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Control of infections with Dictyocaulus viviparus is difficult due to its volatile epidemiology. In the
absence of predictive models, ‘vigilance and treatment’ is today’s mainstay for control. In order to eval-
uate the potential of predictive model development to support a more preventative approach, this longi-
tudinal study aimed at understanding the influence of weather factors on D. viviparus bulk tank milk
antibody ELISA results. Bulk tank milk samples were analysed with a Major Sperm Protein-based ELISA
(expressed as an optical density ratio) twice monthly on 717 Flemish dairy farms during the grazing sea-
son (April–October) in 2018. Meteorological data of the sampled farms were obtained at 1 km spatial
scale using the ALARO-SURFEX climate model. A mixed effects model showed that the bulk tank milk
optical density ratio was significantly associated with the month of sampling, evapotranspiration, tem-
perature and its quadratic term, the number of hot days and the number of rainy days in the 7–8 weeks
prior to sampling. There were significant farm effects involved. The model’s accuracy to predict bulk tank
milk optical density ratio infection status was 80%, while optical density ratios were generally overesti-
mated by 38%. Inclusion of the previous (2-week-old) optical density ratio values increased accuracy to
86% and reduced the mean square error. We conclude that meteorological parameters have a predictive
value for bulk tank milk optical density ratio results, while further research should evaluate model
improvements through the addition of herd management factors as well as confirm the predictive power
through external validation in additional farms and years.

� 2022 Australian Society for Parasitology. Published by Elsevier Ltd. All rights reserved.
1. Introduction

With an estimated annual production cost of € 139 million (€
86–225 million) in 18 European countries, infections with the
bovine lungworm, Dictyocaulus viviparus, have a significant impact
on the profits of farmers (Charlier et al., 2020). Holzhauer et al.
(2011) found that nearly 52% of the costs associated with an infec-
tion on dairy farms are the result of reduced milk production.
Recent research suggested that subclinical infections with lung-
worms also can lead to production losses, in the magnitude of
0.5–1.7 kg of milk/cow/day (Charlier et al., 2016; May et al.,
2018, Vanhecke et al., 2021). Prevention of (sub)clinical infections
is key in mitigating these losses, but the epidemiology of D. vivi-
parus, in which the abundance of the parasite can vary wildly
between years and seasons, makes it hard to prevent infections
and forces veterinarians and farmers to resort to curative treat-
ment (Eysker et al., 1994; Vercruysse and Claerebout, 2001). The
free living-stages of the cattle lungworm heavily depend on the
outdoor conditions, especially temperature and rainfall, for their
development and dispersal, and conducive circumstances can lead
to sudden peaks in pasture contamination and infectivity
(Daubney, 1920; Rose, 1956). Somers and Grainger (1988) found
that 60% of the variation in L3 recovery in feces on pasture could
be explained by meteorological conditions and the presence of
Pilobolus spp., for which development also depends on weather
conditions. In Germany, areas where the mean daily temperature
exceeded 15 �C for more than 50 days between May and Septem-
ber or for more than 26 days between May and July, showed signif-
icantly more seropositive herds (Schnieder et al., 1993). Jiménez
et al. (2007) found that maximum temperatures and rainfall were
significantly associated with fecal larval counts in a Costa Rican
dairy herd.
logical
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Except for the studies by Ploeger and Eysker (2000) and
McCarthy (McCarthy, C.A., 2018. Predicting the unpredictable:
the changing epidemiology of Dictyocaulus viviparus in Great Bri-
tain. PhD Thesis. University of Liverpool, UK https://doi.org/10.
17638/03038147)), which generated strictly mathematical models,
and the risk factor and spatial models by Schunn et al. (2013), no
other known efforts have been made to build a predictive model
for D. viviparus. Previously, Vanhecke et al. (2020 and 2021)
showed a positive association between bulk tank milk (BTM) anti-
body levels against D. viviparus, expressed as an optical density
ratio (ODR) and farmer-reported lungworm outbreaks, and a neg-
ative association with milk production. Therefore, predicting the
D. viviparus BTM ODR could help in the decision on whether
anthelmintic treatment or other precautions are necessary and
by doing so, a shift towards prevention instead of curative
approaches for lungworm disease could be made. In order to assess
if meteorological variables are useful in predicting D. viviparus
infection status in a herd, the first objective of this study was to
investigate potential relationships between D. viviparus BTM ODR
results and meteorological parameters using a high spatial resolu-
tion climate model. Second, the retrieved associations were used to
explore a number of initial prediction models of the D. viviparus
BTM ODR status.
2. Materials and methods

2.1. BTM sampling and testing

BTM samples originated from a longitudinal study during the
2018 grazing season (April–October) in Flanders, northern Bel-
gium, for which 717 dairy farmers gave their consent for the collec-
tion of BTM samples twice monthly during the grazing season
(Vanhecke et al., 2020). All BTM samples were analysed using an
ELISA based on recombinant Major Sperm Protein (MSP) as a diag-
nostic antigen according to the protocol as described by Fiedor
et al. (2009). A cut-off value of 0.41 ODR was used to identify D.
viviparus-positive herds (Schunn et al., 2012).
2.2. Meteorological data

In contrast to previous studies, where farm level meteorological
data were obtained through interpolation of data obtained from a
limited number of weather stations located several kilometres
from the farms (Schnieder et al., 1993; Jiménez et al., 2007) or
through sensors placed on pasture (Somers and Grainger, 1988),
the meteorological data for this study were obtained through a
dynamic downscaling set-up using the regional climate model
ALARO-SURFEX. The regional climate model used is the numerical
forecast model ALARO-0 coupled to the land surface model SURFEX
(Hamdi et al., 2014a, 2014b). The utilized model setup is described
in Hamdi et al. (2015). The dynamic downscaling is composed of
three steps: (i) a 20 km ALARO simulation over Western Europe
forced at the boundaries by ERA-Interim (Dee et al., 2011), (ii)
another 4 km ALARO-SURFEX run over Belgium forced at the lat-
eral boundaries by the 20 km simulation, (iii) a 1 km SURFEX stan-
dalone run over Belgium, forced at 17 m above ground using the
4 km output.

The 1 km SURFEX standalone run generated the following data:
(i) daily minimum, maximum and mean temperature at 2 m above
ground, 1 cm and 1–2 m deep in the ground; (ii) daily accumulated
precipitation in mm; (iii) daily mean evapotranspiration in mm;
(iv) daily mean solar radiation in W/m2. The meteorological data-
sets have been evaluated previously over Belgium using in situ
weather stations (Hamdi et al., 2015, 2016; Berckmans et al.,
2019; Caluwaerts et al., 2020). The meteorological data were
2

extracted from the final step based on the geographical coordinates
of the farm building.

Considering the epidemiology and life cycle of D. viviparus, the
temperature and precipitation parameters were used to determine
the number of warm days (>8 �C), hot days (>20 �C) and rainy days
(>2 mm). Temperature cut-offs were chosen according to Daubney
(1920) and Rose (1956), who showed that at temperatures > 8 �C,
the development from L1 to L3 takes 1–2 weeks, while it only takes
a couple of days at temperatures >20 �C. In the absence of specific
data for D. viviparus, the cut-off for rainfall was chosen according to
Grønvold and Høgh-Schmidt (1989) and Rose et al. (2015) who
found that a minimal total rainfall of 2 mm per day is needed to
allow migration of L3 of gastrointestinal nematode parasites from
the feces to the herbage.

2.3. Statistical analysis

2.3.1. Associations between meteorological variables and D. viviparus
BTM ODR

Before assessing the associations between the meteorological
parameters and observed BTM ODRs, a Pearson correlation matrix
was made to evaluate the relationship between the different mete-
orological parameters. Since BTM samples were only available
every 2 weeks, all data from the meteorological parameters were
grouped over the same 14 days, resulting in mean values. A corre-
lation matrix was made to investigate the relationship between
continuous BTM ODR values and the meteorological data, including
a 1 to 2 (= Meteo), 3 to 4 (= Meteo lag1), 5 to 6 (= Meteo lag2), 7 to 8
(= Meteo lag3) and 9 to 10 week (= Meteo lag4) lag for the meteo-
rological data, to assess the correlation between the ODR and pre-
vious meteorological measurements. The prime decision criterion
for choosing the optimal lag in meteorological data, for which
the association with the continuous BTM ODR values was investi-
gated, was the time needed for larvae to develop on pasture and for
the BTM to become positive after infection, but the results of the
correlation matrix were also taken into account.

Associations were assessed using linear mixed effects models
(including random intercepts (RI) with a residual autocorrelation
structure and random slopes (RS). Data were fit with a first-order
auto-regressive structure (AR1), which calculates the correlation
of residuals taken 1 unit of time apart, in this case 14 days. The
AR1 correlation structure assumes that correlation decreases with
longer time distance between observations. ‘Sampling number’,
which is a continuous variable, and ‘herd’ were included in the
covariance structure as RI. First, multivariable models were fitted
with the continuous BTM ODR as a dependent variable, ‘month’
as a fixed categorical factor and one meteorological parameter as
an independent variable. The output of these models was used as
a basis for the multivariable forward regression which aimed at
building a full association model with the continuous BTM ODR
as a dependent variable, including ‘month’ as a fixed categorical
variable and all relevant meteorological parameters as potential
confounding independent variables. This led to two models for
the association between BTM ODR values and meteorological
parameters. RS for the meteorological variables were evaluated
in both models using ANOVA and included for the meteorological
variables, if significant (P < 0.05). The first model was selected
based only on significance (P < 0.05) of untransformed variables
and included only ‘month’ as a covariate, and evapotranspiration
and number of hot days as independent variables. A second model
considered the Akaike Information Criterion (AIC) and is an exten-
sion of the first model with the addition of the number of rainy
days and temperature. This extended model (AIC = �5887) was
enhanced by the addition of a quadratic term for the evapotranspi-
ration and temperature, and was chosen over the first model
(AIC = �5646) for prediction purposes, since the AIC was signifi-
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cantly (P � 0.05) lower (Burnham and Anderson, 2004). More
details on the output of the two models leading to the final associ-
ation model can be found in Supplementary Tables S1 and S2.

2.3.2. Predicting D. viviparus BTM ODR using meteorological variables
and the previous ODR

Model 2 (described above) was used as a basic prediction model
and further extended by the addition of previous (ODR lag1 = 2 w
eeks, ODR lag2 = 4 weeks, ODR lag3 = 6 weeks, ODR lag1–3 = 2, 4
and 6 weeks) continuous BTM ODR results. When previous ODR
measurements were added, RS were not included since ANOVA
showed that this did not lead to better models (P > 0.05). For each
of these models, the inclusion and exclusion of RI and RS were
tested, since exclusion would allow predictions at a population
level, and thus on farms not included in this study.

The goodness of fit of the models was assessed using a linear
regression through the origin of predicted and observed ODRs as
described by Rose et al. (2015). A high R2 value indicates that a sig-
nificant proportion of the variance in the ODR is captured by the
model, while the slope estimate validates the ability of the model
to reproduce the magnitude of the ODRs. An intercept of zero and a
slope of 1 indicate a perfect linear fit between observed ODRs and
predicted ODRs. The mean squared error (MSE) of each model was
found by calculating the mean of the squared differences (‘‘errors”)
between the observed and predicted ODRs. The lower the MSE, the
better the predictions (Vineer et al., 2020).

The accuracy of each model was calculated as the proportion of
observed binary ODRs (0/1 at cut-off 0.41 ODR) that were equal to
the corresponding predicted binary ODRs. A receiver operating
characteristic (ROC) analysis with the binary observed ODR (cut-
off 0.41 ODR) per month and per model as ‘gold standard’ was used
to determine the area under the curve (AUC), a cut-off and associ-
ated sensitivity and specificity for the predicted ODR per month
and per model. The optimal cut-off in the predicted ODRs was
set where the sum of sensitivity and specificity was highest. All
data analyses were performed in the statistical programme R (R
3.6.3, R Core Team, Vienna, Austria).
3. Results

In 2018, 717 farms gave their consent for BTM sampling at
2 week intervals. This resulted in 9,978 BTM samples. When apply-
ing the cut-off of 0.41 ODR (Schunn et al., 2012), 54% of the farms
tested positive at least once during 2018. More detailed informa-
tion on the epidemiological patterns can be found in Vanhecke
et al., 2020.

For further analyses only farms (n = 599) with at least one BTM
sample above the cut-off of 0.25 ODR (Vanhecke et al., 2021), sug-
gested by mixture models to detect farms with exposure to D. vivi-
parus (Vanhecke et al., 2020), were selected. The BTM data from
April and May were not used because earlier research showed that
only a few outbreaks or high ODR values are recorded in these
months and these are not predictive for the BTM ODR values later
in the grazing season (Vanhecke et al., 2020).

3.1. Correlation between BTM ODR values and meteorological data

A correlation matrix showed that the 14 day averages of daily
minimum, maximum and mean temperature at 2 m above ground,
1 cm and 1–2 m deep in the ground were all moderately to highly
(R > 0.60) correlated. Therefore, only the 14-day average of the
mean daily temperature at 2 m above the ground was used in all
further analyses since these data could be considered the easiest
to obtain for farmers and veterinarians. Detailed information on
the 14 day averages of the meteorological data is listed in Table 1.
3

Considering that the development of D. viviparus from L1 to L3
takes 1–2 weeks under ideal circumstances, and that another 5–
6 weeks are needed for the BTM to become positive post-
infection (Jørgensen, 1980; Strube et al., 2017), a lag of 7–8 weeks
was selected between the time of the meteorological parameters
and the sampling. Using this 7–8-week lag (= Meteo lag3), a posi-
tive correlation was found between BTM ODR values, precipitation
(R = 0.04) and number of rainy days (R = 0.06), while a negative
correlation was seen with temperature (R = �0.10), evapotranspi-
ration (R = �0.16), solar radiation (R = �0.22), number of warm
days (R = �0.08) and number of hot days (R = �0.08). All these cor-
relations were statistically significant (P � 0.05). Correlations
between BTM ODR values and the meteorological variables at other
time lags are given in Supplementary Table S3.

3.2. Association between BTM ODR values and meteorological data
using mixed effects models

3.2.1. Multivariable linear mixed models with only ‘month’ as a
covariate

The multivariable linear mixed models with the continuous
ODR as a dependent variable and only ‘month’ as a covariate next
to one of the meteorological parameters as independent variable,
showed a significant (P � 0.05) positive association between BTM
ODR values and evapotranspiration (slope = 0.48), and a significant
negative association with the number of hot days (slope = �0.003).
This means that an increase in the evapotranspiration over the
interquartile range (IQR) (0.06–0.10 mm) results in an increase of
0.02 ODR in the BTM outcome, while an increase in the number
of hot days over the IQR (0–6 days) leads to a decrease of 0.2
ODR in the BTM result.

3.2.2. Multivariable forward linear mixed effects models
The output of the fixed effects of the final association model,

after controlling for confounding, with an AIC of �6109 can be
found in Table 2. For comparison, the output of the RI model (with-
out RS) can be found in Supplementary Table S4. The results show
that, compared with June, the BTM outcome is 0.03 ODR and 0.05
ODR lower in July and September, respectively. Also, an increase
over the IQR of both the evapotranspiration (0.06–0.10 mm) and
the number of hot days (0–6 days) results in an increase of 0.03
ODR in the BTM value. The relationship with temperature and its
squared term shows an inverted U-shape with the maximum at
17.5 �C. This means that at temperatures up to the maximum,
the ODR will increase with increasing temperatures, while it will
decrease with further increasing temperatures past 17.5 �C. At a
temperature increase from 15 �C to 16 �C, for instance, the ODR will
increase by 0.01, while a temperature increase from 25 �C to 26 �C
will lead to a decrease of 0.03 ODR. An increase in the number of
rainy days over the IQR (0–4 days) will result in a decrease in
the BTM of 0.04 ODR. The RS in this model show that the variation
in the association between the independent variables and the BTM
ODR between farms is biggest for evapotranspiration (S.D. = 1.13),
together with its quadratic term (S.D. = 7.34), while smaller varia-
tions were found for the number of rainy days (S.D. = 0.0000001),
temperature (S.D. = 0.05) and its quadratic term (S.D. = 0.001).

3.3. Prediction of BTM ODR values

The results of the different models, with or without previous
BTM ODRs and with or without RI and RS can be found in Table 3.
Fig. 1 shows a scatterplot of the observed ODR values versus the
predicted ODRs for the full model without previous BTM ODRs
but including the RI and RS. The model has an R2 of 0.52 and a
MSE of 0.02. When converting both observed and predicted ODR
values to binary values (0/1 at cut-off 0.41 ODR), the accuracy



Table 1
Information on the distribution of the 14-day averages of the meteorological parameters in the study area (Flanders, Belgium).

Variable Minimum 1st quartile Mean 3rd quartile Maximum

Evapotranspiration (mm) 0 0.06 0.08 0.10 0.29
Precipitation (mm) 0 0.1 1.1 1.8 6.3
Solar radiation (W/m2) 85 146 209 261 328
Temperature (�C) 3.7 12.3 16.1 19.8 26.0
No. of warm days (> 8 �C) 0 14 13 14 14
No. of hot days (>20 �C) 0 0 4 6 14
No. of rainy days (>2 mm) 0 0 2 4 8

Table 2
Slopes, S.D. and P-values for all fixed variables in the final association mixed model
(Model 2) between continuous Dictyocaulus viviparus bulk tank milk ELISA results
(optical density ratio) values and meteorological parameters.

Variable Slope S.D. P-value

Intercept �0.27 0.06 < 0.01
Month (baseline = June)
July �0.03 0.01 < 0.05
August �0.01 0.02 0.39
September �0.05 0.02 < 0.01
October �0.01 0.01 0.40

Evapotranspiration 0.81 0.37 < 0.05
Evapotranspiration2 �3.14 1.78 0.08
Temperature 0.07 0.01 < 0.01
Temperature2 �0.002 0.0002 < 0.01
No. of hot days 0.005 0.001 < 0.01
No. of rainy days �0.01 0.002 < 0.01
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was 87%. The slope of 1.22 indicates that the predicted ODRs are a
22% underestimation of the observed ODRs. These results suggest
that the model is capable of predicting the ODR on the monitored
farms, although higher values (>0.8 ODR) are often considerably
underestimated.

When the RS are removed, the accuracy remains high (86%) and
the R2 is found to be 0.49 with a MSE of 0.02, suggesting that the
model will still perform well using mean slopes across all farms.
The slope of the predicted ODRs showed that they were 32% under-
estimated compared with the observed ODRs. Removing both the
RI and the RS led to a drop in the accuracy (80%) and R2 (0.02)
and a higher MSE (0.04). Moreover, the predicted ODRs were a
38% overestimation of the observed ODRs. This represents a lower
model performance when the model is used to make predictions in
the whole target population, thus also including farms not sampled
in this study. However, when adding previous BTM ODR results
(ODR lag1 or ODR lag1–3), the model performance increased again
with accuracies of both being 86%, an R2 of 0.34 and 0.39, respec-
tively, and a MSE for both of 0.02. Moreover, the intercept in these
models is zero and the predicted ODRs are overestimated by only
1–3% compared with the observed ODRs. All of this suggests that
Table 3
R2, mean squared error, information on the intercept, slope for the predicted Dictyocaulus v
accuracy for the different prediction models including or excluding a random interce
lag2 = 4 weeks, ODR lag3 = 6 weeks before current observed or predicted optical density

Model R2 MSE

RI, RS 0.52 0.02
No RI, no RS 0.02 0.04
RI, no RS 0.49 0.02
ODR lag1, RI, no RS 0.43 0.02
ODR lag1, no RI, no RS 0.34 0.02
ODR lag2, RI, no RS 0.48 0.02
ODR lag2, no RI, no RS 0.11 0.05
ODR lag3, RI, no RS 0.48 0.02
ODR lag3, no RI, no RS 0.0002 0.04
ODR lag1-3, RI, no RS 0.41 0.02
ODR lag1-3, no RI, no RS 0.39 0.02
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these models could perform well on the condition that the BTM
ODR is monitored at 2 week intervals and thus predicts the situa-
tion for the coming 2 weeks.

The ROC analysis showed that in general the AUC increases for
each model as the grazing season progresses (Table 4). Also, the
further in the grazing season, the more the optimal cut-off
increases and approaches the commonly used cut-off of 0.41 ODR.
4. Discussion

To our knowledge, this is the first study to investigate the asso-
ciations between D. viviparus ODR values from BTM samples taken
at regular intervals during the grazing season and meteorological
parameters. Furthermore, this study also looked into the predictive
value of meteorological data, with or without the inclusion of pre-
vious BTM ODR results, for the simulation of the BTM ODR status of
a farm. An earlier study by Schunn et al. (2013) investigated the
associations between BTM ODR at the end of the grazing season
(November) and mean daily temperature and mean precipitation
per month, but both parameters did not maintain significance dur-
ing multivariable linear regression. Other studies did find signifi-
cant correlations and associations between fecal larval output or
the recovery of infective L3s at pasture and meteorological data
(Somers and Grainger, 1988; Jiménez et al., 2007). The results of
the present study show that there are significant bivariate correla-
tions between BTM ODR values and all meteorological parameters
(evapotranspiration, precipitation, solar radiation, temperature
and number of warm days, hot days and rainy days) from 7 to 8-
weeks before sampling of the BTM. Only evapotranspiration (and
its quadratic term), temperature (and its quadratic term), number
of hot days and rainy days retained a significant association in a
multivariable linear mixed effects model, although the parameter
estimates were small. The fact that the ALARO-SURFEX model,
compared with other models, is very reliable for the prediction of
meteorological parameters (Hamdi et al., 2014b), together with
the high spatio-temporal resolution of the model (1 km), may be
one of the reasons why multiple significant correlations and asso-
ciations between the BTM ODR and meteorological variables were
iviparus bulk tank milk ELISA results (optical density ratio) values and their S.D., and
pt, random slope and previous optical density ratios (ODR lag1 = 2 weeks, ODR
ratio).

Intercept – 0 Slope (S.D.) Accuracy

Yes 1.22 (0.02) 0.87
Yes 0.62 (0.05) 0.80
Yes 1.32 (0.02) 0.86
Yes 0.90 (0.01) 0.87
No 0.97 (0.02) 0.86
Yes 1.31 (0.02) 0.86
Yes 1.14 (0.04) 0.46
Yes 1.33 (0.02) 0.86
Yes 0.05 (0.05) NA
No 0.99 (0.02) 0.86
No 0.99 (0.02) 0.86



Fig. 1. Observed versus predicted bulk tank milk optical density ratios. Scatterplot
of the observed bulk tank milk optical density ratio values versus the predicted
optical density ratios. The red dotted line represents the line of best fit.
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found. The strongest associations in all models were found with
the mean daily evapotranspiration (and its quadratic term). It has
to be noted that evapotranspiration showed a negative pairwise
correlation coefficient with the BTM ODR, but this changed to a
positive association in the multivariable association model. This
can be explained by the fact that including other variables, as
was done in the association model, can change the direction of
the effect of an independent variable on the dependent variable.
Models where evapotranspiration was not included performed
notably worse on their AIC (results not shown), indicating that this
parameter has an important role, more so than straight-forward
parameters such as temperature or number of rainy days. A reason
for this could be that evapotranspiration also accounts for the
height and density of the vegetation and therefore holds more
information on factors influencing the life cycle of D. viviparus.
Moreover, evapotranspiration also accounts for solar radiation,
which is probably why solar radiation was not a significant sepa-
rate parameter in any of the models (Stanhill, 2005). Precipitation
was also not retained as a significant variable in any of the models
when the number of rainy days was included. The latter lead to
better models based on the AIC and was thus retained in the
model. The associations with the number of rainy days seems in
contrast with the findings of Schunn et al. (2013), who did not find
such an association in Germany. Reasons for this could be that
sampling of the BTM at just one time-point at the end of the graz-
Table 4
Area under the curve, optimal cut-off and corresponding sensitivities (Se) and specificities

Month June July A

Model AUC Cut-
off

Sp Se AUC Cut-
off

Sp Se A

RI, RS 0.75 0.23 0.68 0.75 0.88 0.30 0.83 0.8 0.
No RI, no RS 0.61 0.25 0.60 0.59 0.53 0.33 0.69 0.41 0.
RI, no RS 0.78 0.21 0.61 0.84 0.89 0.31 0.84 0.83 0.
ODR lag1, RI, no RS 0.77 0.32 0.87 0.57 0.83 0.30 0.78 0.76 0.
ODR lag1, no RI, no RS 0.75 0.26 0.71 0.75 0.74 0.30 0.76 0.67 0.
ODR lag2, RI, no RS 0.78 0.27 0.79 0.66 0.89 0.30 0.8 0.84 0.
ODR lag2, no RI, no RS 0.69 0.34 0.77 0.55 0.65 0.42 0.82 0.42 0.
ODR lag3, RI, no RS 0.77 0.26 0.78 0.68 0.89 0.28 0.74 0.91 0.
ODR lag3, no RI, no RS 0.52 0.20 0.32 0.80 0.53 0.21 0.44 0.64 0.
ODR lag1–3, RI, no RS 0.76 0.26 0.81 0.64 0.82 0.28 0.70 0.80 0.
ODR lag1–3, no RI, no RS 0.75 0.25 0.77 0.70 0.81 0.27 0.69 0.80 0.

AUC, Area Under the Curve; RI, random intercept; RS, random slope; ODR, Dictyocaulus
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ing season, as was done by Schunn et al. (2013), is not sufficient to
reveal this association. Moreover, associations may differ among
other temperate European countries, although they belong to the
same climatic zone, as was stipulated by Kuerpick et al. (2013)
and Schunn et al. (2013). However, it is remarkable that an
increase in the number of rainy days leads to a decrease of the
ODR in the models, because sufficient moisture is key for the devel-
opment and survival of the larvae on pasture. Moreover, migration
of L3s on pasture and vertically on the grass or to the sporangium
of Pilobolus spp. is only possible in the presence of sufficient mois-
ture (Daubney, 1920; Rose, 1956). So far, no explanation has been
found for this contradictory finding, although wash-off effects of
parasitic stages from pasture have been previously suggested
(Bennema et al., 2011). The fact that temperature and the number
of hot days are included in the final association model is not sur-
prising because these parameters have an important impact on
the development rate from L1 to L3 on pasture (Daubney, 1920;
Rose, 1956). The number of warm days, however, was not included
in the final model, leading to the conclusion that the added effect
of this parameter is of no significant value to the model. The impact
of the number of warm days on the development of D. viviparus
larvae is probably less than the impact of temperature in general
and the number of hot days. However, Schnieder et al. (1993) did
find a significant positive association between seropositive herds
and the number of days with a mean daily temperature exceeding
15 �C, which is in between the criterion for warm days (>8 �C) and
hot days (>20 �C) in the current study.

The simulation of predicted BTM ODR values from the final
multivariable model shows that the included meteorological
parameters do have a predictive value for the estimation of the
BTM ODR. The best performing model had a moderate R2 and the
predicted ODRs were a 22% underestimation of the observed
ODR. This model also showed an accuracy of 87% when predicted
and observed ODRs were converted to binary values at a cut-off
of 0.41 ODR, which has been shown to be a threshold for produc-
tion losses (Charlier et al., 2016; Vanhecke et al., 2021). The addi-
tion of earlier BTM ODR values (ODR lag1 or ODR lag1–3) also led
to high accuracy (86–87%) and predicted ODRs close to the
observed ODRs (overestimation of 1–10%). ROC analysis per month
and per model showed that predictions become better as the graz-
ing season progresses. This is probably because the percentage of
positive cows increases during the grazing season, BTM ODRs
become higher, more lungworm outbreaks are present and more
data becomes available (Vanhecke et al., 2020).
(Sp) per month, for each prediction model.

ugust September October

UC Cut-
off

Sp Se AUC Cut-
off

Sp Se AUC Cut-
off

Sp Se

85 0.35 0.88 0.76 0.93 0.34 0.91 0.83 0.93 0.30 0.79 0.93
54 0.39 0.63 0.46 0.54 0.36 0.52 0.58 0.49 0.36 0.48 0.57
85 0.35 0.88 0.74 0.92 0.32 0.90 0.83 0.91 0.28 0.71 0.96
77 0.31 0.73 0.71 0.87 0.39 0.94 0.71 0.93 0.26 0.76 0.95
71 0.36 0.82 0.56 0.83 0.35 0.93 0.71 0.91 0.26 0.77 0.91
84 0.36 0.89 0.72 0.91 0.33 0.91 0.80 0.91 0.31 0.81 0.88
75 0.46 0.7 0.71 0.75 0.45 0.88 0.57 0.78 0.45 0.75 0.72
83 0.33 0.83 0.77 0.91 0.3 0.85 0.83 0.9 0.28 0.69 0.97
55 0.24 0.66 0.46 0.51 0.24 0.67 0.45 0.52 0.21 0.58 0.50
76 0.31 0.72 0.73 0.87 0.36 0.92 0.72 0.90 0.31 0.87 0.75
75 0.32 0.75 0.69 0.86 0.32 0.87 0.76 0.89 0.32 0.89 0.73

viviparus bulk tank milk ELISA result, expressed as optical density ratio.
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Although several models (with or without addition of previous
ODRs) show potential for the prediction of BTM ODR values, there
are some caveats. Firstly, it seems that the models are not able to
predict high ODR values. The highest predicted value is about
0.77 ODR. Overall, all observed high ODR values (0.80 and higher)
are, often considerably, underestimated in the prediction. This is a
concern because such high values can be indicative of an acute
event, such as the introduction of D. viviparus in a naive herd with
the possible consequence of severe disease. Secondly, the meteoro-
logical data used for building the models were obtained through
simulations from an advanced meteorological model (Hamdi
et al., 2014b) These outputs are not freely available to farmers or
veterinarians and they are not actual measurements. However,
most of the meteorological parameters included in the models
are rather straightforward to measure (temperature, number of
hot days, number of rainy days) and collection of these data at
the farm level is feasible. The measurement of evapotranspiration,
on the other hand, is somewhat more complex and several meth-
ods can be used, leading to small differences in results (Stanhill,
2005). Still, with the rapid evolution of ‘smart farming’ technolo-
gies, sensors for measurement of animal, plant and climatic (in-
cluding evapotranspiration) parameters are increasingly available
and integrated on farms. Mobile applications are being developed
for tracking and storing of these animal, plant and climatic data
and for decision support (Kelley et al., 2020; Neethirajan, 2020;
Visconti et al., 2020).

It also has to be taken into consideration that only farms with at
least one BTM ODR sample above the cut-off of 0.25 ODR during
the 2018 grazing season were included in the models. Farms that
do not meet this requirement are unlikely to have transmission
of D. viviparus in their herd (Vanhecke et al., 2020). Predicting out-
breaks of parasitic bronchitis or lungworm-associated production
losses is particularly useful on farms where lungworms are known
to be present on the cows’ pasture. However, a change in composi-
tion of the herd, for example by purchase of new animals, can lead
to a change in the immunity status of the herd and the introduc-
tion of D. viviparus on farms where lungworms did not circulate
previously (Michel, 1957; Eysker et al., 1994). This means that pre-
diction models are unlikely to completely replace empirical screen-
ing of the BTM for D. viviparus antibodies, which should be
repeated at considered time-points, taking into account the farm
situation.

Another footnote in the prediction models is the inclusion or
exclusion of random effects (RE = RI and/ or RS). In the models
including the RE, or at least a RI, a higher percentage of the varia-
tion in the BTM ODR could be explained by the independent vari-
ables. It is therefore concluded that unmeasured, farm-specific
variables have an important effect on a farm’s BTM ODR. Such
farm-specific variables could be evaluated in future models and
could include parameters concerning production and farm man-
agement, as were found by Vanhecke et al. (2021).

The inclusion of the closest previous BTM ODR value (ODR lag1)
or all three previous BTM ODR values (ODR lag1–3) in the predic-
tion model, next to the inclusion or exclusion of RE, is also a pos-
sibility. These models gave a better estimation of the BTM ODR
(1–10% overestimation) compared with models without previous
BTM ODRs (22% underestimation to 38% overestimation) but the
inclusion of previous ODR values means extra work and more costs
for additional sampling of the BTM. Moreover, questions can be
asked on how much prediction is actually done if the BTM ODR
value of only 2 weeks ago is included in the prediction model.
Although there is a high percentage (84%) of agreement between
the binary values (0/1 at cut-off 0.41 ODR) of the current observed
BTM ODR and the BTM ODR from 2 weeks ago, a simple linear
regression through the origin of both numeric ODRs revealed an
R2 of 0.31 and an MSE of 0.03. Moreover, the linear regression
6

showed that the BTM ODR values from 2 weeks ago were on aver-
age 43% higher than the current BTM ODR. These results suggest
that BTM ODR values, even from samples taken just 2 weeks apart,
do differ and the addition of meteorological variables for a more
accurate prediction of the current BTM ODR is needed. Moreover,
if the BTM ODRs from two weeks apart had not differed, one could
still argue that the prediction of an increase in the BTM ODR, with a
negative impact on the production of the herd, even if it is only
2 weeks away, can be valuable. The choice on which model to
use, with or without the previous BTM ODRs, therefore depends
on how precisely one wants to simulate the BTM ODR and on
how far into the future a prediction needs to be made.

However, we should be careful with the extrapolation of these
models to farms not included in this study. Although the RE models
worked well on the farms in this study and in this year, this does
not automatically mean that predictions will be as accurate in
other years and or on other farms. Since the models excluding
the RE eliminate the farm-specific elements, they indicate how
the models will perform on other farms. Still, in this study only
an internal validation was performed and more research, including
external validation on other farms, in other countries and in other
years, will be necessary before the prediction models can be reli-
ably used.

A mixed effects association model, based on meteorological
input data, for the prediction of a herd’s D. viviparus BTM ODR
was developed. In contrast to most previous studies, we found that
meteorological data have a considerable power (accuracy up to
87%) to predict the D. viviparus BTM ODR level. This may be
ascribed to the use the ALARO-SURFEX climate model with a spa-
tial resolution that was not evaluated before in previous studies.
Further research is required into the addition of farm management
factors and external validation for extrapolation of the models to
other farms (or countries) and years. In the longer term, however,
our model may underpin targeted and preventive control
approaches of this disease which was previously considered
unpredictable.
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Schneider, S., Váňa, F., Termonia, P., 2014b. Evaluating the performance of
SURFEXv5 as a new land surface scheme for the ALADINcy36 and ALARO-0
models. Geosci. Model Dev. 7, 23–39. https://doi.org/10.5194/gmd-7-23-2014.

Hamdi, R., Giot, O., De Troch, R., Deckmyn, A., Termonia, P., 2015. Future climate of
Brussels and Paris for the 2050s under the A1B scenario. Urban Clim. 12, 160–
182. https://doi.org/10.1016/j.uclim.2015.03.003.

Hamdi, R., Duchêne, F., Berckmans, J., Delcloo, A., Vanpoucke, C., Termonia, P., 2016.
Evolution of urban heat wave intensity for the Brussels Capital Region in the
ARPEGE-Climat A1B scenario. Urban Clim. 17, 176–195. https://doi.org/
10.1016/j.uclim.2016.08.001.

Holzhauer, M., van Schaik, G., Saatkamp, H.W., Ploeger, H.W., 2011. Lungworm
outbreaks in adult dairy cows: estimating economic losses and lessons to be
learned. Vet. Rec. 169, 494. https://doi.org/10.1136/vr.d4736.

Jiménez, A.E., Montenegro, V.M., Hernández, J., Dolz, G., Maranda, L., Galindo, J., Epe,
C., Schnieder, T., 2007. Dynamics of infections with gastrointestinal parasites
and Dictyocaulus viviparus in dairy and beef cattle from Costa Rica. Vet.
Parasitol. 148, 262–271. https://doi.org/10.1016/j.vetpar.2007.06.015.

Jørgensen, R.J., 1980. Epidemiology of bovine dictyocaulosis in Denmark. Vet.
Parasitol. 7, 153–167. https://doi.org/10.1016/0304-4017(80)90071-0.

Kelley, J., McCauley, D., Alexander, G.A., Gray IV, W.F., Siegfried, R., Oldroyd, H.J.,
2020. Using machine learning to integrate on-farm sensors and agro-
7

meteorology networks into site-specific decision support. ASABE 63 (5),
1427–1439. https://doi.org/10.13031/trans.13917.

Kuerpick, B., Conraths, F.J., Staubach, C., Frohlich, A., Schnieder, T., Strube, C., 2013
Seroprevalence and GIS-supported risk factor analysis of Fasciola hepatica
infections in dairy herds in Germany. Parasitology 140, 1051–1060. .

May, K., Brügemann, K., König, S., Strube, C., 2018. The effect of patent Dictyocaulus
viviparus (re)infections on individual milk yield and milk quality in pastured
dairy cows and correlation with clinical signs. Parasit. Vectors 11, 24. https://
doi.org/10.1186/s13071-017-2602-x.

Michel, J.F., 1957. Husk in adult cattle. Agriculture 64, 224–228.
Neethirajan, S., 2020. The role of sensors, big data and machine learning in modern

animal farming. Sens. Biosensing Res. 29, 100367. https://doi.org/10.1016/j.
sbsr.2020.100367.

Ploeger, H.W., Eysker, M., 2000. Simulating Dictyocaulus viviparus infection in
calves: the parasitic phase. Parasitology 120, 3–15. https://doi.org/10.1017/
S0031182099005831.

Rose, J.H., 1956. The bionomics of the free-living larvae of Dictyocaulus viviparus. J.
Comp. Pathol. Ther. 66, 228–240. https://doi.org/10.1016/S0368-1742(56)
80024-6.

Rose, H., Wang, T., van Dijk, J., Morgan, E.R., 2015. GLOWORM-FL: A simulation
model of the effects of climate and climate change on the free-living stages of
gastro-intestinal nematode parasites of ruminants. Ecol. Modell. 297, 232–245.
https://doi.org/10.1016/j.ecolmodel.2014.11.033.

Schnieder, T., Bellmer, A., Tenter, A.M., 1993. Seroepidemiological study on
Dictyocaulus viviparus infections in 1st year Grazing Cattle in Northern
Germany. Vet. Parasitol. 47, 289–300. https://doi.org/10.1016/0304-4017(93)
90030-Q.

Schunn, A.M., Conraths, F.J., Staubach, C., Frohlich, A., Forbes, A., Schnieder, T.,
Strube, C., 2013. Lungworm infections in German dairy cattle herds -
Seroprevalence and GIS-supported risk factor analysis. PLoS ONE 8, e74429.
https://doi.org/10.1371/journal.pone.0074429.

Schunn, A.-M., Forbes, A., Schnieder, T., Strube, C., 2012. Validation of a Dictyocaulus
viviparus MSP-ELISA and cut-off adjustment in a one-year longitudinal field
study in dairy cattle herds. Vet. Parasitol. 189, 291–298. https://doi.org/
10.1016/j.phytochem.2012.04.012.

Somers, C.J., Grainger, J.N.R., 1988. Factors affecting recovery of Dictyocaulus
viviparus third stage larvae from herbage and growth of Pilobolus on dung
pats. Res. Vet. Sci. 44, 147–153. https://doi.org/10.1016/S0034-5288(18)30830-
0.

Stanhill, G., 2005. Evapotranspiration. In: Hillel, D. (Ed.), Encyclopedia of Soils in the
Environment. Elsevier, Amsterdam, pp. 502–506. https://doi.org/10.1016/B0-
12-348530-4/00359-3.

Strube, C., Springer, A., Schunn, A.M., Forbes, A.B., 2017. Serological lessons from the
bovine lungworm Dictyocaulus viviparus: Antibody titre development is
independent of the infection dose and reinfection shortens seropositivity. Vet.
Parasitol. 242, 47–53. https://doi.org/10.1016/j.vetpar.2017.05.023.

Vanhecke, M., Charlier, J., Strube, C., Claerebout, E., 2020. Comparison of two ELISA’s
for the detection of Dictyocaulus viviparus in bulk tank milk and correlation with
farmer-reported outbreaks. Vet. Parasitol. 288, 109280. https://doi.org/10.1016/
j.vetpar.2020.109280.

Vanhecke, M., Charlier, J., Strube, C., Claerebout, E., 2021. Risk factors for lungworm-
associated milk yield losses in grazing dairy cattle. Vet. Parasitol. 292, 109414.
https://doi.org/10.1016/j.vetpar.2021.109414.

Vercruysse, J., Claerebout, E., 2001. Treatment vs non-treatment of helminth
infections in cattle: defining the threshold. Vet. Parasitol. 98, 195–214. https://
doi.org/10.1016/S0304-4017(01)00431-9.

Vineer, R.H., Verschave, S.H., Claerebout, E., Vercruysse, J., Shaw, D.J., Charlier, J.,
Morgan, E.R., 2020. GLOWORM-PARA: a flexible framework to simulate the
population dynamics of the parasitic phase of gastrointestinal nematodes
infecting grazing livestock. Int. J. Parasitol. 50, 133–144. https://doi.org/
10.1016/j.ijpara.2019.11.005.

Visconti, P., de Fazio, R., Velázquez, R., Del-Valle-Soto, C., Giannoccaro, N.I., 2020.
Development of sensors-based agri-food traceability system remotely managed
by a software platform for optimized farm management. Sensors 20, 3632.
https://doi.org/10.3390/s20133632.

https://doi.org/10.1016/j.uclim.2019.100565
https://doi.org/10.1016/j.cimid.2016.11.008
https://doi.org/10.1016/j.cimid.2016.11.008
https://doi.org/10.1016/j.prevetmed.2020.105103
http://refhub.elsevier.com/S0020-7519(22)00103-5/h0035
http://refhub.elsevier.com/S0020-7519(22)00103-5/h0035
https://doi.org/10.1002/qj.828
https://doi.org/10.1002/qj.828
https://doi.org/10.1016/0304-4017(94)90189-9
https://doi.org/10.1016/0304-4017(94)90189-9
https://doi.org/10.1016/j.vetpar.2009.09.002
https://doi.org/10.1016/0304-4017(89)90008-3
https://doi.org/10.1016/0304-4017(89)90008-3
https://doi.org/10.1002/joc.3734
https://doi.org/10.1002/joc.3734
https://doi.org/10.5194/gmd-7-23-2014
https://doi.org/10.1016/j.uclim.2015.03.003
https://doi.org/10.1016/j.uclim.2016.08.001
https://doi.org/10.1016/j.uclim.2016.08.001
https://doi.org/10.1136/vr.d4736
https://doi.org/10.1016/j.vetpar.2007.06.015
https://doi.org/10.1016/0304-4017(80)90071-0
https://doi.org/10.13031/trans.13917
https://doi.org/10.1186/s13071-017-2602-x
https://doi.org/10.1186/s13071-017-2602-x
http://refhub.elsevier.com/S0020-7519(22)00103-5/h0110
https://doi.org/10.1016/j.sbsr.2020.100367
https://doi.org/10.1016/j.sbsr.2020.100367
https://doi.org/10.1017/S0031182099005831
https://doi.org/10.1017/S0031182099005831
https://doi.org/10.1016/S0368-1742(56)80024-6
https://doi.org/10.1016/S0368-1742(56)80024-6
https://doi.org/10.1016/j.ecolmodel.2014.11.033
https://doi.org/10.1016/0304-4017(93)90030-Q
https://doi.org/10.1016/0304-4017(93)90030-Q
https://doi.org/10.1016/j.phytochem.2012.04.012
https://doi.org/10.1016/j.phytochem.2012.04.012
https://doi.org/10.1016/S0034-5288(18)30830-0
https://doi.org/10.1016/S0034-5288(18)30830-0
https://doi.org/10.1016/B0-12-348530-4/00359-3
https://doi.org/10.1016/B0-12-348530-4/00359-3
https://doi.org/10.1016/j.vetpar.2017.05.023
https://doi.org/10.1016/j.vetpar.2020.109280
https://doi.org/10.1016/j.vetpar.2020.109280
https://doi.org/10.1016/j.vetpar.2021.109414
https://doi.org/10.1016/S0304-4017(01)00431-9
https://doi.org/10.1016/S0304-4017(01)00431-9
https://doi.org/10.1016/j.ijpara.2019.11.005
https://doi.org/10.1016/j.ijpara.2019.11.005
https://doi.org/10.3390/s20133632

	Dictyocaulus viviparus bulk tank milk seropositivity is correlated with meteorological variables
	1 Introduction
	2 Materials and methods
	2.1 BTM sampling and testing
	2.2 Meteorological data
	2.3 Statistical analysis
	2.3.1 Associations between meteorological variables and D. viviparus BTM ODR
	2.3.2 Predicting D. viviparus BTM ODR using meteorological variables and the previous ODR


	3 Results
	3.1 Correlation between BTM ODR values and meteorological data
	3.2 Association between BTM ODR values and meteorological data using mixed effects models
	3.2.1 Multivariable linear mixed models with only ‘month’ as a covariate
	3.2.2 Multivariable forward linear mixed effects models

	3.3 Prediction of BTM ODR values

	4 Discussion
	Acknowledgements
	Appendix A Supplementary data
	References


