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Citizen science has the potential to advance scientific knowledge by producing large datasets from diverse landscapes. The Kenya Bird Map (KBM) has collected a large data set on Kenyan birds, yet it is largely untapped for scientific research. This study utilized data from KBM records (hereafter KBM data) to address specific questions regarding the distribution and abundance of grassland specialist birds (bustards) and grassland opportunist species (storks and harriers) within Laikipia County, Nairobi National Park and Masai Mara, Kenya. Our objectives were to predict these grassland bird species’ spatial distribution and abundance using KBM data and identify key landscape elements influencing their occurrence. Bird data were extracted from the KBM portal from 2013 - 2023, using only full protocol card records. Data on bustards, harriers, harrier-hawks, and storks were filtered, focusing on pentads with over four card submissions. We applied Sentinel-2B median imagery for December 2023, accessible through Google Earth Engine, alongside geographic information systems and remote sensing techniques to classify and characterize land cover types as explanatory variables. A linear mixed-effect model was used to predict grassland birds’ response. Our regression result showed that bustards responded positively to patch density but negatively to shrubland and woodland. Storks showed positive responses to grassland and woodland, while harriers showed negative responses to woodland. Storks had the highest number of records, while harriers had the least. Masai Mara had the highest number of records of the 16 species reported across the three regions, while Nairobi National Park had the least. For the first time, our study has recognized the importance of ongoing efforts to incorporate KBM data with complementary ecological datasets to deepen our understanding of bird communities and their responses to environmental changes. Our findings suggest that KBM data has substantial potential for identifying species distribution and monitoring temporal changes.
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1 Introduction

Successful species conservation and management require a comprehensive understanding of species distribution, abundance, habitat preferences, and movement across wider geographic areas, and over long periods (Wernham et al., 1998; Askins et al., 2007; Greenwood, 2007; Bonney et al., 2009; Craigie et al., 2010; Hochachka et al., 2012). However, classical field surveys to collect this information, while effective (Ong’ondo et al., 2022), can be costly and challenging to conduct, especially over large scales (Bland et al., 2015; McKinley et al., 2017). Furthermore, there is often a lack of long-term data collection in many regions – partly due to financial constraints, recurring permits and licenses, and the need to maintain personnel (Bland et al., 2015; McKinley et al., 2017).

Recent studies have highlighted the values of citizen science across multiple fields such as environmental monitoring, emergency response, and the development of management strategies (Savan et al., 2003; Helsloot and Ruitenberg, 2004; Gouveia and Fonseca, 2008; Bonney et al., 2009; McKinley et al., 2017). In addition, studies have investigated the scalability of these initiatives, from local to global levels (Danielsen et al., 2010; Devictor et al., 2010; Hochachka et al., 2012; De Sherbinin et al., 2021). In Africa, there is a growing interest in using citizen science for research and environmental management, as well as an understanding of barriers, benefits, and challenges (Pocock et al., 2019). While the potential of citizen science remains largely untapped in many taxonomies, there is a growing mass collection of citizen science data on African birds (Underhill et al., 2017; Brooks et al., 2022; Lee et al., 2022; Tende et al., 2024). However, with the exception of South Africa, a large proportion of these data have not been fully utilized. This can primarily be attributed to a lack of expertise in Africa in analyzing the often-unstructured nature of citizen science data, and secondly, because different methodologies have been used - namely pentad methods for generic data collection and point-based approaches for a breeding bird survey (Bystrak, 1981). These methodological differences complicate data analysis and require specialized capacity. Furthermore, there is often a failure to frame research questions that can be answered by the available data.

The Kenya Bird Map (KBM), an example of a citizen science initiative, has been instrumental in providing reliable data on bird distribution and relative abundance across Kenya (https://kenya.birdmap.africa). Established in 2013, and based at the National Museums of Kenya (NMK), KBM follows the South African citizen science protocol (Underhill et al., 2017; Brooks et al., 2022). Through the diverse expertise and perspectives of participants, KBM engages volunteers from diverse backgrounds, including experienced and inexperienced birdwatchers, photographers, and wildlife guides, to gather data. Despite its success in recruiting volunteers and accumulating a large dataset for over a decade, KBM has yet to produce comprehensive scientific results. Its data has yet to be analyzed or published, demonstrating a unique and potential area for advancement.

For the first time, this study has utilized the KBM data to predict the abundance and distribution of bustards, storks, and harriers across Laikipia County, Nairobi National Park, and Masai Mara, Kenya. These species primarily depend on open grassland ecosystems, making them particularly vulnerable to habitat changes. The global decline of grassland birds is a compelling concern, largely attributed to changes in land use/land cover (Muchai et al., 2001, 2002, Zhao et al., 2020; Bardgett et al., 2021; Douglas et al., 2023). The three target regions vary in their management levels. Nairobi National Park is a fully protected area under Kenya’s national government, Masai Mara is partially protected (as a large national reserve under the local government) and surrounded by large privately owned land, and Laikipia is managed privately by landowners (Personal communication). These varying management regimes impact how grassland ecosystems are maintained, providing an opportunity for studying ecological dynamics to guide conservation strategies.

Our study was centered on using the KBM data to predict spatial distribution patterns and abundance of grassland specialist birds (bustards) and grassland opportunistic bird species (storks and harriers). We predicted that the extensive spatial coverage and long-term data collection of KBM would make it a valuable resource for understanding the distribution patterns of these grassland birds across Kenya. Specifically, we anticipated identifying key landscape features that influence the occurrence and distribution of bustards, storks, and harriers.




2 Study area

This study covered three regions within Kenya, Africa: Laikipia County, Nairobi National Park, and Masai Mara (Figure 1). Laikipia County, located approximately 200 km north of Nairobi city hosts many conservancies, wildlife reserves, and ranches dedicated to wildlife, livestock production, sustainable land management, and community development (Bersaglio and Enns, 2024). The Laikipia ecosystem comprises several land cover types that support a higher diversity of wildlife species, including threatened and endangered species (Muriithi, 2016). Human activities in Laikipia include traditional pastoralism, agriculture, conservation, and tourism. The recent doubling of private ranches and conservancies has shaped wildlife conservation and land management practices. Additionally, innovative approaches such as community-led conservation initiatives and sustainable land-use practices have been adopted to balance the needs of wildlife and local communities (Bersaglio and Enns, 2024).




Figure 1 | Study area map of three regions, Laikipia County (A), Nairobi National Park (B) and Masai Mara National Reserve (C), Kenya where Kenya bird map data was collected, 2013-2023.



Nairobi National Park (NNP), established in 1946 as Kenya’s first national park, covers approximately 118 km² and is located about 7 km southwest of Nairobi’s central business district (Ong’ondo et al., 2025). The park experiences a semi-arid climate with distinct wet and dry seasons, which supports a diverse range of wildlife, including several bird species (Ogutu et al., 2013; Mwangi et al., 2022). Its land cover includes open grasslands, acacia woodlands, shrubland patches, forests, and riverine habitats, although invasive species like Lantana camara and prickly pear cactus threaten native vegetation (Ong’ondo et al., 2025).

Urbanization has encroached particularly from the north and west, while rural areas to the south and east are dominated by grasslands and settlements. These landscape dynamics contribute to habitat fragmentation and pose challenges to wildlife movement. For a more detailed description of Nairobi National Park’s ecosystem, see Ong’ondo et al. (2025).

Maasai Mara, located approximately 300 km southwestern of Nairobi city, comprises Masai Mara National Reserve and several conservancies. The Masai Mara ecosystem is characterized by a diverse landscape that provides habitat to a lot of wildlife species including numerous bird species. Despite its ecological importance, the Masai Mara ecosystem faces challenges attributed primarily to agricultural expansion and settlements outside the reserve (Thompson et al., 2002; Kariuki et al., 2021). Human activities within the Maasai Mara intersect with traditional pastoralism and conservation, which are practiced by the indigenous Maasai community.




3 Materials and methods



3.1 Response variables

We extracted bird data from the KBM portal for the years 2013 to 2023, using only full protocol card records (https://kenya.birdmap.africa). KBM is a citizen science initiative where bird observation lists (cards) are submitted by individual contributors (Njoroge and Brooks, 2019; Ong’ondo et al., 2025). These records undergo vetting by KBM representatives before being averaged and uploaded as official records. The submitted cards can be categorized as full protocol or ad hoc. Full protocol cards involve detailed surveys lasting a minimum of two hours over a 5-day period and cover a range of land cover types, whereas ad hoc cards involve shorter, opportunistic surveys of less than two hours (Njoroge and Brooks, 2019; Ong’ondo et al., 2025). For our analysis, we filtered data on bustard, harrier, harrier-hawk, and stork, specifically selecting pentads with more than four card submissions from each of the three study regions (Figure 1). The proportion of cards reporting each species within a pentad (reporting rate) was used as a relative index of abundance in the analysis.




3.2 Explanatory variables

We built upon the methodology developed by Ong’ondo et al. (2025) and applied geographic information systems (GIS) and remote sensing (RS) techniques, utilizing Sentinel-2B imagery and Google Earth Engine (GEE) to map, analyze, and predict the spatial distribution of key land cover types across the three study regions (Figure 1). Sentinel-2B (COPERNICUS/S2) images for December 2023 were obtained from the Copernicus Open Access Hub (https://scihub.copernicus.eu/), and only those with less than 0.5 percent cloud cover were retained to ensure high quality data. The imagery was processed by applying a median value compositing technique for each pixel, followed by clipping the images to the study areas (Figure 1) to focus the analysis on the regions of interest (ROI).

The boundaries of these study areas were defined using boundary shapefiles, which were incorporated into GEE to delineate the ROI for subsequent image classification. Training samples for classification were gathered within the ROI, consisting of polygons delineating known land cover types (forest, grassland, bare soil/barren, shrubland, and woodland). These training samples were organized as a Feature Collection within GEE, with each feature assigned a specific class label.

To classify the images, all available spectral bands from the Sentinel-2B data were used. A Classification and Regression Tree (CART) algorithm was selected due to its efficiency in handling complex spectral data and its ability to produce accurate land cover classifications. The classifier was trained using a dataset split into 70% for training and 30% for testing. After training, the classifier was applied to the entire Sentinel-2B image dataset within the ROI, classifying each pixel into one of the predefined land cover classes based on its spectral properties. Classification accuracy was evaluated by using independent validation data or ground truth points, which were not part of the training set. The classification performance was assessed using overall accuracy and kappa statistics.

Finally, the classified land cover layers were downloaded into R software, where the landscape metrics package (Hesselbarth et al., 2019) was used to calculate the composition and configuration of land cover types across the study regions.




3.3 Statistical analysis

To evaluate landscape metrics across the study regions, we calculated variables representing both land cover composition and landscape configuration. Land cover composition was characterized by the presence and extent of distinct land cover types, while landscape configuration was quantified using metrics such as edge density and patch density. These metrics were selected for their ecological relevance to habitat fragmentation and their potential influence on grassland bird abundance (Fletcher and Koford, 2002; Winter et al., 2006). Together, they offer an understanding of the structural attributes of the landscape that may shape bird populations.

To ensure the reliability and interpretability of our model, we assessed multicollinearity among explanatory variables. Variance Inflation Factors (VIF) were calculated to quantify the extent to which each predictor variable was linearly related to others. While the literature suggests varying thresholds for acceptable VIF values, ranging from 10 (Hair et al., 1998) to 2 (Kock and Lynn, 2012), we conservatively adopted a threshold of 7 to balance statistical rigor and ecological relevance. Variables with the highest VIF values were iteratively excluded following a stepwise procedure (Dormann et al., 2012). This process resulted in the removal of forest, bare soil, water, and edge density, leaving grassland, woodland, and shrubland as representative composition metrics and patch density as a configuration metric. The robustness of these retained variables was further verified through Pearson correlation matrices, which verified the absence of strong inter-variable correlations (|Pearson’s r| < 0.4).

While edge density is a widely used metric for assessing habitat fragmentation (Howell et al., 2021), we excluded it in favor of patch density. Patch density offers a more direct and ecologically meaningful measure of habitat structure, particularly for grassland birds (Winter et al., 2006). This decision reflects a careful evaluation of the ecological significance of landscape configuration and its implications for bird species (Dunning et al., 1992; Pulliam et al., 1992).

To address spatial and temporal variations in bird abundance across the study regions, we employed a standardized weighting approach. Total bird counts for each group were calculated and proportionally distributed to reflect their ecological significance in the dataset. This method ensured that the analysis accurately represented the contributions of each group to overall abundance patterns.

Building on the methodology established in our previous study (Ong’ondo et al., 2025), we used a linear mixed-effects model to predict the distribution and abundance of bustards, storks, and harriers across the three regions. In earlier work, logistic regression was employed to analyze the relationship between land cover types and bird abundance in Nairobi National Park (NNP). Here, we extended that analysis to include additional regions and applied the linear mixed-effects model, which offers a more robust approach for prediction.

We followed a series of preprocessing steps to ensure the accuracy and reliability of our statistical analysis. First, we handled zero values by adding a small constant (0.0001) to all dataset columns, allowing for mathematical manipulation while maintaining the data’s integrity. Second, we centered and scaled the data to have a mean of zero and a standard deviation of one, which helped to eliminate any inherent biases and enabled meaningful comparisons across regions.

The following regression model was fitted to examine the relationship between land cover types and bird responses across the three study areas. Land cover types were considered significant predictors if the p-value was less than 0.05.

	

Where Abundance represents the observed bird response in the study area. The intercept (β0​) represents the baseline abundance when all predictors are at their mean values (centered and scaled). Specifically, for each bird group, this means that the abundance in a study area is predicted based on the average values of the land cover types (grassland, woodland, shrubland, patch density, respectively) in the model. A positive intercept indicates that, under average habitat conditions, bird abundance is expected to be higher, while a negative intercept suggests lower expected abundance under those same conditions.

The coefficients (β1​, β2, β3, β4) represent the fixed effects of land cover types (grassland, woodland, shrubland, and patch density, respectively) on bird abundance. A positive coefficient indicates that an increase in a given land cover type is associated with higher bird abundance (positive response), while a negative coefficient suggests that greater coverage of a particular land cover type leads to reduced bird abundance (negative response). Finally, the term ϵ captures any unexplained variability in the model.





4 Results

We extracted a total of 50,717 records for 16 species reported across the three study regions from 2013 - 2023; these records spread across the three focus groups were: bustards (~20,497 records), harriers (~7,427 records), and storks (~ 22,792 records) (Table 1). Comparing regions, Masai Mara had the highest number of records of all total species (~ 25,799 records), and Nairobi National Park had the least (~ 5,308 records) (Table 1). The three regions had a cumulative 16 species, and 15 species each. The distribution of species varied across the regions, with some being unique to specific regions. For example, the buff-crested bustard (Lophotis gindiana) was only recorded in Laikipia County. The woolly-necked stork (Ciconia episcopus) was recorded in both Nairobi National Park and Masai Mara, but not in Laikipia County (Table 1).


Table 1 | The number of KBM records (2013-2023) for grassland bird species (and groups) for the three study regions, Laikipia County, Masai Mara and Nairobi National Park.



The highest single species records by region included white-bellied bustard (Eupodotis senegalensis) and Kori bustard (Ardeotis kori) (~ 4,222 and 3,000 records, respectively) in Laikipia County; white-bellied bustard (Eupodotis senegalensis) and marabou stork (Leptoptilos crumenifer) (~ 4,274 and 4,077 records, respectively) in Masai Mara; and Marabou stork (Leptoptilos crumenifer) and yellow-billed stork (Mycteria ibis) (~1,873 and 1,027 records, respectively) in Nairobi National Park (Table 1).

The species with the least record by region were African marsh harrier (Circus ranivorus) and Hartlaub’s bustard (Lissotis hartlaubii) (~ 210 and 242 records, respectively) in Laikipia County; western marsh harrier (Circus aeruginosus) and African marsh harrier (Circus ranivorus) (~ 179 and 203 records, respectively) in Masai Mara; African marsh harrier (Circus ranivorus) and Woolly-necked stork (Ciconia episcopus) (~8 and 13 records, respectively) in Nairobi National Park (Table 1). The three regions had different numbers of pentads; Laikipia County had 20 pentads; Masai Mara, 19 Pentads; and Nairobi National Park 3 Pentads (Table 2). In addition, the classification results from Google Earth Engine (Figure 2) illustrate the distribution of land cover types across the three regions and highlight the spatial variation within each study area.


Table 2 | Land cover composition across pentads in Masai Mara, Laikipia County and Nairobi National Park, Kenya.






Figure 2 | Land cover classification map showing the spatial distribution of land cover types across the three study regions: Nairobi National Park (A), Masai Mara National Reserve (B) and Laikipia County (C), Kenya where Kenya bird map data was collected, 2013-2023.



Our regression results indicated that bustards responded positively to patch density, with a mean estimate of 26.3 (SE = 11.7, P < 0.05), and negatively to woodland and shrubland, with mean estimates of -16.1 (SE = 4.7, P < 0.05) and -4.6 (SE = 1.7, P < 0.05), respectively (Table 3; Figure 3). However, there was less evidence of grassland having a negative effect on bustards, as indicated by a mean estimate of -8.8 (SE = 4.5, P = 0.05, Table 3; Figure 3). Storks indicated positive responses to grassland and woodland with mean estimates of 13.6 (SE = 3.8, P < 0.05) and 12.1 (SE = 4.4, P < 0.05) respectively (Table 3; Figure 4). However, there was less evidence of patch density having a negative effect on storks, as indicated by a mean estimate of -24.8 (SE = 12.6, P = 0.05, Table 3; Figure 4). Harriers indicated a negative response to woodland, with mean estimates of -8.8 (SE = 4.1, P < 0.05, Table 3; Figure 5).


Table 3 | The relationship between bird abundance and predictor variables, estimated by the linear mixed-effects model, was analyzed for bustards, storks, and harriers in Laikipia County, Nairobi National Park, and Masai Mara, Kenya.






Figure 3 | Predicted response of bustard bird species to land cover composition and configuration (X-axis) in three study areas: Laikipia County, Nairobi National Park, and Masai Mara, Kenya, using bird observation records from the KBM (2013-2023).






Figure 4 | Predicted response of stork bird species to land cover composition and configuration (X-axis) in three study areas: Laikipia County, Nairobi National Park, and Masai Mara, Kenya, using bird observation records from the KBM (2013-2023).






Figure 5 | Predicted response of harrier bird species to land cover composition and configuration (X-axis) in three study areas: Laikipia County, Nairobi National Park, and Masai Mara, Kenya, using bird observation records from the KBM (2013-2023).






5 Discussion

We used KBM data to analyze the spatial and temporal patterns of bustards, storks, and harriers’ abundance and distribution across Kenya’s landscape. Our analysis demonstrated the value of KBM data in predicting species distribution and provided essential knowledge of how specific land cover types affect these species. The research identified key ecological zones supporting bustards, storks, and harriers and quantified the impact of land cover composition (e.g., woodland, grassland) and configuration (e.g., patch density) on their abundance and spatial distribution.

The unique presence of buff-crested bustard (Lophotis gindiana) only in Laikipia County and woolly-necked stork (Ciconia episcopus) in both Nairobi National Park and Masai Mara suggest distinct ecological variation and differences in species distribution across these regions. Kennedy (2014) and Lewis and Pomeroy (2017) described the buff-crested bustard (Lophotis gindiana) as an inhabitant of arid to semiarid climates with stony land cover types. Laikipia County, with its expansive semi-arid landscapes and rocky outcrops, provides these specific habitat conditions preferred by this species, which likely account for the species’ absence from the more humid and densely vegetated regions such as Nairobi National Park and Masai Mara. In contrast, the woolly-necked stork (Ciconia episcopus), was only observed in Nairobi National Park and Masai Mara, both of which offer critical habitat components such as wetlands and open spaces needed for the species’ survival. The absence of such resources in Laikipia County likely restricts the stork’s occurrence in this region. Studies have shown that storks prefer working landscape with wetlands and open spaces as opposed to natural landscape (Johst et al., 2001; Kamiński et al., 2020; Kittur and Sundar, 2020).

The landscape complementation hypothesis (Turner, 1989; Dunning et al., 1992) suggests that species response is favored in landscapes defined by juxtaposition and interspersion, where diverse land cover types containing key resources are closely associated. We argue that the observed positive response of bustards is influenced by both the composition and configuration of the landscape, particularly the proximity and arrangement of grassland, woodland, and shrubland patches, along with patch density. These features likely provide essential ecological resources such as food, shelter, and suitable nesting sites. However, the effect of land cover composition and configuration varied when examined independently, emphasizing that both the types of land cover and their spatial arrangement contribute to the observed species distributions.

García et al. (2007) found that diverse, mosaic land cover benefits fragmented little bustard populations. Our analysis is consistent with this, demonstrating a positive response of bustards to patch density, which underscores the role of spatial arrangement in facilitating suitable habitat conditions (Turner, 1989; Dunning et al., 1992). Higher patch density reflects a mosaic of land cover types with varied spatial arrangements, which offer diverse foraging and nesting opportunities for bustards. The interspersed and juxtaposed land cover types in these landscapes provide both the ecological resources and spatial structure essential for the species’ survival. Woodland and shrubland exhibited significant negative responses on bustard distribution and abundance, highlighting low-quality covers for bustard requirements. These results are consistent with previous studies emphasizing the preference of bustard species for open, less vegetated landscapes (Wolff et al., 2002; Kennedy, 2014; Mmassy et al., 2019), further highlighting the critical importance of habitat configuration in determining species distributions.

The negative, though not significant, effect of grassland on bustard response suggests that grasslands, while less detrimental than woodlands or shrublands, still influence the species’ habitat use. Extensive grassland management practices, particularly those aimed at maximizing livestock feed production in Laikipia County and Masai Mara, may significantly alter the structural composition, disturbance regimes, and spatial arrangement of grassland ecosystems. Bernath-Plaisted et al. (2023) emphasized that grassland bird declines are driven by persistent threats throughout their annual cycle, including habitat loss, agricultural intensification, woody encroachment, and grazing regimes. Our findings align with this perspective, suggesting that these livestock-driven changes disrupt the availability of essential resources for bustards. For instance, intensive grazing and the conversion of grasslands into pastures may reduce suitable nesting sites, limit access to foraging areas, and diminish protective vegetation cover. Moreover, previous studies indicate that bustards show a marked preference for natural, undisturbed grasslands and tend to avoid managed pastures due to frequent disturbances, including livestock grazing and associated human activities (Johnsgard, 1991; Dutta et al., 2010).

The variability in stork responses to different land cover types highlights the suboptimal conditions of current landscapes for supporting stork populations. Our findings suggest that grasslands and woodlands provide critical resources for storks, including foraging areas, water sources, and nesting sites essential for their survival and reproduction. Storks favor open habitats, which facilitate access to prey such as small fish, amphibians, and insects, resources that are more visible and accessible in these environments (Herremans and Herremans-Tonnoeyr, 1993; Gerkmann et al., 2008; Kronenberg et al., 2017; Orłowski et al., 2019). Open spaces also enhance flight efficiency, a crucial factor for storks that forage and migrate over large distances (Gerkmann et al., 2008).

In contrast, dense shrublands limit visibility and mobility and impedes the storks’ ability to detect and capture prey, which may explain the weak positive association observed with this land cover type. Moreover, the negative relationship between patch density and stork response indicates that fragmented landscapes disrupt foraging efficiency by scattering prey too thinly across the habitat, making it more challenging for storks to locate sufficient food. These findings underscore the importance of preserving critical land cover types and ensuring landscape connectivity to maintain functional habitats for storks.

The negative response of harriers to woodland habitats is likely due to changes in both land cover composition and configuration, which reduce the availability of key prey species such as rats, moles, and voles. Changes in vegetation structure, such as excessive tree thinning or dense shrub growth, reduce prey visibility and movement (Morán-López et al., 2015; Zhang et al., 2016). Additionally, fragmentation of woodland habitats, driven by development and land use changes, disrupts prey populations and limits habitat connectivity. These factors, influenced by both composition and configuration, ultimately reduce the habitat’s suitability for harriers. Bersaglio and Enns (2024) argued that the “violent ecological transformation” in Laikipia has led to a simplified and less heterogeneous landscape. This trend has also been documented in other regions (Ndegwa Mundia and Murayama, 2009; Ogutu et al., 2009; Khalid Kija et al., 2020).




6 Conclusion

For the first time, our study has recognized the importance of ongoing efforts to incorporate KBM data with complementary ecological datasets to enhance our understanding of bird communities and their responses to environmental changes. Utilizing KBM data’s extensive spatial coverage and long-term monitoring capabilities, researchers can elucidate complex ecological relationships and identify critical conservation priorities across various landscapes. This integration between KBM data and environmental variables signifies immense potential for advancing evidence-based conservation initiatives and safeguarding avian biodiversity locally and globally. Moving forward, continued collaboration between researchers, conservation practitioners, and data custodians is essential to utilize the full capacity of KBM in addressing pressing ecological challenges and promoting sustainable conservation and management of natural resources.
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Land cover classes composition and configuration

ar bn shr wd
0100_3510 ‘ 22 358 224 20.8 188 10.5 0.1
0100_3515 ‘ 6.4 252 255 13.7 292 9.1 0.1
0105_3505 1.4 351 312 159 163 9.8 0.1
0105_3510 25 29.7 44.0 9.9 139 78 0.1
0105_3515 5.8 19.8 20.0 257 287 9.9 0.1
0115_3455 37 44.8 5.6 29.8 16.0 8.7 0.1
0115_3500 42 527 16.8 11.5 148 73 0.1
0115_3510 0.1 359 55.7 1.0 74 7.6 0.1
0120_3455 03 63.8 107 156 9.6 6.8 0.1
0120_3500 0.2 41.7 272 77 233 9.1 0.1
Masai Mara
0120_3505 1.6 26.8 56.7 29 12.0 74 0.1
0120_3515 0.0 328 59.5 0.6 7.04 7.1 0.1
0120_3520 0.0 79 78.0 0.3 13.7 54 0.1
0125_3500 1.3 43.7 19.3 121 23.6 9.5 0.1
0125_3510 03 29.2 59.5 27 83 7.0 0.1
0125_3515 0.2 338 419 3.0 211 87 0.1
0125_3520 0.1 18.8 544 22 245 9.0 0.1
0130_3510 0.0 29.1 558 32 11.9 6.8 0.1
0130_3515 0.3 35.0 40.0 4.0 20.7 9.0 0.1
0130_3520 1.3 14.5 33.1 94 41.6 9.7 0.1
0045_3635 0.0 25.1 17.8 472 9.8 84 0.1
0030_3645 0.0 26.6 275 20.5 255 116 0.2
0020_3725 0.1 22.8 231 393 14.8 64 0.1
0020_3650 0.0 289 535 105 7.1 6.1 0.1
Laikipia County
0020_3630 0.8 29.8 29.1 19.7 20.7 104 0.1
0015_3730 0.6 14.5 207 238 40.3 77 0.1
0015_3725 0.6 89 30.5 523 7.7 4.8 0.1
0015_3720 1.3 123 19.5 50.1 16.8 6.5 0.1
0015_3715 0.7 16.3 13.7 39.1 302 94 0.1
0010_3725 17.3 19.1 12.1 12.0 39.5 7.7 0.1
0010_3645 0.0 19.6 207 572 24 6.1 0.1
0010_3640 0.0 17.1 230 55.6 43 6.8 0.1
0010_3635 ‘ 0.2 214 218 46.8 9.8 8.1 0.1
0005_3705 4.9 155 21.0 29.0 297 10.6 0.2
0005_3700 19.5 17.4 6.1 152 418 104 0.2
0005_3655 3.0 289 124 234 324 113 0.2
0005_3650 0.5 231 6.8 522 17.3 89 0.1
0005_3645 0.05 23.0 4.6 63.7 8.8 6.7 0.1
0000_3705 46.6 11.3 5.1 7.0 296 7.5 0.1
0000_3700 5.0 259 13.1 256 304 113 0.2
0120_3645 4.8 326 227 14.6 253 7.7 0.1
Nairobi 0120_3650 0.2 56.0 103 289 4.6 5.6 0.1
0120_3655 0.1 76.3 4.9 152 35 52 0.1

‘The columns fr - wd are the percentage composition (where: fr, forest; gr, grassland; bn, barren ground; shr, shrubland; wd, woodland), while ed and pd represents landscape configuration
(where ed = edge density and pd= patch density).
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Bustar Estimate Standard error (SE)  Standard deviation (SD) P-val
Intercept 168.7 47.1 6.7 0.0006
Grassland -8.8 45 2.1 0.0515
‘Woodland -16.1 4.7 22 0.0010
Shrubland -4.6 17 13 0.0073
Patch density 26.3 11.7 34 0.0281
Stork Intercept -117.7 434 6.6 0.0080
Grassland 13.6 38 19 0.0006
‘Woodland 12.1 4.4 21 0.0074
Shrubland 1.3 16 12 0.4183
Patch density -24.8 126 35 0.0509
Harrier Il Intercept 79.3 364 6.0 | 0.0359
grassland -0.2 0.2 0.4 0.1888
Woodland -8.8 4.1 20 0.0363
shrubland -24 13 12 0.0779
patch density 13.2 104 32 0.2097

The ‘Estimate’ denotes the fixed effect size for each variable, derived from the model’s fitted parameters, and reflects both the magnitude and direction of the relationship. The ‘Standard error’
quantifies the precision of each parameter estimate and represents the variability due to sampling error. The ‘Standard deviation® captures the dispersion of random effects, indicating variability
across grouping factors. The ‘p-value’ evaluates the statistical significance of each predictor, with values below 0.05 providing strong evidence to reject the null hypothesis of no effect.
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Bustard a County Masai Mara Nairobi National Park Total
Black-bellied 1568.4 3062.5 100.5 47314
Buff-crested 844.1 0.0 0.0 844.1
Hartlaub’s 2424 266.0 21838 727.2
Kori 2999.6 1735.1 2887 5023.4
White-bellied 42221 42738 6754 9171.3
Total 9876.6 93374 12834 20497.4
Harrier
African Marsh 209.9 203.3 8.0 4212
Montagu’s 1379.8 1407.9 123.1 2910.8
Pallid 17528 11480 1238 3024.6
Western Marsh 785.0 179.2 106.3 1070.5
Total 41275 29384 3612 7427.1
Stork
Abdim’s 3315 ] 4773 329 8417
Black 2926 804.3 2280 1324.9
Marabou 15137 4076.5 1872.6 7462.8
Saddle-billed 690.4 12517 2935 2235.6
White 698.4 1376.4 1969 22717
Woolly-necked 0.0 21804 13.0 2193.4
Yellow-billed 2079.9 3356.3 10266 6462.8
Total 5606.5 13522.9 3663.5 22792.9
Grand Total 19610.6 25798.7 5308.1 50717.4

Zeros indicates that no records were submitted.





