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Abstract
Aim: Species-specific conservation strategies are frequently formulated based on
species distribution maps, which are challenging to produce, especially at large spatial
scales. Our aim was to use a novel empirical approach to predict the national distri-
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Methods: We collected data on carnivore presence and absence through questionseason false-positive occupancy models, which account for imperfect detections and
false positives. To predict potential distributions and inform conservation strategies,
we used the occupancy outputs to make predictions for unsampled areas and create
occupancy-based distribution maps where ψ > 0.50, to (1) quantify differences with
IUCN Red List range maps, (2) quantify overlap with wildlife areas and (3) identify
areas of high carnivore richness.
Results: Large carnivore occupancy was associated with land conversion, habitat and
prey availability. Our results suggest that all six species are widely distributed across
Kenya and reveal substantial differences to distribution maps compiled by the IUCN
Red List. More specifically, our occupancy-based distribution maps predict much
larger distribution for African wild dog (5.09X), lion (4.77X) and leopard (1.46X), similar distribution for cheetah, and smaller distribution for spotted hyaena (0.84X) and
striped hyaena (0.65X). For all large carnivores, the vast majority (~80%) of their predicted distribution falls outside wildlife areas and northern Kenya is predicted to have
the highest large carnivore richness.
Main conclusions: Our results are encouraging as large carnivores may be widely distributed across Kenya, in some cases potentially more so than previously acknowledged. However, much of this range lies outside wildlife areas and represent areas
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of concern both for conservation and human livelihoods illustrating the challenges of
conserving large carnivores across their range.
KEYWORDS
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I NTRO D U C TI O N

collection through public participation (Hochachka et al., 2012), devices such as camera traps and tags, or collaboratively pooling data

Knowledge of where species occur is a foundational element of

(e.g. van der Weyde et al., 2022). However, especially in the case of

conservation (IUCN, 2017; Margules & Pressey, 2000; Whittaker

rare and elusive species, such data are more likely to be collected

et al., 2005). For example, information on species distribution and

in areas where detection is expected to be high, such as protected

richness can galvanize conservation resources and action, thus

areas (Jones, 2011; Martin et al., 2012). Thus, there is a risk that

helping to ensure that key areas of current range are secured.

non-protected areas are wrongly underrepresented in species distri-

Furthermore, threats can be assessed by carrying out gap analyses to

bution maps, which could have severe conservation consequences.

quantify the extent of species range within protected areas (Maiorano

One cost-effective method that minimizes this representation bias

et al., 2006). As the goal of large-scale species conservation programs

is to additionally conduct questionnaire surveys to collect data on

is frequently to conserve species across their range, many conserva-

species presence and absence in areas where detections might be

tion policies and species action plans begin with distribution maps.

low (Madsen & Broekhuis, 2020; Petracca et al., 2018). Data from

However, for many species, their distribution is either not known or

questionnaires may contain false negatives (when a species is pres-

there are large gaps in our spatial knowledge. This knowledge gap,

ent but inferred as absent) and false positives (when a species is ab-

known as the Wallacean shortfall, is one of the biggest conservation

sent but inferred as present; Miller et al., 2011), both of which can,

challenges as it can hinder conservation action and prioritization

to some degree, be accounted for in the modelling process. Indeed,

(Lomolino, 2004). This is especially the case for elusive species or

when these measurement errors are corrected for, questionnaire-

those that reside at low-densities, yet it is these species that are often

based data can produce reliable estimates of space use, especially

of conservation concern (Andresen et al., 2014; Karanth et al., 2011).

for rare species (Madsen et al., 2020).

Estimating species distribution at large spatial scales (e.g. range-

Kenya's governmental wildlife authority, the Kenya Wildlife

wide or national level) is severely hindered by logistics and re-

Service (KWS), has species-specific action plans for lion (Panthera

sources. As resources are frequently lacking, yet distribution maps

leo), cheetah (Acinonyx jubatus), African wild dog (Lycaon pictus)

are needed, quick and low-cost approaches are generally favoured.

and spotted hyaena (Crocuta crocuta), all of which use IUCN Red

For example, a commonly used approach by conservation bodies,

List distribution maps (hereafter referred to as IUCN distribution

such as the International Union for Conservation of Nature (IUCN),

maps) as a starting point for their national conservation strategies

is to draw minimum convex polygons around known occurrences

(Kenya Wildlife Service, 2009, 2020). However, numerous sightings

or experts' implicit knowledge of habitat preferences (Red List

and conflict reports from areas outside these distributions suggest

Technical Working Group, 2018). While informative, these products

that some of the large carnivore ranges are likely underrepresented,

are sensitive to human error and subjectivity, and may lack transpar-

potentially hindering the development of appropriate conservation

ency. Furthermore, they are typically based purely on the presence

strategies. To remedy this, KWS identified the creation of distribu-

(rather than absence) data, can be biased by the experts' areas of

tion maps, based on empirical data, as a conservation priority (Kenya

knowledge, and do not confront the problem of imperfect detection.

Wildlife Service, 2009, 2020). Our goal was therefore to determine

Therefore, they are difficult to independently evaluate, and offer lit-

the national distribution of all six large carnivore species found in

tle opportunity to reliably assess potential future changes (Graham

Kenya (lion, leopard (P. pardus), cheetah, African wild dog, spotted

& Hijmans, 2006; Johnson & Gillingham, 2004). One way of attempt-

hyaena and striped hyaena (Hyaena hyaena)), using geo-referenced

ing to overcome some of these challenges is to use empirical data to

sightings data, augmented with occurrence data collected through

explicitly model species detection in relation to environmental vari-

questionnaire surveys, and analysing these data using false-positive

ables such as climate, topography, vegetation structure and anthro-

occupancy models (Miller et al., 2011). We used the species-specific

pogenic factors, while accounting for imperfect detection (Guisan &

distribution maps to identify potential knowledge and conservation

Thuiller, 2005; Mackenzie & Royle, 2005).

gaps by (1) quantifying the amount of overlap between species-

Although methodological advancements provide the op-

specific occupancy-based distribution maps and the IUCN distri-

portunity for more reliable distribution modelling (Mackenzie &

bution maps, (2) quantifying the extent to which the six carnivore

Royle, 2005), there still persists the fundamental problem of ob-

distribution maps overlap with wildlife areas and (3) combining the

taining reliable and unbiased species occurrence data over large

six species-specific distribution maps to produce a large carnivore

spatial extents. Strategies to overcome this challenge include data

species richness map. In so doing, we lay the foundation for future
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conservation, management and monitoring efforts and demonstrate

603 equally spaced grid cells (1000km2) over the entire country.

a workflow for creating species distribution maps based on multiple

Data on large carnivore detections were collected through sightings-

empirical data sources.

and questionnaire-based surveys conducted between August 2018
and December 2020.

2
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M E TH O D S

2.2.1 | Sightings-based survey

2.1 | Study area

Between August 2018 and March 2020, we conducted nine sightings-
Kenya is approximately 580,367km

2

and straddles the equator.

based surveys in areas comprising national parks, national reserves,

Average annual rainfall ranges from 250 to 2500 mm with two dis-

conservancies, private land and community lands within a total area

tinct rainy seasons; March to May and October to December (Paron

of ~43,000km2 (Table 1, Figure 1 and Appendix S1). We collected

et al., 2013). The altitude varies from sea level at the Indian Ocean

data on large carnivore occurrences using unstructured spatial sam-

to 5199 metres at the peak of Mount Kenya. Kenya consists of a

pling which involved vehicle-based data collection teams that sys-

diverse range of ecological regions including arid and sparsely veg-

tematically and repeatedly searched for large carnivores and, once

etated areas in the north, coastal forest in the east, savannah eco-

sighted, recorded data on carnivore species, GPS location and date

systems in the south, and the biodiversity-rich mountain forest areas

(Broekhuis & Gopalaswamy, 2016). The duration of the sightings-

of Mount Kenya, the Mau, Mount Elgon and the Aberdares (Olson &

based surveys ranged from 14 to 105 days (mean = 77 days), depend-

Dinerstein, 1998; Paron et al., 2013). Much of Kenya is of high pri-

ing on the size of the survey area, allowing for data to be collected on

ority for global biodiversity conservation goals (Jenkins et al., 2013),

multiple occasions in the majority of the grid cells.

but is undergoing rapid human population growth, agricultural expansion, and urbanization. According to the 2019 national census,
Kenya's human population is ~47.5 million (www.knbs.or.ke) with an

2.2.2 | Questionnaire-based surveys

annual growth rate of 2.3% (www.worldbank.org). Rangelands used
for livestock account for 68% of the land area, with cultivated land

In-p erson interviews - Between October 2018 and March 2020,

(14%) mostly concentrated in central Kenya and around Lake Victoria.

interviews were conducted by trained enumerators. Enumerators

Approximately 15% (90,694km2) of Kenya is set aside for wildlife,

were 20 years or older, resident in the area of interest, proficient in

which comprises government-run national parks, national reserves,

the local language, knowledgeable of large carnivores, able to read

forest reserves and private conservancies (Tyrrell et al., 2020).

and interpret maps and proficient in using smartphones needed for
data collection. Preference was given to those who had a degree
and experience in conducting research-oriented interviews. Each

2.2 | Data collection

enumerator attended a one-day standardized training session to
ensure they adhered to the data collection protocols. During this

Due to the vast spatial extent, the study was designed to ensure an

session, the interview was also translated to the local language(s)

ecologically meaningful resolution, while capturing spatial variation

of the area. Prior to data collection, the relevant local authorities

and allowing for repeats in data collection. As such, we generated

were informed about the survey and we used a targeted sampling

TA B L E 1 Summary of the nine
sightings-based surveys that were
conducted between August 2018 and
March 2020

Surveys

Survey length
(days)

Survey
area (km2)

Distance
driven

No. of grid
cells sampled

Amboseli

93

4337

2403

8

Maasai Mara

92

2541

9648

6

Shompole and Olkiramatian

89

358

2701

1

Nairobi National Park

33

117

1377

1

Tsavo conservation Area

105

23,901

39,226

33

Laikipia and Meru Ranches

90

3366

21,854

14

Sections of Samburu, Isiolo and
Laikipia counties

90

2859

11,632

8

Meru Conservation Area

90

3810

12,922

9

Sibiloi National Park and
surrounds

14

1570

1613

19

Total

696

42,859

103,376

99
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F I G U R E 1 A map of the 265 grid cells
that were sampled between August 2018
and March 2020 using questionnaire-
based surveys (yellow), sightings-based
surveys (blue) or both (orange)

TA B L E 2 Summary of the covariates that were included for each species-specific analysis based on previous research
Species

Occupancy covariates

References

Lion

Prey + Land conversion + Proportion non-tree +
Annual precipitation

Elliot et al. (2014), Madsen et al. (2020)

Leopard

Prey + Land conversion + Ruggedness

Madsen and Broekhuis (2020); Van Cleave et al. (2018)

Cheetah

Prey + Land conversion + Proportion Tree cover

Klaassen and Broekhuis (2018); Kuloba et al. (2015);
Madsen and Broekhuis (2020)

African wild dog

Prey + Land conversion + Proportion Tree cover

Madsen and Broekhuis (2020); O'Neill et al. (2020)

Spotted hyaena

Prey + Land conversion + Annual precipitation

Madsen and Broekhuis (2020)

Striped hyaena

Prey + Land conversion + Annual precipitation

Shamoon and Shapira (2019), Singh et al. (2014)

approach where respondents with local knowledge that was rel-

2.2.3 | Online survey

evant to the study (e.g. herders, headmen, wildlife researchers,
wardens and safari guides) were selected (Newing, 2010). Once

Between July and December 2020, we shifted the in-p erson inter-

a respondent was identified, the interview commenced if verbal

views to an online platform due to the COVID-19 pandemic. We

consent was given and respondents were informed that they could

created an online map-b ased survey through Maptionnaire (www.

withdraw from the interview at any time. Using detailed maps

maptio nnaire.com). The format was similar to the in-p erson inter-

that were overlaid with the sampling grid, the enumerators first

views, except that it was only provided in English. We provided an

described the grid cell of interest and its boundaries to the re-

online map which contained the same sampling grid and spatial

spondent, using geographic features (e.g. rivers and hills), human

features, in addition to a detailed description of how to complete

development (e.g. roads and towns) and administrative areas (e.g.

the survey. To start the survey, the respondent placed a location

counties and sub-counties). If the respondent confirmed they had

marker in the grid cell for which they were providing information

knowledge of the grid cell, the enumerator then asked the re-

and they were then led through the same series of questions as

spondent to identify one of the target species from a photograph.

those used for the in-p erson interviews. The respondents were

Regardless of whether the species was correctly identified, the re-

asked to provide information for one grid cell per session. We dis-

spondent was asked whether they thought that species had been

tributed the online survey through email, WhatsApp, blog posts,

present in that grid cell at any point since January 2018. If the

social media platforms and newsletters to key informants who

respondent said yes, they were asked how they knew (e.g. they

were asked to complete the survey and share it within their pro-

sighted the target species, saw tracks, captured them on camera

fessional networks.

traps, had collar data, heard reports from other people etc.). If the
respondent identified the species correctly but answered that it
had not been present, a photograph of the next target species was

2.3 | Data processing

presented and the process was repeated until data were obtained
on all the large carnivore species. In addition, each respondent an-

To help ensure that data collected through the questionnaire-

swered the same questions for the tiger (P. tigris) which does not

based surveys were reliable, we (1) discarded species-specific an-

naturally occur in Kenya.

swers where the target species was incorrectly identified from the

|
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photograph, (2) discarded all data provided by respondents who

influence estimates of occupancy (Karanth et al., 2011), we tested

reported tigers as present and (3) only used data points for which

whether this was confounding our results by also modelling the de-

the target species were reported to be detected based on actual

tection probability using the occupancy covariates. We ranked the

sightings (dead or alive), indirect methods (e.g. data from collars and

candidate models based on the AIC values using the AICcmodavg

camera traps) and vocalizations (for lion and spotted hyaena) and

package (Mazerolle, 2020) and we selected models if the ΔAIC<2. If

removed those based on less reliable data (e.g. scat, conflict reports).

more than one model was selected then we averaged the parameter

We aimed to obtain as many repeats as possible in each grid cell but

estimates using a weighted method (Burnham & Anderson, 2002).

grid cells where only one survey was conducted were included in
the analyses.

2.4 | Environmental and anthropogenic covariates

We calculated species-specific occupancy (ψ) for each grid cell
using the following equation:

𝜓=

[
(
) (
)
(
)]
exp ∝ + 𝛽 1 ∗ D1 + 𝛽 2 ∗ D2 … 𝛽 4 ∗ D4
[
(
) (
)
(
)]
1 + exp ∝ + 𝛽 1 ∗ D1 + 𝛽 2 ∗ D2 … 𝛽 4 ∗ D4

We selected covariates known to influence the presence of the

Where D1−4= occupancy covariates,𝛽 1−4= estimated coefficients and

target species (Table 2) which included the proportion of land

∝= intercept.

converted to anthropogenic land-use (Jacobson et al., 2015), the
proportion of tree and non-tree vegetation (MODIS - MOD44B

If there were multiple top models, then we calculated ψ for each
model and averaged these in proportion to their AIC weights.

Version 6 Vegetation Continuous Field), annual precipitation (Fick

To assess the effect of influential sites on the model predictions,

& Hijmans, 2017), terrain ruggedness (Amatulli et al., 2018) and prey

we conducted a leave-one-out cross-validation (LOOCV) exercise by

availability (Ogutu et al., 2016). All covariates, except prey availabil-

sequentially leaving out sites one at a time, estimating the model

ity, were used in their original form. We obtained data on wild prey

parameters from the remaining sites and predicting the occupancy

from Ogutu et al. (2016) and we calculated densities at a county level

estimate in the site that was left out. We used the top models for

by dividing total prey numbers by county size. We averaged each

each species for these assessments. For each species we fitted a

variable per 1000 km2 grid cell and we standardized all variables,

simple linear regression model to evaluate the relationship between

except those that were proportions, using a z-score transformation

model estimated values of occupancy (ψ) and the predictions for

with a mean of 0 and a standard deviation of 1.

each site from the LOOCV exercise. To identify and assess the effect
of potentially influential sites on the regression model, we applied

2.5 | Data analysis

the function ols_plot_cooksd_chart in the olsrr package to plot the
Cook's Distance statistic using the widely accepted rule of thumb
threshold of 4/n (where n is the number of sites).

To predict large carnivore occurrence across Kenya, we used

There is currently no goodness-of-fit measure available for false-

a single-s eason false-p ositive occupancy model that accounts

positive occupancy models (Miller et al., 2011). Hence, we devel-

for multiple detection methods, in this case sightings- and

oped a novel Freeman-Tukey Discrepancy Measure based on the

questionnaire-b ased surveys (Miller et al., 2011). As the data from

cumulative detections from all sites to assess model adequacy or

the questionnaire-b ased surveys could contain false positives,

goodness-of-fit. In addition, we directly assessed the difference be-

we classified these data as ‘uncertain’, whereas data from the

tween the observed number of detections and the model-predicted

sightings-b ased surveys were classified as ‘certain’. To aid in model

number of detections. The details of this development are described

fitting and convergence, we condensed the sightings surveys into

in Appendix S4.

7-day sampling occasions, except for African wild dogs where

To discuss our results more fully and provide clear recommen-

21-day sampling occasions were used due to the small number of

dations to management and policy-makers, we were interested in

sightings (Table S1.1). We classified a target species as ‘detected’ if

identifying specific geographic areas that were most likely to be

it was sighted at least once during a sampling occasion. In addition,

occupied by each carnivore. To do this, we calculated ‘occupancy-

we assumed the probability of detection was likely to be different

based distribution maps’, based on the assumption that ψ > 0.50

between the sightings-b ased surveys and the questionnaire-b ased

constitutes species presence. In other words, if ψ > 0.50 for a given

surveys since the sightings-b ased surveys were conducted over

cell, then that cell was classified as being part of that species' distri-

a shorter time period. We therefore included survey type (sight-

bution. The value of 0.50 indicates that there is a 50% chance that

ings or questionnaire) as a categorical covariate to account for dif-

this cell would be classified as occupied if the survey was repeated,

ferences in detection probability. We analysed the data using the

so grid cells with values above this threshold have a higher chance

unmarked package (Fiske & Chandler, 2011) in R version 4.0.3 (R

of being occupied than not. We used these binary occupancy-based

Core Team, 2021).

distribution maps to (1) compare them to IUCN distribution maps, (2)

For each target species, we created a set of candidate models

quantify how much of the predicted distributions overlapped with

depending on a priori hypotheses (Table 2). As abundance-induced

wildlife areas and (3) determine large carnivore richness to provide

heterogeneity in detection probability (Royle & Nichols, 2003) can

guidance for conservation action.

6
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2.6 | Conservation metrics

The proportion of anthropogenic land cover (i.e. land conversion) was negatively associated with occupancy for all carnivores,

We clipped the current IUCN Red List range maps for the six carni-

apart from striped hyaena (see Appendix S6 for model outputs).

vore species (AbiSaid & Dloniak, 2015; Bauer et al., 2016; Bohm &

Prey availability was positively associated with occupancy for lion

Höner, 2015; Durant et al., 2015; Stein et al., 2020; Woodroffe &

(β = 0.56, 95% CI = 0.18–0.95), cheetah (β = 0.44, 95% CI = 0.12–

Sillero-Zubiri, 2020) to Kenya's national boundary. Per species, we

0.75), African wild dog (β = 0.35, 95% CI = 0.08–0.63) and spotted

calculated how much of the area that IUCN categorized as Extant

hyaena (β = 0.57, 95% CI = 0.04–1.10). For leopard, this positive

(resident) or Possibly Extant (possibly resident) overlapped with

association was marginal (β = 0.27, 95% CI = −0.09-0.64), whereas

our occupancy-based distribution maps. Similarly, we calculated

for striped hyaena, no association with prey availability was found

and compared the extent to which the occupancy-based and IUCN

(β = −0.07, 95% CI = −0.36-0.23). In terms of vegetation, lion oc-

distribution maps overlapped with wildlife areas (both government-

cupancy was positively associated with the proportion of non-tree

protected areas and conservancies) or lay outside of these. Lastly,

cover (β = 5.81, 95% CI = 3.30–8.32) and cheetah and African wild

we calculated large carnivore richness by stacking the binary

dog occupancy was negatively associated with the proportion of

species-specific occupancy-based distributions.

trees (cheetah: β = −6.44, 95% CI = −12.47-- 0.42; African wild dog:
β = −7.47, 95% CI = −14.12-- 0.81). Annual precipitation was nega-

3
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tively associated with striped hyaena occupancy (β = −1.37, 95%
CI = −1.93-- 0.82) but not with lion and spotted hyaena. Lastly, terrain ruggedness was positively associated with leopard occupancy

In total, we sampled 264 of the 603 (43.78%) grid cells. Of the

(β = 0.79, 95% CI = 0.28–1.30).

sampled grid cells, we sampled 92 of these using both the sight-

The probability of false positives was lowest for African wild

ings and questionnaire-based methods, 165 grid cells using only the

dogs (7.38%; 95% CI: 5.32–10.16), followed by cheetah (12.23%; 95%

questionnaire-based methods and seven grid cells using only the

CI: 8.79–16.94), lion (12.45%; 95% CI: 9.19–16.80), striped hyaena

sightings-based method (Figure 1). During the sightings surveys,

(14.68%; 95% CI: 10.52–19.00), leopard (17.22%; 95% CI: 13.01–

each grid cell was sampled an average of 29.58 days (range 1–93) re-

22.44) and spotted hyaena (34.07%; 95% CI: 25.92–43.29). Across

sulting in 2616 sightings of large carnivores (Table S1.1). During the

the species, detection probability was higher for the questionnaire-

in-person interviews, we obtained 1437 responses with a mean of

based surveys (range: 0.81–0.94) compared with the sightings-based

6.81 interviews conducted per grid cell (range: 1–28) whilst the on-

surveys (range: 0.12–0.47). While we did detect indirect evidence

line survey resulted in 176 responses with a mean of 1.89 responses

of abundance-induced heterogeneity on detection probability, it

per grid cell (range: 1–16). The total number of data points from

was less influential compared with the survey type as models where

the interview and online surveys that were used for the species-

the occupancy covariates were used to model detection probability

specific analyses varied as this was dependent on the number of cor-

were never amongst the top models (Appendix S3).

rect identifications (see Table S1.1 and Appendix S2 in Supporting
Information for naïve occupancy maps).

Across the grid cells, the expected value of predicted occupancy
for lion ranged from 0.03–0.99 (mean = 0.53), 0.06–0.98 for leopard (mean = 0.57), 0.00–0.95 for cheetah (mean = 0.55), 0.00–0.87

3.1 | Large carnivore occupancy

for African wild dog (mean = 0.44), 0.23–1.00 for spotted hyaena
(mean = 0.79) and 0.00–0.88 (mean = 0.58) for striped hyaena
(Figure 2).

Based on the Freeman-Tukey results, we deemed that model fit was
adequate for lion, leopard, African wild dog and spotted hyaena as
the observed discrepancy measures fell within the 10% and 90%

3.2 | Large carnivore distribution maps

quantiles. For cheetah and striped hyaena, the discrepancy measures fell between 0.2% and 99.8%, and 3% and 97%, respectively.

For each species, we compared the occupancy-based distribution

However, the absolute difference between the observed and pre-

maps (where ψ > 0.50) to the most recent IUCN distribution maps.

dicted number of detections ranged from 0.65% to 7.45% for all the

For lion, leopard, cheetah and African wild dog, the occupancy-

species, indicating good model fits (Appendix S4). Furthermore, the

based distribution maps predict the distribution of these species

leave-one-out cross-validation exercise indicated that individual

to be more extensive than the IUCN distribution maps, but smaller

sites were not overly influential in model predictions as we found

for both hyaenid species (Figure 3). More specifically, the IUCN map

a high degree of correlation (Multiple R 2 ranged between 0.914

suggests that lion are present in just 12.3% (71,759 km2) of Kenya,

and 0.999) between the estimated values of occupancy (ψ) and the

whereas we predict that 60.20% of the grid cells have an occupancy

predictions for each site, and the Cook's Distance plots show that

probability >0.50, the biggest difference being in the east and north

only a few sites were marginally over the threshold for each species

of the country. For leopard, the IUCN map shows the presence in

(Appendix S5).

a little more than half of Kenya (53%), whereas the outputs from
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F I G U R E 2 Predicted probabilities of
occupancy for the six large carnivore
species in Kenya

the occupancy-based models predict that 79.61% of the grid cells

species is present in 11.5% of Kenya, but we predict that 61.53% of

have an occupancy probability >0.50. We found a similar discrep-

the grid cells have an occupancy probability >0.50. For cheetah, the

ancy for African wild dog where the IUCN map suggests that the

IUCN distribution map largely overlapped with the outputs from the

8
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F I G U R E 3 The occupancy-based
distribution maps (grey) compared to the
IUCN distribution maps (yellow) for the
six large carnivore species in Kenya. The
IUCN distribution maps are transparent
so that the overlap between the two
maps can be seen. For the cheetah IUCN
distribution map, the Extant and Possibly
Extant categories have been combined
and the dotted line represents the Extant
category

occupancy-based distribution map, however the IUCN Red List uses

maps indicate that both species are ubiquitous, while the outputs

two categories to classify cheetah distribution; Extant and Possibly

from the occupancy-based distribution maps suggest that 86.40%

Extant. Accordingly, cheetah are resident (Extant) in 21.2% (dashed

and 66.67% of the grid cells have an occupancy probability >0.50,

line in Figure 3) but when combined with the Possibly Extant cat-

respectively.

egory this could be as much as 73.4%, which is similar to our results

According to our occupancy-based distribution maps, the vast

which indicate that 73.30% of the grid cells have an occupancy prob-

majority of large carnivore distribution lies outside any wildlife area

ability >0.50. For spotted and striped hyaena, the IUCN distribution

(mean = 80%, range = 76–8 4%) (see Appendix S7). Consequently,

|
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only a small proportion of their distribution falls within government

threat to livestock and human life (Broekhuis et al., 2020; Ripple

protected areas (mean = 9%, range = 6–11%) or conservancies

et al., 2014). While the expansion of government protected areas

(mean = 11%, range = 10–12%). In contrast, the IUCN distribution

is unlikely due to costs (Lindsey et al., 2018) and social implications,

maps suggest that far less of large carnivore distribution lies out-

Kenya does have a growing conservancy network, with the amount

side wildlife areas (mean = 63%, range = 40–82%), with a larger

of land set aside for conservancies doubling in the last two decades

percentage of their distribution within government protected areas

(KWCA, 2016). While our study highlights the importance of con-

(mean = 21%, range = 9–4 0%) and conservancies (mean = 15%,

servancies to large carnivore conservation, this still only covers a

range = 9–22%).

relatively small proportion of their distributions. As such, policies

Based on the occupancy value of >0.50, all six large carnivore

and investments should expand the scope of conservation efforts

species are predicted to occur within 36.67% of the grid cells with

across these vast landscapes by integrating holistic, bottom-up ap-

the highest species richness in the south, center and north-east of

proaches and creating solutions that work for people and biodiver-

Kenya (Figure 4).

sity (Kremen & Merenlender, 2018).
We found large differences between the IUCN and occupancy-

4
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DISCUSSION

based distribution maps, which should be taken into consideration
when developing species action plans and conservation policies.
For example, the IUCN maps suggest that the two hyaenid species

Our occupancy-based distribution maps suggest that large carni-

are present throughout the country, yet striped hyaenas may be re-

vores are widely distributed across Kenya. Especially for lion, African

stricted to more arid areas which corroborates results from other re-

wild dog and leopard, it is encouraging that their distributions are

gions in its range (Shamoon & Shapira, 2019; Wagner, 2006). Annual

possibly considerably larger, and more contiguous, than previously

precipitation was the only tested variable associated with striped

thought based on IUCN distribution maps. However, our outputs

hyaena occupancy and based on the outputs from the goodness-of-

also suggest that the challenge of conserving large carnivores across

fit test, it is possible that striped hyaena presence may be influenced

their national range is potentially far greater than previously ac-

by variables not included in our models. Indeed, based on detections

knowledged or formally accounted for in conservation planning.

during the survey (Appendix S2), we believe that their distribution is

These challenges are amplified by insecurity and inaccessibility

larger than predicted by the occupancy-based distribution maps. For

across large areas of northern Kenya, coupled with the vast areas

lion, leopard, cheetah and African wild dog the IUCN maps were less

of carnivore distribution that fall outside protected areas, where

extensive compared with the occupancy-based distribution maps.

carnivores are more likely to be persecuted since they present a

This can have important conservation implications that are most

F I G U R E 4 A map of large carnivore
richness in Kenya which was created
by stacking the binary species-specific
occupancy-based distributions. A value
of six indicates that all six large carnivore
species are predicted to be present
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|

starkly illustrated by the lion results. The IUCN map indicates that
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that are predicted to be highly suitable may hold important source

lions occur across 12% of Kenya and that 60% of this falls within

populations that are currently receiving little/no conservation at-

wildlife areas (Table S7.1). This could provide a false sense of con-

tention. Cognisant of the limitations mentioned above, we suggest

servation security as the majority of lion range is considered pro-

conducting on-the-ground follow-ups in key landscapes to validate

tected but the reality might be quite different. In addition, under this

our results. Thereafter, we recommend density estimation sur-

scenario it would make strategic sense to focus conservation initia-

veys within source populations (e.g. Broekhuis et al., 2021; Elliot

tives within those wildlife areas as this would benefit lions across

et al., 2020), sign-based occupancy surveys within metapopulations

most of their range (Lindsey et al., 2018). However, according to our

(e.g. Karanth et al., 2011) and systematic combined data approaches,

occupancy-based distribution maps, this strategy would only pro-

such as this study, at a national scale. Second, we recommend that

tect 24% of Kenya's lion range.

conservation policies and interventions should encompass all of the

As we did not sample the entire country, our distribution maps

large carnivore distributions, and particularly those areas identified

rely on predictions of occupancy based on species-covariate rela-

by our species richness map as potentially holding all six large car-

tionships. While our model fits were adequate, there is a possibil-

nivores. Most notably, these include human-dominated landscapes

ity that some areas predicted to hold large carnivores could in fact

that lie outside wildlife areas, especially in north and east Kenya

represent suitable habitat (potential distribution), and not species

where there are very few government-protected areas and conser-

occurrence (realized distribution). For example, people killing pred-

vation is hindered by insecurity, but where large carnivore richness

ators (Broekhuis et al., 2020) and disease outbreaks, like the canine

is predicted to be highest. Lastly, as distribution maps are an in-

distemper in Laikipia that decimated the African wild dog population

tegral part of the IUCN Red List assessments and widely used to

(Mutinda et al., 2017), can result in an absence of a species despite

formulate conservation policies and strategies, we recommend that

habitat being suitable. In other words, there are various ecological

our outputs are used to guide future conservation initiatives and

and socio-economic factors and stochastic events that are difficult

planning.

to model, but can result in species being absent from suitable hab-

We acknowledge that completely eliminating the Wallacean

itats or present in unsuitable ones (Pulliam, 2000). As a result, this

shortfall is an impossible task due to the evolutionary, ecological

could lead to an unreliable estimation of species distribution maps

and anthropogenic complexities that determine species occurrence,

(Jiménez-Valverde et al., 2008). This is especially the case when

however our understanding of species distribution can be enhanced

overly liberal thresholds are used to convert continuous maps into

by using more robust, data-driven approaches. As wildlife popula-

binary distribution maps (Herkt et al., 2017). In addition, distribu-

tions and biodiversity continue to decline at an unprecedented rate,

tions based on occupancy are influenced by the spatial resolution

we encourage an all-hands-on-deck approach where government

at which a landscape is sampled so occupancy will increase with in-

and non-government organizations work together in a coordinated

creased grid size. We, hence, recommend that the size of the grid

manner towards halting biodiversity loss and ensuring that goals,

cell be defined by the scientific question and the scale, simultane-

such as the Aichi Biodiversity Targets, are met.

ously. Our occupancy-based distribution maps, which are based
on the assumption of presence when ψ > 0.50, are supported by

AC K N OW L E D G E M E N T S

other findings on large carnivore presence in Kenya (e.g. Masenga

The research was undertaken by the Kenya Wildlife Service (KWS)

et al., 2016; Masseloux et al., 2018) and are consistent with photo-

that is mandated by the Wildlife Conservation and Management Act

graphic evidence of presence in some of these areas (see Appendix

2013 to undertake wildlife research in Kenya, therefore no research

S8). Furthermore, other studies have shown that for a large range

permit was required to undertake the research. All data collection

of taxa, IUCN range maps have a tendency to underestimate spe-

conformed to the Kenya Data Protection Act (2019). This study was

cies distribution (Herkt et al., 2017; Palacio et al., 2021). The task

financially supported by National Geographic Society, Lion Recovery

of establishing species distributions across their entire range is im-

Fund, Liz Claiborne and Art Ortenberg Foundation and WWF-

mensely complex and likely to result in inaccuracies at local scales.

Kenya. We would like to thank the enumerators for collecting the

Previous distribution maps for large carnivores in Kenya (AbiSaid

data, all the respondents for volunteering their time, Emily Madsen

& Dloniak, 2015; Bauer et al., 2016; Bohm & Höner, 2015; Durant

for helpful discussions and Somo Guyo, Enrita Naanyu, Steiner

et al., 2015; Stein et al., 2020; Waweru et al., 2021; Woodroffe &

Sempeta and Guy Western for providing logistical support. We

Sillero-Zubiri, 2020) do not explicitly account for imperfect detec-

would also like to thank the following organizations who helped with

tion. Our results show that when detection probability is taken into

the sightings-based surveys: Kenya Wildlife Trust, Lion Guardians,

account, the generated outputs can be substantially different. We

Ewaso Lions, Wildlife Works, Zoological Society of London, Lion

therefore suggest that a systematic approach is taken to map species

Landscapes, Laikipia Wildlife Forum, Northern Rangeland Trust,

distribution at scales that are relevant to management and policy

Southern Rift Association of Landowners, Tsavo Trust, and the Born

(e.g. regional or national), and that these are used to complement the

Free Foundation.

creation and revision of IUCN distribution maps (Syfert et al., 2014).
We recommend that the occupancy-based distribution maps
presented here are used for the following action points. First, areas
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