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Abstract. Populations of African savannah elephants (Loxodonta africana) have been
declining due to poaching, human–elephant conflict, and habitat loss. Understanding the
causes of these declines could aid in stabilizing elephant populations. We used data from the
Great Elephant Census, a 19-country aerial survey of savannah elephants conducted in 2014
and 2015, to examine effects of a suite of variables on elephant mortality. Independent vari-
ables included spatially explicit measures of natural processes and human presence as well as
country-level socioeconomic measures. Our dependent variable was the carcass ratio, the ratio
of dead elephants to live plus dead elephants, which is an index of recent elephant mortality.
Carcass ratios are inversely proportional to population growth rates of elephants over the 4 yr
prior to a survey. At the scale of survey strata (n = 275, median area = 1,222 km2), we found
strong negative associations for carcass ratios with vegetation greenness at the time of the sur-
vey, overseas development aid to the country, and distance to the nearest international border.
At the scale of ecosystems (n = 42, median area = 12,085 km2), carcass ratios increased with
drought frequency and decreased with human density and overseas development aid to the
country. Both stratum- and ecosystem-scale models explained well under one-half of the vari-
ance in carcass ratios. The differences in results between scales suggest that the drivers of mor-
tality may be scale-specific and that the corresponding solutions may vary by scale as well.

Key words: aerial survey; African elephant; carcass ratio; drought; fire; Great Elephant Census;
Loxodonta africana; mortality; savannah elephant.

INTRODUCTION

Across Africa, populations of savannah (Loxodonta
africana) and forest (L. cyclotis) elephants have been
declining due to poaching for ivory and, to a lesser
degree, human–elephant conflict and habitat loss (Mai-
sels et al. 2013, UNEP et al. 2013, Wittemyer et al. 2014,
Chase et al. 2016). A 2014–2015 survey across Africa
revealed that numbers of savannah elephants had
decreased by 30% in just 7 yr, an estimated loss of
144,000 animals (Chase et al. 2016). While African ele-
phant populations have declined overall in recent years,
the status of individual populations varies substantially.
In Uganda and much of southern Africa, for instance,
elephant populations have been stable or growing, and
poaching is limited (Chase et al. 2016). Even in Tanza-
nia, one of the countries worst affected by poaching,
some elephant populations have been growing. No obvi-
ous cause exists for this variation in elephant population

status and poaching intensity. Thus, a deeper under-
standing of the drivers of elephant mortality may aid in
mitigating mortality and stabilizing declining popula-
tions.
Past research on elephants has taken two distinct

approaches to understanding potential causes of poach-
ing. First, some studies have used the locations of poa-
ched elephant carcasses to estimate spatiotemporal
correlates of poaching. In Uganda, poached carcasses
were positively associated with livestock density and
waterholes but negatively associated with elephant den-
sity (Rashidi et al. 2016). In Zimbabwe, carcasses were
most common in woodland and near waterholes
(Sibanda et al. 2016), and in Kenya, poached carcasses
were positively associated with road density and water
sources (Maingi et al. 2012). These analyses, however,
may conflate the presence of carcasses with the habitat
preferences of live elephants, as the distribution of car-
casses must be related to the habitat preferences of the
living elephants that were killed.
A second approach to understanding poaching’s dri-

vers comes from the Convention on the Trade in Endan-
gered Species’ (CITES) Monitoring the Illegal Killing of
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Elephants (MIKE) program. MIKE uses carcass-en-
counter data from ranger patrols to annually estimate
the proportion of illegally killed elephants (PIKE) at
sites in Africa and southern Asia (Burn et al. 2011).
Analysis of MIKE data has shown that illegal killing
increased with poverty, government corruption/ineffec-
tiveness, and human infant mortality and decreased with
agricultural footprint and local law enforcement capac-
ity (Burn et al. 2011, CITES 2012, Hauenstein et al.
2019). MIKE results are useful, but the program has
limitations including limited coverage of elephant range,
unsystematic data collection, small sample sizes, and
uncertain attribution of causes of death (poaching vs.
natural). At a recent CITES Conference of the Parties,
attendees agreed that gathering additional information
on elephant population status and trends to supplement
the MIKE program would be beneficial (CITES 2016).
Given the decline of elephant populations across

Africa, new approaches may be useful in complementing
what the MIKE program and localized studies have
found. Here, we take advantage of a systematically col-
lected, continent-wide data set on savannah elephants
from the Great Elephant Census (GEC) and use a new
approach to learn about natural and anthropogenic fac-
tors related to elephant mortality. The GEC was a series
of aerial surveys conducted on over 900,000 km2 of the
savannah elephant’s range in 19 countries in 2014–2015
(Chase et al. 2016). Observers tallied both live elephants
and elephant carcasses, which remain visible for several
years after an elephant’s death. All else being equal, the
number of carcasses relative to the number of live ele-
phants should be an index of elephant mortality (Dou-
glas-Hamilton and Burrill 1991). The carcass ratio is
defined as carcasses/(carcasses + elephants), where the
quantities can either be population estimates or raw
counts, depending on the survey method and level of
aggregation. This formulation ensures that the carcass
ratio is between 0 and 1 for any number of carcasses or
elephants, as long as (carcasses + elephants) >0. Carcass
ratios have a strong, negative relationship with popula-
tion growth rates over the 4-yr period leading up to a
survey (Douglas-Hamilton and Burrill 1991). For sam-
ple counts, carcass ratios > 0.08 typically indicate a
declining population (Douglas-Hamilton and Burrill
1991). Thus, carcass ratios may be a useful measure for
understanding factors influencing elephant mortality.
Elephant carcasses can result from both illegal killing

and natural mortality. Unfortunately, aerial observers
cannot always determine the cause of death for a carcass.
This is both a strength and a weakness of the carcass-ra-
tio approach to understanding elephant mortality. Ana-
lyzing carcass ratios presents an opportunity to learn
about natural factors that drive elephant mortality,
something that is not possible with the MIKE approach.
For instance, elephant mortality can increase during
droughts, due to starvation (Foley et al. 2008, Wato
et al. 2016). At the same time, any analysis of carcass
ratios comes with the caveat that conclusions refer to

elephant mortality in general, not solely to poaching.
With a sufficient sample size, however, the types of vari-
ables that predict carcass ratios should give an indication
of what type of mortality is being predicted. For
instance, if anthropogenic factors are strong predictors
of carcass ratios, this is unlikely to indicate natural
mortality.
The issue of scale is rarely discussed in studies of ele-

phant mortality and poaching but deserves more atten-
tion. Savannah elephants’ home ranges are among the
largest of any terrestrial mammal, typically around
2,000–4,000 km2 (Chase 2007, de Beer and van Aarde
2008). In many populations, annual movements of hun-
dreds of kilometers are common (Loarie et al. 2009a).
Thus, choosing an appropriate scale for studying ele-
phant mortality is complicated by the seasonal move-
ments of elephants and by the fact that potential
predictors of mortality are measured on a variety of
scales, from socioeconomic variables available by coun-
try to high-resolution spatial imagery for measuring
landcover. Consequently, we analyzed factors associated
with carcass ratios at two different scales: strata, which
were the smallest units of analysis in the GEC (median
area = 1,222 km2), and ecosystems (median
area = 12,085 km2), which were contiguous areas gener-
ally considered to encompass an entire elephant popula-
tion (see Methods). We did this because sample sizes
(elephants + carcasses observed) for some strata were
relatively small, so aggregating at the ecosystem level
could reduce sampling error. Sampling error should be
inversely proportional to the number of carcasses and
elephants observed (Chaudhuri et al. 2008).
In this paper, we used data on carcasses and live ele-

phants from the GEC to comprehensively examine
recent elephant mortality across the savannah elephant’s
range and answer two important questions. (1) What
natural and anthropogenic factors are associated with
carcass ratios across the savannah elephant’s range? (2)
How does spatial scale influence these associations?

METHODS

Study area

Live elephant and carcass data used here were col-
lected during the GEC in 2014–2015 (Chase et al. 2016).
The GEC was designed to produce accurate population
estimates for savannah elephants over the great majority
of their range, with a focus on the largest populations in
each of 19 countries. GEC study areas totaled ~ 900,000
km2 and included an estimated 93% of savannah ele-
phant populations in the surveyed countries (Chase
et al. 2016). For our study, we excluded GEC data from
Ethiopia and South Africa that were reported in Chase
et al. because elephant carcass data were not available
for these countries. Our study included GEC data from
South Sudan that were collected after publication of
Chase et al. (2016; Appendix S1: Fig. S1). Aerial surveys
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in South Sudan used the same methods as other coun-
tries. Thus, our study included data from a total of 17
countries.
GEC study areas were organized hierarchically, and

we followed the same design in our analysis. The largest
units were “ecosystems,” contiguous areas with median
area of 12,085 km2 (n = 42, range = 113–102,737 km2).
Most ecosystems were divided into “strata,” with 1–48
strata per ecosystem (x = 8.1 strata) and median stratum
area of 1,222 km2 (n = 340, range = 73–17,700 km2).
Smaller ecosystems typically only had one stratum. Stra-
tum borders were set by the survey teams responsible for
an ecosystem’s surveys and usually followed geographic,
ecological, or political boundaries (Appendix S1:
Fig. S1). Some strata were designated arbitrarily for con-
venience of flying surveys.

Survey methods

Each stratum was surveyed with one of four different
types of aerial survey (Norton-Griffiths 1978, Chase et al.
2016). Sample counts utilized systematic, parallel transects
with survey strips 150–200 m wide, covering 5–20% of a
stratum. Population estimates from sample counts were
extrapolated from the surveyed area to the entire stratum
with a ratio estimator, and the resulting estimate has an
associated variance, which we calculated via Jolly’s (1969)
method 2. Block counts are a variant of sample counts in
which sampled units were “blocks” of 5–25 km2 rather
than transects, and all elephants were counted in each
block. The ratio estimator was then used to estimate pop-
ulation sizes and their variances. This method was used in
rough terrain where sample transects would be problem-
atic. Total counts used closely spaced transects, typically
1 km apart, and an undefined survey strip, with the goal
of counting all elephants and carcasses in a stratum. Recce
counts were non-systematic surveys, used in areas with
small or uncertain elephant populations where systematic
surveys would be inefficient. Recces produce a minimum
population estimate for a stratum. On all surveys, for
herds of ≥10 animals, observers used photographs to more
accurately estimate numbers of elephants.

Explanatory variables

We identified 35 natural and anthropogenic factors
that could potentially impact elephant mortality or
detectability of elephants and carcasses. The first predic-
tor was the survey type used in each stratum. Nineteen
predictors were measured at the country level and
applied to all strata and ecosystems in a given country
(Appendix S1: Table S1). Fifteen predictors were based
on remote-sensing data or spatially explicit models and
were calculated separately for each stratum or ecosystem
(Appendix S1: Table S2). Except as noted in
Appendix S1, spatially explicit predictors were calcu-
lated as the mean of the raster values for the given stra-
tum or ecosystem.

Carcass ratios have a strong, negative relationship
with elephant population growth rates over the 4 yr
leading up to a survey (Douglas-Hamilton and Burrill
1991). Thus, we used a 4-yr window as our time period
for measuring time-varying covariates, which we calcu-
lated by taking the mean value over that period. For
other variables, we used the date of the available covari-
ate data that was closest to the survey date. Where
appropriate, we transformed covariates by taking the
natural log, square root, square, or cube to reduce
potential effects of influential points for predictors with
skewed distributions (Appendix S1: Tables S1, S2). For
anthropogenic spatial covariates, we buffered stratum or
ecosystem boundaries by 20 km because human impacts
are known to extend well into adjacent protected areas
(Campbell and Hofer 1995, Woodroffe and Ginsberg
1998). Supporting information includes the data collec-
tion dates and buffering status for each variable
(Appendix S1: Table S2).
Many of the 19 country-level variables, especially

indicators of government effectiveness and corruption,
were highly correlated. Thus, we used principal com-
ponents analysis (PCA) with varimax rotation to cre-
ate a set of uncorrelated country-level predictors. In
practice, the W-Arly-Pendjari area on the borders of
Niger, Burkina Faso, and Benin is a single ecosystem
where elephants move freely between the three coun-
tries. Prior to running the PCA, for each country-
level variable, we combined the values for these three
countries into a single measure by taking the mean,
weighted by the proportion of the ecosystem’s area
in each country. We refer to the combined data from
this area as “West Africa.” After transforming indi-
vidual variables to improve linearity of relationships
between variables, PCA resulted in the retention of
five factors that explained a total of 89% of the vari-
ation in the country-level variables (Table 1). Based
on the loadings, we interpret the five factors as indi-
cating (1) government effectiveness (hereafter GOV-
ERNANCE), (2) wealth and education (WEALTH/
EDUCATION), (3) availability of improved water vs.
human population growth rates (WATER/GROWTH),
(4) biodiversity protection vs. infant mortality (BIO-
DIV/INFANT), and (5) overseas development aid
(ODA).
We grouped 20 of the 21 predictors (5 PC axes plus

15 spatially varying variables; count type was excluded)
into eight distinct sets, each representing a hypothesis
about the underlying influences on elephant mortality
and carcass ratios (Table 2). Grouping covariates by
hypothesis improved our ability to make inferences
about variation in carcass ratios. Because observed car-
cass ratios are typically lower on total counts than on
sample counts (Douglas-Hamilton and Burrill 1991),
we included the count type as a predictor in all stra-
tum-level models. Ecosystem models included a mea-
sure of the proportion of sample counts in each
ecosystem.
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Hypothesis 1: Detectability.—Because our counts were
not replicated, we could not explicitly model detectabil-
ity of carcasses and elephants. Detectability of live ele-
phants, however, is known to decrease with tree cover
and vegetation density (Schlossberg et al. 2016). Effects
of these variables on carcass detectability are not known,
but if effects of vegetation differ between elephants and
carcasses, then expected carcass ratios may vary with
tree cover or vegetation density. Thus, we included tree
cover and the mean Enhanced Vegetation Index (EVI), a
measure of vegetation greenness (Huete et al. 2002), dur-
ing the month of the survey as covariates under this
hypothesis.

Hypothesis 2: Land use.—In theory, formal protection
should limit elephant poaching or prevent human incur-
sions into elephant habitats (Stoner et al. 2007), so we
included the proportion of each stratum or ecosystem
that was legally protected as a covariate under this
hypothesis. The presence of crops or livestock near ele-
phant habitats can lead to human-elephant conflict
(HEC) and, by extension, HEC-related elephant mortal-
ity (Hoare 1999, Lee and Graham 2006, Rashidi et al.
2016). To model effects of crops and livestock on carcass
ratios, we used, respectively, the proportion of crop
cover and the density of tropical livestock units, the
mass-weighted sum of cow, sheep, goat, and pig numbers
(Jahnke 1982).

Hypothesis 3: Physical access.—Water could either ham-
per poachers’ access to elephant habitats by preventing
foot or vehicular travel, or it could facilitate access via
boat travel. Limited water may also result in elephants
concentrating in small areas. Thus, we included the pro-
portion of a stratum or ecosystem that was surface water
as a covariate. Road access or proximity to a city might
also increase opportunities for poaching (Laurance et al.
2006, Rashidi et al. 2016), so we included road density
and travel time to the nearest town of >50,000 residents
as covariates.

Hypothesis 4: Distance to international border.—Foreign
poaching gangs have been implicated in recent elephant
massacres, and cross-border poaching can occur where
law enforcement is not coordinated between neighbor-
ing countries (Poulsen et al. 2017). More generally, con-
ditions in neighboring countries can affect a country’s
elephant populations (Frank and Maurseth 2006).
Thus, we calculated distance to an international border
as the mean distance to the nearest terrestrial border
from cells in a 1-km grid overlaid on the stratum or
ecosystem.

Hypothesis 5: Natural processes.—Prolonged reductions
in precipitation or forage can increase elephant mortal-
ity (Foley et al. 2008, Wato et al. 2016). Consequently,
we included the mean EVI over the previous 4 yr, which

TABLE 1. Results of principal components analysis on country-level covariates.

Variable Governance Wealth/Education Water/Growth Biodiv/Infant ODA

Voice and accountability 0.93 0.02 0.15 0.21 0.15
Rule of law 0.93 0.17 0.15 0.22 0.04
Regulatory quality 0.93 0.08 0.10 0.07 �0.03
Fragile States Index �0.90 �0.10 �0.24 0.02 0.19
Control of corruption 0.88 0.18 0.27 0.11 0.09
Corruption Perceptions index 0.86 0.19 0.35 0.13 0.07
Government effectiveness 0.85 0.24 0.29 0.27 �0.06
Political stability and absence of violence 0.73 0.30 0.04 0.32 �0.31
Life expectancy at birth 0.62 0.26 0.21 0.30 0.41
Food aid per capita �0.48 �0.29 �0.46 �0.36 0.42
Mean years of schooling 0.00 0.91 0.24 0.17 0.07
EPI 0.30 0.84 0.25 0.29 �0.09
Per capita GDP with purchasing price parity 0.48 0.66 0.09 �0.37 �0.34
Human population growth rate �0.22 �0.3 �0.79 �0.26 0.14
Rural population growth rate �0.34 �0.14 �0.76 0.14 0.39
Population with improved water (%) 0.39 0.26 0.56 0.21 0.31
EPI biodiversity index 0.38 0.20 0.17 0.87 0.02
Infant mortality �0.37 �0.48 �0.11 �0.57 �0.47
Overseas development aid 0.02 �0.07 �0.20 0.02 0.91
Eigenvalue 7.72 2.85 2.37 1.98 1.96
Variance explained (%) 41 15 12 10 10
Cumulative variance explained (%) 41 56 68 79 89

Notes: Loadings (column names in all capitals) with absolute value ≥ 0.5 are in boldface type. Loadings with absolute value of
0.4–0.5 are in italic typeface. See Methods: Explanatory variables for description of loadings. ODA, overseas development aid; EPI,
environmental protection index.
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likely indicates food availability for elephants (Loarie
et al. 2009b), and the number of drought months in the
previous 4 yr as covariates. Another covariate in this cat-
egory was the proportion of the study area that had
burned in the previous 4 yr. Fire is common in African
savannahs and could potentially affect carcass ratios via
carcass decay rates or direct mortality of elephants. A
fire in South Africa killed 18% of one elephant popula-
tion (Woolley et al. 2008). Fire can also have large effects
on savannah vegetation and could potentially affect food
availability for elephants.

Hypothesis 6: Human populations.—The presence of
human populations in or adjacent to animal habitats
can increase opportunities for poaching (Woodroffe
2000, Sitati et al. 2003), and high human densities can
limit elephant populations (Hoare 1999, Maisels et al.
2013). Thus, we examined the relationship between
human density and carcass ratios. We also included
WATER/GROWTH, the country-level contrast between
availability of clean water and population growth rates,
in this category because fast-growing human popula-
tions could increase habitat loss and opportunities for
HEC (Tchamba 1996, Struhsaker et al. 2005).

Hypothesis 7: Economic conditions.—The MIKE pro-
gram has reported that elephant poaching increased with
poverty, as measured by infant mortality (Burn et al.
2011). Economic research, however, has shown that
infant mortality is only weakly correlated with poverty
in developing countries (Jain 1985, Szwarcwald et al.
2002). Thus, instead of using infant mortality as a proxy
for poverty effects in our study, we used an alternative
poverty measure, the Night Lights Poverty Index
(NLPI). The NLPI is the human population of an area
divided by the mean nighttime light intensity of the area.
Nighttime lighting can be sensed remotely and is an indi-
cator of technology and development (Elvidge et al.
1997). For a given level of lighting in an area, greater
human density indicates less affluence per capita
(Elvidge et al. 2009). NLPI has a strong, positive corre-
lation with survey-based measures of poverty rates
(Elvidge et al. 2009). Because night-light intensities
within our study areas were generally low and human
densities were downscaled from census data, we
attempted to reduce sampling error by calculating NLPI
for the level-2 administrative district(s) in which each
stratum or ecosystem fell. Level 2 districts are equivalent
to counties in the United States or UK and had a med-
ian area of 6,945 km2 for our study areas. Night lights
are measured on a scale of 0–63. Because some districts
had measured light intensity of 0, we added 1 to all night
light luminosity values to ensure that the NLPI could be
calculated. We also included two country-level measures
of economic conditions in this category. The WEALTH/
EDUCATION axis was correlated with per capita GDP
and the ODA axis measured overseas aid, which gener-
ally correlates with a country’s economic need (Alesina
and Weder 2002).

Hypothesis 8: Government effectiveness.—Previous anal-
yses of MIKE data found that weak governance was a
leading predictor of elephant poaching (Burn et al.
2011). In our data set, the GOVERNANCE axis was
strongly correlated with several measures of government
effectiveness, control of corruption, and state stability
(Table 1). We also included the BIODIV/INFANT axis
in this hypothesis because it was most closely correlated
with the biodiversity protection score from the

TABLE 2. Predictors used to model carcass ratios.

Hypothesis and variable Scale

Detectability
Tree cover stratum/

ecosystem
EVI during month of survey stratum/

ecosystem
Count type (or sample count index) stratum/

ecosystem
Land use
Crop cover stratum/

ecosystem
Livestock density stratum/

ecosystem
Area protected stratum/

ecosystem
Human access
Water cover stratum/

ecosystem
Road density stratum/

ecosystem
Travel time to nearest city stratum/

ecosystem
Distance to border
Mean distance to international border stratum/

ecosystem
Natural processes
Proportion burned stratum/

ecosystem
Months of drought stratum/

ecosystem
Mean EVI stratum/

ecosystem
Human populations
Human density stratum/

ecosystem
PC3: water/population growth country

Economic conditions
Night lights poverty index stratum/

ecosystem
PC2: wealth and education country
PC5: overseas aid country

Government effectiveness
PC1: government effectiveness country
PC4: biodiversity protection/infant

mortality
country

Note: See Appendix S1: Tables S1, S2 for detailed descriptions.
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Environmental Protection Index, which should be a
function of government commitment to conservation
(Table 1).

Stratum-level models

We used hierarchical Bayesian models to estimate the
relationship between covariates and carcass ratios at the
stratum scale. Some strata had too few carcass or ele-
phant observations for reliable estimation of carcass
ratios. Thus, we arbitrarily restricted the data set to the
275 (of 340) strata with at least 10 total carcass + ele-
phant observations. We treated the number of carcasses,
c, in stratum i, as a binomial draw from the total number
of carcasses plus live elephants, e, so that

ci �Binomial ei þ ci; rið Þ

where r is the carcass ratio to be estimated by the model.
We related covariates to carcass ratios with a logit link,
and our models had two random effects. First, we
included a random effect of ecosystem to account for
lack of independence between strata in the same ecosys-
tem. Second, to account for overdispersion in carcass
ratios relative to the binomial distribution, we included
a stratum-level random effect, as suggested by Anderson
(1988). See Appendix S1: Eq. S1 for a full expression of
the joint posterior for the stratum-scale model.
We ran the stratum models in two stages. First, for

each of the eight hypotheses, we attempted to identify
the combination of variables that best explained carcass
ratios. Then, we ran a final model that included all of
the supported variables from the individual hypotheses.
In the first stage, for each hypothesis, we ran models for
all possible linear combinations of the covariates
included in that hypothesis. We also ran a constant-only
model that included the intercept and both random
effects, and we ran a “null” model that included an inter-
cept and the stratum-level random effect only, for rea-
sons that we will discuss later. Because count type had
an important effect on observed carcass ratios in
exploratory analyses, we included count type as a covari-
ate in all models, including the constant-only and null
models. For the count-type variable, we combined total,
recce, and block counts in a single group because sample
sizes for the latter two types were small, and all three
techniques use similar methods (Norton-Griffiths 1978).
Thus, the count type variable was a contrast of sample
counts against the other methods.
We compared models within each hypothesis using

Bayes Factors. A Bayes Factor is the ratio of the mar-
ginal likelihoods of two models multiplied by the ratio
of the prior probabilities that each model is the best. We
considered all models equally probable a priori, so the
Bayes Factor simplified to the ratio of the marginal like-
lihoods and gives the relative support for one model vs.
another (Jeffreys 1961). We computed Bayes Factors for
all pairs of models for a given hypothesis. We calculated

the posterior model probability, the probability, p,
that model j has the strongest support of the K total
models as

p ¼ BFj;null
PK

i¼1 BFi;null

where BFj,null is the Bayes factor for model j vs. the null
model (Hooten and Hobbs 2015). Variables that were in
the model with the largest posterior model probability
for each hypothesis were included in a final model. If the
constant-only model was the top model for a given
hypothesis, no variable under that hypothesis was
included in the final model. We made inferences about
variables based on 95% credible intervals of parameter
estimates in the final model. Models with credible inter-
vals not overlapping 0 were considered to have strong
support.
We fit models using Markov Chain Monte Carlo

(MCMC) sampling in program Stan (Carpenter et al.
2017). For each of three independent chains, we drew
40,000 iterations using MCMC sampling. We discarded
the first 1,000 iterations from each chain as warm-up
iterations. All covariates were standardized to mean = 0
and SD = 1 prior to fitting models. Prior distributions
were N(0, 1) for covariate parameters, N(0, 32) for inter-
cepts, and half-Cauchy(0, 32) for the standard deviations
of the random effects. We used trace plots of parameter
estimates and Gelman-Rubin statistics to assess conver-
gence (Gelman et al. 2013). We used the brms (B€urkner
2017) and bridgesampling (Gronau et al. 2017) packages
in program R (R Core Team 2017) to calculate Bayes
Factors. We calculated Moran’s I to test for spatial auto-
correlation in the mean residuals of the final model. To
validate model fit, we calculated the pivotal discrepancy
measure (PDM) per Yuan and Johnson (2012). Per the
suggestion of Conn et al. (2018), we chose a randomly
selected iteration from the posterior of the final model
and then calculated the PDM for 1,000 simulated values
of the carcass count based on that model’s posterior. We
used a v2 goodness-of-fit test to determine if the result-
ing 1,000 P values had a uniform distribution with 10
bins. As a final measure of the model’s explanatory
power, we calculated the pseudo-R2 of the final model,
defined as the proportion of variance in the dependent
variable explained by the fixed effects (Nakagawa and
Schielzeth 2013). Pseudo-R2 values are analogous to R2

values for linear models and range from 0 to 1.

Ecosystem-level models

To measure the relationship between covariates and
carcass ratios for the 42 ecosystems in our sample, we
first aggregated carcass and elephant data across strata
within ecosystems. For the 14 ecosystems where all strata
utilized total or recce counts, we simply summed the
counts of elephants and carcasses. These count types do
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not have an associated variance, and the observed totals
are the population estimates. For the remaining 28
ecosystems, at least one stratum used sample or block
counts. Thus, the raw counts could not be summed
because the ecosystem estimate is the sum of stratum-
wise population estimates, not raw observations. We
obtained population estimates for carcasses and ele-
phants for each stratum from GEC survey reports or
raw data, and we summed the estimates by ecosystem.
Ecosystem-level variance for elephants or carcasses was
the sum of the variances of the stratum estimates.
As we have discussed, including count type in our

models was important because carcass ratios can differ
between total and sample counts. Some ecosystems,
however, included a mix of count types. Thus, we could
not simply categorize ecosystems by count type as we
did for strata. Instead, for each ecosystem, we calculated
a population-weighted sample count index (SCI) as the
proportion of estimated elephants and carcass numbers
counted via sample count in that ecosystem. There were
too few recce (n = 3 strata) and block (n = 10 strata)
surveys in our data set to calculate separate indices for
these count types. So, for purposes of calculating SCI,
we grouped recce, block, and total counts.
At the ecosystem level, we modeled carcass ratios with

Bayesian models using Stan and brms. Exploratory anal-
yses using binomial models showed substantial overdis-
persion, so we used beta-binomial models to account for
extra-binomial variation (Harrison 2015). Beta-binomial
models are extensions of binomial models in which the
mean carcass ratio for each ecosystem is still a linear-lo-
gistic function of predictors, but the observed carcass
ratio is drawn from a beta distribution with positive
overdispersion parameter u. Accordingly

ci �Binomial ei þ ci; rið Þ

logit lið Þ ¼ Xib

ri �Beta ai; bið Þ

ai ¼ li
u

bi ¼ 1� li
u

:

Here, i indexes ecosystem, c and e are estimated number
of carcasses and elephants, r is the estimated carcass
ratio and has a beta distribution with mean = l and vari-
ance = (l[1� l]φ)/(φ + 1), Xi is a row vector of observed
covariates including a 1 for the intercept, b is a column
vector of coefficients, and a and b are shape and scale
parameters for the beta distribution (Harrison 2015). In
practice, r need not be estimated because the likelihood
can be simplified to remove it without affecting esti-
mates of b or u. As a result, the likelihood is a function
of only a, b, c, and e. See Appendix S1: Eq. S2 for a full

expression of the joint posterior for the ecosystem
model.
For ecosystems that included sample counts, c and e

were estimates with an associated error. To account for
this error, we used multiple imputation (Little 1992).
Accordingly, we generated 1,000 replicate data sets in
which values of ci and ei for ecosystems with sample
counts were drawn randomly from normal distributions
with mean equal to the estimate and variance equal to
the variance of the estimate. On the lower end, we trun-
cated each distribution at the number of elephants or
carcasses observed because the actual population cannot
be lower than the observed total. For ecosystems where
all strata were surveyed with total counts, ci and ei were
identical for all replicate data sets. To make comparisons
between different models possible, we used the same set
of 1,000 replicate data sets for each set of variables. We
ran independent models for each replicate data set and
made inferences from the concatenated posteriors of the
1,000 replicates. The resulting estimates should effec-
tively account for error in the carcass and elephant pop-
ulation estimates (Plummer 2015).
At the ecosystem level, we used a two-stage process to

identify supported variables, similar to the strategy used
at the stratum level. The first step was to run all possible
models within each of the eight hypotheses. We then
used Bayes Factors to estimate the best model for each
hypothesis. We computed separate Bayes factors for each
of the 1,000 replicates and then took the geometric mean
of the factors to generate a final Bayes factor for each
pair of models (Berger and Pericchi 1996). For the final
stage, we simply used Bayes Factors to compare the top
model from each of the eight hypotheses, again taking
the geometric mean. We included the SCI in all models
for consistency with the stratum models and because
exploratory analyses showed support for this variable.
Before analysis, all independent variables were standard-
ized to mean = 0 and SD = 1 to facilitate comparisons
of effects across variables and geographic scales. We con-
sidered any variable in the final set for which 95% credi-
ble intervals did not include 0 to be strongly supported
and any other variable in the final set to be weakly sup-
ported.
We fit each model by drawing samples from two inde-

pendent MCMC chains with random initial values. We
used weakly informative priors with a N(0,32) distribu-
tion for the intercept, N(0,1) distributions for standard-
ized covariates, and a Gamma(0.01,0.01) prior for u, the
overdispersion parameter. After a burn-in of 500 itera-
tions, we took 2,500 iterations from each chain as the
posterior. We used trace plots of parameter estimates
and Gelman-Rubin statistics to assess convergence (Gel-
man et al. 2013).
For the top ecosystem-level model from each hypothe-

sis, we summarized model fit with (1) Moran’s I to test
for spatial autocorrelation in residuals and (2) pseudo-
R2 values to estimate model explanatory power. We did
not run the PDM test at the ecosystem scale.
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Simulations showed that when the data-generating
model and the Bayesian model have identical structure,
with a sample size of 42 observations, the test tends to
produce a significant result, falsely indicating poor
model fit. For sample sizes of 275, equivalent to the stra-
tum level model, the PDM test behaved as expected.

RESULTS

Stratum analysis

The 275 strata with ≥10 live + dead elephants had
10 � 27 carcasses (mean � SD; range 0–226) and
217 � 381 elephants (range 0–3,316) observed. The
mean carcass ratio was 0.18 � 0.26 (range 0–1), and
ratios had a bimodal distribution (Figs. 1, 2). Strata
counts consisted of 197 sample counts, 65 total counts, 3
recce counts, and 10 block counts.
In the first stage of analyses, the model with count

type as the only covariate was the top model for the
physical access, government effectiveness, human popu-
lation, land use, and natural processes hypotheses
(Appendix S1: Table S3). Thus, we found no support for
any of the variables included in those hypotheses at the
stratum scale. Variables supported in the first stage were
EVI (month of survey) for detectability, NLPI and ODA
for economic conditions, and distance to border from
the eponymous hypothesis (Appendix S1: Table S3).
In the final model, we found strong support for nega-

tive effects of EVI in the month of survey, ODA, and
distance to border on carcass ratios (Table 3, Fig. 3).
The parameters for NLPI and count type were also neg-
ative but had 95% credible intervals that included 0,
indicating weak support for these variables. We found
no significant spatial autocorrelation in the residuals of
the top model (Moran’s I = 0.005 � 0.010, P = 0.36),
and the PDM test indicated that the model fit the data
well (v29 ¼ 3.18, P = 0.96). The pseudo-R2 for the final
model was 0.32.

Ecosystem analysis

For the 42 ecosystems, carcass ratios had a right-
skewed distribution with a mean of 0.15 � 0.20 (range
0–0.89; Fig. 2). Mean population estimates by ecosys-
tem were 1,072 � 2,256 carcasses (range 0–10,201) and
7,972 � 21,220 elephants (range 35–29,499). The sample
count index (SCI) had a u-shaped distribution, with
most values near 0 or 1.
In the first stage of analyses, the SCI-only model was

the top model for the physical access, government effec-
tiveness, international distance, and land use model sets,
indicating no support for variables under those hypothe-
ses (Appendix S1: Table S4). In the remaining four
hypotheses, we found strong support for negative effects
of human density, ODA, and EVI during the month of
the survey on carcass ratios (Table 4, Fig. 4). We also
found strong support for an increase in carcass ratios

with the number of drought months. We found weak
support for NLPI on carcass ratios, as this variable’s
coefficient had credible intervals that overlapped 0. SCI
had a positive effect on carcass ratios under all of the
top models, but the effect only had 95% credible limits
excluding 0 for two models. When we compared the top
models with Bayes Factors, the economic conditions
model that included NLPI and ODA had the strongest
support, with a 47% posterior model probability. All
other models in the final set had probabilities ≤ 21%
(Table 4).
Model R2 values ranged from 0.07 for the SCI-only

model to 0.18 for economic conditions (Table 4). We
found no significant spatial autocorrelation in the resid-
uals for any replicate of the economic conditions,
detectability, natural processes, or human populations
models.

DISCUSSION

Comparing results from the stratum and ecosystem
scales, we found that variables supported in the top
models tended to have consistent effects at both scales
(Table 5). ODA and EVI during the month of the survey
each had strongly supported negative relationships with
carcass ratios at both scales. Likewise, we found weak
support for negative relationships between carcass ratios
and NLPI as well as use of total counts at both scales.
An important caveat of our findings is that our models

explained relatively little variation at both the stratum
(32% explained) and ecosystem (x = 13% explained)
scales. Thus, all of the conclusions discussed in this sec-
tion come with the limitation that the explanatory power
of the supported variables is not large. Though we did
extensive literature searches to identify factors that
could be related to carcass ratios, perhaps we failed to
include some important variables in the models. Another
unaccounted source of variation in carcass ratios is vari-
ation in rates of decomposition affecting detectability of
carcasses. Little is known about factors influencing the
longevity of elephant carcasses. Alternatively, carcass
ratios may simply be too variable or error prone to be
useful measures of elephant population status, as we will
discuss.

Variables associated with carcass ratios

Here, we discuss the strongly supported results in
some detail, followed by a brief discussion of weakly
supported covariates. The ODA principal component
axis was the best-supported variable in our analyses and
had a strong, negative relationship with carcass ratios at
both the stratum and ecosystem scales. In the PCA for
country-level variables, the ODA axis was essentially a
measure of overseas development aid, with a loading of
0.91 for that variable (Table 1). No other variable had a
loading greater than 0.47 for ODA. Overseas aid gener-
ally correlates with a country’s economic need, but other
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factors such as colonial history, democratization, and
political calculations of donors also influence how much
aid a country receives (Alesina and Dollar 2000). Aid
received was weakly correlated with GDP per capita in
our data set (S. Schlossberg, unpublished data), so ODA
should not be thought of as a measure of economic con-
ditions per se. Some overseas aid goes to conservation
activities (Asuka-Zhang 2000, O’Connor 2008); how-
ever, the proportion used for such purposes in our study
countries is unknown. Because our data set had just 15
countries (counting the three West Africa countries as
one for analysis), the relationship between ODA and

carcass ratios may have been influenced by a few cases.
South Sudan, for instance, had the highest received aid
in our data set and one of the lowest carcass ratios.
Angola had a high carcass ratio but received the least
aid per capita in our sample.
A negative relationship between carcass ratios and

EVI at the time of survey also had strong support at
both scales (Table 5). EVI is a measure of vegetation
greenness, so we believe that the effect of this variable
on carcass ratios is due to detectability. In a recent
study, detectability of live elephants on aerial surveys
decreased with vegetation density (Schlossberg et al.

FIG. 1. Study areas and carcass ratios by stratum on the Great Elephant Census, 2014–2015. Only strata with ≥10 carcass + ele-
phant observations shown. For ecosystem names, see Appendix S1: Fig. S1.
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2016). Because carcasses generally occur individually
and do not cast a large shadow or move, vegetation
likely has an even greater effect on carcass detectabil-
ity than on detectability of live elephants. Such an
effect would cause carcass ratios to decrease with
EVI. EVI generally increases during the wet season,
so this result suggests that dry-season surveys may be

better than wet-season surveys for accurately estimat-
ing carcass ratios.
At the stratum scale, we found strong support for

increasing carcass ratios as one approaches an interna-
tional border. This pattern could result from poachers’
crossing international borders to access elephant popu-
lations and elude ranger patrols, which generally cannot
cross borders. In Botswana and Zambia, for instance,
carcass ratios were noticeably higher along the Namibia
and Angola borders than in the countries’ interiors
(Fig. 1). Heightened carcass ratios near borders illus-
trate the importance of considering elephant conserva-
tion as an international issue because poaching in one
country may “spill over” into neighboring countries.
Over 76% of Africa’s elephants live in transboundary
populations (Lindsay et al. 2017), so cross-border coop-
eration in fighting poaching could prove useful in many
places. Beyond fighting poaching, cross-border coopera-
tion in community efforts such as awareness campaigns
and mitigating human-elephant conflict could also bene-
fit elephant populations. In our ecosystem models, we
found no support for effects of distance to international
borders. This is likely because aggregating over strata
made detecting this effect impossible. This finding also
shows the importance of looking at multiple scales to
understanding drivers of elephant mortality.
At the ecosystem scale, carcass ratios increased with

the number of drought months in the 4 yr prior to a sur-
vey. Studies have shown that drought increases elephant
mortality (Foley et al. 2008, Wato et al. 2016), so this
result could be related to drought-induced elephant mor-
tality rather than poaching. On the other hand, only 7 of
42 ecosystems in our sample experienced drought in the
4 yr prior to the GEC, and these ecosystems were pri-
marily in areas such as Cameroon, Tanzania, and south-
ern Kenya that have also experienced high levels of
poaching in recent years. Thus, we cannot rule out the
possibility that the relationship between drought and
carcass ratios is coincidental. If drought does influence
elephant mortality, then drought needs to be considered
together with other threats like poaching that could
compound harm to elephant populations.
At the ecosystem scale, we found strong support for

a negative effect of human density on carcass ratios,
with carcass ratios greatest in areas with few

FIG. 2. Histograms of estimated carcass ratios by stratum
and ecosystem on the Great Elephant Census, 2014–2015. N
indicates the number of strata. Only strata with ≥10 observa-
tions are shown.

TABLE 3. Results from the final model predicting carcass
ratios at the stratum scale.

95% CI

Variable Estimate Lower Upper

Count type �0.71 �1.44 0.02
EVI during month of survey �0.43 �0.75 �0.12
NLPI �0.28 �0.72 0.17
ODA �0.51 �1.04 �0.03
Distance to border �0.41 �0.70 �0.12

Notes: Variables in boldface type had 95% credible intervals
(CIs) not including 0. EVI, enhanced vegetation index; NLPI,
night lights poverty index; ODA, overseas development aid.

FIG. 3. Marginal effects of strongly supported variables in stratum-scale models of carcass ratios on the Great Elephant Census,
2014–2015. EVI, enhanced vegetation index; ODA, overseas development aid.

Article e02131; page 10 S. SCHLOSSBERG ETAL.
Ecological Applications

Vol. 30, No. 6



inhabitants. Likewise, Burn et al. (2011) found that,
for a given ecosystem area, PIKE values were lower
in areas with more human inhabitants. This finding
runs somewhat contrary to the expectation that the
presence of humans near elephant habitats may
increase opportunities for poaching. Still, several
examples show that poaching may be worst far from
human population centers. During the GEC, we
observed severe poaching in some large protected
areas such as Niassa National Reserve in

Mozambique and Tsavo East National Park in Kenya,
with few human inhabitants. In northern Botswana,
elephant poaching hotspots tended to have fewer
inhabitants than surrounding areas not experiencing
poaching (Schlossberg et al. 2019). Poaching in these
and other areas may be perpetrated by organized,
international gangs rather than local inhabitants (War-
chol 2004, Challender and MacMillan 2014, Lopes
2015). Thus, isolation from human populations may
not be protective for elephants.

TABLE 4. Results from the final models for each hypothesis predicting carcass ratios at the ecosystem scale.

95% CI

Hypothesis and variable Posterior model probability Pseudo R2 Estimate Lower Upper

Economic conditions 0.47 0.18
ODA �0.44 �0.91 �0.02
NLPI �0.37 �0.77 0.03
SCI 0.27 �0.11 0.67

Natural processes 0.21 0.14
Drought length 0.41 0.07 0.74
SCI 0.56 0.19 0.96

Human density 0.15 0.12
Human density �0.44 �0.83 �0.05
SCI 0.31 �0.07 0.71

Detectability 0.12 0.12
EVI during survey month �0.41 �0.80 �0.04
SCI 0.44 0.08 0.81

Others (SCI only) 0.05 0.07
SCI 0.47 0.11 0.85

Notes: Variables in boldface type had 95% credible intervals (CIs) not including 0. SCI, sample count index.

FIG. 4. Marginal effects of strongly supported variables in ecosystem-scale models of carcass ratios on the Great Elephant Cen-
sus, 2014–2015.
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Finally, at the ecosystem scale, some models indicated
strong support for higher carcass ratios on sample
counts than on total, block, or recce surveys. Support
for sample-count effects was weak at the stratum scale
and in some ecosystem models, though mean parameter
estimates were positive in all models. Past research has
shown that detectability of elephants decreases with strip
width (Caughley 1974). We suspect that the narrower
survey strips of sample counts lead to greater detectabil-
ity than total counts, which lack a fixed survey strip so
that observers may be scanning to the horizon for ele-
phants and carcasses. Though detectability of carcasses
has not been formally studied, we expect that carcass
detectability will decrease rapidly with strip width
because carcasses are likely harder than elephants to
detect, as we have discussed. In many parts of Africa,
surveyors have traditionally used total counts, but
sample counts may be better for accurate estimation of
carcass ratios.

NLPI had weak support by virtue of appearing in the
final models at both the stratum and ecosystem scales.
The negative coefficient at both scales indicates that car-
cass ratios decreased weakly as poverty increased. Sub-
national estimates of poverty levels are not available for
many rural areas in Africa (Noor et al. 2008), and, to
our knowledge, the NLPI has not been used to date in
an ecological study. Because the NLPI is a relatively new
measure of poverty, this could be an important area for
future research, and we encourage other researchers to
measure poverty with a night-lights index.
We note that our study looked solely at linear effects

of the covariates. The possibility remains that other vari-
able formulations, such as quadratic effects, interactions
between variables, and spatially varying regression coef-
ficients could reveal different relationships between
covariates and carcass ratios. Examining all of these pos-
sibilities is beyond the scope of this paper but could
prove fruitful in the future.

Reconciling stratum and ecosystem models

In our models, stratum- and ecosystem-level results
were similar for most variables, though some variables
had effects at only one scale (Table 5). Cross-scale differ-
ences are likely a consequence of aggregating carcass
and predictor data from stratum to ecosystem scales.
The ecosystem data are not simply the sum of the stra-
tum data. Rather, ecosystem carcass ratios were calcu-
lated by summing population estimates from the strata.
Consequently, the carcass ratio for an ecosystem can be
thought of as a weighted mean of the stratum carcass
ratios, with weight roughly equal to the summed popula-
tion estimates of elephants and carcasses for each stra-
tum. In the stratum analysis, all strata had equal weight
regardless of the numbers of elephants and carcasses,
though the binomial model implicitly gives greater
weight to strata with larger sample sizes. Many ecosys-
tems, however, had a wide range of stratum population
estimates, so that some strata had little effective weight
in the ecosystem analysis. Because of this reweighting,
the ecosystem data set differs substantially from the stra-
tum data set, and this may have produced some distinct
results by scale. Additionally, as already discussed, some
drivers of elephant mortality are likely only apparent at
one scale. Distance to an international border, for
instance, was only supported at the stratum scale.
Drought was only supported at the ecosystem scale, per-
haps because a relatively large sample of elephants and
carcasses was necessary to detect this effect. One caveat
of these results is that because we examined 21 variables,
we might expect spurious support for ~1 variable by
chance for 95% credible intervals.

Reliability of carcass ratios

The pioneering study of carcass ratios showed that they
have a strong, negative relationship with population

TABLE 5. Comparison of results by variable between stratum
and ecosystem models predicting carcass ratios on the Great
Elephant Census.

Hypothesis and variable Stratum† Ecosystem†

Detectability
Tree cover
EVI during month of survey negative negative
Count type (or sample count

index)
negative negative‡

Land use
Crop cover
Livestock density
Area protected

Human access
Water cover
Road density
Travel time to nearest city

Distance to border
Distance to international border negative

Natural processes
Proportion burned
Months of drought positive
Mean EVI

Human populations
Human density negative
PC3: water/population growth

Economic conditions
Night lights poverty index negative negative
PC2: wealth and education
PC5: overseas development aid negative negative

Government effectiveness
PC1: government effectiveness
PC4: biodiv. protection/infant

mortality

Note: Empty cells indicate no supported effect of the variable.
†Label indicates direction of effect. Boldface type indicates

strong support; plain text indicates weak support.
‡Strongly supported in some models.
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growth rates of elephants, with r2 = 0.93 (Douglas-
Hamilton and Burrill 1991). When Chase et al. (2016)
aggregated the GEC study areas by country, however, the
correlation between carcass ratios and population growth
rates was far weaker (r2 = 0.29). This suggests that some
of the carcass ratio data from the GEC may be inaccu-
rate, and such inaccuracy could have affected our model
results. Error in carcass ratios could be caused by survey
methods, observer training or skill, effects of vegetation,
or other site-specific factors that were not measured in
this study. Decomposition rates of carcasses may vary
regionally or even at local scales, though little is known
about factors affecting these rates (Douglas-Hamilton
and Hillman 1981). Ideally, we would have excluded unre-
liable estimates of carcass numbers from our data set, but
no independent data set exists against which to compare
carcass ratios for accuracy.
To date, the MIKE program has been the primary

means for understanding correlates of elephant poach-
ing and estimating numbers of elephants poached across
Africa (Burn et al. 2011, Wittemyer et al. 2014). Data
from Wittemyer et al. (2014), however, indicated that
PIKE was not an especially good predictor of elephant
population growth rates, and the resulting estimates of
elephant mortality had wide confidence intervals. If nei-
ther PIKE nor carcass ratios can precisely and accu-
rately predict elephant population trends by ecosystem,
then perhaps a better way to understand factors affect-
ing elephant mortality would be to directly model how
elephant population change is affected by covariates via
state-space models or the like. Regardless, more research
is needed to determine the detectability of carcasses on
aerial surveys and to validate the use of carcass ratios
along with other measures such as PIKE in assessing the
status of elephant populations.

Comparisons with previous studies

The ecosystem scale in our study was roughly equiva-
lent to the scale of study sites used in the MIKE program.
Burn et al. (2011), CITES (2012), and Hauenstein et al.
(2019) used MIKE data to examine correlates of illegal
killing in elephants. These studies found that good gover-
nance and human development were negatively related to
PIKE ratios, but we found no strong relationships
between these variables and carcass ratios in our study.
One likely explanation for the difference in results is that
our study focused solely on African savannah elephants.
The Burn et al. (2011) and CITES (2012) studies included
results from all three elephant species: savannah ele-
phants, African forest elephants in Central Africa, and
Asian elephants (Elephas maximus). The 2019 study
included the two African species. Consequently, these
studies included 29–36 countries, while we had data from
just 17, most of which were in eastern and southern
Africa. The greater range and number of countries used
in the MIKE studies may have given them greater power
to detect country-level effects. For instance, many

indicators of government effectiveness are lower in Cen-
tral Africa than in Eastern and Southern Africa, where
most of our study sites were located (S. Schlossberg, un-
published data). Additionally, the drivers of elephant mor-
tality may differ between the three elephant species based
on habitats, climate, human populations, and govern-
ment. Considering drivers of mortality and poaching sep-
arately for these three species could prove useful in the
future. If mortality in each species is related to distinct
factors, this may suggest that different solutions are
needed to conserve the three elephant species.
A number of smaller-scale studies have used the loca-

tions of poached elephant carcasses to model factors
associated with poaching (Maingi et al. 2012, Rashidi
et al. 2016, Sibanda et al. 2016). These studies have found
that poaching is associated with waterholes, livestock
density, and road density among other factors. Compar-
ing such studies with our results is difficult because these
studies are using covariate data on much finer scales than
were available to us. For instance, remotely sensed data
on surface water is not available for many locations and
times of year due to cloud cover (Pekel et al. 2016). For-
tunately, new technologies are making environmental
data available at greater spatial resolutions. Thus, testing
effects of fine-scale environmental variables on elephant
mortality across Africa may be possible in the future.

CONCLUSIONS

In conclusion, we found that spatial and country-level
data on environmental conditions, human populations,
and country characteristics were only weakly related to
carcass ratios for African elephants. At the stratum
scale, elephant mortality was greatest near international
borders. At the ecosystem scale, carcass ratios were
lower near denser human populations and increased
with drought severity. Overseas development aid had a
negative relationship with carcass ratios at both scales.
Our results show the importance of considering multiple
scales when assessing relationships between elephant
carcass ratios and predictors over large areas. Addition-
ally, our findings show that much of the variation in
savannah elephant carcass ratios remains unexplained,
suggesting that more research on this subject may aid in
this species’ conservation.
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