ABSTRACT
SNIDER, MATTHEW HAMILTON. Adopting the Cutting Edge: Integrating Technologies for
Wildlife Conservation in sub-Saharan Africa and beyond. (Under the direction of Dr. Roland
Kays).
The ability to find and implement new techniques and technologies for field research and
wildlife monitoring is essential for conservation managers looking to maximize the ecological
outputs with their limited resources. Current estimates are that only 20% of conservation
organizations in sub-Saharan Africa have the necessary resources with which to monitor and
protect their wildlife. Emerging technology holds the potential to allow conservation
management bodies to do more with less by adopting systems that allow them to save manpower
resources or use lower cost methods to achieve their goals. Starting with broad tools, my
research demonstrates that low cost, easy to distribute outreach methods, like videos on social
media, can change stakeholder’s tolerance of non-charismatic wildlife (using snakes as a model)
with positively frame videos being an effective means of improving attitudes towards snakes and
improving intendent behavior in the event of a future encounter. In Kasanka National Park,
Zambia, we showed that by adopting systems like camera traps, local wildlife conservation
organizations can be trained to non-invasively collect data allowing them to better understand
how unique phenomena, like the Africa’s largest bat migration, can impact local terrestrial
predator communities. Deployment of this monitoring method at a parkwide scale, in
conjunction with GPS tracking and mapping, allows for measurement of the impact of anti-
poaching patrol intensity on measures of wildlife including species richness, abundance, and
group size. Our results showed that detection of poachers had a negative local effect on species
richness and that areas of highest anti-poaching patrol intensity hosted the higher levels wildlife

abundance. All of these skills can be and were taught to Zambian members of these conservation



organization showing an effective roadmap for potential future widespread adoption that allows
these research methods to continue sustainably on location in perpetuity. Research in Namibia
integrating drones as a low cost, high impact monitoring tool showed that drones are highly
effective at detecting wildlife relative to traditional ground base counts and have the potential to
greatly reduce the cost of baseline landscape wide wildlife monitoring with higher accuracy.
When used in conjunction with emerging Al tools, the manpower investment in using these
technologies will allow for higher frequency monitoring regimes without the added risk
associated with manned aerial flight. With Africa projected to be the highest population
continent by 2100, the time is ripe to move these technologies and techniques into the hands of
African led, African skilled, international partnered organizations. By spinning out these tools,
local conservation organizations can greatly benefit from more refined understandings of how
their wildlife populations are coping with a landscape facing increasing pressures in the
Anthropocene era. My research aimed to address some of these emerging tools to open a
pathway to wider adoption of cutting edge technologies for effective, locally spearheaded

conservation.
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CHAPTER 1: How do YouTube Videos influence tolerance of snakes within families?
Introduction

Snakes are essential for maintaining ecosystem integrity (Mullin & Seigel, 2021). They
fill critical roles as both predators and prey, increase community diversity, and serve to make
ecosystems more stable and resilient (Loreau & De Mazancourt, 2013; G. Peterson et al., 1998;
Tilman, 1996). Some snake species can be effective indicator species for ecosystem monitoring
(Lind et al., 2005). Snakes also contribute to suppressing rodent related crop damage and rodent
related diseases (Pandey et al., 2016); however, some snakes can threaten pets and livestock, and
present a threat to human safety (Bolon et al., 2019).

Ultimately, building human tolerance for snakes is essential for sustainable and
successful snake conservation (Liordos et al., 2018). Tolerance is a synthetic concept including
elements of attitudes, acceptance, and behavior (Bruskotter et al., 2015a; Casola et al., 2020).
This framework for tolerance builds on previous literature focusing on attitudes, acceptance, and
intended behavior (Ajzen et al., 2018; Fishbein & Ajzen, 1974; Weigel & Newman, 1976).
Behaviors may provide the most important component of tolerance, but are difficult to study
because people rarely operate in contexts where their behaviors clearly and directly impact
wildlife (Bruskotter et al., 2015b). Thus tolerance is often operationalized by focusing on
attitudes, acceptance, and intended behavior, creating a measure that is both relevant to wider
sections of the public and subject to impacts from interventions (Bruskotter et al., 2015b; Treves
etal., 2013).

High profile species, for which the public has high tolerance, tend to receive the most
conservation funding and support (Czech et al., 1998), whereas those for which the public has

low tolerance tend to receive less support and sometimes face outright persecution (Bellon,



2019). The latter is particularly the case for some predators perceived as threatening livestock
such as wolves (Canis lupus) (M. N. Peterson et al., 2019; Plumer et al., 2018) or perceived as
threatening human safety such as sharks (Beall et al., 2022; Casola et al., 2022) or snakes (Rinck
& Becker, 2007; Teachman et al., 2001), often resulting in lethal consequences for the wildlife
(Marshall et al., 2018). Fear of snakes represents one of the most prevalent wildlife phobias
(Onyishi et al., 2020; Thorpe & Salkovskis, 1998). In an effort to overcome similar stigma, some
researchers have demonstrated that short duration (15min) positively framed classroom and
excursion based education campaigns led by conservationists promoted support for alligator
conservationin a region where public calls for lethal control measures were common (Skupien et
al., 2016).

Social media has a wide reach across many communities and may represent an efficient
means to promote tolerance for snakes. Social media represents a cost-effective means of sharing
content across multiple languages, with more than 5.18 billion people using the internet globally
in 2023 (Petrosyan, 2023), of whom over 4.6 billion are accessing social media (Dixon, 2023).
The popular social media platform YouTube had more than 2.56 billion users access its video
content worldwide in 2022 (Ceci, 2023). Preliminary research in this domain suggests efficacy
of wildlife conservation communication on social media depends in part on the focal species.
Fidino et al. (2018) reported that social media, comments associated with YouTube videos about
coyotes (Canis lupis) were negative in nature, whereas similar commentary for social media
focused on raccoons and opossums were generally positive. Furthermore, social media has been
identified as a potential avenue for changing behavior by influencing social norms (Romer et al.,
2017) and shaping conflict over management of charismatic wildlife (Knezevic et al., 2018;

Lunstrum, 2017). Social media may also represent the primary way many people interact with
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snakes. Most people do not directly engage with snakes, but view them in abstract ways based on
media portrayals (Mullin & Seigel, 2021). As a result, social media may provide one of the most
consistent contexts for experiencing snakes. Previous research on snakes has shown that in
regions with more numerous venomous species, where messaging is centered on snake related
health risks to humans, children associate snakes with danger (Ballouard et al., 2013). YouTube
videos appear to effectively influence tolerance for wolves, (Casola et al., 2020) and sharks
(Beall etal., 2022). In the case of wolves, older people, as well as politically liberal people were
influenced more than their counterparts by positive social media whereas politically conservative
viewers were more easily influenced by negative social media. Similarly, negative social media
reduced tolerance of sharks, but positive social media increased tolerance more. Positive shifts in
tolerance towards sharks were greatest for younger respondents and those with at least a
bachelor’s degree. Social media impacts on tolerance for snakes has not been measured to our
knowledge. Better understanding this relationship is paramount since the importance of
communication via social media seems likely to grow given that screen-time for younger
generations is measurably higher than older generations (Christensen et al., 2016) and these
younger digital natives are much more accustomed to seeking out and sharing information
through social media with current projections estimating that there will be 5.86 billion social
media users by 2027 (Dixon, 2023). One recent study focusing on middle school students
showed that YouTube was the second most used social media platform with 65% of the
participant pool regularly consuming YouTube content (Martin et al., 2018).

There are also indications that tolerance may also be influenced by the context in which
social media messages are framed. Long used in political settings to shape perceptions of

trustworthiness (Koch & Peter, 2017), framing is increasingly being used to convey conservation
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themes (Brandon, 2021; Lépez-baucells, 2018). Framing refers to how scientists use language to
articulate central ideas about a given message to make it relatable to the core values of a specific
audience (Kusmanoff et al., 2020; Nisbet et al., 2007). Framing shapes how audiences interpret
and use information (Chong & Druckman, 2007; Kusmanoff et al., 2020). Positively framed
content elicits larger responses than negatively framed content across a number of subjects,
including pro-environmental behaviors, climate change communications, and consumer
behaviors (Levin et al., 1988; Spence & Pidgeon, 2010). This was also true for wildlife contexts
where positively framed communication was more effective at impacting tolerance than
negatively framed communication for coyotes (Lu et al., 2016), wolves (Casola et al., 2020), and
sharks (Beall et al., 2022). The influence of framing can also be moderated by the decision
maker’s previous experiences. For example, participants who had previously observed coyotes in
the wild had a higher risk perception of coyotes than participants who had not.

Tolerance for snakes, in particular, may be tied to household dynamics for several
reasons. Reactions to snakes appear to have both innate and learned roots among primates
(Souchet & Aubret, 2016). Innate biases, which may be ingrained in our biological or cultural
memory, have been shown for human children (Vaughn et al., 2021). These may be specifically
linked to geometric shapes and color patterns found on many venomous snakes which may
trigger innate danger signallingamong humans (Marshall et al., 2018; Souchet & Aubret, 2016).
Children may also be socially conditioned to dislike snakes, and many report being told negative
information about them as the primary source of their fear (Muris et al., 1997; Ost & Hugdahl,
1981). Sources of negative information are not reported in most studies but may include family,
peers, and more recently, social media. Studies are only now emerging that address the

connection between education and tolerance for snakes (Batemanet al., 2021) and little is known



about how message framing impact tolerance for snakes. This highlights a need to better
understand human tolerance of snakes and how it may change across different ages of people and
between households (Ballouard et al., 2013; Torkar, 2013).

We begin addressing these questions with an experimental case study focused on how
YouTube videos about snakes impact tolerance (i.e., attitudes, acceptance, and intended
behaviors) towards snakes among adults and children, and between households. We used an
experimental design, applying Bruskotter et al.’s (2015) measures of tolerance to determine if
popular content on YouTube can change viewers’ tolerance of snakes. We also explored the role
that households and other demographic attributes play in these changes. We hypothesized that
positive YouTube messaging would increase tolerance for snakes (Hypothesis 1), while negative
YouTube messaging would decrease tolerance (Hypothesis 2). We expected these relationships

would be similar among respondents sharing the same household unit (Hypothesis 3).

Methods:

All respondents were chosen using a stratified convenience sample of families with
children less than 18 years old within the personal social networks of students in the North
Carolina State University Fisheries, Wildlife, and Conservation Biology Program. We engaged
70 family units, with at least one parent or guardian and one child per family participating, and a
maximum of two parents or guardians and two children participating per family unit. Given the
source of participants, bias toward being more educated and more knowledgeable about snakes
than the general population is possible. To the extent this bias existed, it would reduce the

treatment effects because more educated study participants are expected to be less influenced by
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social media (Bode, 2016), and risk theory suggests familiarity with snakes would increase pre-
treatment tolerance levels (Ballouard et al., 2012) rendering detection of changes more difficult.
We created three YouTube playlists to represent the negative, neutral, and positive
treatments. We used a two-step process to develop the treatments. First, we searched YouTube
using “snake” combined with “bad”, “harmful”, dangerous", “worthless”, “good”, “safe”,
“beneficial”, and “valuable.” We compiled 21 videos from these searches that had a minimum of
10,000 views. Second, we rated how the videos framed snakes and created three non-overlapping
groupings: positive, neutral, and negative. The groupings were created by asking 93 students at
North Carolina State University (NCSU) to respond to four prompts asking how the videos
depicted snakes on a -3 to +3 scale based on four prompts consisting of “worthless to valuable”,
“unpleasant to pleasant”, “harmful to beneficial”, and “bad to good”. We tabulated these
rankings and calculated 95% confidence intervals for scores. After grouping videos with non-
overlapping confidence intervals, we selected three videos for the positive treatment totaling
~20min, three videos for the negative treatment totaling ~20min, and two videos for the neutral

reference group totaling ~5min (Table 1) in a framework established by Casola (2020) and Beall

(2022).



Table 1. Snake videos included in the negative, neutral and positive treatments.

Video Name and URL Video Views
Duration (Feb ‘20)

Negative Treatment

1. Copperhead snake: Woman bitten by venomous snake 9:40 83k
inside Longhorn Steakhouse in Virginia
URL.: https://www.youtube.com/watch?v=dCLzuQ8PMBo

2. The Most Venomous Snakes in the World 7:40 9.3m
URL: https://www.youtube.com/watch?v=qv2hvCJrM4Q

3. Black Mamba vs. the world 2:42 2.1m
URL.: https://www.youtube.com/watch?v=I8f4moBLpEU

Positive Treatment

1. Snakes can be SO CUTE 10:45 5.5m
URL: https://www.youtube.com/watch?v=jETaGral Xg4

2. Amazing Snakes! 4:28 347k
URL.: https://www.youtube.com/watch?v=BKH1TZ87Z1Q

3. The Black Rat Snake: Man’s Best Friend 5:04 150k
URL.: https://www.youtube.com/watch?v=vogpcliZ9Jo

Neutral Reference Level

1. The Sidewinder Snake slithers at 18 mph 5:00 10m
URL:

https://www.youtube.com/watch?v=B3NbPUTD5qA&list=P
LF2LzCVzFaRca3pmzVf9oDstnO6b-hxNd

2. Snakes used to have four legs! New fossils discovered! 2:10 18k
URL:

https://www.youtube.com/watch?v=2tbwQz1DWrg&list=PL
F2LzCVzFaRca3pmzVf9oDstnO6b-hxNd&index=2




Surveys were administered between February and April 2020 using Qualtrics software.
After answering the pre treatment survey, the respondent watched one of the randomly assigned
YouTube playlists, followed by taking the post treatment survey. Videos within each treatment
were viewed in a random order. Video treatments were randomly assigned to participants.
Respondents were subsequently randomly assigned to treatment groups based on their
association with the student or faculty member who recruited them for the study (Lawson et al.,
2019).

Each subject’s tolerance levels were recorded in a pre treatment and post treatment
survey. We adapted tolerance scales developed by Bruskotter (Bruskotter et al., 2015a) and
Casola (Casola et al., 2020), and we developed measures for attitudes, acceptance and intended
behavior towards snakes. Confirmatory factor analysis and Cronbach’s alpha values suggest that
attitudes (Table 2) and acceptance (Table 3) were both single factor scales with high internal
validity (Cronbach’s alpha estimate > 0.8). We used intended behavior rather than past behavior
because opportunities to interact directly with snakes, especially among children, are relatively
rare (Vaughn et al., 2021). For intended behavior we developed 13 questions with different
combinations of killing/asking someone else to kill/ignoring snakes near the home/inside the
home/on the path of a subject. The original intended behavior scale using this battery of
questions did not display high internal validity, so six questions regarding intended behavior
towards snakes were removed from consideration based on confirmatory factor analysis results.
This removal resulted in a single factor intended behavior scale with high internal validity
(Cronbach’s alpha estimate > 0.8) for the seven finalized survey questions (Table 4). Pre

treatment surveys were administered at the start of the research session, followed by the



respondent viewing of all of the videos in the assigned treatment, and culminating in a post-
survey at the end of the session.

Table 2. Individual measures of attitudes towards snakes and associated pre and post treatment
confirmatory factor analysis results, mean response values, and Cronbach’s alpha values.

Attitudes Towards Snakes

Attitude Scales 2 (Pre o= Factor Loading Mean Response
0.85, Post o = 0.89)

Pre® Post® Pre Post
Bad: Good 0.84 0.87 0.70 0.90
Harmful: Beneficial 0.79 0.81 0.84 1.00
Unpleasant: Pleasant 0.68 0.74 -041 -0.10
Worthless: Valuable 0.73 0.84 1.26 1.35
Total mean 0.60 0.79

Measured using 7-point centered to zero from -3 (Bad/Harmful/Unpleasant/Worthless) to 3
(Good/Beneficial/Pleasant/Valuable).
®Eigenvalue: 2.34
¢Eigenvalue: 2.65

Table 3. Individual measures of Acceptance of snakes and associated pre and post treatment
confirmatory factor analysis results, mean response values, and Cronbach’s alpha values.

Acceptance of Snakes

Factor Mean

Tolerance Scales 2 (Pre a = 0.82, Post o = 0.82) Loading Response

Pre® Post® Pre Post

Snake numbers in my state should be . . . 0.73 0.76 -0.08 0.02
[decreased greatly (scale = 1), increased greatly

(scale =5)]

Snake numbers nationwide should be . . . 0.74 084 0.01 0.04
[decreased greatly (scale = 1), increased greatly

(scale = 5)]

Snakes near where people live should be removed 0.77 0.78 029 0.25



Snakes near where people live should be left alone

Total mean

0.74

0.64

0.51
0.18

0.57
0.22

Measured using 5-point scales from -2 (strongly disagree) to 2 (strongly agree).

bEigenvalue: 2.22
¢Eigenvalue: 2.32

10

Table 4. Individual measures of behaviors towards snakes and associated pre and post treatment

confirmatory factor analysis results, mean response values, and Cronbach’s alpha values.

Intended Behaviors Toward Snakes 2

Behavior Scales ® (Pre o =0.81, Post o =
0.85)

Factor Loading

Mean Response

Kill a snake you see close to your home

Ask someone else to kill a snake you see
close to your home

Ignore a snake you see close to your home
Kill a snake you find inside your home

Ask someone else to kill a snake you find
inside your home

Kill a snake you see on a path while
walking

Ask someone else to kill a snake you see
on a path while walking

Total mean

Pre ¢
0.68
0.73

0.49
0.59
0.73

0.60

0.68

Postd
0.75
0.77

0.54
0.67
0.73

0.70

0.74

Pre
0.68
0.52

0.09
0.07
0.09

1.31

1.17

0.56

Post
0.86
0.63

0.22
0.42
0.31

1.31

1.16

0.70

b Measured using 7-point scale from -3 (very unlikely) to 3 (very likely).

¢Eigenvalue: 3.08
dEigenvalue: 3.69
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Following the post treatment survey, respondents were asked about their age, sex,
ethnicity, and status as a parent or child within each family unit. Parents were additionally asked
their highest education level completed and income.

We calculated mean response values for pre and post treatment attitudes, acceptance and
intended behaviors. We used confirmatory factor analysis and Cronbach’s alpha values to test for
scale validity and reliability. Shifts in tolerance were determined by calculating the difference in
respective post and pre treatment totals. All scale questions were zero centered. Some acceptance
and intended behavior questions were reverse coded to align them with their corresponding
negative or positive values (e.g. anti-snake scale value of -1 flipped to pro-snake scale of 1) to
allow for inclusion in the regression model. Negative results represented a decrease in attitude,
acceptance, or intended behavior after watching the treatment videos, and positive results
represented an increase in these factors. Baseline attitudes, acceptance, and intended behavior
were calculated using the pre test aggregate scale means within each category.

We used three different linear mixed effects models with restricted maximum likelihood
(REML) estimation to test all hypotheses pertaining to attitudes, acceptance, and intended
behaviors. The change in each of these three measures of tolerance was modelled as a function
of: video treatment (Hypotheses 1 and 2), family unit (Hypothesis 3, as a random effect
variable), pre treatment scores for the dependent variable (to control for a ceiling effect
(Theobald & Freeman, 2014), and demographic control variables (e.g., gender, ethnicity, child
vs parent). Variance inflation factors (VIF) were < 1.1 for all variables suggesting
multicollinearity was not present. We calculated standardized beta values to determine effect
sizes. We calculated Rho (the interclass correlation coefficient) to determine the proportion of

variance explained by the family unit variable (Lawson et al., 2019) to test Hypothesis 3
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regarding variation within family unit in reference to attitude, acceptance, and tolerance. We
conducted analyses using Stata (\V15.1 https://www.stata.com, 2020) and R (V4.2.2 www.r-
project.org, 2024). The North Carolina State University institutional review board (IRB #20499)
approved this study. Informed consent was received from each participant in the research and

parental consent was received from each child’s parent before they participated in the research.

Results:

Respondent attributes reflected the stratified sampling strategy with similar numbers of
parents (n=101, 48.8% of study) and children (n=107, 51.2% of study) in the study. Children
ranged in ages from seven through 17 with a mean of 12.8 years old (SD = 3.2). Adults ranged
from 18 to 76 years old with a mean of 44.0 years old (SD = 9.3). The sample was 47.8% male
and 52.2% female. Most respondents were white (76%), with the other 24% of people
identifying as African American (9.8%), Asian or Pacific Islander (5.8%), Native American
(2%), Hispanic (2.9%) or multiracial (3.9%). These results largely align with demographics in
North Carolina where the population is 51.4% female, and has a median age of 38.6 years (U.S.
Census Bureau, 2018) with a racial distribution of 70.6% White, 22.2% African American, 3.3%
Asian or Pacific Islander, 1.6% Native American, 9.8% Hispanic, and 2.3% multiracial (United
States Census, 2020).

Baseline attitudes (M = 0.60, SD = 0.71, Scale: -3 to 3) were positive, suggesting
respondents had positive attitudes towards snakes prior to receiving any video treatment (Table
3). Respondents also reported positive intended behaviors (M =0.56, SD = 0.52, Scale: -2 to 2;
Table 4) toward snakes prior to video treatment. Mean acceptance (M = 0.18, SD = 0.27, Scale: -

2 to 2; Table 3) in the pre-test overlapped with zero, suggesting neutral acceptance levels.
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Regression estimates show partial support for Hypothesis 1. The positive video treatment
was positively related to changes in attitudes (p = 0.95) and intended behavior ( = 0.22) (Table
5). We did not detect a relationship between the positive treatment and acceptance, however the
direction of the coefficient matched that of our hypothesis. Regression estimates also provide
partial support for Hypothesis 2. The negative video treatment was related to more negative
attitudes toward snakes (p = -0.85). We did not detect relationships between the negative
treatment and acceptance or intended behaviors, however the direction of the coefficients
matched that of our hypothesis (Table 5).

The rho variance analysis supported Hypothesis 3 by suggesting membership in a
household unit predicted 15% of the variance in YouTube messaging effectiveness for predicting
changes in attitudes, 20% for acceptance, and 14% for intended behavior (Table 5). This
suggests household unit influences how well YouTube videos influence attitudes, acceptance
levels, and intended behavior about snakes. Ethnicity was associated with changes in the
attitudes toward snakes with non-white participants exhibiting more positive change in attitudes
towards snakes after watching YouTube videos, regardless of the video treatment received
(Table 5). We did not detect relationships with the other control variables (sex, or parent versus

child).



Table 5. Summary of linear mixed effects regression models predicting change in attitudes
towards, acceptance of, and intended behavior relating to snakes.

Variable Name B SE B
Change in Attitudes Towards Snakes (n = 207)

Constant 1.28 0.67 0.00
Pretest Attitude -0.16%** 0.05 -0.92
Negative Treatment -2.11%* 0.75 -0.85
Positive Treatment 2.33** 0.75 0.95
Ethnicity 2 1.44* 0.70 0.60
Sex b -0.41 0.51 -0.20
Child/Parent ¢ -0.77 0.50 -0.38
Rho variance for Household unit 0.15

Adjusted R squared 0.35

Change in Acceptance Towards Snakes (n =

207)

Constant 0.36 0.39 0.00
Pretest Acceptance -0.24%** 0.05 -0.72
Negative Treatment -0.81 0.45 -0.32
Positive Treatment 0.81 0.45 0.33
Ethnicity 2 -0.31 0.41 -0.13
Sex b -0.01 0.29 0.00
Child/Parent ¢ -0.07 0.28 -0.04
Rho variance for Household unit 0.20

Adjusted R squared 0.34

Change in Intended Behavior Towards Snakes

(n=207)

Constant 1.31 0.75 0.00
Pretest Behavior -0.19%** -0.05 -0.28
Negative Treatment -1.49 -0.84 -0.15
Positive Treatment 2.15* -0.84 0.22
Ethnicity 2 -0.33 -0.79 -0.03
Sex b -0.29 -0.58 -0.03
Child/Parent ¢ -0.33 0.56 -0.04
Rho variance for Household unit 0.14

Adjusted R squared 0.28

a Non-hispanic White = 0, Other = 1
bMale = 0, Female = 1

¢Parent =0, Child=1

*p<.05, ¥*p<.01, ***p<.001
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Discussion:

YouTube videos about snakes may have stronger impacts on attitudes than other elements
of tolerance including acceptance and intended behavior for multiple reasons. First, attitudes are
easier to change than acceptance or behavior (Liordos et al., 2018). Additionally acceptance may
be tied to implicit attitudes or genetic predispositions (Ohman & Mineka, 2003; Teachman et al.,
2001) that people are not aware of and thus less able to change due to cognitive reasoning about
context in positive messages (Meadow et al., 2005). Finally, attitude change has lower costs
(e.g., risk, expenses, labor) than intended behavior change (Carfora et al., 2018; Elias &
Morrison, 2019). Changes in attitudes and intended behaviors in this study aligned with
comparable studies recently conducted on wolves and sharks, where positive treatments resulted
in positive changes. However, social media treatments impacted acceptance in those cases,
whearas we did not detect that effect for snakes. Future research examining social and biological
explanations for why tolerance for snakes may be less malleable than for other species is needed.

This study demonstrates for the first time that positively framed social media content is
more effective than negative framing for snakes and may be a more effective tool for shaping
intended behaviors for snakes than negatively framed social media. Social psychology research
focused on efforts to build support for social causes ranging from nutrition programs to climate
change, suggests positively framed messages impact behavior more than negative ones (Carfora
et al., 2018; Chen, 2020; Duran-Becerra et al., 2020; Jang & Hart, 2015; Spence & Pidgeon,
2010). This dovetails with previous research suggesting ‘gain-framing’ may be more effective
when paired with abstract statements (White et al., 2011) such as, ‘snakes are important for the
ecosystem’ or ‘snakes are cute’ and is also more effective in interdependent social groups, like

families (Dai et al., 2022). This is welcome news since negative and sensationalized messages
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about snakes with negative valence will likely persist because they generate more views (Slavik
& Yiannakoulias, 2021; X. A. Zhang & Cozma, 2022) and thus more income for media content
creators. Fortunately, positive content creation is already being spearheaded by many
conservation organizations, especially zoos and aquariums (Marino et al., 2010; Maynard, 2018;
Ogle & Devlin, 2022). Future research is needed to explore ways in which media framing may
be able to influence changes in acceptance.

Both acquiescence bias and limited personal experience with snakes may explain why
positive YouTube content elicited larger positive attitude changes among African Americans and
Latinos. Acquiescence bias is the tendency for respondents to provide positive, affirmative
answers to items within the questionnaire (Lelkes & Weiss, 2015; Treves & Martin, 2011). This
phenomenon is well documented within social science literature (Jackson & Messick, 1957;
Knowles & Condon, 1999), and tends to be stronger when interviewers are white and
respondents are African American and Latino (Davis et al., 2019). Conversely, African
American and Latino people in the US often have limited previous experience with snakes and or
snake related educational content (Bixler etal., 1994), and this may render the effects of positive
snake related social media on attitudes more impactful. Outside of ethnicity, the absence of
significant demographic predictors of how social media exposure impacts tolerance of snakes
aligns with similar wildlife tolerance studies (Casola et al., 2020). Collectively these results
suggest the influence of some demographic attributes, such as sex and child/adult designation,
are relatively unimportant drivers of how malleable tolerance for wildlife is (Casola et al., 2020).
Future studies with larger sample sizes are needed to provide a more nuanced treatment of

ethnicity.
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Respondents within the same household responded similarly, supporting the idea that
socialization within a household shapes how people perceive wildlife. In this case household
membership may shape how people respond to social media about snakes because families
engage in direct conversations about snakes (Muris et al., 1997) and have shared snake
encounters. Socialization and past experience can influence wildlife value orientations (Clark et
al., 2017) which can be resilient to change and influence all three elements of tolerance (i.e.

attitudes, acceptance, and intended behaviors).

Conclusion:

Building upon previous wildlife tolerance research, this study reaffirms that positively
framed social media content is more effective than negatively framed content and may improve
tolerance of snakes among the public. The creation and dissemination of YouTube content
presents an opportunity for conservation organizations who can distribute deliberately framed
content to large public audiences. However, the challenge to connect this content to audiences
outside of their current content bubbles remains (Casola et al., 2020; Knezevic et al., 2018;
Spartz et al., 2017; Williams et al., 2015). These efforts may be especially important and
valuable among audiences with limited previous exposure to wildlife related content because the
potential positive impacts on tolerance may be greater among these audiences (Beall et al., 2022;
Casola et al., 2020). Future research should expand upon this with similar studies aiming to
understand how content framing, social media messaging, and demographic factors impact
tolerance of other wildlife species and how various forms of content can foster support for

conservation among diverse audiences.
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CHAPTER 2: Metabolism explains the surprising predator community at the world’s

largest bat migration
Introduction:

Enormous aggregations of animals are some of the most awe-inspiring events in nature
and can have dramatic impacts on local ecosystems. For example, the blue wildebeest
(Connochaetes taurinus) migrations across the Serengeti affect the vegetation they consume
(Holdo et al., 2009), the predators that hunt them (Grange & Duncan, 2006), and even the
nutrient flow in the river systems (Subalusky et al., 2017). Over time, predator populations can
evolved to depend on these aggregations, with one of these famous relationships being the
gathering of grizzly bears (Ursus arctos) along the salmon runs in Alaska creating the highest
observed density of bears in the world (20 individuals/km of stream) as they gain weight before
hibernation (Id et al., 2019).

Recent surveys have estimated that between ~1-1.3 million Straw-coloured fruit bats
migrate to Kasanka National Park annually (Koger et al., 2023) before the monsoon season
begins in November. These animals roost in the “bat forest” during the day and fly out of the
park during the night to forage on the seasonal flux of fruiting trees, for which they also serve as
seed dispersers (van Toor et al., 2019). Their extensive movement, both seasonally and daily,
means that we know little about their relationship with the predator communities. A pair of
martial eagles (Polemaetus bellicosus) and a pair of African crowned eagles (Stephanoaetus
coronatus) have been observed hunting the bats (Lewis, 2021; Richter & Cumming, 2006) but
nothing is known about the impact this seasonal pulse of prey has on terrestrial predators in the

ecosystem.
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Methods and Hypotheses

To study the predators hunting in the Kasanka bat forest we set 45 camera traps (35
terrestrial, 10 arboreal) throughout the forest during the 2021 migration season. We set cameras
before the bats arrived allowing us to compare the predator community pre migration (August
29, 2021 — November 20, 2021), when the bats are present at peak density (November 21, 2021 —
January 1, 2022), and after they have left (January 2, 2022 — February 10, 2022). We predicted
there would be an increase in predator abundance and diversity during the peak bat migration
(H1), and we expected to see this response from all species known to climb trees and hunt prey
of this size including snakes, Felids, Viverrids, and Herpestids. We expected predators to
relocate from the surrounding park into the bat forest during the migration to take advantage of
highly localized prey abundance (H2) so we also set cameras at 86 sites throughout the park to
see if we could detect this movement. We also predicted that traditionally nocturnal predators
would shift to daytime hunting strategies to take advantage of when the bats were roosting, since
the bats leave the park each night to forage (H3). Finally, we hypothesized that bat predators
would synchronize their breeding to take advantage of the seasonally abundant bats, resulting in

higher numbers of predator offspring detections when the bats were present (H4).
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Figure 1: Map of the location of the bat forest within Kasanka National Park as well as the pre,
peak, and post migration timeframes.
Results

Over the course of 6,228 trap nights in the bat forest we collected 16,050 wildlife
detection instances. Additionally, cameras deployed in the rest of the park generated 3,099
detection instances over the course of 3,178 trap nights. Together we documented 32 species of
mammals and reptiles over 500g, ranging in size from the 550g slender mongoose (Herpestes

sanguineus) all the way up to the 5,500kg African elephant (Loxadona africana).

Reptilian predators:

To our surprise, the species with the greatest response to the arrival of the bat migration
was one we didn’t expect to find on our camera traps at all: the Nile crocodile (Figure 2).

Detection rates of crocodiles within the bat forest more than tripled between pre and peak
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migration periods and then dropped off to nearly zero after the bat migration left the park (Figure
3a). This was also reflected in the z-scores of predator detection rates which increased through
the peak of the migration before falling to zero in less than two weeks after the migration
departed (Figure 3b). Our cameras recorded crocodiles with bats in their mouths on six
occasions, including one instance where a crocodile lunged into the low hanging branches of a
tree to rip a bat down and eat it. Additionally, we detected over a dozen instances with crocodiles
actively hunting bats by running along the forest floor during the day, sometimes snapping at
bats climbing up tree trunks. All crocodile predation and hunting events occurred during the day
when the bats were roosting in the bat forest. This lines up with our results showing much higher

activity periods for the crocodiles during the daylight hours (Figure 4).

Mirroring the crocodiles, Nile monitor lizards also responded to the bat migration with a
spike of detections when bats were present. We also observed them with bats in their mouths six
times. Monitor lizards are good climbers, and five of these predation events were recorded in
trees. We saw no evidence of a response by the snake community. We only recorded three snake
sightings in the six months of working in the forest, of which only two were large enough to
consume a fruit bat, split one each before and after the bat migration and none during the
resource pulse. We did not observe any baby crocodiles, monitor lizards, or snakes which is to be

expected for precocious reptiles.



1:10AM CAM KA26

Figure 2: Genet adult guiding two genet kits through the trees of the bat forest (top left).
Crocodile pulling a bat out of the low branches before eating it (top right). Nile monitor lizard
with a bat wing in its mouth (bottom right). Genet carrying full bat across the forest floor
(bottom left).
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Figure 3a: Average detection rates and standard errors of predator species with >40 detections in
the bat forest broken up between pre migration, peak migration, and post migration periods. Only
crocodiles and monitor lizards had a statistically significant increases between pre migration and
peak migration timeframes. 2b: Predator Z-scores by week (smoothed by moving average) with
the bat migration peak shaded in gray. The darker red sections of the line indicate rapid increase
in Z-scores while darker blue indicates rapid reductions in Z-scores.
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Figure 4: Daily activity plot for four potential predators in the bat forest during bat migration
peak (November 21, 2021 — January 2, 2022). During this time bats roost in the forest during the
day and leave the area to forage at night.
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Mammalian predators:

We recorded five species of mammalian predators in the bat forest, with blotched genets
(Genetta maculata) being the most common (Supplementary Table 1). While not statistically
significant, the detection rate for blotched genets did have an increasing trend while the bat
migration was in residence, a trend which reversed after the migration departed (Figure 3a). They
were seen eating bats on seven occasions, many of which were in trees as befitting their arboreal
hunting style. Given the fact that the bats were foraging outside of the bat forest during the night
and returned to roost during the day, we had expected to see a behavioral shift from the genet’s
nocturnal hunting patterns to diurnal activity. Our observations show that genets remained
nocturnal before, during, and after the migration (Figure 4). However, they appeared to
synchronize their reproduction with the migration as offspring began to appear in camera traps at
the end of November and increasing into December and January (Figure 5). This is the most
energy intensive time for lactating females (Clutton-Brock & Harvey, 1977) suggesting that
there might be evolutionary selection to synchronize this to match bat migration, when prey are

super abundant.
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M Adults
M Offspring

Detections Per Week

Date
Figure 5: Weekly detections of blotched genet adults and juveniles by our camera traps in
comparison with the bat migration. Offspring were more frequently detected after the beginning
of peak migration (marked in gray).

We did not observe any direct evidence of civets (Civettictis civetta) hunting bats, but
their activity patterns showed a minor upward trend between the period before bat migration and
during bat migration. However, the reduction in civet detections after the migration departed was
significant (Figure 3a). Similar to genets, contrary to our expectations, civets did not adjust their
daily activity patterns to be more active during the daytime when the bats would be in residence
(Figure 4). The two smallest terrestrial mammalian predators, marsh mongoose (Atilax
paludinosus) and slender mongoose were observed in the bat forest pre bat migration but their
numbers decreased substantially when the bats arrived. A number of species that we expected to
feed on the bats were not detected. No leopards (Panthera pardus), caracals (Caracal caracal),
or African wildcats (Felis lybica) were observed in the entirety of Kasanka National Park, let
alone in the bat forest. In fact, the only felid observed in the park was the serval (Leptailurus

serval), none of whom were detected in the bat forest. Detection rates for genets outside the bat
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forest were not significantly different before (avg detection rate = 0.010, SE = 0.140), during

(avg detection rate = 0.001, SE = 0.027), or after (detections = 0) the bat migration. This was
also true for civets before (avg detection rate = 0.007, SE = 0.090), during (avg detection rate =
0.001, SE = 0.027), or after (detections = 0) the bat migration suggesting no dramatic movement

of these predators to feed on the bats.

Other mammal species:

We documented ten other species of mammals in the bat forest. Larger terrestrial
herbivores like the sitatunga (Tragelaphus spekii) whose highest pre migration average detection
rate was 2.84/week per camera, bushbuck (Tragelaphus sylvaticus), with a pre migration average
detection high of 1.37/week, and bushpig (Potamochoerus larvatus) peaking at a pre migration
average detection of 2.71/week (Supplementary Figure 3), all decreased as the bats (and
crocodiles) arrived with a maximum of 1.21 sitatunga average detections/week and 0.29 average
detections/week for both bushbuck and bushpig during peak migration. These numbers rose
again after the migration departed the bat forest with sitatunga detections rising to 5.38 average
detections/week, bushbucks to 2.93 average detections/week, and bushpig to 0.80 average
detections per week, possibly because the crocodiles also departed. Kinda baboon activity
increased in the pre migration period (peaking at 21.21 average detections/week in the bat forest,
until the migration at which point their detection rate plummeted to 3.50 average detections/week
and dropping to zero detections after the migration. The blue monkeys (Cercopithecus mitis)
increased their usage of the bat forest, from a peak before the migration of 4.28 average
detections/week, to 20.31 average detections/week during early stages of the migration but even

their activity rates decreased swiftly halfway through the migration and continued to do so after
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the migration. Given the density of bats and the cacophony they cause in the bat forest during the
day, itis possible that arboreal neighbors may seek quieter haunts with lower predator densities.
There were differences in the wildlife communities detected in bat forest versus those detected in
the rest of the park. Notably neither crocodiles nor nile monitor lizards were detected in the rest
of the park which may be partially explained by camera traps in grasslands and open woodlands
not being the ideal survey method for reptiles (Supplementary Table 1). The habitat conditions
also appear impactful in the mammal community differences as the sitatunga, genets, vervet
monkeys (Chlorocebus pygerythrus), and giant pouched rats (Cricetomys ansorgei) were
detected in far lower numbers outside of the dense tangle of the bat forest, which was reflected
by the species like puku (Kobus vardonii), often associated with the open grasslands and flood

plains, being rare visitors to the bat forest.

Discussion:

Our study shows how the large resource pulse of over a million fruit bats using a 14.5ha
forest (22,750kg/ha of biomass) affects the local predator community. We found a dramatic shift
in species composition, with the arrival of a new apex predator and changes in smaller species
reflecting on how they can adapt to a bat and crocodile filled forest.

It was the crocodiles, and to a lesser extent, the Nile monitors that responded most to the
resource pulse of the bat migration. Although crocodiles have been recorded catching bats flying
close to water sources or in isolated cave networks (BBC, 2014; Shirley et al., 2017), they have
never been recorded as a primary bat predator, so this is a surprising result. Given the short (~2
month) duration of the hyper abundant bats at this site, we expect that the reptiles have a
metabolic advantage over mammals for exploiting this resource spike (Tracy et al., 2015).

Crocodylia have 60 times lower resting metabolic rates than similar sized mammalian carnivores
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(Coulson & Herbert, 1981), allowing them to opportunistically fatten up on resource pulses, and
then be less active to conserve energy during seasons of scarcity. This has been shown for
crocodiles feasting on the Serengeti wildebeest migration who can “metabolically coast” through
the lean season (Subalusky et al., 2017). We suspect that crocodiles and monitor lizards gorging
on bats in Kasanka allows them to metabolically coast through the rest of the year, and may also
provide a surge of calories useful for reproduction as both egg laying and nest defense require
energy investment (Combrink et al., 2016).

Given their large size and abundance during the bat migration, we expect other mammals
noticed the influx of crocodiles, and avoid the site during this period. For example, marsh
mongoose decreased their activity and slender mongoose abandoned the bat forest all together
during the peak bat-crocodile period, while other ground dwelling species like sitatunga,
bushbuck, and bushpig greatly reduced their use of the bat forest when crocodiles were in
residence. Indeed, the only species of mammals that maintained or increased their activity during
the bat migration were the arboreal and nocturnal carnivores like genets and civets. Genets were
the only mammals we saw actively hunting bats, and both they and civets maintained or
increased their activity in the forest while the bats were present.

Genets also appeared to synchronize their breeding to have their young during this
period, with their nocturnal and arboreal habits keeping them safe from crocodiles. While we did
detect a decreasing trend of detection rates for genets and civets outside of the park from the pre
migration period to the peak migration period, we were not able to determine if these were
individuals migrating into the bat forest and causing the rise in detection rate for those species

while the bats were in residence. If this were the case it would depart from the pattern we
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observed in aerial predators where single pairs of nesting eagle and hawk species feed on the bats
(Richter & Cumming, 2006).

The lack of leopards in the bat forest was a major surprise for us given what we perceived
as ideal leopard habitat, in combination with there being few competitors as lions (Panthera leo)
have been extirpated and spotted hyenas (Crocuta crocuta) are in very low numbers. However,
we detected no leopards in the bat forest nor in any of our 86 monitoring sites across the park.
This raises concern about the conservation of large predators in the region, where human
populations are growing and poaching is a regular concern (Rosenblatt et al., 2016). It is
interesting that the local hyenas did not respond to the bat resource pulse strongly despite being
in the area. Hyenas in Zambia are known to respond to prey pulses when blue wildebeest migrate
(M’soka et al., 2016) but we only observed two incidences of hyenas inside the bat forest and

one record throughout the rest of the park.

Conclusions:

Massive animal migrations are spectacles and can have an impact on local ecosystems.
We found that the arrival of a million straw-coloured fruit bats to a small swamp forest in
Kasanka National Park brings out a new apex predator with cascading effects on other species.
The lower metabolism of crocodiles and monitor lizards makes them well suited to exploit this
localized resource pulse, and their high activity during the day appears to scare most other
mammalian predators and prey species away from the bat forest. However, the nocturnal and
arboreal genets are less dissuaded by the terrestrial crocodiles and we filmed them hunting bats.
The higher metabolism of genets limits their ability to increase their population size based on

one annual resource pulse, but they do synchronize their breeding to have their young during the



bat season. The Kasanka bats show how a mix of physiology and natural history shape the

response of communities to abrupt changes in the ecosystem.

31
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CHAPTER 3: Patrol Protections in Practice: The effects of anti-poaching strategies on
Wildlife

Introduction:

As wildlife populations continue to face pressure in the current Anthropocene era,
protected areas are essential bastions of conservation (Geldmann et al., 2013). Fortunately, even
as zones explicitly set aside for wildlife conservation are experiencing increasing pressure
(Craigie et al., 2010), there is some evidence for their success in protecting species and
increasing wildlife abundance in east and southern Africa (Holechek & Valdez, 2018).
Unfortunately, this success is not uniform across all countries and there appears to be a great deal
of variation based upon management systems and budgetary support (Lindsey et al., 2017; Pack
et al., 2013) with ~80% of parks in Africa lacking adequate anti-poaching protection (Holechek
& Valdez, 2018). The complex and widespread nature of poaching makes it a difficult and
resource intensive challenge to counter (Montgomery, 2020).

As wildlife abundance continues to dwindle outside of protected areas (Searle et al.,
2021) poachers transition to hunting inside of national parks (Mudumba et al., 2021) in a trend
that has become widespread in sub-Saharan Africa (Lindsey et al., 2017). While traditional
Chinese medicine (Cheung et al., 2021) and the pet trade (Tricorache et al., 2018) have been high
profile threats to individual species, it is the bushmeat trade that represents the most persistent
threat to the full spectrum of large mammal populations in these parks (du Preez et al., 2015;
Nielsen et al., 2018; Watson et al., 2013). The rapid growth in poaching (Alarape A. A. et al.,
2021) has resulted in a wave of ‘green militarization’ of anti-poaching efforts (Lunstrum, 2014)
as management bodies look to aggressively curb overexploitation of the species under their

purview (Masse, 2019).
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One of the primary management strategies for combatting poaching is the establishment
of satellite law enforcement posts within protected areas to facilitate the deployment of Scout
and Ranger patrols (Moore et al., 2018). These patrols move through the park, sometimes in
vehicles but more often on foot, on the lookout for illegal activities ranging from elicit snare trap
placementto illegal logging (Sarkar et al., 2022). As poaching for both bushmeat and high value
internationally trafficked products (like rhino horn and elephant ivory) has increased, anti-
poaching patrols have become more professional, better armed, and more widespread (Warchol
& Kapla, 2012). The are able to intercept poachers in the field, make arrests, confiscate
equipment, and remove traps like snares (Becker et al., 2013; Haas & Ferreira, 2018). Higher
patrol efforts have been shown to have positive impacts on mammal communities in the dense,
mountainous forests of West Africa (Kablan et al., 2019) but there has been no comparison of
their effectiveness in protecting wildlife communities in the grasslands and open woodlands of
east and southern Africa.

Our goal is to examine the impact of anti-poaching patrol practices on large mammal
communities in these landscapes. We partnered with the Kasanka Trust, the management body
for Kasanka National Park, because this park has high conservation value, faces poaching
pressures, and is thus representative of the challenges that many African parks face. Between
2010 and 2019 Kasanka’s puku (see Supplementary Table 2 for all latin names) population, the
most numerous large mammal in the park, declined by 84% due to poaching (Rduch & Jentke,
2021). As a result, the Kasanka Trust has been aggressively scaling up its anti-poaching efforts
through the training and equipping of new cadres of Scouts, in partnership with Zambian
Department of National Parks and Wildlife Rangers, to reduce poaching pressure on wildlife

inside the park. We used camera traps deployed throughout the park to observe the wildlife
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community and paired that with data on anti-poaching patrol intensity for the six months prior to
our arrival and for six months of our camera trapping.

We structured our hypotheses to help assess the impacts of Kasanka’s new management
methods. We predict that the areas of the park experiencing the highest anti-poaching patrol
intensity would have the highest species richness and the highest wildlife abundance. We also
predict that areas with the high anti-poaching patrol effort would have higher day time wildlife
activity as wildlife would not be shifting their activities to night time to avoid poachers moving
through the park. And finally, we predict that gregarious animals would have larger group sizes
in the areas with the most predation risk (the areas of lowest anti-poaching patrol effort) with
poachers having a similar effect as another native predator species requiring increased vigilance.
Our approach allows us to ask the question of what is the minimum patrol effort that you can

expend and still expect discernable conservation returns regarding wildlife activity?

Methods:

Study Area:

We collected data from August 29, 2021 through February 10, 2022 in Kasanka National
Park in Central Province, Zambia (12°13°00” S, 30°11°40” E). Kasanka National Park has two
dominant habitat types, miombo woodlands and dambo grasslands. The miombo woodlands is
primarily populated by trees from the Brachystegia, Isoberlinia, and Julbernardia genera with
canopies up to 20m high and scrub cover densities dependent upon localized bushfires. The
grasslands, primarily made up of grasses of the Hyparrhenia and Setaria genera, floods
seasonally and is interspersed with various dense scrub thicket ‘islands’ containing large

termitaria covered with larger trees like Khaya nyasica, Parkia filicoidea, and Diospyros
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mespiliformis (Smith & Fisher, 2001). The dry season is approximately from May — October

with the rainy season usually beginning in November and lasting through April. However, the

rainy season was delayed in 2021 and began around December 30, 2021 during our field season.

Wildlife monitoring:

We deployed 30 camera traps (Browning Reconyx Force Elite HP4) at 94 locations with
a stratified random design for equal numbers of sites in both dominant habitat types (Figure 6)
with a minimum of 300m separation. They were unbaited and locked to trees at knee height
(Figure 7A). Cameras deployed to areas with taller grass had vegetation in front of them chopped
to a distance of 5m to reduce false triggers. Camera traps were set to take 10 photos for each
trigger and retrigger immediately if the animal was still in the viewshed. During analysis, all
triggers less than 1 minute apart were considered a single detection instance and all animals
counted in these series were tallied for the total group size of that species at that instance.
Detection rate was calculated as the total number of individuals detected at each deployment
divided by trap night. Cameras were rotated to new locations between 4-6 weeks with
deployments consistently around 5 weeks in duration (mean deployment length = 36 days)
reducing the risk of a few particularly long deployments detecting more species. Species richness
was counted as each unique species of mammal larger than and including the Thick-tailed
Greater Galago that were identified at each deployment. Cameras that detected poachers or were
stolen were also marked as active poacher locations (Figure 6). Poachers may have an acute
impact on wildlife species richness, relative abundance, and behavior in those locations so we
added poacher detection at each site as a variable to better understanding the potential impact of

their activity.
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We processed our data using Wildlife Insights to organize the identification and
recording of each species and make the filtering of false triggers easier (Ahumada et al., 2020).
All identifications were completed by authors or closely supervised students, with all sequences
reviewed and verified to ensure species accuracy. Deployments that failed before 14 days were
removed from analyses. We used detection rates (n/day) as our measure of animal activity. To
prevent a few unusual sites from biasing the results, we screened for outliers of detection rates
using the 1.5 * interquartile range. From a total of 94 deployments, we found six to be outliers,
all skewed by very high puku numbers. Therefore, these puku values were removed from

analyses but the rest of the data was retained.

Legend
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Figure 6: Map of Kasanka National Park highlighting the dominant habitat types and year around
water points with camera trap deployments including those that detected or were disrupted by
poachers.

, o :
Figure 7: Kasa outs and DNPW Rngers deployig cae a (Ief) and i:ihg
contraband (including wildlife carcasses) following a successful poacher interception during an
anti-poaching patrol (right).

Anti-poaching patrols:

The Kasanka Trust has moved into the role of helping Zambia’s Department of
National Parks and Wildlife protect Kasanka National Park. As an NGO they have
shouldered the cost of training and equipping Kasanka Scouts under the supervision of
DNPW Rangers to help increase law enforcement reach and effectiveness in the park in a
public-private partnership. They have also adopted new technology, like GPS units and
record keeping software Spatial Monitoring and Reporting Tool (SMART) (Smart
Conservation Tools.org, 2024), for tracking their patrol efforts and arrest rates. Their goal
is to protect the species under their management purview, with one of the main
challenges being poachers entering the park and unsustainably harvesting wildlife for
commercial use (Phelps et al., 2016; Rogan et al., 2017).

Each patrol team was composed of both NGO Kasanka Trust park management

Scouts and government Department of National Parks and Wildlife Rangers. They
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conducted their patrols with GPS units that tracked their paths, where they would arrest
poachers, impound or burn tools, and confiscate contraband (Figure 7B). To quantify this

effort we divided the park into 25 hectare grid hexes (n = 2322) and calculated how many meters
of patrolled distance the Scouts traversed within each hex between January 1, 2021 and
December 31, 2021. The patrol distances ranged from Om to 102.14km patrolled per hex (mean =
4457m, median = 2090m) with 408 hexes (18% of the park) receiving zero patrol activity (Figure
6). These patrols were limited by logistics, like vehicles to deploy scout teams to more remote
patrol camps, and manpower, to deploy more teams at high intensity parkwide. Patrols were
therefore more concentrated in the core of the park, at larger patrol bases closer to park
headquarters. Additional patrols were deployed out to more remote patrol camps further way

from park headquarters as often as limited resources would allow.

Spatial covariates:

We calculated the distance between each deployment location and the nearest park
boundary because locations further from the park edge would have required more time and
distance for poachers to traverse to. We included this a variable (mean = 2238m, median =
2030m) because we expected that closer proximity to the park edge may have negative impacts
on species richness, relative abundance, and behavior (Mudumba et al., 2021).

The extended dry season (May — November in 2021) results in the drying out of isolated
ephemeral water sources which might concentrate wildlife near permanent water sources. We
therefore measured distance to year around water sources (including river systems outside of the
park) as a variable (mean = 1682m, median = 1194m). We also considered habitat to be

potentially impactful as the vegetation structure of the miombo woodlands may be better habitat
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for browsers, like common duiker whereas the grasslands may be better habitat for grazers, such
as the puku. Similarly, each deployment was noted as whether it occurred during the dry season

or wet season.

Time of day and group size:

Given that some species have been shown to adjust behavior to reduce risk by forming
larger groups or switching to nocturnal activity, we included time of day of each detection event
to be able to determine if some species may be adjusting their diel activity patterns to avoid
hours of peak poacher activity. Similarly, we tallied group sizes of puku and kinda baboons at
each detection to observe if herd or troop dwelling animals adjusted their group sizes based on

perceived risk related to variables like patrol presence and poaching activity.
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Table 6: Overview of response and predictor variables with description.

Model Variable

Abbreviation Type Definition
Response
Variable
Species
richness species_richness | Nominal # of unique species identified at deployment
Detection
rate detection rate Continuous | average animal detections per trap night

# of individuals of each species at each
Group size group size Nominal detection
Predictor
Variable
Patrol
intensity pi Continuous | meters patrolled /25ha grid cell during 2021
Distance to
park
boundary de Continuous | meters to closest edge of park boundary
Distance to meters to closest year around accessible
water dw Continuous | water source
Seasonality | sn Binomial dry season = 0, wet season = 1
Poachers poachers not detected = 0, poachers detected
detected pd Binomial =1
Detection rate between 06:01 - 18:00,

Time of day | time of day Continuous | detection rate between 18:01 - 06:00
Habitat hab Binomial grassland = 0, woodlands = 1

Statistical analysis:

All analyses were carried out using the gimmTMB and MuMIn (Barton, 2017) packages
in Program R (V4.2.2 www.r-project.org, 2024). We also conducted Pearson’s coefficient tests
between the combinations of patrol intensity, distance to water, distance to park edge, and
poachers detected to verify that none of these variables were correlated. All continuous variables
were standardized and zero-centered to allow for equal comparison. We used linear regression
models to evaluate the importance of our five predictor variables on species richness or detection

rate. We also used the square root of patrol intensity in polynomial regression models to
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determine if there were non-linear relationships between patrol intensity and species richness or
detection rate. Since species richness was nominal data we used the Poisson family models,
whereas we used the gaussian family of models for detection rate’s continuous data. We then
ranked these models by their corrected Akaike’s Information Criterion (AICc) (Symonds &
Moussalli, 2011) to assess which model best fit the data with our coefficients and evaluate the
most important parameters for either species richness or detection rate. Models were ranked by
AICc with the lowest score ranked most favorably. Models with less than a 2.0 difference with
the best model were considered based on their Akaike weight with the models with the highest
weight considered the most parsimonious.

We analyzed the effect time of day had on detection rate by dividing the dataset for each
deployment up between detections made between 06:01-18:00 (Day) and 18:01-06:00 (Night)
and dividing them by trap nights resulting in a detection rate during the day and during the night
for all locations. We fit a mixed effects model with an interaction effect between these diel
detection rates and the average detection rate while also adding deployment as a random
variable.

The species with the highest detection rates were puku, kinda baboons, bushbuck, and
common duiker. As bushbuck and common duiker are solitary, we choose to leave them out of
the group size analyses and focus on puku and kinda baboons. We fitted a mixed effects model
for each species testing the effect of patrol intensity, poacher detection, and distance to water,
and combinations of these variables, upon group size with deployment as a random variable. We
used AICc to compare these models in the same way as for the detection rate analyses

previously.
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Results

Deployments:

Of the 94 deployments, six were disrupted by poachers stealing or destroying the
cameras, six failed to meet the 14 day minimum threshold due to card errors/bushfires/batteries
failures, and one was destroyed by a particularly zealous elephant with a deep snare wound. This
left data from 81 camera deployments for our analysis. Poachers were detected 17 times (mean
group size = 3.8) at 15 of our deployment sites (including stolen cameras as poacher detections),
often accompanied by their hunting dogs or seen setting bushfires (Figure 6). The successful
deployments generated 1,974 mammal detection instances observing 2869 individuals over the
course of 3,050 trap nights between August 30, 2021 and February 11, 2022 split between the
grassland (42) and woodlands (39). These captured 29 species of wildlife ranging from the
African elephant all the way down to Thick-tailed Greater Galago, as well as domestic dogs that
are used by poachers (Supplementary Table 2). The highest species richness per deployment was

11 (mean = 4.27, median = 4.32).

Species Richness models:

The best model for species richness showed a negative effect for distance to water and for
poachers detected at location (model weight = 0.56) (see Supplementary Table 3,4) for more
detail. Both of these predictors were significant and negative indicating a decrease in species
richness at locations with higher distance to water and locations with poachers detected with
poachers detected having the biggest effect (Supplementary Table 5). The second ranked model
(delta AICc = 2.05) with distance to water, poachers detected, and patrol intensity showed only a

marginal positive effect of patrol intensity.
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Relative abundance models:

The best model for detection rate included only a positive linear relationship with patrol
intensity (Supplementary Table 6). The next best models contained patrol intensity and distance
to water (delta AICc = 0.26), patrol intensity plus distance to park boundary (delta AlCc = 1.24),
and patrol intensity, distance to water, and distance to park boundary (delta AlCc = 2.04)
following closely. Of these, only patrol intensity was significant, with the positive coefficient
indicating that the higher the patrol intensity (Figure 8), the higher the wildlife detection rate
(Supplementary Table 7). Distance to water and distance to park boundary only had marginal
effects on relative abundance (Supplementary Table 8). The relationship with patrol intensity
suggests that increasing 10,000 more meters of patrol distance per 25ha is predicted to increase
detection rates by 1 additional mammal detected per day. This is approximately the same as

patrolling each grid hex by around 200m per week (Figure 9).
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Figure 8: Three-dimensional map showing wildlife relative abundance in blue cylinders
superimposed on the patrol intensity map

Diel Activity Shift:

The patrol intensity impacts were stronger on diurnal animal activity than nocturnal
activity. The interaction term between patrol intensity with time of day showed that patrol
intensity positively impacts detection rate to a stronger degree during the day than during the
night (Figure 9). Animals are more active during the day in areas of high patrol intensity, and
while patrol intensity has a positive impact on wildlife detection levels during the night, the

impact is not as profound (Supplementary Table 9).
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Figure 4: The total average detection rate (blue, with confidence interval, R? = 0.33) as well as
greater positive impacts of patrol intensity on day detection rates (green) relative to night
detection rates (red).

Group size:

Evaluation of the puku group size numbers showed no significant shift based on any of
our variables (Supplementary Table 10, 11). However, kinda baboons did show shift in group
size under our study conditions. The best model for group size for kinda baboons was based on
AICc (weight = 0.41) (Supplementary Table 12) selection and demonstrated that poachers
detected at a location were correlated with an increase in group size with a non-significant
trending influence of distance to water (Supplementary Table 13). This model performed better
than the model only including poachers detected (weight = 0.31) but with a delta AICc being
only 0.56, these two models are very close in their ability to explain changes in group size for

kinda baboons.
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Discussion:

Poaching has become ubiquitous across protected areas in sub-Saharan Africa. The
current trajectory of increasing bushmeat demand is likely to continue putting unsustainable
pressure on wildlife populations in these parks (Fa et al., 2003) as human populations across the
continent continue to urbanize (Mozer & Prost, 2023) and more people become more willing to
pay a premium for bushmeat (Holechek & Valdez, 2018). The deployment of Scouts and
Rangers in anti-poaching patrols has emerged as the primary tool for countering this uptick in
poaching (Haas & Ferreira, 2018; Ibbett et al., 2020). Our study in Kasanka National Park has
demonstrated that poachers, as well as the anti-poaching patrols deployed to counter them, have
strong influence on wildlife communities in the park. We found that species richness was lower
in areas where poachers were detected. We observed that wildlife detection rates were higher in
the more patrolled areas, especially for day time detections. And we saw that kinda baboons
increase their group size in spaces that more poachers are detected. These all bring valuable
insight to management bodies far beyond Kasanka National Park, with insights useful across the
continent.

Patrol intensity was the only significant variable impacting relative abundance, clearly
demonstrating that, where the patrols were deployed at high intensity, they were effective at
protecting wildlife. This suggests that should conservation management bodies like Kasanka
Trust get the resources they need, in manpower, equipment, and logistical support, they can
improve conservation outcomes in the parks under their protection (Plumptre et al., 2014) by
scaling up their patrolling. Our model predicts that each 25ha grid that receives an additional

200m of patrol effort per week will see an increase in 1 additional mammal detected per trap



47

night. This small increase in patrol effort mirrors work done in Cote d’Ivoire that shows that
patrolling a km? area of their park an extra half day every two years has positive impacts on
duiker and pygmy hippo populations. The increase in patrol effort seems like it would benefit
some areas of Kasanka National Park that have received zero patrol action at all in 2021 in
particular. We can see a smaller case study within the park where the ‘Wild West’ area of the
park, west of the Luwombwa River, is difficult to access given no vehicle bridge and largely
lacks water sources apart from the river itself. As a result, this area experiences fewer patrols
which results in lower wildlife relative abundance, something that may be able to be rectified by
more patrol deployments across the river. This adjustment may be accomplished by trying to see
if there is a way to reduce the number of grids that experience over 30,000m patrolled annually
and see if those patrol distances can be more widely distributed to try to cover a wider footprint
of the park. Our results around diel shift show that areas of high patrol intensity result in
statistically greater gains in daytime animal activity than night time activity. Given that we
detected poachers exclusively during the day, the high intensity of patrol activity may have
reduced this human ‘predator’ from the area and thereby reduced the need to temporally avoid
them (Owen-Smith, 2019). The night time improvement in detection rate likely reflect more
broad gain’s in abundance at those locations.

It should not be a surprise that areas where poachers were detected also had lower
total speciesrichness. It is possible that these areas are so heavily poached that they serve
as constant population sink locations with constant extraction. However, once it gets to
zero individuals of that species showing up cameras, it may be an indicator that densities
of that species, if present at all, may be very low. This reduction in diversity but not

reduction of wildlife activity may be partially explained by increases in group size of one
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of the main species (kinda baboons) that continued to move through areas that poachers were
detected. Kinda baboons and puku were the only two gregarious species with high enough
detection numbers to test for the impacts of patrol intensity and poacher detections on group size,
and of these, only kinda baboons showed a response. Their group sizes increased in response to
localized ‘poacher’ detections. This is what you would expect from a species increasing the
“many-eyes effect” as a response to perceived predator risk (Wang et al., 2016) and
predator/prey models are increasingly being adapted for poacher/wildlife relationship modeling
(Timms & Holden, 2024). Some poachers were spotted with snares but many were spotted with
poaching dogs and spears and it may be possible that being hunted by a dog and spear poacher
team would demand more vigilance than the threat of a snare.

The influence of distance to water and park boundary are worth drawing attention to.
While distance to water was only a significant predictor relating to species richness it did also
appear in the best fit models of detection rate and group size. Like many areas of savanna and
woodland Africa, water can be a limiting factor in spaces you can access when the dry season
reduces access to a few perennial sources like higher volume rivers and lakes. This would have
limited cameras far away from water access to be less likely to detected more water dependent
species like waterbuck but might not have limited activity levels for species that can tolerate
drier conditions like common duiker. In our models it was not always a determining factor but
often had a subtle but detectable influence. If we had been able to extend our deployments longer
into the rainy season it is possible we may have detected more of a signal between distance to
water and seasonality or possibly habitat as distance to water may drop out of the models entirely
after the rainy season started. Similar to distance to water, distance to park boundary was not a

significant factor but was a marginal predictor within our models. It would make sense that this
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would show up at least marginally as many of our camera traps that were destroyed or detected
poachers were relatively close to the park boundary.

While we used a randomized design to plan our study, our loss of about 10% of
our cameras to poachers most likely came from the most-hunted areas, resulting in us
collecting less data from these zones. This bias might mean that the effect of poaching
could be even stronger in the park than our models show, because there were clearly
poachers operating there.

As with the previous studies conducted at Kasanka by Goldspink et al., (1998) and
Rduch, (2016; Rduch & Jentke, 2021), our puku detections were unevenly distributed across the
park with more detections occurring in the grassland habitat, especially towards the core of the
park. Puku numbers appear to have increased since Goldspinks initial survey until 2009 (Rduch,
2016) before crashingagain (Rduch & Jentke, 2021) and then beginning to recover as there were
some mornings in 2021 that nearly 600 individuals (Goldspink’s total population estimate) could
be seen while driving one dirt track that Rduch used as a transect in 2009/2019 along the banks
of the Kasanka river. The location in the park that had the highest counts for both Goldspinks
and Rduch was located approximately 300 meters from our highest detection rate camera of the
entire study, situated on the other side of the river with 1517 puku detected over the course of 29
days. Also similar to Rduch’s 2019 survey data, relative abundance of ungulates remained low at
the cameras we deployed near her transects that over lapped with the low patrol density area in
the southern elbow of the park between the Luwombwa and Kasanka rivers. We were also able
to identify areas of high use for species of special interest to Kasanka Trust, like sable antelope
and sitatunga. However, we failed to detect two other species of conservation concern to park

management, Lichtenstein hartebeest (Alcelaphus lichtensteinii) and leopard (Panthera pardus).
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With few competing predators and available prey species, we had expected to detect at least
some leopard activity. Where as Goldspink reported lions, leopards, and servals had been seen in
the area, albeit sparsely, we only detected serval in our eight month survey and it is entirely
possibly that carnivores moving through the area suffer from impacts of snaring that have been
well documented elsewhere in the region (Benhaiem et al., 2023; Mudumba et al., 2021;
Rosenblatt et al., 2016).

There are a range of possible solutions being set forth as to what might be the most
effective means of tackling the poaching challenge. Many international NGOs are focused on
better understanding and reducing demand for poached products like bushmeat or ivory (Collins
et al., 2017; Randolph et al., 2022). Other groups are positioning themselves to put pressure on
the middlemen (Bachmann et al., 2019) or when it comes to bushmeat, increasingly
middlewomen (Green et al., 2024). Groups like Kasanka Trust have adopted a carrot and stick
approach. They are investing in community building programs meant to increase participatory
and inclusive conservation (Newing et al., 2024) with a mix of educational outreach, loan and
subsidy support, and job opportunities in order to address the opportunity gap that drives some to
poaching (Kasozi et al., 2023; Massé et al., 2017; Zafra-Calvo & Geldmann, 2020; Y. Zhang et
al., 2024). Unfortunately, with conservation budgets so strapped, many decisions come down to
funding one approach at the expense of the other (Holden et al., 2019) and how quickly you are
expecting returns. Kasanka Trust has gone to great lengths to equip their Scouts and to build a
cadre of leaders who are able to effectively enforce management action plans. They have
invested in using new technology, like GPS units and SMART (Wilfred et al., 2019), to help
them organize their route planning. Unfortunately, they remain firmly in the 80% of protected

areas that are severely under-resourced (Holechek & Valdez, 2018) which hampers their efforts.
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Conclusions:

In the very immediate timeframe, the Kasanka Trust are aggressively pursuing ways to
disrupt the ‘specialist commercial harvesters’ and ‘rule abuser harvesters’ (Phelps et al., 2016)
connecting bushmeat poached out of the park with larger population markets through the
deployment of anti-poaching patrols. Kasanka management needs continue to be supported so it
can apply the stick, the anti-poaching patrols to arrest poachers, send them to face the Zambian
legal system, and serve as a deterrent for massive, unregulated, exploitation of the finite resource
that is Kasanka National Park’s wildlife natural heritage. 200m more meters per grid per week
seems manageable with the right planning (using the SMART system) and execution and
logistics, especially if it may be able to boost the mammal detection rate by one animal per day
on average. Our study shows that Kasanka has a template for a system that works at protecting
wildlife by preserving species richness and relative abundance, and reducing impacts on wildlife
behavior. It is just a matter of making sure that those working on the frontline to save wildlife in
these protected areas have the resources they need to complete their missions.

While efforts to shrink urban bushmeat demand and build conservation clubs to instill
the importance of wildlife in the youth may be the long-term solutions to the poaching crisis,
anti-poaching efforts are absolutely critical in this moment as a stop gap. Without anti-poaching
patrols, African parks may be turned into silent woodlands and untrodden grasslands long before
demand slows down and poachers hang up their snares and spears. The future of wildlife
conservation may very well be community education and engagement but the present remains

the boots on the ground of the anti-poaching patrols.
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CHAPTER 4: Eyes in the sky versus boots on the ground; a methods comparison in the

arid savanna
Introduction:

Conservation managers require up to date information to make informed decisions
regarding the wildlife populations under their care (Ogutu et al., 2020). This is a uniquely
difficult task in large protected areas, with small research staffs, which are often remote
(Schuette et al., 2018). Long term data in particular helps managers understand wildlife
population trends and a variety of techniques can be used to obtain this data ranging from
deployment of passive camera trap arrays (Twining et al., 2024) to active sampling using transect
surveys.

Aerial transect surveys from single engine planes has proven to be an useful means of
monitoring wildlife in Africa, where relatively open habitats across huge landscapes have
populations of large mammals that are more easily detectable from the sky (Jolly, 1969)(Jolly,
1969; Norton-Griffiths, 1978). While aerial surveys have been shown to be accurate for some
easy to observe large mammals in notably open habitats (Parker et al., 2011) there has long been
a recognition that the original aerial count assumption of 100% detectability across all species is
flawed, and likely variable depending on species, group size, and habitat (Steinhorst & Samuel,
1989). Recent studies have tested this by using concurrent image capture in tandem with the
traditional methodology of one observer visually counting animals seen out each side of the
aircraft have shown that even large species can grossly undercounted with 14% of elephants,
60% of giraffes, 48% of zebras, and 66% of large antelope not detected (Lamprey et al., 2020)
resulting in different population estimates than ground-based methods (Greene et al., 2017).

However, this human vs photograph comparison might still underestimate the population if the
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detection of animals in the aerial photographs is not perfect, negatively biasing the final
population estimate. In contrast, accounting for imperfect detection is standard for ground-based
surveys through distance sampling or occupancy modeling (Ogutu et al., 2006; Rodrigues et al.,
2023; Schuette et al., 2018).

The emergence of unmanned aerial vehicle (hereon referred to as ‘drone’) technology
has opened up a whole new set of potential tools and techniques for monitoring wildlife. While
some methods are clearly still in the development phase in more heavily vegetated areas (Kays et
al., 2019; Spaan et al., 2022; Whitworth et al., 2022) drones have already been demonstrated to
be effective in areas of traditional aerial observation success; the open landscapes with more
easily observable wildlife populations more common in Africa (Blum et al., 2024; Inman et al.,
2019) and there are already instances where drone based counts are proving more accurate that
current ground based monitoring techniques, like at large marine mammal colonies where lines
of sight in ground observation are confounded by close proximity of many different sized
individuals; a challenge that the top down perspective of drones do not suffer from (McCarthy et
al., 2023).

The replacement of manned fixed wing aircraft with drones for wildlife surveying could
make wildlife data collection far safer for wildlife practitioners (Sasse, 2003) as well as cheaper
(Hammill et al., 2017; Johnston et al., 2017). Methodologically, drone systems have the potential
to revolutionize aerial observation especially when combined with other technology like thermal
sensors and Al identification models (Bondi et al., 2020; Hua et al., 2022; Puri & Bondi, 2021).
The increase in drone endurance and payloads mean they can travel farther with better sensors
(Linchant et al., 2023). Aerial imagery processing has already proven to be more accurate that

human wildlife counters (Lamprey et al., 2020) and Al models are expected to drastically reduce
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the time required to process image heavy wildlife counts (De Kock et al., 2022). This brings the
dual opportunities of having more accurate wildlife counts than traditional manned aircraft
techniques as drones fly lower and slower to collected better imagery, while also covering vastly
greater areas than is possible with ground-based methods.

As we move into an era with more drone surveys, there are two critical unanswered
questions. The first question is, what is the detection probability for drones? Is it close enough to
100 precent detectability of wildlife that we can confidently assume we are detecting all
individuals or so we need to account for it across different species? The second major question
is, how do drone surveys compare in effectiveness against established ground-based survey
techniques? We addressed this challenge by pairing drone flights with ground surveys where
they would contemporaneously sample the same study area. We were then able to determine
which method detected which individual animals in each twin survey and compare their relative

effectiveness.

Methods:

Our study was conducted at N/a’an kusé Wildlife Santuary (17.40570, -22.38690) from
August through October 2022. Located about 40km east of Namibia’s capital city of Windhoek,
N/a’an kusé is approximately 25km? of ~1700m elevation highland arid savanna biome
consisting of open scrub savanna dominated by climax grass species like Anthephora pubescens
and Brachiaria nigropedata (Rothauge, 2011). These grasses grow quickly during the 360mm
annual rainfall of the wet season (November-April) before the dry season causes the landscape to
go to dry grass or nearly bare cover ‘pebble mulch’ (Joubert, 2009). This landscape is punctuated

by a variety of dry adapted shrubs like Acacia mellifera, A. reficiens, and Boscia albitrunca that
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vary in density depending on soil conditions and drainage. The wildlife sanctuary is enclosed by
8-foot high game fences and hosts a variety of wildlife species including large ungulates ranging
all the way up to giraffe (Supplementary Table 14).

We designated two independent study areas (one north, one south) for our paired
drone/ground team method comparison. We based our transect design on the Norton-Griffiths
(1978) aerial survey model, flying east/west to minimize bias created by shadow effects, flying at
daybreak when mammals are active, and planning the aerial flight characteristics to allow for
complete count aerial coverage over our study areas. The flight missions consisted of five
transects per study area (Figure 10), mapped out on QGIS (QGIS Development Team, 2024),
flying at 80m altitude with the camera sensor mounted at a 60 degree down angle thereby
creating a field of view ~110m across. These five transects were mapped to give side to side
overlap to ensure the entire study area was visible from the air during sampling resulting in a
500m east-west band. The camera was linked to the flight CPU and triggered photos so that each
image overlapped 30% with the photo prior to it and 30% to the photo taken after it to assist with

accurate species and group size identification.
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Figure 1: Map of N/a’an kusé Wildlife Sanctuary with
paired aerial/drone survey methods

We used a twin electric motor, 2m wingspan, Styrofoam framed Believer drone that was
assembled by the engineering students on the Namibia Wildlife Aerial Observatory (Namibia
WADO) fall semester study abroad course from August — October 2022. This platform was chosen
because it is easy to repair in the austere field conditions we operate in, it can be recharged using
solar power available on base, and it has good payload capabilities for carrying a high quality
camera. System modification and customization allowed us to increase the flight range of the

Believer to nearly an hour of flight time at speeds of over 60km/hr with flight missions
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programed to autonomously follow data collection aerial transects using the Mission Planner
program (ARDUPIilot, 2024).

We paired a ground survey to occur in the exact place and time as the drone flight. Our
ground transects followed the established distance sampling design, which has already been
proven effective for landscapes with moderate to low wildlife density (Ogutu et al., 2006). These
ground surveys began on the wildlife sanctuary fence line at the eastern edge of the study areas
and followed roughly the same path as the middle of the five aerial flight transects. The ground
team would wait until the drone flew overhead so as not to disturb the wildlife on the transect
and then begin walking west to the far end of the study area. The northern transect was 2786m
long and the southern transect was 1948m long. Upon sighting wildlife, the ground team would
stop, record their location at the time of sighting, use a rangefinder to measure distance from
ground team to the animal, employ a compass to record the bearing of the animal, and then
record species and group size.

Data was processed upon returning to the university after the conclusion of the semester.
Aerial data was sorted into the ten transects of the study area using a program called ImageWAO
that was developed by a former student from the 2019 Namibia WAO cycle. Five undergraduate
students were trained in species identification and each aerial transect was processed by two
undergraduate observers under the supervision of the author. Counts that had a >15% variation in
counts between observers were reprocessed. Special care was taken to make sure that double
counts were prevented both between consecutive photos from the same transect but also with
neighboring aerial transects that may observed the same group of animals.

Both aerial and ground data were projected on to a map of the wildlife sanctuary. GIS

locations were extracted from flight data to show the field of view of each image with an aerial



58

wildlife detection. Ground detections were projected using the range and bearing of the sighting
from the GPS coordinates of the ground team at each sighting. All ground sightings were given a
200m buffer around the projected sighting location to account for possible animal movement
between when the drone may have flow over to detect them and when the ground team was
moving along the transect to be able to spot them. Sightings of the same species where the aerial
detection field of view overlapped with the 200m buffer around the ground detection were
considered the same group. Individual counts were sorted into the categories of wildlife that only
the drones detected, those that were detected by both survey methods, and those that were only
detected by the ground teams within the 500m study area band that extended 250m north and
south of the centerline aerial transect/ground transect.

Analyses were conducted using Program R (V4.2.2 www.r-project.org, 2024) to calculate
the detection probability of the drone spotting an animal given that the ground element detected
it and the detection probability of the ground team spotting an animal give that the drone spotted
it for each successful contemporaneous drone/ground team paired survey separately. We also

calculated the detection probabilities for each species over the course of the data collection cycle.

Results:

We conducted 18 successful paired drone/ground surveys over the course of ten flight
days. There were also ten flight days were we were not able to complete drone/ground survey
pairings as a result of experiencing crashes of our drone (5), poor flight conditions (2), flight
profiles where aerial data was collected but we were initially flying too low and limiting our field
of view (2), or delays caused us to miss our flight window (1) (Supplementary Table 15). Within

our survey area, we observed 830 individual animals using our drone representing 15 different
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mammal species ranging in size from common duiker to giraffe, as well as two large ground
dwelling birds, the ostrich and the kori bustard. We observed 411 individuals covering these
same species from our ground surveys.

Our paired survey allowed us to calculate the detection probability of one survey
technique given the known presence of an animal from the other. When the ground team
recorded an animal the drone detected the same animal in 87% of occasions while the probability
of the ground survey detecting an animal was 41% (Figure 11). There were six transects where
the ground surveys detected no animals that weren’t also observed by the drone, and only one

transect where the ground surveys spotted more (Supplementary Table 16).
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Figure 11: Detection probability comparison between the two survey methods showing that the
drone was much more likely to detect an animal thank the ground team. 95% confidence
intervals are based on variation averaged across all surveys.
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We calculated detection probabilities for both survey techniques across the 12 species of

the 17 species with more than 10 detections (Figure 12) and plotted them against the log of

average body mass (Figure 13). We found that ground surveys were closer in relative detection

ability to drones for smaller bodied animals but that the drone’s detection advantage relative to

ground teams grew as body size increased. Anecdotally, this is exemplified by the fact that the

two of the three smallest bodied species (black backed jackal, bush duiker, and kori bustard

respectively) were only detected by the ground teams within our survey area.
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Figure 13: Comparison of detection probability between methods plotted against the log
transformed average body mass of each species with more than 10 detections. As species body
size increased, they became easier for the drone to detect, whereas detection probability for
ground teams stayed relatively level.

Discussion:

As drone platforms become cheaper and the technical threshold for operating them comes
down, they represent a safer aerial method than manned flight that potentially collects better
quality data more frequently. To effectively use this data, we addressed two key points that are
critical to the transition from manned aircraft to unmanned systems. The first point is that we
found drones to be more effective at detecting most of the species of wildlife than traditional
ground based distance sampling. The second is that we quantified detectability and found that
aerial photographs are not perfect at detecting any species.

Those conducting aerial surveys in the future would benefit from conducting a similar

paired ‘ground-truthing’ with a ground team for the first few weeks at the beginning of the long
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term data collection to develop a detectability comparison specific to their own study areas. This
would also allow them the option to take ground sampling points that quantify how vegetation
can limit sightlines and match it with drone imagery with the optional integration of supervised
imagery classification so that further surveys in similar habitats can have a better understanding
of ground team limitations. An even more robust consideration would be to see how rainy
season/dry season vegetation cover changes aerial detectability with ground-based comparison
which would strengthen understanding of patterns within the long term, high frequency datasets
that drone sampling enables. This may explain how species that move through bushier areas,
often in small numbers (in our case, kudu) may have more divergence between aerial and ground
detection probability compared to species that stand out in the open in large herds (zebra).

Drones proved themselves to consistently be more effective than ground based distance
sampling. All but one of the paired aerial/ground surveys we conducted favored the aerial
detection method, and that one ground survey success was an outlier within our dataset. Drones
benefit from a field of view that greatly reduces the lateral obstruction that even minor
topography and vegetation may cause. The view from the air also makes it easier to collect
accurate group size measurements (McCarthy et al., 2023) which can lead to consistent
undercounts for ground based surveys. However, ground surveys were the ones that detected the
more solitary, small bodied species, like black backed jackal and bush duiker. This may be
linked to both group size and preferred foraging habitats but the number of detections was low so
more study would be needed for a better understanding of which species might experience gaps
in the data.

Our data also showed that as body size increases the drone detection probability

increases. It is possible that, within our dataset, this was buttressed by the fact that our largest
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species were also herding species and therefore were often found in larger group sizes. Group
size and habitat conditions may be a factor for some species, especially in larger conservation
landscapes that host larger aggregations (Greene et al., 2017) or have more varied habitat than is
possible at N/a’an kusé. There may also be confounding factors if the aerial transects are either
not taken close enough together temporally or the animals are moving swiftly through the
environment. On one of our surveys a group of seven eland moved rapidly from north to south
across the entire study area during our survey which could have led to an overcount in
circumstances where this herd was not positively identified as already having been counted.

While drones appear to be the future of landscape surveys of wildlife population, there
are still technical challenges that need to be overcome. The most common drones, small
quadcopter variants, lack the range and payload to be able to collect this quality of data over
large areas. The platformsthat can perform these tasks are efficient, fixed wing designs, like the
Believer that we used. This increases the technical threshold for those looking to operate this
platform as it requires flight skills to take it off/land it, and the ability to use programs like
Mission Planner to program autonomous transect following and data collection. This is the
experimental edge of the field and a review of our data collection schedule (Supplementary
Table 15) will reveal that from we crashed the Believer five times. The reason we do not have
data collected before September 21% is that it took approximately a month to build out and tune
in the Believer after we arrived at the study site. Fortunately, the engineering students on the
course were led by an engineer with four field seasons worth of experience watching drones
crash in Namibia and repairing them.

As the drone platforms continue to mature, the Al systems that will synergize with them

continue to become more useful. Our dataset was annotated and tallied by hand which was a
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labor intensive process with the volume of high quality imagery we collected. Current work is
being done to move this process to an Al model that will reduce the processing time of high
quality wildlife imagery by orders of magnitude (Hua et al., 2022). It appears reasonable that in
the near future Al wildlife identification will be onboarded to the drone itself and that
identification and tallying will be done in real time instead of as a post process (Bondi et al.,
2020).

The development of this methodology will open new opportunities for wildlife managers
monitoring populations under their stewardship. Given the low cost of operation, using
Styrofoam drones charged on solar panels, it is plausible that landscape scale surveys could be
done at a monthly frequency instead of once every few years with the current constraints of
manned flight costs. This would allow for better data granularity, potentially enabling the
detection of more acute trends in populations caused by events like drought. With Al bringing
down the labor costs and potentially allowing for wildlife to be identified in real-time, this
dovetails with rising interest in bringing drones into the wildlife protection space (Petso &
Jamisola, 2023), where drones on mammal surveys could identify species of special protection
interest or potentially poachers moving through the landscape (Bondi et al., 2018).

Drones are effective tools for wildlife monitoring and could provide higher quality and
higher frequency data than that which is currently available. While there is a technical threshold,
those costs are coming down with current trends of mass adoption of drone technology. As
wildlife populations continue to come under pressure, this low cost solution may allow for

shorter conservation management decision making cycles informed by better available data.
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Supplementary Table 1: Total detections of all mammals >500g within the bat forest and park

Species
Blue Monkey
Sitatunga
Kinda Baboon
Blotched Genet
Vervet Monkey
Nile Crocodile
Bushpig
Bushbuck
African Civet
Forest Giant Pouched Rat
Marsh Mongoose
Hippopotamus
Nile Monitor
Puku
Thick-tailed Greater Galago
Common Slender Mongoose
Spotted Hyaena
Common Duiker
African Buffalo
Side-striped Jackal
African Savanna Hare
Sable Antelope
Common Warthog
Plains Zebra
African Elephant
White-tailed Mongoose
Cape Porcupine
Waterbuck
Serval
Banded Mongoose
Sharpe’s Grysbok
Honey Badger

Latin Name
Cercopithecus mitis

Tragelaphus spekii
Papio kindae

Genetta maculata
Chlorocebus pygerythrus
Crocodylus niloticus
Potamochoerus larvatus
Tragelaphus sylvaticus
Civettictis civetta
Cricetomys ansorgei
Atilax paludinosus
Hippopotamus amphibius
Varanus niloticus
Kobus vardonii
Otolemur crassicaudatus
Herpestes sanguineus
Crocuta crocuta
Sylvicapra grimmia
Syncerus caffer
Lupulella adusta

Lepus victoriae
Hippotragus niger
Phacochoerus africanus
Equus quagga
Loxodonta africana
Ichneumia albicauda
Hystrix africaeaustralis
Kobus ellipsiprymnus
Leptailurus serval
Mungos mungo
Raphicerus sharpei
Mellivora capensis

Animals
detected in
the bat forest

6471
5389
1062
937
775
403
296
228
151
100
87
42
40
25
20

[N
(o]

O O O OO OO0 OO0 O0OO0O oo o u

Animals
detected in the
rest of the park

2

134
837
20
36
0
108
392
13

29

3183

237
76
69
67
63
50
39
25
14
13

N BB OO O
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Supplementary Figure 1: Daily activity plot of genets and civets during non-peak migration
periods (before November 21, 2021 and after January 2, 2022). Crocodiles and nile monitors
were not included due to low numbers of detections during these windows.
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Supplementary Fi'gUre 2: AVerage detection rates by week pér camera for select herbivores in the
bat forest with the peak migration indicated in gray.
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Supplementary Figure 3: Density plot of meters patrolled per 25ha hex grid in 2021

Total
Individuals

Species Latin Name Detected

African Buffalo Syncerus caffer 76
African Civet Civettictis civetta 13
African Elephant Loxodonta africana 25
African Savanna Hare Lepus victoriae 67
Banded Mongoose Mungos mungo 4
Blotched Genet Genetta maculata 20
Blue Monkey Cercopithecus mitis 2
Bushbuck Tragelaphus sylvaticus 392
Bushpig Potamochoerus larvatus 108
Cape Porcupine Hystrix africaeaustralis 13
Common Duiker Sylvicapra grimmia 237
Common Warthog Phacochoerus africanus 50
Domestic Dog Canis familiaris 15
Hippopotamus Hippopotamus amphibius 29
Honey Badger Mellivora capensis 2
Kinda Baboon Papio kindae 837
Marsh Mongoose Atilax paludinosus 5

Plains Zebra Equus quagga 39



Puku Kobus vardonii 3183 (429)

Sable Antelope Hippotragus niger 63
Serval Leptailurus serval 6
Sharpe's Grysbok Raphicerus sharpei 4
Side-striped Jackal Lupulella adusta 69
Sitatunga Tragelaphus spekii 134
Spotted Hyaena Crocuta crocuta 1
Thick-tailed Greater Galago ~ Otolemur crassicaudatus 9
Vervet Monkey Chlorocebus pygerythrus 36
Waterbuck Kobus ellipsiprymnus 8
White-tailed Mongoose Ichneumia albicauda 14

Supplementary Table 2: Individuals detected by species with latin names. Note that the puku
number in parentheses is after removing the puku outlier cameras values.

Model Details df AlCc delta weight
species_richness_dw_pch 3 376.27  0.00 0.56
species_richness_pi_dw_pch 4 378.32 2.05 0.20
species_richness_spi_dw_pch 4 378.44 2.18 0.19
species_richness_pi_de_hab_dw_sn_pch 7 382.95 6.69 0.02
species_richness_spi_de _hab_dw_sn_pch 7 38295 6.69 0.02
species_richness_pi_de_hab_dw 5 385.73 9.47 0.00
species_richness_spi_de_hab_dw 5 386.18 9.92 0.00
species_richness_pi 2 386.80 10.53 0.00
species_richness_spi 2 387.56 11.29 0.00
species_richness_pi_de_hab_dw_sn 6 387.59 11.33 0.00
species_richness_spi_de _hab_dw_sn 6 387.59 11.33 0.00
species_richness_pi_de 3 388.72 12.46 0.00
species_richness_spi_de 3 389.54 13.28 0.00
species_richness_pi_de_hab 4 390.94 14.68 0.00
species_richness_spi_de_hab 4 390.94 14.68 0.00

Supplementary Table 3: AlCc selection for best fit model for species richness

Family: poisson (log)
Formula: species_richness ~ distance_to_water + poachers_detected
Data: combined_data

AIC  BIC logLik deviance df.resid
376.0 383.1 -185.0 3700 78



Conditional model:

Estimate  Std. Error zvalue Pr(>|z|)
(Intercept) 1.711e+00 9.590e-02 17.843 <2e-16 ***
distance_to_water -1.308e-04 1.531e-05 -8.548 <2e-16 ***
poachers_detected -5.124e-01 2.122e-01 -2.415 0.0157 *
Signif. codes: 0 “****0.001 “**> 0.01 ‘*> 0.05°.” 0.1 “’ 1
Family: poisson ( log)
Formula: species_richness ~ distance_to_water + poachers_detected

Supplementary Table 4: Best fit model for Species Richness showing negative influence of
distance to water and poachers detected on species richness.

species_richness_dw_pch
Estimate Std. Error zvalue Pr(>z|)

(Intercept) 1.48 0.06 26.05 1.32e-149
distance_to_water_z -0.20 0.06 -3.32  9.14e-04
poachers_detectedYes -0.51 0.21 -2.42  1.55e-02

species_richness_pi_dw_pch
Estimate Std. Error zvalue  Pr(>|z|)

(Intercept) 1.48 0.06 25.87  1.28e-147
patrol_intensity z 0.02 0.06 041 6.85e-01
distance_to_water _z -0.19 0.07 -2.80  5.16e-03
poachers_detectedYes -0.49 0.22 -2.28  2.29e-02

Supplementary Table 5: Beta coefficients for the two top models for species richness

Detection Rate:

Model Details df AlCc delta weight
detection_rate_pi 3 196.56 0.00 0.31
detection_rate_pi_dw 4 196.83 0.26 0.27
detection_rate_pi_de 4 19781 1.24 0.17
detection_rate_pi_de_dw 5 198.60 2.04 0.11
detection_rate_pi_de_hab 5 199.77 3.21 0.06
detection_rate_pi_de_hab_dw 6 200.66 4.10 0.04
detection_rate_pi_de_hab_dw_sn 7 203.00 6.43 0.01
detection_rate_pi_de_hab_dw_sn_pch 8 203.68 7.12 0.01
detection_rate_spi 3 205.14 8.57 0.00
detection_rate_spi_dw 4 205.80 9.23 0.00



96

207.04 10.48 0.00
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Supplementary Table 6: AICc model selection for Detection Rate

> summary(detection_rate_pi)

Family: gaussian (identity )

Formula: avg_detection_rate ~ patrol_intensity z
Data: combined_data

AIC  BIC logLik deviance df.resid
196.3 2034 -95.1 1903 78

Dispersion estimate for gaussian family (sigma”2): 0.613

Conditional model:

Estimate Std. Error z value Pr(>|z|)
(Intercept) 0.88529 0.08701 10.175 <2e-16***
patrol_intensity z 0.55320 0.08755  6.319  2.64e-10 ***

Signif. codes: 0 “****0.001 “*** 0.01 “** 0.05°.> 0.1 °’ 1
> summary(detection_rate_pi)

Supplementary Table 7: Best fit model showing positive influence of patrol intensity and
negative near significant trending of distance to water on Detection Rate.

detection_rate pi_de dw
Estimate Std. Error zvalue Pr(>|z|)

(Intercept) 0.89 0.09 10.33  5.15e-25
patrol_intensity z 0.53 0.11 4.75 1.99e-06
distance _to_park edge z -0.07 0.10 -0.71  4.79e-01
distance_to_water z -0.12 0.10 -1.22  2.22e-01

Supplementary Table 8: Beta coefficients for the model containing patrol intensity, distance to
park edge, and distance to water relative to detection rate.

Diel Detection Shifts:
Family: gaussian ( identity )
Formula: detection_rate ~ time_of day* patrol_intensity + (1 | placename)
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Data: diel_difference_data_long

AIC  BIC logLik deviance df.resid
922 941 -455 910 170

Random effects:

Conditional model:

Groups Name Variance Std.Dev.
placename (Intercept) 4.274 2.067
Residual 6.880 2.623

Number of obs: 176, groups: placename, 88

Dispersion estimate for gaussian family (sigma”2): 6.88

Conditional model:
Estimate  Std. Error z value Pr(>|z|)

(Intercept) -9.40e-01 4.8%-01 -1.92 0.05.
time_of _daynight 8.83e-01 5.43e-01 1.63 0.10
patrol_intensity 3.12e-04 4.62e-05 6.76  1.43e-11 ***

time_of _daynight:patrol_intensity -2.14e-04 5.13e-05 -4.16  3.15e-05 ***

Signif. codes: 0 “***’0.001 “** 0.01 “** 0.05°.>0.1 "1

Supplementary Table 9: This model shows that the interaction between patrol intensity and time
of day.

Puku (patrol intensity)

Family: gaussian ( identity )

Formula: group_size ~ patrol_intensity + (1 | placename)
Data: filtered_group_size_data_puku

AIC  BIC logLik deviance df.resid
6164.8 6185.8 -3078.4 6156.8 1389

Random effects:

Conditional model:

Groups Name Variance Std.Dev.
placename (Intercept) 0.2855 0.5343
Residual 4.7806 2.1864

Number of obs: 1393, groups: placename, 48

Dispersion estimate for gaussian family (sigma”2): 4.78
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Conditional model:

Estimate  Std. Error zvalue Pr(>|z|)
(Intercept) 1.58e+00 2.46e-01  6.41 1.48e-10 ***
patrol_intensity 2.13e-05 1.47e-05 1.45 0.15

Signif. codes: 0 “***>0.001 “*** 0.01 **> 0.05°.> 0.1 “’ 1

Supplementary Table 10: Model details showing no significant relationship between patrol
intensity and group size of baboons.

Puku (poachers detected)

Family: gaussian (identity )

Formula: group_size ~ poachers_detected + (1 | placename)
Data: filtered_group_size data_puku

AIC  BIC logLik deviance df.resid
6166.9 6187.8 -3079.4 6158.9 1389

Random effects:

Conditional model:

Groups Name Variance Std.Dev.
placename (Intercept) 0.309 0.5559
Residual 4,784 2.1871

Number of obs: 1393, groups: placename, 48

Dispersion estimate for gaussian family (sigma”2): 4.78

Conditional model:

Estimate Std. Error  z value Pr(>|z|)
(Intercept) 1.86 0.16 11.99 <2e-16 ***
poachers_detected -0.09 0.66 -0.13 0.89

Signif. codes: 0 “**** (0.001 *** 0.01 **> 0.05°.>0.1 * 1

Supplementary Table 11: Model details showing no significant relationship between poachers
detected and group size of baboons

Model Details df AlCc delta weight
group_size_model_Kinda_Baboon pd_dw 5 1707.38 O 0.38
group_size_model_Kinda_Baboon_pd 4 1707.94 0.56 0.29
group_size_model_Kinda_Baboon_pi_dw_pd 5 1708.76  1.38 0.19
group_size_model_Kinda_Baboon_pi_pd 5 1709.93  2.56 0.11



group_size_model Kinda_Baboon_pi 4 1713.19 5.81
group_size_model Kinda_Baboon_pi_dw 5 171442 7.04

0.02
0.01
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Supplementary Table 12: AICc model selection for kinda baboon group size shifts showing that
the models including poachers detected + distance to water and just poachers detected are very

close in predictive power.

Kinda Baboon (poachers detected + distance to water)

> summary(group_size_model_Kinda_Baboon_pd_dw)

Family: gaussian (identity )

Formula: group_size ~ poachers_detected + distance_to_water + (1 |
placename)

Data: filtered_group_size data_Kinda_Baboon

AIC  BIC logLik deviance df.resid
1707.2 1727.3 -848.6 1697.2 402

Random effects:

Conditional model:

Groups Name Variance Std.Dev.
placename (Intercept) 1.518 1.232
Residual 3.285 1.812

Number of obs: 407, groups: placename, 42

Dispersion estimate for gaussian family (sigma”2): 3.29

Conditional model:
Estimate  Std. Error z value Pr(>|z|)

(Intercept) 1.6982167 0.3746312 4.533  5.81e-06 ***
poachers_detected 3.4126076 1.2510065 2.728  0.00637 **
distance_to_water 0.0003117 0.0001966 1.585  0.11291

Signif. codes: 0 “***’0.001 “** 0.01 “** 0.05°.>0.1 "1

Supplementary Table 13: Model details showing positive relationship of poachers detected and

distance to water on group size of baboons.



Species
Black
backed
jackal
Kori
bustard
Bush
Duiker
Chacma
baboon

Springbok

Common
Impala
Common
warthog

Ostrich
Red
Hartebeest
Gemsbok
Greater
kudu
Sable
antelope
Donkey
Plain's
zebra
Horse

Eland

Giraffe

Latin Name

Canis
mesomelas

Ardeotis kori

Sylvicapra
grimmia

Papio ursinus

Antidorcas
marsupialis
Aepyceros
melampus
Phacochoerus
africanus
Struthio
camelus
Alcelaphus
buselaphus
Oryx gazella
Tragelaphus
strepsiceros
Hippotragus
niger

Equus asinus
Equus
burchellii
Equus caballus
Taurotragus
oryx

Giraffa

Appendix C
Avg
mass Drone Both Ground

(kg)
7.5 0 0 1
13 1 0 0
18.5 0 0 2
21.5 26 13 15
40 140 87 40
50 44 28 14
100 14 3 1
110 5 6 2
150 2 4 0
210 76 63 11
218 61 3 0
230 42 9 0
250 1 3 0
280 49 35 10
500 18 7 5
700 52 24 16
7 7 2

camelopardalis 1500

Drone
Detection

0.00

1.00

0.00

0.72

0.85

0.84

0.94

0.85

1.00
0.93

1.00

1.00
1.00

0.89
0.83

0.83

0.88

100

Ground
Detection

Detected Detected Detected Probability Probability

1.00

0.00

1.00

0.52

0.48

0.49

0.22

0.62

0.67
0.49

0.05

0.18
0.75

0.48
0.40

0.43

0.56

Supplementary Table 14: Detection counts by species and method with detection probabilities

Date Drone Ground Reason

21-Sep No Yes Flight profile too low
22-Sep No Yes Drone crash

23-Sep No Yes Flight profile too low
24-Sep No Yes Drone crash

26-Sep No Yes Drone crash
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27-Sep Yes Yes

28-Sep No Yes Bad flight conditions
29-Sep Yes Yes

30-Sep No Yes Drone crash

4-Oct No Yes Bad flight conditions
5-Oct Yes Yes

6-Oct No Yes Drone crash

7-Oct No Yes Missed flight window
8-Oct Yes Yes

10-Oct Yes Yes

11-Oct Yes Yes

12-Oct Yes Yes

13-Oct Yes Yes

14-Oct Yes Yes

15-Oct Yes Yes

Supplementary Table 15: Aerial/ground transect match table including reasons for unsuccessful
data collection pairings.

Drone Both Ground Drone Ground
Only Methods Only Detection  Detection
Transect Detected Detected Detected Probability Probability
9/27/2022North 19 8 18 0.60 0.58
9/29/2022 North 21 44 17 0.79 0.74
10/5/2022 North 12 16 12 0.70 0.70
10/5/2022 North 2 32 14 0.71 0.96
10/8/2022 North 23 30 12 0.82 0.65
10/8/2022 South 50 2 0 1.00 0.04
10/10/2022 North 46 34 10 0.89 0.49
10/10/2022 South 55 3 0 1.00 0.05
10/11/2022 North 26 5 0 1.00 0.16
10/11/2022 South 6 5 4 0.73 0.60
10/12/2022 North 83 19 3 0.97 0.21
10/12/2022 South 13 0 0 1.00 0.00
10/13/2022 North 54 33 10 0.90 0.44
10/13/2022 South 12 9 0 1.00 0.43
10/14/2022 North 40 8 14 0.77 0.35
10/14/2022 South 31 29 3 0.95 0.51
10/15/2022 North 38 15 0 1.00 0.28
10/15/2022 South 7 0 2 0.78 0.22

Supplementary Table 16: Raw wildlife detection numbers and detection probabilities by transect



