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Citizen science projects have the potential to address hypotheses requiring
extremely large datasets that cannot be collected with the financial and
labour constraints of most scientific projects. Data collection by the general
public could expand the scope of scientific enquiry if these data accurately
capture the system under study. However, data collection inconsistencies
by the untrained public may result in biased datasets that do not accurately
represent the natural world. In this paper, we harness the availability of
scientific and public datasets of the Lyme disease tick vector to identify
and account for biases in citizen science tick collections. Estimates of tick
abundance from the citizen science dataset correspond moderately with esti-
mates from direct surveillance but exhibit consistent biases. These biases can
be mitigated by including factors that may impact collector participation or
effort in statistical models, which, in turn, result in more accurate estimates
of tick population sizes. Accounting for collection biases within large-scale,
public participation datasets could update species abundance maps and
facilitate using the wealth of citizen science data to answer scientific
questions at scales that are not feasible with traditional datasets.
1. Introduction
The rise of public participation in data collection [1] provides unprecedented
opportunities for scientific research. Voluntary public participation in scientific
research—often referred to as citizen science—allows rapid, inexpensive and
massive-scale data collection across expansive temporal and geographical
ranges [2]. Public involvement in data collection alleviates researchers from
the financial and labour constraints that often narrow the power, scale and gen-
eralizability of individual scientific projects. For example, citizen science data
have monitored weather patterns and bird populations across North America
for over a century [3,4], discovered new planets [5], classified galaxies [6] and
crowd-sourced biodiversity observations [7,8]. These and many similar projects
were made possible by the immense volumes of data collected by millions of
participants [1,9]. However, the variation in participation and effort among
untrained collectors has led some to question the reliability and accuracy of citi-
zen science datasets [9]. The inability to identify and resolve citizen science data
collection inconsistencies may result in inaccurate representations of the system
being studied [2,10,11].

The dependability of citizen science data is often inversely related to the
number of data collectors and the magnitude of the data collected. Citizen science
projects can range from the involvement of a few carefully directed individuals to
many thousands of independent contributions from the general public, the latter
being the focus of this paper [12]. Training and guidance of participants by
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researchers improve citizen science data accuracy but often at
the cost of a reduction in the number of participants and the
scope of the study [9]. For instance, smaller scale projects can
standardize datasets by accounting for the variance in data col-
lection efforts or success among participants that result from
different individual skill levels or day-of-collection factors
that cause inconsistencies in data quality [9]. By contrast, vari-
ation among volunteers from the general public cannot be
recorded and results in difficulties discerning discrepancies in
data collection [10,13]. Yet, identifying and accounting for data-
set inconsistencies from the untrained general public could
expand the possibilities of scientific enquiry by harnessing
past and future large-scale citizen science datasets.

Dependable citizen science datasets can address scientific
questions that are beyond what is currently feasible. For
example, the eBird citizen science dataset,which includes obser-
vations by 670 000 people across theworld [14], has been used to
describe thedistribution and relative abundance of over 800bird
species [15,16]. However, large-scale citizen science datasets are
rarely evaluated for data quality ([17], but see [16]), in part
because of the lack of comparable datasets, despite the wealth
and value of citizen science data [12]. Assessing the accuracy
of large-scale citizen science datasets can be accomplished by
pairing citizen science datasets with datasets built using rigor-
ous data collection protocols that have similar temporal and
spatial scopes. Ecological citizen science datasets are ideal for
validating the value of public participation over large spatial
and temporal ranges because the long-standing societal interest
in the natural world has contributed to extensive species distri-
bution collections [2,18,19]. Citizen science projects that capture
informationonpopulationdynamics as reliablyasdatacollected
by trained scientistswould consequently reduce the challenge of
large-scale ecological data collection [2,10]. Validated citizen
science datasets have the potential to depict population
dynamics more accurately over a larger geographical expanse,
such as at a state or nationwide scale, which would improve
the generalizability of findings [1,20,21]. Identification of a fra-
mework to validate and quantitatively account for the biases
within citizen science data collections could improve the
reliability of citizen science across disciplines.

Here, we investigate whether a large citizen science dataset
corresponds with scientifically rigorous data collected over a
large geographical area and across years. We focus on collec-
tions of the black-legged tick, Ixodes scapularis, which has
garnered significant public interest as the primary vector of sev-
eral human diseases, including babesiosis, anaplasmosis,
Powassan encephalitis and Lyme disease [22]. The public
health burden of the pathogens transmitted by this tick has
resulted in widespread surveys by the scientific community,
public interest in participating in tick surveillance and tick
identification and pathogen testing services available to the
public. The scale of the I. scapularis tick collections by both
the scientific community and citizen science projects has pro-
vided an ideal scenario to assess the accuracy of large-scale
citizen science data. We demonstrate that citizen science can
be used to characterize vector population abundance over one
of the largest spatial extents yet. Identifying and resolving
inconsistencies in the spatial and temporal variability of
annual population sizes found in public tick collection datasets
would improve the accuracy and applicability of citizen science
data. These data could be used to update species abundance
maps and serve as an important ecological tool to address a sig-
nificant public health issue.
2. Material and methods
2.1. Study system
New York State (NYS) has one of the highest numbers of Lyme
disease cases in the country (constituting over 10% of cases in the
USA), and I. scapularis has undergone major population expan-
sion in recent decades within the state [23–25]. Ticks are
present in all counties, although tick abundance and the timing
of tick population establishment are variable [26]. NYS is the
fourth most populous state in the country, with a population of
nearly 20 million people over 62 counties across a landmass
that would be ranked as a medium-sized country [27]. Counties
are heterogeneous in size and population density, ranging from
3 to 70 000 people per square mile [28]. The state is ecologically
diverse and contains a wide variety of habitats from wetlands
and mountainous regions to large cities and farmlands [29].

2.2. Tick data from citizen science
A nationwide free tick identification and pathogen testing service
wasmade available to the public throughNorthernArizonaUniver-
sity. The programmewas advertised to the public through awebsite
and an initial public relations campaign. The programme was con-
ducted without interruption from January 2016 to December 2017
[30]. Only I. scapularis submissions were included in these analyses.
The submission date corresponded with the tick phenology
observed in the field, with submission peaks corresponding to nym-
phal and adult activity in the spring and autumn, respectively. There
was a mean of 1.27 ticks sent per submission, with submission sizes
ranging from 1 to 17 ticks. Citizen science datawere summarized as
the total ticks submitted by each NYS county for each year. Ticks
classified as I. scapularis from NYS were submitted from March
2016 to December 2017, with 447 ticks in 2016 and 697 ticks in
2017 (electronic supplementary material).

2.3. Tick data from active surveillance
The New York State Department of Health (NYSDOH) directs an
ongoing tick surveillance programme throughout NYS that began
in 2003 [31–33]. New York City (NYC) has an autonomous Depart-
ment of Health and Mental Hygiene that independently directs
its tick collections on publicly accessible land. The five counties
that constitute NYC were thus excluded from these analyses, as
there were no available active tick surveillance data. Locations for
tick surveillance are predetermined before collection and deliber-
ately consist of regions of suspected tick presence and absences,
including locations beyond the current known geographical distri-
bution of I. scapularis in NYS. Site selection is not biased towards
regions with higher tick abundance nor towards convenience
sampling. Sites are sampled non-uniformly from April to early
December, with some sites being visited multiple times annually.
Collections followed a uniform tick sampling protocol at all sites,
consisting of standardized dragging, flagging and walking surveys
using 1 m2 of white flannel or canvas. Over 27 000 I. scapularis
nymphs have been collected across 612 sites from 2003 to
2017 (figure 1). There were 3074 and 4276 nymphal ticks collecte-
d in 2016 and 2017, respectively, over 377 sites (electronic
supplementary material).

2.4. Estimated tick population sizes for New York State
The more than 15-year collection by the NYSDOH is one of the
most extensive geospatial active surveillance efforts for ticks
and provides the best estimate of actual tick density across
NYS as collections accounted for distance surveyed and collec-
tion effort. This dataset was the basis for a validated, two-part
model described in Tran et al. [23] that accurately estimated
tick population sizes as a composite of both the probability of
occurrence and the population size [23]. The prediction accuracy



Figure 1. Active tick surveillance in 2016–2017: each point represents a collection site where a minimum of 1000 m was surveyed at each site.
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to a dataset collected in a future year which included previously
unvisited locations was 80% for the presence model and 75% for
the abundance model. Using the composite of the occurrence and
presence models, tick population sizes throughout NYS were cal-
culated as a raster map for 2016 and 2017. The results were then
summarized as the estimated total number of ticks by county for
each year, the same units as the citizen science tick submission
data, for statistical analysis as described below (electronic
supplementary materials).

2.5. Collector-associated factors
A literature review identified factors with a potential to influence
participation in a tick submission citizen science programme. The
citizen science programmedid not solicit any information frompar-
ticipants, aside from county of tick exposure, such that individual-
level human characteristics could not be used as factors to account
for the variation in collector participation or effort. Thus, all ident-
ified factors that could potentially account for variation among
participants were compiled at the county level to correspond in
scale to the citizen science dataset. The identified factors can be
grouped into three broad categories, including human demogra-
phy, level of experience with Lyme disease and human activity
level. Human demographic factors, each of which has been associ-
ated with human Lyme disease risk, include median household
income, population size, poverty level, race, education and age dis-
tribution [34]. Summary statistics of relevant demographic factors
were compiled from the United States Census [35]. Proxies for the
level of experience with Lyme disease include local Lyme disease
incidence and Google search trends [36–38]. Lyme disease inci-
dence data are summarized as the number of cases per 100 000
people in each county [39]. Google Trends data ranks the pro-
portion of annual Google searches for the term ‘Lyme disease’ in
each region,which requiredgrouping the62 counties into10 regions
during analyses [40]. The mean annual temperature was identified
as a potential predictor of human outdoor activitywhich could cor-
relate with exposure to ticks [38,41]. It is important to note that
temperature also impacts tick densities and activity and is unlikely
to explainmuch of the variability in human outdoor activity behav-
iour [42]. The mean annual temperature for each county was
obtained from the US Climate Divisional Database through the
National Oceanic and Atmospheric Administration (NOAA) [43].
The correlation between these different factors varies, ranging
between −0.74 and 0.78 using Pearson’s r coefficient.

2.6. Analysis
Spearman rank correlation was used to explore the association
between the total number of ticks per county in 2016 and 2017
estimated by citizen science data and active surveillance data.
In addition, linear regression models were used to assess the
impact of each collector-associated factor on biases in the citizen
science dataset. Briefly, the response variable in all the regression
models was the natural log-transformed annual tick abundance
from each county as estimated from active surveillance while
the predictors included log-transformed tick abundance esti-
mates from citizen science and each collector-associated factor.
Linear regression models were fitted using the iteratively
reweighted least-squares method. Estimates from the regression
models (also on the natural log scale) were then compared
with total tick estimates from NYSDOH to determine how well
models using citizen science data predict tick abundance in
NYS. Comparison of the predictive accuracy of regression
models with the addition of each predictor was based on root-
mean-square-error (RMSE), R-squared (R2) and Akaike infor-
mation criteria (AIC) (electronic supplementary materials). The
full model and the most parsimonious model—which excludes
poverty, Google trends, % white population and medium age—
have similarly accurate predictive power (R2 = 0.63; RMSE =
0.45 versus R2 = 0.61; RMSE = 0.46). However, all analyses pre-
sented focus on the full model where possible to avoid
suggesting causal relationships between any particular predictor
and the number of ticks collected.
3. Results
The number of ticks collected by the public in each county in
NYS is strongly correlated with the size of the tick population
as determined by active surveillance (figure 2). That is, the
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Figure 2. The tick population size in each county correlates with the number of ticks collected by the public in both 2016 (a) and 2017 (b). The number of ticks
submitted by the public ranked across counties (x-axis) was similar to the rank of tick population sizes estimated from active surveillance ( y-axis) with the diagonal
line showing perfect correspondence. The consistency in the discrepancies between the datasets across years can be illustrated using data from Cayuga and Nassau
counties (red points) and Warren county (blue points) as examples. That is, counties such as Cayuga and Nassau have large tick populations but few ticks were
submitted from the public. By contrast, counties such as Warren have smaller tick populations but high tick submissions from citizen science. The datasets corre-
sponded more strongly in 2017 (Spearman ρ = 0.71, p = 4.1 × 10−9) than in 2016 (ρ = 0.53, p = 2.7 × 10−4). Ticks were submitted by the public from fewer
counties in 2016 (43 counties) than in 2017 (56 counties), resulting in different axis lengths.
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Figure 3. Collector-associated factors can rectify consistent errors in citizen science datasets. Models built with tick submissions from citizen science as predictors
(x-axis) can predict actual tick population sizes, as estimated by active surveillance ( y-axis). A model using only citizen science data (a) exhibits moderate accuracy,
with evenly distributed errors as the tick population sizes are both underpredicted and overpredicted. The addition of nine collector-associated factors without Lyme
disease corrects biases in citizen science data resulting in a model (b) that accurately predicted tick abundance. Collector-associated factors improved underpredictions
and overpredictions. For example, a randomly selected set of sites that are overpredicted by the citizen science data (the red points in (a)) are much more accurately
predicted by the full model (red points representing the same counties are much closer to the diagonal line in (b)). Similarly, a randomly selected set of sites that
are underpredicted by the citizen science data (blue points in (a)) are much more accurately predicted by the full model (blue points in (b)). Both axes represent
total ticks per county on the natural log scale (e≍ 2.718) for 2016 and 2017 estimates.
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largest numbers of ticks were submitted by citizens of the
counties with the largest tick populations, and few ticks
were submitted by citizens of counties with smaller tick
populations. The congruity between the citizen science data
and the data from active surveillance was consistent between
years, although correlations were stronger in 2017 owing to
tick submissions from more counties (43 versus 56). There
were, however, several counties with relatively small tick
populations from which large numbers of ticks were sub-
mitted by the public and several counties with larger tick
populations from which few ticks were submitted. As
examples, Cayuga and Nassau counties have relatively
large tick populations but few ticks were submitted by citi-
zens from these counties (figure 2, red points); by contrast,
Warren county hosts a small tick population, but many
ticks were submitted by citizens (figure 2, blue points). The
counties in which the citizen science data did not agree
with the active surveillance data in 2016 showed the same
discrepancy in 2017 in both direction and magnitude.

The number of ticks submitted by the public from each
county accounts for 37% of the variance in tick population
size across counties (figure 3a; table 1, citizen science



Table 1. Regression models predicting the estimated number of ticks per NYS county.

description of model RMSE R2 AIC

citizen science model: ticks collected from citizen science only 0.58 0.37 172

full model without Lyme disease: ticks collected from citizen science + all nine collector-associated factors but Lyme disease 0.45 0.63 139

all models below include citizen science tick submissions as a predictor

median household income 0.51 0.52 148

mean temperature 0.51 0.51 149

population 0.53 0.48 155

% below poverty 0.55 0.44 163

Google trends 0.55 0.43 164

% white population 0.56 0.43 164

% bachelor’s degree or higher 0.57 0.39 170

% children (0–14 years old) 0.57 0.39 170

county’s median age 0.58 0.38 172

Lyme disease models include citizen science tick submissions as a predictor

Lyme disease incidence rate 0.58 0.38 172

full model with Lyme disease: ticks collected from citizen science + all nine collector-associated factors with Lyme disease 0.44 0.64 138
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model). That is, the number of ticks submitted by the public
from each county can estimate the underlying tick population
sizes of each county with modest accuracy. However, the
regression model including only citizen science data as a pre-
dictor consistently underestimates tick population sizes in
areas with many ticks. Additionally, this model has propor-
tionally large errors that are evenly distributed in counties
with fewer ticks, owing to the coarseness of the citizen science
estimates from counties that submitted fewer than five ticks.

A linear model that includes citizen science data and nine
collector-associated factors as predictors accounts for 63% of
the variation in tick population sizes among counties (table 1,
full model without Lyme disease). Several of the predictors
improved the fit of the model only marginally when included
as the only collector-associated factor with tick submissions
from citizen science (i.e. median age and the proportion of chil-
dren in a county), while other predictors had much larger
effects on model fit (i.e. income and temperature). Including
county population size and household income in the linear
model substantially improves underestimates of tick popu-
lation sizes while including county poverty levels improves
overestimates (red and blue points in figure 3, respectively).
A 10-fold cross-validation evaluation of the full model without
Lyme disease resulted in a similar model fit (R2 = 0.61; RMSE =
0.49), suggesting that these results are robust to overfitting.
Model residuals of this full model without Lyme disease
showed no departure from normality and no evidence of auto-
correlation (figure 3b). The accuracy of this statistical model
enabled predictions to counties in nearby states (figure 4).
4. Discussion
The immense quantity of citizen science data can capture
population sizes in ecological systems across large spatial
scales—information which is essential to conservation, agri-
culture and public health efforts [21]. However, citizen
science data may be distorted by systematic inconsistencies
in data collection [9,10]. The public tick collection data
coarsely correspond with scientifically collected data at the
county level across NYS. Further, the discrepancies and
congruencies were consistent between years, suggesting
consistency in participation biases (figure 2). These consistent
participation biases can be accounted for in statistical models
using collector-associated epidemiological and human be-
havioural information. Statistical models that include citizen
science data and any single collector-associated predictors
examined improve the accuracy of tick population size esti-
mates over the citizen science data alone, although several
resulted in only marginal improvements. Statistical models
including all of the collector-associated factors investigated
in this study resulted in highly accurate estimates of tick
population sizes. Including collector-associated information
to model large-scale animal population sizes leads to broad,
new possibilities of harnessing the wealth of citizen science
data to address important ecological questions and monitor
populations in real time.

Systematic biases in citizen science datasets must be ident-
ified and resolved in order to rigorously assess scientific
hypotheses. For example, citizen science tick collections gener-
ally measure tick exposure—where and when humans come
into contact with ticks—whereas active surveillance assesses
actual tick density by collecting in diverse settings, including
locations uncommonly visited by the public. Citizen science
datasets can complement or expand active surveillance data or,
more importantly, address scientific hypotheses after demon-
strating that the data accurately represent the underlying tick
density and are scaled appropriately [30]. However, identifying
systematic errors in large citizen science datasets collected by
anonymous or undirectedmembers of the population is challen-
ging without an equivalent scientifically collected dataset.
Comparing similarly structured datasets can identify consistent
errors that can be used to correct systematic biases, as was done
in this study. The analysis of the active surveillance and citizen
science datasets revealed that the free tick testing programme
exhibited consistent but addressable participation bias, perhaps
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Figure 4. Models built on citizen science tick submissions and collector-associated factors can be extrapolated across the northeastern USA ((a) 2016 and (b) 2017).
The high predictive accuracy of the models in NYS suggests a powerful tool to estimate I. scapularis population sizes in the counties of nearby states. Predictions
from the full model without Lyme disease capture tick population size variability both among counties and between years in the same counties across northeastern
states. Tick population sizes are represented as a heat map, with darker colours representing larger population sizes. Grey represents counties with no citizen science
tick submissions. Predictions were made using the full model without Lyme disease with the exception of the Google Trends predictor owing to the lack of these
data at the appropriate resolution.
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manifesting from uneven public awareness of the citizen science
programme [30,44] (figure 2). Scientifically collected datasets
across large geographical and temporal ranges at sufficiently
fine resolutions to appropriately compare with a citizen science
dataset are expensive in both time and effort, thus obviating
much of the power of citizen science.

The size and expanse of the scientifically collected dataset
needed to validate a citizen science dataset could be greatly
reduced with a priori knowledge about human-relevant fac-
tors that may influence the public. Rather than relying on
individual-level information to account for data collection
biases, as has normally been done with citizen science data
(e.g. [45–48]), this study incorporated prior knowledge of
the disease system [34] to identify human-relevant, broad-
scale factors that dramatically increased the accuracy of the
citizen science dataset (figure 3). However, it is highly prob-
able that many factors that may address systematic biases
were not investigated (e.g. hospital visits or annual state
park visits). Regardless, this study demonstrates the potential
value of using population-level, collector-associated factors to
account for biases in existing citizen science datasets. Seeking
expertise from other fields such as anthropology or sociology
will probably identify many additional collector-associated
factors that could influence citizen science participation.
Including experts who are knowledgeable about both the
study system and the human population participating in citi-
zen science-based studies may be essential to realize the
power of these datasets.

The human-relevant, broad-scale factors investigated in this
studywere chosen a prioribasedonbothprior studies suggesting
their connection to Lyme disease epidemiology and accessibility
of the data at appropriate spatial and temporal scales [34].
Although individuals with greater risk for Lyme disease
were expected to be more motivated to participate in Lyme
disease-related studies (based on behavioural studies from dis-
ease immediacy bias [49]), this link was not directly supported
by the analyses. That is, local Lyme disease incidence rates
pairedwith the citizen science dataset did not improve estimates
of tick abundance (table 1). However, neither nonlinear relation-
ships nor interactions with Lyme disease epidemiology were
explored, whichmayaccount for additional variation.Neverthe-
less, the combination of collector-associated factors and public
tick submissions as predictors did result in accurate estimates
of tick population sizes, although the impact of each individual
factor varied considerably. The value of using human-relevant,
broad-scale factors to account for systematic errors in citizen
science datasets suggests unexplored intersections of social
science data and citizen science-based ecological studies.

The Lyme disease system provides a uniquely rich collec-
tion of datasets, including multiple estimates of tick
abundance through both traditional scientific collections and
large-scale citizen science projects. This data-rich environment
is ideal for estimating the suitability of large-scale citizen
science datasets [50,51]. Further, bias-corrected citizen science
datasets can be used to extrapolate tick abundance to nearby
states, although these predictions to neighbouring states
require validation through active tick collections (figure 4).
Similar citizen science datasets are available for the pathogens
vectored by these and other ticks across all US states, which
can be useful in updating national tick and pathogen maps
(e.g. [30]). Although the depth of these datasets is influenced
by the public attention associated with Lyme disease, the
approach to evaluating citizen science projects can be applied
to other systems to capitalize on available citizen science data
[52–55]. Identification of factors that correct biases in study sys-
tems with ongoing public submission and sample collection
could be guided by collector-associated factors indirectly
related to the study system.
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The ongoing expansion of citizen science data provides
unrealized potential to address many of the constraints that
pervade large-scale scientific investigations. Effective popu-
lation surveillance requires frequent, reliable observations
over a broad geographical expanse to assess natural fluctu-
ations in population sizes [56]. Public participation in data
collection reduces the financial challenges and geospatial
limitations to monitor populations more comprehensively.
Moreover, delimiting the geographical range of species
extends beyond ecological and conservation goals to surveil-
lance for existing and emerging public health threats [57].
Citizen science projects can monitor animal hosts or the
microbes they host as early sentinels prior to realizing the con-
sequences of outbreaks of emerging and re-emerging diseases.
Worldwide pathogen monitoring has taken on a new signifi-
cance in light of recent concerns about disease spillovers
between wildlife and incidental hosts, including humans.

Data accessibility. The analytical R code used in this paper is available at
Dryad (https://doi.org/10.5061/dryad.v9s4mw6vq). Tick sub-
mission data for the citizen science data can be found in Nieto et al.
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supplementary material for Tran et al. [23].
Authors’ Contributions. T.T. conceived the project, designed and per-
formed the analysis, interpreted the data and drafted the
manuscript; W.T.P. helped conceive the project, participated in
the design of the data analysis, performed the data analysis and
helped draft the manuscript; D.J.S. contributed to the acquisition
and interpretation of the data, and critically revised the manuscript;
M.A.P. contributed to the acquisition and interpretation of the data
and critically revised the manuscript; S.T.J. designed the analysis,
interpreted the data and critically revised the manuscript; D.B. con-
ceived the project, designed the analysis, contributed to the
acquisition and interpretation of the data and helped draft the manu-
script. All authors gave final approval for publication and agree to be
held accountable for the work performed herein.

Competing interests. The authors declare no competing interests.

Funding. This work was supported by the NYSDOH, the National
Institutes of Health, USA (grant nos. R01-AI097137, R0-AI142572,
R21-AI137433, T32-AI55400-15 and F31-AI133871), and the Bur-
roughs Wellcome Fund, USA (grant no. 1012376). The content is
solely the responsibility of the authors and does not necessarily
represent the official views of the National Institutes of Health.

Acknowledgements. We acknowledge and thank Dr Nathan C. Nieto, the
Nieto Laboratory Team at Northern Arizona University and the Bay
Area Lyme Foundation for producing and making available data
from the Nieto Free Tick Testing Program (2016–2019), as well as
the citizen scientists who submitted ticks. We also express our grati-
tude to the individuals at NYSDOH, the countless people involved in
the NYSDOH tick collection process and land managers for granting
access for tick surveillance.
References
1. Theobald EJ et al. 2015 Global change and local
solutions: tapping the unrealized potential of citizen
science for biodiversity research. Biol. Conserv. 181,
236–244. (doi:10.1016/j.biocon.2014.10.021)

2. Cohn JP. 2008 Citizen science: can volunteers do real
research? BioScience 58, 192–197. (doi:10.1641/
B580303)

3. US Department of Commerce, National Oceanic and
Atmospheric Administration, National Weather
Service. 2021 Cooperative observer program (COOP).
NOAA’s National Weather Service. See https://www.
weather.gov/coop/overview (accessed 7 January
2021).

4. Cooper CB. 2016 Citizen science: how ordinary
people are changing the face of discovery. New York,
NY: The Overlook Press.

5. Zooniverse. 2020 Planet hunters TESS. http://fe-
project.zooniverse.org/projects/nora-dot-eisner/
planet-hunters-tess (accessed 1 December 2020).

6. Zooniverse. 2020 Galaxy zoo. https://www.
zooniverse.org/projects/zookeeper/galaxy-zoo/
(accessed 1 December 2020).

7. iNaturalist. 2020 A community for naturalists.
https://www.inaturalist.org/ (accessed 1 December
2020).

8. Porter WT, Barrand ZA, Wachara J, DaVall K,
Mihaljevic JR, Pearson T, Salkeld DJ, Nieto NC. 2021
Predicting the current and future distribution of the
western black-legged tick, Ixodes pacificus, across
the Western US using citizen science collections.
PLoS ONE 16, e0244754. (doi:10.1371/journal.pone.
0244754)

9. Kosmala M, Wiggins A, Swanson A, Simmons B.
2016 Assessing data quality in citizen science.
Front. Ecol. Environ. 14, 551–560. (doi:10.1002/
fee.1436)

10. Dickinson JL, Zuckerberg B, Bonter DN. 2010
Citizen science as an ecological research tool:
challenges and benefits. Annu. Rev. Ecol. Evol. Syst.
41, 149–172. (doi:10.1146/annurev-ecolsys-102209-
144636)

11. Gardiner MM, Allee LL, Brown PM, Losey JE, Roy HE,
Smyth RR. 2012 Lessons from lady beetles: accuracy
of monitoring data from US and UK citizen-science
programs. Front. Ecol. Environ. 10, 471–476.
(doi:10.1890/110185)

12. Aceves-Bueno E, Adeleye AS, Feraud M, Huang Y, Tao
M, Yang Y, Anderson SE. 2017 The accuracy of citizen
science data: a quantitative review. Bullet. Ecol. Soc.
Am. 98, 278–290. (doi:10.1002/bes2.1336)

13. August T, Fox R, Roy DB, Pocock MJO. 2020 Data-
derived metrics describing the behaviour of field-
based citizen scientists provide insights for project
design and modelling bias. Sci. Rep. 10, 11009.
(doi:10.1038/s41598-020-67658-3)

14. eBird. 2021 World. https://ebird.org/region/world
(accessed 13 April 2021).

15. Sullivan BL et al. 2014 The eBird enterprise: an
integrated approach to development and
application of citizen science. Biol. Conserv. 169,
31–40. (doi:10.1016/j.biocon.2013.11.003)

16. Sullivan B, Wood C, Iliff M, Bonney R, Fink D, Kelling
S. 2009 eBird: a citizen-based bird observation
network in the biological sciences. Biol. Conserv. 142,
2282–2292. (doi:10.1016/j.biocon.2009.05.006)

17. US General Services Administration. 2021
CitizenScience.gov. https://www.citizenscience.gov/#
(accessed 4 April 2021).
18. Miller-Rushing A, Primack R, Bonney R. 2012 The
history of public participation in ecological research.
Front. Ecol. Environ. 10, 285–290. (doi:10.1890/
110278)

19. Silvertown J. 2009 A new dawn for citizen science.
Trends Ecol. Evol. 24, 467–471. (doi:10.1016/j.tree.
2009.03.017)

20. Zizka A, Antonelli A, Silvestro D. 2021 sampbias, a
method for quantifying geographic sampling biases
in species distribution data. Ecography 44, 25–32.
(doi:10.1111/ecog.05102)

21. Dickinson JL, Shirk J, Bonter D, Bonney R, Crain RL,
Martin J, Phillips T, Purcell K. 2012 The current state
of citizen science as a tool for ecological research
and public engagement. Front. Ecol. Environ. 10,
291–297. (doi:10.1890/110236)

22. Eisen RJ, Eisen L. 2018 The blacklegged tick,
Ixodes scapularis: an increasing public health
concern. Trends Parasitol. 34, 295–309. (doi:10.
1016/j.pt.2017.12.006)

23. Tran T et al. 2020 Spatio-temporal variation in
environmental features predicts the distribution
and abundance of Ixodes scapularis. Int. J. Parasitol.
51, 311–320. (doi:10.1016/j.ijpara.2020.10.002)

24. Centers for Disease Control and Prevention. 2019
Lyme disease data tables: most recent year. https://
www.cdc.gov/lyme/datasurveillance/tables-recent.
html (accessed 29 January 2021).

25. White J, Noonan-Toly C, Lukacik G, Thomas N,
Hinckley A, Hook S, Backenson PB. 2018 Lyme
disease surveillance in New York State: an
assessment of case underreporting. Zoonoses
Public Health 65, 238–246. (doi:10.1111/
zph.12307)

https://doi.org/10.5061/dryad.v9s4mw6vq
https://doi.org/10.5061/dryad.v9s4mw6vq
https://doi.org/10.17632/rtd52gnbyy.1
https://doi.org/10.17632/rtd52gnbyy.1
http://dx.doi.org/10.1016/j.biocon.2014.10.021
http://dx.doi.org/10.1641/B580303
http://dx.doi.org/10.1641/B580303
https://www.weather.gov/coop/overview
https://www.weather.gov/coop/overview
http://fe-project.zooniverse.org/projects/nora-dot-eisner/planet-hunters-tess
http://fe-project.zooniverse.org/projects/nora-dot-eisner/planet-hunters-tess
http://fe-project.zooniverse.org/projects/nora-dot-eisner/planet-hunters-tess
https://www.zooniverse.org/projects/zookeeper/galaxy-zoo/
https://www.zooniverse.org/projects/zookeeper/galaxy-zoo/
https://www.inaturalist.org/
http://dx.doi.org/10.1371/journal.pone.0244754
http://dx.doi.org/10.1371/journal.pone.0244754
http://dx.doi.org/10.1002/fee.1436
http://dx.doi.org/10.1002/fee.1436
http://dx.doi.org/10.1146/annurev-ecolsys-102209-144636
http://dx.doi.org/10.1146/annurev-ecolsys-102209-144636
http://dx.doi.org/10.1890/110185
http://dx.doi.org/10.1002/bes2.1336
http://dx.doi.org/10.1038/s41598-020-67658-3
https://ebird.org/region/world
http://dx.doi.org/10.1016/j.biocon.2013.11.003
http://dx.doi.org/10.1016/j.biocon.2009.05.006
https://www.citizenscience.gov/#
http://dx.doi.org/10.1890/110278
http://dx.doi.org/10.1890/110278
http://dx.doi.org/10.1016/j.tree.2009.03.017
http://dx.doi.org/10.1016/j.tree.2009.03.017
http://dx.doi.org/10.1111/ecog.05102
http://dx.doi.org/10.1890/110236
http://dx.doi.org/10.1016/j.pt.2017.12.006
http://dx.doi.org/10.1016/j.pt.2017.12.006
http://dx.doi.org/10.1016/j.ijpara.2020.10.002
https://www.cdc.gov/lyme/datasurveillance/tables-recent.html
https://www.cdc.gov/lyme/datasurveillance/tables-recent.html
https://www.cdc.gov/lyme/datasurveillance/tables-recent.html
http://dx.doi.org/10.1111/zph.12307
http://dx.doi.org/10.1111/zph.12307


royalsocietypublishing.org/journal/rsif
J.R.Soc.Interface

18:20210610

8

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//r

oy
al

so
ci

et
yp

ub
lis

hi
ng

.o
rg

/ o
n 

24
 N

ov
em

be
r 

20
21

 

26. Eisen RJ, Eisen L, Beard CB. 2016 County-scale
distribution of Ixodes scapularis and Ixodes pacificus
(Acari: Ixodidae) in the continental United States.
J. Med. Entomol. 53, 349–386. (doi:10.1093/jme/
tjv237)

27. US Census Bureau. 2020 QuickFacts: New York.
https://www.census.gov/quickfacts/NY (accessed 27
October 2020).

28. New York State Department of Health. 2010
Table 2: population, land area, and population
density by county, New York State - 2010. https://
www.health.ny.gov/statistics/vital_statistics/2010/
table02.htm (accessed 27 October 2020).

29. New York State Department of Environmental
Conservation. 2020 Habitats of New York State.
https://www.dec.ny.gov/animals/9402.html
(accessed 11 August 2020).

30. Nieto NC, Porter WT, Wachara JC, Lowrey TJ, Martin
L, Motyka PJ, Salkeld DJ. 2018 Using citizen science
to describe the prevalence and distribution of tick
bite and exposure to tick-borne diseases in the
United States. PLoS ONE 13, e0199644.

31. New York State. 2021 Health NY data. https://
healthdata.ny.gov/ (accessed 11 January 2021).

32. White JL. 2018 Ticks and tick-borne disease in
New York State. See https://www.health.ny.gov/
diseases/communicable/lyme/working_group/docs/
ticks_and_tick-borne_disease_in_nys.pdf

33. Prusinski MA, Kokas JE, Hukey KT, Kogut SJ, Lee J,
Backenson PB. 2014 Prevalence of Borrelia
burgdorferi (Spirochaetales: Spirochaetaceae),
Anaplasma phagocytophilum (Rickettsiales:
Anaplasmataceae), and Babesia microti
(Piroplasmida: Babesiidae) in Ixodes scapularis
(acari: Ixodidae) collected from recreational lands in
the Hudson Valley region, New York State. J. Med.
Entomol. 51, 226–236. (doi:10.1603/ME13101)

34. Springer YP, Johnson PTJ. 2018 Large-scale health
disparities associated with Lyme disease and human
monocytic ehrlichiosis in the United States, 2007–
2013. PLoS ONE 13, e0204609. (doi:10.1371/journal.
pone.0204609)

35. US Census Bureau. 2020 Data. Census.gov. https://
www.census.gov/data (accessed 21 May 2021).

36. Sadilek A, Hswen Y, Bavadekar S, Shekel T,
Brownstein JS, Gabrilovich E. 2020 Lymelight:
forecasting Lyme disease risk using web search
data. npj Digital Med. 3, 1–12. (doi:10.1038/
s41746-020-0222-x)

37. Daltroy LH, Phillips C, Lew R, Wright E, Shadick NA,
Liang MH. 2007 A controlled trial of a novel primary
prevention program for Lyme disease and other
tick-borne illnesses. Health Educ. Behav. 34,
531–542. (doi:10.1177/1090198106294646)

38. Connally NP, Durante AJ, Yousey-Hindes KM, Meek
JI, Nelson RS, Heimer R. 2009 Peridomestic Lyme
disease prevention: results of a population-based
case–control study. Am. J. Prev. Med. 37, 201–206.
(doi:10.1016/j.amepre.2009.04.026)

39. New York State Department of Health. 2020
Communicable disease annual reports and related
information. https://www.health.ny.gov/statistics/
diseases/communicable/ (accessed 19 May 2020).

40. Google. 2021 Google trends. https://trends.google.
com/trends/?geo=US (accessed 7 January 2021).

41. Moore SM, Eisen RJ, Monaghan A, Mead P. 2014
Meteorological influences on the seasonality of Lyme
disease in the United States. Am. J. Trop. Med. Hyg.
90, 486–496. (doi:10.4269/ajtmh.13-0180)

42. Wallace D et al. 2019 Effect of rising temperature on
Lyme disease: Ixodes scapularis population dynamics
and Borrelia burgdorferi transmission and prevalence.
Can. J. Infect. Dis. Med. Microbiol. 2019, 9817930.
(doi:10.1155/2019/9817930)

43. National Oceanic and Atmospheric Administration.
2020 Climate at a glance. https://www.ncdc.noaa.
gov/cag/statewide/ (accessed 14 October 2020).

44. Porter WT, Motyka PJ, Wachara J, Barrand ZA,
Hmood Z, McLaughlin M, Pemberton K, Nieto NC.
2019 Citizen science informs human-tick exposure in
the northeastern United States. Int. J. Health Geogr.
18, 9. (doi:10.1186/s12942-019-0173-0)

45. Bruce E, Albright L, Sheehan S, Blewitt M. 2014
Distribution patterns of migrating humpback whales
(Megaptera novaeangliae) in Jervis Bay, Australia: a
spatial analysis using geographical citizen science
data. Appl. Geogr. 54, 83–95. (doi:10.1016/j.
apgeog.2014.06.014)

46. Kelling S et al. 2015 Can observation skills of citizen
scientists be estimated using species accumulation
curves? PLoS ONE 10, e0139600. (doi:10.1371/
journal.pone.0139600)
47. Fitzpatrick MC, Preisser EL, Ellison AM, Elkinton JS.
2009 Observer bias and the detection of low-density
populations. Ecol. Appl. 19, 1673–1679. (doi:10.
1890/09-0265.1)

48. Sauer JR, Peterjohn BG, Link WA. 1994 Observer
differences in the North American breeding bird
survey. Auk 111, 50–62. (doi:10.2307/4088504)

49. Gould LH, Nelson RS, Griffith KS, Hayes EB, Piesman
J, Mead PS, Cartter ML. 2008 Knowledge, attitudes,
and behaviors regarding Lyme disease prevention
among Connecticut residents, 1999–2004. Vector-
Borne Zoonotic Dis. 8, 769–776. (doi:10.1089/vbz.
2007.0221)

50. Soucy JPR, Slatculescu AM, Nyiraneza C, Ogden NH,
Leighton PA, Kerr JT, Kulkarni MA. 2018 High-
resolution ecological niche modeling of Ixodes
scapularis ticks based on passive surveillance data at
the northern frontier of Lyme disease emergence in
North America. Vector-Borne Zoonotic Dis. 18,
235–242. (doi:10.1089/vbz.2017.2234)

51. Eisen L, Eisen RJ. 2020 Benefits and drawbacks of
citizen science to complement traditional data
gathering approaches for medically important hard
ticks (Acari: Ixodidae) in the United States. J. Med.
Entomol. 58, tjaa165. (doi:10.1093/jme/tjaa165)

52. Globe Program. 2020 GLOBE Observer. https://
observer.globe.gov/ (accessed 1 December 2020).

53. citizenscience.gov. 2020 The invasive mosquito
project: a public education tool. https://www.
citizenscience.gov/catalog/240/ (accessed 1
December 2020).

54. University of Rhode Island, TickEncounter. 2020
TickSpotters https://tickencounter.org/tickspotters
(accessed 1 December 2020).

55. Hamer SA, Curtis-Robles R, Hamer GL. 2018
Contributions of citizen scientists to arthropod
vector data in the age of digital epidemiology. Curr.
Opin. Insect Sci. 28, 98–104. (doi:10.1016/j.cois.
2018.05.005)

56. Lundberg P, Ranta E, Ripa J, Kaitala V. 2000
Population variability in space and time. Trends Ecol.
Evol. 15, 460–464. (doi:10.1016/S0169-
5347(00)01981-9)

57. Wilson EO. 2000 A global biodiversity map.
Science 289, 2279. (doi:10.1126/science.289.5488.
2279)

http://dx.doi.org/10.1093/jme/tjv237
http://dx.doi.org/10.1093/jme/tjv237
https://www.census.gov/quickfacts/NY
https://www.health.ny.gov/statistics/vital_statistics/2010/table02.htm
https://www.health.ny.gov/statistics/vital_statistics/2010/table02.htm
https://www.health.ny.gov/statistics/vital_statistics/2010/table02.htm
https://www.dec.ny.gov/animals/9402.html 
https://healthdata.ny.gov/
https://healthdata.ny.gov/
https://healthdata.ny.gov/
https://www.health.ny.gov/diseases/communicable/lyme/working_group/docs/ticks_and_tick-borne_disease_in_nys.pdf
https://www.health.ny.gov/diseases/communicable/lyme/working_group/docs/ticks_and_tick-borne_disease_in_nys.pdf
https://www.health.ny.gov/diseases/communicable/lyme/working_group/docs/ticks_and_tick-borne_disease_in_nys.pdf
https://www.health.ny.gov/diseases/communicable/lyme/working_group/docs/ticks_and_tick-borne_disease_in_nys.pdf
http://dx.doi.org/10.1603/ME13101
http://dx.doi.org/10.1371/journal.pone.0204609
http://dx.doi.org/10.1371/journal.pone.0204609
https://www.census.gov/data
https://www.census.gov/data
http://dx.doi.org/10.1038/s41746-020-0222-x
http://dx.doi.org/10.1038/s41746-020-0222-x
http://dx.doi.org/10.1177/1090198106294646
http://dx.doi.org/10.1016/j.amepre.2009.04.026
https://www.health.ny.gov/statistics/diseases/communicable/
https://www.health.ny.gov/statistics/diseases/communicable/
https://trends.google.com/trends/?geo=US
https://trends.google.com/trends/?geo=US
http://dx.doi.org/10.4269/ajtmh.13-0180
http://dx.doi.org/10.1155/2019/9817930
https://www.ncdc.noaa.gov/cag/statewide/
https://www.ncdc.noaa.gov/cag/statewide/
http://dx.doi.org/10.1186/s12942-019-0173-0
http://dx.doi.org/10.1016/j.apgeog.2014.06.014
http://dx.doi.org/10.1016/j.apgeog.2014.06.014
http://dx.doi.org/10.1371/journal.pone.0139600
http://dx.doi.org/10.1371/journal.pone.0139600
http://dx.doi.org/10.1890/09-0265.1
http://dx.doi.org/10.1890/09-0265.1
http://dx.doi.org/10.2307/4088504
http://dx.doi.org/10.1089/vbz.2007.0221
http://dx.doi.org/10.1089/vbz.2007.0221
http://dx.doi.org/10.1089/vbz.2017.2234
http://dx.doi.org/10.1093/jme/tjaa165
https://observer.globe.gov/
https://observer.globe.gov/
https://www.citizenscience.gov/catalog/240/
https://www.citizenscience.gov/catalog/240/
https://tickencounter.org/tickspotters
http://dx.doi.org/10.1016/j.cois.2018.05.005
http://dx.doi.org/10.1016/j.cois.2018.05.005
http://dx.doi.org/10.1016/S0169-5347(00)01981-9
http://dx.doi.org/10.1016/S0169-5347(00)01981-9
http://dx.doi.org/10.1126/science.289.5488.2279
http://dx.doi.org/10.1126/science.289.5488.2279

	Estimating disease vector population size from citizen science data
	Introduction
	Material and methods
	Study system
	Tick data from citizen science
	Tick data from active surveillance
	Estimated tick population sizes for New York State
	Collector-associated factors
	Analysis

	Results
	Discussion
	Data accessibility
	Authors' Contributions
	Competing interests
	Funding
	Acknowledgements
	References


