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Abstract 
The 2020 mass mortality of 350 African elephants (Loxodonta africana) in Botswana sparked global 1 
concern. These deaths have been linked to cyanobacterial toxins (cyanotoxins) in local watering holes 2 
(pans), but evidence remains inconclusive. Our study presents the first detailed spatial analysis that 3 
explores the relationship between the ecohydrology of 3,389 regional pans with the locations of 4 
deceased elephants. Our findings reveal a significant difference in the distribution of fresh versus older 5 
elephant carcasses (p < 0.001), suggesting that the die-off event deviates from typical regional patterns 6 
of elephant deaths. We identified twenty pans near the sites of fresh carcasses that experienced more 7 
phytoplankton (microalgae or cyanobacteria) bloom events in 2020 (n = 123) compared to the previous 8 
3 years combined (n = 23), exhibiting the highest average phytoplankton biomass of the period 2015-9 
2023 (Normalised Difference Chlorophyll Index > 0.2; p < 0.001). These findings suggest a high risk 10 
and likelihood of cyanotoxins as the poisoning source. Our spatial analysis indicates elephants walked 11 
an average of 16.5 km (± 6.2 km) and died within 88 hours (± 33 hours) from initial exposure, offering 12 
metrics that were previously unknown for elephants. This study presents important new evidence that 13 
implicates cyanobacterial toxicity in the 2020 mass die-off and provides a general framework for 14 
investigation of future mortality events of large mammals. We underscore the need to integrate spatial 15 
analysis and ecohydrological assessments to better monitor and mitigate animal mortality events and 16 
inform conservation strategies. 17 

Introduction
The 2020 die-off of 350 elephants in Botswana was one of the biggest mortality events of large mammals in southern 18 
Africa in recent years. The remote location in the north-eastern sector of Botswana known as the eastern Okavango 19 
Panhandle, and timing at the peak of the COVID-19 pandemic, hindered attempts to respond to and investigate the 20 
event1. Although this area is a known poaching hotspot in Botswana2, this was ruled out since elephant carcasses 21 
were found with tusks intact3. Other initial theories included virulent and bacterial causes, such as 22 
encephalomyocarditis virus or anthrax, but evidence from the field, such as the fact that only elephants appeared 23 
to be affected, the age of dead elephants, and the absence of clinical signs, deemed both unlikely4. The cause of 24 
the die-off has been officially attributed to environmental intoxication by cyanobacterial toxins, also known as 25 
cyanotoxins5. A recent study, however, found evidence of Pasteurella sp. from carcasses from a die-off event of 35 26 
elephants in neighbouring Zimbabwe in 2020, and suggested this bacterium as an alternative cause of the die-off 27 
in Botswana6.  28 
Cyanobacteria are a group of benthic or planktonic phototrophic prokaryotes often abundant in turbid, stagnant, 29 
and nutrient-rich waters, and several bloom-forming species can cause harm due to the production of toxins7. 30 
Evidence suggests that phytoplankton (microalgae or cyanobacteria) blooms, events in which population size 31 
increases exponentially due to favourable conditions8, are becoming more frequent worldwide due to increased 32 
anthropogenic nutrient input and climate change9. Links between harmful blooms and animal mortality events are 33 
well represented in literature, including cyanotoxin poisoning10,11. Cyanobacteria are a common occurrence in water 34 
bodies in southern Africa12,13, and have previously been linked to wildlife mortality events14.  35 
The Okavango Delta is hydrologically complex and characterised by ephemeral waterbodies filled by seasonal 36 
flooding or local rainfall alongside the river itself and associated lakes. Building upon recent studies that revealed 37 
increased phytoplankton bloom occurrences in perennial lakes of the Okavango Delta in 202015, our research 38 
focuses on the eastern Okavango Panhandle area, directly where the die-off occurred. Satellite-derived indices like 39 
the Normalised Difference Chlorophyll Index (NDCI)16 and the Automated Water Extraction Index (AWEI)17 are used 40 
as proxies for phytoplankton biomass and water availability in waterholes or pans. The generic NDCI is used to 41 
estimate chlorophyll-a concentration because other diagnostic alternatives do not exist for small and shallow 42 
waterbodies. Spatial analysis including reconstruction of animal movement were subsequently used to explore 43 
relationships between potential sources of cyanotoxins and specific elephant mortality locations. This is the first 44 
demonstration of a comprehensive spatial analysis into large animal mortality, addressing a crucial gap in 45 
understanding the relationship between pan conditions and elephant deaths. We investigate whether the ’proximity 46 
of carcasses to pans with suspected phytoplankton bloom activity corroborates the hypothesis that deteriorating 47 
water quality has caused the die-off. Our results contribute to elucidating the causes behind such mass mortality 48 
events and demonstrate the utility of incorporating spatial analysis into routine wildlife health monitoring. This 49 
approach enhances wildlife conservation efforts and informs public health strategies, providing vital insights for 50 
potentially preventing and controlling future incidents. 51 

 
Results 
Spatial analysis of elephant carcasses and live elephants 
The mass mortality event in Botswana occurred in the eastern Okavango Panhandle region within the concession 52 
areas NG11, NG12, and NG13, in the north-easternmost sector of the Okavango Delta (Fig. 1). The area is enclosed 53 
by veterinary fences to the north (a double border fence with Namibia) and a ‘buffalo fence’ to the east and south. 54 



These fences were originally installed to prevent the transmission of infectious diseases from wild animals to 55 
domestic animals, like the foot and mouth disease carried by buffalos18, and lung disease in cattle19. An aerial 56 
survey carried out in mid-July 2020 to investigate the event using a small aircraft20 revealed 161 fresh carcasses 57 
(estimated from their state of decomposition to have been dead less than 6 months; named carcasses hereafter), 58 
222 old carcasses (dead between 6 months and 10 years; bones hereafter), and 2,682 live elephants across the 59 
area21. The dead elephants were of varying age, with tusks intact, and no carcasses of other wildlife or livestock 60 
species were observed. We used bones as an indication of what a ‘normal’ or ‘natural distribution of carcasses 61 
across the eastern Okavango Panhandle should be, whereas we assumed that carcasses with skin were very 62 
recent thus associated with the die-off event. 63 
The spatial distribution of elephant carcasses significantly differed from that of bones and live elephants, with 64 
carcasses notably closer to pans (Two-Samples Kolmogorov-Smirnov test, KS test, p<0.001). Specifically, live 65 
elephants were mainly observed in dry woodlands, particularly in the NG11 and NG13 sectors of the eastern 66 
Panhandle, and dispersed across the NG12 area, near the Okavango Delta wetland system and along the “buffalo” 67 
veterinary fence (Fig. 2). In contrast, bones were scattered more broadly across the landscape, covering an area 68 
of approximately 6,500 km², with notable concentrations near the eastern Panhandle’s wetlands. Carcasses, 69 
however, were primarily found in a more confined area (~4,350 km²), considerably distant from the wetlands and 70 
human settlements. Our analysis revealed significant differences in the proximity of each elephant category to water 71 
sources (KS test, p<0.001). Carcasses were, on average, located closer to pans (1,635 m ± 2,317 m) compared to 72 
bones (4,545 m ± 3,477 m) and live elephants (5,672 m ± 3,814 m). Distinct clustering patterns emerged among 73 
the categories. Live elephants exhibited the most pronounced clustering, followed by carcasses, then bones. This 74 
variance was statistically significant (KS test, p<0.001), highlighting different spatial behaviours and associations. 75 
Specifically, bones showed the greatest number of clusters (n=14), indicative of widespread dispersion, followed 76 
by live elephants (n=13), and carcasses (n=5), with the average number of individuals per cluster being substantially 77 
higher for carcasses (n=29±54) than for bones (n=11±11) or live elephants (n=9±5). Notably, a significant portion 78 
of the carcasses were found within a single cluster (n=126), hinting at a common underlying cause for these deaths. 79 
Given these results, we decided to focus the remainder of the analysis solely on the location of the fresh carcasses 80 
arisen from the die-off. 81 

 
Fig. 1 | Map of the eastern Okavango Panhandle area in northern Botswana and the veterinary fence enclosing it. The satellite image on the 
left shows the Okavango Delta, located in the north of Botswana, in May 2020. The image was obtained using Google Earth Engine and it is the 
median product of images captured by Sentinel-2 in the period 15-31/05/2020, at Level-2A (surface reflectance). The blue dotted lines show the 
boundaries of the concession areas NG11, NG12 and NG13, whereas the orange lines show the boundaries of the veterinary fence, which runs 
along the border with Namibia in the north. The green shape to the right shows the territory of Botswana, and the black areas within it are areas 
where water is regularly detected. 

 



Ecohydrology of pans and climate 
We identified 3,389 unique pans in the eastern Okavango Panhandle, and examination of their ecohydrology 82 
revealed a major shift in water availability and phytoplankton growth between 2019 and 2020. This suggests 83 
potential implications for water quality, which may have impacted local wildlife. Using imagery from the Sentinel-84 
2A/B Multispectral Instrument (MSI) from August 2015 to September 2023, we observe strong interannual 85 
fluctuations in the number of pans. The highest number of pans was observed in 2021 (n = 3,389), while the lowest 86 
was recorded in 2016 (n = 724) (not considering 2015, for which image collection started from August). We 87 
employed Moran’s I local spatial association statistic to identify pans spatially related with the central locations of 88 
carcass clusters, rather than with individual positions (Fig. 1 in Supplementary Information 1). This approach 89 
assumes that elephants dying within the same cluster would have faced similar environmental influences from 90 
nearby water sources. By analysing cluster centres, we were able to narrow our study to a set of 1,232 pans spatially 91 
related to carcasses cluster centres. We conducted a temporal analysis on these pans to assess changes in 92 
Normalised Difference Chlorophyll Index (NDCI), used as a proxy for phytoplankton biomass, and Automated Water 93 
Extraction Index (AWEI), used as a proxy of water availability, alongside precipitation and temperature data. The 94 
data was converted into bi-weekly averages to reduce noise and account for varying satellite overpass (3-5 days), 95 
as well as missing images due to cloud cover. NDCI exhibited consistently high values since 2020, contrasting with 96 
more variable pre-2020 levels (Fig. 3). AWEI values showed a dramatic increase in water availability from 2020 97 
onwards, diverging from consistently low levels before 2019. Contextualising these findings against background 98 
environmental conditions, we found that 2019 had one of the lowest precipitation levels in the period 2012-2022, 99 
second only to 2015, and followed by a wet 2020. Temperature in 2019 was much higher than the 2012-2020 100 
average and followed by a relatively cooler 2020. Pans in proximity to carcass cluster centres revealed that a 101 
marked increase in water availability coincided with sustained high phytoplankton biomass, as evidenced by post-102 
2019 NDCI. The drastic changes in ecohydrological and climate conditions, particularly in the shift between 2019 103 
(i.e., notably low rainfall and high temperatures) and 2020 (i.e., high rainfall and lower temperature), underscore the 104 
likelihood for altered water quality and increased harmful cyanobacteria bloom risks. These environmental 105 
dynamics, occurring in tandem with the carcass spatial clustering, provide compelling evidence of water quality 106 
deterioration as a significant factor in the mass die-off event. 107 

 
Fig. 2 | Individual clustering of bones, fresh carcasses, and live elephants, kernel density estimates, and related distances to nearest 
pans. Panels A, C and E show the distribution of bones, fresh carcasses, and live elephants across the eastern Okavango Panhandle, respectively. 
The coloured shadings around the points represent the kernel density estimates of their distributions, and their colour weight is gradually more 
intense towards areas of higher concentrations of points. The dotted black lines represent the veterinary fence. Panels B, D and F show boxplots 



of the distances between individuals and the nearest pan by cluster for bones, carcasses, and live elephants, respectively. For bones and carcasses, 
we used the location of pans visible to Sentinel-2 (S2) in April 2020 (i.e., the maximum number of pans detected during the wet season in 2020), 
whereas for live elephants we used the location of pans visible to S2 at the time of the aerial survey (July 2020). Clusters numbered as -1 and 
coloured in red in the maps and in the boxplots are groups of individual points that are not statistically significant in the overall dispersion of the 
three categories (p>0.05). These are points that do not belong to any cluster and were not included in the analysis. The points in panels A, C, and 
E, are coloured such that they match the colour of the cluster they belong to in the boxplots in panels B, D and F, respectively. The legends to the 
right of the image refer to the panels in the same row, and ‘N’ refers to the total number of individuals belonging to each of the clusters. 

 
Distance covered by elephants before death 
Toxicological timelines of cyanotoxin-related animal deaths in the literature10 suggest an association between 108 
animal size and time of death, the latter occurring between 15 minutes and 120 hours (hrs) after initial exposure 109 
(Table 2 in Supplementary Information 1). Most of these studies focus on dogs, cattle, and sheep, with some 110 
instances of wildlife reporting like deer and rhinoceros. Extrapolating these findings to elephants, we looked at 111 
potential timeframes of 24, 48, 72, 96, 120, and 144 hrs. We then calculated feasible travel ranges using the 112 
average speed of 4.5 km per day in this area22 (Fig. 2 in Supplementary Information 1) to give potential distances 113 
between cyanotoxin exposure and death. Furthermore, since the potential distances were calculated concentrically 114 
from the cluster centres, we integrated three standard deviation ellipses23 from cluster centres to account for the 115 
directional distribution of the carcasses. This was based on the premise that elephants do not move in a single 116 
direction throughout the day24 and to weigh-in the arrangement of carcasses across the landscape. By considering 117 
areas shared by all circular distances and standard deviation ellipses, noting the relatively even spread of carcasses 118 
across these areas, we estimated that elephants may have walked an average of 16.5 km (±6.2 km) after initial 119 
exposure to harmful cyanobacteria blooms and cyanotoxins and could have died within 88 hrs (±33 hrs). 120 

 
Fig. 3 | Long-term trends in water availability and algal biomass of pans close to fresh elephant carcasses cluster centres. The four panels 
on the left show the bi-weekly averages of the Normalised Difference Chlorophyll Index (NDCI), the Automated Water Extraction Index (AWEI), air 
temperature and precipitation, from top to bottom, respectively. The two vertical dotted lines are positioned between January 2019 and January 
2020 to highlight the ecohydrological and climatic condition in the Eastern Okavango Panhandle region in the year preceding the mass mortality 
event. The four bar plots on the right show the anomaly between the annual average and the long term means for NDCI, AWEI, air temperature and 
precipitation, from top to bottom, respectively. Long-term averages for NDCI and AWEI were limited to the years of Sentinel-2 MSI observations and 
restricted to the period 2016-2022 to take into account the full 12 months in each year. Long-term averages for air temperature and precipitation 
were obtained from the period 2010-2022. 
 
Potential sources of the die-off 
To indicate high phytoplankton biomass for pans in the region we used a threshold of NDCI = 0.3. We obtained this 121 
figure by adding the mean and standard deviation (SD) of NDCI of all previously identified 1,232 pans between Aug 122 
2015 and Sep 2023 for each timestamp (i.e., bi-weekly averages), and pulled the maximum value from the upper 123 
SD. Additionally, to identify bloom events we arbitrarily used an increase of NDCI = 0.1 between consecutive 124 
timestamps. Using these metrics, we further narrowed the 1,232 pans spatially associated to carcass cluster 125 
centres to a set of 151 pans. These pans where within the identified elephants’ area of travel, that either showed 126 
NDCI > 0.3 or experienced sharp NDCI increases (0.1 units) between consecutive timestamps, or both, at least 127 



once in 2020 (Table 1 in Supplementary Information 2). Strikingly, these 151 pans were all spatially associated with 128 
the largest cluster of carcasses (cluster 1; Fig. 2 C and D). These pans showed repeated high-biomass events, 129 
with NDCI values up to 0.5, especially in the period 2020 and 2021. The period between April and May 2020 showed 130 
the highest algae production, although highly productive pans and bloom events were recorded throughout the 131 
year. On average, these pans had water in the period Jan-Jul 2019 only 11% of the time, compared to 55% during 132 
the same period in 2020. 133 
To find the most likely sources of poisoning within the elephants’ area of travel, we used the same NDCI 134 
thresholding described earlier on the 151 pans, specifically looking for pans that experienced repeated (more than 135 
twice) high phytoplankton biomass events in 2020, pinpointing 20 pans. Satellite observations revealed that most 136 
of the 20 pans were either completely dry prior to 2020, or too small to be detected using MSI images, with a few 137 
exceptions (Fig. 4). These pans showed unprecedented phytoplankton biomass between March and May 2020, 138 
when elephants were recorded to have died in large numbers. Visual validation of SuperDove images at 3 m spatial 139 
resolution confirmed that these pans exhibited repeat blooms between April and May 2020, at different times and 140 
intensities (Fig. 3 in Supplementary Information 1). During this period, the size of these 20 pans ranged between 2 141 
and 22 km2, demonstrating how bloom events occurred irrespective of size or water availability. SuperDove images 142 
also revealed that the landscape surrounding these pans was highly heterogeneous, with no obvious links between 143 
land cover types around pans and bloom events. Finally, we found that the average distance of these 20 pans from 144 
the centre of cluster 1 was 11.6 km (±5.2 km), which aligns with the previously presented estimated distance walked 145 
by elephants before dying. 146 
 

 
Fig. 4 | NDCI Timeseries of the twenty pans in eastern Okavango Panhandle that showed the highest algal biomass in 2020. Some of the 
pans show no points prior 2019 because they were likely dry, or too small to be detected using MSI images. Red dots are single observations (pans) 
when NDCI was >= 0.3. The horizontal red dotted line is placed on NDCI = 0.3 to aid the visualisation, whereas the vertical black dotted line aligns 
with the time of first elephant death reporting (18/03/202025). Areas shaded in blue and green correspond to the 12 months in 2019 and 2020, 
respectively. 

 

 



Discussion 
This is the first spatial analysis of the 2020 elephant die-off in the eastern Okavango Panhandle, Botswana. By 147 
comparing the locations of carcasses and elephant bones and linking locations to the ecohydrology of the 148 
thousands of pans in the study region we provided strong evidence to support the theory that deaths originated 149 
from poisoning by cyanotoxins. Our results highlighted that seasonal predominantly rain-fed pans, rather than the 150 
permanent waterbodies (i.e., rivers and lagoons) within the panhandle, were the likely source of cyanotoxin 151 
exposure. Pans in close proximity to the carcasses showed elevated phytoplankton biomass and repeated bloom 152 
events in 2020 compared to previous years, particularly during the period associated with the mass mortality event1. 153 
Live elephants were mostly found near the Okavango Delta because, in the dry month of July, they move there for 154 
water and to forage26. Some elephants clustered along the veterinary fence probably because it acts as a physical 155 
barrier that prevents them from ranging further27. Elephant bones representing deaths in previous years were, in 156 
contrast to fresh carcasses, more spread out across the landscape, as demonstrated by the high number of spatial 157 
clusters over a wider area (Fig. 2), indicative of a weaker spatial relationship between these points. Some points 158 
associated with relatively high numbers of individuals were found nearer the Okavango Delta, but it is challenging 159 
to know the cause without relevant data. One likely cause may be mortality from human-elephant conflict, 160 
indications of which lie in their proximity to human settlements and the associated increased mortality risk for 161 
elephants, owing to high human-elephant competition for shared space and resources in this area of the eastern 162 
Okavango panhandle28. Heightened competition for space and resources often leads to problem animal control 163 
mortalities29 and sometimes increases the risk of poaching30. However, predation and natural causes leading to 164 
accumulations of bones cannot be ruled out. Fresh elephant carcasses, on the other hand, were predominantly 165 
distributed in a region far from the Okavango River and Delta and human settlements. These carcasses were more 166 
densely clustered than bones, indicating that the cause of death was likely localised in this area (Fig. 2). The higher 167 
proximity of carcasses to pans compared to bones may be due to the seasonality, since at the time of high elephant 168 
mortality in 2020, towards the end of the wet season, elephants tend to stay closer to pans with water24. The fact 169 
that the average distance between carcasses and the nearest pans was lower than bones (Fig. 2 D) could also be 170 
linked to an observed altered behaviour of sick elephants roaming closer to water sources31,32. Nonetheless, this 171 
spatial pattern is also consistent with water pans as the source of poisoning. The additional spatial and temporal 172 
relationships with phytoplankton biomass, such that clustering of fresh carcasses was associated with specific 173 
overgrowth events, provides compelling evidence for a causative link, rather than elephants being drawn to water 174 
in general, and in contrast to reporting of algal bloom anomalies in the wider region15. The strong clustering of 175 
carcasses suggests that the event was sudden, with limited dispersal of elephants prior to death. A single cluster 176 
of carcasses (cluster 4, Fig. 2 D) was found much further from the others. These elephants may have been part of 177 
the same herd, but moved towards this area while sick and their movement was later limited by the standing waters 178 
in the Okavango Delta. 179 
Water availability was a major issue in the eastern Okavango Delta in 2019, when it was at its lowest level in the 180 
past 8 years (Fig. 3). This was likely driven by lower-than-average precipitation between Oct 2018 and Mar 2019, 181 
and higher-than-average temperature in May-Sep 2018. This is particularly relevant for the pans close to the sites 182 
of fresh carcasses since these are far from the Okavango Delta and primarily filled by rain or groundwater and are 183 
not subject to seasonal flood pulses from the Delta. Lack of precipitation and higher temperatures have to the drying 184 
of most pans between 2018 and 2019, and long-standing stagnant waters, where available, likely promoted hyper-185 
eutrophication. Cyanobacteria are frequently abundant in turbid, nutrient-rich waters7, and tend to dominate these 186 
types of water over other phytoplankton species8. We theorise that the shift from such a dry 2019 and an extremely 187 
wet 2020 may have led to a resuspension of significant amounts of sediments and nutrients, both from the previously 188 
dry beds of the pans and the surrounding soil, promoting unprecedented productivity in 2020. The process of 189 
nutrients release through sediment resuspension is known33, and has been documented for the seasonally dry 190 
wetlands of the Okavango Delta34. Pans that were either completely dry or with little water left in 2019 experienced 191 
a dramatic volume of water delivered by rainfall, directly exposing them to sediment resuspension and the 192 
associated nutrient release. Nonetheless, it is important to state this process does not affect waterbodies equally, 193 
even if very similar in principle, and that the release of nutrients and consequent eutrophication are system 194 
dependent33. This variability emphasises the need for individual pan analysis in our research, to avoid assuming 195 
uniform ecological dynamics across neighbouring pans. Residual cyanotoxins might have persisted in the pans 196 
from previous years as shown for deserts’ soil crusts35–37, and there is a possibility that those produced prior to 197 
2020 may have remained in the pans’ dried-up bed soil and resuspended in the water. Furthermore, cyanobacteria 198 
cells deposited in the sediment from previous year might have inoculated pans’ water and increases chances of 199 
bloom formation.  Unsurprisingly, April and May were the months with the highest frequency of bloom events in 200 
2020. This period is at the end of the rainy season when rainfall is scarce. Full pans with standing water then remain 201 
relatively undisturbed and, while temperatures are still high, present ideal conditions for cyanobacterial growth. Our 202 
analysis showed that 2015 was also a very dry year (Fig. 3), but the following 2016 rainy season did not deliver the 203 
same volumes of water, which may explain why such sustained phytoplankton biomass levels were not observed, 204 
and possibly why a mortality event of this size did not occur then.  205 
We estimated that elephants may have walked an average of 16.5 km (±6.2 km) before dying within approximately 206 
88 hrs (±33 hrs). This temporal-spatial dynamic is crucial for understanding the movement patterns of elephants in 207 



response to cyanotoxins exposure and aligns with reported toxicological timelines for other large mammals10. It is 208 
worth noting that our approach to establish the distance walked by elephants before dying is not based on observed 209 
elephant movement, since it is challenging to determine movement behaviours from point analysis, and we are 210 
aware that elephants do not move in a single direction throughout the day22,24. Therefore, we do not intend to inform 211 
on walking behaviours of elephants after initial potential exposure to cyanotoxins. Rather, we attempted to estimate 212 
the distance that elephants may have walked before dying, and possibly the time it may have taken them to die 213 
after initial cyanotoxin ingestion based on the distribution of the carcasses. These findings could be used to refine 214 
future spatial analyses, including assessment of possible sources of cyanotoxin in real-time disease investigations. 215 
By analysing bloom dynamics in the pans spatially associated with carcasses cluster centres, we pinpointed 20 that 216 
experienced extremely frequent and severe bloom events of different magnitudes during the critical period between 217 
April and May 2020 (Fig. 4). These pans were all spatially associated to cluster 1, the cluster with the largest number 218 
of individuals (Fig. 2, D), and were all located an average of 11.6 km from the centre of the cluster. This distance 219 
aligns with the estimated distance walked by elephants before dying, making these pans strong candidates as the 220 
source of the intoxication. These pans were of various sizes and surrounded by different types of landscapes (Fig. 221 
3 in Supplementary Information 1), so it is challenging, and possibly not realistic, to determine what characteristics 222 
of individual pans may make them particularly susceptible to bloom events. Nonetheless, the results show that the 223 
bloom trends reported in this study can be extended to smaller pans that we were not able to locate, limited by the 224 
10 m spatial resolution of MSI. 225 
The recent finding of Pasteurella spp. in elephant carcasses in Zimbabwe6 has shed light on the possibility of African 226 
elephants to contract the bacterial infection in Botswana also, although it remains uncertain what may have led to 227 
its development and transmission6. It is possible that elephants in the eastern Okavango Panhandle contracted and 228 
spread the disease, leading to the disruption of their immune systems, altered movement, and sensitivity to other 229 
mortality factors. Ingestion of higher concentrations, or more potent, cyanotoxins from water compared to ‘normal’ 230 
levels may conversely have led to higher susceptibility to other bacteria, including Pasteurella spp., leading to their 231 
death. The association between cyanobacterial intoxication and the presence of Pasteurella multocida, has 232 
previously been reported in a study that found traces of Pasteurella in various internal organs of flamingo carcasses 233 
arisen from a mortality event in Tanzania38. This is not an exhaustively comparable study but raises questions on 234 
our current understanding of the interplay between cyanobacteria and other bacteria species, including Pasteurella. 235 
We do not have evidence from the ground to corroborate either Pasteurella spp., cyanotoxins, or a given species 236 
of cyanobacteria as the dominant cause. Our evidence shows that, at the very least, mortality was highly localised 237 
near water sources of suspect quality, from currently available remote sensing methods. Future launch of high 238 
spatial resolution sensors (order of 1-10 m) equipped with diagnostic wavebands for cyanobacteria pigment (around 239 
620 nm), like those on current medium resolution (300 m) ocean colour sensors, would contribute greatly to 240 
diagnosing cyanobacteria dynamics in these ecosystems. Other causes, including poaching, have been previously 241 
ruled out4, and we also show here that water was widely available in the eastern Okavango Panhandle in 2020 and 242 
death by lack of water (or drought), which can occur in elephants39, does not seem plausible given the presence of 243 
water throughout the area at the time of the event. Factors other than cyanotoxicity might additionally have been 244 
involved, including bacterial infection, and could explain why elephants were uniquely affected and not other species 245 
also drinking from the pans. The drinking behaviour of elephants might also have played a role in their susceptibility 246 
to cyanotoxins, as drinking depth and timing might impact cyanotoxin intake due to cyanobacterial aggregation 247 
influenced by density variations, photosynthetic cycles, and environmental factors40,41. This can lead to different 248 
toxin concentrations at various water layers, which elephants may be more likely to encounter, especially if their 249 
drinking behaviour disturbs toxic benthic mats 42 or causes planktonic biomass to sink and accumulate at the bottom. 250 
While our research primarily focuses on planktonic cyanobacteria, these other forms could also contribute to toxicity, 251 
highlighting the complexity of these ecosystems. 252 
The southern African region is projected to become drier and hotter43,44, and pans across these regions will likely 253 
be subject to much shorter hydroperiods45, with potential negative effects on water quantity and quality, and 254 
catastrophic repercussions on animals. In this context, the suggested distance covered by the elephants and the 255 
time passed after potential intoxication not only shed light on this specific event but also represents the first steps 256 
in establishing a framework for investigating future mortality events of unknown causes in large mammals. This 257 
framework could be particularly crucial in regions experiencing drastic environmental changes. More efforts to better 258 
map and characterise pan ecosystems and ecohydrology are fundamental to understanding the implications of 259 
climate change on the ecology of the Okavango and other important ecosystems in the region. We believe that the 260 
methods and findings of this study may serve future management and conservation strategies, providing a basis 261 
for addressing the challenges posed by changing environmental conditions. Integrating spatial analysis techniques 262 
in animal surveying could further serve as an early warning system to capture the onset and origin of animal mortality 263 
events, thereby offering a proactive approach to conservation. Developing a concurrent efficient sampling protocol 264 
that can be mobilised in response to or during these climatic and ecohydrological changes would add significant 265 
impact to early warning monitoring and respective management response strategies. 266 
In conclusion, this unprecedented die-off within the largest remaining population of a threatened signature 267 
megafauna underlines the escalating concerns surrounding the impact of drought and climate change on the 268 



Okavango Delta, one of the most important ecosystems in the world. Globally, this event underscores the alarming 269 
trend of sudden, climate-induced diseases affecting large ungulates, reflecting the broader, devastating impacts of 270 
climate change on biodiversity and ecosystem health 46,47. By establishing a methodological approach to tracking 271 
and analysing these events, our study contributes to the broader field of environmental science and animal 272 
conservation, providing critical insights that could help mitigate similar tragedies in the future. 273 
Methods 
Study Area 
Our study focused on the eastern Okavango Panhandle region, the north-easternmost sector of the Okavango Delta, which comprises the concession areas 274 
NG11, NG12 and NG13 within the Ngamiland district, Botswana. The area is enclosed to the north, east and south by a border fence and veterinary fence, 275 
originally installed to prevent the transmission of zoonotic diseases to domestic animals, like the foot and mouth disease carried by buffalos18 and Contagious 276 
Bovine Pleuropneumonia (CBPP) 19. The west side of the eastern Panhandle is closed-off by the Okavango River where the water is relatively deeper and 277 
prevents non-aquatic animals from routinely crossing to either side1. The total extent of NG11, NG12 and NG13 concession areas within the veterinary fence 278 
and including the Okavango River is around 9268km2. The climate of Botswana is classified as arid to semi-arid, and as such it is characterised by two distinct 279 
seasons. The wet season occurs between November and March, when total rainfall range between 300mm and 600mm per year. During the dry season 280 
between April and October, rainfall is virtually absent. Temperatures average between 15ºC and 27ºC, with peak low temperatures below 0ºC at night in winter 281 
(June to August), and peak high temperatures of over 40ºC during the day in summer (November to February)48–50. The elephant population in Botswana is 282 
currently the largest on Earth, counting over 132,000 individuals as of the latest report from the KAZA TFCA aerial survey51. The most updated published record 283 
of wildlife populations within the eastern Panhandle is from a dry season survey conducted in 2018, where over 15,000 elephants were estimated, alongside 284 
25,000 cattle, 5,000 zebras, 4,500 goats and 500 wildebeest, to mention the most abundant animals 52. Population estimates from past and current surveys in 285 
the Panhandle, however, show large fluctuations, but the trend has shown that the population has been increasing at around 9.5% a year53. Reasons for such 286 
high population increases is unknown, but could be due to high immigration and low emigration from and to other areas, population structure and recruitment 287 
rates, or climatic conditions such as response to droughts, 288 
Datasets 
Data were collected and analysed with permission of the Republic of Botswana Ministry of Environment, Nature Conservation and Tourism, research permit 289 
ENT 8/36/4 XLIX (11) and Ministry of Agriculture, research permit DVS 8/2/II (28). 290 
Elephant survey data. We used locations of elephant carcasses and live animals from an aerial survey of the eastern Okavango Panhandle conducted by the 291 
Department of Wildlife and National Parks (DWNP) of Botswana and Ecoexist54 in July 2020 following the reported elephant mass-mortality event20. The aerial 292 
survey, which employed the standard methodology of strip transect sampling55, aimed to count the number of carcasses and live animals and estimate the age 293 
category of the carcasses. The survey used the standard classification method21 to estimate the age of the carcasses (C1 to C4, fresh carcasses to very old 294 
bones) but adjusted based on local knowledge of carcasses decay in the region. The survey classified carcasses aged <1month as fresh (C1), carcasses aged 295 
<6months as recent (C2), and those aged >6months as bones20.  296 
Climate data. To assess the long-term climatic conditions in the eastern Panhandle, we obtained air temperature 2 m above ground between 2015 and 2023 297 
from the ERA5 hourly re-analysis dataset provided by the European Centre for Medium-Range Weather Forecasts (ECMWF) at a resolution of 0.25º (~25km2)56. 298 
We also obtained precipitation data from the TAMSAT dataset between 2015 and 2023, which comprises rainfall estimates based on satellite and ground-based 299 
observations for the African continent at 0.0375º resolution (~4 km2)57–59. 300 
Water frequency data. The location of waterholes (pans) in the eastern Panhandle, was determined using an open-source water frequency product developed 301 
for the Kavango-Zambezi Transfrontier Conservation Area (KAZA) for the period 2017-202060. Sentinel-2 images and other remote sensing products were used 302 
to classify pixels within KAZA and isolate those classified as water, along with the frequency of classification. 303 
Remote sensing data. Sentinel-2A/B Multi-Spectral Instrument Level-2A images (i.e., atmospherically, and geometrically corrected) between January 2019 304 
and August 2023 were obtained from Google Earth Engine (GEE) using its python API. Since images prior 2019 were not available on GEE as Level-2A, 305 
individual cloud-free Sentinel-2 MSI Level-1C images between 2015 and 2018 were downloaded from CREODIAS data explorer online tool61.  306 
Remote sensing image processing 
Sentinel-2A/B Multi-Spectral Instrument images available in GEE as Level-2A between 2019 and 2023 were filtered by cloud cover (60%) to avoid cloudy 307 
images, and pixels within each image were scanned through the s2cloudless algorithm62 to mask out remaining cloud pixels and cloud shadow pixels within 308 
filtered images, discarding pixels with > 50% probability of cloud, and using the cloud shadow mask to remove likely shadow pixels. Images downloaded from 309 
CREODIAS were filtered for clouds and atmospherically corrected using the Sen2Cor atmospheric correction (AC) algorithm63,64 to match the default image 310 
processing for Sentinel-2 images Level-2A by the European Space Agency (ESA). 311 
Water frequency layer processing 
Since the water frequency product contained all the pixels classified as water at least once within KAZA, we generated a custom region of interest (ROI) within 312 
the boundaries of the veterinary fence (i.e., eastern Okavango Panhandle) (Fig. 1) manually ‘cropping out’ the Okavango River and its north-eastern branching. 313 
The resultant ROI has an extent of 7,138 km2. We excluded rivers and wetlands from the analysis to enhance the identification of an optimal threshold for the 314 
detection of pans, which would have been affected if perennial waters were included. The water frequency layer within the ROI was vectorised using QGIS 315 
Białowieża LTR v3.28.11, and the resultant product was a multi-polygon shapefile, where each polygon was the outline of single or group of contiguous pixels 316 
where water had been detected at least once between 2017 and 202060. 317 
Identification of Pans 
To identify individual pans over time, we masked the atmospherically corrected Sentinel-2 images using the vectorised water frequency product mentioned 318 
above. This allowed to exclude from the images all the pixels that fell outside individual polygons, which were assumed to be land due to the nature of the 319 
product. Since pans recede during the dry season, hence not all pixels within these polygons were expected to always have water, we identified all remaining 320 
non-water pixels within the polygons for each image using the Automated Water Extraction Index (AWEI)17 using the equation: 321 

                    𝐴𝑊𝐸𝐼 = 𝜌!" + 2.5 × 𝜌!# − 1.5 × (𝜌!$ + 𝜌!%%) − 0.25 × 𝜌!%")                                              
[1] 

where 𝜌!" are Sentinel-2 bands blue (B2, 490 nm), green (B3, 560 nm), NIR (B8, 705 nm), SWIR1 (B11, 1610 nm) and SWIR2 (B12, 2190 nm), respectively. 322 
This version of AWEI we adopted is also referred to as AWEIsh. This was originally formulated to improve shadow and dark pixels areas removal in non-urban 323 
environments, pushing all non-water pixels values below 0 and pulling water pixels above 017. Yet, AWEI doesn’t perform in the same way across the globe, 324 
and water pixels in this part of the world show much lower values (AWEI <= -0.2)45. We computed an optimal AWEI threshold to mask out remaining non-water 325 
pixel from those within the polygons using the Grey Histogram method65, which uses the distribution of the input value (here AWEI) to generate classes, 326 
minimising variance within classes and maximising variance between classes. This method determined the point at which AWEI changed due to a change in 327 
classes (i.e., water/ non-water). We calculated the optimal AWEI threshold on the 95th percentile image between Mar and May of each year, aiming to capture 328 
water at its maximum extent between the end of the wet season and the beginning of the dry season, and further exclude potential false positives (previously 329 
undetected cloud pixels), and false negative (adjacent land effects). Individual AWEI thresholds for each year were averaged to account for potential errors 330 
introduced by different light, atmospheric conditions, and computation of AC across years, obtaining a final value of -0.3624 (rounded). The threshold was 331 
applied to all the images between 2015 and 2023, and each group of contiguous pixels within each polygon was considered as an individual pan. Including the 332 
main rivers and wetlands in the formulation of the threshold would have resulted in a much higher value due to the greater number of pixels detected in much 333 
clearer waters compared to pans, which tend to have higher AWEI. Using a higher threshold would have masked out most pans in the eastern Panhandle.  334 



To ensure continuity of measurements over time and avoid likely gaps brought by cloud filtering, masking, and/ or absence of Sentinel-2 images, we grouped 335 
all threhsolded images bi-weekly, between the 1st and the 15th, and between the 15th and the last day of each month, using the 95th percentile. This resulted in 336 
two timestamps (i.e., observations) per month. Each group of contiguous pixels within each polygon in all 95th percentile images was collated to a dataset along 337 
with the latitude and longitude of its centroid, the count of contiguous pixels, and we extracted AWEI and the Normalised Difference Chlorophyll Index (NDCI)16 338 
values at centroid. AWEI was used as a proxy of water availability, whereas NDCI was used as a proxy for phytoplankton biomass. NDCI was obtained using 339 
the equation:  340 

                 𝑁𝐷𝐶𝐼 = "&'#"&(
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where 𝜌!" are Sentinel-2 bands near-infrared (B5, 705 nm) and red (B4, 665 nm), respectively. 341 
Labelling pans. The final collated dataset comprised a total count of 128,667 pans between 2015 and 2023. This figure represents the aggregate count of 342 
observations, as pans were monitored multiple times (bi-weekly) during the analysis period. To discern individual water bodies, we assigned unique labels to 343 
distinguish between them based on their maximum observed extent, which was April 2021. This identification process resulted in the isolation of 3,389 distinct, 344 
or 'reference', pans from the cumulative observations. Each reference pan was defined by the centroid of its largest recorded extent and was surrounded by a 345 
30 m radius buffer. We then matched the centroids of all recorded pan instances to these reference pan buffers at each timestamp. If a pan's centroid from any 346 
timestamp fell within this buffer, it was recognised as the same entity as the reference pan, thereby maintaining consistent identification despite potential shifts 347 
in centroid location due to changes in water levels. This methodological step ensures the accurate tracking of each unique pan over time, despite the repeated 348 
counting of the same pans across different timestamps, which initially led to the higher aggregate figure. 349 
Location comparison between surveyed live and dead elephants  350 
Due to the limited number of C1 carcasses points available from the 2020 aerial survey (n=7), C1 and C2 carcasses were combined into a single age category 351 
named carcasses (n=161). The other two categories were bones (n=222) and live elephants (n=2682). To understand if the way carcasses distributed across 352 
the eastern Panhandle differed from bones and live elephants, we computed the Nearest Neighbour Index (NNI)66 using the equation:  353 
                                NNI = )*+,-.,/	1.,-23,	45+6278,

9[4]
;          
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Where: 

𝐸[𝐷] =
1
2√𝜆

; 	𝜆 =
𝑛
𝐴 

Here, 𝑛 is the number of points and A is the area of the ROI. The 𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑	𝐴𝑣𝑒𝑟𝑎𝑔𝑒	𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 is the average of all the distances between each pair of points. 354 
The significance of NNIs was evaluated using a Monte Carlo simulation, which randomly permuted the locations of datapoints within the ROI to simulate 355 
complete spatial randomness (CSR)67. The Monte Carlo simulation was set to run for 999 iterations, ensuring both statistical robustness and computational 356 
efficiency. NNI was calculated for each simulated randomly distributed set of points at each iteration and compared to the observed points using a z-score to 357 
assess the degree to which the spatial pattern of the observed points deviated from a random distribution. A z-score beyond the range of 1.96 to -1.96 indicates 358 
the presence of statistically significant clusters. The z-score was obtained with the formula: 359 
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Where: 
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The points for each category were then crossed-compared to determine if their distributions differed statistically using the non-parametric two-sample 360 
Kolmogorov-Smirnov (KS) test, which makes use of every point in the samples irrespective of distribution and ordering68. 361 
Cluster identification 
To further assess how carcasses, bones and live elephants distributed across the landscape, we determined the number of clusters that each category 362 
generated based on distances between points. The number of clusters in each category provided some indication on the spatial associations between points, 363 
such that fewer clusters may denote a higher likelihood of relationship between points. Clusters were determined using the DBSCAN method69, that is a density-364 
based algorithm that identifies within-group, distance-based clusters. DBSCAN uses an optimal average distance, referred to as epsilon and an arbitrary 365 
minimum number of points to generate clusters. The epsilon was automatically extracted from the data using an ‘elbow method’ algorithm, which sorted 366 
distances between points in ascending order and using a moving average identified the optimal value as the point at which distances increased sharply. The 367 
minimum number of points was set to 4 to prevent the formation of too small clusters. 368 
Point pattern analysis 
We determined which pans across the ROI elephants may have interacted with the most before dying by calculating the spatial autocorrelation between the 369 
locations of pans and the centre of each cluster for each category. Cluster centres were preferred to avoid noise brought by randomly distributed points, and to 370 
delineate areas that were common to spatially associated groups of carcasses and bones. To assess spatial autocorrelation, we used Local Moran's I70, a 371 
statistic that we used to measure the similarity between neighbouring pans based on proximity to cluster centres. Given a set of 𝑛 spatial units (i.e., the total 372 
number of pans for a given timestamp), and a variable 𝑥 observed over these units (i.e., the distance between individual pans and the clusters centres), the 373 
Local Moran’s I for the 𝑖26 unit (individual pans) is defined as: 374 
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Where 𝑥- and 𝑥9 are the distances of pans 𝑖 and 𝑗 to the nearest cluster centre, �̅� is the mean distance across all pans, 𝑤-9 is the spatial weight, indicating 375 
whether 𝑗 is neighbour of pan 𝑖 or not. The denominator serves as a normalisation factor, where 𝑊represent the sum of spatial weights associated with a pan, 376 
reflecting its total ‘neighbouring influence’ or connectivity to other pans. This is doubled to account for the reciprocal nature of spatial relationships. 𝑆: is the 377 
global variance of pan-cluster centres distance. The spatial weights matrix was computed applying a k-Nearest Neighbour algorithm on the locations of the 378 
pans, where the optimal k was dynamically calculated as the number of pans within twice the average distance between all the pans70. This heuristic approach 379 
ensured that the spatial weights were drawn directly from the distribution of datapoints to avoid biasing the results, which may occur when setting a fixed k for 380 
areas of varying point density. 381 
Reported animal intoxication and distances covered before death 
To estimate the distance that elephants may have travelled between exposure to cyanotoxins and dying, we reviewed the literature to identify the typical 382 
elephant walking speeds, and the time between exposure to cyanobacteria and death in various animals. The literature suggested that elephants in the eastern 383 
Panhandle walk an average of 4.5 km a day22,24. For the latter, the most relevant information were primarily extracted from the supplementary material in Wood 384 
(2016), which comprises of an extensive list of observations in published scientific literature between 1878 and 2012. In some instances, the link to cyanobacteria 385 
ingestion as cause of death was circumstantial and not proven by laboratory assessment, but with complementary empirical evidence, like observation of animal 386 



death after interaction with water covered in green/ blue-green substance at the water surface. Only observations with relatively specific timeframe of death 387 
were used. Descriptions like ‘death within days’ or ‘died shortly after’ were discarded, since they did not provide accurate enough time estimates. Conversely, 388 
death timeframes described as ‘minutes’, ‘few hours’, or ‘several hours’, were kept and arbitrarily assigned to 30 minutes, 6 hours, and 12 hours, respectively.  389 
Standard Deviation Ellipses 
Standard deviation ellipses (SDE) for each carcasses clusters were computed to identify their bivariate distribution (i.e., lat-long) and statistically summarise 390 
their dispersion and orientation23. Since SDE are built on the distribution of the data itself, they help to identify underlying spatial trends within typical confidence 391 
intervals drawn from a normal distribution. In other words, SDE allowed to identify areas where elephants were likely to have interacted, and these ‘areas of 392 
interaction’ were used to further filter out pans that may have not been visited by elephants before dying. SDE was computed using the centroid of carcasses 393 
clusters and the dispersion of datapoints to determine the directionality of the ellipses. SDE was calculated using the adapted ellipse equation: 394 
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Here, 𝑛 is the total number of points, 𝑥- and 𝑦- are the x and y coordinates of each point, respectively, ℎ and 𝑘 are the x and y coordinates of the mean points 395 
centre, respectively. The factor 𝑝 determined how many standard deviations to consider when computing the width and height of the ellipse. 396 
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Supplementary Information 1 
Supplementary Figures 
Supplementary Fig. 1 | Local Moran’s I computed on the location of pans in April 2020. Figure showing an example for a single timestamp 
(15/04/2020) of the distribution of pans classified using the Local Moran’s I, which is a Local Indicator of Spatial Association (LISA). The panels 
show the statistically significant pans (p<0.05) classified as close (blue) and far (red) from bones (left) and carcasses (right) cluster centres. Both 
bones and carcasses points are colour-coded by cluster. 

 
Supplementary Fig. 2 | Elephants Interaction areas and standard deviation ellipses. Figure showing how pans (blue dots), statistically 
associated with the location of carcasses (yellow dots), distributed in the period 2019-2020. The red, blue, and green dotted ellipses define the 
three standard deviations distances obtained from the spread of points along the latitude and longitude from carcass cluster centres. The circles 
define the potential areas of interaction after ingestion calculated using the average elephant waling speed in the area (4.5 km/ 24 hours). These 
were 144 hrs (or 27 km, grey circle) 120hrs (or 22.5km, cyan circle), 96 hrs (or 18 km, yellow circle), 72hrs (or 13.5km, green circle), 48hrs (or 
9km, blue circle), and 24hrs (or 4.5km, red circle).  



 
Supplementary Fig. 3 | Twenty most productive pans observed with SuperDove between April and May 2020. Figures showing true colour 
images of the twenty most productive pans that experienced NDCI > 0.3 and/ or an increase of NDCI of 0.1 units between consecutive timestamps 
at least twice in 2020. The period between April and May 2020 shown here is the period where these pans were found with the most frequent bloom 
events, as well as aligning with the critical period of the elephant die-off. Missing images are shown as empty white boxes. Green to bright green 
surface colour represent algal blooms. These can cover water surface partially or in full, depending on the severity of the bloom. 



 
 
 



Supplementary Fig. 3 | continued. 

 
 



Supplementary Tables 
 
Supplementary Table 1 l k-Nearest Neighbour Index and Two-sample T-test statistics for carcasses, bones, and live elephants. 

k-Nearest Neighbour Index (NNI) Two-samples Kolmogorov-Smirnov Test 

 NNI 
NNI  

(z-score)* 
 p-value D Statistic 

Bones 0.769 -5.947 Bones - Carcasses <0.001 0.24 

Carcasses 0.532 -10.404 
Bones - 

Live Elephants 
<0.001 0.77 

Live Elephants 0.029 -92.709 
Live Elephants -  

Carcasses 
<0.001 0.83 

Table showing the k-Nearest Neighbour Index (NNI) and the Two-sample Kolmogorov-Smirnov (KS) test. The NNI shows how the points for each 
of the categories (bones, carcasses, live elephants) distribute across the region. NNI close to 1 indicates random distribution, whereas NNI < 1 
indicates clustering (higher clustering approaching 0). The NNI z-score shows the degree of clustering of each of the categories after comparison 
with randomly distributed points obtained with Monte Carlo simulations. The stronger the clustering, the larger the negative number. KS shows if the 
distributions of the coupled categories are statistically different, with D statistic indicating their similarity. D close to 0 suggest that two samples are 
similar, D close to 1 suggests a large difference between samples. 

 

Supplementary Table 2 l Time in hours of death after cyanobacteria exposure for different animals. 

Species Min Max Mean Observations Cyanotoxin Cyanobacteria Reference 
Ducks 0.50 2.00 1.25 2    
Geese 0.25 0.50 0.42 3    

Chickens 0.50 2.00 1.50 3    
Turkeys 0.50 2.00 1.00 3    

Dogs 0.25 120.00 18.49 43    

     Anatoxin-a 

Anabaena sp. 
Lyngbya sp. 
Planktothrix sp. 
Oscillatoria sp. 
Phormidium favosum 

Carmichael (1991) 
Edwards et al., (1992) 
Gugger et al., (2005) 
Gunn et al., (1991, 
1992) 
Puschner, Hoff and Tor 
(2008) 

     Microcystin Microcystis aeruginosa Johnston & Jacoby 
(2003) 

     Microcystin-LR Anabaena sp. Walker (2008), 
Backer et al., (2013) 

     Nodularin Nodularia spumigena 
Microcystis aeruginosa 

Harding (1995) 
Simola (2012) 

Sheep 0.50 48.00 11.21 7    

Pigs 0.50 24.00 8.90 5    

Deer 1.00 4.00 2.00 1    

Horses 1.00 24.00 6.33 3    

Cattle 0.25 72.00 21.07 22    

     Cylindrospermopsin Cylindrospermopsis 
raciborskii 

Thomas et al. (1998) 
Saker, Thomas and 
Norton (1999) 
Shawn et al. (2004) 

     Microcystin Microcystis aeruginosa Fitzgerald and 
Poppenga (1993) 

     Microcystin-LR Microcystis sp. Puschner et al. (1998) 

Rhinos 24.00 24.00 24.00 1    
Table showing the timeframe (in hours) of animal death after cyanobacteria exposure found in the literature. Animals are listed in order of size (top 
to bottom). We include a summary of cyanobacteria species and cyanotoxin reported (when both available), along with their references. Note that 
this information was only available for dogs and cattle. 
 
 
 
 
 
 
 
 
 



Supplementary Table 3 | 151 most productive pans in 2020 that are spatially linked to the location of carcasses cluster centres. 
Pan ID High NDCI 

Count 
Sharp NDCI 

Increase 
Count 

Cluster Ellipse 
Standard 
Deviation 

Timeframe  
Cyanotoxin 
Ingestion-

Death 

Presence 
Jan-Jul in 
2019 (%) 

Presence 
Jan-Jul in 
2020 (%) 

Latitude Longitude 

496 0 1 1 1 24 21 57 -18.61411078 22.61034118 
1743 1 0 1 1 48 0 64 -18.72451833 22.59481645 
1719 1 2 1 1 48 0 57 -18.60867169 22.64824153 
1371 0 1 1 1 48 7 64 -18.66746643 22.54807937 
1297 0 2 1 1 48 14 57 -18.69915129 22.55948156 
1177 0 1 1 1 48 0 50 -18.706769 22.63673668 
1144 0 3 1 1 24 14 57 -18.6638475 22.62694504 
2407 0 1 1 1 24 35 57 -18.61496632 22.60607846 
2797 1 0 1 1 48 0 78 -18.68335319 22.55252778 
2640 0 3 1 1 24 14 71 -18.66267969 22.57086771 
828 2 2 1 1 48 7 57 -18.61092637 22.6414632 
839 0 2 1 1 24 14 64 -18.6416142 22.56408543 

2716 0 1 1 1 24 21 57 -18.61640362 22.62521578 
2669 0 1 1 1 24 7 50 -18.64489305 22.59936676 
2689 0 2 1 1 48 0 57 -18.63264843 22.54609449 
986 2 2 1 1 48 7 71 -18.68286612 22.55543914 

3196 1 1 1 1 24 42 57 -18.66211141 22.56671007 
2144 1 2 1 1 48 0 64 -18.68265822 22.63247866 
1873 2 1 1 1 48 0 57 -18.70849377 22.59920956 
1931 0 1 1 1 48 14 42 -18.70695915 22.63833867 
1904 1 3 1 1 48 35 92 -18.60216532 22.55477824 

70 1 1 1 1 48 7 21 -18.70003164 22.59160532 
134 0 2 1 1 48 35 50 -18.62011107 22.55374328 

2003 2 1 1 1 24 7 50 -18.66225748 22.62469027 
2383 2 0 1 2 72 14 64 -18.5857594 22.4963892 
1982 3 2 1 2 48 0 57 -18.67308518 22.54470128 
1031 0 1 1 2 48 0 71 -18.65858038 22.53184938 
1019 0 1 1 2 72 0 57 -18.57109645 22.65061565 
1010 0 1 1 2 72 21 57 -18.54172653 22.54296753 
969 0 1 1 2 72 7 28 -18.54814449 22.55874794 

2011 1 1 1 2 72 28 71 -18.54535223 22.55999061 
2030 3 2 1 2 72 7 71 -18.74462933 22.57907482 
2220 0 1 1 2 96 7 57 -18.53593406 22.51807422 
2181 0 1 1 2 96 0 35 -18.51138842 22.66738919 
2616 0 1 1 2 96 7 64 -18.48550262 22.61847842 
1038 0 1 1 2 72 0 35 -18.52662984 22.56913845 
1978 0 1 1 2 72 0 28 -18.56260921 22.62697339 
1830 0 1 1 2 96 7 42 -18.5188145 22.6330985 
2233 0 1 1 2 72 35 85 -18.54432434 22.57443788 
1185 1 1 1 2 72 7 28 -18.65408281 22.69751669 
1924 1 0 1 2 72 35 85 -18.55129758 22.60223239 
1399 0 1 1 2 72 50 85 -18.54487912 22.5560747 
1417 0 1 1 2 48 0 64 -18.67763664 22.54209916 
1514 3 2 1 2 72 14 78 -18.74650645 22.56898512 
1520 0 1 1 2 48 0 50 -18.67530289 22.53747658 
945 1 0 1 2 96 14 57 -18.51266104 22.53911675 

1530 0 1 1 2 96 0 50 -18.50259092 22.61954292 
2326 0 2 1 2 96 7 50 -18.54468598 22.50809793 
1780 0 1 1 2 96 0 50 -18.53383433 22.52001857 
2417 1 0 1 2 72 21 85 -18.55244143 22.60578223 
1040 1 2 1 2 72 21 78 -18.68672759 22.69062661 

26 0 1 1 2 48 0 78 -18.6716853 22.53655206 
922 0 1 1 2 72 35 64 -18.54873328 22.55087238 

2699 1 0 1 2 72 14 64 -18.63824551 22.48712227 
886 0 1 1 2 96 7 64 -18.52361012 22.5482388 
471 1 1 1 2 72 14 64 -18.5824781 22.49668034 
431 1 1 1 2 72 0 35 -18.55317506 22.60448716 
377 2 2 1 2 48 0 64 -18.6773864 22.54308731 

3167 0 1 1 2 72 21 57 -18.56161922 22.54097423 
3200 1 1 1 2 72 57 64 -18.56675595 22.55539014 
319 0 1 1 2 72 0 35 -18.72415141 22.55691238 
309 0 2 1 2 72 21 71 -18.62186333 22.51857972 
294 0 1 1 2 72 7 21 -18.56688819 22.66452917 
264 0 1 1 2 96 0 78 -18.49604221 22.61313344 

3257 0 1 1 2 48 0 50 -18.66218562 22.53331813 
3278 0 1 1 2 96 7 42 -18.48488385 22.60579613 
153 2 2 1 2 72 35 85 -18.54673458 22.53048844 
63 2 2 1 2 72 28 50 -18.56577034 22.56117309 
46 0 1 1 2 72 35 64 -18.54586415 22.56526015 
42 1 1 1 2 72 28 85 -18.55175949 22.60016728 
35 1 1 1 2 48 0 35 -18.65967033 22.68677284 

3090 1 1 1 2 96 7 71 -18.48660989 22.60163501 
560 0 1 1 2 48 0 50 -18.61250878 22.66332681 

3125 0 1 1 2 48 21 57 -18.58874834 22.55207046 
2175 0 1 1 2 96 7 28 -18.48521751 22.58557762 
762 1 0 1 2 96 0 50 -18.5109637 22.66102547 

2752 0 1 1 2 72 50 85 -18.54894071 22.60742989 
737 0 2 1 2 96 7 57 -18.55727736 22.70169984 

2775 0 1 1 2 72 42 85 -18.54656967 22.57226256 
585 1 0 1 2 96 14 78 -18.4859137 22.62689149 
701 0 1 1 2 48 0 35 -18.664117 22.6769812 
627 1 0 1 2 72 21 64 -18.56347873 22.64879207 
572 1 1 1 2 96 7 21 -18.49415574 22.57987332 

2757 0 1 1 3 144 0 28 -18.42453223 22.58842161 
2796 1 3 1 3 96 7 78 -18.56719741 22.71100144 
3270 2 2 1 3 96 0 71 -18.67578948 22.74223258 
3232 1 0 1 3 120 35 92 -18.55961949 22.457058 
2830 0 1 1 3 120 0 57 -18.68599097 22.77135421 
2310 0 2 1 3 144 0 50 -18.42588378 22.59496502 



3213 0 1 1 3 120 14 78 -18.4662406 22.53725949 
2464 1 1 1 3 120 21 35 -18.66883579 22.7731551 
2582 0 1 1 3 96 0 57 -18.59265601 22.44622646 
3029 0 1 1 3 120 7 42 -18.50583384 22.47542988 
3037 0 1 1 3 120 7 71 -18.46088215 22.61631797 
3139 0 1 1 3 120 7 50 -18.45604644 22.52656867 
2526 1 0 1 3 144 7 21 -18.42821532 22.60164521 
2419 0 1 1 3 120 0 28 -18.68238447 22.77858584 
2420 4 3 1 3 120 28 92 -18.46359408 22.61310102 
2492 1 2 1 3 120 7 21 -18.45781889 22.58171486 
3120 2 1 1 3 120 7 50 -18.57024305 22.76003757 
3045 1 1 1 3 120 7 57 -18.54725146 22.44172432 
2451 0 1 1 3 96 42 78 -18.61702231 22.75181962 
2932 0 1 1 3 120 0 42 -18.46406382 22.64653215 
2605 0 1 1 3 144 0 35 -18.4384602 22.51589081 
1513 0 1 1 3 120 0 42 -18.46118757 22.59581841 
2093 0 1 1 3 120 7 50 -18.47037285 22.49370991 
711 0 1 1 3 96 0 21 -18.62831659 22.76617162 
708 0 2 1 3 120 14 64 -18.45763923 22.55047595 
650 0 1 1 3 120 21 64 -18.64421931 22.77678403 
636 0 1 1 3 96 7 50 -18.63054633 22.7633364 
632 0 1 1 3 96 7 57 -18.56000225 22.45812914 
602 2 1 1 3 n/a 28 50 -18.40590852 22.53837115 
577 0 4 1 3 96 21 85 -18.57732412 22.49179643 
531 1 1 1 3 96 0 35 -18.64447982 22.74559452 
512 1 1 1 3 96 0 64 -18.69577063 22.72466228 
486 1 0 1 3 120 0 78 -18.57843602 22.43600896 
417 0 1 1 3 96 7 42 -18.61969058 22.44836469 
363 0 1 1 3 120 14 14 -18.5235576 22.72653227 
362 0 1 1 3 120 0 57 -18.54270581 22.444213 
341 0 2 1 3 96 21 64 -18.52978143 22.49454085 
284 0 1 1 3 96 0 57 -18.57168035 22.73478779 
236 3 2 1 3 96 0 50 -18.6042394 22.46757512 
218 0 1 1 3 120 7 35 -18.68156164 22.77211086 
206 1 1 1 3 120 21 92 -18.48708103 22.51061178 
205 0 1 1 3 96 7 64 -18.64273709 22.74574724 
726 0 1 1 3 120 0 35 -18.52825429 22.73560002 
738 1 1 1 3 96 0 71 -18.68058611 22.75166114 
749 0 1 1 3 144 7 14 -18.43201928 22.5051245 
840 0 1 1 3 144 28 92 -18.43658919 22.53081974 

2077 0 2 1 3 144 0 42 -18.42888316 22.59102241 
1965 0 1 1 3 120 14 50 -18.52308608 22.73588181 
1905 0 1 1 3 72 14 64 -18.60931976 22.72611905 
1882 1 1 1 3 96 0 28 -18.64610577 22.74417518 
1851 0 1 1 3 96 0 35 -18.67676527 22.7398992 
1823 0 1 1 3 120 0 14 -18.57284816 22.76052452 
1812 0 1 1 3 120 0 42 -18.48454377 22.50456883 
1644 1 1 1 3 144 7 42 -18.44024784 22.6086763 
1595 0 1 1 3 144 0 50 -18.42376685 22.58688128 
2177 0 1 1 3 144 7 50 -18.44551197 22.49049095 
3327 0 1 1 3 144 0 28 -18.43962801 22.51555394 
1362 0 1 1 3 120 14 35 -18.51845517 22.75585328 
1295 0 1 1 3 144 7 57 -18.43709476 22.6147549 
1126 0 1 1 3 120 0 57 -18.47641402 22.55618025 
1046 0 1 1 3 96 0 35 -18.61770404 22.44294512 
1037 0 1 1 3 120 0 64 -18.57826051 22.43755514 
976 0 2 1 3 96 21 57 -18.60033661 22.48078914 
948 0 2 1 3 120 28 85 -18.45828251 22.56539103 
869 0 1 1 3 120 0 28 -18.67891829 22.77412858 
857 1 0 1 3 120 14 85 -18.5519389 22.44102209 

1390 0 2 1 3 120 7 42 -18.56946825 22.76390443 
3376 0 1 1 3 144 14 50 -18.42198836 22.5818149 

Table of individually labelled pans with relative coordinates that have showed either NDCI >= 0.3 (High NDCI Count), or a sharp increase of NDCI of 0.1 units between consecutive 
timestamps (Sharp NDCI Increase Count’) in 2020 within the three standard deviation ellipses from carcass cluster centre 1. Cluster refers to the carcass cluster each pan was 
spatially related to. The ‘Presence’ columns show how often, on a bi-weekly average, each pan saw water in the period Jan-Jul 2019 and 2020. 
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