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Abstract

1. Citizen or community science has the potential to inform wildlife management

Funding information

The Canadian Anthropology Society;
Social Sciences and Humanities Research
Council of Canada (SSHRC); Prentice
Institute for Global Population and
Economy; University of Lethbridge;
Directed Research Fund of the School for
Field Studies

Handling Editor: Catriona MacLeod

by including the general public in research and generating datasets on human
perceptions of wildlife population dynamics and human-wildlife interactions.
These contributions are especially valuable in areas with limited formal capacity

for wildlife monitoring.

. However, people's perceptions are not always reliable and hinge on the accurate

classification of species. In the absence of artificial intelligence-supported
automaticidentification tools or wildlife experts, effectively incorporating people's
reports of wildlife sightings into conservation management plans depends on the
abilities of people to accurately identify animals (i.e. species literacy). These skills
likely vary across human populations in accordance with a range of demographic,

geographic and species-specific factors.

. We carried out 680 semi-structured interviews with rural citizens, randomly

selected along transects in 25 villages across northern Tanzania. We showed
photographs of 17 mammal species to participants and assessed species
identification ability. Using a generalized linear mixed model within a Bayesian
framework that accommodated the hierarchical data structure and non-
independence of the data, we tested specific hypotheses regarding the
correlations of species identification accuracy with human demographic

(ethnicity, education, age, wealth, gender), geographic (Human Footprint Index
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[HFI], distance to protected areas, district) and species-specific (conservation

status, activity patterns, body mass, diet) variables.

. Most respondents accurately identified key wildlife species commonly involved

in human-wildlife interactions. Gender strongly influenced species identification
accuracy, with men three times more likely to correctly identify species as com-
pared to women. Formal education was negatively correlated with species identi-

fication accuracy.

. Respondents identified large species more accurately than smaller ones, whereas

other species traits were not markedly correlated with identification accuracy.
Distance to the nearest protected area, district and the HFI score in the area
surrounding the household of the respondent were not markedly associated with

species identification accuracy.

. Our results show that rural residents in northern Tanzania can reliably identify

key wildlife species implicated in consequential human-wildlife interactions,
though identification accuracy was affected by a combination of demographic
and species-specific factors that must be appropriately contextualized. This find-
ing validates studies of local perceptions of wildlife populations and community

reports of human-wildlife interactions. Finally, we discuss how local perspectives

KEYWORDS

1 | INTRODUCTION

In recent years, citizen science (or community science)—participa-
tion in research by the general public regardless of formal scien-
tific training—has gained traction as a means of gathering
information on wildlife populations, especially in remote areas
where professional capacity is limited (Backstrom et al., 2024).
However, the inclusion of and reliance on data generated by lay-
people has prompted questions about the quality of these diverse
and varied sources of knowledge (Abra et al.,, 2018; Crall
et al,, 2011; Eisen & Eisen, 2021; Gilchrist et al., 2005; Johnston
et al., 2023; Lukyanenko et al., 2016; Pierotti & Wildcat, 2000;
Ratnieks et al., 2016). While citizen science can offer useful in-
sights into human-wildlife encounters (see Teel et al., 2022), the
variability in laypeople's abilities to accurately identify species un-
dermines the potential contributions of these forms of knowledge
to formal scientific discourse (Gorleri & Areta, 2022). Consensus
from existing studies seems to be that data on human perceptions
of wildlife dynamics are potentially valuable to conservation sci-
ence, however, in the absence of Al-supported automatic

ICitizen science is sometimes referred to as ‘community-based monitoring’, ‘community
science’ or ‘participatory science’ (see Eisen & Eisen, 2021) as those titles are more
inclusive. In this manuscript, we use the phrase citizen science as it is well-established
terminology yet define it to be inclusive. In this case, our sample population comprised
Tanzanian citizens.

on wildlife can be applied to improve human-wildlife coexistence.

citizen science, human-wildlife coexistence, human-wildlife conflict, human-wildlife
interactions, large carnivores, large herbivores, local ecological knowledge, species literacy

identification tools (cf. Truong & Van der Wal, 2024), triangulation
by the international scientific community via digital platforms like
iNaturalist (Callaghan et al., 2022), or quantitative methods for
verifying the accuracy of people's claims (Binley & Bennett, 2023),
they should be interpreted and applied cautiously (Aceves-Bueno
et al., 2017; Gilchrist et al., 2005; Rowley et al., 2019).

One approach for assessing the accuracy of community science
reports of wildlife dynamics is through the concept of ‘species liter-
acy’, defined by Hooykaas et al. (2019) as general knowledge about
wildlife species, evaluated through species identification tests and
factors affecting correct identification (see also Hooykaas, 2022).
We conceptualize species literacy as a particular aspect of local eco-
logical knowledge (LEK), which refers to the beliefs, practices and
understandings that are developed and shared by groups of peo-
ple through intimate interaction with local ecosystems (Charnley
etal.,, 2007; Joa et al., 2018; McQuaid, 2022). Depending on the cul-
tural context, LEK is sometimes couched within broader frameworks
of traditional Indigenous knowledge, referred to in some discourses
as Traditional Ecological Knowledge (TEK), or the entire reposi-
tory of knowledge that is adapted across generations through cul-
tural practices and social institutions (Berkes et al., 2000; Ostertag
et al., 2018). This paper focuses narrowly on the species literacy of
rural communities in northern Tanzania, operationalized in terms
of people's abilities to correctly identify wildlife species. Informed
by anthropological scholarship on TEK, we broaden Hooykaas
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et al.'s (2019, 2022) definition of species literacy to include different
languages (Maa and kiSwahili), depending on the linguistic profiles of
our respondents, thus tailoring the concept to apply in cross-cultural
contexts. In East Africa, little is currently known about the extent
to which rural communities can correctly identify wildlife species.
While qualitative accounts exist, there has not been a systematic,
quantitative assessment of the range of social and ecological factors
affecting people's abilities to correctly identify wildlife species.

Our interest in carrying out a rigorous quantitative study of wild-
life species identification abilities in this context aligns with Gilchrist
et al. (2005) who advocate for the use of LEK in wildlife management,
but caution against the application of human perception data with-
out first ensuring the accuracy of people's observations. Similarly,
Binley and Bennett (2023) suggest the use of statistical modelling to
address potential biases and limitations of observational data from
laypeople. In contexts where people's perceptions cannot be veri-
fied with Al-supported systems or wildlife experts, understanding
the extent to which laypeople's species identification skills line up
with those of wildlife professionals is crucial (Falk et al., 2019), es-
pecially in areas with frequent human-wildlife interactions (HWI).
In northern Tanzania, where large mammals are not confined to
protected areas, and spend prolonged periods on village lands,
HWIs are not only frequent but also have severe impacts on human
livelihoods, well-being and wildlife population persistence (Kiffner
et al., 2022). The primary issues from a community livelihood per-
spective are livestock predation by carnivores and crop raiding by
wild ungulates and elephants, but cases of property damage, human
injury and death also occur (Bencin et al., 2016; Kissui et al., 2022;
Raycraft, 2023, 2024b). HWI are regularly reported by local com-
munity members to government authorities, non-governmental or-
ganizations or researchers. Beyond incurring direct economic costs,
which challenge food security, HWI also engender health impacts
and indirect opportunity costs (Barua et al., 2013). Understanding
patterns of HWI is a crucial first step for addressing this conserva-
tion conflict (Redpath et al., 2013). However, in some cases, wildlife
professionals struggle to verify the claims put forth by communities
and there is a paucity of studies evaluating the reliability of observa-
tional wildlife data generated by rural citizens. Establishing a base-
line of rural citizens' abilities to identify common species of large
mammals could offer important insight into the accuracy of HWI
reports.

The association between species identification accuracy and
in-depth species knowledge has generated considerable debate.
Katswara and Mukaratirwa (2021) showed that livestock keepers in
South Africa were able to correctly identify species of ticks, though
their knowledge about tick ecology and the precise pathways for
transmitting pathogens was limited. Similarly, Panisi et al. (2022)
found that conservation attitudes did not correlate with species
identification skills, suggesting that there is gap between species
literacy and environmentalism. However, Hooykaas et al. (2022)
concluded that species identification was ‘by far the best predic-
tor for in-depth knowledge about species’ as compared to demo-
graphic variables ranging from employment, sex, age and education

BRITISH 3
Eggg,tggw People and Nature |2

(Hooykaas et al., 2022: 1). These findings suggest that species iden-
tification tests are valuable, not only as indicators of the accuracy of
local reports of wildlife sightings and community-based ecological
monitoring regimes, but also as predictors of deeper forms of knowl-
edge about wildlife.

Our study's emphasis on wildlife species identification abilities
contributes to recent scholarship on the interface between citizen
science and HWI research (Moussa & Mohan, 2024; Ostermann-
Miyashita et al., 2021). Backstrom et al. (2024) make the case that
observational data of wildlife collected by rural citizens have the po-
tential to directly improve biodiversity monitoring in remote areas.
These efforts have been bolstered over the past 20years through
the development of mobile software applications and the prolifera-
tion of digital photography (Vohland et al., 2021). Benefits of this ap-
proach have included the generation of unstructured and structured
datasets through opportunistic sampling and have helped forge bi-
directional pathways of communication between scientists and the
general public (Pernat et al., 2025).

While citizen science projects have largely focused on helping
to map the locations of particular taxa (Callaghan, Poore, Mesaglio,
et al., 2021), or quantify the abundance of species (Callaghan,
Nakagawa, et al., 2021), our applied interest here is mainly in using
the primary accounts of people to understand the spatial and tem-
poral distributions of HWIs on shared landscapes outside pro-

2 We are interested in

tected areas in northern Tanzania.
understanding the potential for people's reports of wildlife to in-
form scientific understanding of local ecological dynamics.
Existing citizen science studies have made applied contributions
to freshwater monitoring (von Goénner et al., 2023), wildlife road-
kill assessments (Pinto et al., 2024) and insect monitoring (Sheard
et al.,, 2024) using digital software applications, though in our
study villages such applications were not yet accessible to most
people. We have thus focused our analysis here on the species
identification skills of people living in rural northern Tanzania and
the predictors of variability in these abilities.

Previous studies comparing species identification skills of
laypeople and professionals have produced mixed results. Crall
et al. (2011) found that wildlife identification skills of citizen vol-
unteers were almost as accurate as professionals, though they
cautioned that both groups faced concerns about data quality.
They found that age, education, experience, scientific literacy and
conservation attitudes did not predict wildlife species identifica-
tion abilities among volunteers but noted that people's levels of
comfort (i.e. their self-confidence) in identifying species correctly
may have been influential. However, other studies exploring cor-
relations between demographic variables and people's abilities
to correctly identify wildlife species suggest that age (Huxham
et al., 2006), gender (Corbett et al., 2005; Silva et al., 2022), ed-
ucation (Andi¢ et al., 2022; Hooykaas, 2022; Valliere, 2022) and
wealth (Panisi et al., 2022) may be significant predictors of peo-

ple's abilities to identify wildlife species.

2See Pernat et al. (2024) for discussion of primary and secondary citizen science data.
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A range of other biological factors also likely play a role, as evi-
denced by differences between people's abilities to identify native and
non-native wildlife species (Silva et al., 2022), and animals from differ-
ent classes (Hooykaas et al., 2019; Huxham et al., 2006; see also Panisi
et al., 2022). In particular, one may expect that more conspicuous
mammals—such as large-bodied species, diurnal species that can be
more easily observed compared to nocturnal species and species that
are relevant to one's livelihood (e.g. large carnivores may pose a threat
to pastoralists, whereas large herbivores may be more problematic for
crop farmers)—are easier to identify by lay people than species that are
difficult to detect or not directly relevant to their livelihood. Callaghan,
Poore, Hofmann, et al. (2021), for instance, found that large-bodied
birds were overrepresented in citizen science datasets from the iNat-
uralist platform, which they attributed to the greater ease of detecting
and photographing large-bodied species.

Recent literature also suggests differences in wildlife species iden-
tification skills between urban and rural residents. For instance, Bashan
et al. (2021) reported rural residents had better species identification
abilities than urban residents, though their findings varied by species
and were entangled with people's familiarity about the species and
perceived levels of connectedness to nature. Panisi et al. (2022) also
found positive effects of rurality on species identification. Similarly,
Silva et al. (2022) reported that Brazilian male university students who
regularly visited the countryside to farm, hunt and fish were better
able to correctly identify native mammal species as compared to peo-
ple who did not frequent rural areas. Though not directly investigat-
ing correlates of species identification ability, Ostermann-Miyashita
et al. (2022) found that exposure to wildlife predicted people's levels
of knowledge about wildlife. In this study, we use the Human Footprint
Index (HFI)—which maps the relative influence of human land uses on
terrestrial biomes—as a proxy measure of the urban-rural gradient and
potential differences in species exposure.

Based on this review of literature and our understanding of the
ecological and ethnographic context of the study, we organized our
analysis into geographic variables, human demographic variables
and species-specific variables (Table 1). We test these hypotheses
using data from 680 household interviews conducted in northern
Tanzania and assess how these variables affect the abilities of peo-
ple to identify 17 common mammal species (Table 2). Based on our
findings, we then discuss the potential applications of local percep-
tions and knowledge to wildlife management in our study area.

2 | MATERIALS AND METHODS

21 | Studyarea

We carried out this study in 25 villages spanning four districts (Karatu,
Babati, Monduli and Kiteto) in northern Tanzania. Villages were se-
lected purposively based on their proximity to a well-known network
of national parks and community-based conservation areas (Figure 1)
including: Makame Wildlife Management Area (MWMA), Randilen
Wildlife Management Area (RWMA), Burunge Wildlife Management

Area (BWMA), Manyara Ranch (MR), Tarangire National Park (TNP),
Lake Manyara National Park (LMNP) and Ngorongoro Conservation
Area (NCA). Since these conservation areas are unfenced and village
lands partially represent suitable habitat for many wildlife species,
wildlife occurrence on village lands is common (Bencin et al., 2016;
Vallin et al., 2025). Bimodal rainfall patterns necessitate seasonal mi-
gration of zebra and wildebeest in the central part of the study area
and less-regular movements of other wildlife species; some villages
also host resident wildlife across seasons (Kiffner et al., 2016). The
study area has a species-rich wildlife assemblage (see Table 2 for
scientific species names), but the composition of large mammal com-
munities differs regionally (Diplock et al., 2018).

Villages in our study area are inhabited by a diversity of eth-
nic groups. Those in Karatu district, in the northwestern portion
of our study area, are populated predominantly by Iragw people.
Iragw livelihood practices centre on subsistence crop cultivation of
maize, beans and peas to make productive use of fertile highland
soils (elevation between 1300 and 1700 m a.s.l.) and plentiful rainfall
(1000mm on average per year) (Prins & Loth, 1988). Savanna wild-
life species like cheetah, impala, wildebeest, zebra and giraffe are
not found in these village lands (Diplock et al., 2018), though the
adjacent forest reserve within the NCA hosts numerous other large
mammal species including elephant, buffalo, hyena, leopard and oc-
casionally lion (Homewood & Rodgers, 2004; Kiffner et al., 2021).

Villages in the Monduli and Babati districts, in the central part of
our study area, are situated within the greater Tarangire ecosystem.
The ecosystem supports long-distance seasonal migration of wilde-
beest, zebra and other species outside TNP, as well as populations of
resident wildlife (Gereta et al., 2004; Kiffner et al., 2016; Morrison &
Bolger, 2012). Villages in Monduli and Babati range in elevation from
980 to 1200m a.s.l. and encompass semi-arid landscapes that gen-
erally receive between 250 and 650mm of rainfall per year (Prins &
Loth, 1988). Most people living in these study villages self-identify as
Kisongo Maasai or WaArusha. Both of these ethnic groups speak Maa
and participate in an interconnected regional economy, though they
are culturally distinct (Raycraft, 2022b). While farming has been in-
creasing in this area (Msoffe et al., 2011), pastoralism is still the primary
livelihood strategy. As such, livestock herd sizes were notably larger in
Babati and Monduli as compared to those in Karatu (see Table S1). Our
study villages in these districts were located between LMNP and TNP
(Figure 1), in areas adjacent to BWMA, RWMA and MR.

Member villages of RWMA and BWMA participate in conserva-
tion management and receive a share of tourism revenue pursuant
to the legal framework for wildlife management areas in Tanzania
(Raycraft, 2022a; USAID, 2013; Wilfred, 2010). MR integrates pas-
toral livelihoods with wildlife conservation objectives by permitting
seasonal grazing access for member villages (Kiffner et al., 2020).
Kiteto district constitutes the southern part of the Tarangire eco-
system. We selected a member village of MWMA for this study,
which was inhabited almost exclusively by Kisongo Maasai. Maasai
in Kiteto uphold pastoral livelihoods including the maintenance of
large herds and customary patterns of livestock grazing. MWMA's
assemblage of large mammals is almost intact, other than rhinos
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TABLE 1 Variables hypothesized to influence mammal species identification (ID) accuracy in northern Tanzania.

Variable category

Geographic variables

Human demographic
variables

Species-specific
variables

(Baker et al., 2022). It generates revenue through carbon offset

General hypothesis

Urban-rural gradient
mediates species ID
accuracy

Distance to protected
area affects species ID
accuracy

District mediates species
ID accuracy

Gender influences species
ID accuracy

Age mediates species ID
accuracy

Ethnicity affects species
ID accuracy

Education affects species
ID accuracy

Livestock holdings
mediate species ID
accuracy

Land holdings mediate
species ID accuracy

Species daily activity
patterns associated with
species ID accuracy

Animal size affects species
ID accuracy

Feeding type affects
species ID accuracy

Conservation status
affects species ID
accuracy

Specific predictions

Those living in rural areas are more likely
to accurately identify species as they are
more exposed to these species

People living closer to protected areas
more accurately identify species as they
are more exposed to these species

Community structure of wildlife species
differs slightly across districts and these
differences in exposure may mediate
species ID accuracy

Men are more likely to accurately identify
species than women as their main activities
(e.g. herding livestock) may create greater
exposure to wildlife

Species ID accuracy increases with age or
follows a hump-shaped correlation

Pastoral groups are more likely to
accurately identify carnivores; cultivators
are more likely to identify herbivores

Formal education is positively associated
with species ID accuracy

The size of the livestock herd is positively
associated with species ID accuracy

The size of farmland is positively
associated with species ID accuracy

Diurnal species are positively associated
with species ID ability as people may be
more exposed to diurnal species

Larger sized species are more accurately
identified as they are more conspicuous

Carnivores are more accurately identified
than herbivores as interactions with these
species may be perceived to have greater
impact

Least threatened species are more
accurately identified as they are more
frequently encountered

numbers:

Proxy used

HFI (index ranging
from O to 1)

Distance to closest
protected area (in
kilometres)

District (Babati,
Monduli, Karatu,
Kiteto)

Gender category (man
or woman)

Age (in years)

Ethnic group (Maasai,
Iragw, WaArusha,
Other)

Education level (none,
primary, secondary
and above)

Livestock owned by
household (Tropical
livestock units)

Area under cultivation
(acres)

Category of diurnal
activity (diurnal,
cathemeral and
nocturnal)

Body mass (in kg)

Feeding type
(Herbivore or
carnivore)

IUCN Red List

categories (not
threatened or

threatened)

2016-349-NA-2013-191;
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programs and trophy hunting blocks. Further information on the
descriptive demographic statistics of our study participants can be
found in Table S1.

2.2 | Sampling procedures and human
demographic variables

Before commencing research, we submitted our research proposal
for review to the Tanzania Commission for Science and Technology
(COSTECH) and the Tanzania Wildlife Research Institute (permit

2019-92-NA-2103-191). Our study was subject to an internal ethical
review by COSTECH and the School for Field Studies and we also
received ethical approval from McGill University (REB File #: 479-
0419) for the conduct of research with human subjects. Further
permissions were provided in the form of written letters from
regional and district governments, and oral clearances from village
governments to carry out research at the local level. Surveys were
carried out in 2017 (Karatu, Babati and northern Monduli), 2019
(Kiteto) and 2020 (eastern Monduli). In 2020, we followed all local
research guidelines and ensured that COVID-prevention protocols
were followed (i.e. social distancing, carrying out surveys outdoors).
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TABLE 2 Characteristics of wildlife species, ordered by body mass. Data on body mass were gleaned from Clauss et al. (2021), Kiffner
et al. (2015) and Wood et al. (2021); if species refer to two sister species, we used the average of the two body mass values. Classification
of activity was based on Clauss et al. (2021) and Bennie et al. (2014). The IUCN variable was based on the corresponding species account
and was condensed to ‘Not threatened’ (IUCN categories: ‘Least concern’ and ‘Near threatened’) and ‘Threatened’ (IUCN categories:
‘Endangered’ and ‘Vulnerable’).

Species Scientific name Feeding type Body mass (kg) Activity class IUCN category
Elephant Loxodonta africana Herbivore 4000 Cathemeral Threatened

Giraffe Giraffa camelopardalis tippelskirchi Herbivore 1340 Diurnal Threatened

Buffalo Syncerus caffer Herbivore 550 Cathemeral Not threatened
Zebra Equus quagga Herbivore 241.8 Cathemeral Not threatened
Wildebeest Connochaetes taurinus Herbivore 226.5 Diurnal Not threatened
Lion Panthera leo Carnivore 178.5 Nocturnal Threatened

Warthog Phacochoerus africanus Herbivore 82.5 Diurnal Not threatened
Bushpig Potamochoerus larvatus Herbivore 75 Nocturnal Not threatened
Impala Aepyceros melampus Herbivore 56.3 Cathemeral Not threatened
Leopard Panthera pardus Carnivore 53.3 Cathemeral Not threatened
Hyena Crocuta crocuta and Hyena hyena Carnivore 50 Nocturnal Threatened

Thomson's gazelle Eudorcas thomsonii Herbivore 23.75 Cathemeral Not threatened
Civet Civettictis civetta Carnivore 11 Nocturnal Not threatened
Jackal Lupulella mesomelas Carnivore 10 Cathemeral Not threatened
Honey badger Mellivora capensis Carnivore 9.9 Nocturnal Not threatened
Dik-dik Madoqua kirkii Herbivore 5.5 Cathemeral Not threatened
Genet Genetta genetta and Genetta Carnivore 2.1 Nocturnal Not threatened

maculata

To select respondents for study participation, teams of 1-3 re-
search assistants walked in pre-planned directions from a village
centre (i.e. transects) to approach households. Selected households
were located a minimum of c. 200m apart, and households located
closer than 200m were excluded from sampling. Once a household
had been chosen, the research team provided an introduction, back-
ground about the study and obtained informed oral consent from
one adult member of the household (at least 18years of age) for
study participation. This included guarantees of anonymity and the
right to stop participating at any time. Depending on the linguistic
profile of the respondent, structured interviews were carried out
either in Maa (for Maasai and WaArusha participants) or kiSwabhili
(Tanzania's national language).

The first section of the survey instrument established demo-
graphic information about the respondent including age, gender,
ethnicity, education level and wealth (Appendix S1). Given the di-
versity of ethnic groups in the area, we categorized respondents
into one of four categories (Maasai, WaArusha, Iragw and Other).
Since very few respondents had attended university, we disaggre-
gated education into three levels (none, primary and secondary
or more).

To determine the key livelihood strategy of the respondent,
we used two main indicators: livestock holdings as represented by
tropical livestock units (TLU) and land holdings in acres. To calculate
TLU, we used the following conversions following standard guide-
lines for the region: cattle=0.5, donkey=0.3 and sheep/goat=0.1

(FAO, 2011). Land and livestock holdings are potentially important
for shaping the types of interactions between people and various
species of wildlife that are likely to occur. Livestock keepers are par-
ticularly impacted by large carnivores, for instance, as are crop culti-
vators by elephants and other herbivores.

The second section of the survey instrument comprised ques-
tions about each of the 17 wildlife species included in our study.
As the target variable for our analyses, we assessed if participants
could identify each species correctly. We presented a colour photo
plate depicting each species and asked interviewees to name the
species in either kiSwahili or Maa. Based on the response, we as-
sessed if the interviewee could correctly or fractionally identify
the species (e.g. ‘antelope’ instead of the more specific answer ‘im-
pala’), or could not provide a correct name. We initially planned to
survey at least 20 people from each of our study villages, but due
to practical constraints, we were able to survey a minimum of 17
people from each village. In total, we carried out 680 structured

interviews.

2.3 | Geographic variables

To take into account variation in the distributions of wildlife spe-
cies (Diplock et al., 2018) as well as geographic specificity of
human-wildlife encounters across our study area (Zimmermann

et al., 2021), we included district of residence into our model. To
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FIGURE 1 Map of the study area
showing the boundaries of eight
protected areas (BWMA, Burunge Wildlife
Management Area; LMNP, Lake Manyara
National Park; MGR, Mkungunero Game
Reserve; MR, Manyara Ranch; MWMA,
Makame Wildlife Management Area;
NCA, Ngorongoro Conservation Area;
RWMA, Randilen Wildlife Management
Area; TNP, Tarangire National Park), and
four districts (Karatu, Babati, Monduli and
Kiteto). The map also displays locations
of households selected for this study,

the spatial distribution of the Human
Footprint Index (HFI), and major lakes
(Lake Manyara and Lake Burunge).

i District

SOCIETY ¢

«  Household
[ Protected area

[ Lake
HFI

. 10.004
Il 0.999

assess the effects of geographic variables on people's abilities to
correctly identify wildlife species in a more generalizable fashion,
we included Kennedy et al.'s (2019) HFI dataset and distance to
the closest protected area. The HFI dataset offers a recent (2016),
continuous and cumulative measure of human land use intensity,
combining 13 stressors. The HFI ranges from 0, which represents
no human modifications to the land, to 1, which refers to land that
has been completely altered by humans. To integrate our survey
data with the HFI dataset, we layered the HFI raster data with
the household locations using QGIS 2.8.3 and then used the geo-
processing tool to create an HFI score for each of our households
(see Figure 1). Since livestock grazing and crop cultivation are not
spatially restricted to the exact household location, we considered
a radius of 1.94km around the location of each household (which
was recorded using a handheld GPS unit). This distance repre-
sents the median displacement of cattle in our study area (Ekwem
et al., 2021) and is likely a reasonable proxy for the area in which
humans interact with wildlife. To determine distance to the clos-
est protected area in kilometres, we used the NNjoin function. For
those households that were located within protected area bound-
aries, we categorized these distances as Okm.

2.4 | Species-specific variables

We considered whether the following species-specific variables in-
fluenced identification accuracy of rural residents (Table 2): feeding
category (herbivore; carnivore), body mass, activity patterns and the
conservation status of the species. We also included the species ID
of the animal as a random effect; this accounted for the fact that
certain species were easier or more difficult to identify, irrespective
of the considered traits.

2.5 | Data analysis

To analyse our data, we used R4.2.23 (R Core Team, 2021), and fitted
a generalized linear mixed model (GLMM) that accommodated the
hierarchical structure of our data and accounted for both fixed and
random effects. We fitted the model within the Bayesian framework
and used the brms package (Birkner, 2021), which allows for flexible
modelling of complex data structures. We specified the model as a
cumulative link mixed model, suitable for ordinal response variables,
and used a logit link function to model the cumulative probabilities
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of the ordinal outcomes of our target variable. We defined the target
variable as an ordinal variable reflecting the identification accuracy
of species by the respondents, with categories ordered as ‘Incorrect’,
‘Fractional’ and ‘Correct’. This response variable was modelled as a
function of several predictor variables (summarized in Table 1), while
accounting for the non-independence of observations arising from
the nested structure of our data.

We incorporated three levels of random effects to capture the
variability across different hierarchical levels. First, we included
each wildlife species as a random effect to account for the intrinsic
differences in identifiability between species. Second, we included
village as a random effect to accommodate the potential non-
independence of responses within the same village, recognizing that
respondents within the same village might share similar environmen-
tal exposures, educational backgrounds, cultural practices and local
information that could influence their species identification abili-
ties. Third, we accounted for the non-independence of multiple re-
sponses from the same respondent (i.e. each respondent answered
questions about 17 species) by nesting respondent ID within village
as a random effect. This structure acknowledges that respondents
are not independent across villages.

Among the fixed effects, we included a variety of variables in-
tended to capture the influence of socio-demographic factors,
species-specific characteristics and geographic variables (Table 1).
We selected these variables based on theoretical considerations and
previous literature suggesting their relevance in influencing peo-
ple's ability to accurately identify species. Prior to fitting the model,
we standardized continuous variables, such as age, body mass and
distance from protected areas, to have a mean of 0 and a standard
deviation of 1, facilitating model convergence and interpretation of
model coefficients. Additionally, we log-transformed the body mass
variable before standardization to address its skewed distribution.

We estimated model parameters using four Markov Chain Monte
Carlo chains, each running 2000 iterations, with the first 1000 itera-
tions used as warm-up. This resulted in 4000 post-warm-up samples
for inference. To account for the ordinal nature of our target variable,
we chose the cumulative family with a logit link. We specified weakly
informed priors to improve model stability while allowing flexibility
in parameter estimation. For fixed effects, we used a normal dis-
tribution with a mean of O and a standard deviation of 2.5. For the
intercept and the random effects, we used a Student's t distribution
with 3 degrees of freedom, a mean of O and a scale parameter of 2.5.

To ensure the adequacy and reliability of the model fit, we con-
ducted model diagnostics, including checks for convergence (e.g. R
values close to 1) and posterior predictive checks. We compared
the full model (Table S2) to a reduced model (Table S3; this model
excluded all variables whose posterior estimates had 95% credible
intervals [Crl] overlapping zero) using leave-one-out cross validation.
The reduced model had a slightly lower predictive performance (ex-
pected log pointwise predictive density difference=-2.3; standard
error of this difference=2.6), indicating no strong justification for
removing predictors. Accordingly, we retained the full model for
completeness and interpretability.

To visualize the model output, we plotted the random effects
for species and villages and the odds ratios of the fixed effects (OR;
exponent of fixed effect estimates) and their associated 95% Crl.
Crl, akin to confidence intervals in frequentist statistics, denote the
range likely containing the true estimate; 95% Crls overlapping with
1 imply that the effect is indistinguishable from no effect at this
credibility level.

To evaluate the explanatory power of the fitted model, we com-
puted conditional Bayesian R? scores, which consider both random
effects and fixed effects, and marginal R? scores which consider only
fixed effects, using the performance package (Lidecke et al., 2021).
By employing this modelling approach, we aimed to comprehen-
sively understand the factors correlating with species identifica-
tion accuracy, while appropriately accounting for the complex and
nested structure of our data and the inherent variability across dif-

ferent levels of observation.

3 | RESULTS

Across the 25 study villages, Maasai was the most populous ethnic
group (42%) followed by Iraqw (22%) and WaArusha (16%). Other
ethnic groups, most of which practiced a combination of animal hus-
bandry and crop cultivation, were grouped together as other (20%).
The mean age in years was 41, and the female to male gender ratio
was 0.82. Just over half of the sample (52%) had attended primary
school, about a third (33%) had no formal education and a minority
(15%) had been to secondary school or above. In terms of material
wealth indicators, the mean farm size of respondents was 8.2 acres
(0-200 range), and the mean TLU was 18.2 (0-665 range). The aver-
age distance to the nearest protected area was 5.1km (0-28.3) and
the mean HFIl was 0.61 (0.32-0.85). An overview of the study sam-

ple is shown in Table S1.

3.1 | Species identification

Almost all respondents were able to correctly identify elephant
(99%), zebra (98%), giraffe (97%), hyena (95%) and lion (92%)
(Figure 2). The majority of respondents were also able to correctly
identify buffalo (88%), leopard (88%), dik-dik (76%), jackal (74%), wil-
debeest (74%), impala (65%), warthog (62%) and bushpig (60%). Less
than half of the respondents correctly identified Thomson's gazelle
(48%), honey badger (36%), genet (31%) and civet (25%). However,
a relatively large percentage of respondents fractionally identified
Thomson's gazelle (31%), impala (26%), genet (20%), civet (20%),
bushpig (17), warthog (14%) and honey badger (10%).

3.2 | Correlates of species identification ability

Our full model, defined as a cumulative link mixed model with a
logit link function, efficiently handled the ordinal nature of our
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FIGURE 2 Percentage of correct, fractional and incorrect identification of 10 herbivore and seven carnivore species in northern Tanzania.
Percentages are based on raw data from 680 interviews, with the number of responses displayed above each bar. Species are ordered in

descending order of body mass.

target variable—categorizing species identification accuracy
as ‘Incorrect’, ‘Fractional’ and ‘Correct’. The model converged
well as evidenced by R values reaching the ideal of 1.0 across
all parameters, indicating that the model successfully reached a

stationary distribution. Posterior predictive checks affirmed a
good fitto the data, further validating the model's suitability for our
analysis. The full model (including both fixed and random effects)
explained about 55% of the variance in species identification
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FIGURE 3 Random effects derived from a Bayesian generalized linear mixed model assessing variation in wildlife species identification
accuracy among residents of rural northern Tanzania. Estimates represent random intercepts for each wildlife species (left panel), and village
(right panel), reflecting how each random intercept deviates from the model's overall baseline (dashed line at zero). Random intercepts

for species or villages with credible intervals overlapping zero (open circles) show little evidence of deviation from the overall average
identification probability, while those with credible intervals not overlapping zero (filled circles) have strong evidence of higher (blue) or
lower (red) probabilities of correct identification. Villages are grouped and ordered by district, with grey shading distinguishing the districts
of Karatu (Kainam-Rhotia Juu), Monduli (Naitolia-Jangwani), Babati (Olasiti-Ngoley) and Kiteto (Makame).

accuracy (conditional R?=0.55, 95% Crl [0.54, 0.56]). Fixed
effects alone accounted for approximately 33% of the variance
(marginal R?=0.33, 95% Crl [0.20, 0.44]), indicating that random
effects related to respondents, species and geographical location
substantially contribute to the model's performance.

The group-level effects highlight the variability in species,
villages and individual respondents nested within villages, with
standard deviation (SD) estimates for the intercepts suggesting sub-
stantial differences in baseline identification accuracy across these
hierarchical levels. The variation in species intercepts (SD=1.45
[95% Crl: 0.95; 2.24]) underscores differences in the ease or diffi-
culty of identifying certain species (Figure 3). Similarly, variability
at the village level (SD=1.45 [95% Crl: 1.03; 2.05]) suggests fine-
scale spatial differences in the ability to identify wildlife species.
However, the variation in baseline identification accuracy among
villages does not appear to be systematically related to the district
in which the villages are located. Notably, the random effects for
villages in the district of Monduli were highly variable, while random
effects for villages in Babati and Karatu districts had more similar
effects (Figure 3). At the individual level, respondents nested within
villages also showed some variation in their baseline ability to iden-
tify wildlife species (SD=1.03 [95% Crl: 0.94; 1.14]). However, this
individual-level variation is smaller than the species- and village-

level variation.

Among the fixed effects, our model provides strong evidence
that demographic variables (gender and education) and species-
specific variables (body mass) influence identification accuracy,
whereas geographic variables did not substantially influence identi-
fication accuracy (Figure 4).

Among the demographic variables, gender of the respondent
strongly influenced identification accuracy, with male respon-
dents having nearly threefold greater odds (OR=2.94, 95% Crl:
2.39; 3.60) of more accurately identifying a given species com-
pared to female respondents. Formal education was negatively
associated with identification accuracy; primary education slightly
decreased the odds of improved accuracy (OR=0.83, 95% Crl:
0.64; 1.08), with a more pronounced decrease observed for sec-
ondary education (OR=0.59, 95% Crl: 0.42; 0.84). Other tested
demographic variables, including age (OR=1.09, 95% Crl: 0.97;
1.21), acres under cultivation (OR=1.11, 95% Crl: 0.98; 1.26),
livestock units (OR=1.02, 95% Crl: 0.91; 1.16), and ethnicity
(ORpp0s2i=1-28, 95% Crl: 0.79; 2.06; ORy,.,=1.21, 95% Crl:
0.83; 1.74; OR\y,arusha = 0-82, 95% Crl: 0.48; 1.37; all compared to
Iragw) showed no strong associations with identification accuracy
(Figure 4).

Among the considered species-specific variables, only body
mass was a strong predictor of identification accuracy. Each unit in-
crease in log-scaled body mass increased the odds of identifying a
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species more accurately by over five times (OR=5.26, 95% Crl: 1.74;
15.60). Neither activity patterns (OR i cmerai = 3-46, 95% Crl: 0.53;
20.57; ORocturnai=0-29, 95% Crl: 0.10; 8.85; all compared to diur-
nal activity patterns), conservation status (ORq . .ieneq=2-19, 95%
Crl: 0.25; 18.38; compared to non-threatened species) nor feeding
type (OR =0.50, 95% Crl: 0.06; 4.04; compared to carnivore)

strongly mediated species identification.

Herbivore

We found no strong support that geographical variables me-
diated species identification accuracy. For all variables consid-
ered, including district (ORy, .4, i=4-52, 95% Crl: 0.98; 20.57;
OR(teto=1.94, 95% Crl: 0.13; 26.54; ORy,, ..=1.21, 95% Crl: 0.14;
8.63; all compared to Karatu), HFI (OR=0.79, 95% Crl: 0.46; 1.34),
and distance to protected area (OR=0.75, 95% Crl: 0.51; 1.08), Crl
overlapped with zero, suggesting high uncertainty about their po-
tential effects (Figure 4).

4 | DISCUSSION

Increasing recognition of the need to integrate human dimensions
into wildlife research has translated into a growing number of
studies on the perceptions of people that share landscapes with
wildlife (Frank et al., 2019; Kénig et al., 2020). Relying on people's
reports about wildlife dynamics and HWIs assumes that they are
able to accurately identify key wildlife species. If this assumption
is violated, it may lead to overestimation of wildlife populations
(Johansson et al., 2020), with particularly pronounced conse-
quences for endangered species (Butchart et al., 2018). By tak-
ing a rigorous quantitative approach, our study evaluated whether
rural residents across 25 villages in northern Tanzania could ac-
curately identify key wildlife species based on a photo-naming
exercise. Our results confirm that these residents can reliably
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identify species commonly involved in HWIs, affirming the validity
of community-reported wildlife data. However, species identifica-
tion accuracy was influenced by a suite of human demographic
and species-specific factors, while geographic fixed effects
showed no clear pattern, though substantial village-level variation
was evident. These findings highlight the importance of account-
ing for these biases when integrating local knowledge and context
in wildlife conservation strategies (cf. Kosmala et al., 2016) and
contribute to the broader discourse on the validity of local percep-

tions for monitoring wildlife dynamics.

4.1 | Contextualizing key results

While providing detailed information for our specific social-
ecological system, our key findings partially align with studies con-
ducted in other regions. For example, Corbett et al. (2005) concluded
that wildlife (snake) reports from the general public were fairly reli-
able, reducing the need for independent verification by wildlife or
health professionals. By contrast, other studies suggested a sig-
nificant gap between laypeople and professionals (Falk et al., 2019;
Hooykaas et al., 2019). In our study, people were generally able to
identify wildlife species, supporting Corbett et al.'s (2005) assertion
that community reports can accurately represent wildlife dynamics.
Our results suggest that the perspectives of rural communities are
reliable indicators for most of the mammal species considered in our
study (Table 2; Figure 2).

The fact that people more accurately identified larger mammals
parallels Falk et al.'s (2019) finding about the positive association
between identification accuracy and distinctive species appearance,
though it is difficult to generalize from their study of bee species
identification, which is likely more challenging than large mammal
classification. To the best of our knowledge, no pre-existing studies
investigated the predictors of people's mammal identification abili-
ties, though we see clear parallels to Callaghan et al.'s (2022) find-
ings that larger bird species were more represented in citizen science
datasets. In our case, body mass was a major predictor of species
identification ability, suggesting that bigger animals are easier for
people to correctly identify.

Adding further nuance to this discourse, Rogele et al. (2022)
found that volunteers who received formal guidance had better spe-
cies identification skills than those without direction. While guiding
was not offered in our study, we assessed the influence of formal
education. Interestingly, those without formal education identified
animals more accurately. One potential explanation here is that
those individuals in rural Tanzania who do not attend school may
spend more time at home in the villages, participating in traditional
economic and political systems such as livestock herding or farming.
Secondary education in Tanzania can lead to lifestyles that are more
distanced from rural ecosystem dynamics. This aligns with Bashan
et al.'s (2021) finding that rural residents, having more opportuni-
ties to interact with nature, tend to have better species identifica-
tion skills than their urban counterparts. It is likely in our study that

traditional forms of cultural and ecological knowledge are contribut-
ing factors affecting the relationship between education and species
identification ability.

Our finding that men were three times more likely to accu-
rately identify species than women suggests that gendered con-
servation education and outreach programs would be of benefit
in this ethnographic context (cf. Ostermann-Miyashita, Pernat,
et al., 2023). The notable gender difference likely relates to tradi-
tional divisions of labour within most Tanzanian ethnic groups. For
example, in Maasai society, women are usually responsible for do-
mestic work around homesteads, while men oversee herding and
crop cultivation in areas where wildlife encounters are more fre-
quent. The result supports existing studies that showed gendered
differences in species identification ability (Corbett et al., 2005;
Silva et al., 2022) and associations between species exposure
and species identification and knowledge (Ostermann-Miyashita
etal., 2022).

The weak (and uncertain) positive relationship between age
and species identification accuracy may suggest that increased
life experience and more encounters with wildlife over a longer
period lead to increased species literacy. Iragw elders in Karatu
district, for instance, would have been the only ones to observe
some regionally extinct species near their homesteads in their
lifetimes. Our finding that HFI, as a proxy of the urban-rural gra-
dient, was not significantly associated with species identification
skills does not necessarily line up with previous research results
showing that rurality is generally associated with better species
identification skills (Bashan et al., 2021; Panisi et al., 2022; Silva
et al., 2022). Partially, this could be explained by the fact that our
study area does not contain major cities (such as the densely popu-
lated areas near Arusha town; Figure 1) and we restricted sampling
to rural areas. In addition, distance to nearest protected area did
not markedly affect species identification skills. While unexpected,
these results may indicate that exposure to (and associated basic
knowledge of) these species is relatively homogeneous across the
landscape or that exposure is not directly linked to the location
of the homestead. Possibly, a rather uniform exposure to wildlife
is facilitated by relatively abundant wildlife occurrence on village
lands (Baker et al., 2022; Kiffner et al., 2016) and the fact that two
main roads in our study area run along protected area boundaries,
providing opportunistic wildlife observation opportunities (Kioko,
Kiffner, Phillips, et al., 2015).

The key take home message from our study for decision-makers
is that mammal species literacy among rural communities in north-
ern Tanzania is high. People are generally able to accurately identify
key mammal species, suggesting that studies of human percep-
tions could serve as reliable sources of empirical data on HWIs.
Complexities related to the influence of demographic, geographic
and species-specific variables suggest that tailored education and
outreach activities could help improve species literacy across the
study population and help ensure that the perspectives of rural resi-
dents make meaningful contributions to wildlife research and policy
in the future.
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4.2 | Context-specific applications of citizen
science data

Citizen science data are increasingly used worldwide for monitor-
ing wildlife and can provide reliable baseline estimates of species
distribution and abundance across large spatial scales (Backstrom
et al., 2024; Callaghan, Poore, Mesaglio, et al., 2021; Pernat
et al., 2025; Sheard et al., 2024). When conducted over long periods,
such data offer crucial insights into trends in distribution and abun-
dance (Callaghan et al., 2023; Johnston et al., 2023; Ostermann-
Miyashita, Bluhm, et al., 2023; Ringim et al., 2022; Tulloch
et al., 2013). While these efforts are invaluable for informing spe-
cies conservation programs, citizen science data can also serve as a
bottom-up approach that substantially fosters strategies for improv-
ing human-wildlife coexistence, provided that preferences of lay
people are compatible with those of scientists (Burgess et al., 2017;
Callaghan et al., 2022; McKinley et al., 2017; Ostermann-Miyashita
et al., 2021; Rowley et al., 2019).

If designed with low barriers for participation, wildlife data col-
lected by herders, farmers and other rural residents could not only
help monitoring wildlife populations but also map HWIs (Kauffman
et al.,, 2016; Moussa & Mohan, 2024; Pinto et al., 2024). In turn,
such data could be used to predict areas of low and high HWI risk
(Miller, 2015), benefitting rural people by helping to reduce the im-
pact of HWIs on human livelihoods. For example, this information
could be used to avoid livestock grazing in high risk areas (Beattie
et al., 2020), identify and prioritize areas for establishing preven-
tative methods such as predator-proof livestock corrals (Kissui
et al., 2019; Raycraft, 2024a), or establishing chilli fences to protect
crops from elephants (Kiffner et al., 2021).

Given the consistently high baseline knowledge among the sam-
pled population (especially for high conflict species such as lion,
leopard, hyena and elephant), moderate guidance and training would
likely suffice to ensure species identification accuracy (Kioko, Kiffner,
Jenkins, et al., 2015). In addition, data quality could be evaluated
based on clear criteria for assessing the evidence of species presence
(Binley & Bennett, 2023; Molinari-Jobin et al., 2021). The widespread
use of smartphones, capable of taking pictures and recording GPS
locations, may further facilitate such efforts (Vohland et al., 2021).
Engaging rural residents in this form of environmental co-monitoring
and co-management (cf. Peacock et al., 2020) could be an effective
method for promoting sustainable human-wildlife coexistence.
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Table S1. Summary statistics of data associated with respondents
sampled in northern Tanzania, stratified by district.
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Table S2. Summary of the full Bayesian generalized linear
mixed model testing the effects of demographic (age, gender,
education, ethnicity, TLU [tropical livestock units], acres [land
under cultivation]), geographic (PA distance [distance from nearest
protected area], HFI [Human Footprint Index], district), and species-
specific (body mass, feeding strategy, activity pattern, IUCN
category) factors on species identification accuracy among rural
residents of northern Tanzania.

Table $S3. Summary of the reduced Bayesian generalized linear mixed
model testing the effects of variables that showed a strong effect in
the full model (Table S2) on species identification accuracy among
rural residents of northern Tanzania.
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Appendix S1. Questionnaire used to assess species identification

accuracy among rural residents in northern Tanzania.
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