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Increasing Anthropogenic Disturbance Restricts Wildebeest Movement Across East African Grazing Systems
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The ability to move is essential for animals to find mates, escape predation, and meet energy and water demands. This is especially important across grazing systems where vegetation productivity can vary drastically between seasons or years. With grasslands undergoing significant changes due to climate change and anthropogenic development, there is an urgent need to determine the relative impacts of these pressures on the movement capacity of native herbivores. To measure these impacts, we fitted 36 white-bearded wildebeest (Connochaetes taurinus) with GPS collars across three study areas in southern Kenya (Amboseli Basin, Athi-Kaputiei Plains, and Mara) to test the relationship between movement (e.g., directional persistence, speed, home range crossing time) and gradients of vegetation productivity (i.e., NDVI) and anthropogenic disturbance. As expected, wildebeest moved the most (21.0 km day–1; CI: 18.7–23.3) across areas where movement was facilitated by low human footprint and necessitated by low vegetation productivity (Amboseli Basin). However, in areas with moderate vegetation productivity (Athi-Kaputiei Plains), wildebeest moved the least (13.3 km day–1; CI: 11.0–15.5). This deviation from expectations was largely explained by impediments to movement associated with a large human footprint. Notably, the movements of wildebeest in this area were also less directed than the other study populations, suggesting that anthropogenic disturbance (i.e., roads, fences, and the expansion of settlements) impacts the ability of wildebeest to move and access available resources. In areas with high vegetation productivity and moderate human footprint (Mara), we observed intermediate levels of daily movement (14.2 km day–1; CI: 12.3–16.1). Wildebeest across each of the study systems used grassland habitats outside of protected areas extensively, highlighting the importance of unprotected landscapes for conserving mobile species. These results provide unique insights into the interactive effects of climate and anthropogenic development on the movements of a dominant herbivore in East Africa and present a cautionary tale for the development of grazing ecosystems elsewhere.
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INTRODUCTION

The ability to move and exploit resources at multiple spatio-temporal scales is key to maintaining biologically viable wildlife populations (Bolger et al., 2008; Holdo et al., 2011). Rapid population growth and anthropogenic development, however, threaten species’ survival by impeding access to critical resources, restricting movements to increasingly fragmented habitat patches, and threatening the sustainability of long-distance migrations (Berger, 2004; Wilcove and Wikelski, 2008; Harris et al., 2009; Kauffman et al., 2021). Widespread changes in climate further complicate these pressures, placing new demands on the plasticity of animal movement and necessitating rapid and flexible responses to shifting resources (Davidson et al., 2020).

A recent comparison of movement strategies across multiple ungulate species revealed that broad-scale variation in vegetation productivity effectively determines the movement strategy (i.e., migration, residency, nomadism) exhibited by ungulates across a range of environmental contexts (e.g., plains to tundra; Mueller et al., 2011). Likewise, in a global synthesis of tracking data from 57 mammal species, Tucker et al. (2018) found that mammals residing in areas with high levels of anthropogenic modification exhibited movements that were one-half to one-third the extent of their movements in areas with lower modification. Such contractions in movement are expected to have important implications for the maintenance of key biological processes (e.g., predator-prey interactions, nutrient cycling, disease transmission) and have been directly linked to population declines in a number of species (Boone et al., 2005; Boone, 2007; Blackburn et al., 2011; Herbener et al., 2012; Kauffman et al., 2021).

While these findings provide strong evidence that landscape and climate play central roles in governing movement dynamics and associated survival, there has been limited research into the combined effects of these factors on the movement capacity of wide-ranging species. Without this knowledge, we limit our ability to predict the impact of future changes to ecosystems that support long-distance animal movements, such as grasslands or savannas. Holdo et al. (2011) demonstrated the value of such information by modeling the predicted impacts of proposed road construction on the movement and population dynamics of the world’s largest population of migratory wildebeest. Similarly, Armstrong et al. (2016) used theoretical simulations to demonstrate that developed landscapes prevented multiple species from tracking ephemeral resource fluctuations. Importantly, Boone et al. (2005) found that anthropogenic disturbance had the greatest negative impact on herbivore populations that occur in habitats with medium to high levels of vegetation productivity, because these areas support a greater abundance of species than less productive areas.

Here, we build on these theoretical insights by comparing key characteristics of movement between three populations of white-bearded wildebeest (Connochaetes taurinus) in southern Kenya. Central to maintaining the ecology and economy of the region (Sinclair, 2003; Hopcraft et al., 2014), wildebeest are known to be particularly sensitive to habitat fragmentation from anthropogenic disturbance (e.g., Kahurananga and Silkiluwasha, 1997), a factor which has led to precipitous declines of multiple populations of wildebeest over the past three decades (Ottichilo et al., 2001; Serneels and Lambin, 2001; Reid et al., 2008; Ogutu et al., 2011, 2013, 2014; Said et al., 2016). By relating movement characteristics (e.g., directional persistence, speed, home range crossing time) to vegetation productivity and anthropogenic disturbance, we provide new evidence into the compounding effects of climate and landscape change on an archetypal keystone species of African grasslands.

Specifically, we predicted (P1) that wildebeest in areas with low vegetation productivity (Amboseli Basin) would move more per day, with greater directional persistence, and an increased home range crossing time than wildebeest in areas with intermediate (Athi-Kaputiei Plains) to high (Mara) levels of productivity. This is due to the recognition that herbivore movements must increase as levels of vegetation productivity decrease to maximize forage intake and energy gain (Wilmshurst et al., 1999). In areas with high anthropogenic footprint (Athi-Kaputiei Plains), however, we predicted that the daily movements of wildebeest (P2) would be more restricted, leading to increased levels of tortuosity (decreased directional persistence), and reduced home range crossing times (e.g., Tucker et al., 2018).



MATERIALS AND METHODS


Study Area

Research was conducted across three study areas located principally in Kajiado and Narok counties in southern Kenya (Figure 1). These areas, referred to in the text as the Amboseli Basin (2°30′S, 37°15′E), Athi-Kaputiei Plains (1°30′S, 36°55′E), and Mara (1°15′S, 35°20′E), represent portions of the wildlife dispersal areas in and around Amboseli National Park, Nairobi National Park, and the Maasai Mara National Reserve, respectively. We use these names as a means of convenience to reference the geographic regions where wildebeest were initially collared, even though some animals we monitored moved extensively beyond the boundaries of these areas throughout the course of our study period. Thus, our description of each site includes additional habitats and portions of ecosystems that are not normally considered part of these systems, especially as it relates to the Mara.
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FIGURE 1. Wildebeest movements across three study areas in Kenya. Individual wildebeest movements (colored lines) tracked from 2010–2013 and displayed across three study areas in Kenya (A, Mara; B, Athi-Kaputiei Plains; C, Amboseli Basin). Protected areas (1, Maasai Mara National Reserve; 2, Serengeti National Park; 3, Nairobi National Park; 4, Amboseli National Park) partially obscured. Loita Plains (LP), Mara Plains (MP), Loliondo Game Controlled Area (GCA), and Ngorongoro Conservation Area labeled in A. Major roads (gray lines) provided for reference.


A strong increase in rainfall along a southeast to northwest gradient is associated with increasing levels of vegetation productivity across our study systems. The Amboseli Basin is the least productive area, with rainfall averaging 568 mm yr–1 [range (1981–2020): 368–935 mm yr–1] (Funk et al., 2015). The Athi-Kaputiei Plains experiences intermediate levels of productivity, with rainfall averaging 688 mm yr–1 [range (1981–2020): 425–1,061 mm yr–1] (Funk et al., 2015). The Mara is the most productive area, with rainfall averaging 841 mm yr–1 [range (1981–2020): 640–1,197 mm yr–1] (Funk et al., 2015). April is generally the wettest month of the year, with the majority of rainfall falling during two rainy seasons (short rains: November-December; long rains: March-June).



Amboseli Basin

The Amboseli Basin (6,600 km2) is a semi-arid tropical environment located in the rain shadow of Mount Kilimanjaro. Wildebeest were observed to move from Longido in Tanzania to the Chyulu Hills in Kenya (Figure 1). Amboseli National Park (ANP, 392 km2) lies at the center of this study area, providing formal protection to a small portion (6%) of the range in which wildlife disperse. The Amboseli Basin is covered primarily by open grassland, with woodlands and swamps fed from mountain run-off prevalent in the southern part of the ecosystem (Western, 1973). During the dry season, most species of wildlife and livestock are limited to areas where permanent water exists (i.e., swamps and boreholes). In wet season periods, species disperse and are more widely distributed across the ecosystem.

Over the past few decades, widespread changes have occurred across the Amboseli Basin, with average annual temperature increasing in all months of the year, but particularly in months with higher maximum temperatures (e.g., January–March) (Altmann et al., 2002). Rainfall has remained consistently low throughout the long dry season (June–October), with seasonal timing becoming more variable (Altmann et al., 2002). Traditional pastoralism is the dominant land-use. Livestock density and grazing pressure is high, a factor leading to habitat degradation and changes to the woodland-grassland mosaic (Altmann et al., 2002). Human population density, however, is low, averaging 14 people km–2 at the time this study was conducted (Bright et al., 2015). Rainfall is the main climatic component limiting wildebeest populations through its controlling influence on vegetation production and quality. The 2009 drought, for example, resulted in an estimated 97% mortality in wildebeest (6,800 of 7,000 individuals) (Western, 2010; Ogutu et al., 2014).



Athi-Kaputiei Plains

The Athi-Kaputiei Plains (3,425 km2) once supported some of the highest densities of wildlife in all of East Africa (Percival, 1928; Simon, 1962). In the last half-century, however, human settlement has expanded rapidly across the region, reducing and fragmenting the remaining habitat and resulting in precipitous wildlife population declines (Ogutu et al., 2013; Said et al., 2016). Reid et al. (2008) estimated a 72% population decline in wildebeest from 1977–2004, with Ogutu et al. (2013) estimating population declines as high as 93% (a decline from 25,765 to 1,700 individuals). Recent population estimates indicate a complete extirpation of wildebeest from large portions of the ecosystem, with the total wildebeest population estimated to be as low as 509 individuals by 2014 (Said et al., 2016).

The area is sometimes referred to as the three “triangles” because of its geometric shape (Figure 1). The first triangle, bordered to the north by Nairobi National Park (117 km2), is located just 10 km from the center of Kenya’s capital city, Nairobi. Human population density is greatest across this area, averaging 45 people km–2 at the time this study was conducted (Bright et al., 2015). Open habitat formerly existed in the 2nd and 3rd triangles (Figure 1), but has shrunken dramatically as the footprint of the city has expanded. Livestock keeping continues to be the dominant livelihood, outnumbering wildlife 4–1 (Reid et al., 2008). The area is extensively fenced (see Reid et al., 2008; Said et al., 2016), resulting in a 22% reduction in area accessible to wildlife and presenting severe obstructions to wildlife movement (Owen-Smith and Ogutu, 2012). A major highway, connecting Kitengela with Kajiado, and demarcating the boundary between the 1st and 2nd triangles, separates the traditional dry and wet season ranges of the species, bisecting a major migratory route. Various other infrastructure projects, including a multi-lane bypass and an elevated standard gauge railway, further restrict and/or reduce the amount of habitat available to wildebeest.



Mara

The Mara is the largest of our three study areas (19,200 km2), extending across portions of the Serengeti-Mara ecosystem in Kenya and Tanzania. This area includes the Loita Plains, the Mara Plains, the Maasai Mara National Reserve (MMNR), the Loliondo Game Controlled Area, the Ngorongoro Conservation Area, and Serengeti National Park (SNP) (Figure 1). A series of conservancies lie adjacent to and north of the MMNR (1,505 km2), comprising an additional 834 km2 of the Mara Plains at the time this study was conducted. Seventeen conservancies now exist across the region, expanding the total area protected to 1,450 km2. Maasai pastoralists are restricted from the MMNR, but granted limited access to the conservancies during the dry season. Livestock incursions into the MMNR, however, are common. The Mara ecosystem is bounded by the Siria Escarpment to the west, the forested Mau Uplands to the north, and the Rift Wall to the east.

Large-scale mechanized agriculture has occurred across the northern and western boundaries of the Mara ecosystem (Homewood et al., 2001; Serneels et al., 2001), resulting in sharp declines in wildebeest (Serneels and Lambin, 2001). From 1977 to 1997, the resident wildebeest population in Kenya declined by 81%, from 119,000 to 22,000 individuals (Ottichilo et al., 2001). Further declines in the resident wildebeest population have been observed over the past decade (2010–2020), coinciding with a period of rapid fence, road, and settlement expansion that occurred after our GPS tracking study concluded. These land-cover changes most significantly impacted the unprotected Loita Plains (Løvschal et al., 2017). Human population density at the time this study was conducted averaged 23 people km–2, with higher densities (34 people km–2) occurring in the Kenyan portion of the ecosystem where research was primarily focused (Bright et al., 2015).



Wildebeest Movement Data

We fitted 36 adult wildebeest across our three study areas (National Council for Science and Technology research permit no. NCST/RR1/12/1/MAS/39/4) with Lotek WildCell® GPS collars. Collars were fitted on animals in May 2010 across the Mara (n = 15) and in October 2010 across the Athi-Kaputiei Plains (n = 12) and the Amboseli Basin (n = 9). All individuals were selected from distinct groups. No animals were collared within national park/reserve boundaries. The mean pairwise distance between initial locations was 13 km in the Amboseli Basin, 27 km in the Athi-Kaputiei Plains, and 22 km in the Mara. All aspects of animal handling were conducted under the direction of a Kenya Wildlife Service field veterinarian and approved by the International Animal Care and Use Committee (IACUC) at Colorado State University, Fort Collins, CO, United States (Approval No. 09-214A-02).

Tracking devices were programmed to collect 16 positions per day, every hour during the day (06:00–18:00) and every 3 h at night (18:00–06:00), over a 3-year study period. We filtered the dataset, removing suspected erroneous data points using the positional accuracy information output with each data point. Only three-dimensional positions with a positional dilution of precision (PDOP) ≤ 10.0 and two-dimensional positions with a PDOP ≤ 5.0 were retained. An additional erroneous data point was removed by using tools implemented in the Continuous-Time Movement Modeling (CTMM) framework [function outlie() in R; Fleming et al., 2020] to identify unrealistic movements based on the speed and distance moved. Data were projected to Albers Equal Area projection, WGS84 datum. Wildebeest sex, approximate age, start/end dates of the collaring period, and fix success are summarized in Supplementary Table 1.



Quantifying Animal Movement

The Continuous-Time Movement Modeling (CTMM) framework (Calabrese et al., 2016) contains functions for identifying and fitting continuous-space, continuous-time stochastic movement models to animal tracking data. The framework includes variogram fitting (Fleming et al., 2014b) and non-Markovian maximum likelihood estimation (Fleming et al., 2014a) to facilitate the identification of important features inherent in the data (e.g., range residency) and optimize model fitting. Importantly, CTMM is robust to irregular sampling intervals, gaps in data collection, and complex autocorrelation structures (Calabrese et al., 2016), features common to most GPS tracking datasets. In addition, since parameter estimates and their confidence intervals derived from CTMM are based on model-based inference, animal trajectories do not need to be truncated to the same temporal interval to make comparison possible—as would be required when comparing metrics derived from straight-line displacements.

We estimated animal movement metrics, including directional persistence, home range crossing timescale, and average distance traveled per day, using CTMM following detailed instructions provided by Calabrese et al. (2016) and Noonan et al. (2019), and vignettes contained within the ctmm R package (Fleming and Calabrese, 2021). Analysis steps included fitting an error model to the data, investigating potential outliers, estimating the variogram, fitting movement models to the variogram structure [e.g., Brownian motion (BM), Ornstein-Uhlenbeck (OU), Ornstein-Uhlenbeck with foraging (OUF)], and performing model selection based on AICc (Akaike, 1974). For each animal, we plotted the estimated semi-variance as a function of time lag to visually inspect the autocorrelation structure (Fleming et al., 2014a) and assess if animals met the range residency assumption, indicated by the estimated semi-variance reaching an asymptote that roughly corresponds to the home-range crossing timescale (Fleming et al., 2014a; Calabrese et al., 2016).

Best fitting CTMM models were either OU or OUF (Supplementary Table 1). OUF models are described by three parameters [i.e., home range crossing timescale (days), velocity autocorrelation timescale (minutes), and variance (km2)], resulting in estimates of home range, home range crossing timescale, directional persistence, and average distance traveled. For all animals fitted with OUF models, we used a simulation-based approach detailed in Noonan et al. (2019) to sample from the distribution of trajectories conditional on the data to estimate the average distance traveled per day during the duration of the tracking period [function speed(); Noonan et al., 2019]. Average distance traveled per day for animal movement data fitted with OU models, described by two parameters [i.e., home range crossing timescale (days) and variance (km2)], could not be estimated.



Landscape Dynamics

To describe spatial-temporal changes in resources across each study area, we extracted MODIS (MOD13Q1) Normalized Difference Vegetation Index (NDVI) raster subsets (Carroll et al., 2004) from the minimum convex polygon (MCP) derived from wildebeest locations across each study area, buffered by 10-km, over a 10-year period (2004–2013). NDVI is known to be a reliable measure of vegetation productivity/greenness (Tucker, 1979; Goward and Prince, 1995) and has been shown to be an important predictor of movement and use for various herbivores (Pettorelli et al., 2011; Ryan et al., 2012; Stabach et al., 2017), including wildebeest (Boone et al., 2006; Hopcraft et al., 2014). Using the semi-monthly NDVI data, we calculated the temporal variability and predictability of each landscape, as described by Mueller et al. (2011). Temporal variability was calculated by summarizing the spatial average of the mean NDVI within semi-monthly periods to provide an estimate of resource phenology within years. Predictability characterizes the variation across each landscape from year to year [i.e., the repeatability (or lack thereof) of the landscape] (Mueller and Fagan, 2008). To estimate predictability, we calculated the inverse of the spatial average of the standard deviations of NDVI at each grid cell across all images within a semi-monthly period (i.e., 1 − unpredictability).



Statistical Analyses

We tested for significant differences between movement statistics by comparing results using hierarchical Bayesian fixed-effect one-way ANOVAs (McCarthy, 2007; Kéry, 2010). The variable home range crossing timescale was log transformed for analysis. We estimated marginal posterior distributions of parameters using Markov chain Monte Carlo (MCMC) methods. We fitted the model using a MCMC algorithm with 10,000 iterations and a 20% burn-in period. We assessed convergence by visually inspecting trace plots to ensure a reasonable exploration of the parameter space and confirming that the potential scale reduction factor was < 1.02 for each variable (Gelman and Rubin, 1992). We calculated the probability (Prob) that the mean of one group was greater than the other by sampling from each of the resulting posterior distributions (Gelman and Hill, 2007).

We fit linear regression models to investigate how average distance traveled per day differed among individuals and to what extent these distances were related to estimates of landscape productivity and human disturbance. To quantify landscape productivity at wildebeest locations, we extracted the NDVI data value at each GPS point observation, matching the spatio-temporal dynamics of the NDVI data (Crego et al., 2021) before aggregating the means for each animal. Human disturbance was similarly quantified by calculating the distance to digitized structures weighted by the estimated human population density (Bright et al., 2009). Adopted from Hopcraft et al. (2014) and referred to as “Anthropogenic Footprint,” this method incorporates small-scale disturbances that would have otherwise been missed due to the coarse resolution of the human population dataset (1 km2). Densely populated areas have the highest values, whereas areas furthest from small or sparsely populated areas have the lowest values (i.e., lowest disturbance). Further information about this data layer can be found in Stabach et al. (2016).

We created four regression models, including NDVI only, anthropogenic footprint only, additive effects (NDVI + anthropogenic footprint), and interactive effects (NDVI * anthropogenic footprint). Competing models were evaluated based on DIC (Spiegelhalter et al., 2002). NDVI and anthropogenic footprint were scaled and centered to enhance coefficient comparability. We evaluated the goodness of fit of the model to the data by calculating the Bayesian p-value—the proportion of times when the replicated “ideal” dataset is greater than the actual dataset (Gelman and Hill, 2007; Kéry, 2010). P-values close to 0.50 indicate a good model fit (i.e., no difference between the actual and replicated datasets). Model variability was displayed by randomly sampling (5,000 times) from the posterior distributions of the alpha and beta parameters. All statistical analyses were conducted in the R environment for statistical computing (R Development Core Team, 2020) using the jagsUI package (McCloskey et al., 2011), version 1.5.2.




RESULTS


Landscape Dynamics

Seasonal patterns of vegetative greenness were similar across each study area, with the Athi-Kaputiei Plains exhibiting the greatest range in landscape seasonality (i.e., difference in NDVI throughout the year) and the Amboseli Basin the least (Figure 2A). Across the Mara, landscape predictability was low (<0.5) for most of the year, especially from December–June (day 321–177). Landscape predictability across the Athi-Kaputiei Plains was similar to the Mara, with the short rains (February–April; day 49–81) being marginally more predictable across this region. Landscape predictability was highest across the Amboseli Basin (except in September–October; day 257–289), with the long dry season (June–November; day 177–305) being the most predictable feature across each study area (Figure 2B).
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FIGURE 2. Comparison of landscape dynamics. Landscape phenology based on 10-years (2004–2013) of MODIS NDVI data across three landscapes in southern Kenya with regard to vegetation greenness (A) and landscape predictability (B).




Animal Movements

Wildebeest across the Amboseli Basin moved more per day (21.0 km day–1; CRI: 18.7–23.3) and with greater average directional persistence (36.5 min; CRI: 30.9–42.0) than wildebeest across the Athi-Kaputiei Plains [avg daily movement: 13.3 km day–1 (CRI: 11.0–15.5); avg directional persistence: 18.1 min (CRI: 12.8–23.3)] or Mara [avg daily movement: 14.2 km day–1 (12.3–16.1); avg directional persistence: 23.9 min (CRI: 19.3–28.3)] (Figures 3A,B and Supplementary Table 1). The probability that the movements (daily distance moved and directional persistence) of Amboseli Basin wildebeest were greater than those of wildebeest across the Athi-Kaputiei Plains or Mara were all > 0.99. Wildebeest across the Athi-Kaputiei Plains rarely (Prob = 0.05) moved with more directional persistence than wildebeest across the Mara. Similarly, the probability that wildebeest across the Athi-Kaputiei Plains (range: 8.2–17.7 km day–1) moved further per day than wildebeest across the Mara (range: 8.2–20.6 km day–1) was 0.26, highlighted by the overlap in the posterior distributions of this parameter (Figures 3A,B).
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FIGURE 3. Summary of wildebeest movement. Movement parameters estimated from continuous-space, continuous-time stochastic movement models, including directional persistence (A), average speed (B), and home range crossing timescale (C). Posterior distributions for panels (A–C) shown to highlight parameter overlap. Vertical dashed lines displayed are posterior means. Amboseli Basin = red; Athi-Kaputiei Plains = orange; Mara = blue.


Average home range crossing timescale (log transformed) was similar between wildebeest across the Amboseli Basin (2.9 days; 95% CRI: 1.7–4.2) and Mara (2.7 days; 95% CRI: 1.7–3.7), with posterior distributions that were nearly indistinguishable. The probability that home range crossing timescale was greater for wildebeest across the Amboseli Basin in comparison to the Mara was 0.61. Wildebeest across the Athi-Kaputiei Plains had a shorter average home range crossing timescale (1.6 days; 95% CRI: 0.5–2.7) than either their Amboseli Basin or Mara counterparts. The probability that the home range crossing timescale of Amboseli Basin wildebeest was greater than that of Athi-Kaputiei Plains wildebeest was 0.94. Wildebeest across the Athi-Kaputiei Plains, however, seldom (Prob = 0.07) had a home range crossing timescale greater than that of Mara wildebeest (Figure 3C).

One wildebeest in the Amboseli Basin moved 6,197.8 km over a 728-day study period, the longest distance traversed by any animal we monitored. A second wildebeest, animal 2834, moved south from the Loita Plains to the Ngorongoro Conservation Area in Tanzania (Figure 1), a total net displacement of 205.4 km from its initial collaring location. Another wildebeest across the Mara, animal 2845, moved south through the MMNR and into the Loliondo Game Controlled Area before returning to within 5.9-m of its initial collaring location. Across the Athi-Kaputiei Plains, the maximum net displacement made by a wildebeest from initial collaring locations was 38.2 km, with no animal observed to cross the tarmac road (Athi-Namanga road, Figure 1) bisecting the seasonal habitat range of the species (Supplementary Table 1).

We classified 33.7% of GPS locations (21,075 of 62,392) within the national park boundary across the Amboseli Basin. Only 3.8% of locations (3,795 of 101,265) across the Athi-Kaputiei Plains and 8.0% of locations (9,228 of 116,061) across the Mara were observed within national park/national reserve boundaries (Figure 1). Wildebeest across the Mara, however, used the conservancies located to the north of the Maasai Mara National Reserve extensively, increasing the percentage of locations within protected area boundaries to 73.4% (85,194 of 116,061) when included.

Our best fitting model included additive effects of NDVI and anthropogenic footprint on average daily movement (Supplementary Table 2), with the Bayesian p-value (0.495) indicating an adequate fit of the regression model to the data. Both independent variables had strong negative effects (βNDVI = −2.78; CRI: −3.90 to −1.65 and βAnth Footprint = −2.18; CRI: −3.33 to −1.00) on average daily movement (a = 15.62 km day–1, CRI: 14.48–16.75 km day–1). Wildebeest across the Athi-Kaputiei Plains deviated from the linear prediction in relation to NDVI but fit closely to the prediction in relation to anthropogenic footprint (Figure 4). All wildebeest across the Amboseli Basin and Mara were located in areas with low average anthropogenic footprint (−1.3 to 0.1). Average anthropogenic footprint across the Athi-Kaputiei Plains where wildebeest were located was > 0.4.
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FIGURE 4. Average daily movement (km day–1) in relation to vegetation greenness (NDVI) and anthropogenic footprint. Daily movements decrease with an increase in (A) NDVI and (B) anthropogenic footprint. Independent variables have been scaled and centered. Model variability displayed by randomly sampling from the posterior distributions of the alpha and beta parameters. Amboseli Basin = red triangles; Athi-Kaputiei Plains = orange squares; Mara = blue circles.





DISCUSSION

By linking the movements of wildebeest across three study areas with contrasting dynamics of landscape productivity and anthropogenic disturbance, we found that high levels of human activity drove unexpected relationships between the movement capacity of herbivores and productivity of the landscape. For example, wildebeest movement was expected to scale positively with vegetation productivity across all sites (P1). However, we found movements to be most restricted at moderate levels of vegetation productivity (Athi-Kaputiei Plains). This loss of movement capacity was observed as a decrease in average daily movement, an increase in tortuosity (decreased directional persistence), and a reduced home range crossing timescale relative to sites with lower levels of anthropogenic disturbance (Amboseli Basin and Mara). Moreover, the strong explanatory power of anthropogenic disturbance relative to other variables tested (i.e., NDVI) suggests that such changes are the consequence of rapid and dramatic landscape conversion (P2), trends which continue across the region (Reid et al., 2008; McCloskey et al., 2011; Said et al., 2016).

Movement is intimately related to an animal’s fitness, facilitating the ability to access better quality resources, encounter potential mates, and move away from an area when conditions deteriorate (Turchin, 1998; Morales et al., 2010; van Moorter et al., 2013). The importance of movement is often amplified in semi-arid and arid lands where resources are limited (Conrad, 1941; Thornton et al., 2006; Boone and Wang, 2007). While we lack data which relates movement declines with fitness consequences, our analysis complements previous work showing that habitat disturbance can have a measurable negative effect on stress hormones (e.g., fecal glucocorticoid metabolites) in wildebeest when vegetative conditions deteriorate (Stabach et al., 2015). Characteristics of long-term or chronic stress include a suppressed immune system, inhibition of reproductive behavior, and decreased growth (Moberg, 2000; Sapolsky, 2000; Keay et al., 2006), factors which could be detrimental to the survival of individuals or populations.

Similar to the trends observed in the Athi-Kaputiei Plains, recent work from the Mara (2017–present) suggests that severe habitat degradation (Li et al., 2020) and fence expansion (Løvschal et al., 2017; Tyrrell et al., 2022) are driving reductions in wildebeest movement and raising concerns about the persistence of this population into the future. Likewise, we expect that movement estimates from the Amboseli Basin may be conservative because this population was in a period of recovery following the devastating drought that occurred in 2009 (Western, 2010; Ogutu et al., 2014). The resulting decline in animal densities should have decreased competition for resources and reduced the distance required to access sufficient forage to meet energy demands (e.g., Merrill et al., 2021). As a result, additional research into the impacts of anthropogenic disturbance would be expected to strengthen the inference observed in this study and further align with previous research conducted on mammal movement responses across a range of terrestrial ecosystems globally (Tucker et al., 2018).

In addition to these implications for population persistence, we found it notable that collared wildebeest were located primarily outside of protected area boundaries throughout the study period. This is particularly interesting given the comparatively low levels of anthropogenic disturbance within protected area boundaries, especially across the Athi-Kaputiei Plains where park boundaries abut one of East Africa’s largest cities. The observed effect could be reflective of differences in vegetation quality, predation pressure, or alternatively, a result of capture-induced bias, since we did not collar any animals within national park/reserve boundaries. Across the Athi-Kaputiei Plains, our results are at least partially biased by the Athi-Namanga road (Figure 1), as wildebeest did not move between the 1st and 2nd triangles during our study period. Wildebeest collared in the 2nd triangle were therefore unable to disperse to the national park. These data provide quantitative support, however, that this historic migration (see Reid et al., 2008) has completely collapsed, with concomitant effects on population abundance (Reid et al., 2008; Ogutu et al., 2013; Said et al., 2016).

Although we focused on two primary drivers of animal movement in this study (e.g., NDVI and anthropogenic footprint), we acknowledge that multiple forces shape the movement dynamics of wildebeest. Further research on water availability and livestock density may benefit from a specific focus. For example, wildebeest cannot survive without water for more than 2–3 days (Talbot and Talbot, 1963) and domestic livestock compete with wild herbivores for grazing resources (Schieltz and Rubenstein, 2016; Kimuyu et al., 2017; Crego et al., 2020; Connolly et al., 2021; Wells et al., 2022). However, data were not available at an appropriate spatio-temporal resolution to be included in this study. Moreover, Boone et al. (2006) demonstrated that NDVI is a better predictor of wildebeest movement than rainfall, suggesting that our models should sufficiently explain the variation in movement strategies we observed. We also found relatively high levels of correlation between anthropogenic footprint and the best available estimates of livestock density (Gilbert et al., 2018) for the Mara (0.57), indicating that this variable would have been removed during the first steps of model evaluation. Notably, we found little to no correlation between these metrics in the Amboseli Basin or Athi-Kaputiei Plains (0.18 and 0.04, respectively), but suspect that this was due to the mis-match between the spatial resolution of the livestock dataset (10-km at equatorial regions; Gilbert et al., 2018) and the spatial extent of each study area (6,600 and 3,425 km2, respectively). More detailed information on livestock abundance could help to disentangle the potential confounding effects of livestock abundance with other aspects of human disturbance, but would require significant improvements in current methods for estimating livestock abundance at (relatively) small spatial scales, like those described here. Exciting new developments using high-resolution (<50 cm) satellite imagery are currently underway to map large mammals (including cattle) that could prove useful in future analyses (e.g., Duporge et al., 2020; Robinson et al., 2021).

The results of this study have important conservation implications across the region that can be applied to other systems, especially dryland systems where the ability of species to move is essential for survival (e.g., gazelle in the Mongolian steppe; Mueller et al., 2008; Dejid et al., 2019). Similarly, results from the Athi-Kaputiei Plains suggest that under scenarios of extreme climate change, the effects of anthropogenic disturbance may be compounded to a point that populations are unable to recover. Beyond the impacts to wildlife, the dramatic changes occurring to grasslands also impact the people that rely on these systems for survival. Pastoralists across the Athi-Kaputiei Plains, for example, have been voicing concerns about shrinking access to resources for decades (Galaty, 1994). Determining and conserving the dynamic extent of the ecosystem, where still possible, is thus imperative to allow for dispersal to support entire life-cycle processes and provide a means of ecosystem resilience (Allen and Singh, 2016), topics that have been highlighted by other authors (e.g., Thirgood et al., 2004; Martin et al., 2007; Bolger et al., 2008; Runge et al., 2014) and that are especially important as the duration, frequency, and intensity of drought are expected to increase (Haile et al., 2020).
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