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Abstract

Lyme disease, the most prevalent tick-borne disease in North America, is

caused by the bacterium Borrelia burgdorferi, and in the eastern and central

United States, it is spread to humans by the black-legged tick (Ixodes

scapularis). Due to the complex, multiyear and multihost life cycle of this spe-

cies, a matrix modeling approach is needed to effectively estimate subseasonal,

multistage survival and transition dynamics in order to better understand and

predict when population growth is high. Of the three questing tick life stages

(larvae, nymphs, and adults), nymphs are most often associated with transmit-

ting the bacteria to humans, and previous work suggests a mix of abiotic and

biotic drivers are associated with nymph abundance. However, understanding

tick population growth requires understanding mortality and transition proba-

bilities for each stage and each stage may be individually and uniquely

impacted by climate and host availability. A larval tick, for example, may expe-

rience warming temperatures differently than nymph or adults, because they

are present on the landscape at different times. Here, we describe and validate

a model that accounts for field sampling design and evaluates abiotic (temper-

ature, relative humidity, precipitation) and biotic (host abundance) drivers of

variation in tick population growth. To account for the drivers of subseasonal

and interannual variability in demography, phenology, and population den-

sity, we built stage-structured population models that account for variability in

meteorology and host population abundance throughout the full tick lifecycle.

Our model is fit and validated with 11 years of tick and host data from the

northeastern United States. In this context, we found that a four-stage model

that includes unique transitions to and from a dormant, overwintering nymph

state outperforms a model that only includes the three questing stages, and

that incorporating the abundance of the predominant host species, Peromyscus

leucopus, and weather variables improved predictions and model fit.

Additionally, the model accurately predicted all three questing stages at sites

different than where they were calibrated, showing that this model structure is
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generally transferable. Overall, this model lays a foundation for the real-time

iterative forecasting of tick populations needed to effectively protect public

health.

KEYWORD S
data fusion, Ixodes scapularis; life cycle; matrix model; Peromyscus leucopus; population;
prediction; survival, uncertainty

INTRODUCTION

In the United States, the total confirmed and probable
cases of Lyme disease have more than doubled in the past
decade (CDC, 2021). The disease is caused by the bacte-
rium Borrelia burgdorferi (Stanek et al., 2012), and the
increase in human incidence has been attributed, in part,
to the range expansion of the principal vector of the bac-
teria, the black-legged tick (Ixodes scapularis) (Eisen &
Eisen, 2018; Sonenshine, 2018).

I. scapularis has three post-egg life stages (larvae,
nymphs, and adults). Larvae and nymphs require a blood
meal to molt into the subsequent life stage, and adult
female ticks require a blood meal to reproduce (Gray
et al., 2002; Stanek et al., 2012). Ticks can be infected by
the bacteria through any one of their necessary
bloodmeals, but because B. burgdorferi is not maternally
transmitted to larvae, host-seeking larvae are uninfected.
Nymphs are generally considered to be the most epidemi-
ologically important life history stage, with the seasonal
peak onset of Lyme disease symptoms coinciding closely
to the seasonal peak of host-seeking activity of nymphs
(Mather et al., 1996; Nicholson & Mather, 1996; Pepin
et al., 2012; Stafford et al., 1998). Adult I. scapularis can be
infected with B. burgdorferi, but their lower abundance,
autumn activity peak, and much larger size (and higher
detectability) reduce their impact on pathogen transmis-
sion. In the northeastern United States, nymphs emerge
from dormancy in late spring and early summer
(May–June). This latent state reflects the prolonged transi-
tion as engorged larvae molt into nymphs, which extends
through the autumn and winter before the nymphs seek a
host the following summer (Ostfeld, 2011), at a time when
human outdoor activity is also on the rise (Barbour &
Fish, 1993; Lindsay et al., 1998).

Like nymphs, larvae and adults show strong seasonal-
ity in host-seeking activity. Adults are primarily active
between September and January (Levi et al., 2015), and
are important because they are competent vectors of
B. burgdorferi (Piesman et al., 1991), and their survival and
host-finding success influence the number of larvae in the
next year (Wilson et al., 1990). Larvae are active between
July and October (Lindsay et al., 1998), and while not

infected with B. burgdorferi (Richter et al., 2012; Rollend
et al., 2013), survival and infection of larvae determine the
abundance of infected nymphs (Gray et al., 2002).

There have been numerous efforts to understand what
drives the dynamics of I. scapularis nymphs (Ostfeld &
Brunner, 2015). The abundance of white-footed mice
(Peromyscus leucopus) in midsummer, which itself is associ-
ated with prior acorn abundance, predicts the abundance of
infected I. scapularis nymphs the following spring/summer
(Ostfeld et al., 1996, 2001, 2018). The positive relationship
between mouse abundance and subsequent tick abundance
is caused by the high permissiveness of P. leucopus to tick
feeding (Keesing et al., 2009) and their high efficiency at
transmitting B. burgdorferi to feeding larvae (Ostfeld
et al., 2018; Schmidt & Ostfeld, 2001). The inclusion of
hosts, such as mice, in models has been justified based on
the important role they play in the tick life cycle more gen-
erally, and in tick-borne disease ecology specifically.

Abiotic variables, such as weather, have also been eval-
uated as predictors of tick abundance and activity.
Increasing winter precipitation and annual precipitation
are positively correlated with nymph density (Hayes
et al., 2015; Jones & Kitron, 2000; Kessler et al., 2019) and
Jones and Kitron (2000) demonstrated that cumulative
rainfall is associated with larval abundance. Relative
humidity (RH) is associated with questing activity of
nymphal I. scapularis (Perret et al., 2004) and survival
(Ginsberg et al., 2017; Piesman et al., 1991). Tick mortality
increased with decreasing temperature for all life stages
(Ogden et al., 2005), and spring temperature predicts
nymph questing activity (Levi et al., 2015). Cumulative
growing degree-days were positively correlated with tick
abundance on drag cloths (Jones & Kitron, 2000; Ogden
et al., 2008) and peak occurrence (Levi et al., 2015).

Understanding how climatic and biotic variables influ-
ence population dynamics is important for predicting tick
populations into the future under an uncertain climate.
However, few prior studies were designed to simulta-
neously estimate the effects of these intrinsic and extrinsic
drivers across the multiple tick life stages. This is because
a common challenge with stage-structured populations is
that demographic rates, such as survival and fecundity,
can be nonidentifiable when individuals are unmarked
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(Gross et al., 2002), and each of these rates may be differ-
entially influenced by environmental drivers. Dormancy is
also a part of the tick life cycle that is difficult to observe
in field data, during which survival may be differentially
influenced by environmental conditions than during other
life stages. New modeling approaches are needed that
include modeling more than one life stage at a time, as
well as including causal links of climatic variables to
developmental, survival, and host processes (Kilpatrick
et al., 2017; LaDeau et al., 2011; Ogden et al., 2014;
Ostfeld & Brunner, 2015).

Our objective is to build models that capture key
mechanisms of climate- and host-mediated influence to
forecast the population dynamics of I. scapularis and
characterize the uncertainty in predictions. Uncertainty
analyses can elucidate the model’s predictive capabilities
and help identify and prioritize data limitations
(Dietze, 2017a, 2017b). We develop such stage-structured
models with the hope that they will be general and
broadly applicable to understanding and predicting tick
population dynamics at new locations and are potentially
transferable to other tick species beyond the context of
human Lyme disease risk. There is a long history in ecol-
ogy of using stage-structured approaches to model a wide
range of different animal and plant species, as they
occupy an important middle ground between simple sta-
tistical approaches (e.g., ARIMA) and highly parameter-
ized process-based models. Such models often provide
the most parsimonious balance between specificity versus
generality, while providing key insights into demographic
processes. We fit and validate a stage-structured model in
a specific region (Hudson Vally, NY, USA) with some of
the most comprehensive field data available, with the
potential for transferability in space, time, and taxonomy.

Bayesian data fusion and multimodel approaches have
been used effectively to identify demographic parameters
in stage-structured population models of plants (Evans
et al., 2010), salmon (Michielsens et al., 2008), and ticks
(Dobson et al., 2011). Here we describe a Bayesian data
fusion approach for assimilating multiple sources of field
data within a stage-structured matrix model to quantify
demographic parameters (survival, transition, fecundity)
and estimate population growth and stage-specific abun-
dance using three comprehensive and long-term datasets
from the Hudson Valley Region in New York. In addition
to predictions of tick abundance, our approach supports
the estimation of spatial variability in covariate effects
influencing tick and rodent populations across three inde-
pendent field sites, which allows us to determine environ-
mental factors that contribute to spatial variation in
abundance (Royle, 2004).

A tick spends >90% of its life in the soil or leaf-litter
exposed to microclimatic conditions (Needham, 1991).

We hypothesize that models that use abiotic data (daily
weather) to drive the daily survival rate of each life stage
will yield more accurate predictions of tick density com-
pared with models that do not use abiotic data (H1).
Transition between life stages can only occur if questing
ticks successfully find a host (Gray et al., 2002; Keesing
et al., 2009). Thus, we also hypothesize that models that
use host abundance to drive life stage transitions will
improve tick density estimates compared with models that
do not (H2). Finally, we hypothesize that including a
latent state of dormant nymphs to reflect the prolonged
overwintering transition period from questing larvae to
questing nymph will improve questing nymph predictions
compared with predictions that do not model the dormant
nymphs (H3).

METHODS

Site description and data collection

Three field sites were located at the Cary Institute of
Ecosystem Studies (Cary) in Millbrook, New York
(41.7851 N, −73.7338 W). Tick and mouse observations
were collected at each site (Green, Henry, Tea); sites are
more than 500 m apart. All sites are 2.25 ha and
are post-agricultural oak-dominated forest stands
(Ostfeld et al., 2001).

Tick and mouse observations

Tick (I. scapularis) abundances are derived from tick
drags. A tick drag consists of pulling a 1-m2 cotton cloth
along the ground on three randomly chosen transects, for
a total of 450 m2 sampled per site. Ticks were counted
and removed from the cloth every 30 m. Drags were
conducted every three to four weeks starting in the spring
of 1995 and continuing through the fall of 2005. Tick
drags did not occur in the winter. This frequently
employed collection method has been demonstrated to be
an effective sampling protocol for estimating the abun-
dance of questing ticks in many locations, including the
northeastern United States (Eisen et al., 2019).

Mouse (P. leucopus) population monitoring occurred
via mark–recapture concurrent with the tick monitoring.
The trapping grid was an 11 × 11 array of Sherman live
traps, with each station spaced 15 m apart, and two traps
at each station. Traps were set for two consecutive nights
every three to six weeks, baited with oats, and mice were
marked with a numbered ear tag upon the first capture.
Mouse captures did not occur over the winter. The mini-
mum number of mice alive (MNA) for each site was
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estimated directly from these data (Ostfeld et al., 2018).
The three sites we chose to include in this study were the
control sites of a long-term research program at Cary;
mouse populations and vegetation were not manipulated
at these sites. For more complete descriptions of the
long-term tick and mouse monitoring at Cary, see Ostfeld
et al. (2001), Schauber et al. (2005), Brunner &
Ostfeld, 2008, and Ostfeld et al. (2018).

Meteorology

Meteorological data were collected through Cary’s envi-
ronmental monitoring program located on-site at a cen-
tralized location (the three Cary field sites used the same
meteorological data). Precipitation was collected with a
Belfort Instrument Universal Recording Rain Gauge
Series 5-780, located 3 m above the ground. RH was col-
lected with a Phys Chem Corp. PCRC-11 or PCRC-55
(years 1995–1997) and a Campbell Scientific HMP45C
(years 1997–2005), and temperature was collected with a
Campbell Scientific model 107 or 207 (years 1995–1998)
and a Campbell Scientific HMP45C (years 1998–2005).
See Kelly (2020) for a complete description of Cary’s envi-
ronmental monitoring program.

Prior distribution identification

We needed informative priors for larval and nymphs
survival because, for example, larval survival rate is
only directly measurable in the field by tracking the fate
of individuals in a larval cohort, which requires some
way of repeatedly identifying individuals in that cohort
(e.g., marking). If, by contrast, we only track the total
number of individuals in the nymph stage, then estimat-
ing the transition probability from larvae to nymph
incorporates larval survival through host feeding and a
successful transition (molting) to the nymphal stage,
neither of which is directly observed. Therefore, from
tick drag data alone, survival and transition are
nonidentifiable.

We addressed this problem through the construction
of data-constrained informative priors. Informative priors
on the daily survival rate of black-legged larvae and
nymphs were developed using data from the first year of a
multiyear survival study conducted by Brunner et al.
(2023). Briefly, I. scapularis ticks were placed inside soil
core enclosures and exposed to field conditions at three
sites distributed across the eastern United States: northern
New York, southeastern New York, and eastern North
Carolina. The first cores used in our analysis were deployed
on May 11, 2017, and the last were retrieved on May

5, 2018; the cores were sampled intermittently between
deployment and retrieval. In this time period, there were a
total of 84 larval cores and 94 nymph cores deployed, with
15 unfed larvae and 7–12 unfed nymphs per core. We used
the unfed ticks only (instead of fed or overwintering) as
they represent ticks surviving in their current state, as
opposed to molting or undergoing dormancy. Additionally,
at the time this analysis was conducted, data on survival of
adult ticks were not yet available, which is why we only
have informative priors for larval and nymphal survival.
Temperature and RH were monitored with Hygrochron
DS1923 iButtons (Maxim Integrated, San Jose, CA) at each
soil core (Brunner et al., 2023). The posterior parameter
estimates from this submodel (described below) became
the informative priors for our focal model, which is the
matrix population model for tick density.

Statistical framework

Below we describe our statistical framework to gener-
ate predictions of tick population abundances, which
includes the focal tick population model, and two
submodels (Figure 1). We use matrix stage-transition
models built around survival, transition, and fecundity
rates to estimate the population density through time.
We use two submodels to help infer survival and tran-
sition parameters in our focal model, including a
model for building informative prior distributions for
daily mean survival of larval and nymphal ticks, and a
mouse population model used to estimate mouse abun-
dance as a constraint on transition parameters.

All models were fit using Markov Chain Monte Carlo
methods until convergence was reached. We determined
convergence on marginal posterior distributions using
the Gelman and Rubin convergence diagnostic (point
scale reduction factor less than 1.1) implemented via the
coda package in R v.4.0.2 (Brooks & Gelman, 1998;
Gelman & Rubin, 1992; Plummer et al., 2006; R Core
Team, 2020). Workflow, data cleaning, and analysis were
completed in R. Bayesian submodels (prior identification
and mouse population) were built in JAGS
(Plummer, 2003), and the tick population models were
built with NIMBLE (de Valpine et al., 2022; Valpine
et al., 2017). Unless otherwise noted, 5000 random draws
from the joint posterior were used for statistical analysis
and out-of-sample predictions.

Informative priors for tick survival

To construct informative priors for the tick survival
parameters used in the tick matrix stage-transition
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model, we used a binomial process model to estimate
daily tick survival:

yt � binom ϕ,y0ð Þ, ð1Þ

where yt is the number of ticks alive at the end of the soil
core experiment, y0 is the total number of ticks that were
placed in the soil, and ϕ is the cumulative survival proba-
bility over the t days ticks were in the soil. We modeled
ϕ as

log ϕð Þ¼
Xd

t¼1
log λtð Þ, ð2Þ

where λt, the daily survival probability, is connected to
generalized linear model of predictors using a logit link:

logit λtð Þ¼ βXt, ð3Þ

where β is a vector of regression coefficients, and Xt is
the matrix of the average daily covariates at each site.
Weather variables (aboveground daily temperature and
RH) were centered so that the resulting slope coefficients
represent the effect that a given weather variable has on

larvae or nymph survival as the weather variable departs
from its mean. Uninformative normal priors with a mean
of zero were used for regression coefficients β.

Mouse population models

We examined two metrics of mouse population size as
covariates in the focal tick model (Table 1). The first, the
minimum number alive (MNA), was inferred from
the mouse mark–recapture data directly, that is, if an
individual mouse was captured on Days 1 and 3, we can
infer it was alive on Day 2. The second is from a
Jolly–Seber (JS) model, which was developed specifically
for mark–recapture data and estimates population-level
demographic parameters (Jolly, 1965; Seber, 1965). We
modified the restricted dynamic occupancy model param-
eterization, which uses data augmentation to model the
entry of not-previously-seen individuals into the popula-
tion (Kéry & Schaub, 2011). Our submodel estimates the
daily survival rate of mice as a function of temperature
and precipitation. These abiotic factors were used primar-
ily to constrain the overall uncertainty in mouse popula-
tion estimates, because in our data fusion approach, we

F I GURE 1 Conceptual framework. Demographic parameters (ɸ1–3, θ1–3, λ) map to the transition matrix (Equation 6). ɸ1–3 represent

the daily survival rates of larvae, nymphs, and adults. θ1–3 represent the transition rates from larvae to dormant nymph, dormant nymph to

questing nymph, and questing nymph to adult. λ is reproduction. Solid lines represent demographic processes, dashed lines represent

information used as covariates (weather on survival [H1], mouse abundance on transition [H2]). Boxes and dotted lines represent the data

fusion framework and location of submodels (building informed priors for larvae and nymph survival, estimating mouse abundance). The

inclusion of the overwintering dormant state represents H3.
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assimilate the estimated mouse density with uncertainty
into the focal tick model.

Because capture events were at irregular intervals,
daily survival probabilities in between capture events
were aggregated as follows

log ϕdð Þ¼
Xd

t¼d−Δd
log λtð Þð Þ, ð4Þ

where ϕd is the probability of surviving from one capture
occasion to the next. Similar to our tick focal model, we
modeled daily mouse survival

logit λtð Þ¼ β1 + β2 × precipitationt + β3 × temperaturet,

ð5Þ

as a logit transformed linear model of predictors.
Subscript t represents each day in the time series,
d represents each trapping occasion, and (Δd) represents
the time elapsed since the prior trapping occasion. See
Appendix S1: Section S1.1 for a complete description of
this model.

Tick population models

We fit separate tick matrix stage-transition models to
evaluate the influence of model structure, biotic, and abi-
otic variables on the accuracy and precision of modeled
predictions of tick abundance. Informative prior

distributions for survival (prior identification submodel,
Equation 2) were used in each version of the model, and
each model was fit independently to data from the three
sites. Model performance was initially compared using
one-step-ahead (OSA) predictions and only those that
reduced OSA uncertainty are reported on.

We first built a three-stage model corresponding to
the questing larvae, nymph, and adult stages (the Static
model). We then added environmental covariates (tem-
perature, RH) to the three-stage model, but neither
improved model performance over the static three-stage
model; the only three-stage model we report is the static
version. All three-stage models had an unacceptable
amount of uncertainty in out-of-sample predictions,
especially for nymphs, the most epidemiologically rele-
vant life stage.

To reduce uncertainty in nymphal predictions, we
then built a four-stage model that added a dormant
nymph stage. Because the four-stage model performed
significantly better than the three-stage model (see
Results), we then fit a series of five alternative four-stage
models, as shown in Table 1: a Static (no covariates)
model; one with daily weather variables to constrain
questing tick survival; one that uses the raw mouse abun-
dance data to constrain the transition rates from larvae to
dormant nymph and from questing nymph to adult; one
with the output of the estimated mouse abundance
model instead of the raw mouse data; and a full model
that uses both weather and estimated mouse abundance
(Table 1).

TAB L E 1 Models evaluated and their structures.

Model name Model description (stages) Covariates Parameters constrained

Static (3) Three-stage matrix model
(questing larvae, questing nymphs,
questing adults)

None Intercepts only

Static (4) Four-stage matrix model
(questing larvae, dormant nymphs,
questing nymphs, questing adults)

None Intercepts only

MNA (4) Four-stage matrix model Mouse abundance (minimum number alive)
from data

θ1, θ3

Mice Estimated (4) Four-stage matrix model Mouse abundance from the level-two mouse
population model

θ1, θ3

Weather (4) Four-stage matrix model Daily maximum temperature, daily minimum
relative humidity, daily maximum relative
humidity, daily precipitation

Φ1, Φ2, Φ3

Weather + Mice (4) Four-stage matrix model Mouse abundance from the level-two mouse
population model and daily maximum
temperature, daily minimum relative
humidity, daily maximum relative humidity,
daily precipitation

Φ1, Φ2, Φ3, θ1, θ3

Note: Parameters constrained are from Equation (6).
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We also tried to fit models with an additional dor-
mant stage between questing adult and questing larvae
(i.e., an “egg”) stage but were unable to reach conver-
gence as fecundity and adult survival became statistically
nonidentifiable. We then kept the four-stage model
described here because it improved nymph predictions
drastically (see Results) and was more parsimonious than
any five-stage model we could have fit.

Each transition matrix, At, was estimated daily as:

ϕ1 1− θ1ð Þ 0 0 λ
ϕ1θ1 1− θ2 0 0

0 θ2 ϕ2 1− θ3ð Þ 0

0 0 ϕ2θ3 ϕ3

2
6664

3
7775: ð6Þ

Parameterization of the nonzero elements can be
found in Appendix S1: Section 1.2, but briefly, survival
(ϕ) and transition (θ) rates are logit transformed linear
models, analogous to Equation (5), and λ represents
reproduction. λ, with units of larvae per adult per day,
was held constant and given a prior of N(30, 10) trun-
cated at zero.

The models for survival used daily maximum tempera-
ture, daily minimum and daily maximum RH, and daily
precipitation in a regularized regression framework. The
survival parameters represent the probability that a
questing tick remains a questing tick over a given time
step, and therefore does not die and does not find a host.
Specifically, Bayesian ridge regression was used to parame-
terize the coefficients tied to weather covariates such that
βi,weN 0,γβ

� �
, where βi,w is the coefficient tied to weather

covariate w of questing life stage i, and γβ is the shrinkage
penalty. This parameterization allows for collinearity in
weather covariates and can improve out-of-sample pre-
diction (Hooten & Hobbs, 2015; Tredennick et al., 2017).

The models for transition are analogous to
Equation (5). Transition is defined as the probability (in a
Bayesian model) that an individual moves out of the
observed stage (e.g., questing larvae) and on to the next
observed (e.g., questing nymph) stage, via an unobserved
latent state (e.g., fed larvae). For example, there is some
probability each day that a questing tick may find a host
and begin the transition to a fed and molting tick. The
transition rate parameters integrate over the latent state
between engorgement and molting because our field data
are comprised of questing ticks only.

The transition model incorporates phenology in
questing behavior using cumulative growing degree-days
(CGDDs) to time tick emergence (i.e., transition rate was
set to zero outside of this phenological window, see
Appendix S1: Equation S5). Phenological thresholds were
not included in the full Bayesian model but were set a

priori to occur between 400 and 2500 CGDDs for
transitioning into questing nymphs, below 1000 and
greater than 2500 CGDDs for adults, and between 1000
and 2500 CGDDs for transitioning into the questing lar-
val stages (Appendix S1: Figure S1). These thresholds
were based on the 11 years of tick observations in our
study region. When transition was allowed to occur
within these phenological windows, we tested two met-
rics for mouse abundance: MNA, and abundance esti-
mated from the mark–recapture submodel. For MNA,
data were treated as known, whereas we assimilated
abundance estimates in an error in variables framework
(Dietze, 2017a, 2017b) using the estimated mean abun-
dance with SD (Appendix S1: Equation S6).

To compare the model with irregularly spaced obser-
vations, we permuted the matrices as follows:

Pd ¼AtAt− 1At− 2…At−Δd , ð7Þ

xd+Δd

���!eMVN Pdxd
!,Σ

� �
, ð8Þ

where Pd is the permuted transition matrix (Equation 7)
that is used to calculate the expected demographic transi-
tions between sampling occasions d. Then, the predicted
latent state, xd+Δd , was drawn from the multivariate nor-
mal distribution (Equation 8) based on the expected
number of ticks, Pdxd

!, and a process error covariance
matrix Σ. Σ was parameterized as a diagonal matrix of
variances, assuming that process error across life stages is
uncorrelated. We attempted to fit the across-stage corre-
lation terms but were unable to reach convergence.

Observed tick counts were assumed to be Poisson dis-
tributed, where yj,d is the tick count of life stage j at time
d, and x is the latent tick abundance:

yj,dePoisson xj,d
� �

: ð9Þ

Our tick field data, the number of ticks on drag
cloths, integrate several ecological factors, including sur-
vival, phenology, and host abundance and diversity. Our
model captures these various contributions, representing
the number of individuals observed in a life stage as the
balance between the number transitioning in from an
early stage, the number previously in that stage that sur-
vived, and the number transitioning out to a later stage
(e.g., ticks that feed and become engorged), with pheno-
logical restrictions on transition rates restricting activity
to the appropriate seasons. The model defines survival as
the probability ticks remain in the questing state, phenol-
ogy is modeled with CGDDs, and removal by hosts is esti-
mated in the transition model. Splitting the process in
this way allows us to fit the model to the relevant
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biological lifecycle of this species and makes the model
generalizable because all that is needed to fit this model
at a different location is counts from ticks on drag cloths.

Model assessment

The mouse population models were assessed using poste-
rior estimates of the total predicted mouse abundance
(latent abundance multiplied by capture probability) com-
pared with observed values using R2 and bias. Tick popula-
tion models were assessed by posterior predictive checks
using OSA predictions within and across sites, where the
OSA predictions iteratively cycle through the time series to
predict the next observation from the current latent state.

As these matrix models were fit independently at
each site, the within-site predictions test goodness of fit,
while the across-site predictions represent a measure of
transferability and out-of-sample validation. We evalu-
ated the OSA predictions with the continuous ranked
probability score (CRPS) (Gneiting & Raftery, 2007;
Simonis et al., 2021), a metric that accounts for the prob-
abilistic nature of our predictions, penalizing models not
just for mean absolute errors, but also for predictive dis-
tributions that are under- or overconfident.

A perfect forecast is defined when CRPS is equal to
zero. Therefore, forecast skill increases as CRPS
approaches zero; lower scores are better. Moreover, as
the magnitude of observations varies considerably across
life stages, we evaluated model predictions for each life
stage separately.

Variance partitioning

Uncertainty in model predictions comes from four
sources: (1) initial condition (IC) uncertainty, (2) parame-
ter uncertainty, (3) driver uncertainty, and (4) process
uncertainty (Dietze, 2017a, 2017b). IC, parameter, and
process uncertainties were propagated by sampling the
joint posterior distribution of the matrix population
models. Specifically, IC uncertainty came from
x (Equation 8), parameter uncertainty came from all the
parameters in matrix A (Equation 6), and process error
came from Σ (Equation 7). In terms of driver uncertainty,
we treated the weather as known (without uncertainty),
but incorporated uncertainty in mouse population esti-
mates, which was derived from the posteriors of the
mouse population submodel (Appendix S1: Equation S6).

To determine the contribution of each source of
uncertainty, we ran OSA predictions under several sce-
narios, sequentially adding each source of uncertainty.
The first simulation only samples from the latent state

(IC) while holding parameters and drivers (estimated
mouse abundance) at their posterior means and setting
process error to zero. We then added parameter uncer-
tainty, then driver uncertainty (where appropriate), and
finally process uncertainty. The final scenario includes all
sources of uncertainty and is the simulation that was
scored with CRPS, as this scenario represents the full pre-
dictive posterior.

Population growth rate

We estimated the growth rate for each sampling season,
represented by the first tick drag to the last tick drag
each calendar year. Each stochastic population growth
rate simulation used 2000 random draws from the joint
posterior. Stochastic population growth rates were
determined by sequences of the daily transition matrices
A, under a mover-advancer model in which the proba-
bility of advancing to the next environment is equal to
one (Caswell, 2000).

RESULTS

Prior identification

Nymphs had a higher monthly survival rate than larvae by
approximately 5% (mean across the three models was
0.509–0.517 for nymphs and 0.453–0.48 for larvae).
Covariate slope parameters overlapped with zero but were
consistent with higher climate sensitivity among nymphs,
which responded positively to humidity and negatively to
temperature, while larvae responded positively to tempera-
ture and were insensitive to humidity (Figure 2).

Mouse population models

Mean monthly survival rates of mice were similar at the
three Cary sites, estimated at 0.815, 0.813, and 0.806 at
Green, Henry, and Tea, respectively. Survival was nega-
tively associated with above-average daily precipitation
and temperature, with temperature having a stronger
effect (median range across sites −0.058 to −0.044) than
precipitation (median range across sites −0.018 to
−0.015) (Appendix S1: Figure S2).

The mouse population model was fit to estimate the
true abundance of mice at each field site, where these esti-
mates were used as inputs to the focal tick population
model. We evaluated the effectiveness of the mouse model
by performing OSA predictions. R2 values ranged from
0.74 to 0.77 across the three sites (Figure 3). On average,
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the model slightly underpredicts by roughly 6 (11.8% mean
percentage error [MPE]), 3 (8.3% MPE), and 5 (11.6% MPE)
mice/2.25 ha at Green, Henry, and Tea, respectively.

Tick population models

For the focal tick population models, we structure the
results by hypothesis. Within each section, we first
describe the predictive capacity of the models that include
covariates associated with each hypothesis; models that
include weather for H1, models that include mouse abun-
dance for H2, and models that have the overwintering
nymph stage for H3. After describing predictive capacity,

we describe the parameters associated with each hypothe-
sis; how weather changes the base rate of survival and the
monthly rate of survival across sites and models for H1,
how mouse abundance changes the base rate of transition
and the monthly rate of transition across sites and models
for H2, and variance partitioning in H3. We end with a
description of predicted fecundity and the results of the
population growth rate analysis.

The effect of daily weather (H1)

We evaluated six models with out-of-sample predictions,
which means if all models were equally as predictive, we

F I GURE 2 Posterior distributions from the prior identification survival models. The Static model is the intercept-only model. The

covariates considered were daily relative humidity and daily temperature. The top row is the intercepts, and the bottom row is the effect of

each weather variable. Violin and box plots were drawn from 5000 random samples from the posterior.
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would expect, on average, that each model would make
the best out-of-sample prediction one-sixth (16.7%) of the
time (Figure 4). For questing larvae, the Weather
(4) model was the most predictive 28% of the time, and
the Weather and Mice (4) model was most predictive 48%
of the time according to the CRPS. For predictions out-
side of the larval questing season (prediction when there
were zero larvae on drag cloths), the Weather (4) model
was most predictive 37% of the time and the Weather and
Mice (4) model was most predictive 61% of the time
(Figure 4).

For questing nymphs, the Weather (4) model was
the most predictive according to the CRPS 9% of the
time, while the Weather and Mice (4) model was the
most skillful 42% of the time. For predictions outside
the nymph questing window, the Weather (4) model
was most skillful 80% of the time, while the Weather
and Mice (4) model was most skillful 18% of the time
(Figure 4).

For questing adults, the Weather (4) model was the
most predictive according to the CRPS 18% of the time,
while the Weather and Mice (4) model was the most
skillful 15% of the time. For predictions outside the adult
questing window, the Weather (4) model was most skill-
ful 9% of the time, while the Weather and Mice (4) model
was most skillful 21% of the time (Figure 4).

The slope parameters tied to weather covariates repre-
sent the magnitude and direction of the effect that daily
weather has on mean survival rate, and the intercept
term in the survival equations represents the mean sur-
vival rate for each life stage. We present survival as
monthly rates for easier comparison.

Daily precipitation affected larval survival the most
out of the four weather variables considered (Figure 5),
with a median estimate of 4.06 (90% CI: 2.08–5.97) at
Green under the Weather and Mice (4) model, meaning
that even a one SD increase in daily precipitation
increases the odds ratio of daily larval survival by 58. At
Henry, this odds ratio was 14.6, and at Tea, it was 10.31.
The effect of maximum RH on larval survival was not dif-
ferent from zero for all sites. The effect of minimum RH
on larval survival was positive and similarly estimated at
Green and Tea (Figure 5). For example, at Green, the
median effect of daily minimum RH was 1.27 (90% CI:
0.30–2.21), which decreases the odds ratio of larval sur-
vival by 3.6 (and by 3.8 at Tea) with a one SD increase in
daily minimum RH. Daily maximum temperature did not
have a significant effect on larval survival.

For nymphs, daily maximum RH had the largest
effect on nymph survival of the four weather variables
considered, where increasing daily maximum RH
decreased survival at two of the three sites. The effect
was largest at Green, with a median estimate of −1.72
(90% CI −2.28 to −0.78), followed by Tea with a median
of −1.08 (90% CI −1.63 to 0.09), while the survival of
nymphs at Henry was not influenced by daily maximum
RH with median estimate of −0.1 (90% CI −0.71 to 0.46).
This translates to decreasing the odds ratio of survival by
5.58, 2.94, and 1.11 at Green, Tea, and Henry, respec-
tively, with a one SD increase in daily maximum RH.

Daily precipitation also had an appreciable effect on
nymph survival. All sites predicted a positive influence of
daily precipitation on nymph survival. The largest effect
for the Weather and Mice (4) model was at Tea, with a
median of 0.72 (90% CI: −0.28 to 2.45), followed by
Henry with a median effect of 0.55 (90% CI −0.16 to
1.52). Nymph survival at Green was not affected by daily
precipitation (Appendix S1: Table S1). All else being
equal, a one SD increase in daily precipitation increases
the odds ratio of daily nymph survival at Tea by 2.05, and
at Henry by 1.74.

For adults, daily maximum temperature had the larg-
est effect on adult survival of the four weather variables
considered, where two of the three sites predicted a posi-
tive effect, and one a negative effect. For the sites with a
predicted positive effect of daily maximum temperature
on adult survival, the largest effect was at Green with a
median of 3.15 (90% CI: 0.94–5.58), followed by Henry
with a median of 3.0 (90% CI −0.17 to 6.06). All else

F I GURE 3 Model accuracy (the median prediction) with

observation error compared with observed mice at each trapping

occasion. The three sites are displayed independently. R 2 values are

calculated relative to the one-to-one line. Bias represents the

average number of mice underestimated per plot per trapping

occasion.
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equal, a one SD increase in daily maximum temperature
increased the odds ratio of adult survival by 23.3 at Green
and by 20.1 at Henry. At Tea, there was a predicted nega-
tive influence of daily maximum temperature at Tea,
with a median effect of −0.99 (90% CI −1.99 to 0.06),
which equates to a decrease in the odds ratio of survival
by 2.68, with a one SD increase in daily maximum tem-
perature (Figure 5).

Survival intercepts

All predicted monthly survival estimates are reported in
Appendix S1: Table S1, but there are few patterns we
would like to highlight here. Under the Weather and
Mice (4) model, all three sites showed similar patterns in
median monthly survival across life stages, where adults
survived at a higher rate than nymphs, and nymphs sur-
vived at a higher rate than larvae. For example, at Green,
the median predicted monthly survival rate was 0.92
(90% CI 0.67–0.98) for adults, 0.52 (90% CI 0.49–0.54) for

nymphs, and 0.45 (90% CI 0.42–0.48) for larvae. The sur-
vival estimates from the Weather (4) model were nearly
identical.

For the Mice Est. (4), Mice MNA (4), and Static
(4) models, the pattern of high to low survival rates in
order from adult–nymph–larvae held at Green and Henry,
but not at Tea. For example, at Tea under the Static
(4) model, the predicted monthly survival rate was 0.37
(90% CI 0.23–0.56) for adults, 0.48 (90% CI 0.46–0.50) for
nymphs, and 0.43 (90% CI 0.40–0.46) for larvae. The sur-
vival estimates from the Mice Est. (4) and Mice MNA
(4) models were like that of the Static (4) model.

Estimated adult survival was less precise and more
variable than for nymphs and larvae across models and
sites. At Green, the median adult monthly survival rate
was estimated between 0.68 and 0.92 with the Static
(4) and Weather (4) models, respectively. At Henry, the
range in median adult survival was between 0.76 and
0.86 with the Weather (4) and Static (3) models, respec-
tively. The range in median adult monthly survival at
Tea was between 0.37 and 0.89 with the Static (4) and

F I GURE 4 The relative performance of each model at predicting nonzero and zero observations for each life stage. Nonzero

observations are during each life stage’s questing period, and zero observations are during each life stage’s dormancy period. n is the number

of times a specific model had the best continuous ranked probability score; percent values are how often a specific model was most skillful

relative to others. If all models were equally skillful, then the null expectation is that each model would be best one-sixth (~17%) of the time.
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Weather (4) models, respectively. The Static (4) model
had the largest range in median adult monthly survival,
ranging between 0.37 at Tea and 0.82 at Henry. The
Static (3) model had the smallest range across sites,
where Green’s median adult monthly survival was 0.77
while Henry and Tea were both estimated at 0.86
(Appendix S1: Table S1). The posterior SD for median
monthly survival was, at a minimum, 2.4 times greater
for adults than the other two stages. For example, at most
precise estimate for mean adult survival had a SD of
0.052 at Henry under the Static (3) model, while the least
precise estimate for the other two stages was for larvae at
Henry under the Mice Est. (4) model with a posterior SD
of 0.022.

The effect of mouse abundance (H2)

As with H1, here we describe the performance of the
models that include mice relative to the null expectation

that if all models were equally predictive, each would
make the best OSA prediction 16.7% of the time. For
questing larvae, the Mice MNA (4) model made the best
OOS predictions 2% of time, the Mice Est. (4) model was
best 4% of the time, and the Weather and Mice (4) model
was most skillful 48% of the time. For predictions outside
of the larval questing season, the Weather and Mice
(4) model was most skillful 61% of the time while the
Mice Est. (4) and Mice MNA (4) models were never
the most skillful.

For questing nymphs, the Mice MNA (4) model was
the most skillful 12% of the time, Mice Est. (4) was most
skillful 14% of the time, and the Weather and Mice
(4) model was the most skillful 42% of the time. For pre-
dictions when there were zero nymphs on drag cloths,
the Mice MNA. (4) model was the most skillful 2% of the
time, and the Weather and Mice (4) model was the most
skillful 18% of the time. The Mice Est. (4) model was
never the most skillful for nonquesting nymphs.

For questing adults, the Mice MNA. (4) model was
most skillful for 10% of OSA predictions, the Mice Est. (4)
was mode skillful for 9% of predictions, and the Weather
and Mice (4) model was most skillful 15% of the time.
For nonquesting adults, the Mice MNA (4) model was
the most skillful 3% of the time, Mice Est. (4) 7% of the
time, and the Weather and Mice (4) model 21%
of the time.

The effect of mouse abundance on the daily transition
rate from larva-to-nymph (L-N) was mostly consistent
across sites and model formulations, where the effect was
either not different from zero or mice slightly reduced
the transition rate. For example, the Weather and Mice
(4) model predicted no effect of mice on the L-N transi-
tion at all sites. The Mice Est. (4) model predicted a null
effect at Henry and Tea, and a slight negative effect at
Green, with a median estimated effect of −0.5 (90% CI
−1.19–0.26). The Mice MNA (4) model had the largest
range in predictions of the effect of mice on the L-N tran-
sition across sites, where there was a null effect at Tea, a
slightly negative effect at Henry with a median of −0.38
(90% CI −0.91–0.16), and more pronounced effect at
Green with a median of −0.91 (90% CI −1.63– −0.11); all
else equal, that equates to decreasing the odds ratio of
transition by 2.48 with a one SD increase in mouse
abundance.

The effect of mouse abundance on the nymph-to-adult
(N-A) transition was more pronounced and variable across
sites and models. For the Weather and Mice (4) model,
there was no predicted effect at Green and Henry, but a
positive one at Tea with a median expectation of 1.42 (90%
CI 0.99–0.93). The Mice Est. (4) model predicted a null
effect of mice on the N-A transition at Green, and a posi-
tive effect at Henry (median of 0.55, 90% CI 0.20–0.86) and

F I GURE 5 Standardized slope estimates for the effect of a

given weather variable on the daily survival of a given life stage

from the Weather and Mice (4) model. The width of the narrow

whiskers represents the 90% CI, wide whiskers are the 50% CI, and

points are the median. precip, precipitation; RH, relative humidity;

Temp, temperature.
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Tea (median of 1.68, 90% CI 1.21–2.17). The Mice MNA
(4) model predicted a positive effect at all sites, with Green
at a median of 0.25 (90% CI −0.37–0.75), Henry at a
median of 0.62 (90% CI 0.27–0.97), and Tea at a median of
1.03 (90% CI 0.80–1.34); all else equal that equates to an
increase in the odds ratio of transitioning from a nymph to
an adult by 2.8 with a one SD increase in mouse
abundance.

Transition

Transition model intercepts represent the base rate of
daily transition: we converted them to monthly rates for
ease of interpretation. The monthly larvae-to-nymph
(L-N) transition rate was low, with median estimates
ranging from 0.002 to 0.03 for the Static (4) and Static
(3) models, respectively. Furthermore, the four-stage
models had very precise estimates for this parameter
compared with the Static (3) model. For example, the
90% CI width at Tea for the Static (3) model was
0.01–0.061, while the largest CI interval of the four-stage
models was at Tea under the Weather (4) model between
0.008 and 0.022 (Appendix S1: Figure S3).

The base monthly rate for the nymph-to-adult (N-A)
transition varied across sites, and, while low, was some-
times as much as 16 times greater than the L-A transi-
tion. For example, at Tea, under the Static (4) model,
the monthly N-A transition rate was estimated at 0.097
(90% CI: 0.051–0.163), whereas the L-A transition was
estimated at 0.006 (90% CI: 0.003–0.01) (Appendix S1:
Figure S3).

The effect of including a dormant
stage (H3)

The only model that did not include the dormant nymph
stage was the Static (3) model, so here we describe how
predictive this model was, with the null expectation that if
all models were equally predictive, then the Static (3) model
would make the most skillful predictions 16.7% of the time.
The Static (3) model was the most skillful for 15% and 2%
of OOS predictions for questing and nonquesting larvae,
respectively. It was the most skillful for 2% and 0% of OOS
predictions for questing and nonquesting nymphs, respec-
tively. Finally, the Static (3) model was the most skillful for
29% and 53% of OOS predictions for questing and
nonquesting adults, respectively.

Model structural error (also referred to as process
error), quantified by the variance terms in Σ (Equation 8),
was reduced from the three-stage model to the
four-stage models that included weather for larvae,

to all four-stage models for nymphs, and was unchanged
for adults (Figure 6).

For larvae, the addition of the dormant nymph stage
only lowered process error when weather was also
included. For example, process error for larvae, with
units of ticks per 450 m2 per day, under the three-stage
model had a median of 17.32 (90% CI: 15.72–19.21), 11.09
(90% CI: 9.62–12.91), and 7.11 (90% CI: 6.07–8.26) at
Green, Henry and Tea, respectively. Under the Weather
(4) model, process error was reduced to 6.41 (90% CI:
5.69–7.29), 9.91 (90% CI: 8.38–13.3), and 6.09 (90%
CI: 5.49–6.79) at Green, Henry, and Tea, respectively
(Figure 6).

For nymphs, regardless of site or covariate inclusion,
the addition of the dormant nymph stage reduced process
error from the three-stage model to the four-stage models
at all sites. For example, the Static (3) model at Green
estimated process error at a median of 3.94 (90% CI:
3.62–4.31), whereas all other models at that site had a
nearly 10-fold decrease in error with the lowest model
estimate of process error under the Weather and Mice
(4) model at a median of 0.43 (90% CI: 0.28–0.69)
(Figure 6). This is apparent in the OSA simulations,
where forecast uncertainty under the Static (3) model is
greatly inflated compared with models with the dormant
stage included (Figure 7).

Variance partitioning

We partitioned the forecast variance for each model and
each life stage into the component parts that make up
the total forecast uncertainty (ICs, parameter, driver, and
process error). Here, we focus on the comparison of the
Static (3) model to the Weather and Mice (4) model,
because Weather and Mice (4) model was the most skill-
ful at predicting questing nymphs.

The magnitude of total forecast variance throughout a
given year was lowest during the inactive period for each
life stage and increased substantially during the questing
period. For example, larvae forecast variance peaked in
July–September, nymph forecast variance peaked
in May–June, and adult forecast variance peaked in
October (Figure 8). This general pattern was evident in
the Static (3) and Weather and Mice (4) models. The
magnitude, however, was different. On average, across all
OSA forecasts during the questing periods for each life
stage (defined by CGDD, see Methods), total forecast vari-
ance was reduced by a factor of 10 for larvae, 45 for
nymphs, and 2.3 for adults from the Static (3) model to
the Weather and Mice (4) model.

The composition of error in OSA predictions was pri-
marily composed of process error during the nonquesting
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periods throughout the year for each life stage. It was dur-
ing the questing periods that the error composition
changed, where the dominant source of uncertainty
shifted from being primarily process error to primarily IC
error. This was particularly evident for nymphs (Figure 8).
On average, across all OSA predictions during the questing
period, initial condition uncertainty contributed to 2% of
the overall predictive error for nymphs under the Static
(3) model versus 64% under the Weather and Mice
(4) model. For the other sources of uncertainty, the rela-
tive contribution to predictive error for questing nymphs
was 1.4% versus 16% for parameter uncertainty, 0% versus
3% for driver uncertainty, and 96.6% versus 17% for pro-
cess uncertainty.

Fecundity

We estimated variable fecundity rates among models and
across sites (Appendix S1: Figure S4). For example, the
Mice MNA (4) model estimated a median fecundity rate
(larvae per adult per day) of 0.88 (90% CI: 0.06–5.04) at

Green, 23.55 (90%: CI 17.67–31.27) at Tea, and 32.15 (90%
CI: 24.45–41.49) at Henry. In general, the models that use
weather to drive tick survival predict a higher reproduc-
tive rate than other model formulations. For example, the
Weather and Mice (4) model estimated a reproductive rate
of 41.60 (90% CI: 30.49–54.76) at Green, 44.48 (90% CI:
33.79–57.35) at Tea, and 54.44 (90% CI: 34.45–72.00) at
Henry. All models updated from the prior (Appendix S1:
Figure S4).

Population growth rate

Estimates of population growth rates were similar across
all models and there was significant interannual varia-
tion (Figure 9). Over the 11 years of the study, popula-
tion growth tended to increase across all three sites.
Specifically, the tick population grew (estimated by
median population growth rate) in 1999–2000, and
between 2002 and 2004. The three sites show similar
annual trends in growth rate, except for years 1999 and
2005. In 1999, Green and Tea have growing tick

F I GURE 6 Process error distributions, represented as SDs. Facets are each life stage in the stage-structured matrix; the x-axis is the site

a specific model (color) was calibrated. Whiskers are the 90% credible interval of the posterior, and points are the median value of process

error. Note the varying y-axis for each facet, showing that larvae have far more process error than adults. The dormant stage was not

modeled in the Static (3) model.
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populations while Henry is declining, and in 2005,
Green and Tea have declining tick populations while
Henry is growing. Elasticity analysis of the periodic
matrix products showed that nymph and adult survival
had the largest effect on population growth rate
(Appendix S1: Figure S6).

DISCUSSION

This study addresses a growing need for predictive under-
standing of how tick populations will respond to ongoing
environmental change across their complex lifecycle.
Here we developed a stage-structured matrix model that
estimates independent abiotic and biotic driver effects at
each stage of the complex tick life history and generated
a skillful predictive framework. Importantly, this frame-
work incorporated the fusion of experimental and obser-
vational field data and uncertainty propagation across
the full life cycle. Below we interpret our results consider-
ing three hypotheses concerning the importance of daily
weather (H1), of the abundance of mouse hosts (H2), and
of incorporating a dormant nymph stage in the modeled
lifecycle structure (H3).

The effect of daily weather (H1)

We found that precipitation, temperature, and maximum
humidity play critical but stage-specific roles in defining
tick survival. Larval survival increased the most with
increasing precipitation. By contrast, nymph survival
decreased the most with increasing RH. Finally, adults
were most sensitive to daily maximum temperature. The
differential effect of temperature on adults (increasing
survival rate) and juvenile ticks (no effect) aligns with the
current understanding of tick biology. It is generally
thought that a longer warm season provides fall- and
spring-active adults with more chances to find a host before
depleting resources and dying (Brunner et al., 2023). Larvae
and nymphs quest during the warm season, when moisture
is more likely to be a limiting driver than temperature
(Brunner et al., 2023).

Our results are consistent with prior studies showing
larval survival declines with RH (Ginsberg et al., 2014,
2017) and that average RH is not a significant predictor
of nymphal abundance (Berger et al., 2014). However,
our results contrast with Ginsberg et al. (2014), which
showed that high RH increases nymph survival. This
could be due to the discrepancy between monitoring ticks
from the field as we did and monitoring ticks in the labo-
ratory. Additionally, our model also uses precipitation as
a daily driver of survival, and nymphs were estimated to
have a positive association with precipitation (Figure 5).
The precipitation effect could thus be overpowering the
effect of RH, as days with precipitation will have a low
risk of desiccation (cloudy, high RH, etc.). Also, ticks in
different field locations are likely to experience different
microclimate conditions, especially with respect to RH
(Van Gestel et al., 2022). These ticks will, however, expe-
rience similar precipitation, and precipitation is more
likely to be well represented by a central site measure-
ment at the scale of this study. Nonetheless, our findings
are consistent with prior studies in showing that tick sur-
vival is sensitive to moisture stress.

The effects of weather described above are in the con-
text of changing the base survival rate of ticks. As such,
our results agree with Brunner et al. (2012) on
density-independent mortality rates, with estimated
monthly survival rates between 0.4–0.45 and 0.48–0.52
for questing larvae and nymphs.

The effect of mouse abundance (H2)

We quantified the role of mice in constraining the transi-
tions from larva to nymph and nymph to adult. The
model with both weather and mice was the most skillful
at predicting questing nymphs. This concurs with

F I GURE 7 One-step ahead predictions from an across-site

simulation for nymphs. The model was calibrated at Henry and

simulated at Tea. Study duration was 11 years but showing

1996–2000 because peak nymphal observations were in 1996 and

2000 at Tea. Models not displayed (Static (4) and Mice MNA (4))

were excluded because they have very similar predictions to the

Mice Est. (4) model. Solid points are observed values, envelope is

the 95% predictive interval, and solid line is the median prediction.
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previous studies that show mice play a crucial role in the
ecology of I. scapularis in the northeast (Ostfeld
et al., 2001, 2006). The ecological significance in our
model comes from the idea that as nymphs emerge from
dormancy as a single cohort, access to mice reduces the
numbers of questing individuals (Ostfeld et al., 2018) and
successful host feeding causes increased tick abundance
in subsequent states (Ostfeld et al., 1996, 2001, 2018). If
the concurrent mouse population acts as a removal
mechanism for questing nymphal ticks, the impact of
host abundance was less evident in the larva-to-nymph
transition, most likely because the removal of larvae by
hosts does not saturate as host density increases (Levi
et al., 2016).

Additionally, mice may be relatively more important
than weather in improving predictions at the transition
because seasonality is more than daily weather (e.g.,
absence of below freezing days, daylight length, etc.),
and seasonal mouse population dynamics are regulated,
in part, by winter temperatures and acorn abundance
(Merritt et al., 2001; Wang et al., 2009). This suggests

that while mice are directly responsible for the number
of ticks that feed in one stage and quest in the next, they
also represent another measure of seasonality that fur-
ther helps constrain OSA predictions. This explains the
tendency of the Weather (4) model to overestimate
nymphal abundance, as the most prominent effect of
mice was on the nymph to adult transition (removing
nymphs).

The effect of including a dormant
stage (H3)

Including the dormant stage in the matrix between questing
larvae and questing nymphs dramatically improved the pre-
dictability of nymphs (Figures 4 and 7), the life stage most
responsible for Lyme disease cases in humans.

Nymphs have a longer dormancy period than other
stages, which lasts through the winter (Levi et al., 2015).
The addition of the latent state to the model accounts
for this period when no transition occurs (transition in

F I GURE 8 Variance partitioning for nymph predictions at Tea in 1999. The top row shows the relative proportion of the total variance

that is made up of either process error (model structural uncertainty), driver error (from the mouse population model, only present in Mice

Est. (4) and Weather and Mice (4) models), parameter uncertainty (from parameter distributions), and initial condition uncertainty (errors in

the latent state). The bottom row shows the total amount of variance in the prediction.
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the model is set to zero), which is consistent with the
seasonal dormancy of nymphs in the northeastern
United States. After this period, newly molted nymphs
begin questing, and the model allows for the onset of
questing nymphs by allowing transition to occur according
to CGDDs (transition in the model is set to one). Defining
the nymph questing season in this way caused nymphs to
“emerge” as a single cohort, which is more representative
of their actual questing behavior (Ogden et al., 2018), and
suggests that adding the overwintering stage pushed the
model to a more ecologically relevant structure. This is fur-
ther demonstrated by the severe reduction in process error
(i.e., model structural error) for nymphs in the four-stage
models compared with the three-stage model.

Variance partitioning

In terms of improving tick predictions, an important con-
clusion of the variance partitioning is that the major obsta-
cle to constraining predictions of peak tick abundance is
uncertainty in the initial state. The IC uncertainty reflects
the precision (or lack thereof) in knowing how many
questing ticks, of any life stage, there are when making a
new forecast, and was the dominant source of uncertainty
during the nymph questing season. This has important
implications for large-scale monitoring programs, such as
the National Ecological Observatory Network (NEON),

that have to make budgetary decisions about when and
where to sample (Springer et al., 2016). We show that for
reducing uncertainty in nymph predictions, the most
important life stage for understanding transmission of
tick-borne pathogens, sampling efforts should be directed
toward monitoring during the period when nymphs are
most active. Our modeling framework could be used to
run Observing System Simulation Experiments to deter-
mine how to deploy field monitoring more effectively,
quantify the value of information for different sampling
periods, and evaluate whether iterative population fore-
casts could be used in an adaptive monitoring framework
to optimize field sampling design.

The variance partitioning analysis shows interesting
trends in both total and relative variance. For all life
stages, total predictive variance tends to increase during
the questing period. This was expected, as abundances
are low or zero during nonquesting periods and thus
have little variance. Likewise, during these nonquesting
periods, most of the variance is comprised of process
error because transition parameters are set to zero.
Interestingly, the relative contribution of process error
generally decreased during questing periods. This was
due to the rapid increase of IC uncertainty when questing
begins (Figure 8). In contrast to the dominance of IC
uncertainty, the minimal contribution of parameter error
suggests that the model could accommodate additional
complexity; however, the limited contribution of process
error during the questing season and the limited overall
uncertainty in the dormant season when process error
dominates suggest there may be limited returns to such
an investment.

Mouse population models

The mouse population submodel was able to accurately
estimate mouse abundance and constrained the daily sur-
vival rate of P. leucopus with temperature and precipita-
tion on a daily basis. Our survival rates are slightly
higher than those previously estimated; our monthly sur-
vival rates of 0.8 (converted from the daily rate) are
higher than Collins and Kays (2014), which estimated a
monthly rate of 0.5, and our 6-month rate (0.27) was
higher than Previtali et al. (2010), which estimated a
6-month survival rate of P. maniculatus at 0.13. We attri-
bute our higher survival estimate to the length of our
study, 11 years, which allowed for recapturing mice over
multiple seasons. Of course, real differences between sites
in survival rates could have occurred based on, for exam-
ple, different predator guilds, resource abundances, and
abiotic regimes. Furthermore, we drove the temporal
change in survival with temperature and precipitation,

F I GURE 9 Population growth simulated during the questing

season each year for the Weather and Mice (4) model at the three

Cary field sites. The horizontal dashed line represents the threshold

value of 1 (above the population is growing, below declining). Box

plots were drawn with 2000 simulations. The lower and upper

bounds of the box represent the 25% and 75% percentiles,

respectively. The central line within the box represents the median.

The whiskers extend to show the 95% CI, and the points outside the

whiskers represent simulations outside the 95% CI.
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and, to our knowledge, this is the first study to use such a
fine temporal scale of abiotic variables to drive a mouse
demographic model. Past studies have aggregated
weather to monthly or seasonal intervals (Dhawan
et al., 2018; Lewellen & Vessey, 1998; Previtali
et al., 2010). Our results of daily precipitation and tem-
perature reducing daily survival provide support for
Lewellen and Vessey’s (1998) result that summer drought
reduces the weekly rate of population growth, and
Dhawan et al.’s (2018) result that temperature negatively
affects monthly population growth. We argue that our
finer temporal scale accurately reflects demographic
change as the effects of weather can be instantaneous as
well as delayed and that there is little prior basis for
selecting a timescale at which to aggregate.

Population growth rate

We found that over the 11 years of this study, the growth
rate of the tick populations at the Cary Institute was variable
but trended toward increasing abundance. Furthermore, we
showed that population growth is most sensitive to the sur-
vival of nymphs and adults and less sensitive to the survival
of larvae (Figure 9; Appendix S1: Figure S6). A key advance
in our approach is that we modeled survival and transition
across life stages within the daily transition matrix fit with
field data. Additionally, our model incorporated the effect of
host abundance, which we believe contributed to model
transferability across sites, because they are an additional
measure of seasonality and are directly responsible for mov-
ing ticks from one life stage to the next.

CONCLUSION

Our primary objective was to build a flexible and general-
izable model that was fit and validated in a specific region
with some of the most comprehensive tick population data
available. We show that a generalized matrix model struc-
ture that reflects the complex life history of ticks was able
to predict observations of larvae (Appendix S1: Figure S9)
and nymphs (Figure 7). The modeling approach incorpo-
rates abiotic and biotic drivers independently at multiple
life stages and allowed for a population growth estimate.
The addition of an overwintering latent state was
supported by the dramatic reduction in model process
error. Furthermore, the variance partitioning analysis
showed that our ability to predict nymph abundance dur-
ing the questing season is most limited by low-latency
nymph monitoring data, which are needed to constrain
model initial conditions. We expect that the modeling
approach and results herein will be transferable to other

locations and times, because both the model and data are
not overly complex (Yates et al., 2018) and comparable
data on ticks, hosts, and climate are broadly available
(Springer et al., 2016). We recommend future work focus
on improving data to support modeling the adult stage by
exploring different drivers for survival, incorporating
reproductive hosts in the fecundity parameter, or adding a
latent state between questing nymphs and questing adults.
As Lyme disease has more than doubled in the past decade
(CDC, 2021), a more predictive understanding is needed to
quantify Lyme disease risk (Kilpatrick et al., 2017), and
our quantitative predictions for nymph abundance move
the field forward in this regard (Ostfeld et al., 2006).
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