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Borrelia burgdorferi (Bb) and Babesia microti (Bm) are vector-borne zoonotic patho-
gens commonly found co-circulating in Ixodes scapularis andPeromyscus leucopus
populations. The restricteddistribution and lowerprevalence ofBmhas beenhis-
torically attributed to lower host-to-tick transmission efficiency and limited host
ranges. We hypothesized that prevalence patterns are driven by coinfection
dynamics and vertical transmission. We use a multi-year, multiple location,
longitudinal dataset with mathematical modelling to elucidate coinfection
dynamics between Bb and Bm in natural populations of P. leucopus, the most
competent reservoir host for both pathogens in the eastern USA. Our analyses
indicate that, in the absence of vertical transmission, Bb is viable at lower tick
numbers than Bm. However, with vertical transmission, Bm is viable at lower
tick numbers than Bb. Vertical transmission has a particularly strong effect on
Bm prevalence early in the active season while coinfection has an increasing
role during the nymphal peak. Our analyses indicate that coinfection processes,
such as facilitation of Bm infection by Bb, have relatively little influence on the
persistence of either parasite. We suggest future work examines the sensitivity
of Bm vertical transmission and other key processes to local environmental
conditions to inform surveillance and control of tick-borne pathogens.
1. Introduction
Understanding the ecological factors driving the distribution and abundance of
zoonotic pathogens is vital for assessing and predicting the risk of spillover into
human populations. The ability for zoonotic pathogens to invade and persist in
new populations is determined by their capacity to successfully infect and be
transmitted to one or more hosts such that the basic reproductive number R0> 1
[1,2]. For vector-borne diseases, most studies investigate the vector or host and
environmental drivers of individual pathogens. However, coinfections tend to
be the rule rather than the exception for vector-borne, and in particular tick-
borne, pathogens [3–9]. Notable coinfection interactions have been documented
between: bacterial genotypes (Lyme disease), bacteria and viruses (HIV), macro-
and micro-parasites (helminths and bacteria), and pathogenic and endosymbiotic
parasites [5,10–21]. These interactions may act as driving forces to facilitate patho-
gen co-existence and emergence [22]. However, disentangling to what extent
parasite dynamics are driven by their individual traits, their interactions with
hosts (pathogen–host), with other pathogens (pathogen–pathogen), and with
tick vectors (pathogen–vector–host) remains a significant challenge. In turn, the
intensity of these interactions may be sensitive to local environmental conditions,
which may determine a pathogen’s niche and geographical range [23].

Tick-borne pathogens offer an ideal system to study pathogen–host–vector
interactions. Ticks transmit awide array of viral, bacterial, and protozoan parasites
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that frequently co-circulate in a shared community of vectors
and hosts [5,22,24–27]. In North America Ixodes scapularis, the
blacklegged tick, transmits at least seven pathogens of public
health concern [28–30]. Coinfections between the causative
agents of Lyme disease and human babesiosis, Borrelia burgdor-
feri (Bb) and Babesia microti (Bm) respectively, have been studied
most extensively [28–34]. The geographical distribution of
Lyme disease includes the Northeast and Upper Midwest
USA and continues to spread [35–37] following the expansion
of I. scapularis over the past 30 years [38–44]. Although Bm is
transmitted by the same vector and infects a similar host com-
munity as Bb [32,45], Bm prevalence is generally lower than
Bb in reservoir hosts and vectors and human babesiosis is
onlyobserved in regionswith the highest incidence ofLymedis-
ease [22,36,46,47]. However, Bm is expanding its geographical
range into populations of Bb-infected I. scapularis and, in some
endemic areas, infection prevalence in ticks and hosts has
been found to be equal to, or greater than, Bb [45,48–50].

A fuller understanding of tick-borne pathogen population
dynamics requires integrationofmultiple components of fitness,
namely: (1) pathogen–host (tick-independent) interactions
influencing pathogen persistence and vertical transmission in
the host; (2) pathogen–tick–host interactions influencing hori-
zontal transmission efficiency (host to tick and tick to host);
(3) pathogen–pathogen interactions,with pathogens influencing
each other’s persistence and transmission efficiency; and
(4) pathogen–tick interactions, including vector competence as
well as vertical transmission in ticks [51], not addressed here,
because there is little evidence for efficient transovarial
transmission in ticks with either Bb or Bm [30,52–55].

Horizontal transmission of I. scapularis-borne pathogens
depends on the host-to-tick transmission efficiency between
ticks and hosts as well as the pathogen’s ability to persist in
a host long enough to be transmitted from nymphal ticks of
cohort 1 (that infect hosts) to larval ticks of cohort 2 (that
acquire infection from hosts) [14,41,56,57]. With a focus on
horizontal transmission, the lower prevalence and slower
geographical spread of Bm has historically been attributed
to the lower transmission efficiency from hosts-to-ticks as
well as the more restricted host range of Bm [46,58–60]. We
have previously identified two mechanisms enhancing Bm
fitness. Firstly, host-to-tick transmission efficiency of Bm is
enhanced by host coinfection with Bb and may increase Bm
basic reproduction number (R0) to persistence levels under
average Northeast USA ecological conditions [46]. Secondly,
Bm vertical transmission from rodent hosts to their offspring
is a vector-independent transmission pathway that may
significantly enhance Bm R0 in some situations [49,61]. The
co-occurrence of these within-host, between host and vector,
and population-level dynamic processes with different
environmental sensitivities makes testing these mechanisms
empirically challenging and requires the adoption of an
empirically informed modelling framework.

Here, we integrate a multi-year, multiple-location, longi-
tudinal dataset and laboratory studies with mathematical
modelling to elucidate multiple fitness components influen-
cing coinfection dynamics between Bb and Bm in natural
populations of Peromyscus leucopus, the most competent
reservoir host for both pathogens in the eastern USA. We
assess coinfection dynamics in field data using a multi-state
Markov model. We apply the insights gained into parameters
of a mechanistic eco-epidemiological model that incorporates
interactions between Bb and Bm that affect transmission
between ticks and hosts [46], and vertical transmission and
overwinter persistence of Bm in the mouse population
[61,62]. We fit this model to our empirical data using approxi-
mate Bayesian computation (ABC). We use the model to
explore how the aforementioned interactions shape pathogen
prevalence in mouse populations seasonally and affect the
long-term viability of Bm. Future investigations of the
environmental sensitivities of key parameters identified in
this study will further guide surveillance and inform predic-
tive models for the geographical distribution of these and
other emerging tick-borne pathogens.
2. Methods (see electronic supplemental
methods for more details)

(a) Study animals and sample preparation
Mice and ticks were sampled on a biweekly basis from
grids established at three sites in both Block Island, RI (BI)
and Connecticut (CT) from May to August for three years
(2014–2016). Tissue, blood, and attached ticks were collected
from P. leucopus which were tagged and released at the site of
capture. Questing I. scapularis nymphs were collected in each
grid. Pathogen prevalence in each animal (mice and ticks) was
assessed via standard qPCR [63,64]. Data from this study and
from the literature were used to estimate model parameters
(electronic supplementary material, tables S1 and S2).

(b) Multi-state Markov model
We used the program Mark via the RMark interface [65–67]
to fit a multi-state Markov model (MSM) [68] to the mark–
recapture mouse infection state data collected from the
field. For each location (BI and CT) we used records of
mice sampled at two or more of the seven sample points in
a given year to estimate the relative intensities of transitions
between infection states: uninfected (0), Bb infected (1), Bm
infected (2), or coinfected (12). Not all mice were observed
at all sample points; therefore, the model also allows for
mice to be alive but unobserved, or dead. The MSM model
is based on the parsimonious assumption that infection
states were observed without error. We did not collect data
on the observation error in our study, but the qPCR assays
we used are known to be highly sensitive, specific, and accu-
rate for Bb and Bm [63,64]. See the electronic supplementary
material, Text for details.

(c) Mechanistic mathematical model
We developed a mechanistic eco-epidemiological model to
examine how interactions between Bb and Bm, combined with
vertical transmission of Bm in hosts, drive the epidemiological
dynamics of both pathogens (see electronic supplementary
material, text). The underlying framework is similar to existing
models for Borrelia eco-epidemiology [e.g. 69–73]. However, in
contrast to most existing models, we use a semi-discrete-time
formulation to capture the complex seasonality and epidemio-
logical dynamics of the system. In the active season of each
year (spring to autumn), the system is modelled in continuous
time using ordinary differential equations. In the dormant
season (winter), all demographic and epidemiological processes
exceptmortalityand recovery cease and themodel progresses to
the beginning of the next active season in a single time-step.
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The ecological component of the model describes the popu-
lation dynamics of mice and ticks. Mice grow logistically
throughout the active season. A specified proportion of the
population present at the end of the active season survive the
dormant season and form the initial population for the next
cycle. The tick population is divided into larvae and nymphs.
A fixed number of eggs are present at the beginning of each
active season. Modelling a constant number of eggs at the
beginning of each year simplifies and stabilizes the ecological
dynamics and provides a single control parameter (Omega)
that summarizes the suitability of the environment for the
tick population. Starting on a specified day of the active
season, larvae emerge from these eggs at a constant rate and
quest for a host. Hosts may be mice or another unspecified
host type that is not competent for Bb or Bm transmission.
After encountering hosts, larvae become inactive for the
remainder of the season and a proportion molt to nymphs
and survive the dormant season to emerge as nymphs the fol-
lowing year. Larvae that do not successfully find a host by the
end of the active season overwinter and a proportion survive to
re-emerge the following year and continue questing. Starting
on a specified day of the active season, nymphs emerge from
overwinter diapause at a constant rate and quest for a host.
After nymphs encounter a host, or at the end of the active
season, they are removed from the model. We do not include
adult ticks in the model because they are not involved in the
enzootic transmission cycle of Bb or Bm (adults feed on
white-tailed deer which are not competent for either pathogen).

The epidemiological component of the model describes
the transmission dynamics of Bb and Bm in the mouse and
tick populations (electronic supplementary material, table
S3). An encounter between a tick and a mouse may result
in transmission if either party is infected. The probability of
transmission is modified by interactions between Bb and
Bm based on empirical observations: A mouse with an exist-
ing Bm infection has increased susceptibility to Bb; a
coinfected mouse has an increased probability of transmitting
Bm to larvae but a reduced probability of transmitting Bb to
larvae. Evidence for these interactions come from previous
research [46,69,73]. Bm may also be transmitted vertically
from an infected mouse to her offspring [49,61]. No evidence
for vertical transmission of Bb in P. leucopus mice has been
documented [74,75, DMT unpublished data].

In the model, mice recover from Bb infection at a constant
rate throughout the active and dormant seasons and become
susceptible again, coinfection does not affect the recovery rate,
and mice do not recover from Bm. Although some evidence
exists that recovery occurs at a low rate, life-long chronic infec-
tion is a reasonable approximation as Bm infection can persist
on average for 9 months [61] and the life expectancy of wild
P. leucopus is less than six months [76]. We are not aware of
any evidence regarding the effect of coinfection on Bm recovery.
Therefore, in the interests of parsimony, in the model we
assume that coinfection does not affect the recovery rate.
Ticks do not recover from infection with either pathogen.
(d) Parameter estimation
We used ABC to estimate model parameters by fitting model
trajectories for the mouse population, tick burden, Bb and Bm
prevalence in mice and ticks to three years of field data at
each location. We held the parameter values constant across
all three years and let the model reach approximate steady-
state before comparing trajectories. Where published or our
own empirical information about parameter values was
available, we incorporated this into the prior distributions
(electronic supplementary material, tables S1 and S2).

(e) Viability threshold
We examined how key parameters of the model affect the via-
bility of Bb and Bm. We define the viability threshold of each
pathogen to be the minimum tick egg density required at the
beginning of each season for long-term persistence. The
initial tick egg density is a strong determinant of larval and
nymph population densities, and we interpret it as an indi-
cator of the quality of the local environment. We take a
pathogen to be persistent if the model initialized at demo-
graphic steady-state with very low prevalence of both
pathogens converges to an asymptotic state where that
pathogen is present. All code is available at https://github.
com/cowparsley/borrelia-babesia-eco-epi and datafiles are
available at https://doi.org/10.5061/dryad.573n5tbd3.
3. Results
(a) Field data
A total of 879 P. leucopus mice (479 unique) from the BI sites
and a total of 932 mice (535 unique) from the CT sites were
included in our analyses. Observed mouse density was
higher on BI compared to CT and tick burdens (larvae and
nymphs) were higher from mice on BI (figure 1; electronic
supplementary material, figure S1). Infection prevalence of
Bb and Bm varied substantially in mice and nymphs at each
site and between years (figure 1; electronic supplementary
material, table S4). In mice, Bm was significantly more preva-
lent at both locations (BI and CT) compared to Bb in each year
(all Fisher exact p < 0.001). A total of 1709 nymphs from BI
and 1699 nymphs from CT were analysed for Bb and Bm
(electronic supplementary material, table S4). In nymphs,
Bm prevalence was significantly higher compared to Bb at
the CT sites each year ( p < 0.00001). However, on BI there
was no significant difference between infection prevalences
in 2014 ( p = 0.869), Bb was significantly higher than Bm in
2015 ( p < 0.00001), but Bm was significantly higher than Bb
in 2016 ( p < 0.00001) (figure 1). Coinfections between Bb
and Bm were observed in mice and nymphs but were signifi-
cantly more prevalent in mouse populations for all locations
and years ( p < 0.0001) except CT 2016 ( p = 0.8834) (electronic
supplementary material, table S4) (figure 2).

(b) Multi-state Markov model
At the time of observation, 61% of mice were infected with
Bm only, 28% were coinfected with Bb and Bm, 9% were unin-
fected, and 1% were infected with Bb only. Our primary focus
was on transitions between infections states, which requires
the same mouse to be observed on two or more occasions.
For both the BI and CT datasets, there were 395 observations
involving the same mouse at different sample points. Very
few of these transitions involved mice in the uninfected or
Bb only infected states. The MSM model analysis indicated
that, between any two field sessions (approx. 2 weeks) most
Bm-infected mice either remain in that state (probability
0.81 BI, 0.63 CT) or become coinfected (probability 0.18 BI,
0.31 CT). Most coinfected mice either remain in that state

https://github.com/cowparsley/borrelia-babesia-eco-epi
https://github.com/cowparsley/borrelia-babesia-eco-epi
https://doi.org/10.5061/dryad.573n5tbd3
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Figure 1. Trajectories produced by the model with parameters estimated by ABC rejection with (a–f ) Block Island and (g–l) Connecticut field data. The (a,g) larval
and (b,h) nymphal burden on mice, mouse infection prevalence with (c,i) Borrelia burgdorferi (Bb) or (d,j) Babesia microti (Bm), and the nymphal infection preva-
lence with (e,k) Bb or ( f,l) Bm were calculated. Blue lines denote the model with posterior median values for each parameter. Dark grey and pale grey areas are the
minimal envelope containing 1000 model trajectories with parameter values sampled from the 10% and 30% credible intervals of the posteriors, respectively. Red
circles represent field data, each year is depicted with a new segment in the figure.

royalsocietypublishing.org/journal/rspb
Proc.R.Soc.B

290:20230642

4

 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 

25
 A

ug
us

t 2
02

3 



uninfected

(a)

uninfected

coinfected

0.81 (0.77–0.86)

0.25
(0.19–0.34)

0.18
(0.14–0.23)

0.74 (0.66–0.81)

0.34 (0.23–0.48)

0.43 (0
.05–0.92)

0.32 (0.12–0.63)

0.01 (0–0.08)
0.18 (0.10–0.30)

B. microti

0.63 (0.57–0.70)0.46 (0.33–0.59)

0.46
(0.36–0.56)

0.31
(0.26–0.38)

0.05 (0.03–0.09)

0.52 (0.41–0.62)

B. microti

coinfectedB. burgdorferi

B. burgdorferi

(b)

Figure 2. Multi-state Markov model with maximum-likelihood estimates and confidence intervals for state transition probabilities between field sessions (2 weeks)
for Peromyscus leucopus infected mice collected from (a) Block Island and (b) Connecticut from 2014–2016. Bold arrows signify a higher probability and directional
shifts. Numbers by the states are estimates that an individual will remain in those states. Low numbers of Borrelia burgdorferi only infected mice made it difficult to
produce sensible estimates of the transition probabilities for some transitions (0.00 estimates, see electronic supplementary material, table S7 for more details).
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(probability 0.74 BI, 0.52 CT) or become infected with Bm
only (probability 0.25 BI, 0.46 CT). This result indicates that
recovery from Bb is relatively common, but recovery from
Bm is rare, which partly motivated the representation of Bm
infections as chronic in the mechanistic model. The small
number, or absence, of observations of transitions involving
the Bb infected state limits meaningful interpretation of
the effects of facilitative or competitive interactions between
Bb and Bm.
(c) Mechanistic mathematical model
(i) Parameter estimation
The mechanistic model reproduces key features of the field
data with reasonable parameter values. It captures the seaso-
nal pattern of the larval and nymphal burdens on mice,
including the timing and magnitude of peak burdens
(figure 1). The model produces Bb and Bm infection preva-
lences broadly in line with previous observations, given the
inter-annual variation and noise in the mouse and nymphal
infection prevalence (NIP) empirical data. The parameter esti-
mates (electronic supplementary material, table S5; electronic
supplementary material, figures S2–S4) highlight several
environmental differences between the two field locations.
Mouse reproductive carrying capacity and tick egg density
at the beginning of each season both showed higher esti-
mated values for BI than CT for all credible intervals
(electronic supplementary material, table S5). The density of
non-competent hosts has a less important epidemiological
role in reducing tick infection in CT than BI. Finally, estimates
for the epidemiological parameters are similar for both field
sites.
(ii) Viability threshold
We calculated the minimum tick egg density, as a proxy for
tick population density, required at the start of each season
for each pathogen to persist. When the model is parameter-
ized with the median values generated in the estimation
process, the tick population density required for viability of
Bb is 2.2 times larger than Bm at the CT sites, and 4 times
larger at the BI sites (figure 3). This result suggests that the
interplay of competent and non-competent host populations,
and possibly factors such as overwintering survival, make
the environment at the CT sites more suitable for the
transmission of tick-borne infections in general, and Bm in
particular. All the Bb-Bm interactions included in the model
have a negligible impact on the viability of either pathogen
at either location. However, if vertical transmission is
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Figure 3. Impact of vertical transmission and pathogen interactions on the
minimum density of tick eggs required at the beginning of each season for ende-
mic persistence. Longer bars signify a larger tick population is required to
support that parasite. Each pair of bars corresponds to implementation of a
different set of interactions in the model: σ, Bm enhancement of Bb suscepti-
bility only; ξ, Bm interference with Bb transmissibility only; α, Bb enhancement
of Bm transmissibility only. No interaction: all direct interactions neutral (α, ξ,
σ = 1). No interaction or vertical transmission: all direct interactions neutral and
no vertical transmission. Median: all interactions and vertical transmission
implemented with median parameter estimates for each field study location
given in electronic supplementary material, table S5. These are also the par-
ameter values used for all other scenarios, except as stated.
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removed from the model, persistence of Bm requires a 3 to 4-
fold increase in the tick population density and Bm becomes
less viable than Bb.

(iii) Seasonal prevalence trajectories derived from the
mechanistic model

Weused themechanisticmodel, parameterizedwith themedian
values generated in the estimation process, to produce approxi-
mately steady-state trajectories for Bb and Bm prevalence inmice
over each year (figure 4). These trajectories offer further insight
into the contrasting epidemiological drivers of the two patho-
gens. In the model, Bb prevalence is very low at the beginning
of the active season but grows rapidly once nymphs emerge.
Then a gradual decline in Bb prevalence is observed, driven pri-
marily by recovery and mortality. Most Bb infections in mice
occur as coinfections with Bm, reflecting the high prevalence of
Bm throughout the active season. Bm prevalence shows a more
complex annual pattern. At the beginning of the active season
there is high prevalence of single Bm infections due to persistent
infection in the overwintered population and ongoing vertical
transmission. The prevalence of single infections arising from
tick-borne transmission in the previous season decreases quickly
due tomortality, but the prevalence of single infections fromver-
tical transmission increases due to a burst of rapid mouse
population growth, slowing as the population approaches carry-
ing capacity. At the same time, the emergence of nymphs and
intense Bb transmission rapidly converts single Bm infections
to coinfections. Mortality and recovery drive a gradual decline
in the prevalence of coinfections and increase in the prevalence
of single Bm infections while ongoing mouse reproduction
drives a gradual increase in the prevalence of single Bm
infections due to vertical transmission (figure 4; electronic
supplementary material, figure S5).

(iv) Sensitivity analysis
The sensitivities of infection prevalence variables (electronic
supplementary material, figures S6 and S7) and of demo-
graphic variables (electronic supplementary material, figure
S8) were calculated and key parameters related to mouse
and nymph infection were determined.
4. Discussion
Despite extensive recognition of the importance of coinfection
in driving parasite dynamics [5,22,77–79], quantifying the
roles of individual parasite traits versus ecological inter-
actions in shaping parasite population dynamics in natural
systems remains a challenge [80,81]. Here we integrated
data from field and laboratory studies into mathematical
models to disentangle the multiple fitness components influ-
encing the population dynamics of emerging tick-borne
pathogens. We found that the importance of different
transmission pathways varied seasonally and the models
indicated that epidemiological dynamics are dominated by
the individual trait of vertical transmission of Bm and are
less sensitive to pathogen-pathogen interactions than pre-
viously suspected on the basis of R0 models that do not
account for Bm vertical transmission [46].

Analysis of our field data using a multi-state Markov
model indicated that recovery from Bb is relatively
common, but recovery from Bm is rare. The prevalence of
Bm infection was higher compared to all other states of infec-
tion and uninfected mice, while Bb-only infected mice were
rare. Most mice observed early in the trapping season
(April and May) were already infected with Bm, which
limited our ability to investigate relative transmission effi-
ciencies or pathogen facilitation. This early season infection
may have resulted from vertical transmission, or from mice
coming into contact with infected nymphs before sampling
began. Our models were unable to account for temporal vari-
ation in the number of nymphs each host was exposed to.
However, given the abundance of nymphs in the environ-
ment and their ability to attach to hosts frequently, the
removal of ticks at one time point seems to have a limited
effect on transmission probabilities at subsequent time
points. Additionally, while co-feeding transmission may be
important for some systems, peak activity of immature life
stages at our sampling locations are highly asynchronous,
limiting the importance of co-feeding on transitions between
infection states at our study locations [56,57,82].

The epidemiological model with the median posterior
parameter values produced steady-state trajectories that cap-
tured the main qualitative aspects of the field data and were
in reasonable quantitative agreement, except for Bm preva-
lence in nymphs. Nevertheless, our field observations
contain associations that are difficult to rationalize, in particu-
lar the intra-annual variation in NIP and the persistent
saturation of Bm in mice in 2016. These divergencies may
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Figure 4. Seasonal variation of (a,c) Borrelia burgdorferi (Bb) and (b,d) Babesia microti (Bm) prevalence in mice from the mechanistic model with the median
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be due to substantial noise in the data, along with other
factors. Our field observations found that Bm prevalence is
high in mice, but low in nymphs. These patterns are consist-
ent with weak transmission efficiency from mice to larvae
[46,59] along with vertical transmission in mice [49,61].
Nevertheless, in 2016 (figure 1d,j), Bm prevalence in mice
was close to 100% in both regions for most of the active
season. The model trajectories suggest that, in the latter
part of the active season, Bm prevalence in mice should
gradually decline in mice because vertical transmission is
imperfect and the questing nymph population is small.
Therefore, it is not clear how such high prevalence is
maintained in natural populations.

Our field observations also showed substantial intra-
annual NIP variability, even though we expect within-
season NIP to remain constant because almost all infections
occur as the result of larval transmission in the previous
year. It is possible that this variability is a consequence of
the sample size; although we collected approximately 500
nymphs from each location each year, this represents a
small fraction of the total population. Additionally, overwin-
tered spring larvae would host-seek, feed, and molt at the
end of the nymphal season. Because these late host-seeing
nymphs fed on a different cohort of hosts than those the pre-
vious year, infection prevalence may vary and partially
explain the observed intra-annual differences in NIP [83].
Studies of physiological age [84] could help determine the
extent to which a nymphal cohort is composed of larvae
fed the same year (spring) or the previous (summer).
Other longitudinal field studies have shown significant
inter-annual variation inpathogenprevalence possibly resulting
fromenvironmental factors, such as temperature affecting quest-
ing tick activity, density and emergence, vector and host density,
tick burdens, and habitat or vegetation type [85,86]. In mice,
intra-annual variability in Bb prevalence is expected because
mice may clear infection and become subsequently reinfected
over the season. Variability of Bm can be derived from different
transmission pathways, vertical transmission early in the season
and vector-mediated infection later in the season [61].

The role of vertical transmission on Bm persistence is
illustrated by the endemic threshold analysis. At very low
levels of Bm vertical transmission, the viability analysis indi-
cates that R0 is higher for Bb than for Bm. This is consistent
with previous findings that the distribution of Bm is restric-
ted to highly endemic areas for Bb [22,36,46,47]. However,
even moderate levels of vertical transmission reverse the
order, resulting in higher R0 values for Bm compared to Bb.
This reversal is consistent with the high prevalence of Bm
reported in some Bb endemic areas, including the field data
presented in this study [45,48–50]. However, it is in clear
contrast to reports from other regions where Bb is present
and Bm is absent [87]. Further research on the environmental
sensitivity of vertical transmission, particularly in the over-
wintering mouse population, is needed to understand and
predict its effect on the geographical distribution of Bm.

Our study contributes to a more robust understanding of
the mechanisms driving the infection and coinfection
dynamics of Bb and Bm. Further studies should focus on
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elucidating environmental sensitivities and ecological factors
driving the distribution and abundance of Bb and Bm to
understand geographical spread and identify thresholds for
control of tick-borne pathogens [88].
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