to total
locations during agricultural use days were calculated on a 250m grid corresponding to mean hourly step
length (Fig. 6.3). We assumed that staging would not occur in farms and therefore excluded all GPS
locations occurring inside agriculture. Environmental covariates were down-sampled and extracted for
every pixel in the grid. We used mixed-effects logistic regression with elephant ID as a random effect to
assess the propensity to stage, where each pixel value was weighted using the total count of locations for
that pixel. To account for spatial autocorrelation, we included an autocovariate based on an inverse
weighting scheme, a symmetric neighborhood matrix, and a search radius that was defined dynamically
for each elephant grid to select the lowest value at which all points had neighbors (Bardos et al., 2015).
We developed biologically realistic candidate models and evaluated all models using corrected Akaike
Information Criterion (Burnham et al., 2011). Covariates (percent forest cover, percent agriculture,

drainages, slope, and percent permanent buildings) were chosen based on expectations that staging
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clusters would relate to natural features which provide cover, readily available agriculture, and reduced
exposure to human settlements. Because covariate values were measured at different scales, continuous
covariates were scaled and centered. Tests for multicollinearity in predictors showed that variance
inflation values did not exceed 1.5 for either staging definition. 10-fold cross validation with 5 repeats

was used to assess the predictive performance of each model.

To investigate our third objective, we used the identified staging events to investigate movement patterns
and timing of staging behavior at daily and seasonal scales. At the daily scale, we assessed staging
movement patterns by calculating the mean value of each movement metric and mean speed at each hour
of the day for 1) agricultural use days with a stage, 2) agricultural use days without a stage, and 3) non-
agricultural use days. At the seasonal scale, we calculated the percentage of agricultural use days with a
stage occurring within wet, transition and dry seasons. To account for individual variation, we calculated

staging percentages for each elephant-year.

Enhancing Predictive Performance of Staging

To address our fourth objective to assess the viability of predicting crop incursions using movement
algorithms, we compared our movement-only algorithm to a second algorithm that incorporated

spatial agricultural data. Spatial filters that can remove biologically implausible stages (i.e. false-positive
locations far away from crops) may be useful for improving omission and commission rates. Agricultural
data was added to the algorithm using a spatial threshold to filter out possible staging events based on the
distance of a GPS location to agriculture. This spatial threshold was defined as the 95™ percentile of
Euclidean distance to agriculture during agricultural use days. We applied the omission-commission
testing structure to compare the movement-only and spatial threshold algorithm results and evaluated the
number of event triggers that would be missed and falsely triggered in a conflict prediction scenario as a

yearly average.
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3. Results

Staging Classification

In our evaluation of algorithm ensemble performance, results varied between all metrics but we found that
tortuosity and HMM-derived behavioral state were the most informative in relation to our objectives to
predict crop use and investigate spatial drivers of staging. Results for all algorithms can be found in Table
B1. Tortuosity produced the best omission rate — 13% failure to identify agricultural use days, with an
interquartile range of 9% to 14% between individuals — but performed worse with commission — 49%
commission, with IQR of 47% to 58% (Table 4). Behavioral state had a worse omission rate (36%, IQR
of 31% to 61% among individuals) but was better with commission (44%, IQR of 42% to 46%) (Table 4).
Ensemble classification of staging using tortuosity produced 13,954 staging events occurring between
9am and 6pm, while classification of staging using behavioral state produced 5,928 staging events

occurring between 8am and 6pm.

Spatial Drivers of Staging

For our second objective, we evaluated landscape properties of identified staging event locations (Fig. 7a-
b). For both staging definitions (tortuosity and behavioral state), the most parsimonious generalized
logistic mixed model based on AICc included proportion of forest cover, slope, drainages, proportion of
agriculture, and proportion of human settlement (Table B2,B3). The effect size for the proportion of forest
cover covariate was the greatest for both tortuosity and behavioral state models, indicating strong
selection for forest patches when staging (Table 6). Drainages also had a positive effect in both models.
The metrics differed in relation to proportion of agriculture, proportion of human settlement, and slope for
which behavioral state staging was more positively correlated (Table 6). Tortuosity-defined staging was
more likely to occur in protected and limited use areas compared to unprotected areas, while behavioral
state-defined staging was most likely to occur in unprotected areas. Additionally, the autocovariate
estimate for the behavioral state model was higher, suggesting that behavioral state-defined staging is

more spatially clustered on the landscape. Tortuosity-defined staging appeared to occur predominantly in
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the Serengeti side of the system, while behavioral state-defined staging occurred more in the Mara (Fig.
7¢c-d). In areas with high staging propensity (>50% of locations in a 250 m pixel related to staging
events), tortuosity staging occurred across a greater area (1,209 km?) relative to the area covered by
behavioral state staging (307 km?; Fig. B1). Cross validation indicated that the behavioral state model had
more predictive power (root mean squared error = 0.118, mean average error = 0.071) but high variation
not explained by the covariates (pearson’s R?> = 0.103). The tortuosity model had lower predictive power
(root mean squared error = 0.221, mean average error = 0.187) and slightly less variation (pearson’s R? =

0.15)

Temporal Drivers of Staging

For our third objective, we assessed daily and seasonal trends in staging occurrence. At the daily scale,
elephant movement metrics during agricultural use days showed strong differentiation when staging
versus not during the day (Fig. 8a-b). This trend was similar for tortuosity and behavioral state staging
definitions. However, assessment of elephant speed during staging revealed that tortuosity staging
averaged faster movements during the day than behavioral state staging (Fig. 9). For both metrics, stage
length had a mean of 5 hours with an interquartile range of 3 to 7 hours across individuals. At seasonal
scales, tortuosity and behavioral state staging occurred more frequently during the transition and dry

seasons, although staging also occurred during the wet season (Fig. 10).

Updating staging identification with spatial and temporal filters

To address our fourth objective to test the feasibility of predicting crop incursions from day-time
movement and spatial attributes, we created a second algorithm to remove false positive staging events
occurring far away from crop fields using a spatial threshold filter of 3.5km for distance to agriculture.
This threshold improved commission across both movement metrics. The effect was most pronounced for
tortuosity — 30% of staging events were false positives, a decrease of 20% compared to the movement-

only results. HMM-defined behavioral state also improved (35% false positive, decrease of 9%) (Table
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5). Omission rates for both metrics rose with the spatial filter as it excluded some stages occurring more
than 3.5km from agriculture. Overall, tortuosity had the best omission and commission rate of all 6
metrics after adding a spatial threshold for distance to agriculture (Table B1). In a conflict prediction
scenario, the algorithm using tortuosity and distance to agriculture would produce an average of 3,419
alarms per year, with 480 false alarms and 274 missed alarms, while the behavioral state spatial threshold

algorithm would produce 1,257 alarms per year, with 570 false alarms and 624 missed alarms.

4. Discussion

Crop raiding is one of the most prevalent types of human-wildlife conflict in Africa and Asia and has
increased sharply with the spread of farms into wildlife range areas (Mukeka et al., 2019; Shaffer et al.,
2019). Evaluation of spatial and temporal heterogeneity in conflict risk is critical to design conflict
management plans (Laffan et al., 2016), but approaches that consider animal behavior and space use
leading up to conflict are limited (Blackwell et al., 2016). Staging behavior prior to conflict has been
described across multiple taxa and offers potential utility in managing and predicting conflict, but few
quantitative assessments of staging have been undertaken. We developed approaches to identify staging
behavior prior to agricultural incursions from GPS tracking data using African elephants and six
movement metrics (tortuosity and hidden Markov model-derived behavioral states being the most
explanatory) as a case study. These metrics highlighted different aspects of staging behavior that,
ultimately, may be useful in addressing different objectives for managing human-elephant interactions.
Specifically, the behavioral states application highlighted spatially constrained staging events described
elsewhere (Tiller et al. 2021), while tortuosity-based staging captured a spatially dispersed meandering
behavior prior to agricultural incursions that occurred more within protected areas. In contrast to our
assumption of staging being highly embedded, tortuosity-based staging was more pronounced (in terms of

propensity) and wide-spread (in terms of area where it occurred) in the study system.
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Our results highlight considerable spatial heterogeneity in both the level and type of conflict risk and the
ability of elephants to adapt their movement strategies depending on the landscape. While our algorithm
approach was able to proactively identify agricultural use on a majority of days, the omission rates across
all movement metrics suggest that missed events are likely due to a variety of non-staging pre-crop
strategies that elephants employ, rather than a failure to identify staging. Overall, behavioral state-defined
staging occurred on a smaller subset of agricultural use days, but was highly spatially clustered in the
system and highly predictable in relation to spatial covariates, which we assume would make it most
useful for identifying and targeting specific areas on the landscape for landscape planning approaches.
Tortuosity staging occurred on a vast majority of agricultural use days, was dispersed throughout the
study area, was the most reliable predictor of agricultural use based on commission and omission errors,
but was harder to predict in relation to spatial covariates. We assume that these traits may be most useful
for prediction of agricultural incursions from GPS movement data, rather than applying directly towards

landscape planning efforts.

The distinction in both movement and environmental correlates for staging defined using tortuosity and
behavioral state appeared to be linked to gradients in the juxtaposition between fully protected and
cultivated land. In this system, abrupt transitions between protected areas and unprotected cultivated land
were related to higher amounts of tortuosity based staging events. Protected areas in the study system
only allow tourism, meaning elephant behavior in such areas was less inhibited by human interaction. In
contrast, behavioral state-defined staging events occurred more often in limited use areas (e.g. community
conservancies) in the Mara ecosystem and unprotected land, which are prone to regular livestock grazing
and human activity during the day. In such areas, elephants reduced their movements and sought staging
areas with greater cover habitat. Overall, the encamped strategy appeared to put elephants in closer
proximity to agriculture with the trade-off of reduced movement that may limit access to water and forage

during the day (Pomeroy et al., 2008).
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In our assessment of staging at seasonal scales, staging was more common during the transition and dry
season relative to the wet season. These are typically the seasons with the highest rates of conflict as
natural vegetation browns down and crops ripen (Denninger-Snyder et al., 2019; Tiller et al., 2021).
However, we were surprised to detect staging during the wet season, when fields are generally fallow or
at seedling stages. These field incursions indicate that staging may provide multiple benefits not exclusive
to crop use, such as access to desirable resources outside protected areas and for range expansion during
the wet season (Tiller, 2017), and helps explain the consistently higher false positive rates during the wet

s€ason.

The definition of wildlife movement behaviors that can identify pre- crop raiding behavior provides an
opportunity for planned management activities to mitigate conflict (Blackwell et al., 2016). For example,
known staging hotspots could be regularly monitored during the crop season when the risk of conflict is
highest. If identified hotspots are widely used, such spatio-temporal management action can potentially
impact non-collared crop-raiders. In addition, spatial attributes of staging could be used towards
agricultural plot-level mitigation schemes, such as planting of unpalatable buffer crops and alternative
income programs (Chang’a et al., 2016). In this system, areas with relatively more behavioral state-

defined staging areas would be most suited to these approaches (Fig. 7).

Conflict prediction and proactive approaches to mitigate negative interactions have shown many benefits
for wildlife and human communities (Shaffer et al., 2019). At the same time, approaches that produce
many false positives are not useful in scenarios with limited management capacity to respond (Fang et al.,
2019). The use of tortuosity combined with information on distance to agriculture was able to drastically
reduce commission while keeping omission rates low, which suggests that this approach could be
valuable in predicting incursions when paired with real-time GPS data. Our ensemble approach allows
comparison across multiple metrics to derive the most suited for a specified task, in this case identifying

staging behavior. After definition, real time application of the defined metric can be applied to enable
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proactive management intervention. Alternatively, machine learning approaches that can be trained over
time to more accurately identify movement of management relevance (like staging) may be a promising

approach to pursue building off the lessons from the type of analysis presented here (Wang, 2019).

Understanding the complexity of conflict behaviors in wildlife is crucial to evaluate spatial and temporal
heterogeneity in conflict risk and develop effective mitigation strategies. While our study used African
elephants to test staging behavior, the algorithmic approach is translatable to other species that have been
described employing such behaviors (Marchinton, 1995; Mekonnen et al., 2012; Wilson et al., 2015), and
other metrics that we tested may prove better in different systems. Further research may be most
productive for species that are already monitored, in ecosystems with landscape traits that appear to drive
staging, areas with planned buffer zones or corridors that may facilitate staging, or where climate change
is expected to shift conflict risk (Bautista et al., 2021; Kitratporn and Takeuchi, 2022; Lewis et al., 2015).
Such investigations can play a pivotal role in motivating mitigation efforts and informing land use

planning initiatives that incorporate behavioral complexity into human-wildlife conflict risk.

5. Tables & Figures

Table 4. The movement metrics tested to define staging behavior. All metrics are calculated for the track
segment in each time window (n = 120).

Metric Definition Expected relationship Reference
to staging

Mean Step size/length The mean displacement Lower Seidel et al.,
within the time window 2018

Straightness Index The ratio of net Lower Benhamou,
displacement R to total path 2004
segment length L; log(R/L)

Tortuosity The ratio of total path Higher Whittington et
segment length L to net al., 2004
squared displacement R?;
log(L/R?)
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Net Squared Displacement | The straight-line distance Lower Seidel et al.,

between the start and end of 2018
the trajectory within the time
window
Persistence Velocity The mean of the speed of Lower Seidel et al.,
movement in the direction of 2018

heading; speed*cos(absolute
turning angle)

HMM Behavioral State Percentage of encamped Higher Hahn et al.,
GPS fixes 2022

Table 5. Omission-commission results from ensemble algorithm outputs. Omission is the percentage of
agricultural use days that were not detected using the staging algorithm (false negative). Commission is
the percentage of non-agricultural use days that were classified as agricultural stages by the algorithm
(false positive). Values are reported as percentages.

Movement
Metric Type Only Ag Filter
HMM Behavioral Omission 0.36 0.37
State Commission 0.44 0.35
. Omission 0.13 0.17
Tortuosity
Commission 0.51 0.3

Table 6. Generalized logistic mixed models for environmental predictors of staging areas using the
behavioral state and tortuosity metrics. Coefficient estimates and 95% confidence intervals are reported
on the log odds scale. 95% confidence intervals for tortuosity and behavioral state that do not overlap are
bolded. Land use type is reported with ‘not protected’ as the reference level. Drainages is reported with
'not within 250m' as the reference level.

Tortuosity HMM Behavioral State
Coefficient Log Odds 95% CI Log Odds 95% CI
Intercept -1.11  [-1.22,-1.01] -3.36  [-3.52,-3.20]
Percentage of Forest (250m) 1.56 [1.39,1.73] 1.54 [1.37,1.70]
Percentage of Agriculture (1500m) -2.41 [-2.54,-2.28] -0.61 [-0.80, -0.41]
Proportion Settlements (250m) -0.34 [-0.38, -0.30] -0.29 [-0.34,-0.24]
Slope -0.1 [-0.12,-0.08] 0.14 [0.12, 0.16]
Land Use Type [Limited Use] 0.07 [0.03, 0.10] -0.4 [-0.45, -0.34]
Land Use Type [Protected] 0.32 [0.28, 0.36] -0.12 [-0.19, -0.05]
Drainages [within 250m] 0.28 [0.25, 0.32] 0.09 [0.03, 0.14]
Autocovariate 0.55 [0.53, 0.57] 0.82 [0.79, 0.85]
Random Effects s*ip =0.09 s'p =0.26
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Figure 5. A) The Greater Serengeti-Mara Ecosystem showing core and limited use protected areas,
agriculture, forest, permanent and seasonal rivers, and topography. Protected area boundaries have been
simplified. B) Shows the GPS relocations of the 55 individuals included in the study.
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Figure 6. An example workflow for ensemble classification and spatial modeling of staging events from
GPS data using the percentage of encamped behavioral state steps. The workflow follows 3 steps: 1) The
movement track is scanned for staging events considering staging length, time of day, and a threshold
value for the staging metric. 2) For each movement metric, the results of the individual algorithm
iterations are combined using weighted voting to produce an ensemble classification of staging events. 3)
From the tagged staging events, the occurrence of staging in relation to natural and human footprint
variables can be assessed using a weighted spatial regression. Staging occurrence is quantified using the
proportion of staging to non-staging locations on a 250m grid.
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Figure 7. A comparison of staging clusters produced by tortuosity and behavioral state definitions in the
Serengeti-Mara System. Panels A and B show HMM-derived behavioral state and tortuosity-defined
staging propensity values, respectively. Darker reds indicate areas of greater staging propensity (ratio of
staging to non-staging use). C and D show the relative difference in cell values between the tortuosity and
behavioral state defined events in a section of the Mara region (C) and the western Serengeti (D). Warmer
colors (positive values) indicate cells with more behavioral state staging and cooler colors (negative
values) indicate cells with more tortuosity-based staging. Note the greater proportion of HMM-behavioral
state events in the limited use areas and the opposite contrast in the protected areas.
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Figure 8. Hourly activity budgets are shown for agricultural use days with staging days (squares),
agricultural use non-staging days (triangles), and non-agricultural use days (circles), and highlight the
reduction in daytime movement during staging events. Budgets are calculated for each individual and bars
represent 95% confidence intervals. (A) shows the mean staging propensity defined using tortuosity for
each hour among all elephants. (B) shows the mean staging propensity defined as encamped relocations
for each hour among all elephants. Grey dashed lines indicate approximate sunrise (6am) and sunset

(6pm).
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Figure 9. Mean hourly step length for days with HMM-behavioral state (circles) and tortuosity (triangles)
defined staging events, highlighting that events identified using behavioral states show notably lower
displacement relative to those identified using tortuosity. The mean step lengths are calculated by
individual, and bars correspond to 95% confidence intervals. Grey dashed lines indicate approximate
sunrise (6am) and sunset (6pm).
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Figure 10. Seasonal trends in staging are shown for A) the tortuosity metric and B) the HMM-behavioral
state metric showing the propensity for staging to occur during drier periods in the study areas. Boxplots
show the percent of agricultural use days with a stage occurring within each season. Overlayed points
show the calculated percentages for 205 elephant-years. The size of the points corresponds to the number
of stages by an individual in a given year for tortuosity (max = 158) and behavioral state (max = 127).
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CHAPTER 3: CROP USE STRUCTURES RESOURCE SELECTION STRATEGIES IN A HUMAN-
DOMINATED LANDSCAPE

Summary

To conserve wide-ranging species in human-modified landscapes it is essential to understand how
animals respond to degrees of modification and in turn how this impacts populations. Of widespread
interest is wildlife use of agriculture lands that often leads to conflict. Evidence for some species suggests
that large inter-individual variation exists in the propensity for conflict, and that this may be driven by
both behavioral and landscape factors. Less understood is the impact of crop use on foraging behavior.
Research in the Mara-Serengeti Ecosystem of East Africa has shown that elephant space use is highly
structured by human activity and that the population is structured by the degree to which individuals’
crop-raid. Following these findings, we analyzed GPS data from 56 free-ranging elephants within an
ecosystem containing low and high levels of fragmentation to assess how crop use may drive patterns of
resource selection and space use within a population. We found wide variation in resource selection
coefficient values between individuals, indicating strongly differentiated resource selection strategies
across individuals, years, and seasons. Variation was particularly marked during the wet season across
years, but individuals were more likely to use a similar strategy in the dry season. Cluster analysis of
individual resource selection coefficients indicated they were structured primarily by the degree of crop
use in the dry season and time spent in protected and unprotected areas. While crops were avoided at the
home range level, controlling for space revealed that crop selection patterns were strongly spatially
structured and related to the level of fragmentation. In areas with high fragmentation, large farms and
small forest refuges, elephants selected most strongly for areas within 1000m of the protected area
boundary. In contrast, elephants selected most strongly for areas 1000-2000m away in areas with low
fragmentation, smaller farms, and larger forest refuges. Our results highlight how variation in behavioral
responses to human development and landscape change structure resource selection and space use, and by

extension population distributions. Our approach can be applied to other species and systems to
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characterize individual variation in human resource use and inform mitigations for human-wildlife

coexistence.

1. Introduction

Animal movement, dispersal, and habitat selection are important determinants of the spatial distribution
and dynamics of wildlife populations in heterogenous landscapes (Lima and Zollner, 1996). In
agricultural landscapes, behavioral responses to rapid landscape changes are often driven by foraging
tradeoffs in accessing highly nutritious resources while reducing risk from humans (Branco et al., 2019;
Simon and Fortin, 2019). The way that animals respond to these tradeoffs can structure ecological
processes such as predation, reproduction, and intraspecies competition (Robertson et al., 2013; Sih et al.,
2011). To survive in agricultural landscapes animals typically alter their movement behavior as resource
availability and risk changes (Broekhuis et al., 2019; Paton et al., 2017), which can structure overall shifts
in population distributions (Simon and Fortin, 2019; Veldhuis et al., 2019). The juxtaposition of
wildlands and human dominated areas also influences animal behavior and space use, such as through the
relationship between fragmentation and a species’ movement capabilities that can dictate dispersal
(Doherty and Driscoll, 2018; Ricketts et al., 2017). The influence of both behavior and landscape on
animal movement is of increasing interest, particularly in relation to determining drivers of human-
wildlife conflict and wildlife responses to human disturbance (Blackwell et al., 2016; Songhurst et al.,
2016). Understanding the fundamental links between landscape fragmentation and its impact on a species’
resource requirements and space use is important for designing conservation and management strategies

in agricultural landscapes.

Land use change from humans have introduced novel resources and altered the risk landscape for wildlife
(Gaynor et al., 2019; Simon and Fortin, 2019). For example, crops represent novel, high-quality food for
herbivores but come at the cost of increased mortality risk (Simon and Fortin, 2019; Sukumar and Gadgil,

1988). Crop use by wildlife is a spatially explicit behavior that is thought to be driven by risk-reward
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tradeoffs as animals employ movement strategies such as moving faster, changing daily activity budgets,
and shifting space use to access crops (Branco et al., 2019; Lewis et al., 2015; Troup et al., 2020). Less
understood is the foraging tradeoffs that animals make to seek out crops and the extent to which crop use

structures space use in a population (Pozo et al., 2018).

The ability to collect detailed longitudinal movement data offers powerful insight for the study of
spatially structed behaviors (Joly, 2019), such as human-wildlife interactions (Johnson et al., 2015).
Resource-selection functions (RSFs), which compare landscape characteristics at used sites to those at
random sites, can be a valuable research tool to study foraging strategies within a population (Leclerc et
al., 2016; Sawyer et al., 2006). More recently, interest has grown in using inter- and intra-individual
variation in resource selection to understand drivers of population distribution and key areas on the
landscape for population persistence (Bastille-Rousseau et al., 2019; Wittemyer et al., 2019). Relating
individual heterogeneity in space use to ecological contexts that favor certain tactics or the extent to
which individuals can adjust to human pressures can provide further perspective on how tactics may
impact population-level responses to environmental change (Spiegel et al., 2017). Although it can be
difficult to discern environmental contexts from remotely collected movement data, spatially explicit

behaviors such as crop raiding are identifiable (Hahn et al., 2021).

Crop raiding by elephants is one of the most common types of human-wildlife conflict in Africa and Asia,
and is rapidly increasing as cultivated land expands near protected areas (Shaffer et al., 2019).
Temporally, elephants typically crop-raid at night when they are less likely to be detected (Sitati and
Walpole, 2005; Tiller et al., 2021; Troup et al., 2020), and in the dry season when crops mature (Branco
et al., 2019). The spatial distribution of humans and wildlife can affect the occurrence and intensity of this
conflict, but studies have mainly been limited to assessing where conflict events occur on the landscape
without information on wider space use surrounding conflict behavior. Conflict hotspots occur further

from human settlements (Denninger-Snyder et al., 2019), and elephants may also use landscape features
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such as forest patches and drainages to access crops (Pittiglio et al., 2014; Tiller, 2017). However, general
elephant space use is not necessarily linked to conflict hotspots (Pozo et al., 2018) and elephants are
thought to shift their ranges closer to crops when raiding depending on the landscape structure (Hahn et
al., In Review). While resource selection studies that can link crop use to overall foraging strategies,
seasonal factors, and sex may be valuable to understand how conflict is influenced by behavioral and
landscape factors, this approach has been underserved (Mumby and Plotnik, 2018) (but see Branco et al.,

2019).

Previous research on a subset of this population has shown that management zones and the level of
protection has strong effects on resource selection, and these effects interact with time of day, season, and
sex (Wall et al., In Review). In particular, selection in the unprotected areas is strongly differentiated
between wet and dry seasons and time of day, suggesting that crop use and human activity may be a key
driver in resource selection strategies. Additionally, analyses in this system have demonstrated that the
population is structured by the degree to which individuals crop-raid, allowing subdivision of these
individuals into four behavioral tactics around agricultural use (Hahn et al., 2021). Here we build on this
insight to (1) quantify the extent to which using crops impacts overall resource selection strategies and (2)
assess how the spatial distribution of crop use relates to the interface between natural and crop land.
Specifically, we test the hypothesis that crop use necessitates different selection strategies such that
elephants that use similar amounts of crops each year and season should have more similar resource
selection trends to each other. Further, we test the hypothesis that the amount of crops and level of
fragmentation outside protected areas affects crop use such that more farms and more forest cover will
result in selection for crops close but not far from protected area edges while fewer farms and more forest
cover will result in selection for crops further from protected area edges. We discuss our findings in the
context of possible implications on population distributions and conflict risk, management of human-

wildlife conflict across species, and directions for future research.
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2. Methods
Study Area

The study took place in the Serengeti-Mara Ecosystem, a savannah ecosystem in southwestern Kenya and
northwestern Tanzania that spans over 40,000 km2. Vegetation ranges from large grasslands to woodland,
bushland thickets, and afro-montane forests. The protected areas in the system are made up of the
Serengeti National Park in Tanzania and the Masai Mara National Reserve in Kenya, along with
community-managed conservancies and communal lands with managed livestock grazing and no farming
(Fig. 11). The remaining area is unprotected, comprised of private and community land used mainly for
crops and pastoralism. Agriculture is primarily rain-fed grain crops and is generally planted in the wet
season and becomes mature and is harvested during the dry season. Human-elephant conflict is highest
after crops mature, but incidences of conflict have generally risen over the last two decades (Mukeka et
al., 2019; Tiller et al., 2021). The Mara region is generally less degraded outside protected areas, with
crops making up 20.6% of unprotected land compared to 46.9% in the Serengeti. Landscape indices of
edge density and contagion index of the unprotected land suggest considerably less fragmentation and
more interspersion of natural patches in the Mara (edge density = 161, contagion index = 44.5) compared
to the Serengeti (edge density = 217, contagion index = 25.4). To aid in the interpretation of results, we
considered the Mara region to represent a soft edge between natural and crop land with low

fragmentation, and the Serengeti region to represent a hard edge with high fragmentation.

Tracking Data

We analyzed GPS data collected from 2011 to 2021 from 56 elephants (180 elephant-years) that have
been tracked as part of long-term research projects in Kenya and Tanzania (details in Hahn et al., 2021).
GPS data collected from females (n = 28) represent a family unit while males (n = 28) are dispersed and
represent a single individual. Locations were filtered to the spatial extent of the study area, subsampled to
1-hour intervals where necessary, and individuals with <95% fix success rates were removed. To assess

resource selection across seasons, data on individuals was split into elephant-year-seasons (n = 334; 178
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dry and 156 wet). Due to our focus on crop selection, we also removed tracking data from elephant-year-
seasons that did not interact with crops (4 dry, 2 wet). After cleaning, the dataset totaled 1,244,111

locations.

Environmental Data

Spatial covariates were compiled to analyze resource selection. Land cover was derived from a 10-m
Sentinel land cover classification of the Serengeti-Mara ecosystem published in Wall et al., In Review.
Natural landcover classes based on the percentage of grass and canopy cover. Overall, landcover classes
consisted of bare ground, grassland/savannah, open woodland/bushland, forest/bush thicket, and crops.
Normalized difference vegetation index (NDVI) was extracted from the 250m Moderate Resolution
Imaging Spectroradiometer (MODIS) vegetation product from 2011-2021 at 16-day intervals and used to
determine the coefficient of variation in NDVI for each season-year. NDVI values were also used to
delineate wet and dry seasons using Gaussian mixture clustering (Bastille-Rousseau et al., 2020). To
delineate areas where water was readily available we extracted and buffered rivers and drainages from the
global HydroSHED Free Flowing Rivers Network (Grill et al., 2019) by 250m corresponding to the
hourly mean step length for elephants. Slope was calculated based on the 30-meter SRTM digital
elevation model (Farr et al., 2007). Settlements were assessed using the Google Open Buildings product
for Africa, which classifies permanent structures using machine learning (Sirko et al., 2021). We only
included buildings with a confidence level greater than 70% and calculated settlement density using a
window size of 250m corresponding to mean hourly step length of elephants. Roads (Tyrrell et al., 2022)
were categorized into primary and secondary roads, and the Euclidean distance to each road type was
calculated as a raster with 10m resolution. The distance to protected area edges was calculated similarly,

while allowing for negative values inside of the protected areas.
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Resource Selection Functions

To evaluate elephant resource selection relative to crops, we used third-order resource selection functions
(RSFs) based on a use-available design (Boyce et al., 2002). To characterize availability for each
individual-year-season, we used GPS locations to home ranges using 95% minimum convex polygons
and generated random locations representing availability within each polygon. The ratio of available to
observed points can affect resource selection function results, so we tested ratios from 20:1 to 50:1 on a
subset of individuals and found that model estimates stabilized at 30:1 (Northrup et al., 2013). Available
locations were randomly assigned a date and time based on the distribution of the observed locations
(Bastille-Rousseau et al., 2020), and all locations were classified as day (6am to 6pm) or night and wet or
dry season using dummy coding. All environmental covariates, described above, were extracted for each
used and available location. Finally, individual-year-season datasets with less than 500 observed

relocations or with no observed relocations in crops were removed.

We used exponential mixed-effects RSFs estimated using a logistic regression to evaluate resource
selection. Model selection by AICc was performed using a population-level RSF with a random effect for
individual (Bastille-Rousseau et al., 2020), and the most parsimonious model was then fit to each
individual-year-season. Coefficient values and 95% confidence intervals were obtained for each
individual-year-season model. To determine performance of the individual models, k-fold cross validation

using 5 folds was performed for each model.

Drivers of similarity in resource selection

To address our first objective to determine how crop use affects overall resource selection strategies, we
applied unsupervised random forest models with 10,000 trees to the RSF coefficients from each
individual-year-season model. The random forest produces a proximity matrix that represents a measure
of similarity between each individual-year-season. This proximity measure indicates how frequently a

pair of individual-year-seasons were classified in the same terminal node of a tree by the random forest
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algorithm, with values ranging from 0 to 1 where 1 indicates perfect similarity. We then assessed the
influence of environmental, seasonal, annual, and individual factors on similarity. We used a beta
regression of the proximity metric and weighted the regression by the product of the k-fold cross
validation scores for the associated pair of RSF models. Covariates included sex (coded as different sex,
both male, or both female), season (different season, both wet, both dry), year (different year, same year),
region (different region, both Serengeti, both Mara), difference in crop use defined as the difference in
percentage of observed relocations spent in crops for the associated year-seasons, and difference in
protected area use defined as the difference in percentage of observed relocations spent in protected and
unprotected areas. We developed six hypotheses that informed our inclusion of specific variables and
interactions and fit a single global model to test these. The hypotheses and expected effects are shown in

Table 7.

Spatially Explicit Crop Selection

To investigate our second objective to understand how crop selection varies in relation to protected areas
and agricultural composition, we divided the study system into two regions of hard-edge high
fragmentation (Serengeti) and soft-edge low fragmentation (Masai Mara) following our assessment of
landscape fragmentation metrics. To account for space, we stratified the unprotected area of both regions
into 1000m non-overlapping buffers corresponding to the distance from protected areas. We used 1000m
buffers extending to 3km, and a final buffer level encompassing elephant range from 3-6km from
protected areas. Based on previous conflict assessments, relocations further than 6km were assumed to be
related to dispersal events rather than crop raiding and were discarded (Tiller, 2017). Constant buffers of
250m corresponding to mean hourly step length were also tested and produced a similar spatial pattern
indicating model results were not sensitive to buffer size, but we chose to use 1000m buffers for clear
interpretation. All elephant relocations were assigned a region and buffer level, which was coded as a
multi-level factor. We fit separate region-season RSFs using generalized linear regressions with a logit

link. We used crop and buffer level as the two covariates and included an interaction between them to
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assess how crop selection changed in relation to buffer level. Because not all elephants used all buffer
levels, we pooled individuals by region and year. Coefficients and 95% confidence intervals were
extracted for each model. To assess goodness-of-fit, Area Under Curve values were calculated for each

model, and we chose 0.7 as a cutoff value for reasonable model fit (Lemeshow and Hosmer, 1982).

To help interpret our findings, we calculated several landscape metrics within each regional buffer that
could test for differences in the availability of crops and forest (percentage of total land area), and the size
and shape of farm and forest patches (mean patch area, mean core area, and perimeter-area ratio) (Wang
et al., 2014). We chose to focus on forest due to previous findings that forest patches play a key role as a
cover habitat in facilitating crop use (Sitati and Walpole, 2005; Tiller, 2017). All metrics were calculated

using the landscapemetrics package in R (Hesselbarth et al., 2019).

3. Results
After excluding individual-year-season datasets with no observed relocations in crops or with fewer than
500 total relocations in the dataset, 181 elephant-years from 56 individuals were included in the analyses.

There were 176 elephant-year-seasons during the dry season and 157 during the wet season.

Individual Variation in Selection

We found wide variation in individual selection coefficients. The global model including all covariates
and an interaction between crops and time of day was the most parsimonious model and was used to fit
individual RSFs. However, while the coefficient confidence intervals for the population-level RSF did not
overlap zero, individual coefficient estimates ranged from negative to positive for most covariates (Fig.
12). While only 21 (6.2%) individual-year-seasons showed selection for crops with confidence intervals
that did not overlap zero, 184 (55.1%) showed selection for crops at night. Most individuals showed
avoidance or no selection for higher settlement densities, while individuals varied greatly in selection for

distance to primary and secondary roads and to protected areas. There was generally strong selection for
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forest/thicket and avoidance of grassland/savannah and slope, while selection for open
woodland/bushland and NDVI covariance varied much more (Fig. 12). Summarized results for the

individual-year-season models can be found in Figure 12.

Drivers of proximity in selection strategies

Proximity analyses indicated similarity between individual elephant-year-seasons was weak, with a mean
proximity index value of 0.03 (min = 0.005, max = 0.7), demonstrating that elephant selection strategies
varied by year. In support of our hypothesis that crop use is a key driver of resource selection strategies,
the beta regression model indicated that similarities in overall selection strategies were driven by the
degree of crop use in the dry season, as well as similar space use, similar sex, and similar seasons (Table
8). However, being in the same year had no effect (Table 8). Covariates related to space use and season
appeared to be the most consistent driver of similarity in selection strategies. In contrast, we found that
closer levels of crop use had a strong effect on similarity in the dry season, but not in the wet season
(Table 8). Overall, we found repeatability in an individual’s selection strategies between years, but
accounting for season showed that this repeatability occurred mainly during the dry season, and there was

no similarity in the wet season (Table 8).

Crop Selection in Space

In our assessment of landscape patch characteristics for crops and forest, we found that the Mara and
Serengeti regions differed substantially. The Mara was characterized by approximately 5 times less crop
cover and 2.5 times higher amounts of forest across all buffers (Fig. 13d). Compared to the Serengeti,
crop patch area in the Mara were approximately 3.5 times smaller (Fig. 13a,b) and slightly more complex

(Fig. 13c¢), while forest patches were 2.5 times larger and slightly less complex.

Relatedly, we detected differences in the spatial pattern of selection for crops between the two regions.

Here we focus on the dry season, but wet season model results are also presented (Fig. 14, Table B3). In
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the Mara, selection for crops during the dry season occurred in the 1000m buffer (B = 0.198; 95%
CI]0.182,0.213]) and was strongest in the 2000m buffer (f = 0.535; 95% CI[0.451,0.619]), while there
was no selection for crops in the 3000m buffer (B = 0.051; 95% CI[-0.045,0.148]) (Fig. 14a). This pattern
of selection appeared to be the inverse of selection for the buffered area in general, with the 2000m buffer
being avoided most strongly (B =-0.283, 95% CI[-0.303, -0.264]), but experiencing the strongest
selection for crops. In contrast, elephants in the Serengeti during the dry season selected most strongly for
crops in the 1000m buffer (B = 0.597; 95% CI[0.547, 0.646]), and this diminished linearly for the 2000m
(B =10.355, 95% CI[0.299, 0.412]) and 3000m buffers (f = 0.202, 95% CI[0.139,0.265]) (Fig 14c). The
selection for the buffered area followed the same pattern, with the 1000m buffer being selected most
strongly (B = 1.181, 95% CI[1.157, 1.204]) and diminishing linearly. Notably, in both regions, selection
for crops across the entire unprotected area was negative in the dry season. Dry season models (Mara
AUC = 0.72, Serengeti AUC = 0.76) had reasonable goodness-of-fit, but this was not the case for wet
season models (Mara AUC = 0.59, Serengeti AUC = 0.61). Coefficient estimates and 95% confidence

intervals for all models can be found in Table B3.

4. Discussion

Understanding how spatially-explicit behaviors shape space use and resource requirements is of
increasing interest. However, variation within a population can make this difficult to quantify. Using GPS
tracking data from African elephants across two regions with markedly different wildland-agricultural
interfaces, we developed approaches to quantify how crop use impacts resource selection strategies and
crop selection changes in relation to landscape fragmentation and protected areas. Our results highlighted
how crops, season, and space use play an important role in driving resource selection strategies, and how

fragmentation affects where elephants prefer to use crops.

We found high individual variation in resource selection but identified several key trends that appeared to

shape selection strategies. Space use and sex appeared to be the most consistent driver of similarity, while
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crops had a strong effect only in the dry season. Intra-individual similarity between years was also much
closer in the dry season, while elephants appeared to have different selection strategies in the wet season
from year to year. The dry season is also when crop use by elephants is highest in this system and the
differences in crop use between individuals are most stark (i.e., those that raid crops and those that do
not). This suggest that crops play an important role in shaping seasonal resource selection strategies in the
system. Additionally, elephants that spent similar time in unprotected areas were more likely to have
similar resource selection coefficients. Previous findings have shown that elephants change their behavior
to use crops, including shifting their ranges as crops mature (Branco et al., 2019), changing daily activity
budgets (Hahn et al., 2021), and altering their movement patterns prior to raiding (Troup et al., 2020). Our
results suggest these behaviors require elephants to adjust their overall foraging strategy during periods of
crop use in a relatively similar way. The similarity in selection strategies may also lead to more

intraspecific competition among elephants that use crops in the dry season.

We also found strong spatial structuring in crop selection based on distance from protected areas, the
extent of fragmentation, and the patch structure of crops and forest. Notably, when not accounting for
spatial structure we found that elephants strongly avoided crops, but adding spatial structure to the model
revealed zones that elephants selected and avoided for. With more fragmentation and smaller forest
patches to use in the Serengeti, elephants selected strongly for crops close to the protected area boundary.
In the Mara, we found a strong signal for selection in the 2000m buffer despite no large differences in the
amount of crops or forest compared to other buffers. This is likely due to the spatial distribution of
conflict hotspots in the Mara system within this buffer, and similar results were previously observed in a
spatial conflict assessment of a subregion of the Mara (Tiller et al., 2021). While this signal may be
unique to the Mara, it indicates that a softer edge between natural and cultivated land can allow elephants
to move further into unprotected areas and in turn shift conflict risk to farms. The importance of forest
patches to this movement behavior aligns with previous work showing that elephants and other species

rely on extant forest to access crops and limit detection from humans (Hahn et al., In Review.; Tiller,
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2017). Overall, our results suggest that the landscape structure and the ability of animals to move through
it plays an important role in determining where conflict may occur and points to how conflict risk may

change as land around protected areas are converted.

Several caveats to our approach should be noted. First, while we detected several factors that drove
similarity between individuals, proximity between individuals was very low overall. Second, our ability
to compare spatially structured crop selection in the Mara and Serengeti is only correlative due to the
observational nature of this study. Third, while the low predictive power of the agricultural buffer models
was typical for elephants where individual variation is high, it limits the extension of these findings
beyond the study system. Based on our results, a controlled study or one using simulated landscapes (e.g.
Signer et al., 2017) may be valuable to further explore how variation in animal response to fragmentation,
forest cover, and protected areas can impact population distributions. This could prove useful for limiting
human-wildlife conflict through landscape planning exercises such as wildlife dispersal areas and

corridors (Buchholtz et al., 2020).

Quantifying variation between individuals can help identify key properties structuring population
heterogeneity and the drivers of population distribution patterns (Bastille-Rousseau et al., 2019; Spiegel et
al., 2017). Relating this variation to spatially explicit behaviors such as crop use can provide further
context on the impact of differing behavioral responses to human development and landscape change.
Given the increasing interest in the role of intra- and inter-individual variation in population dynamics,
our findings represent an important step towards understanding how this variation shapes wildlife
responses to accelerating land development from humans. While our study focused on elephant crop use,
our approach is translatable to other species that are prone to conflict or adversely affected by human
agricultural development. This may be most productive for species where variation in conflict risk
between individuals has already been documented, such as carnivore depredation of livestock and bears

accessing human food resources. Such investigations can play an important role in informing mitigation
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efforts and land use planning initiatives that incorporate behavioral complexity in human—wildlife conflict

hotspots.

5. Tables & Figures

Table 7. Hypotheses were developed for each set of covariates to help determine the drivers of proximity
in resource selection strategies among elephants. Region refers to the Mara and Serengeti regions. Land
use was defined as protected and unprotected. All percentages are defined as the difference in percent of
relocations between a pair of individual-year-seasons.

Hypothesis Covariates Expected Effect

Same individual and season Individual*Season ¥
(different years) drives proximity

Similar agricultural use drives % Ag*Season -

proximity in the dry season

Similar space use drives proximity  Region + % Protected + % + Region /- %
Unprotected Land use

Same sex drives proximity Sex +

Same season or year drives Season + Year +

proximity
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Table 8. Model results showing drivers of proximity between elephants based on resource selection
coefficients. Bold lines indicate where 95% confidence levels do not overlap zero. Hypothesis details can
be found in Table 1. Reference levels for all factors were set as ‘different’, e.g. ‘different sex’ between a
pair of individual-year-seasons. Crop use in the dry season was the strongest driver of similarity between
different individuals, while within-individual repeatability between years was strong but only in the dry
season.

Std
Hypothesis Term Estimate Error Lwr.95 Upr.95
(Intercept) -3.558 0.015 -3.587 -3.529
subject [same] 0.364 0.033 0.3 0.429
Repeatability  season [dry]:subject_name[same] 0.772 0.047 0.68  0.864
season [wet]:subject name [same] 0.079 0.059 -0.036 0.195
pct.crop -0.008 0.129  -0.261 0.244
Crop use season [dry]:pct.crop -0.619 0.239 -1.087 -0.152
season [wet]:pct.crop 0.138 0.193 -0.24  0.516
region [masai mara] 0.114 0.012 0.091 0.137
Space use region [serengeti] 0.091 0.012 0.068 0.115
pct unprotected -0.139 0.019 -0.176 -0.103
pct protected -0.078 0.016 -0.12  -0.047
Sex sex [female] 0.074 0.011 0.052  0.096
sex [male] 0.082 0.011 0.06 0.104
season [dry] 0.074 0.014 0.046 0.102
Season & Year season [wet] 0.063 0.014  0.036  0.091
year [same] 0.012 0.012 -0.011 0.035
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Figure 11. A) The Greater Serengeti-Mara Ecosystem showing protected areas, key land cover classes

(crops and forest), permanent and seasonal rivers, and topography. Protected area boundaries have been
simplified. B) Shows the GPS relocations of the 56 individuals included in the study.
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Figure 12. Results of 186 individual-year-season RSF models are summarized using boxplots to show the
distribution of coefficient estimate for each covariate. An estimate of 0 indicates no selection, while
positive estimates indicate selection and negative estimates indicate avoidance.
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Figure 13. Landscape metrics highlight the strong differences in the wildland-agricultural interface

measured as mean patch size (Ha), mean core patch size (Ha), perimeter-area ratio, and the percent area
covered by crops and forest for each buffer level outside the Mara and Serengeti protected areas. Colors
correspond to patch type (yellow = crops and green = forest) and shape corresponds to region (circles =
Masai Mara and triangles = Serengeti).
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Figure 14. Selection of crops in relation to buffer levels outside protected areas are shown by region and
season. Buffer levels of 1000, 2000, 3000, and >3000m were used, with the >3000m buffer used as the
reference level. Bars represent 95% confidence intervals. Selection for crops without considering spatial
context shows strong avoidance overall. However when accounting for spatial structure, the mara region
shows a peak in selection for crops in the 2000m buffer, whereas selection in the Serengeti peaks at
1000m and tapers linearly.
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CHAPTER 4: IDENTIFYING CONSERVATION TECHNOLOGY NEEDS, BARRIERS, AND
OPPORTUNITIES

Summary

Amid accelerating threats to species and ecosystems, technology advancements to monitor, protect, and
conserve biodiversity have taken on increased importance. While most innovations stem from adaptation
of off-the-shelf devices, these tools can fail to meet the specialized needs of conservation and research or
lack the support to scale beyond a single site. Despite calls from the conservation community of its
importance, a shift to bottom-up innovation driven by conservation professionals remains limited. We
surveyed practitioners, academic researchers, and technologists to understand the factors contributing to
or inhibiting engagement in the collaborative process of technology development and adoption for field
use, as well as identify emerging technology needs. High cost was the main barrier to technology use
across occupations, while development of new technologies faced barriers of cost and partner
communication. Automated processing of data streams was the largest emerging need, and respondents
focused mainly on applications for individual-level monitoring and automated image processing. Cross-
discipline collaborations and expanded funding networks that encourage cyclical development and
continued technical support are needed to address current limitations and meet the growing need for

conservation technologies.

1. Introduction

The integration of new technologies for conservation can improve how we monitor and measure changes
to species and whole ecosystems (Marvin et al., 2016; Pimm et al., 2015; Wall et al., 2014), which is
critical to guide and evaluate management and policy decisions (Snaddon et al., 2013). Technology can
provide novel data sources, expanded spatial and temporal coverage, access to real-time information, and
rapid processing and analysis for intervention (Pettorelli et al., 2014; Pimm et al., 2015; Ripperger et al.,

2020; Xu et al., 2018). For example, the inclusion of real-time transmission and processing of data

69



streams from acoustic devices has advanced remote detection and response to illegal logging (Liu et al.,
2019). The rapid growth and availability of technologies has been driven largely by adapting existing and
consumer-oriented technologies to fit specific conservation needs (Joppa, 2015), including hobby drones
for monitoring and response to threats (Hahn et al., 2017; Koh and Wich, 2012) (Hahn et al., 2017; Koh
& Wich, 2012), in situ molecular analyses in remote field settings (Pomerantz et al., 2018), radar data to
forecast bird migrations at continental scales (Doren and Horton, 2018), and the application of blockchain

protocols for fisheries supply chain management (Howson, 2020).

While these options are widely available for commercial application, they may lack features required for
ecological conservation purposes such as limited durability and power efficiency, proprietary silos
constraints, or high technical knowledge barriers (Gibb et al., 2019; Glover-Kapfer et al., 2019; Pearce,
2012a; Speaker et al., 2022). In other cases, adoption of data-rich and real-time sensors can lead to
secondary problems with managing large datasets that often require their own custom approaches and
pipelines (Doren and Horton, 2018; Norouzzadeh et al., 2018; Wall et al., 2014). Such constraints are
thought to limit the uptake of new tools, but only recently have efforts been made to assess the degree to
which they restrict the use of technologies in conservation settings and how to prioritize improvements

for future development (Speaker et al., 2022).

In response to the limitations of off-the-shelf technologies, efforts have grown to actively create novel
technologies geared towards conservation (Berger-Tal and Lahoz-Monfort, 2018; Pearce, 2012a).
Conservation-driven efforts for purpose-built research and monitoring tools include hardware with a
lower price compared with private consumer versions (Hill et al., 2018; Zarybnicka et al., 2016),
development of custom hardware to meet specific needs (Kalmar et al., 2019) and integration of existing
platforms for real-time alerts (Weise et al., 2019). They may also require collaborations with
technologists (defined as experts in technology-related fields including hardware engineering, software

development, and machine learning) and companies to produce open-source products for research and
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management, such as Microsoft’s MegaDetector (Beery et al., 2018), Google Earth Engine (Crego et al.,
2021; Gorelick et al., 2017), Vulcan’s EarthRanger (Vulcan, 2022), and Wildlife Insights (Ahumada et
al., 2020). The bottom-up approach of small scale innovation puts increasing importance on cross-
discipline collaborations between end users with first-hand knowledge of real world needs and existing
obstacles (i.e., practitioners, researchers, and governments), and technologists, who have the skills to
develop and adapt custom technologies (Berger-Tal and Lahoz-Monfort, 2018; Lahoz-Monfort et al.,

2019).

A recent broad survey on the state of the conservation technology field identified that collaboration and
information sharing across disciplines and projects was a primary opportunity (Speaker et al., 2022). For
technology-based solutions to have substantial conservation impacts, there is a need for collaborations
that effectively identify feature needs, share data, and facilitate iterative development and support (Joppa,
2015; Speaker et al., 2022). To facilitate development of conservation technologies and effectively
leverage the support of technologists, we aimed to understand the factors contributing to or inhibiting
engagement in the collaborative process of technology development and adoption for field use. We
surveyed active conservation practitioners, researchers and conservation-oriented technologists regarding
conservation technology development to answer three questions: 1) What are the technical barriers for
technological uptake among end-users, and are development priorities focused on alleviating these?; 2)
How are conservation technology collaborations structured, and what are the perceived barriers to
successful collaborations?; and 3) To guide future development, what upcoming technologies are the

conservation community looking for?

2. Results
Of the 101 completed survey responses, we categorized respondents into three groups: 53 were
conservation practitioners, 42 were academic researchers, and seven were technologists. Familiarity and

experience with conservation technologies varied widely among respondents. Most (71%) of respondents
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reported being extremely or very familiar with technologies, while 26% reported being moderately
familiar. Most (96%) respondents also had experience using existing technologies for conservation
applications, while fewer had experience in testing new or unproven tools (48%), adaptation or iterative
development of existing tools (54%) or design of new tools (34%). Among user groups, more
conservation practitioners were engaged in the development of new conservation technologies (71%)

compared to academic researchers (45%).

To address our first question, the technical barriers for using technologies identified by conservation
practitioners and academic researchers were similar, highlighting durability (OR = 2.48, 95% CI[1.44 —
4.26]), cost (OR =8.91, 95% CI[5.07 — 15.65], power efficiency (OR = 4.24, 95% CI[2.45 — 7.35], data
management (OR = 2.42, 95% CI[1.39 — 4.22]), and real-time transmission (OR = 3.59, 95% CI[2.03 —
6.35]), (Fig. 15a). However, only cost (OR = 6.10, 95% CI[3.02 — 13.16]) was identified as likely to
prevent the use of a technology in the field (Fig. 15b). Development priorities that were highly ranked
among practitioners and researchers were aligned with reported technical issues: durability (OR = 7.65,
95% CI[3.09 — 18.97]), cost (OR =4.34. 95% CI[1.84 — 10.22], and power efficiency (OR = 3.74, 95%
CI[1.57 — 8.88]) (Fig. 15¢). In the limited responses from technologists, we found feature priorities were
focused on cost (7/7 respondents included cost in the top three) and ease of use (4/7). In contrast,
durability (2/7 in top three) and power efficiency (1/7) were not highly ranked among technologists (Fig

DI).

For our second question, we recorded 84 unique collaborations ranging from 2 to 15 partners (median of
five partners). Of the collaborations, 93% involved practitioners, 68% involved academic researchers, and
58% involved technologists. Only 29% of collaborations used websites or forum resources (e.g.
wildlabs.net), but 75% of these occurred in a collaboration without a tech expert. Technologists were
disproportionately involved in the design stage, while practitioners and researchers were mainly involved

in the testing and use phase (Fig D2). Among barriers to collaborations with conservation technology,
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high cost (53%) was reported most frequently, followed by delayed timelines (41%) and lack of technical
support (25%) (Fig. D3). In terms of factors affecting collaboration experience, our model with poor
communication between conservationists and technologists (OR = 0.23, 95% CI[0.06-0.96] and high cost
(OR =0.34, 95% CI[0.11-1.02]) was the most parsimonious model in explaining poor collaborations

(Table D1).

In response to our third question, we identified several strong themes for desired future technologies.
Most of the listed technologies were improvements or extensions to existing tools (e.g. mesh network
tracking tags, field-ready genetic analysis kits), while some had specific use cases, such as a device to
non-invasively collect and protect hair samples for DNA analysis (Table D2). Automation was mentioned
in nearly one third of responses (32/101), with most use cases for automation in reference to animal image
processing (53%) and individual-level monitoring (22%) (Fig 16b). Additionally, researchers were largely
focused on automation advancements, while practitioners listed a more diverse set of feature needs (Fig.
16a). For all responses on desired technologies, individual-level monitoring (51%) and animal image

processing (28%) were the most-mentioned use cases.

3. Discussion

The shift in conservation technology from adaptation of off-the-shelf devices to bottom-up innovation
requires a strong collaborative environment and solid understanding of the current and future needs of
conservation practitioners and researchers (Berger-Tal and Lahoz-Monfort, 2018). Our assessment of
technical barriers identified frequent issues with multiple feature types but cost disproportionately
prevented the use of technologies in conservation and research settings. While previous studies have
touted advanced technologies as a cost-effective pathway to expand the reach and resolution of
environmental monitoring (Koh and Wich, 2012; Pimm et al., 2015), our results suggest that the high
upfront cost of new technologies puts currently-available tools out of reach for many groups. These costs

manifest across device purchase, training and implementation time, maintenance, data storage, and
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processing. In addition, low cost is often misaligned with other features that respondents identified, such
as durable environment-proofing and robust technical support. For example, the popular AudioMoth low-
cost acoustic monitoring platform is sold without a protective case for 60 USD, but users can purchase a
case for 35 USD (AudioMoth, 2021). While this extra durability increases the cost by over 50%, the
design demonstrates a flexible approach to keep prices low for users who do not require robust

environmental protection or can build their own solution.

Our assessment of collaboration structures found that just over half involved a technologist, which may
explain the highly reported issues with delayed timelines and lack of technical support. While lack of
communication between partners was only reported in 17% of responses, it was the most significant
contributor to poor collaborations. This appears to stem from identified issues that end users were under-
represented in the development and adaptation stages of the development cycle, and technologists were
under-represented in the testing and use phases. While reports of conservation technology failures are not
widely reported in the literature, our results align with themes from successful technology applications.
For example, the ElephantBook tool (Kulits et al., 2021) was developed between a team of computer
scientists, students, researchers, and conservation managers to aid re-identification of elephants using
machine learning. They improved functionality by integrating with existing data platforms and have
continued to provide technical support to advance the tool (Kulits et al., 2021). Similarly, Snapshot Safari
(Pardo et al., 2021) has found success with cyclical development in collaboration with multiple
stakeholders and technologists. The project provides a platform for camera trap data processing and has
slowly expanded to include more study sites, expanded functionality to allow tagging by citizen scientists,

and added machine learning to pre-process images (Pardo et al., 2021).

Additionally, our limited data from technologists suggest a different set of feature priorities for
conservation technologies, highlighting the importance of involving end-users from the beginning to

ensure that tool specifications meet conservation needs (Lahoz-Monfort et al., 2019). Potential solutions
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to this include adopting a ‘lean start-up’ approach used in commercial sectors that seeks to identify end-
users, define features prior to development, and iteratively improve on new products (Iacona et al., 2019).
In concert, platforms like Wildlabs.org and events such as technology challenges and hackathons (e.g.
conservationxlabs.com) can allow end users and developers to connect around conservation problems and
foster cross-discipline collaborations. However, further research on the success and limitations of these
avenues could help improve and expand networking options in the future. Further, documenting tools and
operating instructions in white papers, publications, or setup and troubleshooting guides (e.g. AuidoMoth

Getting Started Guide), could help uptake by end users. In the absence of direct technology support,

websites and forums also appeared to be an important source of information among respondents.
Conservation technology sites that collate solutions (e.g. Wildtech.mongabay.com) and platforms that
facilitate networking and information sharing (e.g. Wildlabs.org) can be a viable solution to alleviate

some of the technical knowledge roadblocks to the development and use of technologies in practice.

Our assessment of emerging needs in the conservation technology space identified software-based
automation tools as the largest desire. Many respondents referenced the need to handle the increasing size
of data streams, suggesting that automation is an important need among the conservation community.
This aligns with recent results from a broad survey of the conservation technology field pointing to the
need to enhance capacity for large-scale data analyses (Speaker et al., 2022). Surprisingly, many of the
ideas for automation technology already exist in some form, such as automated identification and
counting of individual animals in camera trap images (Tabak et al., 2018). This suggests that scaling new
devices and software beyond the original project may prove difficult when most end users lack the
technical know-how and infrastructure to adapt it to their specific use case. One example of this scenario
is Al-based classification and detection models for camera trap images, where the drift in species
assemblages and environments between sites can severely degrade classification performance (Beery et
al., 2018), and where users require the skills or collaborators to implement models and code from open

source repositories. Tools developed by Google’s Wildlife Insights (Ahumada et al., 2020) are now
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available for researchers to process data for a wide range of species and habitats with a simple user
interface. In other cases, automation improvements in one area may lead to secondary problems. For
example, real-time tracking data of wildlife using accelerometer sensors can automatically flag
immobility due to injury or poaching (Wall et al., 2014) but requires in-depth analysis of specificity and

sensitivity to improve allocation of management resources (G. Wittemyer pers. comm. 2021).

To reduce existing barriers and meet the emerging needs of conservation professionals through bottom-up
innovation, our results point to the importance of an adaptive development process that brings end-users
to the table early and keeps developers involved beyond the initial release. In the commercial and
industrial sectors, spiral development processes with build-test-feedback-revise iterations are shown to get
products to market quicker (Cooper, 2014). Further, companies that focus on the voice of the customer
can build better and longer-lasting products (Cooper, 2019). In the conservation sphere however,
continual developer support may not always be feasible as pro-bono engineers switch to new projects or
grant cycles end (Berger-Tal and Lahoz-Monfort, 2018). In these cases, establishing a strategy to build
financially sustainable products using alternative funding models from the beginning of the project may
help sustain the tool beyond the end of the initial funding cycle. Research on financial models for
conservation technology are limited (Speaker et al., 2022), but opportunities include open-source designs
that can be community-maintained (Pearce, 2012b), social impact enterprises that follow commercial
strategies to maximize environmental impact alongside profits (Mair et al., 2012), or public-private
partnerships that have been used to support technology growth in other underfunded sectors (Meissner,
2019). In concert, the funding network for conservation technologies can encourage best practices of
iterative development and continued product support, while reducing cost barriers to scale beyond pilot
sites. To achieve the full potential of conservation technologies through small-scale innovation, we must
continue to foster collaborations across disciplines, sustain product support, and seek alternative funding

models for future tech developments.
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4. Methods

Survey

We identified our survey population using groups with a conservation or conservation-technology focus.
First, we selected groups for which 1) there was active membership; 2) members were likely to have at
least some familiarity with technology for conservation; and 3) it was possible to obtain the number of
people that the survey was sent to estimate response rates. We also sought to distribute the survey to
groups that would capture practitioners and scientists working in diverse fields and environments. We
also identified groups that would have a high percentage of technology experts. Through this process we
identified 11 groups: Society for Conservation Biology Working Groups for Freshwater, Conservation
Technology, and Animal Behavior in Conservation, Snapshot Safari, Wildlife Insights, Vulcan
EarthRanger developers, Smithsonian Institute, San Diego Zoo Wildlife Alliance, Wildlabs, and the Al
for Conservation Slack channel. We dropped the Society for Conservation Biology Conservation

Technology working group because we received no responses.

The survey instrument (Appendix D Survey Instrument) was distributed via email and listserv postings to
each group. In the case of the Al for Conservation group, the survey was sent through Slack. Due to
privacy requirements, it was not always possible to collect individual email addresses for distribution, so
it was possible for a person to receive the survey multiple times if they were a part of different
distribution groups. The survey consisted of 24 questions, involving a combination of multiple-choice,
Likert-scale (Likert, 1932), and open-response questions. The survey was designed to answer three
overarching research questions: 1) What are the technical barriers for technological uptake among end-
users, and are development priorities focused on alleviating these?; 2) How are conservation technology
collaborations structured, and what are the perceived barriers to successful collaborations?; and 3) What

future technologies are the conservation community looking for?
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To better-evaluate these questions, the survey was structured around two ways of interacting with
conservation technology: 1) the use of technology tools for conservation and research, and 2) the
development (i.e., design, adaptation, and testing) of new tools. Respondents were asked to specify their
occupation from a list of 6 options. Due to the limited sample size, occupation was collapsed into three
categories: conservation practitioners (front-lines conservationists, non-academia researchers and
conservation facilitators), academic researchers (professor/faculty/postdoc and graduate student), and
technologists. In conjunction, we defined four distinct roles that respondents could take on: Use of
existing and established tools for work, testing of new or unproven tools, adaptation or iterative
development of existing tools, and design of new tools. Respondents were allowed to select more than
one role. We used skip logic to only show respondents questions relevant to their experience and roles

with conservation technology.

We administered the survey online through Qualtrics from 10th July 2020 to 30th October 2020. To
access the survey, respondents were required to consent to participate in our study and were assured that
their responses would remain completely anonymous. The survey distribution list reached 648 people.
Follow-up emails were sent to each group once, approximately one month after the initial email. We
received 101 complete responses, for a response rate of 15.6%. Although this rate is relatively low
(Mayer and Wellstead, 2018), it is consistent with other online surveys that used email to contact
respondents (Archie et al., 2012; Jimenez et al., 2019). The survey was carried out according to the
United States Federal Policy for the Protection of Human Subjects, and all protocols and methods were
approved by Colorado State University’s Institutional Review Board before implementation (Protocol No.

20-10050H). Informed consent was obtained from all participants.

Statistical Analysis
Descriptive statistics were reported as percentages. For all models, responses from technologists were

withheld and evaluated separately due to low response rates from this occupation group. We conducted all
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statistical analyses using R version 4.0.3 and the ordinal package (Christensen, 2019; R Core Team,

2013).

To investigate our first question on technical barriers, we used two questions in the survey. First, to
identify the prevalence of issues, we asked respondents to list the frequency at which they encountered
different technical limitations. We used an ordinal logistic regression model to evaluate the frequency of
occurrence, defined as Never to Always with five categories, in relation to technical limitation and
occupation. We categorized seven possible limitations: 1. high or prohibitive cost; 2. lack of durability; 3.
poor power efficiency; 4. data access limitations; 5. data management problems; 6. lack of
interoperability with other devices or software; or 7. lack of or poor real-time data transmission.
Durability was defined to respondents as features that prevented damage to tools (e.g. waterproofing,
theft-proofing, etc.). Second, to determine the extent to which technical limitations impacted use of
technologies, we asked respondents to indicate whether each limitation had prevented them from using a
device or tool in the past. We used a logistic regression model to evaluate the prevention of use in relation

to the technical limitation and occupation.

To investigate our question on conservation technology collaborations, we first quantified collaboration
structures. For each collaboration, we calculated the percentage of collaborator types involved in each of
the four roles (design, adapt, test, and use) of the development process. Collaborator types were collapsed
into four categories: practitioners and non-academic researchers, academic researchers, technologists, and
website and forum resources. To evaluate barriers, we first summarized the overall frequency of barrier
types reported and evaluated the relationship between barriers and collaboration success using ordinal
logistic regression models. We used Likert-scale (Likert, 1932) ratings of collaboration experience,
defined as Poor to Excellent with five categories as the response variable (n = 54), and collaboration
group size (continuous), type of technology (hardware or software), and collaboration limitations as

possible predictors. Collaboration limitations were defined as: 1. high cost; 2. delayed timeline, 3. lack of
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project management, 4. misunderstanding on deliverables, 5. lack of technical support, 6. poor
communication between conservationists and technologists, and 7. lack of partners. To select the most
parsimonious model, we first fit a full model that included all covariates. From this full model, we
sequentially dropped the least informative covariate (defined by minimum absolute value of b/SE) and
refit the model. The higher order model was discarded if eliminating a covariate led to a reduction in
AlCc, and this approach was carried out until no additional covariate could be eliminated without leading

to an increase in AICc (Arnold, 2010).

To investigate our question on emerging needs, we assessed unmet needs using answers derived from a
theme analysis of the open-ended survey question “Assuming unlimited funding and resources, what
technological solution would you want to see developed?”. SB used NVivo 12 Pro (“Nvivo 12 Pro,”
2020) to inductively (i.e., without predetermined categories) code responses into themes (Table D2, D3).
After the initial coding, all authors re-examined, refined, and integrated codes, when necessary, based on

our research objectives (Creswell and Creswell, 2017).
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5. Figures
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Figure 16. The importance of technology features as barriers to use and development priorities.
Coefficient estimates (odds ratios) and 95% confidence intervals are shown for predicted relationships
between feature types and a) the frequency of feature-related issues experienced during use, b) the
frequency that feature-related issues prevented use of a tool or device, and c) the feature priority in
development of new tools and devices. For A and B, blue circles indicate where respondents experienced
more problems. For C, blue circles indicate where respondents ranked features with higher priority.
Asterixis denote where coefficient estimates, and confidence intervals did not overlap 1 and indicate a
significant influence.
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Figure 17. Categories of improvements to existing technology identified by occupation group and
application type. The x-axis denotes the counts of respondents. Answers were derived from a theme
analysis of the open-ended survey question “Assuming unlimited funding and resources, what
technological solution would you want to see developed?”. Theme analysis codebooks can be found in
Table D2 and Table D3.
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APPENDIX A: SUPPLEMENTARY MATERIALS ‘RISK PERCEPTION AND TOLERANCE SHAPE
VARIATION IN AGRICULTURAL USE FOR A TRANSBOUNDARY ELEPHANT POPULATION’

1. Tracking and Spatial Data

Table A1l. Summaries of data for the 66 elephants included in the study. Fig 1 (main text) shows the GPS
locations in the study system. Missing location data averaged 6% across individuals.

Subject name sex Ageclass DOB region # fixes dataStart dataStop
Bonchugu female = youngadult | 1996 @ serengeti 16056 3/3/18 12/31/19
Chenga male | mature adult | 1981 serengeti 11016 9/29/18 12/31/19
Chuma male young adult | 2000 = serengeti 16056 3/3/18 12/31/19
Harakati male mature adult | 1982 | serengeti 11016 9/29/18 12/31/19
Imara male = mature adult | 1979 @ serengeti 16056 3/3/18 12/31/19
Jerahapembe male mature adult | 1982 | serengeti 11016 9/29/18 12/31/19
Jinomoja female = youngadult | 1990 @ serengeti 11016 9/29/18 12/31/19
Kawanga female = youngadult 2003 @ serengeti 11016 9/29/18 12/31/19
Kimbizwa male young adult | 1988 @ serengeti 11016 9/29/18 12/31/19
Kinundu male young adult = 1990 = serengeti 16056 3/3/18 12/31/19
Lowana male = mature adult | 1996 @ serengeti 15525 3/3/18 12/9/19

Matobo male young adult = 1993 = serengeti 16056 3/3/18 12/31/19
Mchaichai female = youngadult | 2001 | serengeti 11016 9/29/18 12/31/19
Mchana female | youngadult | 1994 | serengeti 3131 8/23/19 12/31/19
Mchuri female = youngadult | 1994 @ serengeti 16056 3/3/18 12/31/19
Meru female = mature adult = 1975 @ serengeti 8811 9/29/18 12/31/19
Mgumu male young adult | 1991 @ serengeti 11016 9/29/18 12/31/19
Mgunga female | youngadult | 1984 | serengeti 15900 3/3/18 12/31/19
Mjerumani male young adult | 2000 = serengeti 11016 9/29/18 12/31/19
Mkomre female = youngadult 1997 @ serengeti 16056 3/3/18 12/31/19
Mkonga male young adult | 2001 @ serengeti 11016 9/29/18 12/31/19
Mtama female | youngadult | 1990 | serengeti 11016 9/29/18 12/31/19
Mtembezi male = mature adult | 1975 @ serengeti 11016 9/29/18 12/31/19
Radi female = mature adult = 1981 serengeti 10637 3/3/18 5/20/19

Tai female = youngadult | 2001 | serengeti 11016 9/29/18 12/31/19
Tarangire female | youngadult | 1992 | serengeti 11016 9/29/18 12/31/19
Tarime female = youngadult | 1996 @ serengeti 11016 9/29/18 12/31/19
Ukungu male | mature adult | 1971 serengeti 13585 3/3/18 9/20/19

Ukwaju female = mature adult | 1993 @ serengeti 16056 3/3/18 12/31/19
Vurugu male young adult = 1989 @ serengeti 6154 4/19/19 12/31/19
Alina female = youngadult | 1991 masaimara 27393 @ 11/10/15  12/26/18
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1983
1970
1975
1976
1985
1986
1981
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masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
masai mara
serengeti
masai mara
masai mara
masai mara

masai mara

15212
60444
42695
14457
8345
8317
59391
20541
61340
69516
21553
45213
17236
32632
9152
23391
36634
15378
19791
24605
19582
40042
61691
36470
15288
15044
8883
25650
24743
19878
39964
24490
7379
41257
5660

3/22/14
12/10/11
5/16/15
2/2/16
10/29/16
8/20/19
2/2/13
7/23/17
9/5/12
12/6/11
12/8/11
3/4/15
1/25/16
1/30/16
9/1/12
11/10/17
5/15/15
3/3/14
4/20/15
12/5/11
9/28/11
6/29/13
12/7/11
1/27/16
11/9/16
9/22/11
9/4/12
12/9/11
12/6/11
6/28/13
6/29/15
12/7/11
9/28/11
11/12/15
12/10/11

6/21/16
5/8/20
6/16/20
9/27/17
10/12/17
8/1/20
8/1/20
11/26/19
12/5/19
8/1/20
10/9/14
8/1/20
1/12/18
8/1/20
10/30/13
8/1/20
9/15/19
2/4/16
9/9/17
7/6/15
4/7/15
4/9/18
3/30/20
3/26/20
8/8/18
6/24/13
10/26/13
4/19/15
1/14/15
12/28/15
8/1/20
2/1/15
8/6/12
8/1/20
1/8/13



Table A2. Spatial covariates used for hidden Markov models. A description of the layer, raster resolution,
predicted effect in the model, and the source of the data are provided. Results of the effect of each
covariate can be found in Figure S7.

Spatial Covariate Description Raster Predicted Source
Resolution Effect on
Probability
of Entering
Behavioral
State
(S1/S2/S3)
Distance to Euclidean distance to 30m (+/+/-) LandDX
Permanent Rivers permanent rivers. Digitized Database
from satellite imagery
Distance to Seasonal | Euclidean distance to 30m (+/+/-) LandDX
Rivers seasonal rivers. Digitized Database
from satellite imagery
Distance to Euclidean distance to 30m (-/+/+) Velhuis et al.
Agricultural agricultural edge 2019
Distance to Forest Euclidean distance to 30m (+/+/-) Landsat8/Google
forest edge Earth Engine
product
Slope Slope derived from DEM | 30m (+/-/-) DEM
product/Google
Earth Engine
product
Distance to Primary Euclidean distance to 30m (-/-1%) LandDX
Roads primary roads. Ground- Database
mapped
Distance to Euclidean distance to 30m (-/-1%) LandDX
Secondary Roads secondary roads. Ground- Database
mapped
Human Modification | Human Modification 1000m (-/-1%) Kennedy et al.

Index. Range from 0 to 1
of increasing human
modification based on
different aspects of human
footprint

2. Agricultural Tactics Clustering

2019; Google
Earth Engine
product

We explored the combination of several metrics for clustering that reflect fluctuation in agricultural use:
mean use, maximum use, and the difference between mean and max use. For each individual i, we coded

each GPS relocation x in movement track & as inside (1) or outside (0) of agriculture. Mean use for each
individual’s movement track was calculated as x, = %Z?ﬂ x;, where n is the total number of points in
the track. For maximum use, we calculated a 90-day moving average of agricultural use as y; =
% Y n—N+1 Xi, where W = window size, and y represents a vector of moving averages for each

individual i. A sample of moving window results for 4 individuals are shown in Figure S1. Maximum use
was then calculated as max(y;), representing peak use in the moving average. Difference between mean
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and max was calculated as the delta between mean and max usage. Summaries of agricultural use metrics

for individual elephants are stored in the Dryad Digital Repository:

https://doi.org/10.5061/dryad.r8pkOpbn.

Sporadic

°

Seasonal

Habitual

90-Day Mean Occupancy
o °
&

=

03

02

0.1

0.0

2012

2014

2016

2018

Date

2014

2016 2018 2020

Figure Al. 90-Day moving window plots for a subset of 20 elephants over their multi-year tracking
dataset. Time is shown on the x-axis, and percent agricultural use is shown on the y-axis. Plots are faceted
by individual-year agricultural use tactic. Crop seasons differ slightly between the Mara and Serengeti

regions of the ecosystem. Colors correspond to the elephant’s geographic region. Red = Masai mara and

blue = Serengeti.
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Figure A2. A) Classification results of the mean agricultural use model. Individual black bars represent
the 66 individual elephants as a rug plot. Colored bars correspond to 4 clusters denoted on the y axis; B)
A density plot of the clusters by mean agricultural use. Higher density corresponds to tighter clusters; C)
Uncertainty estimates for each individual’s classification. D) BIC results shown with increasing number

of clusters, and with two covariance structures.

Table A3. Model selection table for drivers of mean yearly agricultural use. MDD is mean daily

displacement calculated by individual year. MCP is minimum convex polygon calculated by individual

year.
Model df Log Likelihood AICc AAICc
log(MDD) + log(MCP) + (1/ID) 5 353.50 -696.70 0
sex + log(MDD) + log(MCP) + (1/ID) 7 355.17 -695.75 0.95
log(MDD) + (1/ID) 4 351.79 -695.39 1.31
sex + log(MDD) + log(MCP) + (1/ID) 5 352.35 -694.34 2.36
sex + ageclass + log(MCP) + (1|ID) 6 352.86 -693.29 341
log(MCP) + (1/ID) 4 350.67 -693.12 3.58

Table A4. Model selection table for drivers of tactic switching by individuals between years. MCP is
minimum convex polygon, and MDD is mean daily displacement.
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Model df Log Likelihood AICc AAICce

sex*ageclass + log(MCP) + (1|ID) 6 -77.79 168.23 0
sex*ageclass + (1|ID) 5 -79.43 169.33 1.1
sex + ageclass + (1|ID) 4 -80.83 169.97 1.74
sex + ageclass + log(MDD) + log(MCP) + (1]ID) 7 -77.69 170.26 2.03
sex + ageclass + log(MDD) + (1|ID) 6 -80.59 171.32 3.09

3. Hidden Markov Models

Discrete-time HMMs use speed, turning angle, and other data streams from animal telemetry data to infer
latent behavioral states. States are based on step lengths and turning angles where longer more directed
steps are clustered distinctly from shorter less directed steps (Fig S3). Following recommendations from
McClintock et al. (2013), we filtered GPS relocations to movement tracks with <5% missing data using
the adeHabitatLT package in R (Calenge, 2015b). We further excluded movement tracks with <500
relocations, resulting in 54 individuals used for behavioral state estimation.

S1 - Encamped

‘o ©

S2 - Meandering

. 9 .

S3 — Directed Walk

Figure A3. Examples of encamped, meandering, and directed walk movement steps on a landscape.
Green circles represent features on the landscape. Black dots represent GPS relocations and lines
represent the steps taken between successive relocations.

Model fitting

To initialize the model, behavioral states were parameterized with estimated log speed and turning angles
for each state. We used a normal distribution for log speed and a Von Mises distribution for turning
angles. To fine tune initialization parameters, we retried fits on a null three-state model with no covariates
to optimize the parameters. Models were not sensitive to changes, as assessed by log likelihood and the
fitted model estimates of state-level turning angle and step length distributions. Using the initialization
parameters obtained from null model fitting, a candidate set of three-state models was constructed and fit
to the data. The HMM determines the probability of switching between the three latent states by
estimating a 3x3 transition matrix of transition probabilities between each state. Environmental data can
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be included as covariates in a linear regression applied to each element of the matrix to improve state
estimates. To assess these regressions, candidate models were evaluated using AIC model selection
procedures (Table AS5).

Table AS. Candidate models for the HMM showing the regression formulas used on the transition matrix,
log likelihood, and AIC values used for model selection.

Model Log AIC AAIC
Likelihood

Dist2ag”2 + Dist2forest + dist2permwater + -2324333 4648784 0

dist2seasonalwater + humanMod + slope + (1|ID)

Dist2ag”2 + dist2permwater + dist2seasonalwater + -2324392 4648890 106

humanMod + slope + (1[ID)

dist2ag + dist2forest + dist2permwater + -2324396 4648898 114

dist2seasonalwater + humanMod + slope

dist2ag + dist2forest + dist2permwater + humanMod -2324483 4649061 276

+ slope

dist2ag + dist2forest + dist2permwater + -2324741 4649576 791

dist2seasonalwater + slope
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Figure A4. Distribution of step length and turning angle for each state classified by the HMM. A)
Boxplots show the distribution of speeds for each state in meters per hour. B) Rose diagram plots show
the distribution of turning angle values for each state. Tortuosity is highest with encamped, and lowest in
directed walk. 180 degree turning angle corresponds to a reverse in direction from the previous step, and
0 degree turning angle represents no change in direction from the previous step.
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A simulation analysis was used to assess the model’s ability to recreate the movement process based on
step length and turning angles. 100,000 observations were simulated using the transition probability
matrix produced from the top model and the simulation function in the MomentuHMM package. Step
length and turning angle distributions from the simulated data were evaluated in comparison to the
original data. To assess the ability of the model to capture and reproduce the movement process, we
compared distributions of step lengths and turning angles for all relocations, and by behavioral state. We
detected no large variations between the observed and simulated data (Fig S5).

Figure AS5. Density distributions from the observed and simulated tracking data. The top row shows

turning angle distributions for all relocations, and faceted by behavioral state. The bottom row shows
log(step length) distributions. Black lines correspond to observed data, while red lines correspond to

simulated data.

4. Activity Budget Density Estimates and Agricultural Use

The Viterbi algorithm was used to estimate the most likely sequence of states from each individual’s
movement track using the transition probability matrix and observed environmental covariate values,
giving us behavioral state estimations for each GPS relocation. From the estimates, we constructed
activity time budgets and kernel density estimates of each behavioral state on a 24-hour scale.

To evaluate the effect of environmental covariates on state, stationary state probabilities were produced in

relation to each covariate. These probabilities are interpreted as the probability of being in each of the
three states in relation to a single covariate, with all other covariates held at their mean value (Figure S6).
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Figure A6. Stationary state probabilities and 95% confidence intervals for each of the six covariates used
in the HMM. Colors correspond to the three states (yellow = encamped, blue = meandering, green =
directed walk). The x-axis corresponds to the standardized covariate value, and the y-axis corresponds to
the mean probability of being in a state as a function of the covariate, with all other covariates held at
their mean value.
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Figure A7. GPS relocations of the elephant Ivy coded by agricultural use phase show crop raiding forays
into agricultural land. Phases were defined as relocations within 6 hours (before or after) use agricultural.
Red corresponds to agricultural use phases. Black corresponds to non-agricultural use phases. Thick black
lines correspond to conservancy borders in the Mara.
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Figure A8. GPS relocations of a single individual, coded by behavioral state and agricultural use phase.
Behavioral state is coded by relocation points: orange = encamped, blue = meandering, green = directed
walk. Agricultural use phase is coded by trajectories: red = use, black = non-use.
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APPENDIX B: SUPPLEMENTAL MATERIALS FOR ‘STAGING BEHAVIORS IDENTIFY SPATIAL
AND TEMPORAL RISK OF HUMAN-WILDLIFE CONFLICT’

1. Metric Descriptions

To define staging events, metric values were calculated for each unique time window between 6am and
9pm (n = 120), and algorithm permutations were used to test the parameter space of each metric. The
parameter space range of each metric was defined by taking the lowest value and third quartile, or highest
value and first quartile of the daily mean metric value. We defined mean step length as the mean segment
length L off all segments within the time window, where smaller values correspond to less displacement.
We assumed that staging would be associated with lower mean step lengths and tested the parameter
space from 1 to 1000m, where 1000m was the third quartile of daily mean step length. We defined the
straightness index as log(R/L), where R is net displacement and L is the segment length in a given time
window (Benhamou, 2004), and smaller values indicate less straight movements. We assumed that
staging would be associated with lower straightness index values and tested the parameter space from -1
to 0.01, where 0.01 was the third quartile of daily straightness index. We defined tortuosity as log(L/R?),
where L is the segment length in a given time window and R is the net displacement (Whittington et al.,
2004) and larger tortuosity values correspond to circuitous movements. We assumed that staging would
be associated with higher tortuosity values and tested the tortuosity parameter space from 2 to -7, where 2
was the maximum tortuosity value in the dataset and -7 represented the first quartile of mean daily
tortuosity in the dataset. We calculated hourly persistence velocity as speed*cos(absolute turning angle)
for each segment length (Seidel et al., 2018), and calculated the mean persistence velocity within each
time window. Lower persistence velocity values correspond to more embedded movement with lower
speeds and more turning, and limited the parameter space from 0 to 400, where 400 was the third quartile
of mean daily hourly persistence velocity. The behavioral state definition was conducted as described in
Hahn et al., 2021, and uses a combination of speed and turning angle to classify each movement step into

one of three states (encamped, meandering, and directed walk) using hidden Markov models, where
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encamped behavior corresponds to low speeds and increased turning. We assumed that encamped
behavior was characteristic of staging and calculated the percentage of encamped relocations within the

time window (parameter space of 0 to 1).

2. Tables & Figures

Table B1. Omission-commission results from ensemble algorithm outputs for all tested movement
metrics. Omission is the percentage of agricultural use days that were not detected using the staging
algorithm (false negative). Commission is the percentage of non-agricultural use days that were classified
as agricultural stages by the algorithm (false positive). Values are reported as percentages. See Table 1 for
metric descriptions.

Metric Type Movement Ag Filter
Only

Step Length Om1s31'on' 0.06 0.29
Commission 0.49 0.48
HMM Behavioral | Omission 0.36 0.37
State Commission 0.44 0.35
Net Displacement Om1s31'on' o5 Ll
Commission 0.38 0.29
. Omission 0.13 0.17

Tortuosity L
Commission 0.49 0.3
Straightness Omission 0.63 0.64
Index Commission 0.50 0.34
Persistence Omission 0.20 0.39
Velocity Commission 0.48 0.46
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Table B2. Model selection table for the generalized logistic mixed effects regression of staging

propensity defined by tortuosity. All models include a random effect for subject ID. AC corresponds to

the autocovariate term. HF represents human footprint. A description of all covariates and their
reparation can be found in the methods section.

Terms df | logLik AlCce delta weight
prop.forest.250 + prop.ag.1500 + HM +

slope + dist2paedge + drains.250 + AC 9| -47450.57 | 94919.14 0| 0.99978
prop.forest.250 + prop.ag.1500 + HM +

slope + drains.250 + AC 8 | -47459.98 | 9493597 | 16.826 | 0.00022
prop.forest.250 + prop.ag.1500 + HM +

slope + dist2paedge + AC 8| -47551.15 95118.3 | 199.15 | 5.68E-44
prop.forest.250 + prop.ag.1500 + HM +

slope + AC 7| -47559.29 | 95132.59 | 213.45 | 447E-47
prop.forest.250 + slope + drains.250 +

AC 71 -47624.48 | 95262.96 | 343.81 | 2.20E-75

Table B3. Model selection table for generalized logistic mixed effects regression of staging propensity
defined by behavioral state. All models include a random effect for subject ID. AC corresponds to the
autocovariate term. HF represents human footprint. A description of all covariates and their preparation

can be found in the methods section.

Terms df | logLik AlCce delta weight
prop.forest.250 + prop.ag.1500 + HM +

slope + dist2paedge + drains.250 + AC 9 | -26930.603 | 53879.208 0.000 0.998
prop.forest.250 + prop.ag.1500 + HM +

slope + drains.250 + AC 8 | -26941.946 | 53899.893 | 12.430 0.002
prop.forest.250 + prop.ag.1500 + HM +

slope + dist2paedge + AC 8 | -26944.870 | 53905.742 | 20.686 0.000
prop.forest.250 + prop.ag.1500 + HM +

slope + AC 7 | -26950.761 | 53915.523 | 36.316 0.000
prop.forest.250 + slope + drains.250 +

AC 6 | -26958.700 | 53929.402 | 50.194 0.000
prop.forest.250*HM + prop.ag.1500 +

dist2paedge + AC 8 | -27038.447 | 54092.895 | 181.322 0.000
prop.forest.250 + prop.ag.1500 + HM +

slope + drains.250 + AC 7 | -27053.325 | 54120.650 | 191.655 0.000
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Figure B1. Cumulative area covered by staging clusters with a decreasing threshold of staging
propensity. Staging propensity is calculated as staging locations/all agricultural-use day locations on a
250m grid. A threshold appears to occur around 50% (i.e. 50% of locations in a pixel are part of staging
events).
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APPENDIX C: SUPPLEMENTARY MATERIALS FOR ‘CROP USE STRUCTURES RESOURCE
SELECTION STRATEGIES IN A HUMAN-DOMINATED LANDSCAPE’

1. Tables

Table C1. Coefficient estimates are shown for the spatially explicit crop selection model. ‘ag’ indicates
the crop covariate and ‘buffer’ indicates the buffer level. Brackets indicate the buffer level (e.g. 1000 =
less than 1000m from protected areas). Area Under Curve (AUC) values are reported for each of the four
models as a measure for goodness-of-fit.

Season Region term estimate  std error  lwr.95 upr.95 AUC
ag -0.74 0.029 -0.796 -0.684
buffer[1000] 0.198 0.008 0.182 0.213
buffer[2000] -0.283 0.01 -0.303 -0.264
Masai Mara  buffer[3000] -0.028 0.01 -0.048 -0.008 0.72
ag:buffer[1000] 0.192 0.039 0.115 0.269
ag:buffer[2000] 0.535 0.043 0.451 0.619
Dry ag:buffer[3000] 0.051 0.049 -0.045 0.148
ag -0.892 0.021 -0.932 -0.852
buffer[1000] 1.181 0.012 1.157 1.204
buffer[2000] 0.86 0.013 0.833 0.886
Serengeti  buffer[3000] 0.564 0.015 0.534 0.593 0.76
ag:buffer[1000] 0.401 0.024 0.354 0.448
ag:buffer[2000] 0.264 0.026 0.212 0.316
ag:buffer[3000] 0.171 0.03 0.113 0.23
ag -0.327 0.04 -0.405 -0.249
buffer[1000] -0.525 0.013 -0.552 -0.499
buffer[2000] -0.826 0.017 -0.86 -0.793
Masai Mara  buffer[3000] -0.122 0.016 -0.152 -0.091  0.59
ag:buffer[1000] -0.074 0.068 -0.207 0.058
ag:buffer[2000] 0.231 0.078 0.078 0.384
Wet ag:buffer[3000] -0.052 0.077 -0.202 0.098
ag -0.704 0.039 -0.78 -0.628
buffer[1000] 0.597 0.025 0.547 0.646
buffer[2000] 0.355 0.029 0.299 0.412
Serengeti  buffer[3000] 0.202 0.032 0.139 0.265 0.61
ag:buffer[1000] 0.423 0.046 0.334 0.513
ag:buffer[2000] 0.197 0.051 0.097 0.298
ag:buffer[3000] 0.158 0.059 0.043 0.274
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APPENDIX D: SUPPLEMENTARY MATERIALS FOR ‘IDENTIFYING CONSERVATION
TECHNOLOGY NEEDS, BARRIERS, AND OPPORTUNITIES

1. Tables & Figures

Table D1. Model selection results for the model of factors affecting collaboration. Model selection
showed the poor collaboration and high cost were the most important factors affecting collaboration
ratings. PC = Poor Collaboration, HC = High Cost, LT = lack of technical support, MD =

misunderstanding of deliverables, DT = delayed timeline.

Covariates Covariate Dropped AlCc logLik df

PC+HEC+LT+MD+DT+collab.size - 136.292845 -55.32591 10

+tech.type

PC+HC+LT+MD+DT+collab.size technology type 133.422648 -55.461324 9

PC+HC+LT+MD+DT collaboration size 131.086468 -55.787136 8

PC+HC+LT+MD delayed timeline 128.948941 -56.141137 7

PC+HCHLT misunderstanding of 127.591812 -56.819162 6
deliverables

PC+HC lack of technical 127.080325 -57.858344 5
support

PC high cost 128.495761 -59.803436 4

Table D2. Codes, definitions, example quotes, and code frequencies from theme analysis of answers to
the open-ended survey question “Assuming unlimited funding and resources, what technological solution
would you want to see developed?” Responses are coded into different themes representing desired

applications.
Codes Definition Example Quote Code
Frequency
Data Integration Tools for processing large “software facilitating better 6
volumes of data, analytical tools data integration; specifically
for integrating multiple data computational power and tools
sources, integrating drones with  to integrate and process large
GPS collars, and integrating volumes of data easily; user
collar data with modelling friendly tools for developing
deep-learning and machine
learning analysis”
Ecosystem Automated image processing to | “Suite of tools for protected 9
Monitoring detect land use change for area management, streamlined.
conservation management, to Allow countries / PAs to get a
quantify river discharge, or higher resolution picture of the
collect polarized light ecosystem conditions and
measurements ecosystem service valuation of
their regions”
Animal Image Automated species or individual = “automated image processing = 29

Processing

animal identification from
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Individual-level
Monitoring

Field Assays and
Sample Collection

sensors ; distance to animal
measurements, measures of
weight/mass, bait detection

Improvements to animal
tracking devices and
adaptations to measure
individual animal behaviour and

physiology

sex assays from swabs,
hormone analysis of samples,
field-ready genetic analysis,
dietary information from
terrestrial vertebrate faecal
isotope data, tool to collect hair
samples and protect from
moisture/weather; tag
attachment/retrieval options that
do not require capture and
immobilization; tool to explore
burrows; thermal nest cameras;
stereo cameras for 3D wildlife
images
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satellite and drone imagery”’;
“automated species
recognition & individual ID on
camera traps”; “ability to
estimate density from camera
traps for non-uniquely marked
individuals”; “a device to
record the mass of individual
animals that pass in front of
camera traps”; “Al that can
recognize bait in camera
traps”; “measurement of
physiological variables in
camera traps”

“Miniaturized animal tracking
technologies with extended
battery life;” “camera system
on animals which links to
automated behaviour
software”

“ID animals instantly as
male/female from swabs/test
strips”; “rapid hormone
analysis”; “Near real time
dietary information from
faecal isotope data”;
“mechanism to collect hair
samples for DNA analysis that
would also protect those
samples from moisture”;
“Automated on-site parasite
identification and

quantification portable device”
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Table D3. Codes, example quotes, and code frequencies of desired improvements to existing technologies
derived from a theme analysis of answers to the open-ended survey question “Assuming unlimited
funding and resources, what technological solution would you want to see developed?”

Improvements  Example Quote Code
of Existing Frequency
Technology
Affordable “Soundscape monitoring; tracking animals in a feasible manner, ie., 10
accessible for researchers with less access to funds”
Automated “Automated identification of individual animals based on spot/stripe | 26
patterns”; “Automated integration of collaring data with habitat
suitability modelling”; “automated drone mapping of all river/stream
habitats with LiDAR/sonar”
Durable, “Better waterproofing for most of the technology we use®; “Sand- 8
weatherproof, proof DSLR cameras”; “Collars with better battery life & collar
waterproof straps”
Self- “Remotely deployable solar GPS tags”; “Energy harvesting smart 4
powered/energy = cameras with long range connectivity”
harvesting
High quality or “good camera trap which will be small as GoPro8 and will produce 10
high resolution high quality 10 MP pictures with high iso and will last half year in the
field”; “Cameras that triggered faster and with greater sensitivity”;
“More sensitive acoustic sensors (enhanced range of detection)”
Long battery life | “Drones that can monitor a conservation area for hours. This meansa | 8
long lasting btterylife”; “Increased battery life for underwater
cameras”
Non-invasive “less invasive tracking devices”; “non-invasive genetic analysis in the = 7
field”; “Noninvasive aerial insect monitoring”
Real-time “ID animals instantly as male/female from swabs/test strips”; “Mesh | 9
network telemetry tags and receivers(real-time, lowest
power/kilobyte): tag/receiver proximity measurements, tags as mobile
environmental sensors, data storage and forwarding from tags outside
the receiver network)”
Smaller or “miniaturized tracking tag/collars”; “smaller, high-resolution all- 13
Lighter weather camera traps”
User-friendly “user friendly tools for developing deep-learning and machine 4
learning analysis”; “easy to implement VHF triangulation systems”
Wireless or “Better data connectivity from the field” ;“improved cell phone, 12

remote
connectivity

smartphone, and network access for communities living around
wildlife conservancies; particularly in developing / low-income
regions”’; “B.A.T.M.A.N. (Better Approach to Mobile Ad-hoc
Networking) for LoRa”

104
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Figure D1. Summary of responses to the question "How often do you encounter technical issues with
each of the following technology features?". To summarize the data, the frequency of feature issues are
condensed into three categories: Always/Often, Sometimes/Rarely/Never, and Not Applicable. Based on
these categories, over 50% of respondents experience issues always or often with every feature. Cost is
the most frequent issue (77% always/often), but is also the most commonly reported as not applicable
(16%). Issues with power efficiency (73% always/often) and durability (69%) were also common.
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Figure D2. Rates of participation in collaborations within each role of the development process. Each
colored line corresponds to a different collaborator type. We asked about websites and forums to
distinguish when collaborations were turning to online resources and documentation for technical support
as opposed to technologists.
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Figure D3. Summary of responses to the question "What barriers do have you experienced in developing
conservation technologies?". High cost, delayed time-line, and lack of technical support are the three most

commonly-reported barriers.
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2. Survey Instrument

Tech Familiarity

For this survey, technology is defined as any device or software that is used to
help conduct research, management, and other conservation-related activities.

Please answer questions based on your last 5 years of experience.

How familiar are you with the use of technology (e.g. camera traps, machine
learning, remote sensing) in conservation research and practice?

O Not familiar at all
O slightly familiar
(@) Moderately familiar
(@) Very familiar

O Extremely familiar

Horizon Scan

Are there any technological advances, tools, or devices that do not exist, but if
developed would allow you to address novel research questions or create new
conservation solutions in your field?

O ves
O No

What research or conservation need would the technological solution fill?

O Species monitoring

O Ecosystem monitoring

[ Real-time monitoring

[) automated processing

[ pata \'ntegrction/visuolizotion
[ Law enforcement

O Physical asset management

o

Assuming unlimited funding and resources, what technological solution would you
want to see developed?
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Biodata

Biodata

How would you best describe your position/role?

O Front-lines conservationist
O conservation facilitator

O Researcher (non*ocodemio)
O Professor/Faculty/Postdoc
O Graduate student

O Technologist

I

Main country (s) of work. List up to three.
Country |
Country 2

Country 3

UL

What biomes represent your main location of study/work? Select all that apply.
Hold down ctrl ( Windows) oremd (Mcrc) to select multiple.

Terrestrial
Tropical Rainforests
Temperate Forests
Taiga
Deserts
Grasslands
Savanna
Tundra
Urban/Periurban
Wetlands

What best describes your conservation focus? Select all that apply.
Hold down ctrl ( Windows) oremd (Mctc) to select multiple.
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Research
Applying/developing research methods
Biodiversity surveys & mapping species distributions
Conservation management (implementing or evaluating)
Conservation planning for species or conservation areas
Study of species biology
Wider context of conservation

Threats to Biodiversity
Climate change
Disturbance

What best describes your research focus? Select all that apply.
Hold down ctrl ( Windows) orcemd (Mac) to select multiple.

Species

Birds

Mammals

Fish

Reptiles

Invertebrates

Amphibians

Plants

Bacteria, archaebacteria, fungi, protozoa
Wildlands/Landscapes Conservation

What best desribes the organization that you work for?

O conservation NGO

O collaborative research partnership/Institute
O Government agency

(@) University

O Technology company

I

Years of experience in your field. Field refers to the field most related to your use of
conservation technology.

O o0-4 years
O 5-9 years
O 10-14 years
O 15+ years

If you found this survey to be valuable and would like to send it to others, please
add contact email addresses here. We will add them to our distribution list.
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Default Question Block

How have you interacted with conservation/research-centric technology? Select all
that apply.

[J use of technology in the field: use of existing/established tech

O Adaptation of existing technologies: modifications of existing tech to suit conservation use cases
O Development of new technologies: creating new tech for conservation use cases

O Testing of new/adapted technology: trialing of new/unproven tech

O Participation in technology challenges or outreach

[J 1 have not interacted directly with conservation technologies

How often do you experience the following technical and performance issues while
using technology for conservation research and practice?
For statements that are not applicable to your work, indicate N/A.

Has this issue ever prevented you
How often do you experience this issue? from using a technology? Click if
yes
N/A Never Rarely Sometimes Often Always select all that apply
Lack of durability /field-proofing (e.g
theft, waterproofing) o O O O O O O
Difficulty of use O O O O O O O
Lack of real-time data/connectivity O O O O O O O
High cost o O O O o O O
Limited power efficiency/battery life O O O O O O O
Data access/sharing limitations O O O O O O O
Data management challenges O O O O O O O
Limited interoperability with existing tools
and workflows O O O O O O o

What are the technology tools that you/your team use for collecting data and
implementing conservation activities?
To select multiple technologies, hold down ctrl ( Windovvs) orcmd (Mac).

Sensors/Hardware
Camera traps
Acoustic sensors
Tracking tags/collars
Solar power source equipment
Cell phone
Handheld GPS
UAVs/Drones
Digital/DSLR cameras
Seismic sensors

Other
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Indicate how you use each technology in conservation settings.

What application do you use this technology for? Select all that apply.

" . Physical
Species  Ecosystem  Real-time  Automated Data Law Aysset
Monitoring ~ Monitoring ~ Monitoring ~ Processing  Integration/Visualization  Enforcement
Management

» Camera traps

» Acoustic sensors
»
Tracking tags/collars

»
Solar power source
equipment

» Cell phone
» Handheld GPS

» UAVs/Drones

gigitc:l/DSLR cameras
» Seismic sensors

» 3D Printing

»

Low resolution

satellite imagery (10+
meter)

0O ODoOoooo o Oooo
0O OoOoOo0ooo0oo o Oooao
0O ODoOoooo o ooo
0O ODoOoooo o Oooo
0O OoOoOo0ooo0oo o Oooao
0O ODoOoooo o ooo
0O ODoOoooo o Oooo

»
High resolution
satellite (sub-10
meter)

» Multispectral
» Thermal

» LiDAR

» Radar

Oooooo o
Oooo0ooo o
Ooooooc o
Oooooo o
Oooo0ooo o
Ooooooc o
Oooooo o

»
Machine learning/ Al

»
Mobile survey
platforms (e.g.,
surveyl23)

m]
0
m]
]
0
m]
m]

»
Imagery processing
platiorms (eg. O a O O (] O O

Google Earth Engine)

»
Image processing
tools (e.g. camera Od a Od Od a O O

trap labeling)

»
Automated image
processing tools (e.g. O (] O O (] O O

Al-based species ID)

»
Audio processing
tools

a
a
a
a
a
a
a

»
Automated audio
processing tools

»
eDNA/Metabarcoding

» Field forensics kits

»
Satellite
communication

O oo o
0o oo 0o
O oo o
O oo o
0o oo 0o
O oo o
O oo o
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What application do you use this technology for? Select all that apply.

Species  Ecosystem

Real-time  Automated

Monitoring ~ Monitoring  Monitoring ~ Processing

hysical
Data Law PAyS\C:]
. . sset
Integration/Visualization  Enforcement
Management

» LoRal O a
» Radio O a
» Other O a

O O
O O
O O

O O O
O O O
] O O

Use the matrix to evaluate the frequency of use and performance of each

technology.

How often do you use this
technology?

How would you evaluate the overall performance of
this technology?

» Camera traps
» Acoustic sensors

» Tracking tags/collars

» Solar power source equipment

» Cell phone

» Handheld GPS

» UAVs/Drones

» Digital/DSLR cameras

» Seismic sensors

» 3D Printing

» Low resolution sateliite imagery (10+ meter)
» High resolution satellite (sub-10 meter)

» Multispectral

» Thermal

» LiIDAR

» Radar

» Machine learning/Al

» Mobile survey platforms (e.g. survey123)

»
Imagery processing platforms (e.g. Google
Earth Engine)

»
Image processing tools (e.g. camera trap
labeling)

»
Automated image processing tools (e.g. Al-
based species ID)

» Audio processing tools
» Automated audio processing tools
» eDNA/Metabarcoding

» Field forensics kits

» Satellite communication

» LoRa

» Radio

» Other
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What types of collaborators do you work with to use technologies in conservation
research and practice? Select all that apply.
Hold down ctrl (Windows) or cmd (Mac) to select multiple.

Conservation Partners
Field-based/local conservation group
International conservation NGO
Government agency
Zoo/Sanctuary

Technology/Engineering Partners
Data scientist
Hardware engineer
Generalist/hobbyist
Program manager

In what context do you work with these groups to implement conservation
technologies?

Select the contexts of each collaboration
Use Testing Adaptation Development
» Field-based/local conservation group O O O O
» International conservation NGO O O O O
» Government agency O O O O
» Zoo/Sanctuary O O O O
» Data scientist O O O O
» Hardware engineer O O O O
» Generalist/hobbyist O O O O
» Program manager O O O O
» Software engineer O O O O
» Websites, forums, or online tutorials O O O O
» Academia - Conservation, Ecology, Biology O O O O
» Acadernia - Engineering O O O O
» Academia - Data science O O O O
» Collaborative research partnership/Institute O O O O
» No one O O O O
» Other O O O O

Non-Dev Questions

Did you experience any limitations that prevented you from taking part in
conservation technology projects? Select all that apply.

[ cost

[ Timeline

[ Project management

[ tack of understanding on deliverables
[T Lack of technical support

O Misunderstanding between scientist and technologist
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[ tack of partners
[J None

o

How interested would you be to participate in the development, adaptation, or
testing of new conservation technologies in the future?

O Never

O Not very interested
O Neutral

O somewhat Interested

O Very interested

Dev Questions

The following questions will ask specifically about your experience developing,
adapting, and/or testing technologies for conservation applications. For this
section, only refer to your most recent experience.

What type of technology did you worked with? Select only one.

Sensors/Hardware
Camera traps
Acoustic sensors
Tracking tags/collars
Solar power source equipment
Cell phone
Handheld GPS
UAVs/Drones
Digital/DSLR cameras
Seismic sensors

How important are the following features for this technology?
Drag and drop to rank. Add non-applicable features to the N/A Group

tems Ranking Group

Durability
Ease of Use
Price

Power
efficiency/battery life

Data management N/A Group

Interoperability with
other tools/systems

Connectivity/Real-
time transmission

Other

114



what limitations (if any) did you experience during the process? Select all that
apply.

High cost

Delayed timeline

Lack of project management

Misunderstanding on deliverables

Lack of technical support

Misunderstanding between scientist and technologist
Lack of partners

No limitations

Other

O OOoooooad

How would you evaluate the experience?

O very Poor
O poor

O Acceptable
O cood

O very Good

Powered by Qualtrics
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