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Abstract
1.	 Schistosomiasis is a parasitic disease that affects over 250 million people world-
wide, with the majority living in rural areas of sub-Saharan Africa. The parasite 
relies on freshwater snails of the genus Biomphalaria as intermediate hosts. 
Mapping snail distribution is vital for identifying disease transmission hotspots. 
However, expert-led monitoring is often constrained by limited resources and 
restricted access to remote areas, highlighting the need for scalable and cost-
effective alternatives.

2.	 This study evaluates the effectiveness of citizen science in predicting Biomphalaria 
spp. presence by comparing models built from expert - and citizen-collected data. 
We tested two scenarios: the first one assumed perfect detection and focused on 
environmental and geomorphological predictors, while the second accounted for 
imperfect detection to explore discrepancies between citizen observations and 
expert-derived detection probabilities.

3.	 In the perfect detection scenario, the expert and citizen models identified site 
type and NDVI as significant environmental predictors of snail presence. Although 
both models demonstrated low marginal R2 values (~16%–17%), indicating limited 
explanatory power of broad-scale environmental predictors, conditional R2 val-
ues exceeded 65%, suggesting that fine-scale, site-specific habitat characteristics 
are critical determinants of Biomphalaria spp. presence. For the imperfect de-
tection scenario, the expert model and the citizen observations showed minimal 
discrepancies, primarily explained by individual observer variability and differ-
ences in sampling effort. Increased sampling effort consistently reduced false 
negatives and led to unexpected observations of snail presence by the citizens 
(i.e. observed presence in sites predicted unsuitable by the expert model).

4.	 Practical implication. Our findings demonstrate that citizen science data, when 
properly structured and statistically accounted for bias and errors, can generate 
ecological modelling outputs comparable to those based on expert-led surveys. 
We highlight the importance of accounting for observer variability, providing cali-
brated training and optimizing sampling strategies to enhance data quality. This 
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1  |  INTRODUC TION

Schistosomiasis is a parasitic disease that affects over 250 million  
people worldwide (Lo et al., 2022). It represents a significant public 
health challenge, particularly in rural sub-Saharan Africa where safe 
water and sanitation are scarce (Okoro et al., 2023). Chronic infec-
tion causes anaemia, cognitive impairment and stunted growth in chil-
dren, and in adults leads to liver fibrosis, bladder cancer and infertility 
(Gryseels et al., 2006). Humans become infected through dermal con-
tact with freshwater containing cercariae, the free-swimming infective 
larvae of Schistosoma spp., which are released by infected freshwater 
snails (Ross et al., 2002). Parasite eggs excreted in human urine or fae-
ces hatch in freshwater into miracidia (ciliated larvae) that infect com-
patible snail hosts (Gryseels et al., 2006). Within the snail, miracidia 
develop into sporocysts that multiply asexually and ultimately pro-
duce cercariae, which are shed back into the water (Warren, 1978). 
Consequently, in settings with limited sanitation and heavy reliance 
on natural water sources, water contamination and ongoing exposure 
to schistosomiasis are sustained (Stothard et al., 2017).

In the Ugandan context, intestinal schistosomiasis due to 
Schistosoma mansoni has been documented across 65% of the coun-
try's 146 districts, with lakeshore communities often exceeding 50% 
prevalence, whereas urogenital schistosomiasis due to S. haemato-
bium has been reported in fewer than 3% of the districts (Adriko 
et al., 2024). No urogenital schistosomiasis has been reported from 
our study area in western Uganda (southern Lake Albert) (Adriko 
et al., 2024). Given that Biomphalaria snails act as intermediate hosts 
for S. mansoni (Morgan et  al., 2001), mapping their distribution is 
key for identifying potential transmission hotspots and guiding tar-
geted disease control strategies (Stensgaard et al., 2006; Tumusiime 
et  al.,  2024; Wang et  al.,  2024). However, obtaining fine-scale 
Biomphalaria spp. distribution data in remote, resource-limited areas 
is challenging, as traditional expert-led monitoring is often not feasi-
ble due to logistical constraints (Shiff, 2017).

To address these data gaps, citizen science—consisting of ‘ac-
tively involving the general public in scientific endeavours generating 
new knowledge or understanding’ (ECSA, 2015)—offers a practical 
complement to expert-led monitoring. It enables local communities 
to collect high-resolution data and improve vector monitoring (Brees 
et al., 2021; Tumusiime et al., 2024). In Western Uganda, the ATRAP 
(Action Towards Reducing Aquatic Snail Parasitic Diseases) project 
operationalized this model by engaging community members in re-
peated sampling of snails intermediate hosts, providing the data used 
in this study. When combined with information on environmental 

and geomorphological drivers of snail presence, citizen-generated 
datasets can enhance disease surveillance. Nevertheless, method-
related biases remain a concern (e.g. spatial/temporal sampling 
bias, uneven effort and misidentification) arising from opportunistic 
sampling or contributions by non-specialists (Callaghan et al., 2021; 
Elbroch et al., 2011; Kosmala et al., 2016). Although previous work 
has demonstrated that citizen science can reliably capture pres-
ence–absence data for snail hosts (Tumusiime et al., 2024), evidence 
is limited on how such biases might affect predictive models and 
ecological interpretations (Bird et al., 2014).

This study addresses these gaps by evaluating the potential im-
pact of data quality on predicting Biomphalaria snail occurrence, 
using expert-based data as a reference. We assess (i) whether model 
outputs derived from citizen and expert data are comparable, and 
if so, (ii) which environmental and geomorphological variables most 
strongly structure snail distribution. Additionally, we examine the 
role of detection-related factors such as observer identity, sampling 
consistency, timing, duration, density and frequency, in determining 
the accuracy of citizen science observations. Finally, we explore the 
added value that citizen science can provide for vector surveillance, 
particularly in remote, resource-limited settings.

2  |  METHODS

2.1  |  Study area

The data for this study were collected from the Lake Albert region 
in western Uganda (Figure  1a), a landscape marked by substantial 
altitudinal variation (620–1400 m a.s.l.) along the Great Rift Valley. 
After applying data filters (Section 2.2.1.1), 56 sampling units—here-
after water contact sites (WCS)—were retained for analysis. These 
sites spanned four site types: springs, streams, wetlands and lake 
shorelines (Figure 1b). A detailed site description can be consulted in 
Tumusiime et al. (2024) Supporting Information (S1).

2.2  |  Data

2.2.1  |  Snail data

We analysed reports collected by the ATRAP (Action Towards 
Reducing Aquatic Snail Parasitic Diseases) project in western Uganda. 
Twenty-five citizen scientists (CS) sampled 76 WCS from March 2020 

study presents a transferable and cost-efficient framework for participatory eco-
logical monitoring in resource-limited and undersampled regions.

K E Y W O R D S
Biomphalaria, citizen science, data validation, habitat suitability, schistosomiasis, snail-borne 
diseases
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to February 2023; weekly sampling was encouraged but voluntary, 
consistent with citizen science principles. We adopted a flexible 
schedule to sustain participation in remote communities and to re-
spect participants' livelihoods, while recording visit-level metadata 
(observer, date, duration) so that variable effort could be evaluated 
in the analysis. Sites were selected after a preliminary survey of lo-
cations with frequent risky water practices (e.g. swimming, water-
fetching, washing and bathing) and included sites where Biomphalaria 
snails were present and sites where they were not detected during ini-
tial exploratory fieldwork (Brees et al., 2021) to avoid presence-only 
bias and enable presence–absence modelling to study the environ-
mental and geomorphological drivers of snail distribution.

CS reports consisted of photographs of snails intermediate hosts 
classified to genus: Biomphalaria, Bulinus or Radix, with other snails 
grouped as ‘pool’. Photos could contain multiple individuals and when 
more than a genus/category was encountered at a site, separate im-
ages were submitted per genus/category. For each visit, CS also re-
corded counts per genus/category from a timed search (scooping) 
targeting 30 min (Brees et  al., 2021), although the duration varied 
between visits and CS. Start and stop times, observer identity, date 
and coordinates were recorded, and reports between 20 and 60 min 
were retained for analysis. These reports were submitted to a cen-
tral server that could subsequently be accessed by the researchers. 
A researcher validated both the genus identification and snail counts 
as submitted by the CS. A malacologist (‘the expert’) sampled the 
same WCS monthly from July 2020 to May 2022 with a fixed 30-min 
scooping search per visit. The expert sampling interval overlapped 
with, but was shorter than, the CS sampling period (Mar 2020–Feb 
2023) (Figure S1). CS received initial training on genus-level identifi-
cation with photo guides, the timed-search protocol, metadata entry 
and personal protective equipment (PPE) requirements (e.g. gloves, 
boots). Annual refresher trainings reiterated safety, and the protocol 
specified not to sample if PPE was unavailable; ATRAP project co-
ordinators then supplied replacement gear. More information about 

the sampling protocol can be consulted in Brees et  al.  (2021) and 
Tumusiime et al. (2024).

This study focused exclusively on reports of Biomphalaria spp., 
the only known intermediate host of the schistosome responsible for 
human schistosomiasis in this region of Uganda (Adriko et al., 2018). 
Due to the difficulty of distinguishing between species, identification 
was limited to the genus level, which is sufficient for epidemiologi-
cal relevance, as all Biomphalaria spp. present in the area can host S. 
mansoni (Morgan et al., 2001). We used Biomphalaria spp. occurrence 
(presence–absence) for this first comparison of environmental and 
geomorphological drivers using citizen science and expert datasets. 
Although infected-snail abundance is more directly linked to trans-
mission, infection status was not measured, and the available snail 
count records are observer-dependent (Tumusiime et  al.,  2024). 
Abundance modelling would therefore require additional assump-
tions beyond the scope of this study. Accordingly, we used snail oc-
currence as a conservative indicator of habitat suitability.

2.2.1.1 | Data filters
Of the 6570 CS reports, 959 were excluded due to reported inabil-
ity to sample, citing reasons such as weather, illness or lack of mo-
tivation. Further exclusions included reports outside the sampling 
period (4), inaccurate GPS readings (accuracy >5 m) (547) and coordi-
nates located more than 200 m from designated WCS (416). Reports 
lacking Biomphalaria spp. data (62), containing misidentifications (32) 
and with sampling durations outside, the 20–60-min range (359) 
were also excluded. When multiple entries occurred on the same 
day at a site, only the first was retained (50). To account for potential 
variability in snail detection, only sites with at least 20 surveys were 
included (132), resulting in 62 WCS. Only WCS sampled by both the 
expert and CS were retained, resulting in 3631 valid reports and 56 
WCS sampled by 22 CS (Figure S2).

The expert submitted 1382 reports of which 26 were excluded 
due to fewer than 10 observations per WCS. Some WCS had <10 

F I G U R E  1 (a) Map of Uganda showing the study area. (b) Distribution of water contact sites by site type included in the study.
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expert visits because they were added after project initiation, re-
tired early or were temporarily inaccessible/unsafe (flooding/dry-
out, land-access) and during periods of COVID-19 travel constraints. 
This threshold was established because the expert sampled each 
water contact site once a month, less frequently than the expected 
weekly sampling by the CS, resulting in 1356 reports. To ensure 
comparability between the expert and CS data, only reports from 
common WCS that met the set standards were included. This led to 
1073 valid reports from 56 WCS (Figure S2).

2.2.2  |  Static geomorphological variables

Geomorphological variables for the study region (Table S1) were de-
rived from the Copernicus GLO-30 Digital Elevation Model (DEM) at 
a 1 arc-second resolution (Copernicus DEM—Global and European 
Digital Elevation Model|Copernicus Data Space Ecosystem,  n.d.). 
Four DEM tiles, each covering a 1° by 1° area around the study re-
gion, were downloaded and merged into a single raster. The raster 
was then reprojected to the target coordinate reference system 
(CRS: EPSG:32636–WGS84 36N) using the warp tool with a 30 m 
resolution and cubic B-spline resampling (Nonogaki et  al.,  2006). 
Finally, it was clipped to the relevant catchment area, defined 
using the HydroBASINS dataset (Hybas Lake 7 sub-basin, HYBAS_
ID = ‘1071111290’) (Lehner & Grill, 2013). All processing was con-
ducted in QGIS.

Geomorphological variables were measured once per WCS and 
held constant across visits, whereas environmental covariates varied 
by site date.

Elevation (ELE): Elevation values were directly extracted from 
the Copernicus GLO-30 DEM.

Slope Steepness Factor (SSF): Calculated as the slope steepness 
(S) factor from the Universal Soil Loss Equation (RUSLE), follow-
ing the methodology proposed by McCool et al. (1987). This factor 
measures the impact of slope gradient on soil erosion potential.

Flow accumulation (FA): Also referred to as upslope contribut-
ing area, quantifies the total overland flow passing through each 
raster cell, considering the number and area of upstream cells 
(Holmgren, 1994).

Topographic Index (TI): Indicates potential water accumulation 
zones and reflects the balance between gravitational forces driving 
water downslope, calculated as the natural logarithm of the ratio be-
tween the upslope contributing area (FA) and the local slope angle 
(tan(β)) (Quinn et al., 1991).

All derived variables—SSF, FA and TI—were computed using the 
R.watershed (Neteler et al., 2012) tool in QGIS.

2.2.3  |  Environmental variables

Environmental variables (Table S2) were calculated for each water 
contact site but, and unlike static geomorphological variables, varied 
over time.

Precipitation (PP): Daily precipitation was obtained from CHIRPS 
(Funk et al., 2015) via Google Earth Engine (GEE). To capture intra-
seasonal rainfall variability and its potential influence on snail pres-
ence, 7-day antecedent cumulative precipitation was calculated for 
each site-date using RStudio. Multi-day accumulation provides a 
more robust indicator of ecological responses than daily values, as it 
reflects sustained hydrological conditions (Schwartz et al., 2020). PP 
serves as our time-varying seasonal covariate; accordingly, we did 
not include separate month/season terms to avoid collinearity and 
preserve parsimony.

Surface temperature (ST): Daily surface temperature data were 
extracted from MODIS (Wan et  al., 2021) through GEE and con-
verted from Kelvin to Celsius. Temperature significantly affects 
Biomphalaria snail dynamics, including growth, fecundity, egg viabil-
ity and survival (Kalinda et al., 2017).

Normalized difference vegetation index (NDVI): NDVI values 
were derived from high-resolution (3 m) Planet imagery (Planet Labs 
PBC,  2023) using red, green, blue and near-infrared (NIR) bands 
(Protocol S1). After mosaicking the images by date, NDVI values 
were calculated. The 90th percentile of NDVI values within convex 
hull polygons containing all sampling points per site was used to em-
phasize peak vegetation density, as higher NDVI values correspond 
to denser terrestrial vegetation (Fung & Siu, 2000).

Temporal gaps in NDVI and ST were addressed using linear 
and cubic interpolation via the imputeTS package (Moritz & Bartz-
Beielstein, 2017) in R.

2.2.4  |  Detection variables

Detection variables describe aspects of the sampling process and 
individual performance CS performance that may influence snail de-
tection likelihood.

Citizens ID (ID): Each citizen scientist was assigned a unique 
identifier to assess potential unmeasured individual effects on snail 
detection.

Consistency (CONS): Defined as the ratio of valid monthly sub-
missions to the expected frequency (1 report per site per week or 4 
reports per month per site). Higher consistency was hypothesized to 
enhance snail detection due to increased familiarity and observation 
skills (Dickinson et al., 2010; Parrish et al., 2019).

Sampling time (SAMT): Time of sampling may influence detect-
ability, as Biomphalaria snails' activity varies with light conditions 
(Rotenberg et al., 1989). Time data were transformed into circular 
variables using sine and cosine functions: SAMTsin = sin(2π × (SAMT
/86400)) and SAMTcos = cos(2π × (SAMT/86400)), where SAMT rep-
resents the time of sampling in seconds since midnight within a 24-h 
period (86,400 s). This accounts for daily rhythmic patterns, with 
peaks at 6 AM (SAMTsin) and midnight (SAMTcos) and minimum values 
at 6 PM (SAMTsin) and noon (SAMTcos).

Sampling duration (SDU): Longer sampling times increase the 
likelihood of encounters and therefore detection probability (Gu & 
Swihart, 2004). Shorter durations near the 20-min minimum were 
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expected to yield lower observations than those closer to the 60-
min maximum.

Cumulative sampling frequency (CSF): The total number of sam-
pling events per citizen scientist across the study, with higher counts 
later in the period potentially reflecting increased proficiency and 
therefore detection likelihood (Kosmala et al., 2016).

Sampling density (SDE): Represents relative sampling intensity, 
calculated as the ratio of citizen to expert visits per site.

2.3  |  Statistical modelling

To evaluate whether citizen-generated data yields a similar un-
derstanding of biophysical drivers of snail occurrence as expert-
generated data, we compared model outputs from both sources.

We implemented two modelling scenarios (Figure 2). The first as-
sumed perfect detection, considering only environmental and geo-
morphological variables as drivers of snail presence. This approach 
tested whether key predictors of snail presence were consistent be-
tween citizen and expert models.

The second scenario accounted for imperfect detection, assess-
ing whether detection variables explained differences between the 
‘ideal’ expert-based detection probabilities and the actual CS snail 
observations. Specifically, we examined how these variables influ-
enced the probabilities of false negatives (defined as the expert mod-
el's probability of presence for cases where an absence is reported 
by the CS) and the probabilities of unexpected observations (defined 
as the expert model's probability of absence for cases where a pres-
ence is reported by the CS).

2.3.1  |  Perfect detection scenario

This scenario focused solely on geomorphological and environmen-
tal predictors of snail presence/absence, excluding potential detec-
tion biases. To compare predictors identified by CS and the expert, 
we fit separate models for each dataset. Generalized linear mixed-
effect models (GLMMs) were applied to account for repeated sam-
pling at WCS and to evaluate the relationship between predictors 
and the binary response variable (Bolker, 2015): snail presence or 
absence. Given the binary nature of the response variable, a bino-
mial distribution with a logit link function was used:

In Equation (1), P
(
Yij = 1

)
 represents the probability of snail pres-

ence detected by the expert (SPexij) or the CS (SPcsij) at a given sam-
pling instance (ij). Geomorphological predictors (ELEi , SSFi , FAi , TIi) 
vary across space (i), while environmental predictors (PPij, STij, NDVIij ) 
vary across both space (i) and time ( j). The intercept �0 represents 
the baseline log-odds of snail presence, and the coefficients �1 to �7 
represent the fixed effects for each variable. The interaction term 

(
Site typei × NDVIij

)
 captures how vegetation influences snail pres-

ence across different site types (lake, spring, stream, wetland). The 
random effect (1|WCS) accounts for variability in baseline log-odds 
across different WCS.

2.3.2  |  Imperfect detection scenario

For imperfect detection, we assumed that the expert's best-fit 
model represents the ‘true’ probability of snail presence. We applied 
the best expert model to the citizen science data and compared the 
model-derived probabilities with the observed data from CS. The 
differences between the expert model's predictions and the CS ob-
servations were categorized into two cases: probability of false nega-
tives and probability of unexpected observations.

False negatives (FNij) were defined as cases where the expert 
model predicted a snail probability of presence, but the CS reported 
an absence. Unexpected observations (UOij) were cases where the CS 
reported a snail presence, but the expert model predicted a proba-
bility of absence.

A GLMM with a beta distribution was fitted for both FNij and 
OUij separately, as the probabilities are bounded between 0 and 1 
(Johnson, 2013), using the following model:

In Equation (2), P
(
Yij
)
 represents the expected value of the prob-

ability of false negatives (FNij) or the probability of unexpected ob-
servations (UOij) which ranges between 0 and 1, for a given sampling 
event (ij). The variable IDi represents the CS ID and SDEi denotes the 
sampling density, both of which vary across space (i). The variables 
CONSij, SAMT_sinij, SAMT_cosij, SDUij, CSFij are detection variables 
that vary across space (i) and time ( j). The intercept �0 is the baseline 
log-odds when all the fixed effects are zero, and �1 to �7 represent 
the fixed effects for each predictor. The random effect (1|WCS) ac-
counts for variability across WCS.

2.3.3  | Model selection and diagnostics

To minimize redundancy among predictors, we calculated a 
Spearman's correlation matrix (threshold ρ > 0.7) for all numeri-
cal predictors within each scenario and case, retaining only one 
variable per highly correlated pair. Multicollinearity was further 
assessed using the generalized variance inflation factor (GVIF) and 
the adjusted GVIF (considering degrees of freedom) for categori-
cal variables, with a threshold of 10 (Zuur et al., 2009). These steps 
were performed using the vif function from the car package (Fox & 
Weisberg, 2019) in R.

Predictor variables were standardized (mean-centred and scaled 
by standard deviation) across the CS and expert dataset (including 

(1)
logit

(
P
(
Yij=1

))
=�0+�1ELEi+�2SSFi+�3FAi+�4TIi+�5PPij

+�6STij+�7
(
Site typei×NDVIij

)
+(1|WCS)

(2)

logit
(
P
(
Yij
))

=�0+�1IDi+�2CONSij+�3SAMT_sinij

+�4SAMT_cosij+�5SDUij+�6CSFij

+�7SDEi+(1|WCS)
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geomorphological and environmental predictors) and for each case 
of the imperfect detection scenario (false negatives and unexpected 
detection) to improve model convergence and facilitate the compar-
ison of effect sizes (Schielzeth, 2010).

For the perfect detection scenario, we used the glmer function 
from the lme4 package (Bates et  al., 2015) to fit binomial models. 
For imperfect detection, we applied the glmmTMB function from 
glmmTMB (Brooks et al., 2017), modelling probabilities with a beta 
distribution (Johnson, 2013).

All possible predictor combinations were tested, and model per-
formance was assessed using Akaike's information criterion (AIC). 
Models within 2 AIC units of the best-performing model were con-
sidered equally valid (Burnham & Anderson,  2002). Final models 
were selected based on AIC, as well as marginal and conditional R2 
values, indicating variance explained by fixed effects and by both 
fixed and random effects, respectively.

After model selection, we performed a likelihood ratio test 
(ANOVA) (Kaufmann & Schering,  2014) to assess whether adding 
the NDVI:Site type interaction term significantly improved model fit, 
based on the hypothesis that NDVI, as a proxy of vegetation, influ-
ences snail presence differently across site types (Ofulla et al., 2013).

Finally, we compared models based on the full CS dataset and a 
temporally aligned subset (2805 reports) corresponding to the expert 
sampling period (Figure S1) to test sensitivity to sampling coverage.

3  |  RESULTS

3.1  |  Overview of model selection and diagnostics

3.1.1  |  Diagnostics

In the perfect detection scenario, a Spearman's correlation ma-
trix showed a strong positive correlation (ρ > 90%) between the 
topographic index (TI) and flow accumulation (FA) in both datasets 
(Figure  S3). Due to this high collinearity, we retained FA for further 
analysis, as it provided a more straightforward interpretation. In the 
imperfect detection scenario, no highly correlated predictors pairs 
were identified (Figure S4). Furthermore, none of the numerical or cat-
egorical predictors exceeded the GVIF threshold of 10 in either sce-
nario, indicating no concerns with multicollinearity (Tables S3 and S4).

3.1.2  | Model selection

A total of 508 models were computed, representing all possible  
combinations of seven predictor variables (27 − 1), across four out-
comes: perfect detection for both expert and CS datasets, and 
imperfect detection for the probability of false negatives and unex-
pected observations.

Table  1 summarizes the best-performing models for each sce-
nario and dataset, detailing selected predictors, AIC and R2 values. 
Complete model summaries are provided in Table S5 (perfect detec-
tion) and Table 2 (imperfect detection).

3.2  |  Perfect detection scenario

The perfect detection scenario compared Biomphalaria snail pres-
ence/absence models by the expert and CS, based on geomorpho-
logical and environmental variables. Although the best models for 
citizens and experts did not share the same structure (Table 1), the 
most parsimonious models (AIC difference < 2), considered compa-
rable between them, were evaluated to assess predictor frequency 
and significance (Figure  3a). Site type was included in all the best 
models, while NDVI appeared in fewer expert models (3 out of 15) 
but was consistently present in the CS models. Both site type and 
NDVI were significant predictors in both datasets and the interac-
tion between site type and NDVI was consistently significant in CS 
models (Figure 3a).

Despite differences in effect size and significance, consistent 
trends in direction and uncertainty were observed across both data-
sets (Figure  3b). While the inclusion of the site-NDVI interaction 
term did not significantly improve the expert model (p = 0.147), it 
significantly improved the CS model fit (p = 0.011), with significant 
effects for spring (p = 0.042) and stream (p = 0.003) sites.

3.3  |  Imperfect detection scenario

3.3.1  |  Overview of observed probabilities

The observed probabilities for false negatives and unexpected 
observations were predominantly near zero, indicating a strong 

TA B L E  1 Selected models for the perfect and imperfect detection scenarios.

Scenario Model Selected predictors [partial R2] AIC value Marginal R2 Conditional R2

Perfect 
detection

Expert 
(
SPexij

)
ELE [0.021], PP [0.001], Site type × NDVI [0.004], 
Site type [0.139], NDVI [0.005]

978.8 0.17 0.65

Citizen scientists 
(
SPcsij

)
FA [0.010], SS [0.034], Site type × NDVI [0.002], 
Site type [0.098], NDVI [0.002]

3087.7 0.16 0.70

Imperfect 
detection

False negatives 
(
FNij

)
SAMTsin [0.001], SAMTcos [0.001], CSF [0.002], ID 
[0.423], SDE [0.053]

−5349.8 0.59 0.99

Unexpected 
observations 

(
UOij

) SAMTsin [0.0], CSF [0.018], ID [0.716], SDE [0.034] −8571.6 0.75 0.98

 26888319, 2025, 4, D
ow

nloaded from
 https://besjournals.onlinelibrary.w

iley.com
/doi/10.1002/2688-8319.70163 by U

va U
niversiteitsbibliotheek, W

iley O
nline L

ibrary on [12/03/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



8 of 14  |     VALDERRAMA-­BHRAUNXS et al.

alignment between expert-derived predictions and the CS observa-
tions (Figure 4).

3.3.2  |  False negatives (FNij)

A one SD increase in the sine (SDSAMP_sin = 0.55) transformation 
of sampling time was associated with a 2% higher probability  
of false negatives (p = 0.027). In contrast, a one SD increase in 
sampling density (SDSDE = 1.52), the ratio of citizen scientist to 
expert sampling efforts per site, reduced false negatives' likeli-
hood by 97% (p = 0.031). False negatives' probabilities varied  
substantially across CS IDs (80%, p ≤ 0.050), with some IDs show-
ing around 99% lower probabilities compared to ID 10, which 
served as the reference level due to its high sampling effort 
(Table 2).

3.3.3  |  Unexpected observations (UOij)

A one SD increase in cumulative sampling frequency (SDCSF = 75.49), the 
number of sampling events per citizen scientist, increased unexpected 
observations odds by 10% (p ≤ 0.001). Similarly, a one SD increase in 
sampling density (SDSDE = 1.18) increased the likelihood of unexpected 
observations by 355% (p = 0.03). Unexpected observations probabilities 
varied across CS IDs (76%, p ≤ 0.05), with some IDs showing 5.36 to 695 
times higher probabilities compared to ID 10 (Table 2).

3.4  |  Additional analysis with reduced citizen 
scientist dataset

Using the reduced CS dataset aligned with the expert sampling pe-
riod, we observed a general decrease in statistical significance across 

TA B L E  2 Odd ratios for predictor variables in the imperfect detection scenario.

Predictor

False negatives Unexpected observations

OR 95% CI p-value OR 95% CI p-value

Sampling time (sin) 1.02 1.00, 1.04 0.027 — — —

Sampling time (cos) 1.01 1.00, 1.03 0.059 — — —

Cumulative sampling frequency 0.96 0.91, 1.01 0.120 1.10 1.06, 1.14 <0.001

Sampling duration — — — 1.00 0.99, 1.01 0.800

Sampling density 0.03 0.00, 0.73 0.031 3.55 1.25, 10.00 0.030

ID

1 0.00 0.00, 0.03 0.006 — — —

3 1.37 0.03, 57.9 0.870 4.72 0.65, 34.1 0.120

4 21.10 0.06, 7512 0.310 — — —

5 0.00 0.00, 0.08 <0.001 16.30 3.52, 75.2 <0.001

6 — — — 695.00 96.1, 5029 <0.001

7 0.00 0.00, 0.03 0.001 83.50 5.54, 1258 0.001

8 0.00 0.00, 0.01 <0.001 26.70 1.44, 496 0.028

9 0.00 0.00, 0.07 <0.001 2.42 0.51, 11.5 0.270

10a — — — — — —

14 0.00 0.00, 0.04 0.003 401.00 17.0, 9444 <0.001

15 0.01 0.00, 0.08 <0.001 9.54 1.89, 48.1 0.006

16 — — — 2.61 0.56, 12.1 0.220

17 — — — 5.36 1.46, 19.7 0.011

18 0.02 0.00, 0.28 0.003 23.90 6.24, 91.7 <0.001

19 — — — 39.70 1.13, 1390 0.042

20 — — — 164.00 5.53, 4846 0.003

21 0.02 0.00, 0.19 <0.001 19.70 4.88, 79.6 <0.001

22 0.00 0.00, 0.01 0.002 633.00 23.8, 16846 <0.001

23 0.01 0.00, 0.09 <0.001 9.51 2.43, 37.2 0.001

24 0.00 0.00, 0.00 <0.001 36.10 0.86, 1512 0.060

25 0.00 0.00, 0.00 <0.001 — — —

Note: Significant p-values (<0.05) highlighted in red.
Abbreviations: CI, confidence interval; OR, odds ratio.
aID 10 was used as a reference since it had the highest sampling frequency.
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scenarios, though effect directions remained consistent (Figure S5; 
Tables S6 and S7). Notably, cumulative sampling frequency, which 
was non-significant in the extended false negatives model, became 
highly significant (OR = 1.16, p ≤ 0.001). A one SD increase (88.62 
sampling instances) corresponded to a 16% rise in false negatives 
detection probability, though its partial R2 remained low (0.001).

4  |  DISCUSSION

4.1  |  Great minds map alike: Citizen scientists 
models replicate expert-derived Biomphalaria spp. 
suitability models

Our results reveal strong congruence between CS and expert mod-
els, with both identifying site type and NDVI as significant predictors 
of Biomphalaria spp. presence (Figure  3). This alignment reinforces 

growing evidence that citizen science can reliably complement and, in 
many cases, replicate expert-driven ecological modelling (Dickinson 
et al., 2010, 2012; Fraisl et al., 2022; Mair & Ruete, 2016).

A closer examination of these patterns, indicates that NDVI 
exhibited a habitat-dependent relationship with snail presence, 
showing positive associations in streams and springs, negative 
associations in lake sites and no significant effects in wetlands 
(Table S5). These site-specific differences likely reflect how vege-
tation is captured across different waterbodies in our study area. 
In small streams and springs, where water cover is typically low and 
interference of water pixels is minimal, NDVI primarily reflects ter-
restrial vegetation which may provide shading. Reduced light expo-
sure due to shading could facilitate snail detection, as Biomphalaria 
snails tend to be less active during direct and prolonged light expo-
sure (Rotenberg et al., 1989). Conversely, in lake and wetland sites, 
NDVI likely represents a composite signal influenced by water sur-
face fluctuations, aquatic and terrestrial vegetation. The negative 

F I G U R E  3 (a) Summary of predictor variables frequency in top models by AIC; the stripes indicate how frequent the predictors were 
significant. (b) Graphic representation of standardized odd ratios for the best models derived from the expert and citizen scientists' datasets.

F I G U R E  4 Histogram of imperfect detection: (a) probability of false negatives, (b) probability of unexpected observations.
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association between NDVI and Biomphalaria spp. presence in lake 
sites may suggest that water expansion favours snail colonization. 
Previous studies have reported that intermediate host snails can 
benefit from flooding conditions, which create additional breeding 
areas (Guo et al., 2021; Qiu et al., 2022). However, these studies 
also emphasize the importance of considering short and long-term 
effects of such extreme events, as their impact on snail popula-
tions may vary over time.

4.2  |  Broad-scale variables do not accurately 
predict the distribution of Biomphalaria snails—likely 
due to their patchy distribution

Both CS and expert models identified NDVI and site type as key pre-
dictors, but their predictive power was limited, with marginal R2 val-
ues of 17% for the expert model and 16% for the CS model. Notably, 
these values were remarkably close, further confirming the consist-
ency between predictions from both datasets. However, the low R2 
values indicate that broad-scale predictors alone do not fully explain 
Biomphalaria spp. distribution.

In contrast, the relatively high conditional R2 values (>65%) across 
both datasets suggest that site-specific characteristics play a dominant 
role, regardless of the data source. This finding aligns with research 
demonstrating that freshwater invertebrates are highly dependent on 
microhabitat features such as flow velocity, water depth and substrate 
type (Vaessen & Houbrechts, 2022). For Biomphalaria spp., suitable 
habitats are typically associated with shallow water depths (2–4 cm) 
and substrates like plant detritus or bedrock, while stable water levels 
in man-made structures further support snail presence by fostering 
algal growth (Utzinger & Tanner, 2000). These habitat characteristics 
shape the patchy distribution of Biomphalaria snails, which in turn rein-
forces the focal nature of schistosomiasis transmission and prevalence 
(Stothard et al., 2017; Walz et al., 2015).

Given the importance of these fine-scale habitat characteristics, 
future efforts should focus on identifying relevant environmental 
variables that can be robustly and safely collected through citizen 
science initiatives. Integrating measurements such as substrate com-
position, water depth and aquatic vegetation cover could improve 
our understanding of Biomphalaria snails' distribution and refine 
habitat suitability models.

4.3  |  Optimizing citizen science: Accounting for 
observer variability and sampling effort

Despite common concerns over variability in CS observations (Earp 
et al., 2022; Kosmala et al., 2016), our results indicate minimal discrep-
ancies between the ‘optimal’ expert model and the CS data (Figure 4). 
However, individual variability among CS participants emerged as the 
strongest driver of these minor differences in snail detection, followed 
by sampling density and cumulative sampling frequency (Table 2).

Inter-observer variability was the primary source of detection differ-
ences (Table 1, partial R2). Some CS recorded absences when the expert 
model predicted a presence, while others recorded presences that were 
not predicted by the expert model. Such variability is well documented 
in citizen science datasets (Kosmala et al., 2016) and likely reflects dif-
ferences in prior experience, motivation and search effort (Kosmala 
et al., 2016). Although often viewed as a limitation, observer variability 
does not inherently compromise data quality when appropriate statistical 
methods, such as GLMMs with random effects, are used to account for 
it (Bird et al., 2014), as demonstrated in this study. Practically, future pro-
grams could further reduce variability by standardizing effort with a timer 
and mandatory start/stop times; providing more frequent calibration/re-
fresher trainings; scheduling occasional paired resurveys (two observers 
at the same WCS within a limited period) to quantify inter-rater variability 
(Kosmala et al., 2016) and organizing regular expert–CS joint surveys for 
feedback (Freitag et al., 2016; Kosmala et al., 2016).

Sampling effort also influenced detection patterns particularly 
in reducing false negatives. The probabilities of false negatives 
decreased substantially with higher sampling density. This empha-
sizes the critical role of intensified sampling in detecting patchily 
distributed species, particularly for non-expert observers (Mair & 
Ruete, 2016). In the reduced dataset, cumulative sampling frequency 
was significant, with an additional 87 sampling instances leading to a 
16% increase in false negatives (Table S7). However, since including 
this term did not improve the marginal R2, these results should be 
interpreted with caution. Overall, our findings confirm that sampling 
density, an indicator of sampling effort, plays a key role in reduc-
ing false negatives, though its impact is secondary to individual ob-
server differences.

The probability of unexpected observations increased with 
sampling density and cumulative sampling frequency (Table  2), 
consistent with the idea that frequent engagement with a task im-
proves observation skills (Kosmala et al., 2016) and that repeated 
site visits enhance occupancy estimation (Mackenzie et al., 2005). 
The ability of CS to detect snails where the expert model pre-
dicted low suitability suggests that fine-scale, frequent sampling 
can reveal ecological patterns that broad-scale expert models may 
overlook. Similar advantages are seen in vector surveillance: in 
Mosquito Alert (Južnic-Zont et al., 2022), participants contributed a 
vast number of real-time mosquito records that enabled early warn-
ing systems, which were not feasible with traditional data collec-
tion methods. Large, structured volunteer datasets can therefore 
complement expert surveys by improving spatiotemporal coverage 
(Kelling et al., 2019).

While increasing sampling effort enhances detection, resource 
efficiency remains a critical consideration. Previous work in this net-
work estimated that CS data collection costs were 7.6 times lower 
than expert-driven surveys, even when accounting for PPE and an-
nual refresher trainings (Tumusiime et al., 2024). However, despite 
the cost's advantages, there is a clear trade-off between effort and 
marginal gains: in our case, 75 additional sampling instances resulted 
in only a 10% increase in unexpected observations (Table 2).
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4.4  |  General recommendations for citizen science 
projects in vector surveillance

Projects should be co-designed with local stakeholders and partici-
pants to align objectives with local needs, build ownership and trust 
and ensure feasible protocols (De Agustin Camacho et  al., 2023; 
Ind & Coates,  2013). Co-design should also specify safety rules, 
PPE requirements and ethical considerations. Effort and evidence 
should ideally be standardized (e.g. a ~30-min timed search with re-
corded start/stop times, observer ID, GPS accuracy threshold) and 
photos per category should meet a pre-specified minimum pixel 
resolution to ensure valid and verifiable records. If flexible sched-
uling yields patchy data that limit inference, agree with participants 
on minimal visit frequency (e.g. biweekly or monthly), communi-
cate it clearly and record any deviation while retaining flexibility 
for safety and access. The sampling design should include both 
known presence and initial non-detection sites to avoid presence-
only bias (Phillips et al., 2009). Periodic refresher trainings should 
be combined with simple and timely feedback to sustain engage-
ment (Brees et al., 2021; Freitag et al., 2016; Kosmala et al., 2016). 
To limit inter-observer variability, occasional paired resurveys, ob-
server rotations (Kosmala et al., 2016) and expert–CS joint surveys 
(co-visits to a subset of sites) should be foreseen. Data curation 
should include systematic photo validation and predefined exclu-
sion criteria. Analyses should be effort-aware, modelling observer 
effects and reporting the explained variance. Targeted expert re-
surveys in high-uncertainty areas can increase data quality, and 
where appropriate, expert-citizen data-integration approaches can 
further improve inference. To further inform disease risk assess-
ments, these designs should be paired with bias-corrected abun-
dance (accounting for effort and observer) and targeted infection/
shedding assays.

Taken together, these design, calibration and validation steps re-
duce inter-observer variability and yield accurate, effort-aware citi-
zen science datasets at lower cost, providing a practical complement 
to expert surveys for vector surveillance in remote settings.
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Figure S1: Time span of sampling instances for the citizen scientists 
and the expert, red box indicating overlapping period between 
expert and citizen scientists.
Figure S2: 56 common water contact sites.
Figure S3: Correlation matrix of geomorphological and environmental 
predictors for the (a) expert model and (b) the citizen scientist's model.
Figure S4: Correlation matrix of detection predictors for the (a) false 
negatives and (b) the unexpected observations.
Figure S5: Graphic representation of odd ratios for the best models 
derived from the expert, extended and reduced citizen scientist's 
datasets.
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