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Bovine anaplasmosis, caused by the rickettsia Anaplasma marginale, is an
economically important and globally distributed tick- and blood-borne disease
of cattle. Although cases are known to be widespread in Missouri, current
spatiotemporal trends, presence of high-risk areas, and any potential drivers for
disease trends in Missouri are poorly documented. To address these knowledge
gaps, this study analyzed spatiotemporal patterns of annual, county-level
anaplasmosis case counts using a Bayesian hierarchical framework. Seropositive
cases of anaplasmosis detected at the University of Missouri Veterinary Medical
Diagnostic Laboratory (n = 1,944) between the years 2010-2021 were used to
construct data-driven Bayesian hierarchical models. All the models consisted
of imputation sub-models to alleviate issues related to missing observations
from spatiotemporal units (114 counties and 1 independent city, 12 years).
Three progressively complex models with different assumptions for capturing the
spatial, temporal, and spatiotemporal interactions that explained the variability
in case counts were prepared. Model-1 included linear predictors decomposed
into structured and unstructured terms for the temporal and spatial processes.
Model-2 included separate temporal terms for smoothing each spatial entity
and spatial smoothing terms for each temporal entity. This model was extended
in Model-3, which included space-time interaction effect using first-order
conditional autoregressive (CAR) priors. Based on the Deviance Information
Criterion (DIC), Model 3 was superior at explaining space/time variability in the
detected seropositive cases of bovine anaplasmosis. These findings indicate
that distribution and risk of bovine anaplasmosis seroprevalence in Missouri
are non-uniform, and potentially driven by environmental and/or management
factors, operating at local and regional scales, that when identified could inform
mitigation strategies.

KEYWORDS
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1 Introduction

Bovine anaplasmosis, caused by the rickettsia Anaplasma
marginale, is an economically important tick- and blood-borne
disease of cattle found worldwide. Its clinical effects of severe
anemia, weight loss, spontaneous abortions, and death negatively
impact cattle welfare and create a significant economic burden
for cattle producers (1). A vaccine that is consistently safe and
effective has proved elusive (2). Treatment and control usually
depends on administration of oral and/or injectable tetracyclines;
however, this approach is not always effective (3) and may be
associated with the development of antimicrobial resistance (4).
Cattle that survive acute infection are lifelong subclinical carriers
of A. marginale and represent a key reservoir of infection for
other cattle through tick transmission, inadvertent mechanical
transmission via blood-contaminated needles (5) and veterinary
instruments, and mechanical transmission via certain biting
flies (6, 7).

Evidence suggests that bovine anaplasmosis is becoming
more prevalent and more geographically widespread (8-13).
Spatiotemporal modeling demonstrated increases of anaplasmosis
in Kansas since 2005 (14), where over 50% of beef herds are infected
(15). Human tick-borne illnesses follow a similar trend, having
increased significantly over the last decade (16), particularly in
the midwestern U.S. Concurrently, expansion of the geographic
distributions and active seasons of medically important ticks
in North America has been well documented (17-20), while
human encroachment on tick habitats increases the likelihood of
encounters (21).

In the U.S., bovine anaplasmosis is vectored by Dermacentor
spp. including the American dog tick (D. variabilis), the Rocky
Mountain wood tick (D. andersoni), the winter tick (D. albipictus),
and the western dog tick, D. occidentalis (22). Both D. variabilis
and D. albipictus are established in Missouri, although D. albipictus
preferentially feeds on cervids (23). Distribution of tick-borne
diseases, such as bovine anaplasmosis are often concordant with
the spatial distribution of their transmitting vectors (17, 24, 25),
and are therefore indirectly affected by the natural fluctuations
in climate and habitat availability for ticks and their hosts. In
the case of bovine anaplasmosis, additional factors that may
affect spatiotemporal distribution include management practices
(5, 26) and cattle movements leading to comingling of naive and
carrier animals.

Spatiotemporal disease mapping models are a useful tool
to describe such disease patterns, more specifically to identify
the presence of any clusters of incidences over space, time,
or both (27). The presence of such clusters often points to
underlying management, environmental, or other factors that
could be potentially driving the disease incidence, which can then
be targeted for interventions, and resource allocation (28, 29).
Making inferences based on crude values of disease incidence
over geographic space and time is problematic as the underlying
spatiotemporal structure of the data is unaccounted for (27, 30).
Bayesian spatiotemporal models provide a robust and flexible
platform for space-time analysis of disease incidences and have
been utilized to explore the potential effects abiotic covariates such
as climate and land cover features in the disease ecology. Such
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models have been applied to the study of bovine anaplasmosis and
other tick-borne diseases (14, 24, 25).

The objective of this study was to evaluate the spatial,
temporal, spatiotemporal risk patterns of bovine anaplasmosis in
the Midwestern state of Missouri using a Bayesian approach with
counts of bovine serum samples that tested positive via competitive
ELISA (cELISA) at the University of Missouri Veterinary Medical
Diagnostic Laboratory (MU VMDL) between the years 2010-2021.

2 Materials and methods

2.1 Disease data

The VMDLIs laboratory information management system,
VetView (University of Georgia, Athens USA), was searched using
the “Query Builder” tool for all accessions received January 1,
2010 through December 31, 2021 which included the test code
for A. marginale competitive ELISA (cELISA). The resulting list
of accessions was exported directly from VetView into Microsoft
Excel as a .csv file, which included accession number, animal
identification, and date of receipt. All case records were reviewed
by a single observer (R. Ierardi) and the following items were
manually entered into Microsoft Excel: owner’s state, county, and
city; veterinarian’s state, county, and city; animal’s age; animal’s sex;
and, the result of the A. marginale cELISA test (1 = positive, 0 =
negative). The VMDLs cutoff for a positive result throughout the
study period was >30% inhibition, according to the manufacturer’s
instructions (Anaplasma Antibody Test Kit, cELISA v2; VMRD,
Pullman, WA). The data was curated by excluding cases that met
specific criteria (e.g., non-tested samples, samples of inappropriate
type, etc.), submitted by owners out-of-state, and submitted by
veterinarians out-of-state (Table 1).

For each of the 12 years, VetView was queried for samples
received January 1 through December 31. A species filter was not
applied at the time of the original queries for 2010-2019, and
non-bovine samples were removed after data entry was completed.
A “Bovine” species filter was applied at the time of the original
queries for 2020-2021. For each year, VetView would export a list
of accessions as a .csv file, each having a column with the date
of receipt and another column with a list of comma-separated
sample IDs for each accession. Note that VetView’s list of samples
for a given accession may include multiple sample types destined
for different tests. The sample ID column was split by comma
delimiter to rows, thus yielding the total number of individual
samples received for each year.

2.2 Data curation

The queried data Version 1 for 2010-2021 contained 6,069
records, which were subsequently reduced to a subset (Version
2) following the removal of sample IDs that were not tested for
anaplasmosis, sample IDs that were not from cattle (usually from
other ruminants), and other criteria (Table 1). This resulted in the
removal of 297 records. Version 2 (5,772 records) was further
filtered to retain only records in which the owner’s state was
listed as Missouri, or the owner’s state was not specified, and
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TABLE 1 Year-specific and total records of bovine sera, regardless of cELISA result, exported from the VetView laboratory information management
system (LIMS) at the University of Missouri Veterinary Medical Diagnostic Laboratory, 2010-2021.

Year Version Non- Non- Unsuitable Research Duplicate Version 2 Version 3 Version 4 (Final,
1 tested bovine (after (after after removing
(Raw) criteria removing out-of-state
exclusions) out-of- veterinarians)
state
owners)
2010 488 30 10 0 0 0 448 429 429
2011 519 10 3 1 0 0 505 355 310
2012 419 8 9 0 0 0 402 382 381
2013 290 4 5 0 0 0 281 261 256
2014 398 12 7 1 0 0 378 287 287
2015 459 6 16 2 0 0 435 381 381
2016 653 24 15 0 0 4 610 533 530
2017 588 7 2 0 0 2 577 496 496
2018 520 14 1 0 0 0 505 330 330
2019 567 14 4 4 0 0 545 319 319
2020 631 65 0 0 7 2 557 290 289
2021 537 8 0 0 0 0 529 309 308
Total 6,069 202 72 8 7 8 5,772 4372 4316

Version 1 = raw data exports; Version 2 = after removing records meeting specific criteria (non-tested, non-bovine, unsuitable sample, research, duplicates); Version 3 = after removing
out-of-state owners; Version 4 = after removing out-of-state veterinarians (final dataset). Exclusions between Versions 1 and 2 are detailed by category.

the veterinarian’s state was Missouri, i.e., if the owner’s state was
not specified and the veterinarian’s state was not Missouri, those
records were removed. This resulted in the removal of 1,400 out-
of-state records for a new total of 4,372 records (Version 3). Finally,
observations where the owner’s state was listed as Missouri but the
veterinarian was from another state (56 records) were removed; in
all of these cases, the owner’s residence was in a county adjacent
to the state line and often in a metropolitan area—particularly St.
Louis—and therefore it was doubtful whether the owner’s address
was a reasonable proxy for the location of the cattle herd. This
resulted in a final total of 4,316 records (Version 4) for analysis.

2.3 Geographic data

A 2010 TIGER/Line®
downloaded from U.S. Census Bureau (https://www.census.gov/

shapefile for Missouri counties was

geographies/mapping-files/time- series/geo/tiger-line-file.html).

The shapefile included two polygons labeled “St. Louis”; St. Louis
County and the independent city of St. Louis, which needed to
be distinguished as separate polygons for our analysis. Therefore
in RStudio, unique numeric identifiers were assigned to a list of
Missouri’s alphabetically sorted counties. These numeric county
IDs were then appended to the shapefile’s attribute table, carefully
verifying the county names, and subsequently used as the join field
to link with the anaplasmosis dataset using the “Add Join” tool.

2.4 Statistical modeling

A binomial hierarchical mixture model was considered for
two reasons. Firstly, the disaggregation of the observed data into
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a space-time framework leads to many missing data points for
both the observed outcomes and the expected seropositivity to
bovine anaplasmosis in the population. Secondly, this approach
seeks to accommodate imperfect detection of anaplasmosis in
the population. Hence, the anaplasmosis counts in the present
study are modeled as Binomial random variables. This class of
models has proved useful in species population distribution models
for estimating uncertainties in local abundance and detection
probability (31-33). A joint Bayesian analysis and imputation
model was developed with a joint density described as

f (yb n;'ky 71?) mi|B , Ty(e)> rﬂ(-)’a) =f (yi’ n;‘k’ Vl? 1B r}’('))
xf (s nfs milTace), @)
where the Binomial (positive) outcomes y; from the samples

ni = {n?‘,n?} have known 7 and missing n? sample sizes. The
Bayesian analysis model is therefore expressed as:

f (s ni,nd | Bo Ty(e)) ~ Bin (i, n;)

n = {n?‘,n?}
gi= S ) = 2@
T T T ep ()

ni =Bo+p, v + (1 _py[j]) 8ifj] + Pulk] Hi]
+ (1 _Pu[k]) Vilk]

where the i = 1,..., N observations are disaggregated by j =
1,...,] time steps (years) and k = 1,...,K spatial locations, in
this case, individual counties in Missouri. We project the infection
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probability 7;on the linear predictor using the logistic sigmoid
function S (1;) to ensure an output range between 0 and 1. The
coeflicient, if exponentiated exp (B), represents the overall odds of
anaplasmosis infection. The mixture probabilities (p,, ;] and p,[x])
are to prevent temporal (structured y;[; and unstructured §;[;]) and
spatial (structured u;;) and unstructured v;;4]) over-smoothing

over large discontinuities, respectively.
0

The sample size n; = {n;‘, ni} is a combination of observed
samples nf and missing samples n{. Since no information is
available about the missingness of the observations, they were
assumed to be missing at random (MAR), and a Bayesian
imputation model was imposed for their prediction. The next stage
of the model was the imputation model, which is to impute the
missing samples as Poisson random variables with the total cattle

counts m; as offset, structured as
f(n;-k,n?,mi|fn(.),oz) ~ Pois (Ajm;)
logh; ~ N (oeo + Zi[k]> TA)

Here, we use the average spatial process z;[y] of all the temporal
steps centered by the intercept term ag to borrow strength between
neighboring observations.

In the Bayesian context, the next stage in modeling is the
functional forms of the process layers, y;[;], 8i[j]> Vi[«]> ti[x]> Ui[]-
Based on different functional forms for the space, time, and space-
time variables, three models were built. Model-1 includes a linear
predictor that is decomposed into global spatial and temporal
variations; that is

ni = Po + py[vi[j] + (1 —Pym) 8ifj] + Pulk) ifk]
+ (1 _Pu[k])vi[k]

where, y;[; and §;[;] are structured and unstructured temporal
trends; and w4 and v;[;] are structured and unstructured spatial
trends. For the structured temporal trends, a first-order random
walk process was imposed such that y;;;; ~ N (yi[j,l] , ty> forj =
2,...,Jand yii) ~ N (0, Ty). Here, the Si[j] and Vi[x] Were modeled
as exchangeable random intercepts, where &;;] ~ N (0,7)s Vilk] ™
N (0, 7y), for global temporal and spatial smoothing, respectively.
For the structured spatial random effects u;[4], a Gaussian Markov
random field (GMRF) process was chosen for local smoothing.
The precision matrix for the GMRF smoothing was based upon
the spatial arrangements of the Missouri counties. The precision
matrix has entries of —1 for counties that are neighbors, 0 for those
that are not neighbors, and the number of neighboring counties
as the diagonal elements. To reduce over-smoothing over large
discontinuities, the random effects, temporal, and spatial terms
were modeled as mixture random effects with mixture probabilities
py[j] and p,[x]> respectively.

In Model-2, a separate temporal smoothing function was
introduced for each spatial entity, and a separate spatial smoothing
function was introduced for each temporal unit; thus,

ni=Po + pylikVilik] T (1 — Py D‘,k]) 8ifjk] F Puljk] iljk]
+ (1 _Pu[i,k]> Viljk]

Frontiersin Veterinary Science

10.3389/fvets.2025.1658248

Model-2 assumes no space-time interaction effects but relaxes
the assumption of universal spatial smoothing across all time points
and temporal smoothing across all spatial entities.

Model-3 is an extension of Model-2 with additional space-time
interaction effects. Here, a first-order dynamic CAR was specified,
Pilk|Ui[j—1k] + Wil;k]> Where
Ui[1k] is an average CAR spatial process and Wiljk] are time-

where j = 2,...,], and Uiljx] =
specific CAR processes. This is motivated by the class of dynamic
models proposed by Gelfand, et al. (34). The temporal smoothing
parameter pjjx] spatially varies across the k spatial components. The
mixture probabilities p, ;] and p,[;x] were modeled as random
probabilities sampled from the Beta distribution; p, ;5] ~ B (1, 1),
Pufjk] ~ B (1,1). Similarly, the common smoothing parameter was
modeled as ;i ~ B (1,1).

Finally, hyper-parameters were assigned to all the variance
components, 0{2.}. For 0{2.} = r{:}l, T}y ~ ¥ (0.5, 0.05) was
assigned. The model was simulated using the R2jags R package (35)
with two chains for 10,000 iterations each. The first 5,000 iterations
were discarded, and the remaining 5,000 iterations for each chain
were used for making Bayesian inference. Autocorrelation trace
plots of the MCMC samples were checked for convergence, and the
discrepancy function below was used as the goodness-of-fit statistic
to check the adequacy of the models by comparing the observed
and predicted anaplasmosis counts.

, PrEG )Y

TN )

This statistic is computed for the observed and predicted
anaplasmosis counts and then compared for each MCMC iteration.
The binomial expectation for the observed E (yil...) = nip;
matches that of the predicted. Similarly, the binomial variance of
the observed anaplasmosis counts, V (yil ...) = (1 = p) E (il .. .),
equals that of the predicted counts. These two values are
compared by calculating the Bayesian exceedance probabilities
Pr (xfobs > Xfpm ;) If there is no significant difference between
the observed and predicted counts, the Bayesian p-values should
be approximately 0.5. Bayesian p-values of <0.1 or >0.9 are
considered extreme (36).

A simpler explanation of the main differences between models
1, 2, and 3 and the reason for including a space-time interaction
effect is provided in Supplementary File 1.

3 Results

3.1 Descriptive statistics

The final dataset used for analysis in this study (4,316 records)
included 1,944 samples that tested positive for A. marginale by
cELISA. The VMDL received a mean of 360 samples/year, with
a mean of 162 positives/year (Figure 1). The largest number of
both total and positive samples was received in 2016 (total = 530,
positives = 220), and the smallest in 2013 (total = 256, positives
= 66). Over the 12-year study period, the VMDL received a mean
of 37.5 samples/county, with a mean of 16.9 positives/county. As
expected, no obvious trends were apparent when crude counts were
plotted at the county level (Figure 2).
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3.2 Model estimations

The dataset used for modeling contained approximately 58%
missing records in the binomial sampling sizes, necessitating the
inclusion of missing data imputation sub-models. These sub-
models were identical across Models 1-3. As illustrated in Figure 3,
the missing data imputation sub-model demonstrated strong
predictive accuracy, with a coefficient of determination close to 1
(R* & 1). This imputation approach allowed for the use of the full
dataset without excluding missing records.

Table 2 presents the DIC values used for model comparison. A
lower DIC value indicates a better model. Model-3 outperforms the
baseline Model-1 as well as Model-2. This outcome is anticipated
since Model-1 applies global temporal and spatial smoothing
functions, which is overly simplistic and impractical, particularly
when the data
similarities with Model-3, as it applies separate spatial (temporal)

is unstructured. Model-2 shares structural
smoothing to each temporal (spatial) unit. However, Model-3
surpasses Model-2 due to the inclusion of space-time interaction
effects, which are essential for capturing the spatiotemporal
dynamics of biological processes influencing anaplasmosis
epidemiology. Consequently, all subsequent adequacy checks and
interpretations were based on Model-3 alone.

Model-3 includes a single fixed effect, Sy = —0.4, with a logit-
inverse value of logit inverse(fy) = 0.40. This value represents the
average risk of anaplasmosis infection, accounting for unknown
exposure effects captured through space-time interaction effects.

Frontiersin Veterinary Science

Plots of risk for the individual random effect components,
derived from the logit inverse of posterior Bayesian estimates
in Model-3, revealed a non-uniform spatiotemporal distribution
of bovine anaplasmosis seroprevalence risk across Missouri
counties. The overall spatial trend, assessed through the spatially
structured and unstructured random effect components of Model-
3, is presented in Figures4, 5. Likewise, the overall temporal
trend, evaluated using the temporally structured and unstructured
random effects, is shown in Figure 6. Finally, the spatiotemporal
risk is depicted through the structured spatiotemporal random
effect (Figure 7) and the spatiotemporally unstructured random
effect term (Figure 8).

Spatiotemporal plots of Bayesian p-values for exceedance
probability (Figure 9) indicate that while Model-3 performs well
for most counties in Missouri, there is a consistent set of counties
where the model underperforms.

4 Discussion

Bovine anaplasmosis is endemic in Missouri, with an estimated
statewide seroprevalence of 46.5%. (37). This study analyzed
the current spatial and spatiotemporal patterns in the disease’s
distribution across the state using retrospective diagnostic data
routinely recorded in a laboratory information management system
(LIMS), often a source of information for making epidemiological
and disease management decisions (38, 39). The Bayesian models
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FIGURE 2

Raw proportions of bovine Anaplasma cELISA-positive records (normalized by all cELISA test records) submitted to the University of Missouri
Veterinary Medical Diagnostic Laboratory, 2010-2021, summarized by county.
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considered in this study were data-driven, and the better
performing model (Model-3) utilizes the CAR autocorrelation,
which is effective in borrowing information from neighboring
space-time units (27, 40-42). A strength of the models in this study
is their ability to accommodate missing counts as well as missing
sampling sizes, which alleviates the missing data problem often
encountered in passive surveillance datasets. Such model structure
is widely applied in site-occupancy models for accommodating
local population uncertainties (33), and could be useful in
situations similar to ours wherein LIMS data are assessed. The risk
calculated in this study, i.e., the inverse logit of Bayesian posterior
means for the purely spatial, purely temporal, and spatiotemporal
random effects fitted in Model-3 reveal the spatial, temporal, and
spatiotemporal trends for bovine anaplasmosis seropositivity over
the 12-year study period.

The overall structured spatial heterogeneity (Figure 4), when
classified in three categories (low, medium, and high risk),
shows clusters of high-risk counties for bovine anaplasmosis
seropositivity along the eastern half of the state, in the north,
central and southeast, while the medium and low risk counties
are found throughout, and are also found in contiguous groups of
counties. This suggests that the underlying spatial processes that
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drive such clustering are likely to be similar or potentially arise
from the same source, i.e., environmental, disease management
practices by producers and veterinarians, or other similar factors.
The overall unstructured spatial heterogeneity on the other
hand (Figure 5) does not reveal any clustering, suggesting that
there is no consistency in the effect of any local (or county-
level) factors that play a major role in the spatial dynamics of
bovine anaplasmosis seroprevalence in Missouri. The temporally
structured and unstructured heterogeneity that accounted for
the temporal effect in the retrospective dataset are presented in
Figure 6, revealing that the risk of observing bovine anaplasmosis
seroprevalence in Missouri has changed over the study period, with
some years recording higher risk than others. While the trend is
non-linear, it appears the disease burden is more or less stable over
the years in Missouri, with some noticeable interannual variability.

Choropleth plots showing posterior risk of structured
(Figure 7) indicates that the
variations in presence of seropositive cases across Missouri

spatiotemporal heterogeneity?

counties are not independent but are spatially correlated, and
shows a varying trend, with the disease risk appearing to expand
and contract over the years. Disease risk increased significantly
between 2010 and 2012, peaked around 2016, and again in
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Predictive accuracy of the missing data imputation sub-model. Strong predictive accuracy is visible, with a coefficient of determination close to 1.
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TABLE 2 Evaluation parameters of the three Bayesian models constructed
in the study.

Model Deviance information criterion

Model-1 7,606.694
Model-2 5,223.553
Model-3 5,171.446

Lower Deviance Information Criterion (DIC) values indicate better model performance.

2019. The northeastern and southeastern regions consistently
show higher risk throughout the years. After 2019, a decline
in risk is noticeable; however, this trend could be likely due to
less information available to the model that could be derived
from the dataset for the latter years. Additionally, values outside
these clusters change abruptly, with high and low-value counties
scattered throughout the study area, sometimes in proximity.
This pattern indicates that while the model successfully identifies
regions potentially with similar characteristics affecting presence
of seropositive cases, other unknown or unexamined factors may
also contribute to the spatial distribution of the disease risk.

The risk maps of structured spatiotemporal heterogeneity
further reveal that certain counties remain high-risk over
multiple years, indicating persistent high-risk areas. These regions
likely have stable environmental factors conducive to disease
transmission, such as tick-favorable habitats or frequent livestock
movement. Conversely, some counties consistently appear low-
risk, representing stable low-risk areas where environmental
or management conditions may naturally limit anaplasmosis
transmission. Additionally, several counties exhibit fluctuating risk
levels over time. Some areas increase in risk in later years, while
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others decline in risk. These shifts may result from interannual
variations such as El Nifio Southern Oscillation effects, seasonal
variations, land use changes, or changes in disease management
practices. Furthermore, emerging high-risk zones are evident, as
some counties that were previously lower-risk become high-risk
over time. This expansion of high-risk areas may be driven by
factors such as climate change, shifts in livestock distribution, or
increasing tick populations.

In contrast, the unstructured or spatially unstructured
heterogeneity (Figure 8) captures variations in anaplasmosis
prevalence that are independent across counties, without spatial
correlation to neighboring areas. Higher values suggest that
anaplasmosis risk in those counties is driven by unique factors
rather than broader spatial processes that operate at larger
geographic scales spanning multiple contiguous counties. While
values vary widely across the study area, no distinct clusters emerge.
This indicates that although global trends exist, local deviations
also occur, where specific local level factors may influence
individual counties differently. Finally, the spatiotemporal plot of
Bayesian p-values for exceedance probability (Figure 9) indicates
that while Model-3 performs well for a vast majority of the counties
in Missouri, there is a consistent set of counties in Missouri
where the model underperforms. One of the reasons for this
underperformance could be related to fewer submissions from
these counties to the VMDL, which are not adequately addressed
by the missing data imputation method used. Additionally, this is
also potentially due to the existence of unique factors that drive
seropositivity risk in these counties, which are not adequately
captured by the random effect terms included in Model-3. This
can be alleviated by including biological (environmental, physical),
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County-specific Bayesian posterior risk estimates of overall structured spatial heterogeneity.

and disease management-related variables that may capture the
underlying spatiotemporal process more efficiently. Although our
models did not directly evaluate the effects of environmental or
management covariates, the spatial and temporal patterns observed
in Missouri suggest that factors such as the distribution of wooded
vs. open pastureland, regional variation in climate and vector
habitat suitability, and differences in herd management practices
(e.g., grazing intensity, herd movement, and vector control) may
help explain variation in anaplasmosis risk. Incorporating these
data into future analyses would allow for more precise assessments
of how such factors shape disease dynamics and could guide the
development of region-specific management strategies to reduce
the burden of bovine anaplasmosis.

5 Conclusions

Clusters of high-risk counties scattered throughout the state
(Figure 4) suggest the presence of similar underlying processes
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that operate across local and/or regional scales and which are
not captured in the present model. Possible explanatory variables
include local variations in microhabitat and host abundance, which
can influence populations of vector ticks, such as soil characteristics
(43), encroachment by woody plants such as invasive red cedar (44),
and variations in population density of white-tailed deer (45). Local
differences in cattle population and movement are also likely to
be involved. The lack of any statewide trend in plots of spatially
unstructured heterogeneity (Figures 5, 8) further illustrates the
importance of local risk factors to anaplasmosis epidemiology
in Missouri.

While the overall risk of bovine anaplasmosis seropositivity
in Missouri appears relatively steady during the 12-year study
period (Figure 6), some fluctuation is nonetheless apparent. While
some of this fluctuation may be attributable to random “noise”
in the available data, other potential explanatory variables not
captured in the present model include temporal fluctuations in
weather patterns, which in turn can influence cattle population
dynamics through their effects on market pressures. A specific
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example is the marked reduction in beef cow inventories prompted
by drought in 2011-2013, which reached its nadir in 2014 (46, 47).
This was eventually followed by restocking of herds, often with
replacement heifers shipped in from out-of-state, which increases
the opportunities for comingling of naive and carrier cattle (48).
Temporal fluctuations in weather patterns are also likely to affect
tick populations and host-seeking behaviors (49, 50).

Plots of county- and year-specific spatially structured
heterogeneity (Figure7) reveal four distinct situations: (1)
counties that are consistently higher-risk, (2) counties that
are consistently lower-risk, (3) counties that transition from
lower to higher risk, and (4) counties that transition from
higher to lower risk. Illustrated differently, if the faceted plot in
Figure 7 were animated as a time series, the color gradient of
certain counties would become progressively darker (increasing
risk) or lighter (decreasing risk), sometimes multiple times
during the study period. This is uncharacteristic of biological
diffusion, i.e., “natural” spread of disease cases over space
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and time (51) and instead suggests introduction of cases via
cattle movements, similar to the manner in which human
diseases can appear in new locations via travel (52). Cattle
movement, generally through markets, is strongly suspected
to be an important source of variation in anaplasmosis risk
around Missouri.

Finally, spatiotemporal plots of Bayesian p-values for
exceedance probability (Figure9) indicate 13 counties where
the model performs poorly. Some are likely attributable to
insufficient submissions from these counties to the VMDL;
the independent city of St. Louis, which, as expected for beef
cattle, has no submissions during the study period, is perhaps
the best example. Nonetheless, several other counties (such as
Dunklin and New Madrid, in the “bootheel” of southeastern
Missouri) are also without submissions during the study
period and are not flagged as underperforming via exceedance
probabilities. Further work is required to understand why
Model-3 performs poorly in some counties. One potential way
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FIGURE 6
Purely temporal trends in Bayesian posterior mean risk along with 2.5% and 97.5% credible interval bounds of bovine anaplasmosis seropositivity risk
in Missouri, 2010-2021, evaluated with structured (top) and unstructured (bottom) random effects.

to improve the model performance is by including fixed effect  distribution. The availability of such data at the scale of present
terms that may have further explanatory potential, such as those  analysis and their suitable spatial transformation may however
in the categories of environmental, herd management, and tick  be limited.
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FIGURE 7

County- and year-specific Bayesian posterior risk estimates of structured spatial heterogeneity. Contiguous counties with similar colors indicate
presence of same or similar underlying spatial processes that affect bovine anaplasmosis seroprevalence. Varying trends of higher and lower disease
risk appearing to expand and contract over the years is observed.
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FIGURE 8

County- and year-specific Bayesian posterior risk estimates of spatially unstructured heterogeneity. Darker colors indicate anaplasmosis prevalence
in those counties is driven by unique factors, rather than broader spatial processes operating at larger geographic scales spanning multiple
contiguous counties. No trend is observed.
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FIGURE 9

Bayesian P-values of exceedance probabilities comparing county- and year-specific observed and predicted bovine anaplasmosis seropositivity
counts. Counties with extreme p-values <0.1 and >0.9, indicating poor predictive performance, are highlighted in dark gray. For most years, the
model performance is poor in a consistent set of Missouri counties.
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