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ABSTRACT
Increased availability of technologies to collect and store individual health data is leading to a
growing interest in applying Big Data analytical methodologies to better understand health and
disease in both humans and dairy cattle. Data collected through routine observations such as
doctor or veterinary visits, milking equipment, or remote sensors can be successfully
incorporated to monitor and manage individual and public health, and support operational
decision-making on dairy farms. These sources of data also provide an invaluable resource in
conducting epidemiological and health research, provided they are appropriately handled during
the statistical analysis. In this thesis, 1) data from bacteriological sampling were combined with
regularly collected dairy herd improvement (DHI) data to describe udder health in primiparous
dairy cattle across Canada; 2) a systematic review and meta-analysis was conducted to
synthesize all available research on the effectiveness of pre-calving therapies to improve udder
health in primiparous dairy cattle; 3) a model was developed for the detection of clinical mastitis
(CM) based on routinely collected data from automated milking systems (AMS); 4) a simulation
study assessed the impact of unmeasured heterogeneity in secondary data collected from multiple
dairy farms on the performance of a model trained to detect CM onset; 5) the immune fingerprint
of children presenting with symptoms of appendicitis are compared by combining emergency
department admissions data with results from a multiplex cytokine assay and 6) dietary risk
factors for immunological flare-ups in patients with Crohn’s disease are explored by combining
patient-reported dietary records with results of a multiplex cytokine assay. Chapter 2
demonstrated that the udder health in Canadian primiparous dairy cows was an issue that needed
attention, and chapter 3 demonstrated that pre-calving treatments of different types can be
effective at improving udder health in early lactation. Both chapters highlighted the need for
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routinely collected data to be combined with targeted data collection (monitoring of non-milking
dairy cows, culture-based treatment selection) to facilitate targeted management for different
parts of a dairy herd. In chapter 5, a deep recurrent neural network (RNN) model was used to
detect the onset of CM using regularly collected data from AMS, and chapter 6 demonstrated
that predictive performance of deep RNNs is robust to the unmeasured heterogeneity in data
collected from multiple farms. Chapter 6 describes how immune response differs between
children with abdominal pain symptomatic of appendicitis and provides evidence that data from
a multiplex immunoassay conducted on admission may be used to effectively predict disease
outcomes. In chapter 7, a similar multiplex immunoassay is used to explore associations between
inflammation and diet using food records from patients with Crohn’s disease and demonstrates
some of the statistical challenges encountered when working with multiple outcomes and large
numbers of explanatory variables.
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CHAPTER 1: General introduction

Recent developments in computational and data storage technologies, combined with
increasing availability of high-throughput and remote sensors have created opportunities to apply
big data analytics to all fields of scientific research. There are numerous definitions for big data,
but there are 3 important defining factors: 1) information that is characterized by high volume,
high velocity of collection and variety in sources of data; 2) specialized technology and methods
are needed to appropriately analyze the data; and 3) new types of scientific or economic insights
can be generated by applying the appropriate methods to these data (De Mauro et al., 2016).
Not only have technological advances facilitated efficient data collection and storage, but
the increased availability of high-performance computational resources also allows for the
application of computationally intensive statistical and machine learning methods even on
personal computers. With such large volumes of data, it becomes even more important to ensure
that appropriate methods are used for inferential analysis. Datasets with increasing numbers of
samples greatly increase statistical power, such that associations or differences that are not
practically different will still show statistical significance. On the other hand, when examining
increasingly wide datasets with large numbers of covariates, a higher false-discovery rate can be
expected, and must be accounted for when making multiple comparisons using the same dataset.
Proponents of big data analytics have claimed (with criticism) that two of the benefits are that
since every data point can theoretically be captured, statistical sampling techniques are not
necessary, and that appropriate statistical model specification is less important since with enough
samples; the observed values alone are sufficient to model the data (Harford, 2014). When
analysis is focused on developing models with good predictive performance, big data proponents
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also claim that understanding the underlying causal structures is unnecessary as long as models
consistently perform as expected (Harford, 2014). Although it is possible to develop wellperforming predictive models without a thorough understanding of the relationship between
variables, it is then difficult to understand why these models fail, when they do. Appropriate and
effective inference from big data therefore should still adhere to the same level of rigor in
selecting analysis methods as is typically expected in scientific research.
Dairy research is a field that has always used large datasets from varied sources, but recent
technological advances and increased availability of animal-monitoring sensors have led to the
considerable development in the field of precision dairy farming to facilitate operational
decision-making (Barkema et al., 2015; Lokhorst et al., 2019). The study of human health and
epidemiology has also benefited from the increased availability of large datasets, digitization of
health records, and sensors that allow for constant monitoring of patients (Mooney et al., 2015).
These fields of study also present an intersection of two, possibly conflicting goals in big data
analytics: understanding and defining relationships between variables in the observed data and
developing high-performance predictive models. Developing predictive models can be a useful
tool for physicians or producers to identify and diagnose sick individuals, but having a complete
understanding of the underlying mechanisms of disease development is just as important for
developing early preventive methods and interventions. In all application of big data analytics,
robust inference and reliable predictions require that appropriate methods are chosen by careful
consideration of the structure and limitations in the data (the variety, velocity, and volume), as
well as an understanding of what kind of insights and value the data could provide.
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1.1. Big data in health research

This section aims to highlight recent trends in the use of big data for research in human
health and animal health on dairy farms, while also considering some of the practical issues and
challenges that must be considered when using this data.
Much of the data that can be effectively used for health research are not collected specifically
for the purpose of research, rather they are collected as routine operational support in clinical and
production settings, or for individual health monitoring and management. These may be broadly
classified into two categories: 1) regularly collected data about health and disease treatment such
as electronic health records, or on-farm production and treatment records; and 2) data from
sensors designed specifically to monitor physiological and health-related measures such as
pedometers, wearable EKG monitors, and glucose monitoring systems for humans, or activity
and rumination monitors, rumen thermometers, and RFID-based location sensors in dairy cattle.
Electronic health records in the human health setting can include information about patients’
demographics, visit and admission dates, diagnoses and physician’s notes, patient-reported
outcomes, medical prescriptions, and diagnostics. Records that were initially by-products of the
health care system, have now become an important tool for research, and the ease with which
datasets from different geographic locations and healthcare systems can be linked to facilitate
extremely large epidemiological studies (Ehrenstein et al., 2017). As an example, a recent study
on the epidemiology of hypertension and diabetes conducted using electronic medical records
from one health system in Rio de Janeiro was able to include data from 2.1 million distinct
individuals, allowing for extremely precise estimates of age- and sex-stratified prevalence of the
two diseases (Pinto and Santos, 2020). Another study assessing rates of hip and knee
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replacements in patients with rheumatoid arthritis included over 27,000 individuals by using data
from the UK’s single healthcare system (Hawley et al., 2020). Similarly, large sample sizes are
seen in the field of dairy research, where farms can collect milk production and constituent data
for each animal multiple times per day, along with detailed records of health events and
administered medications. Outside of the research context, these routinely collected herd records
allow producers to monitor productivity and improve management by developing an
understanding of how their herd changes over time, and compares with others (Warner et al.,
2020b). An example of a research application of these records was done in Austria where
legislation requires records of antimicrobial use. Over a 1-year period, researchers were able to
analyze records from 248 herds to accurately describe the reason for use and dose of
antimicrobials (Firth et al., 2017). In addition to on-farm recording, dairy producers may also
participate in dairy herd improvement (DHI) recording where technicians visit the herd monthly
to record information and take milk samples from all animals in a herd. These DHI records have
long been used in epidemiological studies (Hueston et al., 1987; Curtis et al., 1988; Hueston,
1988), and often combine information from regularly collected DHI data with additional studyspecific sampling (Reyher et al., 2011; Dufour et al., 2012; Warner et al., 2020a; Pralle et al.,
2021) again demonstrating the effectiveness of linking large and diverse datasets.
Data from sensors, whether on humans or dairy cattle can provide continuous, real-time data
to facilitate effective monitoring of health, and enable timely decision-making for interventions.
The earliest use of remote sensors for health monitoring in dairy cattle was for estrus detection
(Senger, 1994), but recent research has also focused on their potential to detect numerous other
diseases such as mastitis, lameness, and post-partum diseases (Neethirajan, 2020). Specifically,
on-cow sensors have shown potential for the detection of diseases monitor feeding, rumination,
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lying, standing and walking time, temperature, rumen pH, and the cows location (Eckelkamp,
2019). The other type of sensor commonly seen on dairy farms measures characteristics of the
milk, and these measurements tend to be included with production records. Outside of the
research context, the findings from these sensors can also be integrated, and interpreted to
facilitate real-time monitoring of animals on dairy farms through the use of interactive
dashboards (Snijders et al., 2019). In addition to detecting disease onset in dairy cattle (Steensels
et al., 2016), the same sensors have also been used to assess the effect of health problems on cow
behaviour and production (Steensels et al., 2017). Health research using on-person sensors on the
other hand is less common, likely due to concerns about privacy and most wearable devices tend
to be for personal health monitoring and are not validated for medical applications (Brodie et al.,
2018). Although there have been considerable advances in development of hardware for these
sensors (Majumder et al., 2017), their integration with commonly used medical and health
management software to provide real-time diagnostics and measurements to aid practitioners in
decision-making is a more nascent area of research (Yin and Jha, 2017).
Despite the potential of large and varied datasets, there are some challenges that need to be
considered even before the statistical analysis stage of research, that relate directly to the 3 V’s
of big data: volume, variety, and velocity. In the human health context, where data can be
generated by individuals at a large scale, these individuals represent an important stakeholder,
and the amount of data available for everyone makes it more important than ever to ensure that
properly informed consent is acquired. With increasing numbers of patients for whom data are
available, acquiring informed consent will scale with the number of study participants presenting
a challenge since, informed consent was not originally intended for data of this type (Vayena and
Blasimme, 2018). In addition, as patients and study participants are more thoroughly informed,
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they may be motivated to monetize their data, presenting a paradigm shift where research
objectives may begin to be defined by participants rather than the researchers (Vayena and
Blasimme, 2018). Another issue arising from the volume of data generated concerns how the
data will be stored, how the databases will be managed, and how access will be controlled since
database administrators would not likely be the ones designing and conducting the research
(Wang et al., 2019b). The last issue arising from the volume of data generated concerns
systematic error, as it would also be magnified in larger datasets, requiring that clinical
knowledge be more rigorously applied in designing studies, and that hypotheses and objectives
be clearly laid out prior to starting the research (Ehrenstein et al., 2017). The variety of sources
used to create large datasets allows for the inclusion of many more variables of different types,
but when working with secondary data measurement error can have a considerable impact on the
quality of data and the inferences that can be made (Mooney et al., 2015). In the dairy setting,
there are often multiple sensors that measure the same variable such as activity or electrical
conductivity of milk, but before combining data from these sensors and treating them equally, it
is necessary to ensure that they have been independently validated beforehand, and to account
for any differences that exist. When considering health monitoring software on mobile devices,
another source of variability to consider is bias that may be included on the part of the software
programmers in the way measurements are interpreted and the results presented to users (Brodie
et al., 2018). The last challenge of using big data for research and applying it in practical settings
relates to the velocity with which these data are generated. High velocity data can allow for
better monitoring of health of individuals and production of dairy cattle, which can lead to more
timely decision-making for interventions. When using these high velocity data to decide on
interventions, it is, however, important to remember that the evidence provided by these data is
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limited by the variables that have been measured. In the dairy setting for example, health and
productivity of the animals may not directly correlate with their welfare, and it is necessary to
consider the welfare of the animals beyond the measurements recorded in the datasets (Buller et
al., 2020). This is less of a concern in the human setting however, since interventions would
never be given without properly informing the patient and subsequently monitoring their
feedback.
The following sections will consider challenges in the statistical analysis and inference stages
of big data analytics.

1.2. Data considerations for bovine mastitis epidemiology: hierarchical data

Mastitis is considered the most important disease of dairy cattle (Ruegg, 2003, 2017), and is
the most expensive diseases on dairy farms due to costs associated with management and the
resultant losses in production (Halasa et al., 2007; Aghamohammadi et al., 2018). Research on
bovine mastitis in dairy herds has focused on disease etiology, risk factors to devise control
strategies, therapeutic effectiveness, impacts on production and future health and economic
impacts (Halasa et al., 2007; De Vliegher et al., 2012a; Jamali et al., 2018; Nobrega et al., 2020).
Studies on mastitis epidemiology in dairy cattle often combine data from various sources such
as: DHI data and bacteriological culture results (Reyher et al., 2011), production records and data
from activity monitors (King et al., 2018), and treatment records and garbage can inventories
(Nobrega et al., 2017). Regardless of the sources of data, the type of explanatory variables or the
specific outcome of interest, validity of inference and conclusions requires that the hierarchical
nature of the data be appropriately accounted for in analysis.
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The hierarchical structure of data used for dairy epidemiological studies results in clustering
of observations such that the usual assumption of statistical independence between observations
is not maintained (Dohoo et al., 2014a). This clustering can be caused by animals under
observations sharing a common environment (animals from the same farm, animals in the same
pens), having multiple units of analysis within a single animal (four quarters within an individual
cow), or taking multiple measurements over time from the same region, farm, or animal. Because
observations within a cluster (cows within a farm, quarters within a cow) are more similar to
each other than they are to observations from other clusters, it is necessary that appropriate
statistical inference disentangles cluster-specific effects from the effects of explanatory variables
which are of primary interest. The failure to do so will typically result in the variance for model
coefficients being underestimated because the estimation procedure is based on a distributional
assumption of independence of observations. However, mismatches in the hierarchical levels of
explanatory variables and outcomes can also inflate the variance of statistical estimates if withincluster variability of the outcome is incorrectly attributed to an observed cluster-level
explanatory variable (Ukoumunne et al., 2002).
Epidemiological studies of bovine mastitis commonly use mixed effects models to account
for within-cluster observations at different levels (De Vliegher et al., 2004; Piepers et al., 2011;
Levison et al., 2016). In addition to the explanatory variables of interest, mixed effects models
incorporate cluster-specific random effects, that are applied to all members and represent the
unmeasured variability attributed to each cluster. Random effects can also capture clusterspecific variability associated with particular explanatory variables, increasing their flexibility
and the underlying complexity they are able to capture. The fixed part of the mixed effects model
represents the average of the cluster-specific estimates of the associations with the explanatory
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variables, where the coefficients and variance estimates are then adjusted to account for the
random effects terms (Dohoo et al., 2014b). These models are typically fit using iteratively
reweighted least-squares regression, restricted maximum likelihood, maximum likelihood, or
Bayesian estimation. Due to the added complexity when the outcome being modeled is not
continuous, the likelihood function needs to be approximated using methods such as numerical
quadrature when using a maximum likelihood-based estimator, which can make fitting these
models very computationally expensive. A limitation of most software implementations of mixed
models is that random effects are generally assumed to be normally distributed, and a limitation
specific for non-continuous outcomes is that it may be very difficult to specify a particular
correlation structure to describe how observations within a cluster relate to one another.
Generalized estimating equations are an alternative to mixed models, which allow for the
specification of a between-observation correlation structure, which is subsequently used to fit a
model that is averaged over all clusters (Dohoo et al., 2014c). Although the correlation structures
for generalized estimating equations are typically limited to only a single level of clustering, as
long as the highest level of clustering is described, the resulting estimates of regression
coefficients and standard errors will be unbiased (Masaoud and Stryhn, 2010). Time-to-event
models are also to evaluate outcomes such as culling, time to mastitis onset, time to cure after
treatment, and time to mastitis recurrence. Hierarchically structured time-to-event data can be
modelled using Cox proportional hazards models with frailty terms (De Vliegher et al., 2005;
Van den Borne et al., 2011; Ampe et al., 2012), or accelerated failure time models with random
effects. Nested frailty Cox models can also be fit as mixed effects models where the outcome is
Poisson distributed, and the clustering is captured by random effects terms (Schukken et al.,
2010; Elghafghuf et al., 2014).
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Many observational and experimental studies of mastitis epidemiology have already
incorporated data from multiple farms, and as datasets continue to become more easily linked
this trend will only continue. To continue extracting robust and valid insights from these data
researchers must ensure that the underlying hierarchical structures are considered by using the
methods described in this section.

1.3. Multiple outcome measures and meta-analyses

Health research has benefitted not only from increased availability of data storage, retrieval
and linking methodologies, but also from technologies used to collect these data. Technologies
that enable simultaneous identification and measurement of multiple types of biologically
relevant compounds and micro-organisms, along with increasing ease with which study subjects
can monitor and record their own outcomes, have made it possible for researchers to define
increasingly complex and multifactorial health outcomes.
Multiplex assays of cytokines have been used in studies to assess immune response to many
different diseases in different species. Differential expression of cytokines has been associated
with thyroid disease (Linkov et al., 2008), COVID-19 severity (Del Valle et al., 2020), cats with
septic shock (Troia et al., 2020), and chronic lameness in dairy cattle (Herzberg et al., 2020).
Although selection of cytokines for multiplex assays typically needs to be species-specific
(Lesueur et al., 2019), immunoassays for disease specific antibodies and toxins have also been
used for potential detection of Staphylococcus aureus mastitis (Abril et al., 2020) and Johne’s
disease (Li et al., 2017) in dairy cattle. When so many different outcomes are measured and
analyzed simultaneously, the issue of multiple comparisons arises where the likelihood of
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making a type I error increases beyond the accepted threshold since multiple tests are being
conducted using the same data. This occurs in other big data contexts as well, where increasingly
wide datasets (number of predictors > number of samples) are common, and it is important to
avoid these spurious associations. One approach is to use univariate analyses for each outcome
separately, and then apply a post-hoc correction to each P-value to control for the inflation of the
type I error rate (Troia et al., 2020), although some studies fail to account for the multiple
comparisons entirely (Del Valle et al., 2020; Herzberg et al., 2020). Another approach is to
model the outcomes using a multivariate distribution after assessing the underlying assumptions,
such that all the comparisons of interest are made within a single statistical model that is able to
account for between-outcome correlations (Linkov et al., 2008). Although developed for gene
expression data, a mixed effects model approach that separates within- and between-subject
variability for each outcome can easily be applied to other settings with multiple outcomes
(Liquet et al., 2012).
One area where the impact of studies reporting on multiple outcome measures has grown is
in meta-analyses of study findings. As the number of journals indexed online continues to grow
(Basu, 2010; Collazo-Reyes, 2013), it is likely that the number of studies included in systematic
reviews and meta-analyses will also continue to grow. With increasing numbers of studies, and
multiple outcomes within studies, meta-analyses will require that the researcher accurately
identify different sources of heterogeneity in study findings and incorporate this knowledge into
their inference. Understanding the sources of heterogeneity is an important aspect of conducting
meta-analyses, and methods such as stratified meta-analysis and meta-regression can be used to
assess whether reported study characteristics are contributing to the underlying heterogeneity
(Thompson and Sharp, 1999). If even after the use of these methods, there is considerable
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heterogeneity, the meta-analysis should be conducted using a random effects model, which
quantifies the degree to which unmeasured study characteristics contribute to the residual
heterogeneity in the results. The random effects meta-analysis model is an application of the
mixed-effects models described in section 1.2, where the study is the hierarchical level at which
clustering is expected to occur. The estimates for study-level variance and residual variance are
then used to compute the tau statistic, which is comparable to the intra-class correlation
coefficient in epidemiological studies. In the absence of any unmeasured, study-specific
heterogeneity, a random-effects meta-analysis model reduces to a fixed-effects model, leading to
the recommendation that random-effects models should always be used by default (Hunter and
Schmidt, 2000). These random-effects models can also be fit in a Bayesian framework, allowing
for the further incorporation of study-specific uncertainty in outcome recording, providing a
flexible way to model the same data while making fewer assumptions (Higgins et al., 2009).
Recent interest in developing methods to update meta-analysis results by automating the
inclusion of new publications (Tsafnat et al., 2014; Reddy et al., 2020) means that it is even more
important that robust and appropriate statistical methods are chosen for analysis from the start.

1.4. Machine learning models to predict clinical outcomes

The last area of health research that has benefitted greatly from the advancements in data
storage and retrieval, as well as computational technologies has been in the development of
clinical prediction models. Increased availability of large datasets has resulted in more data being
used to train and validate models, while increased access to computational resources have made
it possible to train more complex and resource-intensive models than was previously possible.
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There has been growing interest in developing models to predict disease onset, and response to
treatment in both human health, as well as in the dairy industry.
The specific type of data used for model development is an important consideration when
determining what the goal of the prediction model would be. As an example, electronic health
records or clinical assessments collected infrequently and at irregular intervals are best suited for
models that facilitate decision-making regarding prognosis, treatment and support, whereas highfrequency sensor data, or diagnostic images are better suited for detection and diagnosis of
disease (Shatte et al., 2019). When compared against common clinical risk scoring, machine
learning methods using electronic health records were better able to predict strokes (Wang et al.,
2020; Lip et al., 2021) and allowed for earlier detection of type II diabetes (Kopitar et al., 2020).
When used with machine learning models, data from sensors can aid in diagnosis of many
diseases (Yin and Jha, 2017), but they also provide a useful tool for patient monitoring to better
understand mental health (Mohr et al., 2017) and facilitate health management of individuals
with dementia (Enshaeifar et al., 2018). With new computational technologies facilitating the
handling of more complex data types, machine learning models have been able to successfully
detect COVID-19 from X-rays (Kassania et al., 2021; Rasheed et al., 2021), identify cardiac
abnormalities using computed tomography (Singh et al., 2018) and predict numerous
neurological outcomes based on MRI scans (Sabuncu and Konukoglu, 2015). In the dairy
industry, machine learning models have primarily been developed for disease detection, although
there has also been interest in applications relating to milk production and milk quality (Slob et
al., 2021). Within disease detection, particular attention has been paid to developing models for
the timely detection of mastitis, with predictor variables consisting primarily of milk
characteristics measured during the milking process (Hogeveen et al., 2010; Slob et al., 2021).
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Prediction models using images have also been developed to detect mastitis (Xudong et al.,
2020) and lameness (Wu et al., 2020), as well as for animal identification (Jiang et al., 2019).
Many different machine learning algorithms exist, each with its own benefits and
drawbacks, and existing literature shows the diversity of algorithms used for developing
predictive models in the health and dairy settings (Hogeveen et al., 2010; Shatte et al., 2019;
Triantafyllidis and Tsanas, 2019; Slob et al., 2021). For dairy applications in predicting milk
production and udder health, models built using artificial neural networks tend to perform the
best (Slob et al., 2021), whereas a recent review of clinical prediction models in the human
health settings found no measurable benefit of using other algorithms over logistic regression
(Christodoulou et al., 2019). Effective machine learning models should be able to take full
advantage of the big data that is now used for their development by: 1) using large sample sizes
to avoid overfitting training data and conducting robust validation of models, 2) incorporate
different types of data from varied sources as predictor variables, and 3) make full use of the rate
at which new data are generated. Most machine learning algorithms used for the development of
clinical prediction models take advantage of the first two characteristics described above, but
they tend to base their predictions on a single vector of observed variables at a time. Information
about previous observations can be captured by computed variables such as the mean or variance
over the preceding observations, or the time since the previous observation, but these variables
need to be specified by the researcher beforehand. When developing models for the detection of
mastitis in dairy cattle, some approaches have been to specify variable-specific temporal patterns
beforehand to assess their association with mastitis (Cavero et al., 2008; Kamphuis et al., 2008);
use principal component analysis on a fixed sequence length to compare with other sequences of
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the same length to identify outliers (Miekley et al., 2013); and to ignore the sequential nature of
the data entirely (Ebrahimi et al., 2019; Hajaya et al., 2019).
In addition to their effectiveness for the prediction of clinical outcomes, interest in
developing artificial neural network models continues to grow as they consistently outperform
other machine learning algorithms for tasks in computer vision (O’Mahony et al., 2019), text
analysis (Sumathi and Pugalendhi, 2021) and even creating artwork and music (Jing et al., 2020).
Neural network can be thought of as a non-parametric modelling approach, as the user has no
input on how the relationship between predictors and outcome variables are defined. Neural
networks are an extension of generalized linear regression that are able to identify extremely
complex and abstract interactions between predictor variables without the need for explicit
specification (Hastie et al., 2009). Prediction in neural networks occurs over multiple “hidden
layers”, each of which is composed of multiple nodes, each of which in turn compute a weighted
sum of all the outputs of the previous layer, starting with the input variables and are described as
“feed-forward”. The final layer takes a weighted sum of the outputs of the previous layer, and the
output of the final layer corresponds to the prediction task such as predicting a value for a
regression problem or presenting class probabilities in a classification problem. As each node in
the first hidden layer performs a weighted sum over all the input values, it can represent a D-way
interaction, where D is the total number of input variables. Each subsequent hidden layer is then
an interaction of interactions, increasing in complexity, thus networks with larger numbers of
hidden layers and nodes are able to capture increasingly complex relationships among predictor
variables and the outcome of interest. Model training proceeds by estimating parameter weights
(the vector of weights used to take the weighted sum at each node) to minimize a loss function
that measures the error in predictions. For each epoch (pass over the entire dataset), the network
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first predicts the outcome based on the current parameter estimates (randomly initialized for the
first epoch). The predicted value is then used to calculate the value for the loss function, and the
partial derivative of the loss function with respect to each parameter in the model. The values of
the partial derivatives are then used to update the parameter estimates, and the next epoch begins.
Training can continue for a pre-defined number of epochs, or continue until the model’s
performance stops improving by a specified amount.
As each node within each hidden layer has a vector of weights that need to be estimated,
complex neural networks can easily have hundreds of thousands or millions of parameters whose
values need to be optimized. Although increased availability of graphical processing units
(GPUs) with large amounts of memory have made training these models computationally
feasible, the large number of parameters to be estimated does present some disadvantages for the
model. As neural network training is entirely data driven (the user does not specify the variable
relationships), neural networks are extremely prone to overfitting training data. When collecting
data, neural networks need very large numbers of samples, that adequately represent the
population they are sampled from, and a separate test set to be able to accurately estimate model
generalizability. Regularization also needs to be used during the training process to restrict the
magnitude of parameter estimates or to control how often parameter estimates are updated to
limit overfitting. Limiting the number of epochs for training is another way to reduce the
potential for overfitting, but this should be tied to changes in model performance. The
complexity of the parameter relationships and the resulting partial derivatives at each epoch also
present a computational challenge for optimization (Murugan and Durairaj, 2017). To avoid suboptimal model fits resulting from local minima in the loss function’s gradient, users can specify
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adaptive optimization algorithms that adjust the learning rate (size of parameter updates) as the
estimates approach minima.
Although neural networks are non-parametric, users have considerable control over the
architecture, parameter regularization and optimization through specification of hyperparameters.
Hyperparameter tuning is part of the process for developing any machine learning algorithm, but
the large number of hyperparameters that can be controlled in neural network make this task
more challenging than for other algorithms. As an example, when performing hyperparameter
tuning for a support vector machine classifier, model fitting is controlled primarily by the kernel
type and regularization parameter. To choose optimal values for those two parameters, a user
might use a grid or random search over candidate values, and compare model fit to select the best
combination. In a neural network on the other hand, the user can control the number of hidden
layers, the number of nodes per layer, parameter regularization for each layer, the random initial
values, and the learning rate for the optimization algorithm. A grid search over even a few
candidate values for each of these hyperparameters quickly results in a large number of models
that need to be compared, and due to the computational requirements to train each one, it
typically is not feasible. Many studies rely on ‘ad-hoc’ tuning, changing only few
hyperparameters, while using software defaults for the rest, but developing efficient methods for
hyperparameter tuning in neural networks is an active area of research. Recurrent neural
networks (RNNs) are an extension of the feed-forward artificial neural network, that are able to
take into account temporal dependencies between predictor variables and the outcome of interest
(Goodfellow et al., 2016). Long short-term memory cells can be implemented within RNNs to
increase the ability of these networks to capture long-term dependencies between predictors and
outcomes while reducing the computational requirements of parametrizing these relationships
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(Hochreiter and Schmidhuber, 1997). Since RNNs are able to capture complex, non-linear
variable interactions, there has been substantial interest in applying these to predict mortality,
significant health events, and prescription medication usage based on electronic medical records
(Choi et al., 2016b; a; Sha and Wang, 2017; Wang et al., 2019a). In dairy research, the only
identified application of recurrent neural networks has been for the prediction of calving
intervals (Keceli et al., 2020). Mastitis diagnosis is often preceded by changes in behaviour, milk
composition, and production (Sepúlveda-Varas et al., 2016; King et al., 2017), so using models
which can accurately capture these long-term patterns would likely lead to improved
performance. One challenge of sequence modeling however, is the need to differentiate between
early disease detection and false-positives, leading to the recommendation that outcomeindependent reference point be used for model evaluation rather than evaluating the performance
at only a specific point in time (Sherman et al., 2017).

1.5. Thesis rationale
As technology adoption continues to grow as a way to facilitate individual health monitoring
and management, as well as to provide operational support to healthcare providers and dairy
producers, the volume and variety of data generated will also grow. As these large datasets
provide ample opportunities for scientific research, it is important that appropriate methods are
chosen to maximize the value of inferences made using these secondary data, while also
considering their limitations.
Mastitis in primiparous dairy cattle (heifers) has received less attention in research than in
older cattle, since they have not been exposed to the milking process, and are often assumed to
be less susceptible than older animals (De Vliegher et al., 2012). The rates of mastitis in dairy
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heifers compared to older animals has not been described in Canada, although an earlier study
from the Netherlands found that early lactation incidence of clinical mastitis in heifers can be 4
times higher than in older cattle (Barkema et al., 1998). Recommendations for overall mastitis
control in dairy herds have existed for over 50 years (Neave et al., 1969), but recommendations
specific for the control of heifer mastitis were only developed in 2014 (National Mastitis
Council, 2014), despite the fact that risk factors for and consequences of mastitis in heifers are
very different from in older animals (Gröhn et al., 2004; Piepers et al., 2009; Supré et al., 2011).
Describing the occurrence of heifer mastitis in Canada and evaluating the effectiveness of heiferspecific management strategies therefore requires the use of data from multiple herds and varied
sources, and the appropriate handling of the hierarchical nature of the data and explanatory
variables at the lactation, cow, and herd-levels.
Models for the detection of mastitis onset have been developed as early as 1997 (De Mol et
al., 1997), but the need for high performance models that accurately detect onset has grown due
to the increasing adoption of automated milking systems on dairy farms (Barkema et al., 2015;
Dairy barns by type, 2020). Dairy producers who transition to automated milking systems need
to change their disease management practices, and perceive changes (either positive or negative)
in the occurrence of various diseases in their herds (Tse et al., 2017). As producers have fewer
direct interactions with their animals in these automated systems, surveillance for diseases in
their herds will need to rely more on measurements taken by these systems rather than direct
observation of animals. The development accurate mastitis detection models should therefore
incorporate data from various sources and herds to maximize generalizability, use predictor
variables of different types, while also appropriately accounting for the underlying heterogeneity
that accompanies varied data sources.
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As described in Section 1.3, multiplex cytokine assays provide a valuable tool for
understanding and describing the immune response to many different diseases. In particular, the
cytokine “fingerprint” of an individual can be used to understand their response to interventions
for the management of autoimmune diseases such as Crohn’s and ulcerative colitis (Dann et al.,
2014; Powell et al., 2015), or as a biomarker to facilitate early detection of disease, infection and
sepsis (Paajanen et al., 2002; Vermeire et al., 2004; Kafetzis et al., 2005; Sack et al., 2006;
D’Haens et al., 2012). To gain insights from cytokine assays and combine them with other
explanatory variables requires that analytical methods appropriately account for within-subject
correlations of outcome measures, multiple within-subject comparisons, and multiple
observations per subject.
The overall aims of this thesis were therefore: 1) to explore the scenarios described in this
section by using secondary datasets that combine high volume data from varied sources; 2)
identify valuable insights that can be generated from these data, while considering the contextspecific priorities and limitations; and 3) apply the most appropriate big data methodologies for
the analysis of these data. As described in the previous sections, there are many similarities in the
large datasets used to understand human health and animal health in the dairy industry, so the
selected methods will also be broadly applicable to other scenarios. The methods employed for
these analyses will span the range of statistical tools available for epidemiological research
including parametric regression models with defined variable-outcome relationships and rigid
distributional assumptions, mixed models that are able to relax many of those assumptions and
incorporate the effects of latent processes, and neural networks that make no distributional
assumptions about the data and are able to learn undefined predictor-outcome relationships
relevant for prediction. Lastly, along with gaining an understanding of the underlying data
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structures in each of these datasets, insights from these datasets need to be relevant within their
field, and address identified knowledge gaps while considering limitations of the secondary data
for the specific research question.

1.6. Research objectives

1. Use data from bacteriological culturing of milk samples conducted for a larger study,
combined with DHI records to describe the occurrence of clinical mastitis, subclinical
mastitis, and intramammary infections in primiparous dairy cows in Canada (Chapter 2);
2. Conduct a systematic review and meta-analysis of studies assessing the effectiveness of
different pre-calving therapies to improve post-calving udder health in primiparous dairy
cows (Chapter 3);
3. Combine data from automated milking systems, activity monitors, on-farm treatment records,
DHI and environmental temperature records to develop a recurrent neural network for the
detection of clinical mastitis (Chapter 4);
4. Use simulated data to determine the impact of common issues with data collection on multiple
dairy farms on the performance of a recurrent neural network for the detection of clinical
mastitis (Chapter 5);
5. Combine data from emergency department admissions with results of a multiplex cytokine
assay to compare immune responses of children presenting with symptoms of appendicitis
(Chapter 6);
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6. Combine data from dietary surveys with results of a multiplex cytokine assay to determine the
association of dietary factors with gut inflammation in patients with Crohn’s disease (Chapter
7).
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CHAPTER 2: Udder health in Canadian dairy heifers during early lactation

2.1. Abstract

Mastitis is the most prevalent and costly disease in dairy cattle worldwide, with implications
for animal health and welfare, as well as production and economics. Non-lactating heifers are an
often-neglected group of animals concerning mastitis management, as they are assumed to be
free of mastitis. An observational field study was conducted between 2007 and 2008 on 91 dairy
herds across Canada, representative of provincial averages of bulk milk somatic cell count
(BMSCC) and barn type. The aims of the study were to: 1) estimate in early lactating heifers
overall and pathogen-specific incidence rate of clinical mastitis (IRCM), prevalence of
intramammary infection (IMI), and prevalence of subclinical mastitis (SCM; defined as SCC ≥
200,000 cells/mL); 2) compare these udder health parameters between heifers and multiparous
cows; and 3) determine regional patterns and variation of these udder health parameters across
BMSCC categories. During the first day of lactation, IRCM was higher in heifers than in
multiparous cows (99 versus 48 cases per 10,000 quarter days at risk, respectively). Clinical
mastitis affected 4% of heifers (0.73 cases per 100 quarters) in the first 30 days after calving,
with the most common pathogens isolated being Staphylococcus aureus and Escherichia coli,
whereas S. aureus and non-aureus staphylococci (NAS) were the most commonly isolated
pathogens in multiparous cows. The IRCM in heifers was highest in Ontario, did not vary by
BMSCC category, and was higher in multiparous cows than heifers. Intramammary infections
were present in 33% of heifer quarters, with NAS being the most commonly isolated group of
bacteria in both heifers (26% of quarters) and multiparous cows (18% of quarters). Pathogen-
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specific prevalence of IMI did not differ between heifers and multiparous cows, but there were
regional differences and differences across BMSCC categories in pathogen-specific prevalence
of IMI. Prevalence of SCM in heifers was 13.6%, and was lowest in Alberta herds. In all regions,
SCM prevalence was higher in multiparous cows than it was in heifers. In conclusion, udder
health of Canadian dairy heifers was similar to other countries, demonstrating the importance of
the issue. Differences between heifers and multiparous cows early in lactation highlighted the
need for management practices to target the pre-calving period in heifers, when exposure to risk
factors differs from that in lactating cows.
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2.2. Introduction

Dairy heifers are typically not a focus when it comes to mastitis prevention and detection on
farms, as they are not lactating and free from the physical and physiological stresses associated
with the milking process (De Vliegher et al., 2012). However, the incidence of clinical mastitis
(CM) and prevalence of subclinical mastitis (SCM) is high in heifers around calving, and the
impact of CM on heifers, is more severe than that in older animals (Piepers et al., 2009). Heifers
that calve with SCM or CM are more likely to be culled during their first lactation and
persistence of mastitis into lactation has a stronger impact on future udder health and milk
production (Piepers et al., 2009). Raising an animal to first calving represents a considerable
investment that may not be recuperated over the course of a single lactation, and as such, there is
a strong economic incentive for prevention and management of mastitis around calving in heifers
(Rollin et al., 2015).
Mean incidence rate of CM (IRCM) on dairy farms ranges from 20 to 30 CM cases/100
cow-years at risk (Olde Riekerink et al., 2008a; Verbeke et al., 2014; Levison et al., 2016). The
incidence of new intramammary infections (IMI) and CM in primiparous heifers are highest in
the weeks before and immediately after calving, as rates are higher than in multiparous cows in
early lactation (Barkema et al., 1998; De Vliegher et al., 2004; Moosavi et al., 2014). The
distribution of bacterial species in milk samples from cows with CM varies with geographic
region, bulk milk SCC (BMSCC), barn type, herd hygiene and bedding type (Kalmus et al.,
2006; Olde Riekerink et al., 2008a; Verbeke et al., 2014; Rowbotham and Ruegg, 2016). In
lactating cows, Staphylococcus species often comprise a very large proportion of bacteria
isolated from IMI and mastitis cases (Kalmus et al., 2006; Verbeke et al., 2014; Yang et al.,
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2015). In contrast, in heifers raised on pasture in New Zealand, Streptococcus uberis accounted
for the majority of CM cases at calving (Pankey et al., 1991). In studies comparing bedding types
in heifers housed indoors in the US and China, coagulase-negative staphylococci (CNS) and
Escherichia coli were the most prevalent pathogens (Yang et al., 2015; Rowbotham and Ruegg,
2016). It is important to understand CM pathogen distribution, as they differ in their long-term
impact (Piepers et al., 2009; Supré et al., 2011), as well as have different impacts in multiparous
and primiparous cows (Gröhn et al., 2004).
No study has been conducted in Canada to determine species-specific IRCM in heifers.
Through determining risks and pathogens to which heifers are exposed, producers will be able to
create better targeted and effective management and treatment practices for mastitis. The
objectives of this study were, therefore, to: 1) determine the species-specific IRCM and
prevalence of SCM (defined as SCC ≥ 200,000 cells/mL) and IMI in Canadian dairy heifers in
the first month of lactation; 2) compare these udder health parameters between primiparous
heifers and multiparous cows; and 3) determine regional patterns and variation in these udder
health parameters across BMSCC categories.

2.3. Material and Methods

2.3.1. Herds and samples
Details and rationale of the selection of farms, as well as details about the sampling series
were described by Reyher et al. (2011). In short, data were collected from 91 farms in 6
Canadian provinces (17 in Alberta; 27 in Ontario; 29 in Quebec; 8 in PEI, 5 in Nova Scotia and 5
in New Brunswick, grouped together as Atlantic Canada) during 2007 and 2008. Farms were
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selected to represent farms across Canada based on housing type (free-stall versus tie-stall), as
well as uniformly encompassing 3 strata of 12-month geometric mean average BMSCC,
classified as low, intermediate and high (<150,000, 150,000 to 300,000, and >300,000 cells/mL,
respectively). In the present study, BMSCC herds were classified as low, intermediate, and high
with cut-offs of <150,000, 150,000 to 250,000, and >250,000 cells/mL, respectively, to account
for decreased herd BMSCC in the years following data collection. All farms enrolled in the study
had at least 80% Holstein-Friesian cows in their herds, milked twice a day, and were enrolled in
their regional DHI recording system.
Farmers were asked to identify cows with CM, based on abnormal milk or more severe signs
of mastitis, and submit a quarter-milk sample on the day of CM diagnosis, with 2 follow-up
samples during treatment (Reyher et al., 2011). A total of 16 of the 91 herds were excluded from
the current study, because when audited, they had recorded < 80% of CM cases (Dufour et al.,
2011). A non-clinical lactating longitudinal milk sampling series was also done to determine the
incidence of IMI and of SCM in cows considered clinically normal at the beginning of the series.
Ten lactating cows were selected randomly and the 5 most recently calved cows were added.
Quarter milk samples were collected from these 15 cows by Canadian Bovine Mastitis Research
Network (CBMRN) technicians 3 times every 3 weeks during spring of 2007 and during 2008.
During the summer of 2007, an intensive sampling period consisted of 7 samples collected every
week. In this study, only samples collected during the first 30 DIM were considered; although
bacteriological findings were reported from all samples collected during the 30 DIM period,
prevalence estimates were based on only the earliest sample from each animal during that period.
Prevalence of SCM during the first 30 DIM were estimated from DHI milk records. Subclinical
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mastitis was defined as a composite milk SCC ≥ 200,000 cells/mL in DHI composite milk
samples.

2.3.2. Laboratory analyses
Details of sample processing protocol were described by Reyher et al. (2011). Briefly, milk
samples collected by farm personnel (CM series) were stored on farm until monthly pickup by
technicians, whereas samples collected by CBMRN technicians were immediately sent to 1 of 4
CBMRN laboratories for bacteriological culture and analysis. Before culture, non-CM samples
were split and SCC was determined using a Fossomatic cell counter (Foss Electric, Hillerød,
Denmark). Bacteriological culturing and identification were conducted following a standardized
protocol outlined in the National Mastitis Council guidelines (Hogan et al., 1999). If > 2 species
were isolated, the sample was considered contaminated, with the exception of S. aureus and S.
agalactiae, in which case the species was still identified and quantified. For the purposes of
defining IMI in the present study, an IMI by a particular species was defined as having ≥ 1
colonies formed from a 10-μL inoculum in mixed or pure culture, with no minimum SCC
requirement (Dohoo et al., 2011). Pathogens were grouped into 4 categories: contagious
pathogens (S. aureus, Streptococcus dysgalactiae), environmental pathogens (E. coli, Klebsiella
spp., Enterobacter spp., Nocardia spp., Prototheca spp., Trueperella pyogenes), non-aureus
staphylococci (NAS), and other pathogens (other bacteria, yeasts, and fungi). As IMI by up to 2
pathogens was possible, a single quarter could be included in multiple pathogen groups.
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2.3.3. Statistical analyses
Data organization and reshaping were done with R version 3.32 (R Development Core
Team, 2008), whereas statistical analyses of disease and species distribution used the “geepack”
(Halekoh et al., 2006) and the “lme4” (Bates, 2015) packages. A P-value < 0.05 was considered
significant. Statistical analyses were conducted for 3 outcomes: CM, IMI, and SCM.
Clinical mastitis. The IRCM was calculated at the quarter level, with the population at risk
determined from DHI records. Marginal models using generalized estimating equations (GEEs)
were used to estimate parameters. Preliminary unconditional analyses detected no evidence of
overdisperion, so the Poisson distribution was selected for all analyses. Only the herd-level
correlation structure was included, as using the sandwich estimator for variance accounts for any
nested clustering effects within the highest cluster (Betensky et al., 2000). Parity (dichotomized
between heifers and multiparous cows), and either region (Alberta, Ontario, Quebec, and
Atlantic Canada) or BMSCC (< 150,000; 150,000 – 250,000; or >250,000 cells/mL) were
included as predictors, as well as interaction terms between parity and the other predictor to
allow stratum-specific estimates. For within-BMSCC comparisons, a subgroup analysis
stratifying by region was conducted. One model compared overall IRCM between heifers and
multiparous cows, whereas the other 4 compared pathogen-specific IRCM between heifers and
multiparous cows. The model used for estimates of CM was:
ln(n|Y! ) = β" + β# Parity + β$ Region + β% BMSCC + β& Parity × Region
+ β' Parity × BMSCC! + β( Region × BMSCC
+ β) Region × BMSCC × Parity + Corr(Y! ) + ln (p)
where (C|D* ) is the predicted number of overall or pathogen-specific clinical mastitis cases in
herd i assumed to follow a Poisson distribution; E# to E) are regression coefficients for the
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predictors and their interactions; FGHH(D* ) is a correction based on the exchangeable correlation
structure of observations within the same herd; IC(J) is the offset of the equation, and the natural
logarithm of the population at risk. Parameter estimates and predictions from GEEs represent
population averaged estimates (average of all herds in Canada), in contrast to subject-specific
estimates (for herds included in the study) provided by mixed effects models.
In addition, a model using only parity was used to compare differences in mean daily IRCM
between heifers and multiparous cows for the first 15 DIM:
ln(n|Y! , DIM) = β" + β# Parity + Corr(Y! )+,- + ln (p+,- )
where (C|D* , MNO) is the predicted number of CM cases that follow a Poisson distribution in herd
i on a given DIM which ranged from 0 to 14; E# is the log incidence rate ratio between heifers
and multiparous cows; FGHH(D* ) is correction based on the exchangeable correlation structure of
observations within the same herd on the given DIM; ln (J./0 ) is the offset of the equation and
the natural logarithm of the population at risk on the given DIM.
Intramammary infection. Prevalence of IMI in the first 30 DIM was calculated at the quarter
level using the first sample taken per animal and lactation as part of the non-clinical longitudinal
series during that interval, with population at risk determined from the total number of quarters
sampled during the first 30 DIM. Mixed effects logistic regression models were fitted to
determine differences in prevalence between groups, with random effects at the herd and animal
levels. Estimation of model parameters was conducted via REML with Laplace approximation.
Although results were reported as odds, the inverse logit function was used to present prevalence
(for ease of interpretation), although differences were still assessed by comparing odds ratios.
The latter were not converted to risk ratios, as when dealing with common diseases (prevalence >
10%), converted odds ratio overestimate the strength of the association (McNutt et al., 2003).
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The logit link was used instead of the log link, due to higher model convergence rates with the
included random effects. Region, BMSCC and parity were included as predictors, as they were
for the CM models. Significance of differences across predictors, and their interactions with
parity, were forced into the model for overall IMI prevalence and pathogen-specific prevalences
to enable reporting of stratum specific estimates. The model used for IMI prevalence estimate
was:
ln P

p
Q = β" + β# Parity + β$ Region + β% BMSCC2 + β& Parity × Region
1 − p 12
+ β' Parity × BMSCC2 + β( Region × BMSCC2
+ β) Region × BMSCC2 × Parity + u2 + v1

3

where T#43U

56

is the predicted quarter-level odds of having any or pathogen-specific IMI for

animal j in herd k, where p is assumed to follow a binomial distribution; E# to E) are regression
coefficients for the predictors and their; V6 is the random intercept term for herd, assumed to be
normally distributed with a mean of 0 and a constant variance; and W5 is the random intercept
term for animal, assumed to be normally distributed with a mean of 0 and a constant variance
and accounted for correlation between multiple quarters sampled within each animal. Parameter
estimates from mixed effect GLMs represent the average of all the subject-specific estimates
from model (average of all the herds and animals included in the study).
Subclinical mastitis. Prevalence of SCM was calculated at the cow level using all DHI
records available in the first 30 DIM. A mixed effects logistic regression model was used, with
random effects at herd and animal levels. Estimation of model parameters was conducted via
REML with Laplace approximation. The logit link was used again instead of the log link, so that
between-group comparisons were done using odds ratios. Region and parity were included as
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predictors as they were for CM and IMI, and the significance of differences across predictors and
interactions with parity were included to determine stratum specific estimates of SCM
prevalence. The model used for SCM prevalence prediction with stratification by region was:
ln P

p
Q = β" + β# Parity1 + β$ Region + β% Parity1 × Region + u2 + v1
1 − p 12

3

where T#43U

56

is the predicted animal-level odds of having SCM for animal j in herd k, where p

is assumed to follow a binomial distribution; E# to E% are regression coefficients for the
predictors and their interactions; V6 is the random intercept term for herd and was assumed to be
normally distributed with a mean of 0 and a constant variance; and W5 is the random intercept
term for animal and was assumed to be normally distributed with a mean of 0 and a constant
variance.
All results presented are least-square means predictions from models with Wald confidence
intervals; therefore, they are adjusted for clustering. In the case of IMI results, they were also
adjusted for imperfect sensitivity and specificity using the following formula presented in Dohoo
et al. (2014):
True Prevalence =

Apparent Prevalence + Specificity − 1
Sensitivity + Specificity − 1

Values for sensitivity and specificity were derived from Dohoo et al. (2011b), where values for
S. aureus were used for contagious pathogens; E. coli values were used for environmental
pathogens (more conservative than the Streptococcus values); CNS values were used for NAS;
and values for “Any Pathogen” were used for the Other pathogen category.
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2.4. Results

2.4.1. Clinical mastitis
At the first DIM, IRCM in heifers (99 per 10,000 cow-days) was higher than in multiparous
cows (IRR = 0.67: P = 0.01; Figure 2-1). At 4 DIM, multiparous IRCM (49 per 10,000 cowdays) was higher than that in heifers (11 per 10,000 cow-days). After 4 DIM, the incidence
curves for the 2 groups converged and were not different for the next 10 DIM. In heifer CM
samples, NAS were the most commonly isolated pathogen, whereas in multiparous cow CM
samples, S. aureus was the most commonly isolated pathogen (21 and 18%, respectively; Table
2-1).
Across Canada, IRCM in the first 30 DIM did not differ between BMSCC categories, with
a combined adjusted IRCM of 4.09 cases per 100 cow-months at risk, although there were some
differences after stratification by region (Table 2-2). In high BMSCC herds in Ontario, IRCM in
the first 30 DIM was higher in multiparous cows than in heifers. No regional differences in
pathogen-specific IRCM were present in heifers, and only contagious IRCM was higher in the
first 30 DIM in multiparous cows than it was in heifers (Table 2-3). Incidence rate of CM in
heifers and multiparous cows was similar in the first 30 DIM for all BMSCC categories, but
when combined was higher in multiparous cows than in heifers (Table 2-4). Pathogen-specific
IRCM did not vary by BMSCC category, nor did it differ between heifers and multiparous cows
for any category.
In a given herd, although IRCM in multiparous cows was predictive of IRCM in heifers
(coefficient = 0.30; 95% CI: 0.10 – 0.50), they were very poorly correlated (R2 = 0.09; Figure 22).
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2.4.2. Intramammary infection
Distribution of pathogens in heifer and multiparous cow samples collected in the first 30
DIM was similar (Table 2-5). Non-aureus staphylococci were the most commonly isolated group
of pathogens in both heifers and multiparous cows (34 and 31% of total number of samples,
respectively).
Overall prevalence of IMI was higher in heifers (33.4%) than it was in multiparous cows
(25.8%). IMI prevalence varied among regions (Table 2-6). Within heifers, NAS IMI prevalence
was lowest in Atlantic Canada, whereas IMI by the other pathogen group was lowest in Atlantic
Canada and Quebec. Prevalence of IMI did not vary between heifers and multiparous cows
regionally, although there were some differences across Canada. Environmental IMI prevalence
was higher (P = 0.04) in multiparous cows (3.0%) compared to heifers (2.0%), whereas NAS
IMI was more prevalent in heifers (26.4%) than it was in multiparous cows (18.4%).
Overall prevalence of IMI was not different between BMSCC categories, although regional
and pathogen-specific differences were present upon stratification (Table 2-7). Overall IMI
prevalence was highest in high SCC Alberta herds, but IMI were more prevalent in multiparous
cows in SCC herds in every region. Contagious pathogen IMI was lowest in medium SCC herds
(1.7%), and within high SCC herds, was lowest in Ontario and Quebec. Environmental IMI
prevalence in heifers did not vary regionally or among BMSCC categories, with a combined
adjusted prevalence of 2.0%. Non-aureus staphylococci IMI prevalence was highest in high SCC
Alberta herds (69.3%), and lowest in low SCC Atlantic Canada herds (1.9%). Prevalence of IMI
by the other pathogen group varied both within heifers and between heifers and multiparous
cows following stratification by region and BMSCC. In high and medium SCC herds, other IMI
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prevalence was higher in multiparous cows than heifers. High SCC heifers from Quebec herds
also had the lowest other pathogen group IMI prevalence of all high SCC herds.
Within herds, IMI prevalence in multiparous cows was predictive of IMI prevalence in
heifers (coefficient = 0.66; 95% CI: 0.32 – 1.00), and the 2 were not highly correlated (R2 = 0.13;
Figure 2-3).

2.4.2. Subclinical mastitis
Prevalence of SCM in heifers was lowest in low BMSCC herds, with a combined prevalence
of 13% of animals after adjustment for clustering and it increased with increasing BMSCC
category, reaching 15 and 20% in medium and high BMSCC herds, respectively. Heifers in
Alberta herds had the lowest SCM prevalence at 9.8%, whereas SCM prevalence was similar
among other regions (Table 2-8). In all regions, SCM was more prevalent in multiparous cows
than in heifers.
Prevalence of SCM in heifers in the first 30 DIM was positively associated with SCM
prevalence in multiparous cows, where heifer SCM prevalence increased 0.29% (95% CI: 0.22 –
0.35%) for every 1% increase in multiparous SCM prevalence (R2=0.45; Figure 2-4).

2.5. Discussion

The primary aim of this study was to quantify the occurrence of udder health problems in
primiparous heifers on Canadian dairy farms in the early post-calving period. Although IRCM
was higher in multiparous cows over the course of the first month of lactation, immediately after
calving, IRCM was higher in heifers than multiparous cows. Only IRCM by contagious
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pathogens was higher in multiparous cows than in heifers in the first 30 DIM, whereas all other
pathogen-specific rates were similar between the 2 groups. Overall prevalence of IMI in the first
30 DIM was higher in heifers than in multiparous cows. Pathogen-specific differences were only
present upon stratification by region and BMSCC. Prevalence of SCM was higher in multiparous
cows than heifers in all BMSCC categories and regions.
The 30 DIM IRCM at animal level was 4.09 cases per 100 cows at risk, comparable to
results published by Elghafghuf et al. (2011) using the same dataset, and yearly incidence in
heifers was 21.3 per 100 cow-years at risk after a very high hazard of CM in the first 13 DIM.
This IRCM was also consistent with Parker et al. (2007) who reported 13.6% IRCM during the
first 4 months of lactation in dairy heifers in New Zealand. In an earlier study in Finland, IRCM
in heifers was much higher at 4.4% in the first week of lactation (Myllys and Rautala, 1995).
Barkema et al. (1998) reported similar results to the present study with a mean IRCM in heifers
of 4.38 quarters per 10,000 cow-days at risk.
During the first day of lactation, overall IRCM was much higher in first-calving heifers than
in multiparous cows, consistent with other reports (Barkema et al., 1998; Compton et al., 2007).
After the first few DIM, heifer IRCM decreased to rates similar to multiparous cow IRCM,
which was also demonstrated by Barkema et al. (1998). In contrast, Compton et al. (2007)
reported that heifer IRCM remained consistently higher than older cow IRCM, even after the
first week of lactation. In the present study, overall IRCM during the first 30 DIM was slightly
lower in heifers (4.09 cases per 100-cow months at risk) than in multiparous cows (5.28 cases
per 100-cow months at risk), consistent with results from Belgium (Verbeke et al., 2014),
Estonia (Kalmus et al., 2006) and Sweden (Person Waller et al., 2009).
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Pathogen distribution from CM highlighted interesting differences between the present
study and other studies. In heifers with CM, NAS were the most commonly isolated pathogens,
whereas in multiparous cows, S. aureus was the most commonly isolated pathogen. In Belgium,
Strep. uberis and E. coli were the most commonly isolated pathogens from heifer CM (Verbeke
et al., 2014); Strep. uberis was by far the most commonly isolated pathogen in New Zealand
(Compton et al., 2007); S. aureus, Strep. dysgalactiae, and E. coli in Sweden (Persson Waller et
al., 2009); E. coli and coagulase-negative staphylococci in China (Yang et al., 2015); S. aureus
and E. coli in the Netherlands (Barkema et al., 1998), and E. coli and Strep. uberis in Estonia
(Kalmus et al., 2006). In multiparous cows, S. aureus and E. coli were the most frequently
isolated pathogen from clinical mastitis cases (Verbeke et al., 2014; Levison et al., 2016). In
general, environmental pathogens are more commonly isolated from heifers than from
multiparous cows with CM, whereas S. aureus is typically associated with mastitis in
multiparous cows, and is occasionally isolated from heifers. The high number of NAS isolated
from heifer CM samples (unlike many previous studies) highlighted their role in udder health,
especially for Canadian herds. In the present study, only contagious IRCM was higher in
multiparous cows than heifers in the first 30 DIM, whereas all others were very similar,
suggesting that contagious pathogens were driving the higher IRCM in multiparous cows.
Interestingly, IRCM in heifers did not vary among regions, although a previous study in Canada
demonstrated significant regional variation in multiparous cows (Olde Riekerink et al., 2008b),
attributed partially to regional differences in housing types and climate. As heifer housing in
Canada typically differs from housing of multiparous cows, that difference in housing type may
not be as important in young stock. Low within-herd correlations of IRCM between heifers and
multiparous cows may have been due to differences in management, although as sample sizes for
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this comparison were low, the analysis had limited reliability and should be interpreted with
caution.
Overall prevalence of IMI in this study was similar to those conducted in other countries,
although variation among those studies exists as well. Early lactation IMI prevalence was as low
as 22% in New Zealand (Compton et al., 2007), and at approximately 30% in Belgium and
Denmark (Aarestrup and Jensen, 1997; Piepers et al., 2009). Overall IMI prevalence of 34% of
quarters in heifers was reported in this study, which seemed slightly higher than those studies
(although animal level prevalence may be more similar), but still lower than a prevalence of 57%
reported in Brazil (da Costa et al., 1996). Comparing IMI prevalence between studies can be
difficult, due to differences in the case definition of IMI after culturing, with different
sensitivities and specificities (Dohoo et al., 2011a; b) that can lead to effects on analysis due to
misclassification (Dufour et al., 2012). In this study, a diagnosis of IMI diagnosis was a
pathogen-specific case definition, based on a single sample with the highest sensitivities and
specificities (Dohoo et al., 2011b), followed by correction of prevalence estimates using those
values. Overall prevalence of IMI in the first 30 DIM was higher in heifers than in multiparous
cows (34 vs 26%).
Pathogen distribution in heifer IMIs was more similar to previously described research.
Non-aureus staphylococci were the most commonly isolated pathogens from milk samples,
being isolated from 34% of samples. Studies in Brazil, Denmark, New Zealand, Belgium and the
US, reported prevalence of CNS IMI at 49, 14, 10, 10, and 9%, respectively (da Costa et al.,
1996; Aarestrup and Jensen, 1997; Compton et al., 2007; Piepers et al., 2009; Rowbotham and
Ruegg, 2016). Overall prevalence of NAS IMI in heifers was 26%, although using a Bayesian
framework, adjusted CNS IMI prevalence was 43% (Dufour et al. 2012). This difference may be
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attributed to different adjustment methods, and different study populations (heifers in the present
study versus both heifers and multiparous cows in Dufour et al. 2012). Regional differences in
IMI prevalence were present for only NAS and other pathogens, with Atlantic Canada having the
lowest prevalence of both. Differences in regional climate and housing types, and other
management practices that were not captured in this study may have contributed to differences in
bacterial species present in the environment. There was no variation in prevalence of IMI by any
pathogen type across BMSCC categories without further stratification by region. In high
BMSCC herds, overall IMI was more prevalent in multiparous cows in all regions. Interestingly,
contagious pathogen prevalence in heifers was actually highest in low SCC herds, but was not
different from prevalence in multiparous cows. In both high and medium SCC farms, contagious
IMI prevalence was much higher in multiparous cows. These observations were counterintuitive
as proper milking management practices should decrease prevalence of contagious pathogens
and BMSCC.
Low within-herd correlation of heifer IMI prevalence and older cow IMI prevalence may
be reflective of the different environment and pathogens the animals are exposed to prior to
calving. Again, a low sample size makes this comparison fairly crude, and results should be
interpreted with caution.
Subclinical mastitis was present in 13.6% of heifers tested in the first 30 DIM, and was
consistent regionally, except for in Alberta where it was only 9.8%. In a previous study
(Santman-Berends et al. 2012), prevalence of SCM in heifers was 26% in the first 100 DIM;
perhaps this higher estimate was due to a longer observation period. Rowbotham and Ruegg
(2016) estimated SCM in heifers to be present in 31% of quarters over the course of the first year
in lactation. Comparisons with previous research in heifers was difficult, due to different case
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definitions for subclinical mastitis (this study used SCC ≥ 200,000 cells/mL) and follow-up
periods, although overall, results seemed consistent. Within-herd correlation of SCM prevalence
between heifers and multiparous cows was higher than it was for IRCM and IMI. Sample sizes
for SCM prevalence were much higher than the other 2 parameters, suggesting that correlations
in the others may not have been significant due to lack of power.

2.6. Conclusions

Similar to previous studies, heifer IRCM was higher than in multiparous cows in the first
day after calving but thereafter lower in heifers than in multiparous cows. No regional variation
in IRCM by any pathogen was observed, nor was there any major difference among BMSCC
categories. IMI prevalence in Canada was similar to described in other studies, highlighting the
importance of the issue. Overall prevalence of IMI was higher in heifers than in older cows, with
some pathogen-specific differences regionally and across BMSCC. Subclinical mastitis
prevalence in heifers was consistent across most of Canada, and was lower than SCM prevalence
in multiparous cows. Based on similarities in disease rates between heifers and multiparous cows
in the early post-calving period, management practices in the Canadian dairy industry must
include the pre-calving period for heifers.
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Table 2-1. Distribution of pathogens in clinical mastitis samples from 75 dairy farms in 4 Canadian regions during the first 30 DIM for
primiparous (n=197) and multiparous cattle (n=485).

Pathogen
Non-aureus staphylococci
Staphylococcus aureus
Escherichia coli
Streptococcus spp.
Streptococcus uberis
Other Gram-positive bacteria1
Streptococcus dysgalactiae
Trueperella pyogenes
Other Gram-negative bacteria2
Klebsiella spp.
Corynebacterium spp.
Yeasts and Fungi
Prototheca spp.
Mixed culture
Culture-negative
Contaminated

Frequency
41
26
25
23
12
10
9
6
5
4
3
2
0
21
39
13

Primiparous
Percentage of
samples (%)
20.8
13.2
12.7
11.7
6.1
5.1
4.6
3.0
2.5
2.0
1.5
1.0
0.0
10.7
19.8
6.6

Percentage of
isolates3 (%)
24.7
15.7
15.1
13.9
7.2
6.0
5.4
3.6
3.0
2.4
1.8
1.2
0.0
-

Frequency
77
88
57
55
43
32
35
18
8
10
8
4
2
68
75
39

Multiparous
Percentage of
samples (%)
15.9
18.1
11.8
11.3
8.9
6.6
7.2
3.7
1.6
2.1
1.6
0.8
0.4
14.0
15.5
8.0

Percentage of
isolates (%)
17.5
20.0
13.0
12.5
9.8
7.3
8.0
4.1
1.8
2.3
1.8
0.9
0.5
-

1

Includes Bacillus spp.
Includes Serratia spp., Citrobacter spp., Proteus spp., Salmonella spp., Pseudomonas spp., and Pasteurella multocida.
3
Each sample could contribute up to 2 isolates, whereas samples with ≥ 3 isolates were isolated were considered contaminated.
2

Contaminated and culture-negative samples were not considered when determining percentage of isolates.
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Table 2-2. Incidence rate of clinical mastitis (IRCM; cases per 100 cow-months at risk) in the first 30 DIM of heifers in Canadian
dairy herds.

Low BMSCC1
Alberta
Ontario
Quebec
Atlantic Canada
Medium BMSCC1
Alberta
Ontario
Quebec
Atlantic Canada
High BMSCC1
Alberta
Ontario
Quebec
Atlantic Canada
Total

No.
Herds

No. clinical
mastitis cases

Total quartermonths at risk

Mean IRCM
(cases per 100
cow-months)

14
3
3
3
5
31
3
14
5
9
30
5
9
13
3
75

33
2
19
2
10
88
9
38
10
31
64
13
21
25
5
185

815
208
160
153
291
2,204
276
995
241
690
1,498
334
517
511
134
4,518

4.05
0.96
11.82
1.30
3.433
3.99
3.26
3.82
4.13
4.49
4.27
3.893
4.05
4.89
3.72
4.09

95% CI

Rate Ratio
compared to
Multiparous

95% CI

2.79 - 5.68
0.12 - 3.46
7.12 - 18.5
0.16 - 4.69
1.64 - 6.30
3.20 - 4.92
1.49 - 6.19
2.70 - 5.24
1.98 - 7.60
3.05 - 6.37
3.29 - 5.45
2.07 - 6.64
2.51 - 6.20
3.16 - 7.21
1.21 - 8.68
3.53 - 4.73

1.18
4.23
0.14
0.31
0.39
1.34
0.56
4.854
2.20
1.53
0.82
0.244
6.605
2.35
4.98
1.29

0.70 - 1.99
0.85 - 21.0
0.03 - 0.69
0.04 - 2.41
0.07 - 2.12
0.69 - 2.60
0.07 - 4.30
0.56 - 42.4
0.20 - 24.72
0.16 - 14.4
0.42 - 1.58
0.04 - 1.60
0.92 - 47.2
0.22 - 25.1
0.55 - 45.6
0.98 - 1.69

1

Bulk milk somatic cell count. Low: <150,000 cells/mL; medium: 150,000 to 250,000 cells/mL; high: >250,000 cells/mL.
Different (P < 0.05) within a BMSCC category, using Alberta herds as a baseline.
3
Tendency for difference (0.05 < P < 0.10) within a BMSCC category using Alberta herds as a baseline or from low BMSCC within Alberta.
4
Tendency for difference (0.05 < P < 0.10) between heifers and multiparous cows.
5
Different (P < 0.05) between heifers and multiparous cows.
2
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Table 2-3. Mean incidence rate of clinical mastitis (cases per 100 cow¬-days at risk) in the first 30 DIM of heifers and multiparous
cows in dairy herds from 4 regions across Canada, stratified by pathogen.
Pathogen Type
Contagious1
Environmental1
NAS1
Other1
Culture-negative
Overall

Parity
1
>1

Alberta (95% CI)
02

Ontario (95% CI)
0.843 (0.47 - 1.50)

Quebec (95% CI)
1.54 (0.85 - 2.80)

Atlantic (95% CI)
0.63 (0.30 - 1.29)

All (95% CI)
0.774 (0.52 - 1.15)

0.91 (0.57 - 1.45)

1.51 (0.92 - 2.46)

1.74 (1.14 - 2.67)

1.34 (0.82 - 2.18)

1.424 (1.10 - 1.84)

1

1.46 (0.60 - 3.56)

1.61 (0.91 - 2.84)

1.10 (0.54 - 2.25)

1.52 (0.87 - 2.67)

1.46 (1.04 - 2.05)

>1

2.23 (1.07 - 4.66)

1.86 (1.02 - 3.39)

1.21 (0.76 - 1.93)

2.46 (1.44 - 4.18)

1.92 (1.40 - 2.64)

1

0.49 (0.20 - 1.22)

1.255 (0.70 - 2.26)

0.66 (0.23 - 1.91)

0.54 (0.20 - 1.47)

0.82 (0.53 - 1.27)

>1

1.12 (0.45 - 2.75)

1.03 (0.54 - 1.95)

0.58 (0.31 - 1.09)

0.47 (0.26 - 0.86)

0.79 (0.54 - 1.17)

1

0.12 (0.02 - 0.68)

0.24 (0.09 - 0.62)

0.55 (0.21 - 1.46)

0.36 (0.14 - 0.89)

0.31 (0.18 - 0.53)

>1

0.21 (0.09 - 0.50)

0.48 (0.26 - 0.88)

0.44 (0.19 – 1.00)

0.56 (0.28 - 1.11)

0.45 (0.31 - 0.65)

1

0.73 (0.22 - 2.40)

0.84 (0.48 - 1.44)

0.22 (0.06 - 0.85)

1.07 (0.46 - 2.49)

0.75 (0.48 - 1.17)

>1

0.84 (0.37 - 1.89)

0.67 (0.37 - 1.23)

0.29 (0.11 - 0.76)

1.47 (0.92 - 2.35)

0.82 (0.58 - 1.16)

1
>1

2.934 (1.36 - 6.30)
5.244 (3.11 - 8.82)

4.663 (3.07 - 7.07)
5.35 (3.39 - 8.43)

4.08 (2.53 - 6.58)
4.12 (2.67 - 6.35)

4.12 (2.61 - 6.51)
6.25 (4.21 - 9.28)

4.094 (3.18 - 5.27)
5.284 (4.18 - 6.67)

1

Contagious = Staphylococcus aureus, Streptococcus dysgalactiae; environmental = Escherichia coli, Klebsiella spp., Enterobacter spp., Nocardia
spp., Prototheca spp., Trueperella pyogenes; NAS = non-aureus staphylococci; other pathogens = other bacteria, yeasts, and fungi.
2
Incidence and sample size were too low to reliably estimate confidence intervals and rates.
3
Different (P < 0.05) from Alberta within parity.
4
Different (P < 0.05) between heifers and multiparous cows within the same pathogen group and region.
5
Tendency for difference (0.05 < P < 0.10) from Alberta within parity.
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Table 2-4. Mean incidence rate of clinical mastitis (per 100 cow-months at risk) in heifers and multiparous cows in the first 30 DIM in
Canada stratified by herd bulk milk somatic cell count (BMSCC) and pathogen category.
Parity
Contagious1
Environmental1
NAS1
Other1
Culture-negative
Overall

BMSCC category
Low2 (95% CI)

Medium2 (95% CI)

High2 (95% CI)

All Herds (95% CI)

1

0.98 (0.49 - 1.98)

0.68 (0.40 - 1.17)

0.80 (0.36 - 1.79)

0.773 (0.52 - 1.15)

>1

1.40 (0.89 - 2.22)

1.70 (1.15 - 2.50)

1.07 (0.72 - 1.58)

1.423 (1.10 - 1.84)

1

1.59 (0.88 - 2.88)

1.22 (0.73 - 2.05)

1.73 (0.96 - 3.15)

1.46 (1.04 - 2.05)

>1

1.40 (0.89 - 2.22)

1.70 (1.15 - 2.50)

1.07 (0.72 - 1.58)

1.92 (1.40 - 2.64)

1

0.61 (0.20 - 1.88)

1.04 (0.59 - 1.85)

0.60 (0.28 - 1.30)

0.82 (0.53 - 1.27)

>1

1.28 (0.81 - 2.02)

2.63 (1.70 - 4.09)

1.32 (0.89 - 1.94)

0.79 (0.54 - 1.17)

1

0.25 (0.06 – 1.00)

0.32 (0.16 - 0.64)

0.33 (0.13 - 0.87)

0.31 (0.18 - 0.53)

>1

0.70 (0.37 - 1.33)

0.81 (0.50 - 1.32)

0.81 (0.37 - 1.80)

0.45 (0.31 - 0.65)

1

0.74 (0.30 - 1.79)

1.00 (0.56 - 1.77)

0.40 (0.18 - 0.91)

0.75 (0.48 - 1.17)

>1

0.26 (0.05 - 1.20)

0.55 (0.35 - 0.87)

0.41 (0.22 - 0.75)

0.82 (0.58 - 1.16)

1

4.05 (2.17 - 7.53)

3.99 (2.82 - 5.65)

4.27 (2.72 - 6.70)

4.093 (3.18 - 5.27)

>1

4.79 (3.53 - 6.49)

6.34 (4.49 - 8.96)

4.14 (2.80 - 6.10)

5.283 (4.18 - 6.67)

1

Contagious = Staphylococcus aureus, Streptococcus dysgalactiae; environmental = Escherichia coli, Klebsiella spp., Enterobacter spp., Nocardia
spp., Prototheca spp., Trueperella pyogenes; NAS = non-aureus staphylococci; other pathogens = other bacteria, yeasts, and fungi.
2
Low: <150,000 cells/mL; medium: 150,000 to 250,000 cells/mL; high: >250,000 cells/mL.
3
Different (P < 0.05) between heifers and multiparous cows within the same pathogen group and BMSCC category.
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Table 2-5. Distribution of mastitis pathogens in milk from clinically normal, randomly selected primiparous (n=2,265) and
multiparous (n=6,066) lactating cows from 91 dairy farms in 4 Canadian regions in the first 30 DIM.
Primiparous
Pathogen

Frequency

Percentage of
samples (%)

Multiparous
Percentage of
isolates3 (%)

Frequency

Percentage of
samples (%)

33.8
62.3
30.5
Non-aureus staphylococci
766
1849
1
10.1
18.6
9.3
Other Gram-positive bacteria
229
563
3.2
5.9
4.2
Streptococcus spp.
73
252
3.2
5.9
4.7
Corynebacterium spp.
72
284
2.4
4.5
2.5
Staphylococcus aureus
55
150
0.2
0.4
0.2
Streptococcus dysgalactiae
5
13
0.2
0.4
0.4
Streptococcus uberis
5
24
2
0.2
0.3
0.4
Other Gram-negative bacteria
4
22
0.2
0.3
0.3
Yeasts and Fungi
4
19
0.1
0.2
0.3
Escherichia coli
3
16
0.1
0.2
0.1
Prototheca spp.
2
4
0.0
0.0
0.1
Klebsiella spp.
0
4
0.0
0.0
0.1
Trueperella pyogenes
0
5
0.0
0.0
0.1
Enterobacter spp.
0
7
10.2
11.2
Mixed culture
231
679
47.1
45.6
Culture-negative
1,066
2,767
8.8
12.6
Contaminated
200
767
1
Includes Bacillus spp.
2
Includes Serratia spp., Citrobacter spp., Proteus spp., Salmonella spp., Pseudomonas spp., and Pasteurella multocida
3
Each sample could contribute up to 2 isolates; samples where ≥ 3 samples were isolated were considered contaminated.
Contaminated and culture-negative samples were not considered when determining percentage of isolates.

Percentage of
isolates3 (%)
57.6
17.5
7.8
8.8
4.7
0.4
0.7
0.7
0.6
0.5
0.1
0.1
0.2
0.2
-
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Table 2-6. Quarter-level prevalence (%) of intramammary infection in heifers and multiparous cows in 4 regions across Canada in the
first 30 DIM stratified by pathogen group.
Pathogen Type
Contagious1
Environmental1
NAS1
Other1
Overall

Parity

Alberta (95% CI)

Ontario (95% CI)

Quebec (95% CI)

Atlantic (95% CI)

All (95% CI)

1

2.6 (1.1-5.8)

1.9 (0.8-3.9)

1.9 (0.9-3.9)

2.9 (1.2-6.9)

2.0 (1.2-3.4)

>1

2.9 (1.6-5.0)

2.4 (1.4-3.9)

3.9 (2.5-5.9)

1.2 (0.5-2.3)

2.4 (1.6-3.6)

1

1.8 (0.7-4.4)

2.9 (1.5-5.6)

1.7 (0.8-3.7)

1.5 (0.5-4.2)

2.02 (1.2-3.3)

>1

3.4 (2.0-5.8)

2.7 (1.6-4.3)

2.6 (1.6-4.3)

4.4 (2.7-7.0)

3.02 (2.1-4.4)

1

33.1 (22.2-45.1)

40.2 (31-49.9)

20.93 (13.4-29.5)

9.04 (0.7-19.6)

26.42 (21.2-32)

>1

25.1 (17.8-33.2)

26.2 (20.3-32.5)

19.5 (14.2-25.3)

3.3 (0.0-8.7)

18.42 (14.8-22.2)

1

11.6 (7.3-18.1)

6.53 (4.1-10.0)

5.24 (3.2-8.4)

4.14 (2.0-7.9)

6.3 (4.7-8.3)

>1

10.6 (7.3-15.1)

7.3 (5.3-10.0)

3.7 (2.5-5.4)

3.6 (2.3-5.6)

5.7 (4.5-7.1)

1

41.5 (29-54)

49.4 (39.4-59.2)

24.24 (14.9-33.9)

13.24 (1.4-26.4)

33.42 (27.3-39.6)

>1

38.4 (30.0-46.8)

32 (25.6-38.5)

25.8 (19.7-32.2)

7.7 (1.3-14.7)

25.82 (21.5-30.1)

1

Contagious = Staphylococcus aureus, Streptococcus dysgalactiae; environmental = Escherichia coli, Klebsiella spp., Enterobacter spp., Nocardia
spp., Prototheca spp., Trueperella pyogenes; NAS = non-aureus staphylococci; other pathogens = other bacteria, yeasts, and fungi.
2
Difference (P < 0.05) between heifers and multiparous cows within the same pathogen type and region.
3
Tendency for difference (0.05 < P < 0.10) from Alberta within same pathogen type and parity.
4
Different (P < 0.05) from Alberta within parity.
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Table 2-7. Overall and pathogen-specific prevalence (%) of quarter-level intramammary infection in first-lactation heifers in the first
30 DIM stratified by region and bulk milk SCC (BMSCC) from 91 Canadian dairy herds.

Low2
Alberta
Ontario
Quebec
Atlantic
Medium2
Alberta
Ontario
Quebec
Atlantic
High2
Alberta
Ontario
Quebec
Atlantic
Total

No. Herds

Overall (95% CI)

17
5
5
3
4
40
9
8
15
8
35
4
16
9
5
91

28.93 (15.6-42.9)
30.9 (10-53.3)
43.9 (22.2-65.1)
30.2 (5.1-57.6)
19.13 (0-44.7)
31.5 (22.6-40.7)
28.1 (13-44.3)
46.5 (33.5-59.3)
32.9 (15.7-51)
9.7 (0-28.2)
37.8 (27.8-48)
95.94,5 (70.7-100.0)
58.65 (40.5-75.1)
18.95 (8.1-30.5)
15.94,5 (0-42.2)
33.45 (27.3-39.6)

Contagious1
(95% CI)
4.63 (2.2-9.2)
3.9 (1-13.3)
3.7 (0.9-12.3)
3.7 (0.6-16.1)
10.8 (3.2-30)
1.24,5 (0.5-2.5)
1.7 (0.4-5.1)
1.8 (0.6-4.5)
0.1 (0-2.9)
1.8 (0.3-6.5)
2.75 (1.4-5)
7.8 (1.7-27.7)
2.14 (0.5-6.9)
3.14 (1.4-6.5)
1.63,6 (0.1-10)
2.0 (1.2-3.4)

Environmental1
(95% CI)
1.3 (0.4-3.6)
0.7 (0-6.7)
2.1 (0.4-8.8)
1.1 (0-10.6)
2.0 (0.2-11)
2.0 (1.0-3.9)
1.4 (0.3-5)
2.0 (0.7-5.2)
4.4 (1.5-11.7)
1.6 (0.3-6.6)
2.3 (1.1-4.4)
6.3 (1.4-23.9)
6.2 (2.4-15.2)
1.1 (0.3-3.1)
1.2 (0.0-10.1)
2.05 (1.2-3.3)

NAS4 (95% CI)

Other5 (95% CI)

18.4 (8.2-30.6)
31.3 (13.1-53.2)
30.5 (12.3-52.5)
15.1 (0.0-39.5)
1.94 (0.0-21.7)
28.8 (21-37.3)
20.8 (8.9-35.4)
42.9 (30.9-55.5)
35.0 (19.7-52.3)
10.6 (0.0-26.3)
27.7 (19.2-37.1)
69.34 (42.1-92.8)
41.6 (25.6-58.8)
16.5 (8.0-26.7)
14.2 (0.0-37.7)
26.45 (21.2-32)

6.8 (3.8-11.9)
7.3 (2.7-18.4)
8.2 (3.0-20.5)
13.0 (4.9-30.4)
3.65 (0.9-13.1)
5.6 (3.7-8.4)
11.4 (6-20.6)
5.63 (3.0-10.2)
3.55,6 (1.3-9.1)
4.1 (1.5-10.3)
6.9 (4.4-10.5)
20.85 (8.8-41.7)
7.53 (3.5-15.4)
4.84,5 (2.5-8.8)
5.1 (1.5-16.4)
6.3 (4.7-8.3)

1

Contagious = Staphylococcus aureus, Streptococcus dysgalactiae; environmental = Escherichia coli, Klebsiella spp., Enterobacter spp., Nocardia
spp., Prototheca spp., Trueperella pyogenes; NAS = non-aureus staphylococci; other pathogens = other bacteria, yeasts, and fungi.
2
Low: <150,000 cells/mL; medium: 150,000 to 250,000 cells/mL; high: >250,000 cells/mL.
3
Tendency for difference (0.05 < P < 0.10) between heifers and multiparous cows within the same BMSCC category and region.
4
Different (P < 0.05) from Alberta herds within BMSCC category and heifers, or from low BMSCC herds within heifers.
5
Different (P < 0.05) between heifers and multiparous cows within the same BMSCC category and region.
6
Tendency for difference (0.05 < P < 0.10) from Alberta herds within BMSCC category and heifers; or from low BMSCC herds within heifers.
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Table 2-8. Quarter-level prevalence of subclinical mastitis (SCC > 200,000 cells/mL) in herds
across 4 regions in Canada.
Region

No. Herds

Alberta

27

Ontario

29

Quebec

27

Atlantic

17

Total

91

Parity

Prevalence

1
>1
1
>1
1
>1
1
>1
1
>1

9.81 (7.8-12.3)
17.51 (14.7-20.7)
15.61,2 (12.7-19)
18.21 (15.3-21.4)
13.22,3 (11-15.7)
18.23 (15.8-20.9)
15.91,2 (13.2-19.1)
15.91 (13.8-18.3)
13.61 (12.3-15.1)
17.61 (16.2-19.1)

1

Different (P < 0.05) between heifers and multiparous cows within a region.
Different (P < 0.05) within a parity using Alberta herds as a baseline.
3
Tendency for difference (0.05 < P < 0.10) between heifers and multiparous cows
within a region.
2
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Figure 2-1. Incidence rate of clinical mastitis (IRCM) in the first 14 days of lactation in primiparous (18,157 quarter-months) and
multiparous (35,936 quarter-months) dairy cows in Canada. Confidence intervals based on marginal models using generalised
estimating equations.
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Figure 2-2. Within-herd comparison of incidence rate of clinical mastitis (IRCM) in the first 30
DIM between primiparous and multiparous cows in 75 Canadian dairy herds.
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Figure 2-3. Within-herd comparison of the prevalence of intramammary infection (IMI) in the
first 30 DIM between primiparous and multiparous cows in 75 Canadian dairy herds (R2 = 0.20).
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Figure 2-4. Within-herd comparison of the prevalence of subclinical mastitis (SCM) in the first
30 DIM between primiparous and multiparous cows in 91 Canadian dairy herds (R2 = 0.45).
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CHAPTER 3: Effectiveness of pre-calving treatment on post-calving udder health in
nulliparous dairy heifers: A systematic review and meta-analysis

3.1. Abstract

Clinical mastitis affects 3% of primiparous dairy cattle (heifers) in the first month after calving.
Additionally, the prevalence of intramammary infection (IMI) in the months before the first
calving is high, resulting in a high prevalence of heifers calving with IMI. Pre-calving therapy is
an accepted recommendation for reducing mastitis in multiparous cows, but prophylactic
treatment for heifers in North America is uncommon. The objectives of this study were to: 1)
quantify the change in post-calving udder health in heifers following the application of a precalving treatment; 2) compare effectiveness between different types of treatments; and 3)
compare effectiveness of different types of treatments against specific pathogens. A systematic
review was conducted comparing interventions aimed at improving udder health in heifers
specifically. Of 62 included studies, 48 clinical trials were used in a meta-analysis. Data were
synthesized using a random effects model for meta-analysis, followed by sub-group analyses
comparing between treatment types, and specific pathogens with statistical testing using metaregression. Occurrence of mastitis (defined as elevated somatic cell count, clinical mastitis, and
IMI) was reduced in treated animals compared to untreated controls with a pooled risk ratio of
treated to untreated animals of 0.56 (95% CI: 0.47 to 0.67). Upon stratification by treatment
types, teat sealants and combination therapies (vaccines and antimicrobials; antimicrobials and
teat sealants; all three) were most effective at improving udder health with pooled risk ratios of
0.40 (95% CI: 0.30 to 0.52), and 0.34 (95% CI: 0.25 to 0.45), respectively. Antimicrobials and
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vaccines also reduced occurrence of IMI, subclinical and clinical mastitis when compared to
untreated animals. Although there was variation in pathogen-specific effectiveness of treatments
at reducing rates of disease, antimicrobials, teat sealants, and combinations of vaccines or teat
sealants with antimicrobials were consistently effective, whereas vaccines were only effective for
contagious pathogens. Recommendations for use of antibiotics should consider their relative
benefit while also considering concern for increasing antimicrobial resistance.
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3.2. Introduction

Mastitis is one of the most economically important diseases in the dairy industry (Seegers
et al., 2003) as it has implications not only for animal health and welfare, but also for milk
quality and production. The occurrence of mastitis is not only high in lactating cows, but also in
heifers in the first weeks after calving (De Vliegher et al., 2012; Naqvi et al., 2017). Heifers with
(sub)clinical mastitis and/or intramammary infection (IMI) are often not identified because they
are not milked, and therefore their teats and milk typically are not examined (De Vliegher et al.,
2012). However, the prevalence of IMI in the months before the first calving is high, resulting in
a high prevalence of heifers calving with IMI (de Vliegher et al., 2012).
Although non-lactating heifers are not included in standard mastitis prevention plans like
the 5-point schedule (Neave et al., 1969) or the relatively recent NMC 10-point plan (NMC,
2011), a variety of treatments to prevent or cure IMI in these heifers have been studied. Some of
the commonly used pre-calving treatments are: vaccines, non-antimicrobial teat sealants, shortand long-term antimicrobials, and combinations of these treatments. Many studies have been
conducted on the effect of single types of treatment in heifers (Edinger et al., 2000; Pellegrino et
al., 2008; Roy et al., 2007; Santos et al., 2004), very few have compared different types of
therapies, and their results have been inconsistent (McDougall et al., 2009).
Previous studies have demonstrated and quantified a net positive benefit of many different
pre-calving treatments (Duplessis et al., 2014; Passchyn et al., 2014; Ataee et al., 2009), as well
as characterizing the pathogen distribution of the ensuing infections. Systematic reviews have
been conducted on the effectiveness of antimicrobial treatments in heifers (Nickerson, 2009),
non-antibiotic strategies for prevention and control of mastitis in heifers (McDougall et al.,
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2009), and vaccines for lactating cows (Middleton et al., 2009), whereas reviews of post-partum
mastitis and mastitis control have also described preventive treatments in heifers and lactating
cows (De Vliegher et al., 2012; Pyörälä, 2008). However, no review has been carried out that
focuses on quantifying treatment effectiveness in heifers, nor comparing the efficacy of precalving treatment types through a meta-analysis to estimate overall effect size. The objectives of
this study were therefore to: 1) synthesize results from previous studies to determine and
compare the effectiveness of different types of pre-calving therapies aimed at improving udder
health; and 2) determine and compare effectiveness of different types of pre-calving therapies
against different types of pathogens, grouped by etiology.

3.3. Material and Methods

This systematic review and meta-analysis was conducted following a pre-specified protocol
created using the PRISMA-P guidelines (Shamseer et al., 2015).

3.3.1. Data sources and literature search
The online databases searched were CAB Abstracts, Web of Science (complete collection),
AGRICOLA, MedLine, and SCOPUS, from inception until September 2017. In addition, two
individuals (SAN and DBN) hand-searched the references of existing reviews on the subject. The
grey literature consisted of a search through all available conference proceedings in relevant
conferences, as well as websites of pharmaceutical companies. The International Veterinary
Information Service (IVIS) indexes proceedings from the World Buiatrics Congress (2000 –
2014) were included. In addition, proceedings of the American Dairy Scientists Association
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(ADSA; 1957 - 2017) and National Mastitis Council (NMC; 1989 - 2017) annual meetings were
searched. Experts in the field were also contacted for information about potential ongoing or
unpublished studies, and were identified through the review process or through direct
communications at conferences (Mastitis Research Worker’s meeting in November 2016, and
NMC annual meeting in January 2017). No publication date or language filter was applied to the
search, and the search was conducted as recommended by Egger et al. (2008).
The search strategy was split into 3 main components corresponding to the population of
interest, intervention type and the outcome of the study. The population of interest included
primigravid to primiparous dairy cattle, with the intervention having to be applied during
pregnancy and udder health measured after calving. The interventions of interest were any kind
of treatment applied pre-calving aimed specifically at improving udder health. This was intended
to exclude interventions such as feed additives intended to improve overall health and growth as
it did not address the primary question of targeted and individual treatment of heifers. Full details
of the search terms used are provided in Appendix 1.

3.3.2. Study eligibility and selection
An initial screen of all titles was performed by two individuals (SAN and DBN) to
determine if manuscripts were eligible for full text review for inclusion in the systematic review.
If the title was not detailed enough to decide about moving forward with full-text screening, the
abstract was reviewed by one of the reviewers (SAN) to determine whether it was eligible. A
manuscript needed to meet 2 conditions to be considered for a full text review: 1) The
manuscript had to report on primary data; and 2) the manuscript had to report on an intervention
aimed at improving udder health (no vaccines for other conditions such as leucosis, or treatment
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with anthelminthic products), although it may not necessarily be the primary aim of the study
(comparing mastitis in 2 regions where a particular product may not be allowed).
This initial screen was designed to be fairly broad to encompass as many possibly relevant
manuscripts for full text review. A full text review was then conducted on all of these screened
manuscripts to ensure that some aspect of intervention is addressed in the manuscript. The reason
for this full text screening step in the systematic review was that the second condition described
above could have resulted in manuscripts whose primary goal was not assessing intervention
effectiveness, but was included as a covariate in their analysis. As it was not the primary goal of
the study, it may not have been reported in the abstract and a full text screening would capture
these manuscripts.

3.3.3. Identification of manuscripts for eligibility in the systematic review and meta-analysis
The same two individuals (SAN and DBN)) reviewed full text manuscripts identified after
the 2 screening stages described in the previous section using the following criteria to select
manuscripts eligible for inclusion in the systematic review and meta-analysis:
Population

=

Primigravid/primiparous dairy cattle (if the primary study
population was not primiparous dairy cattle, the manuscript must
stratify and report on them separately from older animals)

Intervention

=

Any sort of treatment given after confirmed pregnancy, prior to
calving or on the day of calving that was aimed specifically at
improving udder health. Studies that did not assess treatment
effectiveness as a primary goal (described in the previous section)
were excluded from the systematic review and meta-analysis as
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they would not be designed around that variable and pooling
would not be appropriate.
Comparison

=

A treatment must be compared to either another treatment, or no
treatment at all.

Outcome

=

Post-calving prevalence or incidence of 1) clinical mastitis (CM);
2) subclinical mastitis (SCM; elevated SCC); or 3) IMI (presence
of bacteria in the milk) reported within 2 mo after first calving.

Study Design

=

Randomized controlled trials or observational cohort studies.

The screening of manuscripts was designed to capture studies comparing pre-calving
treatments in heifers to each other or to untreated heifers in their association with incidence of
udder disease post-calving. Only randomized controlled trials were meta-analyzed, whereas
results from observational cohort studies were included descriptively in discussion. Agreement
between reviewers (SAN and DBN) was quantified using a kappa score and percent agreement,
and any disagreements were resolved by the last author (HWB).

3.3.4. Study quality assessment and data extraction
Study quality and risk of bias was assessed using the Systematic Review Centre for
Laboratory Animal Experimentation (SYRCLE) tool (Hooijmans et al., 2014). The SYRCLE
tool is based on the Cochrane Risk of Bias Tool (Higgins et al., 2011), with some items modified
or added to fit better with risk of bias in experimental trials in animals. Briefly, the SYRCLE tool
consists of 10 items, corresponding to 5 different types of bias: selection, performance, detection,
attrition, and reporting bias. Risk of selection bias is evaluated through considering allocation
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sequence generation, subject baseline characteristics and allocation concealments. Performance
bias is evaluated by considering random housing of animals and blinding when assigning
treatments. Detection bias is assessed by evaluating randomization of subjects during outcome
assessment and blinding of outcome assessors. Attrition bias is assessed by evaluating the
study’s reporting on incomplete outcome data. Lastly, reporting bias is assessed by evaluating
the outcomes that the studies reported on, as well as outcomes that were excluded. A study was
considered to be at high risk of a given type of bias if it had failed to address over half of the
sources of error contributing to that given type; moderate risk of bias if they failed to address at
least one, but not more than half; and low or no risk of bias if they did not have any sources of
error from a given type of bias.
Data were extracted using a single electronic form using Microsoft Excel (Microsoft Corp.,
Redmond, WA). Study characteristics extracted were: 1) country of study; 2) year of publication,
3) breed, 4) intervention type(s); and 5) time of intervention application. As management
decisions are based on anticipated calving dates, the intended or median of intended application
times was recorded in the extraction form (e.g. for 2 to 3 wk pre-calving, the number taken was
17.5 d). Outcome characteristics recorded, often multiple for a study, were 1) type of outcome
defined as cure rate of existing IMI, SCM, IMI (and its definition), and CM; 2) time of outcome
measurement or follow-up in the case of CM; and 3) numbers of individuals (animals or quarters
depending on the study) and cases per treatment arm of the study. For studies where post-calving
samples were collected on multiple days, the earliest sample that was not the day of calving was
used for outcome extraction. Numbers in treatment arms were pooled by intervention or control
and type of intervention depending on possible stratification in meta-analyses.
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3.3.5. Statistical analyses
All statistical analyses were performed using the “metafor” package (Viechtbauer, 2010) in
R version 3.4.2 (R Core Team 2017). For all analyses, a P-value < 0.05 was considered
significant, and a 0.05 < P-value < 0.10 was considered a tendency for significance. Results from
randomized clinical trials were pooled using a random-effects meta-analysis as no observational
studies were included in the systematic review. Randomized clinical trials that did not report
numbers of individuals and only ratios were not included in the meta-analysis and were included
only descriptively. A mixed effects model was selected given the underlying heterogeneity in
intervention and population characteristics, and the fact that studies often had multiple treatment
types and outcomes. Effect sizes were pooled as risk ratios as it is most intuitively interpretable
in terms of showing a benefit/harm. All pooled estimates and stratified meta-analyses were
visualized using forest plots, and homogeneity was assessed using the Cochrane Q statistic for
significance and I2 statistic to quantify the amount of variation due to study heterogeneity. The
primary question concerning therapy type was statistically tested using meta-regression, and
heterogeneity was then explored by stratifying on relevant variables of practical interest: type of
outcome and bacterial species of infection. Variation in effectiveness by pathogen type was
addressed through a combination of meta-regression and subgroup analyses. Sensitivity and
specificity to detect IMI varies considerably between IMI definitions (Andersen et al., 2010;
Dohoo et al., 2011), so a meta-regression was conducted to determine whether effect size
estimates with rates of IMI differed between studies that described their IMI definition and those
that only provided details for culturing. Questions related to effects of study quality or design
(abstract vs. full-text, disease definitions) were also addressed using meta-regression. Publication
bias for the primary outcome of interest (mastitis of any form) was assessed using a funnel plot
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of the risk ratio with the SE of the risk ratio. Asymmetry was tested using Egger’s regression test
for small study effects and visualized with a graph of study variance against the natural log of the
risk ratio.

3.4. Results

3.4.1. Description of studies
Search results. Numbers of studies included at different stages of the review process are
presented in Figure 3-1. Briefly, a total of 974 unique records were identified, with most of them
coming from the database search (n = 1,245 before duplicate removal) and a small number being
identified through the described grey literature review (n=44 before duplicate removal). After
screening abstracts, 82 peer-reviewed manuscripts were identified for a more thorough full-text
review, along with 31 records from conference proceedings. A small number of non-English
manuscripts were identified: Portuguese (n=1), German (n=3), Dutch (n=1), Czech (n=1) and
Italian (n=1). These manuscripts were reviewed using the pre-specified criteria by colleagues
with fluency in the respective languages.
Studies eligible for inclusion in the systematic review. Forty studies from published
manuscripts were included in the systematic review, of which 38 were eligible for inclusion in
the meta-analysis. All included peer-reviewed manuscripts reported results from clinical trials; 2
of them could not be included in the meta-analysis as they did not report numbers of outcomes,
rather relative measures such as risk ratios and odds ratios. In addition, 22 studies from
conference proceedings or abstracts were included in the systematic review. Ten conference
proceedings provided enough detail in their results to be eligible for meta-analysis, whereas the
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others are discussed only descriptively. Records from 48 studies were included in the metaanalysis, although multiple records were included for many studies since they compared multiple
treatment types (Table 3-1). A detailed description of the specific products used in each study is
provided in Appendix 2.
Risk of bias in studies included. Design characteristics of all full-text manuscripts that are
important for risk of bias are presented in Table 3-2. Based on the SYRCLE guidelines all
studies had at least one type of bias that they were at high risk for. The majority of studies were
at moderate risk of selection bias (n=27), with 2 being at low/no risk of selection bias. Allocation
sequence generation was often systematic rather than completely random, and baseline animal
characteristics were described in most studies (n=30). The largest type of bias that this pool of
studies was at risk for was detection/performance bias because most did not describe blinding or
randomized animal housing. Most (n=31) studies adequately addressed incomplete data by
providing numbers of animals at each stage of the study, with reasons provided for their removal
or exclusion from the trial minimizing risk of attrition bias. No studies were at risk of reporting
bias, as they all either provided justification for the outcomes measured, and they were selected
in part based on their reporting of outcomes.
Another aspect of variability between studies and a possible source of bias was how they
defined outcomes (Table 3-3), IMI in particular. Many studies (n=16) only described culturing
details for their milk samples, without a strict definition of what was considered an IMI. Risk
ratio for IMI did not differ between treated and untreated animals when comparing the two
groups of studies (P = 0.93). Definition of IMI was not used in any subsequent analyses, or
considered for stratification.
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3.4.2. Effectiveness of treatment
Overall effect size. The overall risk ratio of udder disease of any sort in treated compared to
untreated heifers was 0.60 (95% CI: 0.47 to 0.67), demonstrating a reduction in udder diseases
after calving in treated compared to untreated heifers (P < 0.0001). Effect size estimates from
abstracts/proceedings tended to be slightly lower and had more variance than estimates from fulltext manuscripts (P = 0.08; Figure 3-2), but their inclusion did not have an impact on overall
effect size (RR = 0.60 for full-text manuscripts alone; RR = 0.57 for a combined meta-analysis).
All further analyses were conducted on results from both full-text manuscripts and
abstracts/conference-proceedings without stratification.
Effect size by outcome type. The majority of records (n=34) used IMI as the outcome,
whereas 15 records assessed CM and 2 assessed SCM. Effect size estimates for CM tended to be
lower than those for IMI (P = 0.07), but tended to be higher than those for SCM (P = 0.06; Table
3-4). For subsequent meta-analyses and regressions all outcomes other than cure rate were
combined through a random-effects term included for outcome type within studies to account for
any within-study correlation. Risk of cure of existing IMI following pre-calving treatment with
antimicrobials was higher than spontaneous cure with no treatment (RR = 1.63 (95% CI: 1.19 to
2.25); P = 0.003).
Effect size by therapy type and pathogen type. A meta-regression on treatment type using
CM, SCM and IMI as outcomes resulted in a difference in effectiveness between treatment types
(Table 3-5). Teat sealants and combination therapies were the most effective treatments (P <
0.0001), although antimicrobials, vaccines and other treatments still reduced risk of CM, SCM or
IMI over untreated controls (P < 0.0001). Teat disinfection before calving did not reduce udder
disease compared to untreated controls. Records not included in the meta-analysis also reported

85

Chapter 3: Pre-calving treatment to improve udder health in dairy heifers
similar patterns – antimicrobials were effective at preventing CM and IMI, as well as curing
existing IMI. Farms observed longitudinally had decreasing prevalence of IMI and incidence of
CM around calving after incorporating pre-calving antimicrobial treatment into heifer
management (Acuna et al., 2003). Other effective management strategies were the use of
physical intramammary devices (Nickerson 1990), implementing fly control for heifers on
pasture (Nickerson 1994), and earlier removal of calves after calving to prevent suckling
(Compton 2008).
Although studies differentiated culture results to different levels of detail, pathogens were
grouped into 3 categories – contagious (Staphylococcus aureus, Streptococcus agalactiae),
environmental (Escherichia coli, non-agalactiae streptococci), and non-aureus staphylococci.
Subgroup analyses including meta-regression on treatment type were conducted using the 3
categories as outcomes (Table 3-6). Antimicrobials, teat sealants, and vaccines all presented
similar reductions (RR = 0.51, 0.40, and 0.56, respectively) in contagious pathogen CM and IMI
compared to untreated controls. Only one single study reported on teat dips/sprays (Edinger et
al., 2000) and one on combination therapies (McDougall et al., 2008); in both studies, the 2
therapies did not change occurrence of CM or IMI compared to controls. Manuscripts not
included in the pooled estimate also reported a reduced incidence of CM and IMI by contagious
pathogens when animals received pre-calving treatment with antimicrobials, and also when flycontrol was implemented for pre-calving heifers on pasture.
Teat sealants and combination therapies reduced occurrence of CM and IMI with
environment pathogens over untreated controls (RR = 0.27 and 0.25, respectively; Table 3-6).
Antimicrobials, teat disinfection and vaccines did not have any benefit over untreated controls,
but 2 studies not included in the meta-analysis (Nickerson et al., 1994; Tenhagen et al., 2001)
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reported a reduction of clinical signs during E. coli IMI following pre-calving vaccination. Fly
control for heifers on pasture reduced Streptococcus spp. IMI. Studies reporting on CM and IMI
where CNS was isolated reported a reduction compared to controls in animals treated with
antimicrobials, teat-sealants, and combination therapies, with combination therapies showing the
greatest reduction (RR = 0.34), and similar conclusions were drawn from studies not included in
the meta-analysis. Vaccines did not reduce CM and IMI with CNS occurrence compared to
untreated controls. Due to only single studies looking at other therapies and teat dips/sprays,
pooling was not possible, but neither demonstrated a reduction in occurrence of CM and IMI
with CNS compared to untreated controls.

3.4.3. Meta-analysis statistics
Heterogeneity. Significant heterogeneity was present in all analyses. The mixed effects
meta-analysis using all records with random effects for outcome type and intervention type had
an overall I2=0.87 (Q = 439.28, P <0.0001). Introducing outcome type as a moderator did not
reduce heterogeneity noticeably; I2=0.85 (Q = 343.54, P < 0.0001). Conducting a metaregression using outcome type also did not affect heterogeneity; I2=0.85 (Q = 369.78, P <
0.0001). Sub-group analyses by pathogen type led to reductions in residual heterogeneity, except
for the CNS analysis: contagious pathogen analysis I2=0.29 (Q = 39.36, P = 0.03); environmental
pathogen analysis I2=0.57 (Q = 71.77, P < 0.0001); CNS analysis I2=0.88 (Q = 212.71, P <
0.0001).
Publication bias. A visual assessment of the funnel plot of SE compared to the effect size
estimate (Figure 3-3) from each study suggests some asymmetry due to missing studies showing
an increased risk following treatment with small sample sizes (bottom right quadrant). Egger’s
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regression small study effects indicated a possibility of publication bias as increasing standard
error was associated with a larger effect size estimate (P < 0.0001; Figure 3-4).

3.5. Discussion

Management of mastitis on dairy farms often starts after the heifer’s first calving, too often
resulting in less than ideal udder health of first lactation heifers (De Vliegher et al., invited
review). Many housing and management practices associated with udder health of older cows are
also associated with improved udder health in primiparous heifers (De Vliegher et al., 2012), but
the level of implementation in non-lactating heifers is unknown. Prophylactic treatments of the
udder before calving such as antimicrobial dry cow therapy or using internal teat sealants are
widely adopted for use in the lactating herd (e.g. Olde Riekerink et al., 2010), but these
treatments are less commonly used in primiparous heifers. This systematic review and metaanalysis of studies assessing effectiveness of pre-calving therapies for improving post-calving
udder health in heifers demonstrates that there is an overall benefit to udder health in heifers
when using any kind of pre-calving prophylactic treatment. The treatments vary in both cost to
purchase as well as costs and labour associated with application, so an understanding of the
effectiveness of treatments is important to inform management decisions. The effectiveness of
treatment varied considerably and was also dependent on the type of bacteria causing the IMI.
This is the first review to meta-analyze results from studies of multiple types of precalving therapies in primiparous heifers. Recent reviews have looked at heifer mastitis as a
whole (de Vliegher et al., 2012), antimicrobial treatment to control heifer mastitis (Nickerson,
2009), vaccination efficacy against staphylococcal infections in all lactating cows (Middleton et
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al., 2009), and the effectiveness of treatments other than conventional antimicrobials against CM
in all lactating cows (Francoz et al., 2017). The distribution of pathogens in IMI of heifers differs
from older cows (Piepers et al., 2009; Supré et al., 2011; Naqvi et al., 2017), as well as their
immune response to infection (de Haas et al., 2002; de Haas et al., 2004), so results from studies
on older lactating animals may not be generalizable to heifers. A synthesis of studies aimed at
heifers in particular is therefore necessary when trying to implement more targeted management
strategies. Findings from this review are in line with most of the individual studies and reviews
on lactating cows that demonstrate a net positive benefit of any type of treatment for improving
udder health. Previous reviews have demonstrated differential effectiveness of antimicrobials
(Barkema et al., 2006; Nickerson et al., 2009), and teat sealants (Crispie et al., 2004) based on
the pathogen when used in lactating cows, whereas vaccine development tends to focus on a
specific type of pathogen such as Staphylococcus aureus (Middleton et al., 2009) or Escherichia
coli (Enviracor® and StartVac®). Comparing with the present review focusing on heifers
specifically, variation in treatment effectiveness by pathogen type is similar to what has been
reported from studies focusing on older cows.
As mentioned above, management of non-lactating heifers is less than ideal on an
average dairy farm (Parker et al., 2007; McDougall et al., 2009). This could be an important
reason why the treatments proved to be effective in improving udder health. It is therefore likely
that the effectiveness of the treatments, particularly antimicrobial treatment, will be less on farms
that pay more attention to the non-lactating heifers.
Although the effectiveness of antimicrobials was consistent across Gram-positive
pathogens, their use needs to be balanced with concerns about the rising prevalence of
antimicrobial resistance (Barkema et al., 2015; Tang et al., 2017). Other treatments can be just
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as, if not more, effective than antimicrobials in heifers, and current research is beginning to focus
on their effectiveness in older cows (Francoz et al., 2017; Ruiz et al., 2017). Antimicrobial
treatment of non-lactating heifers improved udder health when contagious (Gram-positive)
bacteria caused the udder health problems after calving. In contrast, antimicrobial treatment did
not improve udder health when environmental pathogens were involved. It is therefore important
when udder health problems after calving are an issue on a farm and antimicrobial treatment is
considered, to culture heifers after calving. In addition to selecting the best treatment for a given
farm, personnel must also be properly trained in its application. For example, improper
application of intramammary treatments either by causing trauma after inserting the cannula too
far, or using contaminated equipment can actually increase a quarter’s risk of infection (du Perez
2000). It is difficult to quantify the impact of iatrogenic infections in studies included in this
review since although some mentioned disinfection/preparatory procedures for application, no
studies detailed training for personnel in treatment application.
In comparing all types of treatments for heifers, this review faced the challenge of
significant between-study variability not only in treatments used, but also in other aspects of
study design and setting. Although we tried to explore heterogeneity through subgroup analyses,
there were still many other study characteristics that varied considerably to allow for valid
subgroup analyses such as timing of treatment application, study location, timing of data
collection and geographic location. As a result, significant residual heterogeneity was present
even after stratification. Although the significant between-study variability may cast some doubt
on the precision of the pooled results, the overall message remains unchanged as the direction of
the effect remained consistent between studies, even if the effect size did not: pre-calving
treatment of heifers improves udder health after calving, and the degree of improvement varies
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by treatment type and pathogen. Variation in characteristics such as breed, geographic location
and sampling season or timing of treatment application and specific treatment are inherently
linked, making it difficult to be consistent across studies from different countries, and studying
different treatments.
An assessment of the risk of bias focuses on characteristics of study design and reporting in
a way that is less dependent on factors outside of the researchers’ control. The assessment using
the SYRCLE tool (Hooijmans et al., 2014) highlighted some areas with significant risk of bias.
Although randomization of housing and outcome assessment order are less likely to contribute to
detection or performance bias in livestock studies (SYRCLE was designed for lab trials using
animals), blinding of both treatment allocator or outcome assessor was not mentioned in most of
the studies, nor was allocation concealment. For some outcomes like SCM or IMI, blinding may
be inherent since the milk samples are collected by farm personnel and the outcome (SCC or
bacterial culture) is assessed by lab technicians. Despite the possible inherent blinding of
outcome assessors, lack of blinding of the treatment allocator can still contribute to detection
bias, and both types of blinding should be reported, with justification provided if blinding was
not done. Similarly, randomization and allocation sequence generation were only described in 6
studies, and presented a possible source of selection bias. Clear outcome definitions, especially
for IMI were also inconsistently reported, where different definitions could contribute to residual
heterogeneity. Although just defining IMI did not change effect size from studies that did not,
looking at specific definitions would likely provide different results as each one would have
different operating characteristics (Dohoo et al., 2011a; Dohoo et al., 2011b). This likely is not a
reflection of study quality, but more on inconsistency in reporting standards for studies on
livestock.
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In 2010 a collaboration between many livestock researchers established the Reporting
Guidelines for Randomized Controlled Trials for Livestock (REFLECT; O’Connor et al., 2010)
to address this issue. Although certain journals have incorporated these into their requirements
for authors (Preventive Veterinary Medicine, Journal of Veterinary Internal Medicine, Journal of
Swine Health and Production), these guidelines are far from universally incorporated. The small
number of journals implementing these guidelines, combined with the fact that many of the
studies included were conducted prior to 2010, is likely responsible for the inconsistencies
highlighted in this review. Although this review reports on a substantial number of studies, an
updated review in the future once the REFLECT statement is more widely implemented would
likely show more consistency between studies, leading to more precise pooled estimates of
protective effect size.
As the first review to focus on the effectiveness of all existing pre-calving therapies at
improving udder health in primiparous dairy heifers, the present study effectively synthesized
results from a large number of studies. Heterogeneity was explored through subgroup analyses
and meta-regression, focusing primarily on the main goals of the study: understanding variation
in therapy success by treatment type and pathogen. Despite this exploration of heterogeneity,
even stratification by both treatment type and pathogen still showed significant residuals and
unexplained study variability. As discussed, this is likely a reflection of the differences in study
settings, design characteristics and reporting. Although this degree of study variability has an
impact on the precision of pooled estimates, the direction of the effect clearly shows that there is
a positive impact on udder health when pre-calving treatments are applied. Publication bias in a
review is another aspect that could impact the reliability of findings, and Egger’s regression
indicated that there were significant small-study effects in the review. An examination of the
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funnel plot shows that there were no studies found showing a negative impact of pre-calving
treatment and used a small sample size. Although this may be a reflection of publication bias, in
this case it is more clearly reflective of the true heterogeneity in the included studies, attributed
primarily to treatment intensity and differences in underlying risk (Egger et al., 2008).
Treatments varied considerably in timing of application and dosage, both of which would
increase variability between studies. The differences in geographical location, impacting
housing, nutrition and other management factors, and animal breed could contribute to different
regional risks for mastitis, or differences in susceptibilities of the animals to disease. Asymmetry
in the funnel plot may also be an artefact (Egger et al., 2008) as the majority of interventions
under study were very unlikely to increase the risk of udder diseases over untreated animals,
making it very unlikely that small studies would show harm to udder health by pre-calving
treatments. Although there was statistical evidence suggesting publication bias, this was more
likely a reflection of study variability as quantified by the residual heterogeneity rather than a
bias in study selection.

3.6 Conclusions

This is the first review of pre-calving treatments for improving udder health in primiparous
dairy heifers assessed the findings of 60 studies, 48 of which were meta-analyzed for pooled
estimates. Overall any type of pre-calving therapy improved udder health by reducing the
occurrence of IMI, CM and SCM compared to untreated controls. Variation in success by
therapy type demonstrated that studies assessing antimicrobials, teat sealants, vaccines and
combination therapies demonstrated a significant reduction in the risk of udder disease, whereas
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those looking at teat dips/sprays or other types of therapy did not reduce risk compared to
untreated animals. There was also significant variation by pathogens that the studies examined:
antimicrobials, teat sealants, vaccines and combination therapies were effective at reducing risk
of udder disease caused by contagious pathogens; antimicrobials, teat sealants and vaccines were
effective at reducing risk of udder disease caused by environmental pathogens; antimicrobials,
teat sealants, vaccines and combinations were effective at reducing udder disease caused by
coagulase-negative staphylococci. Once rigid reporting guidelines are more widely implemented
by journals and authors, an updated literature review on udder health of dairy heifers will
produce more precise pooled estimates and should demonstrate decreased between-study
variability.
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Table 3-1. Study characteristics of the 62 included studies.

Acuna (2003)3, 4

Argentina

Acuna (2015)3

Argentina

•
•

60

•

30

US
Iran
US
Canada
Turkey
US/Canada
US
US
New Zealand
New Zealand
US
New Zealand

Mixed
Holstein
Mixed
Mixed
Holstein
Mixed
Mixed

Compton (2014)

New Zealand

Mixed

•

21

Contreras (2013)

US

-

•

12 – 18

12
75
10 – 14
10 - 14

•

•
•
•
•
•
•

45
10 – 21
Starting at 21
21
0
0
14
0

3-6

•
•
•
•
•
•
•
•

•
•
•

•
•
•
•
•

•
•

•

•
•
•

21
3
3
1
10
4
Up to 60
1
4
4
4
4 - 21
3 for IMI; 30 for
CM
4

•

Env.

CNS

Pathogens
Studied2
Cont.

CR

3

Holstein

•

SCM

•

Argentina

•
•

Outcome
measurement
time
(DIM)

45

Acuna
Pasqualina3 (2006)
Alaniz (2013)3, 4
Ataee (2009)
Barto (1978)
Bassel (2003)3, 4
Bastan (2010)
Borm (2006)
Bowers (2006)
Bray (1989)3
Bryan (2005)
Bryan (2009)
Bush (1977)
Compton (2008)3

•

Outcome type1
IMI

Time of
intervention
application
(days before
calving)5

CM

COM

VAC

Other

Breed of
Cattle
Holando
Argentino
Holando
Argentino

TD

Country

TS

First author (year)

AM

Intervention type6

•
•
•

•

•
•

•

1

Outcomes reported on: CM = clinical mastitis; IMI = intramammary infection; SCM = subclinical mastitis; CR = cure rate of existing infections
2
Presented if the study differentiated infectious pathogens. Cont. = contagious; Env. = environmental; CNS = coagulase-negative staphylococci
3
Inclusion and analysis based on abstract or conference proceedings
4
Not included in meta-analysis
5
Intended application time based on expected parturition date, actual time relative to calving was variable
6
Type of intervention studied: AM = antimicrobial; TS = teat sealant; TD = teat dips/sprays; VAC = vaccine; COM = combination of multiple types

108

•
•

•

Chapter 3: Pre-calving treatment to improve udder health in dairy heifers
Table 3-1. Continued

Argentina

Holstein

Korea

-

Iran

Holstein

3

Han (1999)

Hovareshti (2007)
Jimenez (2008)

3

Spain

Env.

Giraudo (1997)

CNS

-

•

•

•

•

0
7 for IMI; 100
for CM
30

•
•

300

•

60

•

60

•

•

56

•

•

•

15

•

-

•

•

•

-

•
•

•

•

7 – 14

•

60

•

•

7 – 14

•

7

Lopez-Benavides (2009)

New Zealand

-

•

Starting at 21

•

14

Lopez-Benavides (2006)
Matthews (1988)
McCarthy (2005)3 4
McDougall (2008)

New Zealand
US
US
New Zealand

Mixed

•

•
•
•
•

New Zealand
US
New Zealand
New Zealand

14
8
5
10
4 for IMI; 14 for
CM
7 – 28
14

McDougall (2005)

4

Middleton (2005)
Newton (2014)3
Lopez-Benavides (2006)

•
•

•

•

Starting at 21
14
21
21

Mixed

•

•

•

40

•

Holstein
-

•

10 – 14
28
Starting at 21

•

•

•
•

•
•
•

•

Pathogens
Studied2

Outcome
measurement
time
(DIM)
4

Cont.

Wales

CR

Gilbert (2014)3

SCM

Mixed

•

Outcome type1
IMI

Brazil

•

Time of
intervention
application
(days before
calving)5
Starting at 15

CM

Gentilini (2012)

COM

Holstein

VAC

US

Other

Galphin (1996)

3

TD

Breed of
Cattle
Holstein

TS

Country
Germany

First author (year)
Edinger (2000)

AM

Intervention type6

•

•

•
•

•

•

•

•
•

•

•

•

•

•

•
•

1

Outcomes reported on: CM = clinical mastitis; IMI = intramammary infection; SCM = subclinical mastitis; CR = cure rate of existing infections
2
Presented if the study differentiated infectious pathogens. Cont. = contagious; Env. = environmental; CNS = coagulase-negative staphylococci
3
Inclusion and analysis based on abstract or conference proceedings
4
Not included in meta-analysis
5
Intended application time based on expected parturition date, actual time relative to calving was variable
6
Type of intervention studied: AM = antimicrobial; TS = teat sealant; TD = teat dips/sprays; VAC = vaccine; COM = combination of multiple types

109

Chapter 3: Pre-calving treatment to improve udder health in dairy heifers
Table 3-1. Continued.

Gilbert (2014)3

Wales

-

Giraudo (1997)

Argentina

Holstein

Korea

-

Iran

Holstein

3

Han (1999)

Hovareshti (2007)
Jimenez (2008)

3

Spain

Env.

Mixed

CNS

Brazil

Cont.

Gentilini (2012)

•

Outcome
measurement
time
(DIM)
4

•

•

•

•

0
7 for IMI; 100
for CM
30

•
•

300

•

60

•

60

•

•

56

•

•

•

15

•

-

•

•

•

-

•
•

•

7 – 14

•

60

•

•

7 – 14

•

7

Lopez-Benavides (2009)

New Zealand

-

•

Starting at 21

•

14

Lopez-Benavides (2006)
Matthews (1988)
McCarthy (2005)3 4
McDougall (2008)

New Zealand
US
US
New Zealand

Mixed

•

•
•
•
•

4

New Zealand

Middleton (2005)
Newton (2014)3
Nickerson (1990)3 4

US
New Zealand
US

14
8
5
10
4 for IMI; 14 for
CM
7 – 28
-

McDougall (2005)

•
•

•

•

Starting at 21
14
21
21

Mixed

•

•

•

40

Holstein
-

•

•

•
•

10 – 14
28
-

•

Pathogens
Studied2

•

CR

Holstein

Starting at 15

SCM

US

Outcome type1
IMI

Galphin (1996)3

•

Time of
intervention
application
(days before
calving)5

CM

Holstein

COM

Germany

VAC

Edinger (2000)

Other

Breed of
Cattle

TD

Country

TS

First author (year)

AM

Intervention type6

•
•

•
•

•

•

•

•
•

•

•

•

•
•

•

•

•

•

•

•

•

1

Outcomes reported on: CM = clinical mastitis; IMI = intramammary infection; SCM = subclinical mastitis; CR = cure rate of existing infections
2
Presented if the study differentiated infectious pathogens. Cont. = contagious; Env. = environmental; CNS = coagulase-negative staphylococci
3
Inclusion and analysis based on abstract or conference proceedings
4
Not included in meta-analysis
5
Intended application time based on expected parturition date, actual time relative to calving was variable
6
Type of intervention studied: AM = antimicrobial; TS = teat sealant; TD = teat dips/sprays; VAC = vaccine; COM = combination of multiple types
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Table 3-1. Continued.
Pathogens
Studied2

•

Time of
intervention
application
(days before
calving)5
-

Jersey

•

540

•

0

•

•

•

US

Holstein

•

365

•

0

•

•

•

Norman (2003)3 4

US

Mixed

•

14

•

14

•

•

Oliver (1991)

US

Jersey

•

7

•

7

•

•

•

US

Jersey

•

14

•

3

•

•

•

Oliver (1997)b

US

Mixed

•

0

•

0

Oliver (2003)

US

Jersey

•

7

•

3

•

•

•

Oliver (2004)

US

Mixed

•

14

•

7, 14, 30

•

•

•

Oliver (2007)

US

Mixed

•

0
1 , 2 and 3rd
trimesters
30
30
14

•

30

•

•

•

•

0

•

•
•
•

4
5
3

•
•
•

•
•
•

•
•
•

•

Pre-pregnancy

•

51

•

•

30

•

21

•

Oliver (1997)a
34

Owens (2001)

US

Jersey

Parker (2007)
Parker (2008)
Passchyn (2013)

New Zealand
New Zealand
Belgium

Pellegrino (2008)

Argentina

Pellegrino (2010)

Argentina

Pol (2015)3

Argentina

Holando
Argentino
Holando
Argentino
-

st

•
•
•

•

•
•

•
•

nd

15

•

CNS

Env.
•

CR

•

SCM

•

IMI
•

Outcome
measurement
time
(DIM)
-

Cont.

Outcome type1
CM

COM

Nickerson (2008)

VAC

US

Other

Nickerson (1999)

TD

Breed of
Cattle
-

TS

Country
US

First author (year)
Nickerson (1994)3 4

AM

Intervention type6

•

50

1

Outcomes reported on: CM = clinical mastitis; IMI = intramammary infection; SCM = subclinical mastitis; CR = cure rate of existing infections
2
Presented if the study differentiated infectious pathogens. Cont. = contagious; Env. = environmental; CNS = coagulase-negative staphylococci
3
Inclusion and analysis based on abstract or conference proceedings
4
Not included in meta-analysis
5
Intended application time based on expected parturition date, actual time relative to calving was variable
6
Type of intervention studied: AM = antimicrobial; TS = teat sealant; TD = teat dips/sprays; VAC = vaccine; COM = combination of multiple types
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Table 3-1. Continued.

US

Holstein

Tenhagen (2001)

Germany

Holstein

Timms (1997)3 4

US
Czech
Republic
US

Holstein

Brazil

Jersey
Holstein

Santos (2004)

Tousova (2011)
Trinidad (1989)3 4
3

Trinidad (1990)
Vargas (2016)

45

•

•

9

•

•

63

•

•

15

•

•

35

•

•

•
•
•

12
•

45

•

•
•

Env.

Holstein

•

Pathogens
Studied2
CNS

Netherlands

Sampimon (2009)

•

Outcome
measurement
time
(DIM)
1 for IMI; 30 for
CM; 56 for
SCM
-

Cont.

Holstein

•

CR

Canada

Roy (2007)

•

SCM

Holstein

30

Outcome type1
IMI

Spain

Roger (2013)3 4

•

Time of
intervention
application
(days before
calving)5

CM

-

COM

New Zealand

VAC

Robertson (2017)4

Other

Breed of
Cattle

TD

Country

TS

First author (year)

AM

Intervention type6

•

•

•

5

•

•

•

10
28 for IMI; 135
for CM
21 – 28 for IMI;
90 for CM
3

•

•

•

•

•

•

•
•

-

•

180-90

•

0

•

•
•

60

•

0
190

•

•

•

•

1

Outcomes reported on: CM = clinical mastitis; IMI = intramammary infection; SCM = subclinical mastitis; CR = cure rate of existing infections
2
Presented if the study differentiated infectious pathogens. Cont. = contagious; Env. = environmental; CNS = coagulase-negative staphylococci
3
Inclusion and analysis based on abstract or conference proceedings
4
Not included in meta-analysis
5
Intended application time based on expected parturition date, actual time relative to calving was variable
6
Type of intervention studied: AM = antimicrobial; TS = teat sealant; TD = teat dips/sprays; VAC = vaccine; COM = combination of multiple types
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1

•1
•
•
•
•
•
•
•
•
•
•
•
•

•

•

•

•
•
•
•
•

Attrition
Bias

Reporting
Bias

Selective
outcome
reporting

•
•
•
•

•
•

Random
outcome
assessment

Random
housing

Baseline
characteristics

Sequence
generation

Allocation
implementation

Allocation
concealment

First author (year)
Ataee (2009)
Barto (1978)
Bastan (2010)
Borm (2006)
Bowers (2006)
Bryan (2005)
Bryan (2009)
Bush (1977)
Compton (2014)
Contreras (2013)
Edinger (2000)
Gentilini (2012)
Giraudo (1997)
Hovareshti (2007)
Lopez-Benavides
(2009)
Lopez-Benavides
(2006)
Matthews (1988)
McDougall (2008)
McDougall (2005)
Middleton (2005)
Nickerson (1999)
Nickerson (2008)
Oliver (1991)
Oliver (1997)a
Oliver (2003)
Oliver (2004)

Blinding

Detection and
Performance Bias

Selection Bias

Incomplete
outcome data

Table 3-2. Risk of bias as assessed by SYRCLE guidelines (Hooijmans et al. 2013) from full-text
manuscripts included in systematic review (n=40).

•
•
•
•
•

•
•
•
•

•

•

•

•

•

•

•
•
•
•

•
•
•
•

•
•
•
•

•

•
•
•
•
•

•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•

•

•
•
•
•
•
•
•
•

•
•
•
•
•
•
•
•
•
•

• indicates that the feature was thoroughly described and minimized risk of bias in that area.
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Table 3-2. Continued.
Reporting
Bias

•

•

•

Owens (2001)

•

•

•

•

•

•
•

•

•

•

•

•

•

•

•

•

•

•
•

Parker (2007)

•

•

Parker (2008)

•

•

Passchyn (2013)

•

Pellegrino (2008)

•

•

•

Blinding

•1

Sequence
generation

Oliver (2007)

First author (year)

Allocation
concealment

Selective
outcome
reporting

Attrition
Bias
Incomplete
outcome data

Random outcome
assessment

Baseline
characteristics

Allocation
implementation

Random housing

Detection and
Performance Bias

Selection Bias

•

•

•

Pellegrino (2010)

•

Robertson (2017)

•

Roy (2007)

•

•

•

•

Sampimon (2009)

•

•

•

•

•

•

•

•

Santos (2004)

•

•

Tenhagen (2001)

•

Tousova (2011)
Vargas (2016)
1

•
•

•

•

•

•

• indicates that the feature was thoroughly described and minimized risk of bias in that area.
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Table 3-3. Outcome definitions in full-text manuscripts included in the systematic review (n=40).
First Author (study year)
Ataee (2009)
Barto (1978)
Bastan (2010)
Borm (2006)
Bowers (2006)
Bryan (2005)
Bryan (2009)
Bush (1977)

Outcomes defined1

T1
P1
T

Compton (2014)

T

Contreras (2013)

T

Edinger (2000)

P

Gentilini (2012)

P

Giraudo (1997)

T

Hovareshti (2007)
Lopez-Benavides (2006)

P

Lopez-Benavides (2009)

T

Matthews (1988)

T

McDougall (2005)
McDougall (2008)

T

Middleton (2005)

T

Nickerson (1999)
Nickerson (2008)
Oliver (1991)
Oliver (1997)a
Oliver (2003)

T

Oliver (2004)

T

Oliver (2007)

T

Owens (2001)
Parker (2007)

T

Parker (2008)

T

1

Outcome Definition
Culturing protocol only (NMC Guidelines)
Culturing protocol only (NMC Guidelines)
Culturing protocol only (NMC Guidelines)
Culturing protocol only (NMC Guidelines)
MAS-D-TEC test for mastitis (SCC via conductivity)
Clinical mastitis – specific signs not described
Clinical mastitis – described signs and symptoms
Culturing protocol only (NMC Guidelines)
Culturing protocol (NMC Guidelines), >200 CFU/mL for
IMI
Culturing protocol (NMC Guidelines), >500 CFU/mL for
IMI
Culturing protocol provided for IMI; changes in secretion
and veterinary treatment for CM
Culturing protocol (NMC Guidelines) for IMI; SCC >
250k cells/mL for SCM; clinical signs for CM
Primary pathogen cultured and SCC
> 250k cells/mL for IMI
Culturing protocol defined for S. aureus
Culturing protocol for S. uberis and CNS; clinical signs for
CM
Culturing protocol defined for S. uberis,
≥ 100 CFU/mL for IMI
Duplicate quarter samples with same pathogen for IMI;
clinical signs for CM
Clinical signs for CM, but signs/symptoms not described
Same pathogen isolated from sequential or parallel milk
samples for IMI
≤ 2 species cultured, and same species in 2 sequential
samples for IMI; SCC reported; California Mastitis Test
used for SCM
Culturing protocol only (NMC Guidelines)
Culturing protocol only
Same pathogen isolated at two sequential samplings
Culturing protocol only (NMC Guidelines)
Culturing protocol only (NMC Guidelines)
Culturing protocol (NMC Guidelines),
≥ 100 CFU/mL for IMI
Culturing protocol (NMC Guidelines),
≥ 100 CFU/mL for IMI
Culturing protocol only
≥ 300 CFU/mL of same species in sequential samples for
IMI
≥ 300 CFU/mL of same species in parallel samples for IMI

T = Definitions were thoroughly described, P = Definitions were partially described.
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Table 3-3. Continued.
First Author (study year)
Passchyn (2013)

Outcomes defined
T

Pellegrino (2008)
T

Robertson (2017)

T

Roy (2007)

T

Sampimon (2009)

T

Santos (2004)
Tenhagen (2001)

P

Tousova (2011)

P

1

≥ 100 CFU/mL for IMI
Culturing protocol only (NMC Guidelines)

Pellegrino (2010)

Vargas (2016)

Outcome Definition

Presented CFUs from samples
≥ 500 CFU/mL for IMI; ≥ 100 CFU/mL and clinical
signs for CM; ≥ 120,000 cells/mL for SCM
Different IMI definitions by species – very thoroughly
detailed
≥ 100 CFU/mL for major pathogen IMI,
≥ 500 CFU/mL for major pathogen IMI
Culturing protocol only (NMC Guidelines)
Culturing protocol only for IMI; clinical changes in
secretion for CM; reported SCC
Clinical mastitis – specific signs not described
≤ 2 species cultured, ≥ 100 CFU/mL for S. aureus and S.
agalactiae IMI, ≥ 1000 CFU/mL for other species

T = Definitions were thoroughly described, P = Definitions were partially described.
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Table 3-4. Meta-regression of records included in a systematic review pre-calving therapies for
improving udder health in primiparous dairy heifers on the outcome used to assess udder health.
Outcome Type
Clinical mastitis

Risk Ratio1 (95% CI)
0.50 (0.39 – 0.64)

Number of Records
15

Heterogeneity3
I2 = 0.85

Intramammary
0.61 (0.51 – 0.74)
34
Q = 343.5
Infection
Subclinical
0.30 (0.18 – 0.50)
2
P < 0.0001
2
mastitis
1
Ratio of risk of infection in treated animals to risk of infection in untreated controls.
2
Subclinical mastitis defined by as animal having an elevated SCC (measured by electrical
conductivity of milk, the California Mastitis Test or a quantified SCC > 120,000 cells/mL or
250,000 cells/mL).
3
Heterogeneity refers to residual heterogeneity from meta-regression model attributed to
differences in studies.
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Table 3-5. Meta-regression of records included in a systematic review pre-calving treatment for
improving udder health in primiparous dairy heifers on the type of treatment assessed in the
study.
Risk Ratio1 (95% CI)

Number of Records

Antimicrobial3

0.58 (0.46-0.74)

27

Teat sealant

0.405 (0.30-0.52)

7

Teat dips/spray

1.505 (0.74-3.1)

3

Vaccine

0.55 (0.35-0.86)

12

Intervention Type

Heterogeneity2

I2 = 0.85
Q = 369.78
P < 0.0001

Combination4
0.34 (0.25-0.45)
4
Other
0.50 (0.11–1.1)
4
1
Ratio of risk of infection in treated animals to risk of infection in untreated controls.
2
Residual heterogeneity from meta-regression model attributed to differences in studies.
3
Includes antibiotics as well as antiseptic compounds like chlorhexidine.
4
Combinations in included studies consisted of teat sealants and antimicrobials; vaccines and
antimicrobials; teat sealants, vaccines and antimicrobials.
5
Risk ratio different (P < 0.05) from studies assessing antimicrobial effectiveness.
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Table 3-6. Meta-regression of records included in a systematic review pre-calving treatment for
improving udder health in primiparous dairy heifers on the type of treatment assessed in the study,
stratified by type of pathogen.
Pathogen Type6
Intervention Type

Risk Ratio1 (95% CI)

Number of Records

Heterogeneity2

Contagious
Antimicrobial3
0.41 (0.34-0.77)
15
Teat sealant
0.40 (0.22-0.72)
4
I2 = 0.29
Teat dips/spray
1.487 (0.52-4.27)
1
Q = 39.36
P = 0.025
Vaccine
0.56 (0.34-0.92)
8
Combination
0.937 (0.33-1.26)
1
Environmental
Antimicrobial3
0.58 (0.46-0.74)
18
Teat sealant
0.275 (0.15-0.49)
5
I2 = 0.57
Teat dips/spray
0.56 (0.17-1.8)
3
Q = 71.77
P < 0.0001
Vaccine
0.78 (0.20-2.98)
4
Combination
0.255 (0.13-0.50)
2
Coagulase-negative staphylococci
Antimicrobial3
0.51 (0.35-0.76)
15
Teat sealant
0.46 (0.29-0.73)
4
I2 = 0.89
Teat dips/spray
1.48 (0.31–0.73)
2
Q = 212.71
P < 0.0001
Vaccine
0.89 (0.38-2.07)
4
Combination
0.345 (0.21-0.56)
2
7
Other
0.80 (0.19-3.34)
1
1
Ratio of risk of infection in treated animals to risk of infection in untreated controls.
2
Residual heterogeneity from meta-regression model attributed to differences in studies.
3
Includes antibiotics as well as antiseptic compounds like chlorhexidine.
4
Combinations in included studies consisted of teat sealants and antimicrobials; vaccines and
antimicrobials; teat sealants, vaccines and antimicrobials.
5
Risk ratio is different (P < 0.05) from studies assessing antimicrobial effectiveness.
6
Contagious pathogens include Staphylococcus aureus and Streptococcus agalactiae. Environmental
pathogens include Escherichia coli, and non-agalactiae streptococci.
7
Intervention type within pathogen type stratum did not have enough records for a meta-analysis.
Risk ratio presented is calculated from the single record within that stratum.
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Figure 3-1. Flow diagram of the manuscript selection process.

120

Chapter 3 : Pre-calving treatments to improve udder health in dairy heifers

Figure 3-2. Forest plot of effect size estimates from all (n = 48) studies included in the meta-analysis assessing effectiveness
of pre-calving therapy at improving post-calving udder health in dairy heifers. Size of boxes reflect relative size of effect
121
estimate; diamonds represent pooled estimates within strata.
CM – Clinical mastitis; IMI – intramammary infection; new IMI – IMI that was not present pre-calving; SCM – subclinical
mastitis (defined as elevated SCC)

Chapter 3 : Pre-calving treatments to improve udder health in dairy heifers

Figure 3-3. Egger’s regression for small-study effects in a meta-analysis of studies assessing
effectiveness of pre-calving therapies at improving udder health in dairy heifers plotted as the
natural log of the risk ratio from a given study against the estimate of variance from the same
study. Vertical bars indicate 95% confidence intervals at the intercept (variance = 0; largest
possible studies).
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Figure 3-4. Funnel plot to assess asymmetry and publication bias in meta-analysis
of studies assessing effectiveness of pre-calving therapies at improving udder
health in dairy heifers. Relative risk = 1 indicates equal risk of udder disease in
treated and untreated animals (no effect of treatment). Darkest triangle indicates
area of 90% confidence, light grey triangle indicates area of 95% confidence and
white triangle indicates area of 99% confidence.
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3.8. Appendices

Appendix 3-1. Search terms used in database searches. MeSH search is integrated in Web of Science,
so the same terms were employed there.
The search terms used were separated into 3 separate components corresponding to the study
population, the intervention and the outcome type. Each of these was combined with the Boolean
operator AND. Subject heading searches were conducted separately from the text search as the
available subject headings were not comprehensive.
1) To identify studies with a study population looking at heifers and not just all cows grouped
together, the search was split into two parts (to ensure that the age of animals in the study was
appropriate, as well as restrict our search to dairy cows only) which were combined using the
Boolean operator AND:
a. The terms “dairy” and “milk*” combined with the Boolean operator OR. The
corresponding subject headings were “dairy herds”, “dairy cows”, “dairy cattle”, and
“milking” combined with the operator OR.
b. The terms “heifer*”, “primiparous”, “primigravid”, “nulliparous” combined with the
Boolean operator OR. The corresponding subject headings were “heifers” and “bred
heifers” combined with the Boolean operator OR.
2) To identify studies with the relevant interventions, the search was again split into two parts
(timing of intervention had to be pre-calving, as well as specify all types of intervention), which
were again combined using the Boolean operator AND:
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a. The terms “pre-calving”, “pre-partum” and “calving” combined with the Boolean operator
OR. The corresponding subject heading search terms were “calving” and “prepartum
period” combined using the operator OR.
b. The terms “therap*”, “treat*”, “antimicrob*”, “antibiotic” and “seal*” combined using the
operator OR. The corresponding subject headings were “drug therapy", "therapy”,
"treatment", and "combination therapy" combined using the Boolean operator OR.
3) To identify all possibly relevant outcomes the search terms used were “mastit*”, “infect*”,
“clinical mastit*”, “bacteri*”, “inflam*”, “pathogen”, and “microorganism” combined using the
Boolean operator OR. The corresponding subject headings used were "mastitis" , "summer
mastitis" , "subclinical mastitis" , "mycotic mastitis" , "bovine mastitis" , and "inflammation"
combined using the Boolean operator OR.
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Appendix 3-2. Details on product used, primary therapeutic ingredient(s) and method of application
for each of the 62 studies.
First Author (year)
Acuna (2003)
Acuna (2015)
Acuna Pasqualina (2006)
Alaniz (2013)
Ataee (2009)
Barto (1978)
Bassel (2003)
Bastan (2010)
Borm (2006)
Bowers (2006)
Bray (1989)
Bryan (2005)
Bryan (2009)
Bush (1977)
Compton (2008)
Compton (2014)
Contreras (2013)
Edinger (2000)
Galphin (1996)
Gentilini (2012)
Gilbert (2014)
Giraudo (1997)
Han (1999)
Hovareshti (2007)
Jimenez (2008)
Lopez-Benavides (2009)
Lopez-Benavides (2006)
Matthews (1988)
McCarthy (2005)

Product(s) used
Intramammary cloxacillin benzathine
Enemast dry cow (Merial Argentina) – intramammary cloxacillin benzathine and
ampicillin trihydrate
Dry-off (WestfaliaSurge Argentina) – external teat sealant
Enviracor J-5 – E. coli vaccine
Tyloject (Razak Co, Tehran, Iran) - intramuscular tylosin;
Cefquinome (Cobactan; Intervet, Boxmeer, The Netherlands) - intramuscular cefquinome
Benzathine cephapirin (Bristol Laboratories, Syracuse, NY) – intramammary
Observational study – comparison of farms using and not using pre-calving teat dipping
Rilexine 500 (Virbac, France) – intramammary cephalexin monohydrate and neomycin
Cefa-Lak (Fort Dodge Animal Health, Fort Dodge, IA) - intramammary cephapirin
sodium
Prepartum milking twice daily beginning 3 wk pre-partum
Intramammary penicillin and dihydrostreptomycin
Masticillin (Stockguard
Laboratories Ltd., Hamilton, New Zealand) – intramuscular procaine penicillin
Mamyzin (Boehringer Ingelheim Vetmedica GmbH) - parenteral penethemate
hydroiodide
Iodine teat dip
Intercept (Bayer, New Zealand Ltd., Manukau City, NZ) – bismuth subnitrate and
chlorhexidine internal teat sealant
Reducing interval from calving to first milking;
SelPor (Ancare, NZ) - pre-calving, pour-on selenium feed supplementation
Tylosin (Elanco, Greenfield, IN) - intramuscular
Gelstadip (Pfizer GmbH, Karlsruhe, Germany) – iodine teat dip
Insecticide impregnated tail tag
Rotatec – J5 E. coli vaccine
Orbeseal (Zoetis Animal Health) – internal teat sealant
Proprietary S. aureus vaccine
Proprietary S. aureus vaccine
Nafpenzal DC (Intervet International, Holland) – intramammary sodium naficillin,
procaine benzyl penicillin and dihydrostreptomycin;
Tylan (Elanco, Animal Health, Elililly) - intramammary tylosin;
Baytril (Bayer, Bayer Leverkusen, Germany) – subcutaneous enrofloxacin
Cepravin VS – intramammary cephalonium
Teatguard Plus (Ecolab, Hamilton, NZ) – iodine teat spray
Teatguard Plus (Ecolab, Hamilton, NZ) – iodine teat spray
Latex external teat sealant with germicide
Albadry Plus (Pfizer Inc.) – intramammary novobiocin, penicillin G;
Orbeseal (Pfizer Inc.) – internal teat sealant;
T-Hexx (Hydromer) – teat dip
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Appendix 3-2. Continued.
First Author (year)
McDougall (2005)
McDougall (2008)
Middleton (2005)
Newton (2014)
Nickerson (1990)
Nickerson (1994)
Nickerson (1999)
Nickerson (2008)
Norman (2003)
Oliver (1991)
Oliver (1997)a
Oliver (1997)b
Oliver (2003)
Oliver (2004)
Oliver (2007)

Owens (2001)

Parker (2007)
Parker (2008)
Passchyn (2013)
Pellegrino (2008)
Pellegrino (2010)
Pol (2015)
Robertson (2017)
Roger (2013)
Roy (2007)

Product(s) used
Teatseal (Pfizer Animal Health, Auckland, NZ) – bismuth subnitrate internal teat
sealant;
Tylan 200 (Elanco Animal Health, Manukau City, NZ) – intramuscular tylosin
DryFlex (Delaval, Hamilton, NZ) – external teat sealant;
Rumensin ABC (Elanco Animal Health Manuaku City, NZ) – parenteral monensin
Pirsue (Pfizer, Inc. Kalamazoo MI) – intramammary pirlimycin hydrochloride
Teat Seal (Zoetis) – internal teat sealant
5 intramammary device models
Fly control; dry cow antibiotic
Lysigin (Boehringer Ingelheim Vetmedica Inc., St. Joseph, MO) - S. aureus
vaccine
Lysigin (Boehringer Ingelheim Vetmedica Inc., St. Joseph, MO) - S. aureus
vaccine
Today – intramammary cephapirin sodium;
Cefalak – intramammary cephapirin sodium
Intramammary sodium cloxacillin; intramammary cephapirin sodium
Today (Bristol Meyers, Evansville, IN) – intramammary cephapirin sodium
Pirsue (Upjohn Co., Kalamazoo, MI) – intramammary pirlimycin hydrochloride;
Albacillin (Upjohn Ltd., West Sussex, England) – intramammary penicillin
procaine and novobiocin sodium
Intramammary sodium cloxacillin; intramammary cephapirin sodium
Albacillin (Pfizer Animal Health, Kalamazoo, MI) – intramammary novobiocin
sodium and penicillin procaine;
Pirsue (Pfizer, Inc. Kalamazoo, MI) – intramammary pirlimycin hydrochloride
Albacillin (Pfizer Animal Health, Kalamazoo MI) – intramammary novobiocin
sodium and penicillin procaine;
Pirsue (Pfizer, Inc. Kalamazoo, MI) – intramammary pirlimycin hydrochloride
Tomorrow (Fort Dodge Animal Health, Fort Dodge IA) – intramammary cephapirin
benzathine;
Quartermaster (Pharmacia Upjohn, Kalamazoo MI) – intramammary penicillin and
streptomycin;
Albadry Plus (Pharmacia Upjohn, Kalamazoo, MI) – intramammary penicillin and
novobiocin;
Micotil (Eli Lilly and Co. Indianapolis, IN) – intramammary tilmicosin
Cefasafe (Intervet, Boxmeer, The Netherlands) – intramammary cephalonium
Teat Seal (Pfizer Animal Health, NZ Ltd., Auckland, NZ) – internal bismuth
subnitrate teat sealant
Teat Seal (Pfizer Animal Health, NZ Ltd., Auckland, NZ) – internal bismuth
subnitrate teat sealant
Tylan 200 (Elanco Animal Health, Manukau City NZ) – intramammary tylosin
Mamyzin Stop M (Boehringer Ingelheim GmbH, Ingelheim, Germany) –
intramuscular penethamate hydroiodide
Proprietary S. aureus vaccine
Proprietary S. aureus vaccine
Advocin 180 (Zoetis) – parenteral danofloxacin
TeatSeal (Zoetis, Auckland, NZ) – internal teat sealant
STARTVAC – E. coli and S. aureus vaccine
Pirsue (Pfizer Animal Health, Kirland QC) – intramammary pirlimycin
hydrochloride
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Appendix 3-2. Continued.
First Author (year)
Sampimon (2009)
Santos (2004)
Tenhagen (2001)
Timms (1997)
Tousova (2011)
Trinidad (1989)
Trinidad (1990)
Vargas (2016)

Product(s) used
Orbenin Extra Dry Cow (Pfizer, Capelle aan de IJssel, The Netherlands) –
intramammary cloxacillin
Prepartum milking
Proprietary S. aureus vaccine
Persistent barrier teat dip
StartVac – E. coli and S. aureus vaccine
Intramammary penicillin and streptomycin
Intramammary penicillin and streptomycin
Albadry Plus (Pfizer Animal Health) – novobiocin sodium and procaine penicillin;
Enviracor J5 (Pfizer Animal Health) – E. coli vaccine

128

Chapter 4: Deep recurrent neural networks for mastitis detection
CHAPTER 4: Mastitis detection with recurrent neural networks in farms using automated
milking systems

4.1. Abstract

Mastitis is the most important disease in the dairy industry. With widespread adoption of
automated milking systems (AMS) in Canada, there is an increasing need for automated
detection of mastitis in AMS farms. The main objective of this study was to develop a recurrent
neural network (RNN) model for the detection of clinical mastitis (CM) in dairy cows on farms
using AMS. Producer-recorded treatment records and AMS data were collected over 3 time
periods from a total of 89 dairy farms in 7 provinces across Canada. In addition to developing
eﬀective models for the detection of CM, our study also evaluated diﬀerent windows around the
day of diagnosis when the cow would be considered CM-positive to guide practical
implementation of models. We also compared numerous subsets of variables including milk and
behavioural characteristics, cow traits and farm-level/environmental variables to determine their
importance and impact on model performance. Data were randomly divided into a training and a
hold-out test set, consisting of all records from 66 and 23 farms, respectively. A 10-fold internal
cross-validation was also employed on the training set for model development. When comparing
diﬀerent windows of time around diagnosis, considering animals as CMpositive for 3 d prior to
recorded diagnosis resulted in the most timely and eﬀective detection of CM with a per-case
sensitivity of 89.8% (range: 83.3-96.0%), and per-day speciﬁcity of 84.3% (range: 83.4-85.8%)
over the validation folds. These levels of sensitivity and speciﬁcity were achieved when using all
recorded variables and their daily variances, although the inclusion of behavioural variables and
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farm-level/environmental variables provided marginal performance improvement over using
milk traits alone. Performance of the model was worse on the hold-out test set with a per-case
sensitivity of 83.5% (range: 77.9-86.3%) and a per-day speciﬁcity of 80.4 % (range: 78.182.4%), likely due to farm-speciﬁc heterogeneity not encountered in the training data. Over 90%
of cases of severe CM (deﬁned by an increase in milk temperature over the pre-CM baseline)
were identiﬁed by the model, indicating eﬀective performance for the detection of CM requiring
the most immediate treatment. Somatic cell count, daily variance in milking interval and milk
temperature were identiﬁed as the 3 most important variables deﬁned by their impact on model
predictions. In addition to milking traits, 8 of the top 20 variables were behavioural
measurements, suggesting they can play a role in the detection of CM. Daily variances also
represented 8 of the 20 most important variables indicating that CM onset may be associated
with sudden, within-day changes in the animal. In conclusion, this study demonstrates that RNNs
are able to eﬀectively detect CM by integrating a number of variables that are regularly
measured on AMS farms but have typically been excluded from CM detection models.
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4.2. Introduction

Economically, mastitis is considered the most important disease in the dairy industry, not
only due to its negative eﬀect not only on animal health and welfare, but also due to reductions
in milk production and quality (Halasa et al. 2007). In Canada, clinical mastitis (CM) annually
costs dairy farms on average $19,899 per 100 cows, and although culling, mortality and milk
yield reduction comprise the bulk of that cost, an average of $1,065 per 100 cows is also spent
annually on diagnosis, drugs for treatment, and associated labour (Aghamohammadi et al. 2018).
Earlier detection and treatment of CM improves health outcomes and reduces the long-term
impacts of mastitis (Milner et al. 1997), indicating that early detection is likely a key aspect of an
eﬀective mastitis management program.
Many commercial dairy farms in Canada have transitioned to automated (robotic) milking
systems (AMS), with 14% of farms using AMS nationally, and 27% of farms using AMS in
Western Canada in 2019 (Barkema et al. 2015; Tse et al. 2017; Canadian Dairy Information
Centre - Dairy barns by type 2019). Since AMS producers are no longer attaching milking units
to cows manually, there are fewer opportunities for them to assess the udder health of individual
animals. As a result, there is a growing need for more eﬀective, automated detection of CM to
compensate for fewer direct interactions of the producers with the animals. Using a number of
sensors during milking, many AMS regularly collect data such as milking time, milk yield,
electrical conductivity, somatic cell count (SCC), and milk components, presenting an
opportunity for the integration of these measurements in disease detection models. As an
increasing number of farms across Canada adopt AMS, the vast quantities of data collected online by these systems may provide new information that can be used speciﬁcally for mastitis
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detection. Thus, this study focused on developing eﬀective mastitis detection methods in dairy
herds using AMS.
The onset of CM is associated with many diﬀerent changes in the physical characteristics of
the milk such as quantity (Jamrozik and Schaeﬀer 2012; King et al. 2017), pH (Kandeel et al.
2019) and electrical conductivity (Norberg 2005), as well as composition of milk as measured by
the concentration of white blood cells (SCC) (Schukken et al. 2003), the presence of various
enzymes (Pyörälä 2003), and the ratio of fat to protein (Jamrozik and Schaeﬀer 2012). Numerous
researchers have used a variety of combinations of milk characteristics to predict the occurrence
of CM with good results. Somatic cell count, milk yield, lactase dehydrogenase and electrical
conductivity can be used to detect CM with a sensitivity and speciﬁcity of 75 and 80%,
respectively, when used to train a neural network or a generalized additive model using data
from a herd using AMS (Ankinakatte et al. 2013). Electrical conductivity, milk production and
ﬂow rates, and days in milk (DIM) can also be used to detect subclinical mastitis (elevated SCC)
in an AMS with a sensitivity and speciﬁcity of 80 and 75%, respectively, when used in a neural
network (Cavero et al. 2008). Ebrahimi et al. (2019) provided a comparison of numerous
machine learning algorithms (deep learning, naïve Bayes, generalized linear model, decision
trees, random forests and gradient boosted trees) for detecting subclinical mastitis in a
conventional milking system, but reported that all models performed with fairly low speciﬁcity
(1.2 - 39.7%). A 2010 review assessed 15 studies published between 1992 and 2010 on mastitis
detection on a combination of conventional milking and AMS farms and demonstrated that all of
them used some combination of milk yield, temperature, colour, and conductivity as inputs for
their predictive models (Hogeveen et al. 2010).
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Clinical mastitis is also associated with a number of changes aside from milk characteristics
which are seen externally as sickness behaviours. Prior to treatment for CM, feed intake is
reduced and animals are more restless during milking and more often kick oﬀ the milking units
(Fogsgaard et al. 2015). In the 5 d prior to CM cows are also more likely to be displaced by
others during feeding, and have reduced feeding activity during peak feeding times for the herd,
indicating lowered competitiveness for food (Sepulveda-Varas et al. 2016). These behavioural
changes also depend on the severity of the CM; prior to diagnosis with acute CM (pronounced
signs of local and systemic inﬂammation), cows spend less time ruminating and lying on the side
where the udder is inﬂamed, increase their activity and intake of silage compared to concentrate,
and reduce their water intake (Siivonen et al. 2011). However, these behavioural changes are not
necessarily speciﬁc to CM, as they can also be observed prior to diagnosis with subclinical
ketosis, lameness, displaced abomasum and metritis (King et al. 2017; King et al. 2018). Thus,
using behavioural characteristics alone may not be enough for the detection of CM, but
integrating them with milk characteristics could facilitate eﬀective detection. By combining milk
conductivity and milk yield with times between milking (milking interval) and duration of
milking in a neural network model, Hajaya et al. (2019) achieved a sensitivity and speciﬁcity of
97 and 99% respectively, for the detection of CM within a 10-d window on a farm using AMS.
Many AMS and associated technologies already collect behavioural data such as feed intake at
the AMS, milking intervals, activity and rumination; incorporation of these characteristics into
predictive models can be done without considerable investment in additional hardware.
The overall objective of this study was, therefore, to develop a model using a diverse range
of variables that most eﬀectively identiﬁes a cow milked by an AMS with CM as measured by
sensitivity and speciﬁcity. This study aimed to extend on existing research in 3 ways: 1) include
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all variables measured and recorded by AMS (including behavioural) as model inputs and assess
how they aﬀect model performance in terms of sensitivity and speciﬁcity of predictions; 2) make
predictions using deep recurrent neural networks (RNNs) which are able to capture more
complex and time-varying relationships between variables, than simple, feedforward neural
networks which treat data as cross-sectional; and 3) use a much larger dataset than previous
studies (89 commercial herds from 7 provinces in Canada) to eﬀectively assess generalizability
and robustness to between-herd diﬀerences.

4.3. Materials and Methods

4.3.1. Herds, animals, and data
Data used for model development in this study were collected over 3 different time periods
as part of three other larger studies.
The first study collected data from 9 commercial dairy herds in southwestern Ontario using
Lely (Maassluis, South Holland, the Netherlands) AMS between May 2016 and January 2017,
and enrolled 605 cows which were followed for the first 50 days of lactation (King et al. 2018).
The second study collected data from 6 commercial dairy herds in southwestern Ontario using
Lely AMS between January 2018 and January 2019, and enrolled 390 cows which were followed
for the first 60 days of lactation (Moore et al. 2020). The third study was the largest and data
used from it included 78 commercial dairy herds from across Canada (2 from Alberta; 4 from
British Columbia; 2 from Manitoba; 2 from New Brunswick; 41 from Ontario; 21 from Quebec
and 6 from Saskatchewan). Overall data collection occurred between October 2018 and July
2020, although not every farm was followed over the entire time period. The third study included
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additional herds over those listed, but these were excluded from the present analysis because they
did not use Lely AMS, or did not provide health records for the animals (Matson et al. 2020).
The dataset from the third study included 9,115 cow lactations (not complete lactations), and
cows were followed for different lengths of time at different stages of lactation. Two herds from
Study 1 were also included in Study 2; two herds from Study 1 were included in Study 3; and
one herd from Study 2 was included in Study 3.
The combined dataset included 10,109 lactations from 8,152 cows and 627 cases of CM.

4.3.1.1 Input variables
Input variables for the predictive models were collected from 3 sources at different time
intervals: 1) AMS data for each cow at every successful and attempted visit to the milking unit;
2) neck-mounted activity and rumination monitors (Lely Qwes-HR collars, Lely Industries N.V.,
Maassluis, The Netherlands) from each cow every 2 hours for each day; 3) mean daily
temperature from Environment Canada based on the herds’ postal codes on a daily basis; and 4)
Dairy Herd Improvement (Lactanet, Guelph, ON, Canada) records for parity and DIM once per
lactation. Details of all input variables and their source are provided in Table 4-1. Health and
treatment records were obtained from each of the herds and were presented in the standard
output format of T4C (the Lely AMS software) or the DairyComp305 software (VAS, Tulare,
CA, USA).

4.3.1.2 Outcome definition
Cases of CM were determined from health and treatment records based on diagnosis by
dairy producers. With data in the DairyComp305 format, “MAST” was the only disease option
for mastitis, so any cases labelled as such were treated as CM cases. With data from T4C, there
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were many more possible options that could correspond to mastitis cases (“Mastitis”, “Chronic
mastitis”, “Acute catarrhal mastitis”, or “Mastitis E. coli”): these were all treated as cases of CM
without classifying severity. Additionally, there were options for user-inputted diseases
(“Mastproto1”, or “Mastproto2”), diseases that could be CM (“Bloody milk”, “Abnormal
swelling of udder”) and instances where the disease field was left blank. Cases of any of the
above were only considered to be CM if the treatment administered included at least one
antibiotic or anti-inflammatory treatment indicated for the treatment of CM.
For each case of CM, only the first recorded treatment was considered as the date of
diagnosis and not any follow-up treatments. To address cases treated for longer durations and
having follow-up treatments, a case of CM occurring within 14 d of an earlier diagnosis in the
same cow was not considered a new case of CM (Barkema et al. 1998). Any observation not
corresponding to a day when CM diagnosis recorded, was considered ”healthy” (outcome=0)
regardless of the presence of other diseases or subclinical mastitis, and CM diagnosis days were
considered as CM-positive (outcome=1). Thus, initially each cow was classified as having CM
only on the day of diagnosis, and was considered healthy for the rest of the observation period.
For the purposes of model training, cows were reclassified as having CM for pre-specified
windows before and after the recorded day of diagnosis (3 d before, 0 d after; 3 d before, 3 d
after; 7 d before, 0 d after; and 7 d before, 7 d after). This ensured that the model would be able
to account for any delay between the onset of clinical symptoms and diagnosis by the producer.
This window should not be too long, as identification of sick animals prior to showing clinical
symptoms can increase the probability of producers treating alerts as false-positives (Mollenhorst
et al. 2012). Model performance was compared between the different windows of time to
determine which window led to the most accurate and timely detection of CM.
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4.3.1.3 Data editing and preprocessing
The first step in preparing the data for model training was to reconcile the different time
intervals at which the data were collected with to make them consistent between all variables.
Activity and rumination data were collected at bi-hourly intervals, and for the purposes of
analysis needed to be aligned with data collected during visits to the milking unit which had
varying time intervals. To address this, two different variables were created for both activity and
rumination: 1) mean of all 2-h periods since the last successful milking; and 2) mean of all 2-h
periods since the last visit to the milking unit (which could have resulted in a successful milking,
failure or refusal). For each cow’s visit to the milking unit, all activity and rumination records
that occurred between the time of the previous milking, or previous visit, and the time of the
current visit were identified. These times were rounded to the nearest 2-h interval to align with
activity and rumination data, and then the mean of the identified activity and rumination records
was taken as the value for the new variables.
Health records only identified the day of diagnosis with CM, and not the specific time of
day, so it was not possible to attach a healthy or sick classification to each milking individually.
Instead, the same classification was applied to all milking records occurring during the day. To
do this, milking records needed to be aggregated so that a summary value for each day could be
generated, resulting in one record per cow per day. For Boolean variables, this was done by
taking the sum of all values within the same day (total number of milkings, total number of
refusals, etc.). Measured values and percentages were summarized using the mean of each
variable for the day. To capture within-day variation in these variables, which would have been
lost if using the mean alone, within-day variances for each of these variables were also
calculated. As a result, each measured and percentage variable corresponded to two variables in
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the summarized data the mean of that variable during the day and its variance. Once all data were
summarized to only have one record per cow per day, the health records indicating CM status
and window of time before and after diagnosis, the herd-specific mean temperature obtained
from Environment Canada, and the cow-specific DIM and parity were all appended. At this
stage, the data were converted into 3-dimensional arrays (number of cow-lactations X days of
observation X number of variables) and variables that were not going to be used as inputs for the
classification model (farm and cow identifiers, dates and times) were removed.
Data were then split into a training set for model development, and a hold-out test set which
was not used for model tuning, but only to evaluate the performance of the optimal model. The
test set consisted of all records from 23 randomly selected farms (2,125 lactations from 1,643
cows including 131 CM cases) whereas the remaining 66 farms (7,984 lactations from 6,509
cows including 496 CM cases) were used for model development and tuning. By randomizing
across all included farms in the study, the distributions of farm provinces in each subset should
match that of the combined dataset.
A 10-fold internal cross-validation was used in model training within the training dataset
across all farms included in that set. Training and validation arrays for each cross-validation fold
were processed prior to being used as inputs for the predictive models. As cows were observed
for different lengths of time, the second dimension of the array (the number of time steps) varied
for each lactation. RNN models require that all input arrays have a constant length; therefore the
second dimension was expanded to the maximum observed time (527 d) and was padded with
zeroes to give all cow-lactations a constant length. These extra, zero-padded time steps were
masked during model training so that they would not contribute to the loss function and the final
parameter estimates.
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The final step prior to model fitting was to standardize the data, to avoid the problem of the
different scales of each of the variables (for example feed provision during milking ranged from
0 to 2.4 kg, whereas DIM ranged from 1 to 500 days) unduly impacting the learning algorithm.
Values for each of the variables were scaled across the training dataset using mean normalization
with the equation:
!! =

! − %&'((!⃗"#$%& )
%'!(!⃗"#$%& ) − %,((!⃗"#$%& )

where, ! refers to the original value within a given variable in either of the training,
validation or test sets; !⃗"#$%& refers to the entire observed vector of values for that given variable
in the training dataset; and ! ! refers to the transformed value that is returned. Mean normalization
was chosen over Z-score normalization to ensure that all values would be between -1 and 1; and
was chosen over min-max scaling so that a value of 0 would refer to the mean over the entire
dataset. Missing values were replaced by zeros, so that those records could still be included in the
neural network model. Using zeros (corresponding to the mean across all animals in the training
set) ensured that the missing values would provide no additional information to the model.
Although replacing missing values with class-specific means (different for healthy and sick
animals) could improve model performance, since CM detection was unlikely to be perfect, this
could have introduced further bias into the models.

4.3.2. Statistical methodology
4.3.2.1 Software packages
All data management and analyses were conducted in Python 3.7 (Van Rossum and Drake
2009) using base functions and a number of additional libraries. Initial data management and
cleaning were done using Pandas v.1.1.4 (The pandas development team 2020; McKinney 2010),
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and, after transforming the data to arrays, all management was done using NumPy v.1.18.5
(Harris et al. 2020). Neural network models were fitted using Keras v.1.1.2 (Chollet 2015) with
Tensorflow v.2.3.1 (Abadi et al. 2015) as the backend. All visualizations were created in Tableau
v.2020.2 (Mountain View, CA, USA).

4.3.2.2 Recurrent neural networks
Simple feed-forward neural networks can be thought of as an extension of generalized linear
regression, where additional derived features (hidden units) are formed using linear combinations
of the input features. This allows the model to capture complex inter-variable relationships
(Hastie et al. 2009). These units can then be combined to create further derived features (hidden
layers), and the numbers of units and layers are specified by the user. Increasing the model
complexity by adding additional layers and units allows the model to represent and capture
increasingly complex relationships between input and output variables. Although simple neural
networks take single observations of cross-sectional data as inputs, RNNs were developed as a
way to extend neural networks to handle time-series data where each observation is not
independent of the others within a sequence (Hochreiter and Schmidhuber 1997).
When using RNNs, the prediction at each time step takes into account the values of the input
variables at all previous time steps within the sequence. Simple RNNs struggle with learning
problems involving long-term dependencies between earlier time-steps and current predictions as
the gradients for earlier timesteps used for updating parameters either become very small
(vanishing gradients) or very large (exploding gradients) (Goodfellow et al. 2016). Long shortterm memory cells (LSTMs) can be implemented within a RNN and were developed as way to
address this limitation, by retaining and passing on only pertinent information from earlier time
steps (Hochreiter and Schmidhuber 1997). Within a LSTM cell, there are multiple “gates” which
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control the flow of information from the inputs (input gates), the output of the current time step
(output gate) and the information that is passed on to the subsequent time step (forget gate)
(Hochreiter and Schmidhuber 1997). By reducing the information retained and passed forward,
the LSTM is able to effectively address the issue of vanishing or exploding gradients and train a
better performing model. Similar to how multiple hidden layers can be stacked in a feed-forward
neural network to extract more complex inter-variable relationships, multiple recurrent layers
can also be stacked to extract increasingly complex, time-dependent patterns within the
sequences.

4.3.2.3 Model architecture and performance metrics
Model architecture
In the present study, a RNN with LSTMs was developed. The full model had 6 layers:
1) input layer - takes as input a sequence of observations on an individual cow during a single

lactation;
2) masking layer - identifies which elements of the sequence were added as padding, and

excludes them from the calculation of the loss function;
3) recurrent layer - a LSTM cell with 512 hidden units;
4) recurrent layer - a LSTM cell with 512 hidden units;
5) fully connected layer - a simple neural network hidden layer with 32 units, time distributed

to produce a separate outcome at each time step and rectified linear unit activation; and
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6) output layer - a simple neural network hidden layer with 2 units (corresponding to each

output class - healthy and CM), time distributed to produce a separate output at each time
step, with a softmax activation (ensures the two probabilities sum to 1).
Regularization to improve generalizability of the model was incorporated in the recurrent
layers with the same settings for both layers. Dropout was used for both the recurrent parameters
(gate weightings) and fully connected unit parameters where 10% of the parameters were
randomly excluded during each update step. Overfitting was also controlled using an L2
regularization function, which increases the loss function by a factor of 0.01 multiplied by the
sum of the squares of the parameters. Regularization controls overfitting by reducing the
magnitude of the parameter estimates, forcing low estimates to zero.

Model fitting and optimization
The distribution of the two output classes (healthy and CM) was extremely unbalanced in
the dataset. To ensure the model would not always predict that animals have a healthy udder
(maximizing accuracy) each observation was weighted based on the output class at that time
step. To place equal emphasis on the correct identification of healthy and CM cows, the classes
were assigned weights based on the ratio of healthy cow-days to CM cow-days in the training
data.
The models were fitted using the categorical cross-entropy loss function and the Adam
optimizer (Kingma and Ba 2015). Other optimizers such as SGD (Bottou 1991), RMSProp
(Dauphin et al. 2015), and AdaGrad (Lydia and Francis 2019) were also tested, but convergence
was fastest using the Adam optimizer. The initial learning rate was set to 0.001, with the learning
rate being reduced when the validation set loss would not change by more than 0.0001 for 10
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epochs. Models were trained for a maximum of 500 epochs, with early stopping specified when
the validation set loss did not change by more than 0.0001 for 20 epochs.

Performance metrics
Due to the imbalance in output classes, using accuracy alone would not effectively represent
the performance of the model. In addition to accuracy, sensitivity and specificity were also used
to assess performance. The performance metrics had the following equations:
-../0'.1 =

20/& 345,6,7&5 + 20/& (&9'6,7&5
-:: 345,6,7&5 + -:: (&9'6,7&5

;&(5,6,7,61 =

20/& 345,6,7&5
-:: 345,6,7&5

;3&.,<,.,61 =

20/& (&9'6,7&5
-:: (&9'6,7&5

In addition to being assessed on a cow-day interval, sensitivity was also calculated per-case
and per-day around the day of diagnosis. Per-case sensitivity allowed for a better representation
of the model performance as it reflected cows that were identified as sick at any point during the
CM-positive window. By assessing sensitivity relative to the day of diagnosis, we were able to
identify when sick cows were being identified as CM-positive and determine the model’s
effectiveness for early detection.
Per-case sensitivity was also calculated for a subset of cows considered to have severe CM.
Cases of CM were considered to be severe when the mean observed milk temperature during the
period of sickness was higher than the mean observed milk temperature of all prior days by a
certain threshold, as is observed when severe mastitis is experimentally induced (Steele et al.
2019). Multiple thresholds for the increase in temperature were assessed (0.5, 0.75, 1.00, 1.25
and 1.50◦C) and sensitivity was calculated for each of these thresholds.
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4.3.2.4 Assessing variable importance
Variable importance was assessed at two different points in the model development process:
prior to model training, and by examining the predictions of the fitted models.
The variables described in Table 4-1 were categorized as either milk traits (electrical
conductivity; SCC; percent fat, lactose and protein; total yield; dead milk time; milking
duration), behavioural characteristics
(activity; rumination; numbers of the different types of visits; preferences for visiting
different milking units; feed intake; total visit time; time between visits; time between milking
visits), cow traits (DIM; parity), environmental/farm-level characteristics (environmental
temperature; number of cows milking per AMS unit) and daily variances (within-day variances
calculated for the measured variables). Subsets of these variable categories were then used to
train models with the same architecture and hyperparameters. These subsets were:
1) all variables without daily variances - milk traits, behavioural characteristics, cow traits and

environmental/farm-level characteristics;
2) all variables and daily variances - milk traits, behavioural characteristics, cow traits,

environmental/farm-level characteristics and daily variances for measured variables;
3) behavioural characteristics without daily variances;
4) behavioural characteristics with daily variances;
5) cow-level measurements without daily variances - milk traits, behavioural traits and cow

traits;
6) cow-level measurements with daily variances - milk traits, behavioural traits, cow traits and

daily variances for measured variables;
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7) milk traits without daily variances; and
8) milk traits with daily variances for measured variables.

Performance of these models was then assessed using the previously described metrics to
determine how inclusion of different categories of variables impacted the detection of CM.
Once the optimal model with respect to the length of the disease window and variable subset
was selected based on the performance metrics, variable importance was again assessed relative
to the predictions. For the training and validation sets, the gradient (all the partial derivatives) of
the input variables with respect to the prediction outcome was determined at each time step for
every cow-lactation observed. These gradients were then averaged across all observations, and
their value was used to assess the relative contribution of each variable towards the predicted
outcome. To determine which variables could have been leading to false-positive and falsenegative predictions, the gradients were also averaged over the relevant subsets of observations.

4.4. Results

4.4.1. Determining the optimal disease window
Performance metrics for models trained using the different disease windows are presented in
Table 4-2. The highest validation set accuracy was 86.4% (range: 84.7-88.1%), achieved using a
CM-positive window of 3 d before and 3 d after diagnosis. The highest specificity of 86.4%
(range: 84.8-88.2%) and per-day sensitivity of 71.2% (range: 63.5-76.8%) were also achieved
using the window of 3 d before and 3 d after diagnosis. Although the per-case sensitivity was
very similar for all 4 disease windows assessed, the highest mean percase sensitivity of 90.4%
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(range: 80.7-97.7%) on the validation sets was achieved when using a window of 7 d before and
7 d after the day of diagnosis.
Proportions of sick animals identified by the model relative to the day of diagnosis are
presented in Figure 4-1. The overall pattern was similar for all 4 disease windows, with the
sensitivity increasing up to approximately the day of diagnosis, and then decreasing thereafter. In
the training set, the highest sensitivity of 91.5% (range: 90.0-93.6%) was achieved with a
window of 3 d before and 3 d after (Figure 4-1b), on the first day after the recorded diagnosis. In
the validation set, the highest sensitivity of 86.7% (range: 75.9-92.1%) was achieved with a
window of 7 d before and 0 d after on the recorded day of diagnosis (Figure 4-1c). By evaluating
the highest achieved sensitivity before or on the day of diagnosis, we can assess the models’
capacity for early detection. In the training set, the highest sensitivity before or on the day of
diagnosis was achieved using a window of 3 d before and 0 d after the diagnosis (Figure 4-1a). In
the validation set, the highest sensitivity before or on the day of diagnosis was achieved when
using a window of 7 d before and 0 d after diagnosis (Figure 4-1c).
Adding days after the day of diagnosis to the disease window resulted in the higher
sensitivities after the day of diagnosis, shifting the peak to later in the 15-d period. To keep the
emphasis of the models on earlier detection of CM, a disease window of 3 d before and 0 d after
the diagnosis was selected as the optimal, as it achieved similar performance as the model with a
7-d window before.

4.4.2. Identification of the most important variable subsets
Performance metrics and training epochs for models trained using the different subsets of
variables are presented in Table 4-3. The highest mean validation set accuracy of 84.9% (range:
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80.9%-89.4%)) was achieved when using milk traits and daily variances for measured variables.
Both the highest per-day and per-case validation set sensitivities of 68.9% (range: 59.9-75.0%)
and 89.8% (range: 83.3%-96.0%) respectively, were achieved when using all variables and the
daily variances for the measured variables. The highest validation set specificity of 85.0%
(range: 80.9%-89.4%) was achieved using milk traits and their daily variances, although
specificity was very similar in all subsets of variables except for behavioural variables alone, or
behavioural variables with daily variances, which were both lower. Although there was
considerable variation in the number of epochs required for training models using all subsets of
variables, the mean numbers of epochs were similar.
The proportions of sick animals identified by the model relative to the day of diagnosis are
presented in Figure 4-2. The overall patterns were similar for the training and validation sets, and
also for the different subsets of variables. Sensitivity increased to a peak on the day of diagnosis,
and decreased thereafter. The highest sensitivities achieved on the day of diagnosis for the
training and validation sets were 90.0% (range:
88.4-92.5%) and 85.7% (range: 78.9-94.0%), respectively, when using all variables and their
daily variances. The model trained using all variables and their daily variances was selected as
the optimal model, although models trained using all variables without daily variances, cow-level
measurements with and without daily variances, or milk traits with and without daily variances,
all performed similarly.

4.4.3. External test performance and variable importance of the optimal model
Only the optimal model identified in the previous sections was assessed for performance on
the hold-out test set. The performance metrics for all three subsets of the data are presented in
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Table 4-4. Accuracy on the hold-out test set was 80.3% (range: 78.0-82.4%); per-day and percase sensitivity were 59.8% (range: 56.1-63.4%) and 83.5% (range: 77.9-86.3%), respectively;
and specificity was 80.4% (range: 78.1-82.4%). As expected, test set performance was worse
than both the validation and training sets for all metrics.
Sensitivity of the model for detecting cows with severe CM in the three datasets is presented
in Figure 4-3. As the threshold for the increase in milk temperature over the baseline was
increased, fewer cows were identified as having severe CM in all three datasets. At all
thresholds, the model achieved a sensitivity of over 90%. For the training and validation sets, the
highest sensitivities were achieved when a cow with a 0.75◦C increase in temperature over the
baseline was considered as having severe CM, but decreased at higher thresholds. In the test set,
however, sensitivities increased with increasing thresholds, such that the highest sensitivity for
the detection of cows with severe CM was observed with a 1.5◦C over the baseline.
Variable importance was assessed over all observations across the three datasets, and the
results are presented in Figure 4-4. Overall, and for both false-negatives and false-positives, the 3
variables with the gradients of largest magnitude with respect to the predictions were mean SCC,
within-day variance in milk interval, and the mean milk temperature. There were some
differences in the remaining variables between the three subsets of observations, although these
were only in the rankings of the variables, because the top 20 variables were the same between
the subsets. Of these 20 variables, 11 were milk characteristics, 8 were behavioural
characteristics, 1 was a farm-level characteristic, 8 were daily variances of measured variables
and 5 were quarter-specific measurements.
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4.5. Discussion

A RNN was developed that identified cows with CM with high sensitivity and specificity
and was able to generalize between a large number of commercial dairy herds. This is the first
study to incorporate such a large number of predictive variables into the detection of CM in
herds using AMS. By limiting the variables to either those measured by the AMS or otherwise
routinely recorded on-farm, the implementation of this model can be easily incorporated into
existing AMS software without the need for additional hardware.
When considering the performance of the model, it is important to go beyond metrics
evaluated at individual time-steps to understand how the model performs in a more practical
setting. This has not been commonly done in previous studies which tend to evaluate only
performance per-day (Xudong et al. 2020; Sun et al. 2010), per-milking (Jensen et al. 2016;
Hajaya et al. 2019) or per-sample (Mammadova and Keskin 2015). Conversely, most studies
identified tend to include a period of time before and/or after diagnosis where the animal is also
considered in the state of CM, although the length of time differs between studies: 3 d before and
3 d after (Ankinakatte et al. 2013); 3 d before and 7 d after (Hajaya et al. 2019); 7 d before and
10 d after (De Mol et al. 1997); and 2 d before and 2 d after CM (Cavero et al. 2008). This
variation makes it difficult to compare predictive performance directly between studies, and the
length of time is generally justified using biological reasoning rather than evaluating the
differences in resulting performance.
Although changes in SCC and electrical conductivity can take up to 3 or 4 wk to return to
pre-mastitis levels (Bonestroo et al. 2020), this window of time is too long when the objective of
the model is to detect CM earlier for treatment purposes. Khatun et al. (2018) evaluated
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sensitivity of a model to detect a case of CM at any point in the 3 d before diagnosis and also
assessed sensitivity based on different time intervals prior to diagnosis. Using a generalized
linear mixed model, sensitivity of CM detection decreased with increasing number of days
considered CM-positive prior to diagnosis, whereas specificity was more consistent (Khatun et
al. 2018). The highest sensitivity in Khatun et al. (2018) occurred when considering 0 d before
diagnosis was 0.93 and specificity was 0.97, which were both considerably higher than our
model’s performance in all the windows of time assessed. In the present study, the per-day
validation set sensitivity decreased slightly when increasing the number of days prior to
diagnosis from 3 to 7, although the per-case validation set sensitivity did not change. The present
study is the first to assess per-day sensitivity in the days around diagnosis and to incorporate the
pattern over the 15 d period (7 d before and 7 d after CM diagnosis) into model selection. By
evaluating when the model identified animals as having CM relative to the day of diagnosis, we
identified not only the model with the highest per-day sensitivity, but also the model where the
peak sensitivity occurred at or before the day of diagnosis. By excluding the days after diagnosis
from when the animal was considered to be in a state of CM, we ensured that the model would
be penalized for late identification of CM-positive animals. Our study also assessed sensitivity of
the optimal model for the detection of cows with severe CM, although these findings should be
interpreted with caution. As data about CM severity were not recorded, severity of CM was
determined by changes in milk temperature compared to the pre-CM baseline, as is observed in
experimentally induced cases of severe CM (Steele et al. 2019). Although the estimated
sensitivity for detection of cows with severe CM was very high (>90% in all data sets), milk
temperature was identified as one of the most important predictive variables so it is likely that
information from this variable would have been indirectly incorporated into the model.
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Although the present study had a very large number of variables, rather than assess each
one’s effect on model training individually, they were grouped into categories to determine how
much they affected the performance of the models. Unsurprisingly, milk characteristics of the
cows were the best indicators of CM, but the inclusion of additional behavioural, and farmlevel/environmental variables marginally improved performance of the model. Despite
behavioural changes being observed prior to diagnosis with CM, the fact that they are also
observed with a range of other health disorders (King and DeVries 2018), indicates that they do
not offer much additional information not captured by patterns and changes in milk
characteristics. Behavioural variables alone resulted in very poor model performance, reinforcing
the notion that changes in them are not specific enough to reliably and effectively detect CM
onset. Despite this, behavioural variables could provide valuable information for the automatic
detection of other diseases.
When developing models for the detection of CM, researchers have previously pre-specified
the included variables based on existing knowledge about their association with CM (Sun et al.
2010; Mammadova and Keskin 2013; Jensen et al. 2016; Ankinakatte et al. 2013), or individual
variables were first assessed for association with CM before being included in a multivariable
model (Khatun et al. 2018). Conversely, the approach in the present study was to include all or
subsets of variables recorded by the AMS and as part of other farm records, and determine their
importance after model fitting. Feature selection prior to model fitting aims to remove irrelevant
or non-informative variables, as well as reduce the number of highly correlated variables. By
reducing noise in the data, models are able to converge on a solution faster, and in the case of
neural networks, generalize better by preventing overfitting of training data (Kavzoglu and
Mather 2002). Overfitting did not appear to be an issue in the present study, as there were only
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small reductions in performance in the validation sets compared to the training sets. Increasing
noise in the data also did not appear to affect times to convergence, as the number of epochs
required for training were very similar for all the different subsets of variables. Leray and
Gallinari (1999) demonstrated that when using neural networks on synthetic datasets, model
performance did not change significantly when using different kinds of feature selection methods
that removed noisy variables, suggesting that neural networks are able to effectively handle
extraneous information. For more complex problems with even larger numbers of variables, the
computational requirements may make including all possible variables infeasible, but in the
context of this study that did not appear to be a problem.
The importance of individual variables was also assessed for the optimal model with a 3-d
window before diagnosis. As neural networks can recognize complex non-linear relationships,
assessing the gradient of each variable individually is inherently limited by the inability to
evaluate interactions between multiple variables even though they could play a large role. The 3
variables with the largest average gradients with respect to the predicted outcome were SCC,
milk temperature, and observed variance in the milk intervals observed during the day. Somatic
cell count is a direct reflection of inflammation of the udder and has consistently been used as an
indicator of udder health (Schukken et al. 2003), whereas milk temperature is typically used in
combination with other indicators of inflammation for the diagnosis of CM (Pyörälä 2003).
Although milking interval is used as a component in mastitis indices used by AMS software
(Khatun et al. 2018), in our analysis the within-day variance in milking intervals ranked as more
important than the mean daily milk interval lengths. Additionally, many of the top 20 variables
identified were within-day variances of measured variables, even though the within-day means of
those variables were not as important. This indicates that the onset of CM may be accompanied
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with rather sudden changes in milking behaviour resulting in a change in within-day variability
compared to when the animal is healthy. Although behavioural variables only marginally
improved model performance over using milk characteristics alone, 8 out of the 20 most
important variables were behavioural, in particular relating to behaviour related to milking. This
indicates that behavioural variables can be useful for the detection of CM, and could possibly
replace milk characteristics that were not identified as the most important in our model. Of note,
electrical conductivity was not identified in the 20 variables with gradients of the greatest
magnitude, even though it has long been established as a key indicator of mastitis-related
inflammation (Milner et al. 1997; Pyörälä 2003). Five of the top 20 variables were also quarterspecific, of which two were for the left rear quarter. One of the quarters contributing more to
predictions than others can be expected if CM cases in the dataset were more frequent in one
quarter than the others. As CM diagnoses were recorded on the cow level, we were not able to
determine whether that was the case, but Barkema et al. (1997) determined that high SCC and
intra-mammary infections occurred more frequently in rear quarters than in the front. Ideally,
CM diagnosis should have been recorded at the quarter-level rather than cow-level, so that the
model could use the deeper level of detail to identify specifically which quarter was positive for
CM. Since treatments are often administered at the cow-level as in the case of systemic
antibiotics or anti-inflammatories, producers would not record the CM-positive quarter if they
were only recording the treatments given.
Unsurprisingly, performance of the optimal model was worse on the validation sets than the
training data; however, the performance on the test sets was considerably lower than on the
validation sets. This would likely be because of underlying differences in the populations
included in the different subsets of the data. The validation sets consisted of randomly selected
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animals from herds within the training data, whereas the test set consisted of animals from
entirely different herds. This difference in performance then likely reflects herd-specific
variability that was not encountered during model training. Khatun et al. (2018) used two
different farms for their model training and assessment, and both sensitivity and specificity were
slightly different between the two farms. By including a large number of different herds in our
training set, generalizability should have been improved, but we still saw a marked decrease
compared to the validation sets. In the present study, only two farm-level variables were
included: environmental temperature and number of cows milking per AMS unit. There are
likely other farm-level variables that may improve model performance that were not collected for
the study. In particular, as CM was diagnosed by the producers, differences in their diagnostic
protocols could represent a considerable source of variability that would impact the outcome
definition. The impact of farm-specific differences on automated detection of CM requires
further study, and the development of farm-specific detection models could be the best way to
address the between-farm heterogeneity.
Although CM is one of the most frequently occurring diseases in dairy cattle, at any given
milking or day the odds of a cow having a new case of CM is very low. As a result, there is a
considerable imbalance in the output classes for model development in the observed data.
Previously, other researchers have addressed this imbalance by randomly sampling from the
healthy cows to ensure a balance between the output classes during model training (Khatun et al.
2018; Ankinakatte et al. 2013). Conversely, our approach included all observed records, and
weighted each observation’s contribution to the loss function used in model optimization to
correct for the imbalance. This approach has the benefit of also being able to estimate the disease
burden in the sample population, and estimate the positive predictive value (PPV) or precision
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that would be observed during implementation of the model. The PPV represents the proportion
of observations classified as positive, that are true-positives, and increases with disease
prevalence for a fixed sensitivity and specificity. In our external test set of 2,125 lactations from
1,643 cows including 131 CM cases, out of 318,548 cow-days observed, only 524 were
classified as CM-positive, yielding a per cow-day incidence of 0.16%. The PPV achieved on the
external test set by the optimal model was 0.50% (range: 0.47 - 0.52%), indicating that even with
a CM-positive classification by the model, there is a high probability that the cow would not
have CM. Although the PPV may not be as useful as sensitivity and specificity for comparing
performance between models, it provides an indication of how the model would perform when
implemented in a similar population on farms. A minimum specificity of 99% is recommended
for detection of abnormal milk by AMS by the International Standard Organization (Hogeveen et
al. 2010). Using the recommended specificity of 99%, with the sensitivity achieved by the
optimal model and the observed daily incidence, the model would still only have a PPV of 8.9%,
meaning 91.1% of positive alerts would still be false-positives. Even if the model had perfect
sensitivity, and a specificity of 99%, with the observed prevalence, the PPV would still be low at
14.5%. It is difficult to put this finding into context, as no previous studies were identified that
report on the PPV of their model, but it does highlight that even with considerable improvements
in sensitivity and particularly specificity, PPV will likely remain low due to the very low per-day
incidence of CM.
Despite good performance of the developed RNN model, it is important to interpret the
findings in the context of limitations to our study. As CM diagnosis was recorded by producers,
there is a chance that some cases of CM could have been missed by producers resulting in falsenegatives relative to the true, unknown status of the cow. This would reduce model performance
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in two ways: by considering a cow with CM as being healthy, sensitivity would decrease as other
animals presenting CM onset in the same way would also be considered healthy; and by
considering that cow as not having CM, even if the model identified the cow as having CM, it
would be considered a false-positive and decrease specificity. Additionally, as requirements for
treatment records for diseases other than mastitis are not as strict, diagnoses of other diseases
were not considered in our analyses. It is possible that cows that the model considered falsepositives, were actually sick with another disease which was presenting in a similar way to CM,
however without a complete and exhaustive list of reliable diagnoses, there would be no way to
verify this. Collapsing all observations within a given day to a single record likely resulted in a
loss of information which could have informed better CM detection, as suggested by the
importance of within-day variances for the models’ predictions. This could only have been
avoided if the timing of diagnosis was also recorded, but this could also introduce additional bias
as cows are not checked for CM 24 hours a day by producers and most diagnoses would have
been recorded during the day when they are awake. Jensen et al. (2016) were able to assign a CM
classification to each milking as their study was conducted on farms using conventional milking
twice a day. Hajaya et al. (2019) reported model performance per-milking, but still assessed CM
on a daily basis, meaning that the per-milking classification was actually inferred and not directly
recorded. Monitoring cows 24 hours per day to determine exact timing of CM onset is not
feasible on commercial herds, and also subject to considerable inter-person biases without a very
strict definition of CM, so would likely only be possible on research farms. Lastly, although the
CM diagnoses were recorded, details of the cases were not consistently between all farms.
Behavioural changes observed in cows differ between ones with moderate CM and those with
severe/acute CM (Siivonen et al. 2011), so being able to differentiate between those animals
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could have improved model performance by adding another output class for severe cases.
Similarly, pathogen-specific cases of CM also differ in their risk factors, and their impact on
milk production and quality (Piepers et al. 2011; Zadoks et al. 2001). Had milk samples from
CM-positive cows been cultured, the model could have been trained to also identify the
associated pathogen in CM cases. Culture of all CM-positive milk samples however would
greatly increase the costs of the study and additional labour required by producers, likely leading
to reduced producer participation. Limitations like these are to be expected in a study conducted
at such a large scale, and controlling too much for between-farm differences or requiring
producers to change their normal management practices would likely reduce the generalizability
of the model.

4.6. Conclusions
A RNN model was successfully developed that can identify animals with CM with good
sensitivity and specificity. By incorporating all variables recorded by the AMS or on-farm in
other ways, the RNN was able to identify complex, time-dependent relationships between these
variables resulting in improved performance over using only subsets of these variables. By using
a narrow window of CM-positivity (3 d before recorded diagnosis), the model was able to
provide timely detection of CM cases while detecting over 90% of animals with severe CM,
likely requiring immediate attention. Reduced performance of the model on herds not included in
model development and training indicates that the detection models may be further optimized for
performance on individual herds, while providing a good starting point before that farm-specific
tuning can occur.
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Table 4-1. All variables, their type and source included as inputs for a recurrent neural network
to predict the occurrence of clinical mastitis in dairy cattle. For variables that were not measured
on all farms, the number of farms where they were measured is indicated.

Variable

Type

Data source

Days in milk (DIM)
Parity

Count
Count

DHI Records
DHI Records

Visit characteristics
Milking (cow milked at visit)
Refusal (not enough time between milkings)
Failure (incomplete milking)
Feeding (feed provided during visit)

Boolean
Boolean
Boolean
Boolean

AMS
AMS
AMS
AMS

Milk interval (time since previous milking)

Measured

AMS

Measured
Measured
Measured
Measured
Measured
Measured
Measured

AMS
AMS
AMS
AMS
AMS
AMS
AMS

Percentage
Percentage
Percentage
Measured
Measured
Measured
Measured

AMS
AMS
AMS
AMS
Neck-mounted collar
Neck-mounted collar
Environment Canada

Measurements during visit (if a milking visit)
Feed intake during visit
Visit duration
Milking duration (overall and quarter-specific)
Milk temperature (overall and quarter-specific)
Electrical conductivity of milk (quarter-specific)
Dead milk time (suction applied, but no milk ejected; quarter-specific)
Milk yield (quarter-specific)
Fat % (cow-level; 52 out of 89 farms)
Lactose % (cow-level; 35 out of 89 farms)
Protein % (cow-level; 52 out of 89 farms)
Somatic cell count (cow-level; 37 out of 89 farms)
Activity per 2-h period
Rumination time per 2-h period
Mean environmental temperature during day
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Table 4-2. Mean (range) performance metrics for the detection of CM using all variables recorded by AMS and their daily variances
over a 10-fold cross-validation comparing different windows of time before and after CM diagnosis.
Dataset

No. days before No. days after
diagnosis
diagnosis
3

Training
7

3
Validation
7

Accuracy

Sensitivity
per-day

per-case of CM

Specificity

0

0.844 (0.824-0.854) 0.749 (0.725-0.789)

0.936 (0.919-0.959)

0.845 (0.824-0.854)

3

0.865 (0.858-0.873) 0.780 (0.766-0.799)

0.939 (0.924-0.956)

0.865 (0.858-0.873)

0

0.765 (0.741-0.821) 0.694 (0.623-0.775)

0.931 (0.914-0.947)

0.765 (0.741-0.822)

7

0.819 (0.776-0.840) 0.724 (0.705-0.757)

0.930 (0.918-0.943)

0.820 (0.776-0.840)

0

0.843 (0.834-0.858) 0.689 (0.599-0.750)

0.898 (0.833-0.960)

0.843 (0.834-0.858)

3

0.864 (0.847-0.881) 0.712 (0.635-0.768)

0.896 (0.833-0.963)

0.864 (0.848-0.882)

0
7

0.763 (0.732-0.809) 0.618 (0.492-0.708)
0.818 (0.772-0.836) 0.678 (0.612-0.766)

0.902 (0.792-0.963)
0.904 (0.807-0.977)

0.763 (0.732-0.810)
0.819 (0.773-0.837)
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Table 4-3. Mean (range) performance metrics and number of epochs required for model training over a 10-fold cross-validation using
different subsets of variables for the detection of CM within 3 d prior to diagnosis.

Training

Variable set

No. epochs for
training

Validation

Sensitivity
Accuracy

per-day

per-case of CM

Sensitivity
Specificity

Accuracy

per-day

per-case of CM

Specificity

All variables

26.4 (21-32)

0.838 (0.812-0.856) 0.742 (0.722-0.763) 0.920 (0.904-0.934) 0.838 (0.813-0.856)

0.838 (0.808-0.867)

0.687 (0.586-0.755) 0.883 (0.838-0.926) 0.838 (0.808-0.867)

All variables
+ daily variances

29.4 (22-38)

0.844 (0.824-0.854) 0.749 (0.725-0.789) 0.936 (0.919-0.959) 0.845 (0.824-0.854)

0.843 (0.834-0.858)

0.689 (0.599-0.750) 0.898 (0.833-0.960) 0.843 (0.834-0.858)

Behavioural characteristics

25.7 (21-31)

0.783 (0.691-0.848) 0.546 (0.465-0.618) 0.788 (0.744-0.840) 0.783 (0.691-0.849)

0.783 (0.678-0.840)

0.509 (0.454-0.573) 0.758 (0.680-0.911) 0.783 (0.679-0.840)

Behavioural characteristics
+ daily variances

28.1 (23-43)

0.765 (0.704-0.788)

0.597 (0.576-0.630 0.830 (0.814-0.851) 0.766 (0.704-0.788)

0.765 (0.706-0.792)

0.574 (0.485-0.750) 0.819 (0.720-0.956) 0.765 (0.706-0.792)

Cow-level measurements

27.1 (21-33)

0.838 (0.825-0.849) 0.731 (0.717-0.744) 0.911 (0.902-0.925) 0.838 (0.826-0.849)

0.837 (0.822-0.865)

0.667 (0.578-0.773) 0.873 (0.807-0.926) 0.837 (0.823-0.865)

Cow-level measurements
+ daily variances

29.2 (21-39)

0.846 (0.826-0.863) 0.740 (0.713-0.773) 0.934 (0.919-0.952) 0.846 (0.826-0.864)

0.843 (0.827-0.869)

0.669 (0.579-0.755) 0.894 (0.838-0.933) 0.844 (0.828-0.869)

Milk traits

26.0 (21-41)

0.841 (0.829-0.863) 0.674 (0.651-0.693) 0.884 (0.859-0.902) 0.841 (0.829-0.864)

0.841 (0.825-0.873)

0.625 (0.543-0.710)

Milk traits
+ daily variances

27.5 (21-42)

0.851 (0.820-0.881) 0.691 (0.650-0.713) 0.920 (0.883-0.939) 0.851 (0.820-0.882)

0.849 (0.809-0.894)

0.641 (0.569-0.728) 0.879 (0.807-0.926) 0.850 (0.809-0.894)

0.85 (0.789-0.900) 0.842 (0.825-0.874)
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Table 4-4. Mean (range) performance metrics for the detection of CM using all variables
recorded by AMS and their daily variances over a 10-fold cross-validation with a 3d sick
window prior to CM diagnosis.

Dataset

Accuracy

Training

Sensitivity

Specificity

per-day

per-case of CM

0.844 (0.824-0.854)

0.749 (0.725-0.789)

0.936 (0.919-0.959)

0.845 (0.824-0.854)

Validation 0.843 (0.834-0.858)

0.689 (0.599-0.750)

0.898 (0.833-0.960)

0.843 (0.834-0.858)

Test

0.598 (0.561-0.634)

0.835 (0.779-0.863)

0.804 (0.781-0.824)

0.803 (0.780-0.824)
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Figure 4-1. Mean ± range sensitivity (proportion of animals with CM, or animals that would be diagnosed with CM identified by the
model) relative to the day of diagnosis for the detection of CM in dairy cows using a RNN. Different plots (a, b, c, d) represent the 4
windows of time where the animal was considered to be CM-positive for model training.
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Figure 4-2. Mean sensitivity (proportion of CM animals, or animals that would be diagnosed with CM
identified by the model) relative to the day of diagnosis for the detection of CM in dairy cows using a
RNN. Different colours represent models trained using various subsets of recorded variables.
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Figure 4-3. Mean sensitivity for the detection of cows with severe CM, as defined by an increase
over the baseline in average milk temperature during the sick period. The different lines
represent the different datasets; relative size of points reflect the number of animals identified as
having severe CM.
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Figure 4-4. Top 20 variables as defined by the absolute value of the gradient, averaged over
different subsets of observations for a RNN detecting the onset of CM.
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CHAPTER 5: Data considerations for developing deep learning models for dairy
applications

5.1. Abstract
With growing adoption of precision dairy technologies, the use of big data is becoming
increasingly common in the dairy industry. The speed at which data are generated has led to
increased interest in developing detection and predictive models for animal health and disease
events using real time records. When combining data from multiple sources, statistical methods
exist to account for the underlying heterogeneity in data collected from commercial farms,
although its impact on predictive models is not known. We investigated how 4 different issues
commonly seen in these large datasets impact the performance of deep recurrent neural networks
(RNNs) trained to detect the onset of clinical mastitis (CM) in dairy cows. We simulated data by
first sampling from real-world data and adding noise, then defining the association between
predictor variables and CM while incorporating parameters to reflect underlying heterogeneity:
1) random effects to reflect unmeasured variability at the farm level; 2) random effects to reflect
unmeasured variability at the cow level; 3) missed recording of CM cases; and 4) incomplete
observations due to certain farms not having a somatic cell count sensor. Higher levels of
unmeasured variability at the farm and cow levels resulted in reduced model performance,
indicating that data collection and feature selection should be informed by previous knowledge
of the associations between the outcome and predictors when possible, and that model
performance may be limited when predictors are selected only from routinely collected data.
However, even when 50% of CM cases were incorrectly recorded as CM-negative, model
performance did not decrease, demonstrating that deep RNNs are robust to the level of
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misclassification that would be typically encountered in dairy datasets. RNNs were also able to
accurately detect CM onset even when a highly predictive variable, somatic cell count, was
excluded from training and test data, but the models took longer to train. The effect of
unmeasured variability on model performance demonstrates how predictors should be selected
for RNNs, whereas RNNs appear to be very robust to misclassification in training data as well as
missing variables.
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5.2. Introduction
Dairy herds in the developed world have increased in size over the past few decades, a
change that has been accompanied with increasing adoption of new technologies, such as
automated milking systems (AMS; Barkema et al., 2015). In Australia, larger farms in particular
increasingly adopt precision dairy technologies (Gargiulo et al., 2018), although this trend varies
regionally due to differences in labour costs, milk price, and availability of technical support.
Producers adopting precision dairy technologies do so primarily to facilitate management of
health and production by monitoring an increasing number of parameters (Rutten et al., 2013;
Borchers and Bewley, 2015; Tse et al., 2018). Implementation of these technologies results in the
generation of a massive amount of data, which has driven growth in interest and research in
applying ‘big data’ analytics for precision dairy farming, particularly for monitoring animal
health and reproductive status (Lokhorst et al., 2019). An aspect of this research is the
development of algorithms that are able to synthesize information from multiple sensors to create
decision support tools that producers and advisors can use to improve management (Rutten et al.,
2013; Cabrera et al., 2020). These algorithms are often developed by using machine learning
models and are applied to various aspects of management, such as detecting disease and
reproductive status; monitoring animal behaviour and feeding; and predicting water and
electricity usage (Cockburn, 2020). Deep neural networks (DNNs) are a type of powerful
predictive model that have seen considerable recent improvement due to advances in
computational technologies, and have successfully been applied in the dairy context for
monitoring feeding behaviour (Kuan et al., 2019), predicting milk yield (Liseune et al., 2021)
and detection of clinical mastitis (CM; Ebrahimi et al., 2019; Hajaya et al., 2019; Naqvi et al.,
2021), lameness (Wu et al., 2020) and bovine tuberculosis (Denholm et al., 2017).
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Epidemiological studies of these diseases and behaviours using large datasets employ statistical
methods that can account for the effects of hierarchical clustering in the data, unmeasured
variables, imperfect outcome recording, and missing data. Conversely, no commonly used
methods in the development of deep neural networks are able to account for this clustered
structure and heterogeneity in collected data. To properly validate models, and effectively apply
them in real world settings, it is important to first understand how these factors can impact
performance and model predictions.
Data for large-scale epidemiological studies are often hierarchical, with correlations present
at multiple levels of observation, such as multiple samples within quarters, quarters within cows,
and cows within herds (Dohoo et al., 2014). These correlations can be accounted for by using
mixed models and quantifying random effects at each level of observation, a methodology that
has been extensively applied to understand many different outcomes such as reproductive
performance (Dohoo et al., 2001), genetic heritability (Narayana et al., 2018), and diseases such
as mastitis (Naqvi et al., 2018), and lameness (Salfer et al., 2018). A 2010 review on CM
detection (Hogeveen et al., 2010a) identified 15 studies, of which only 5 used data from multiple
farms. In a review of more recent publications (Slob et al., 2021), 7 out of 21 studies focused on
CM detection used data from multiple farms. As technology adoption grows and data from
different sources are further integrated, the proportion of studies developing models using data
from multiple herds is likely to increase, making the between-farm heterogeneity an important
factor that these models will have to consider.
Another source of heterogeneity that predictive models may encounter deals with the
sampling methodology. Although methodology for microbiological sampling considerably
affects diagnostic capability when determining disease outcomes (Dohoo et al., 2011a; Dohoo et
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al., 2011b; Reyher & Dohoo, 2011), these are generally held constant within a study. A large
study may include commercial herds in their sampling, in which case variation can also be
introduced if data is producer-recorded. In the Nordic countries, completeness of producer
records for treatment of CM can be as low as 45% when compared to veterinarian-supervised
records (Wolff et al., 2012). With imperfect outcome recording, it becomes difficult to evaluate
the performance of predictive models, because a false-positive may be a true case that was not
recorded. Related to sampling, farms may also differ in the particular sensors they use,
determining what variables can be measured and compared against other farms. In the interest of
maximizing useable data, it may still be useful to include incomplete observations in model
evaluation.
The overall aim of the present study was to determine how different sources of variation that
are normally observed in a dairy farm setting affect the performance of a predictive RNN model
for CM detection. The specific objectives were to: 1) determine the effect of unexplained
variation at the cow and farm levels on model performance; 2) assess how imperfect outcome
recording affects model performance; and 3) evaluate the models’ robustness to incomplete
observations.

5.3. Materials and Methods

5.3.1. Animals, herds, and data
Data used for this study were collected as part of a study with 197 farms using AMS across
Canada (Matson et al., 2021). Milking records from each of these farms were available for a 6month period ending between April and September 2019. Data collection involved AMS milking
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records, animal activity and rumination, and treatment records. Of these farms, for consistency in
measurements, 37 were selected that used the Lely AMS (Maassluis, South Holland, The
Netherlands) and also had a sensor to measure somatic cell count (SCC) at each milking. The
resulting dataset included 4,600 unique cow lactations, for a total of 579,842 cow-days observed.
Cows of parity > 8 were excluded, as were observations > 365 days in milk (DIM).
Additionally, DHI test-day records from 91 herds across Canada from 2007-2016 were
available and used to determine the mean and variance of production and SCC at each DIM,
stratified by parity of the animals.

5.3.2. Data simulation
Because the observed data likely already included unmeasured variables, clustering, and
imperfect recording, multiple datasets were simulated using these data where known values of
the parameters could be specified. To increase the size of the dataset and avoid repetition caused
by sampling with replacement from the observed data, noise was added to each observed
variable when resampling observations from the original dataset.

5.3.2.1. Covariates
Seven predictor variables were used, of which 5 were at the cow level: mean daily SCC,
total daily milk yield, mean milking interval, DIM measured daily, and parity; and 2 variables
were at the herd level: mean environmental temperature (recorded at the nearest Environment
Canada monitoring station) and number of cows per AMS unit.
The study population consisted of 100 simulated herds, each with 100 cows, created by
sampling with replacement from the observed data and adding noise to each observation. Each
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simulated herd was based on a single observed herd, randomly selected from the 37 observed
herds, with replacement 100 times. After selecting a herd, randomly generated noise was added
to the daily values for environmental temperature and lactating cows per AMS unit. Once the
herd had been randomly selected, 100 animals were sampled with replacement from all animals
observed for that herd. After selecting an animal, randomly generated noise was added to the
daily values for milk yield, SCC, milking interval, and DIM. The distributions sampled to
generate the values for noise added to each observation are presented in Table 5-1. Once 100
animals were generated from the particular herd, the process was repeated until data for 100
herds had been simulated.

5.3.2.2. Disease outcomes
The relationship between the selected predictor variables and the incidence of CM was
defined to be as realistic as possible based on existing research on those variables as risk factors
for CM. The association between CM incidence and the predictor variables was defined using a
logit transformation of the probability of diagnosis computed using a function of the observed
variables. Defining the relationship this way allowed for the incorporation of parameter values
from literature, as mastitis epidemiology studies typically employ logistic or Poisson regression.
In addition, literature-provided values could be used to quantitatively incorporate the
unmeasured effects associated with cow- and farm-level random effects (Table 5-2). The formula
to determine probability of CM diagnosis had the form:
ln #

$!,#,$
' = *+ ,% ∙ .(0% )2 + 4! + 5# + ℰ
1 − $!,#,$

(1)

where $!,#,$ is the probability of cow j on farm k being diagnosed with CM at d DIM; .(0% ) is a
function applied to the value for predictor variable i; ,% is the coefficient for the g-transformed
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value for predictor variable i; 4! is the random effects term at the cow-level; 5# is the random
effects term at the farm-level; and ℰ is the residual observation-level error.
The functions for the baseline effects of DIM, temperature, and season (determined by
observation date) were defined by directly using values from literature (Table 5-2). Temperature
was converted to the temperature-humidity index assuming a constant humidity of 75%. The
functions for the relationships between CM incidence and SCC, milk yield, number of lactating
cows per AMS unit, and parity were also based on literature, although the specific values for the
coefficients were chosen in a way to maintain the directionality of the association while yielding
realistic rates for CM incidence between 20 and 30 per 100 cow-years (Olde Riekerink et al.,
2008; Verbeke et al., 2014; Levison et al., 2016)). The relationship between milking interval and
CM incidence was defined to depend on the number of milking intervals <8 h or >15 h in the
previous week (Hammer et al., 2012). Although CM incidence depended on the number of
milking intervals below and above the thresholds, only mean daily milk interval was used for
model training, thus introducing temporal dependencies and latent covariates to better reflect
real-world observations. Sampling distributions to generate the cow- and farm-level random
effects were also based on literature, although skewed normal distributions were used to account
for the skew that results when applying the inverse logit transformation. After applying the
inverse logit transformation, cow-days where the predicted probability of CM diagnosis >0.50
were considered CM-positive. To account for imperfect recording, a window of 3 d prior to the
identified CM onset day were also considered to be CM-positive (Naqvi et al., 2021). The
predictor variables, the functions used to define their associations, and the relevant sources in
literature are presented in Table 5-2.
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5.3.2.3. Experiments
Four sets of experiments were defined to assess the effects of the following on model
performance:
1. different levels of unexplained farm-level variance;
2. different levels of unexplained cow-level variance;
3. different levels of outcome misclassification (missed recordings of CM cases); and
4. incomplete observations due to certain variables not being measured.
For experiments 1 and 2, 3 different levels of farm- and cow-level variance were assessed: low
(0), moderate (values from literature), and high (10x values from literature). In addition, training
data were split into training and validation sets in 2 ways: by herd (75% of herds of training,
25% of herds for validation) or by time (first 75% of observations for training, last 25% of
observations for validation). To simulate misclassification in experiment 3, a proportion of CMpositive days was randomly recoded as CM-negative. Three levels of misclassification
proportions were assessed: low (0.10), moderate (0.25) and high (0.50). The misclassification
was applied to either the training or testing data, for a total of 6 different datasets. For
experiment 4, SCC was chosen as the variable to exclude, and was excluded from either the
training or testing data by replacing all values with 0 after scaling.
In addition to these experiments, model performance was also assessed on 3 baseline
scenarios: 1) completely random association between predictors and outcome based on a uniform
sampling distribution; 2) realistic, moderate noise: moderate farm- and cow-level random effects,
mean false-negative rate of CM diagnosis of 0.25 that varied by farm and SCC excluded from
58% of farms (Naqvi et al., 2021); and 3) realistic, high noise: high farm- and cow-level random
effects, mean false-negative rate of CM diagnosis of 0.5 that varied by farm, and SCC excluded
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from all farms. The varying coefficients associated with disease outcome simulation for each of
the experiments and baseline scenarios are presented in Table 5-3.

5.3.3. Model development
5.3.3.1. Software packages
All data management and analyses were conducted in Python 3.7 (Van Rossum and Drake,
2009) using base functions and additional libraries. Initial data management was done using
Pandas v.1.1.4 (Reback et al., 2020), followed by array computations using NumPy v.1.18.5
(Harris et al., 2020). Neural network models were developed and fit using Tensorflow v.2.3.1
(Abadi et al., 2016).

5.3.3.2. Recurrent neural networks
Recurrent neural networks are an extension of simple feed-forward neural networks that can
handle time-series data where each observation within a sequence is not independent (Hochreiter
and Schmidhuber, 1997). In particular, long short-term memory cells can be implemented within
RNNs to better recognize long term temporal dependencies and improve model fitting
(Hochreiter and Schmidhuber, 1997).

5.3.3.3. Model architecture and fitting
Prior to model fitting, the values for predictor variables were scaled using max-min scaling
relative to the training set using the formula:
0& =

0 − 789:(0⃗'()%* )
790(0⃗'()%* ) − 7<:(0⃗'()%* )

(2)
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where 0 refers to the original value of a variable in either of the training, validation, or test sets;
0⃗'()%* is the entire observed vector of that variable in the training set; and 0 & is the scaletransformed value of the observed value for that variable.
The RNNs in the present study had 3 layers:
1.

input and masking – takes as input a sequence of observations on an individual cow during a
single lactation with padded values being excluded from model optimization;

2.

recurrent layer – a LSTM cell with 512 hidden units; and

3.

output layer – a simple neural network hidden layer with 2 units, time distributed to yield a
separate output for each time step, and softmax activation to ensure that output probabilities
sum to 1.
Regularization to improve model generalizability was incorporated in the recurrent layer

with parameter dropout set to 0.2, and L2 regularization with a coefficient of 0.001. Dropout
randomly excludes the specified proportion of parameters during each model update step to
reduce overfitting. L2 regularization reduces the magnitude of parameter estimates by forcing
low estimates to zero.
Because the output classes were severely unbalanced (healthy cow-days greatly
outnumbered CM-positive cow-days), each observation was weighted according to their output
class, based on the ratio of healthy cow-days to CM-positive cow-days. By weighting each
observations contribution to the loss function, equal emphasis was placed on predicting CMnegative and CM-positive animals. The categorical cross-entropy loss function was used with the
Adam optimizer (Kingma and Ba, 2015). Models were trained for a maximum of 250 epochs,
with early stopping employed when the validation balanced accuracy did not improve by at least
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0.0001 for 25 epochs. In addition, the learning rate was reduced when validation set balanced
accuracy plateaued for 5 epochs.

5.3.3.4. Model comparison and performance metrics
During the model comparison stage, false-positives were cow-days that were CM-negative,
when the RNN model predicted CM-positive, while false-negatives were cow-days that were
CM-positive, when the RNN model predicted CM-negative. With such a severe imbalance in the
output classes, accuracy alone would not be representative of model performance, so additional
performance metrics were also computed to compare model performance:

>??@A9?B =

CA@8 $DE<F<G8E + CA@8 :8.9F<G8E
>HH $DE<F<G8E + >HH :8.9F<G8E

J8:E<F<G<FB =

CA@8 $DE<F<G8E
>HH $DE<F<G8E

J$8?<L<?<FB =

CA@8 :8.9F<G8E
>HH :8.9F<G8E

(3)

(4)
(5)

In addition, balanced accuracy was computed to control the model fitting procedure, calculated
using the formula:

N9H9:?8O 9??@A9?B =

J8:E<F<G<FB + J$8?<L<?<FB
2

(6)
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5.4. Results

5.4.1. Covariate simulation
Simulated values for the predictor variables were similar when compared to the original data
(Table 5-4). The largest difference was between the mean number of milking cows in the original
dataset and the simulated dataset, as the simulated herds were, on average, much smaller. Two of
the 37 original herds were much larger than all the others and considerably skewed the mean to
the right, but by only sampling 100 cows per herd, the impact of the larger herds was reduced.
As this the mean number of milking cows was not used as a predictor for model training, its
effect on the difference between the two datasets on model performance would be negligible.
The simulated means for number of cows per AMS milking unit, environmental
temperature, DIM, SCC, and observed days per animal were slightly higher than in the original
dataset, but the size of the interquartile ranges was very similar. Conversely, mean parity was
lower in the simulated dataset, likely because the effect of extreme outliers on the means was
reduced by sampling with replacement.

5.4.2. Experiment 1 – effects of unmeasured farm-level variability
Models trained with different levels of farm-level random effects all performed well
(sensitivity and specificity >0.80 on all but one of the test sets; Table 5-5). Test set sensitivity
decreased slightly as the magnitude of farm-level random effects increased, while test set
specificities were more consistent, and a decrease was only observed at the highest level of farmlevel random effects. In all cases, the accuracy metric was very close in value to the specificity,
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because of the outcome class imbalance, such that the correct classifications were always more
likely to be CM-negative.
When dividing the training data into training and validation sets by time, performance was
lower as compared to training data split by herds on both validation and test sets. Model training
took longest (122 epochs) on the dataset with no farm-level random effects, whereas training was
stopped at 25 epochs when training and validation sets were split by time, and for the highest
level of farm-level random effects. Although the number of training epochs required may be
interpreted as an indication of model complexity, 25 epochs was also the specified patience
parameter for early stopping of model training, so faster training could also indicate that no
improvement in model performance was observed on the validation sets in those cases.

5.4.3. Experiment 2 – effects of unmeasured cow-level variability
Models trained with different levels of cow-level random effects also performed well in all
cases (sensitivity and specificity > 0.80), except for at the highest level of cow-level random
effects (sensitivity = 0.755; Table 5-6). When splitting the training data by time, test set
sensitivity was highest when there were no cow-level random effects and decreased with more
cow-level random effects; test set specificity decreased at the highest number of? cow-level
random effects, and the test set accuracy again corresponded closely with the test set specificity.
When splitting the training data by farms, both test set sensitivity and specificity were very
similar between the low and moderate levels of cow-level random effects and decreased slightly
at the highest level. Validation set sensitivity was slightly lower when the training/validation
split was done by time, rather than by farms at all levels of random effects.

187

Chapter 5: Data considerations for deep learning in dairy
The number of epochs required for model training increased with the level of cow-level
random effects when training data was split by farms, whereas when training data was split by
time, model training only took 25 epochs for all levels. As described previously, 25 epochs were
the patience parameter for the early stopping process and were, therefore, the minimum that
models could be trained with. This would indicate that there was no improvement on validation
set performance over the first 25 epochs of training.

5.4.4. Experiment 3 – effects of outcome misclassification
Model performance across different levels of outcome misclassification in both the training
and testing data was good (sensitivity and specificity >0.80; Table 5-7), and by all metrics
performance on all subsets of the data were similar. At all levels of false-negative classification
in either the training or test data, training stopped at 25 epochs.

5.4.5. Experiment 4 – effects of missing observations in a predictor variable
When SCC was treated as missing in the training or testing datasets, model performance was
still very good (sensitivity and specificity >0.90; Table 5-8). Performance metrics on the training,
validation, and testing sets were similar when comparing a model trained where SCC was
missing from the training data to a model trained including SCC, but excluding it from the
testing datasets. Model training took longer when SCC was excluded from the training set (107
epochs) compared to when it was excluded from the testing set (98 epochs).
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5.4.6. Baseline scenarios
When the association between CM and the predictors was completely random, the model
always predicted cow-days to be CM-positive, resulting in a sensitivity of 1.00 and specificity of
0.00 (Table 5-9) in the training, validation, and test sets. Model training for baseline scenario 1
was completed in 36 epochs. In the moderate scenario, performance was poorer in the validation
set, but was similar in the training and test sets with sensitivity values of 0.89 and 0.86
respectively, and specificity values of 0.91 and 0.90 respectively. This performance was also
similar to the moderate levels of farm- and cow-level random effects (Tables 5-5 and 5-6), as
well as the moderate level of outcome misclassification (Table 5-7), although model training was
considerably faster, being completed in 66 epochs. In baseline scenario 3, with high levels of
farm- and cow-level random effects, misclassification and SCC being excluded, performance
was lower in training, validation, and test sets. Test set performance was poorer than in any of
the other experiments, with both sensitivity and specificity <0.80, and model training stopped at
25 epochs.

5.5. Discussion

Models for the detection of disease on dairy farms using AMS developed using RNNs
appear to be robust to many of the issues that affect the statistical analysis of these kinds of
datasets that are often characterized by missing data. Although the results of this study need to be
interpreted in the context of the simulation parameters, the findings provide an indication of how
the performance of these models is affected, as increasingly large and varied sources of data are
used for their development.
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Although the effect of the identified issues could be assessed using completely randomly
generated data, to make the findings as realistic and interpretable as possible, the simulation was
started with records from real dairy farms. After resampling, data were perturbed by random
values based on variability observed from real DHI data. By constraining the resampling size to
be constant for all farms, we were able to ensure a balanced distribution of random effects across
all herds. The largest difference was observed in the mean value for the number of milking cows
per herd. The original data included a few, very large farms which would have disproportionately
skewed the mean, but by resampling to include only 100 cows per herd, the effect of these
outliers on the computed mean was reduced. Conversely, mean SCC was considerably higher in
the simulated than in the original data, because by resampling from herds with less than 100
cows, the rare cows with very high SCC could have been included multiple times. Although
these differences likely would not have had a strong effect on model fitting, they are important to
keep in mind when interpreting our study findings.
Neural networks, and RNNs using LSTM cells in particular, are able to capture complex,
non-linear, and time-dependent relationships between predictor variables and the outcome
variable (Hochreiter and Schmidhuber, 1997). The function to relate the probability of CM to the
predictor variables was made non-linear using the logit link and polynomial terms, while
temporal dependencies were defined by comparing variable values at each time with the mean
and variance of the same variable over the previous week. Although temperature and season
would be correlated, they were both used as predictors to increase model complexity by
including collinearity and different variable types. Variances for farm- and cow-level random
effects were based on values from literature, but a skewed normal distribution was used to
account for the skew introduced when converting from log odds of disease to probability. The
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farm- and cow-level random effects, along with the residual error, added unpredictable noise to
the data and represented the effects of unmeasured variables at the farm, cow, and observation
levels respectively. When comparing model performance between the different
training/validation dataset splits both validation and test set performance , in all cases was worse
when the training and validation data were split over time, rather than by farm. When training
data were split by time, model training stopped after 25 epochs, indicating that performance did
not improve appreciably after the initial pass over the training dataset. This is likely because
splitting the data by time may have broken the temporal dependencies required to accurately
predict the incidence of CM. Although previous studies for CM prediction have split sequences
by time (Miekley et al., 2013; Adriaens et al., 2018), these studies tended to focus on short-term
forecasts. For timely detection of disease, the findings from the present study demonstrate that it
is preferable to maintain entire sequences and divide the training data by groups (farms or
individual animals), rather than over time.
As expected, test set performance decreased with both increasing farm-level random effects
and cow-level random effects, while the number of epochs required for model training increased.
In both cases, a marked decrease in performance was observed at the highest level compared to
low and moderate levels, whereas the difference between the low and moderate levels was
smaller. Although a researcher developing predictive models would not explicitly have to
account for random effects in model development, it does provide some insight into how data
collection should be conducted. Random effects, particularly in the multilevel model setting can
be interpreted as the unmeasured effect of different levels of hierarchical clustering on the
outcome of interest (Austin et al., 2001; Dohoo et al., 2014). Therefore, when collecting data for
model development it is important to consider how much variability at different hierarchical
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levels is captured in the measured variables, because farm-specific identifiers cannot be included
if the goal is having a model that generalizes well. When analyzing the association between
farm-specific variables and culling decisions in dairy herds, Haine et al. (2017) demonstrated
that including contextual herd-level variables results in a decrease in unexplained herd-level
variance (Haine et al., 2017). In the same study, including cow-level variables actually resulted
in an increase in unexplained herd-level variance (Haine et al., 2017), suggesting that there are
likely outcome-specific interactions between the farm- and cow-level measurements. In a study
of reproductive performance, changing the outcome (intervals between calving and first service,
between calving and conception, or first service and conception) resulted in considerable
changes in the estimates for residual cow- and farm-level variance, when all other predictors
were kept the same (Dohoo et al., 2001). The findings from the present study suggest that
unmeasured variability at both the farm- and cow-levels can influence model performance, so
variable selection prior to data collection should be informed by previous knowledge about
different factors that can affect the outcome of interest. It is, therefore, important when designing
studies that leverage data that are routinely collected (such as AMS or DHI data) to develop
predictive models, to consider that model performance will ultimately be limited by variables
that have been measured, and those that may be relevant but were not measured.
In the field of machine learning, outcome misclassification in training data is commonly
referred to as label noise, and its consequences for model training, inference and performance
have been extensively studied (Frénay and Verleysen, 2014). In particular, the type of label noise
explored in the present study (CM-positive cases being misclassified as CM-negative), would be
an example of class-dependent noise where each outcome class has a unique probability of being
classified as the other (Algan and Ulusoy, 2020). When applied to image classification using
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deep learning, class-dependent label noise has a much smaller impact on model performance
when compared to locally-concentrated or feature-dependent noise (Algan and Ulusoy, 2020).
Although methods have been proposed to make deep neural networks more robust to label noise
(Patrini et al., 2017), sufficiently complex deep neural networks are remarkably robust to
mislabelled training data (Rolnick et al., 2017). In the present study, model performance was not
affected even at high levels of misclassification, where 50% of CM-positive observations were
recorded as CM-negative. Even though for all levels of misclassification the model training
stopped after 25 epochs, the models were still able to reach similar performance to the ones
trained with low farm- and cow-level random effects. This suggests that even when using data
from commercial dairy farms to develop disease prediction models, farm-specific differences in
disease diagnosis and recording would only minimally affect model performance if using deep
neural networks.
In a previous study using milk, behavioural and farm level characteristics to train RNNs for
CM detection (Naqvi et al., 2021), only 37 out of 89 farms had SCC data available, but despite
the incomplete observations in both the training and test data, model performance was good with
a sensitivity and specificity of approximately 0.80. Excluding SCC measurements from either the
training/validation set or the test set, produced models that performed well (sensitivity and
specificity of approximately 0.90) on the hold-out test set. The primary difference between the 2
scenarios was the number of epochs required for model training: 107 when SCC was excluded
from the training/validation set compared to 98 when SCC was excluded from the test set. This
indicates that even when a highly predictive variable is excluded, a deep neural network is still
able to detect CM with high accuracy, it just takes longer to learn the weaker associations of the
remaining predictors with the outcome. The primary limitation to consider is that in the present
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simulation, all the included predictors were associated with probability of CM, so even with the
exclusion of SCC, the other predictors had a predictive association with the outcome. If, on the
other hand. the remaining predictors were not associated with the probability of CM, it is likely
that model performance would have suffered. Since RNNs can robustly ignore the noise in the
data due to extraneous predictor variables, model development can proceed without having to
carefully exclude unnecessary features or feature engineering (Laksana et al., 2020). Although
this can facilitate the use of routinely collected data, it is still necessary to ensure that some of
the included predictors contain information about the outcome of interest, even if not all the
relevant predictors can be included.
Model performance on the 3 baseline scenarios was as expected: test set performance was
best in scenario 2 (realistic, moderate noise) and was similar to performance in the moderate
levels in the previous experiments; performance was worse than all other scenarios and
experiments for baseline scenario 3 (realistic, high noise); and for scenario 1 (random) the model
always predicted cows to be CM-positive, resulting in a sensitivity of 1.00 and a specificity of
0.0. As shown by Naqvi et al. (2021), real world performance of RNNs used for CM detection
lies somewhere between scenario 2 (realistic, moderate noise) and scenario 3 (realistic, high
noise).
As with any simulation study, the findings of the present study are limited by the parameters
of the simulation. By sampling animals from observed data, and perturbing the records, we
attempted to make the distribution of predictors as realistic as possible. Although the function
relating the predictors to CM incidence was based on previous research, in a real world setting
there will always be unexplained variability that is unlikely to be captured no matter how
carefully the data collection is designed, such that perfect model performance would be
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impossible. Model performance in all experiments in the present study was worse than many
previous studies for CM detection (Kamphuis et al., 2008; Hogeveen et al., 2010b; Mammadova
and Keskin, 2013), which suggests the simulated association between the predictors and CM was
complex enough to not immediately be learned by the model.

5.6. Conclusions

This study demonstrates that RNN models are able to robustly handle many of the common
issues encountered in epidemiological studies to produce accurate predictions about the onset of
CM in a simulated dataset. We assessed 4 common issues in dairy epidemiological studies: 1)
unexplained variability at the farm level; 2) unexplained variability at the cow level; 3) outcome
misclassification (or label noise) relating to producer records of disease diagnoses and
treatments; and 4) incomplete observations due to differences in available sensors between
farms. Unexplained variability at the farm- and cow-level can reduce model performance and
should be addressed when designing the data collection and selecting predictor features. Deep
neural networks are robust to misclassification in training data, and CM is a rare enough event
that incorrectly recorded cases have a negligible effect on model performance. Deep neural
networks can accurately detect CM even in the absence of strongly associated predictor
variables, given that the remaining predictors have some limited association with the outcome of
interest. Recurrent neural networks can be trained for accurate detection of CM without the need
to explicitly handle these issues as would be required for traditional statistical analyses.
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Table 5-1. Sampling distributions for the noise added to each variable when sampling with
replacement from observed milking records from 37 herds, and 4,600 cow-lactations.
Variable

Sampling distribution

Farm level
Environmental temperature

Q(0, 0.25)

Cows milking per AMS unit

Q(0, 1.50)

Cow level
Milk yield1
Somatic cell count1
Milking interval
Days in milk2

U+),',-./
V2)
U
Q(0, +),',-./V2)
Q(0,

Q(0, 1.50)
@:<L{−20, 20}

1

The observed variance was based on parity- and DIM-specific values in the 2006-2016 DHI
dataset.
2
Only one adjustment was made per-animal, the first observed DIM of the animal was shifted by
the randomly generated value to a minimum of 0, and the rest were adjusted sequentially.
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Table 5-2. Sampling distributions used for the predictor variables in equation (1) and the functions used to compute their contribution
to the simulated log odds of mastitis diagnosis.
Variable

Function/Sampling distribution
−0.002 ∙ DIM! − 1.2

DIM
Temperature1
Temperature humidity index
Relative humidity = 75%
Temperature
Season (each season is an
indicator variable)

*+, = 0.8 ∙ *012℃ + 0.75 ∙ (*012℃ − 14.4) + 46.4

Milking intervals < 8h

(Barkema et al., 1998)
(Bilby, 2014)

0.755 ∙ *+, − 60

(Morse et al., 1988)

0.00258 ∙ ;<=>0? + 0.00283 ∙ A2?<=B + 0.00315 ∙ AC110? + 0.00254 ∙ DEFF

(Vitali et al., 2016)

0.025 ∙ parity

Parity
No. cows milking per AMS unit
Milking interval

Reference

(Hammer et al., 2012)

0.005 ∙ no. cows milking per AMS unit
"#$

−1 ∙

Z

no. milking intervals < 8h in <

(Hammer et al., 2012)

no. milking intervals > 15h in <

(Hammer et al., 2012)

% ' "#$()
"#$

Milking intervals > 15h

0.1 ∙

Z
% ' "#$()

cln(SCC)*+, − a0E=45 (011)()3 d
ef45 (011)()3
(Milk yield*+, − a0E=$6()3 )
⇒ −0.01 ∙
ef$6()3

Somatic cell count (SCC)2

if ln(SCC)*+, > a0E=-. (011)()3 ⇒ 2 ∙

(Hammer et al., 2012)

Milk yield2

if Milk yield*+, < a0E=$6()3

(Hammer et al., 2012)

Farm-level random effect

h(0, j7 , −1.5)

(Riekerink et al., 2007)

Cow-level random effect

h(0, j8 , −1.5)

(Riekerink et al., 2007)

Residual error

h(0, k

!:
9 , −1.5)

(Dohoo et al., 2014)

1

The effect of temperature is based on the temperature humidity index (THI) assuming a relative humidity of 75%.
2
The effect of milk yield and SCC are based on comparisons with the arithmetic and geometric means respectively over the previous
7-d period.
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Table 5-3. Varying parameters for the simulation experiments to determine the effects of the parameters on model performance. SD =
standard deviation; j = farm identifier; k = cow identifier.
Variable
!!
SD of farm-level
random effects
!"
SD of cow-level
random effects
Misclassification
proportion
False-negative rate
for outcome
recording

Baseline 1
(random)1
-

-

-

Baseline 2 (realistic,
moderate noise)2
0.56

0.89

"#$%{0.15, 0.35}

Experiment
Baseline 3 (realistic,
high noise)2
5.60

8.86

"#$%{0.45, 0.55}

1

2

3

4

Low: 0
Moderate: 0.56
High: 5.60

0.56

0.56

0.56

0.56

Low: 0
Moderate: 0.89
High: 8.86

0.89

0.89

0

Low: 0.10
Moderate: 0.25
High: 0.50

0

0

CM incidence was determined randomly using a "#$%{0, 1} sampling distribution and setting clinical mastitis incidence to 25 cases
per 100 cow-years at risk.
2
False-negative rates were randomly assigned to each farm using the described sampling distributions.
1
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Table 5-4. Mean (IQR) of predictor variables from the original data, and the simulated data
created by sampling and perturbing the original data. Means were first calculated for each herd
or cow-lactation over the entire observation period, and the reported mean (IQR) represents the
unweighted aggregation over all herds or cow-lactations between December 2018 and August
2019.
Variable

Original dataset

Simulated dataset

No. herds

37

100

4,453

10,000

130.70 (61.85 – 114.02)

66.03 (61.58 – 71.82)

No. cows milking per AMS unit

46.74 (36.43 – 54.65)

48.09 (42.67 – 55.15)

Environmental temperature (°C)

2.42 (0.98 – 3.29)

3.00 (1.21 – 4.43)

Parity

2.44 (1.0 – 3.0)

2.30 (1.0 – 3.0)

DIM

156.86 (63.50 – 246.50)

160.53 (70.32 – 249.01)

Total milk yield (kg/d)

34.73 (27.02 – 42.41)

34.79 (26.51 – 43.07)

SCC1 (1000 cells/mL)

204.62 (70.89 – 193.80)

251.24 (154.19 – 277.53)

9.97 (7.76 – 11.44)

9.56 (7.52 – 11.01)

122.27 (57.0 – 181.0)

123.02 (55.0 – 188.0)

No. cow-lactations
Herd level
No. cows milking per herd

Animal level

Milking interval (h)
Observed days
1

Somatic cell count
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Table 5-5. Performance metrics (95% CI) and number of training epochs for recurrent neural networks trained to detect the occurrence
of clinical mastitis in datasets with varying levels of farm-level random effects, and two different splits of training and valida tion
data. 95% CIs are computed using the Clopper-Pearson method for exact binomial intervals. ! = standard deviation of farm-level
random effects where the random effects follow a skewed normal distribution #(0, !, −1.5).
Farm-level random
effects

Training-validation
split
First 75% days training;
last 25% validation

No.
epochs

25

Low
!=0
75% farms training; 25%
validation

First 75% days training;
last 25% validation

122

25

Moderate
! = 0.56
75% farms training; 25%
validation

First 75% days training;
last 25% validation

102

25

High
! = 5.60
75% farms training; 25%
validation

25

Dataset

Sensitivity

Specificity

Accuracy

Training

0.839 (0.821 - 0.857)

0.780 (0.779 - 0.781)

0.780 (0.779 - 0.782)

Validation

0.855 (0.828 - 0.879)

0.880 (0.879 - 0.881)

0.880 (0.879 - 0.881)

Test

0.813 (0.785 - 0.839)

0.851 (0.850 - 0.852)

0.851 (0.850 - 0.852)

Training

0.938 (0.926 - 0.949)

0.889 (0.888 - 0.890)

0.889 (0.888 - 0.89)

Validation

0.902 (0.879 - 0.923)

0.886 (0.885 - 0.887)

0.886 (0.885 - 0.887)

Test

0.88 (0.856 - 0.901)

0.897 (0.896 - 0.898)

0.897 (0.896 - 0.898)

Training

0.795 (0.774 - 0.815)

0.807 (0.806 - 0.809)

0.807 (0.806 - 0.808)

Validation

0.789 (0.758 - 0.818)

0.903 (0.903 - 0.904)

0.903 (0.903 - 0.904)

Test

0.783 (0.751 - 0.813)

0.877 (0.876 - 0.878)

0.877 (0.876 - 0.878)

Training

0.919 (0.904 - 0.932)

0.908 (0.907 - 0.908)

0.908 (0.907 - 0.908)

Validation

0.825 (0.797 - 0.852)

0.920 (0.919 - 0.921)

0.920 (0.919 - 0.921)

Test

0.865 (0.837 - 0.889)

0.917 (0.916 - 0.917)

0.916 (0.916 - 0.917)

Training

0.776 (0.747 - 0.802)

0.786 (0.784 - 0.787)

0.786 (0.784 - 0.787)

Validation

0.844 (0.796 - 0.884)

0.887 (0.887 - 0.888)

0.887 (0.887 - 0.888)

Test

0.788 (0.763 - 0.813)

0.854 (0.853 - 0.855)

0.853 (0.852 - 0.855)

Training

0.869 (0.844 - 0.892)

0.864 (0.863 - 0.865)

0.864 (0.863 - 0.865)

Validation

0.842 (0.803 - 0.876)

0.865 (0.864 - 0.866)

0.865 (0.864 - 0.866)

Test

0.864 (0.842 - 0.884)

0.854 (0.853 - 0.855)

0.854 (0.853 - 0.855)
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Table 5-6. Performance metrics (95% CI) and number of training epochs for recurrent neural networks trained to detect the occurrence
of clinical mastitis in datasets with varying levels of cow-level random effects, and two different splits of training and validation data.
95% CIs are computed using the Clopper-Pearson method for exact binomial intervals. ! = standard deviation of cow-level random
effects where the random effects follow a skewed normal distribution #(0, !, −1.5).
Cow-level random
effects

Training-validation
split
First 75% days training;
last 25% validation

No.
epochs

25

Low
!=0
75% farms training; 25%
validation

First 75% days training;
last 25% validation

106

25

Moderate
! = 0.89
75% farms training; 25%
validation

First 75% days training;
last 25% validation

138

25

High
! = 8.86
75% farms training; 25%
validation

144

Dataset

Sensitivity

Specificity

Accuracy

Training

0.815 (0.796 - 0.832)

0.776 (0.775 - 0.777)

0.776 (0.775 - 0.778)

Validation

0.868 (0.842 - 0.890)

0.870 (0.869 - 0.871)

0.870 (0.869 - 0.871)

Test

0.836 (0.811 - 0.858)

0.847 (0.846 - 0.848)

0.847 (0.846 - 0.848)

Training

0.893 (0.877 - 0.907)

0.881 (0.880 - 0.882)

0.881 (0.880 - 0.882)

Validation

0.902 (0.881 - 0.920)

0.890 (0.889 - 0.891)

0.890 (0.889 - 0.891)

Test

0.894 (0.873 - 0.912)

0.888 (0.887 - 0.889)

0.888 (0.888 - 0.889)

Training

0.803 (0.783 - 0.822)

0.789 (0.788 - 0.791)

0.789 (0.788 - 0.791)

Validation

0.862 (0.834 - 0.887)

0.893 (0.892 - 0.894)

0.893 (0.892 - 0.894)

Test

0.772 (0.740 - 0.801)

0.859 (0.858 - 0.860)

0.859 (0.858 - 0.860)

Training

0.942 (0.929 - 0.953)

0.896 (0.895 - 0.896)

0.896 (0.895 - 0.896)

Validation

0.936 (0.915 - 0.953)

0.886 (0.885 - 0.887)

0.886 (0.885 - 0.887)

Test

0.913 (0.890 - 0.932)

0.888 (0.887 - 0.889)

0.888 (0.887 - 0.889)

Training

0.847 (0.826 - 0.866)

0.755 (0.754 - 0.756)

0.755 (0.754 - 0.756)

Validation

0.815 (0.787 - 0.840)

0.868 (0.867 - 0.869)

0.868 (0.867 - 0.869)

Test

0.679 (0.637 - 0.719)

0.816 (0.815 - 0.817)

0.816 (0.814 - 0.817)

Training

0.896 (0.879 - 0.911)

0.898 (0.898 - 0.899)

0.898 (0.898 - 0.899)

Validation

0.848 (0.818 - 0.874)

0.905 (0.904 - 0.905)

0.904 (0.903 - 0.905)

Test

0.755 (0.716 - 0.792)

0.896 (0.895 - 0.897)

0.896 (0.895 - 0.897)
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Table 5-7. Performance metrics (95% CI) and number of training epochs for recurrent neural networks trained to detect the occurrence
of clinical mastitis in datasets with varying levels of misclassification, where randomly selected mastitis cases were recoded to healthy
in either the training/validation set or the test set. 95% CIs are computed using the Clopper-Pearson method for exact binomial
intervals. FNR = false-negative rate (proportion of clinical mastitis cases incorrectly recorded as healthy).
Misclassification
rate

Dataset with
misclassification

Training/Validation

No.
epochs

25

Low
)*+ = 0.10
Test

Training/Validation

25

25

Moderate
)*+ = 0.25
Test

Training/Validation

25

25

High
)*+ = 0.50
Test

25

Dataset

Sensitivity

Specificity

Accuracy

Training

0.884 (0.865 - 0.901)

0.869 (0.868 - 0.870)

0.869 (0.868 - 0.870)

Validation

0.887 (0.859 - 0.911)

0.872 (0.871 - 0.873)

0.872 (0.871 - 0.873)

Test

0.887 (0.863 - 0.907)

0.868 (0.867 - 0.869)

0.868 (0.867 - 0.869)

Training

0.871 (0.852 - 0.888)

0.881 (0.881 - 0.882)

0.881 (0.881 - 0.882)

Validation

0.858 (0.830 - 0.884)

0.884 (0.883 - 0.886)

0.884 (0.883 - 0.885)

Test

0.872 (0.848 - 0.894)

0.880 (0.879 - 0.881)

0.880 (0.879 - 0.881)

Training

0.864 (0.841 - 0.884)

0.866 (0.865 - 0.867)

0.866 (0.865 - 0.867)

Validation

0.823 (0.788 - 0.855)

0.869 (0.868 - 0.870)

0.869 (0.868 - 0.870)

Test

0.857 (0.831 - 0.880)

0.869 (0.868 - 0.870)

0.869 (0.868 - 0.870)

Training

0.864 (0.845 - 0.882)

0.889 (0.888 - 0.889)

0.889 (0.888 - 0.889)

Validation

0.866 (0.838 - 0.890)

0.891 (0.890 - 0.892)

0.891 (0.890 - 0.892)

Test

0.868 (0.843 - 0.890)

0.886 (0.885 - 0.887)

0.886 (0.885 - 0.887)

Training

0.882 (0.856 - 0.905)

0.852 (0.851 - 0.853)

0.852 (0.851 - 0.853)

Validation

0.879 (0.838 - 0.912)

0.858 (0.856 - 0.859)

0.858 (0.856 - 0.859)

Test

0.872 (0.848 - 0.894)

0.855 (0.854 - 0.857)

0.855 (0.854 - 0.857)

Training

0.874 (0.856 - 0.891)

0.877 (0.876 - 0.877)

0.877 (0.876 - 0.877)

Validation

0.860 (0.831 - 0.885)

0.881 (0.880 - 0.882)

0.881 (0.879 - 0.882)

Test

0.874 (0.849 - 0.895)

0.876 (0.875 - 0.877)

0.876 (0.875 - 0.877)
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Table 5-8. Performance metrics (95% CI) and number of training epochs for recurrent neural
networks trained to detect the occurrence of clinical mastitis in datasets when a highly predictive
variable (SCC) is excluded from either the training/validation or test data by replacing all values
with 0. 95% CIs are computed using the Clopper-Pearson method for exact binomial intervals.
Dataset with
missing variable

Training/validation

Test

No.
epochs

107

98

Dataset

Sensitivity

Specificity

Accuracy

Training

0.909 (0.893 - 0.924)

0.902 (0.902 - 0.903)

0.902 (0.902 - 0.903)

Validation

0.843 (0.818 - 0.866)

0.908 (0.908 - 0.909)

0.908 (0.907 - 0.909)

Test

0.887 (0.862 - 0.909)

0.901 (0.900 - 0.902)

0.901 (0.900 - 0.902)

Training

0.911 (0.894 - 0.925)

0.907 (0.907 - 0.908)

0.907 (0.907 - 0.908)

Validation

0.841 (0.815 - 0.864)

0.913 (0.912 - 0.914)

0.913 (0.912 - 0.913)

Test

0.891 (0.867 - 0.912)

0.905 (0.904 - 0.906)

0.905 (0.904 - 0.906)
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Table 5-9. Performance metrics (95% CI) and number of training epochs for recurrent neural
networks trained to detect the occurrence of clinical mastitis in 3 different baseline scenarios: 1)
completely random association; 2) realistic, moderate noise and 3) realistic, high noise. 95% CIs
are computed using the Clopper-Pearson method for exact binomial intervals.
Baseline scenario

1

2

3

No.
epochs

36

66

25

Dataset

Sensitivity

Specificity

Accuracy

Training

1.000

0.000

0.003

Validation

1.000

0.000

0.003

Test

1.000

0.000

0.003

Training

0.893 (0.874 - 0.91)

0.905 (0.904 - 0.906)

0.905 (0.904 - 0.906)

Validation

0.798 (0.76 - 0.832)

0.900 (0.899 - 0.901)

0.900 (0.899 - 0.901)

Test

0.862 (0.830 - 0.890)

0.895 (0.894 - 0.896)

0.895 (0.894 - 0.896)

Training

0.841 (0.801 - 0.876)

0.817 (0.816 - 0.818)

0.817 (0.816 - 0.818)

Validation

0.842 (0.780 - 0.891)

0.813 (0.812 - 0.814)

0.813 (0.812 - 0.814)

Test

0.766 (0.707 - 0.818)

0.789 (0.788 - 0.791)

0.789 (0.788 - 0.791)
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CHAPTER 6: Cytokines and chemokines in pediatric appendicitis: A multiplex analysis of
inflammatory protein mediators

6.1. Abstract

Objectives. We aimed to demonstrate the potential of precision medicine to describe the
inflammatory landscape present in children with suspected appendicitis. Our primary objective
was to determine levels of seven inflammatory protein mediators previously associated with
intra-abdominal inflammation (C-reactive protein—CRP, procalcitonin—PCT, interleukin-6
(IL), IL-8, IL-10, monocyte chemoattractant protein-1—MCP-1, and serum amyloid A—SAA)
in a cohort of children with suspected appendicitis. Subsequently, using a multiplex proteomics
approach, we examined an expansive array of novel candidate cytokine and chemokines within
this population. Methods. We performed a secondary analysis of targeted proteomics data from
Alberta Sepsis Network studies. Plasma mediator levels, analyzed by Luminex multiplex assays,
were evaluated in children aged 5-17 years with non-appendicitis abdominal pain (NAAP), acute
appendicitis (AA), and non-appendicitis sepsis (NAS). We used multivariate regression analysis
to evaluate the seven target proteins, followed by decision tree and heat mapping analyses for all
proteins evaluated. Results. 185 children were included: 83 with NAAP, 79 AA, and 23 NAS.
Plasma levels of IL-6, CRP, MCP-1, PCT, and SAA were significantly different in children with
AA compared to those with NAAP (P < 0.001). Expansive proteomic analysis demonstrated 6
patterns in inflammatory mediator profiles based on severity of illness. A decision tree
incorporating the proteins CRP, ferritin, SAA, regulated on activation normal T-cell expressed
and secreted (RANTES), monokine induced by gamma interferon (MIG), and PCT demonstrated
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excellent specificity (0.920) and negative predictive value (0.882) for children with appendicitis.
Conclusions. Multiplex proteomic analyses described the inflammatory landscape of children
presenting to the ED with suspected appendicitis. We have demonstrated the feasibility of this
approach to identify potential novel candidate cytokines/chemokine patterns associated with a
specific illness (appendicitis) amongst those with a broad ED presentation (abdominal pain).
This approach can be modelled for future research initiatives in pediatric emergency medicine.
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6.2. Introduction

Appendicitis results in both local and systemic inflammatory changes, which often clinically
manifest with right lower quadrant (RLQ) abdominal pain, fever, nausea/vomiting, and anorexia
(Bundy et al., 2007) and, left untreated, can progress over the course of the illness to peritonitis,
abscess formation, sepsis, and death (Blomqvist et al., 2001; Andersson and Andersson 2011;
Andersson 2013). Not surprisingly, clinicians take advantage of this inflammatory landscape by
including laboratory markers as part of the standard workup of children presenting to the
Emergency Department (ED) with abdominal pain and suspected appendicitis; most commonly,
this includes white blood cell count (WBC), neutrophil count (NC), C-reactive protein (CRP),
and/or procalcitonin (PCT) (Thompson et al., 2015). While elevated levels of such markers
certainly help to support a clinical suspicion, their individual test characteristics (sensitivity,
specificity, and predictive values) are suboptimal for use as diagnostic tests.
Attempts to identify novel appendicitis-specific biomarkers have significantly increased over
the last decade. Interleukins (IL) 6 (Zviedre et al., 2016; Kharbanda et al., 2011; Anielski et al.,
2010; Groselj-Grenc et al., 2007; Sack et al., 2006; Yildirim et al., 2006) and 10 (Zviedre et al.,
2016; Yildirim et al., 2006; Hachim and Ahmed 2006) have been the subject of multiple recent
studies, as has serum amyloid A (SAA) (Andersson et al., 2014; Sit et al., 2014). While offering
some promise, the overall accuracy of these tests remains to be determined. Furthermore, the
majority of attempts to identify appendicitis-specific biomarkers have focused on individual
proteins. Given the diverse etiological causes of abdominal pain in children, it is unlikely that a
single biomarker will definitively identify those children with true appendicitis from those with
alternate causes of intra-abdominal inflammation (mesenteric adenitis, viral gastroenteritis,
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inflammatory bowel disease, etc.); it is more likely that a combination of protein mediators will
separate different etiologies, using multiple data elements similar to an inflammatory
“fingerprint.”
In this study, we demonstrate the potential of precision medicine to describe the inflammatory
landscape present in children with appendicitis. Our primary objective was to compare levels of
individual inflammatory protein mediators previously associated with intra-abdominal
inflammation (CRP (Kharbanda et al., 2011; Anielski et al., 2010; Groselj-Grenc et al., 2007;
Sack et al., 2006; Yildirim et al., 2006; Acharya et al., 2017; Allister et al., 2011; Paajanen et al.,
2002; Dalal et al., 2005; Benito et al., 2016; Gavela et al., 2012; Kwan and Nager 2010), PCT
(Benito et al., 2016; Gavela et al., 2012; Kwan and Nager 2010; Kafetzis et al., 2005;
Chakhunashvili et al., 2005; Yu et al., 2013; Blab et al., 2004), interleukin-6 (IL-6) (Zviedre et
al., 2016; Kharbanda et al., 2011; Anielski et al., 2010; Groselj-Grenc et al., 2007; Sack et al.,
2006; Yildirim et al., 2006), IL-8 (Zviedre et al., 2016; Kharbanda et al., 2011; Paajanen et al.,
2002; Yoon et al., 2002), IL-10 (Zviedre et al., 2016; Yildirim et al., 2006; Hachim and Ahmed
2006), and monocyte chemoattractant protein-1 (MCP-1) (Zviedre et al., 2016; Andersson et al.,
2014), SAA (Andersson et al., 2014; Sit et al., 2014; Schellekens et al., 2013; Lycopoulou et al.,
2005; Abbas et al., 2014)) in a cohort of children with suspected appendicitis. Furthermore, using
a targeted multiplex proteomics approach, we examined an expansive array of novel candidate
cytokine and chemokines within this population. Using suspected appendicitis as a high-volume,
high-stakes model, we aim to show how precision medicine profiling could be applied across a
number of pediatric emergency medicine (PEM) presentations to shape the next generation of
PEM research initiatives.
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6.3. Materials and Methods

6.3.1. Study Design
We completed an observational multicohort study. Data for the current analysis are a subset of
the data collected as part of a series of studies through the Alberta Sepsis Network assessing
inflammatory protein mediators in children with infection. These studies were approved by the
Health Research Ethics Board of the University of Alberta and the Conjoint Health Research
Ethics Board of the University of Calgary (REB13-0586; REB15-1045; Pro00008797). Informed
consent or assent was obtained from the children and/or their caregivers. In those circumstances
where ongoing resuscitative measures were underway, delayed consent was obtained at the
earliest possible opportunity.

6.3.2. Study setting and population
Study participants were enrolled at the Alberta Children’s Hospital, the tertiary pediatric
health centre serving southern Alberta, eastern British Columbia, and western Saskatchewan
(catchment 1.8 million).
Between 2009 and 2015, 3 cohorts of children were prospectively enrolled according to the
inclusion and exclusion criteria described below.
1) Suspected appendicitis: children presenting to the ED with abdominal pain in whom the
managing physician suspected a diagnosis of appendicitis defined by either (a) performance
of an ultrasound (US) evaluation of the appendix or (b) consultation with the pediatric
surgical team for suspected appendicitis. Children were excluded if they had previous
appendectomy, required active resuscitation in the ED, were discharged directly to the PICU,
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were pregnant, had abdominal pain for more than 5 days, had a history of illness resulting in
immune suppression, were previously enrolled in the study, or had an imaging study of the
appendix performed at an external healthcare centre (Shommu et al., 2018a; Shommu et al.,
2018b).
2) Sepsis: children presenting to the ED with sepsis, defined as SIRS caused by a suspected or
proven bacterial or fungal infection and who had antibiotic/antifungal medications and blood
culture ordered, but did not require PICU care (Mickiewicz et al., 2015a).
3) Severe sepsis: children admitted to the pediatric intensive care unit (PICU) for sepsis as
evidenced by the systemic inflammatory response syndrome (SIRS) caused by a suspected or
proven bacterial or fungal infection orders for antibiotics/antifungal medication and an arterial
and/or central venous line were required. Children were excluded if they were not expected to
survive ≥24 hours, had palliative goals of care (no intubation or vasoactive infusions), or had
severe sepsis for ≥48 hours (defined as sepsis with cardiovascular dysfunction, acute
respiratory distress syndrome, or two other organ dysfunctions) (Mickiewicz et al., 2015a)
For the purposes of the current analysis, we limited inclusion to those children aged 5 through
17 years, as these are the most typical ages of appendicitis presentations. We excluded children
from these studies that were enrolled external to the Alberta Children’s Hospital. Those children
that were co-enrolled in more than one of the cohorts were analyzed once.

6.3.3. Care of the patient
Clinical care of the child was left to the discretion of the managing ED and surgical teams
according to our local appendicitis and/or sepsis pathways.

218

Chapter 6: Cytokines and chemokines in pediatric appendicitis
6.3.4 Inflammatory protein mediator profiling
The laboratory technicians performing the analyses were blinded to patient allocation.
Inflammatory mediators were measured according to standardized, validated processes as
previously described (Shommu et al., 2018a; Shommu et al., 2018b; Roberts et al., 2013). Three
human cytokine and chemokine assay kits (Bio-Plex Pro Human Cytokine 21-Plex Assay, BioPlex Pro Human Cytokine 27-Plex Assay, Bio-Plex Pro Human Acute Phase 5- + 4-Plex Panel
Complete Kit), obtained from Bio-Rad Laboratories Inc. (Hercules, CA, USA), were used to
detect 57 inflammatory mediators in the plasma samples (Supplementary Table 6-1). Assays
were run according to manufacturer-provided protocols. Briefly, analyte capture beads were
sonicated to disrupt and eliminate any aggregates. Once the beads had been sonicated, 50 μL of
the bead mix was aliquoted into each assay well of a 96-well microtiter plate. Beads were
washed twice with supplied wash buffer using a magnetic plate base. Standards, controls, or
samples were added to each well and incubated for 30 min at room temperature on a horizontal
shaking platform. Bead-analyte complexes were washed three times followed by the addition of
25 μL of biotinylated detection antibody to each well. Plates were incubated while shaking for
30 min at room temperature. Bead-analyte complexes washed three times and 50 μL of
phycoerythrin- (PE-) conjugated streptavidin was added to each well. Plates were incubated
while shaking for 10 min at room temperature and washed three times, after which beads were
resuspended in 125 mL of assay buffer and analyzed on a Luminex 200 apparatus (Applied
Cytometry Systems, Sheffield, UK). Acquisition and analysis of the samples were driven by BioPlex Manager 6.0 software (Bio-Rad Laboratories Inc.). If the coefficient of variance between
two replicates was greater than 20%, the data was considered as a missing value. Individual data
points that were below the limit of detection were set to the lowest observed value for that
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protein. Similarly, individual data points that were above the limit of detection were set to the
highest observed value for that protein. Some mediators measured were consistently outside of
the dynamic range of the assay. Any mediator with >40% of samples analyzed falling outside of
the detectable limits were excluded from the overall analysis.

6.3.5 Measures
The primary outcome evaluated was the presence of appendicitis (yes/no), defined as (a) the
presence of an inflamed appendix on pathological evaluation or (b) management of appendicitis
via percutaneous drain + antimicrobials for an appendiceal abscess. Those children who were
evaluated for suspected appendicitis but did not undergo surgical intervention were considered
not to have appendicitis provided they did not return for appendectomy within 2 weeks of the
index ED presentation. At the time of the studies, nonoperative management of appendicitis was
not offered at the study site.
Secondary outcomes included severity of disease. Simple appendicitis included those
children with a diagnosis of appendicitis (as above) without evidence of perforation. Perforated
appendicitis was identified by evidence of inflamed appendix along with any presence of
perforation on pathologic examination or percutaneous management for an appendiceal abscess.
Septic appendicitis was defined as those children with appendicitis admitted to the PICU
specifically as a result of the infectious process.

6.3.6 Statistical analyses
All statistical analyses were conducted in R v.3.4.2 (R Core Team, 2017), and a P-value <0.05
was considered statistically significant.
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6.3.6.1 Regression models
Two different groupings of patients were used in the analysis of seven biomarkers chosen a
priori, to compare biomarker concentrations between patients with and without appendicitis, and
to compare between patients of different severities of appendicitis. For the first analysis, all
patients with appendicitis, perforated appendix, and appendicitis causing sepsis were grouped
together into the “Appendicitis” category and compared against patients without appendicitis and
those with non-appendicitis sepsis. For the second analysis, patients were separated into four
categories: patients without appendicitis, patients with appendicitis, patients with severe
appendicitis (perforated appendix and appendicitis causing sepsis grouped together due to
sample size in each group), and patients with non-appendicitis sepsis.
Biomarker concentrations were transformed using the natural logarithm prior to analysis to
normalize the data, and differences in mean log concentrations of the seven biomarkers chosen a
priori were assessed using multivariate normal regression models. Multivariate regression
models take into account within-patient correlations in the concentrations of different biomarkers
and adjust the coefficient and standard error estimates to reflect that. In addition to patient
category, age and sex of the patient were also included in the model, to adjust for any age or sexspecific differences in concentrations and provide population-averaged estimates. The same type
of model was used for the appendicitis versus no-appendicitis analysis as with the appendicitis
severity analysis. After fitting the models, pairwise comparisons between patient categories
(averaged over age and sex) were conducted using least-square means predictions and the
Bonferroni correction for multiple comparisons through the R package “emmeans” (Lenth 2018).
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6.3.6.2 Decision tree
Prior to analysis using a decision tree model, proportions of missing observations were
determined for all biomarkers, and any biomarker with 15% or more missing values were
excluded from the analysis. For all the included biomarkers, missing values were replaced with
the mean concentration across all patient categories to minimize bias. The patient categories used
for these predictions were the same as the appendicitis severity regression models.
The decision tree was fit using the R package “rpart” (Therneau 2018) on the entire dataset
at once as opposed to having separate training and validation datasets. An initial tree using all
biomarkers was fit, after which a plot of the error rate as a function of the complexity parameter
was created. The complexity parameter represents the number of splits in the decision tree and
reflects the number of biomarkers used in the prediction of the outcome. Based on the results of
this plot, the complexity parameter at which error rate stops decreasing was identified, and the
tree was pruned to this level by removing uninformative biomarkers. The resulting decision tree
includes only biomarkers which were identified to be informative and most important for
reducing misclassification errors.

6.4. Results

There were 317 potentially eligible participants in the parent cohorts, of which 83 were
excluded. A further 49 subjects did not have adequate sample for testing, leaving a final
population of 185 children (Figure 6-1). Overall, 79 children were included in the appendicitis
cohort, 83 in the non-appendicitis cohort, and 23 in the non-appendicitis sepsis cohort. Patient
characteristics are outlined in Table 6-1. Of the 57 inflammatory protein mediators evaluated, 3
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(SCGF-B, fibrinogen, haptoglobin) consistently demonstrated values outside of reference range
and were excluded from further analysis.

6.4.1. Appendicitis vs non-appendicitis abdominal pain vs non-appendicitis sepsis
Plasma levels of IL-6, CRP, MCP-1, PCT, and SAA were significantly different (p < 0.001)
in children with appendicitis compared to those with non-appendicitis abdominal pain. Similarly,
significant differences in IL-6, IL-8, and PCT were demonstrated when comparing children with
appendicitis and those with non-appendicitis sepsis. IL-6 and PCT were the only markers
demonstrating significant differences between all 3 distinct populations (Table 6-2, Figure 6-2).
Pairwise Pearson’s correlation coefficients and multivariate regression model coefficients are
listed in Appendices 6-2 and 6-3.

6.4.2. Appendicitis severity assessment
IL-6, IL-8, and PCT demonstrated the most significant difference (P < 0.001) between simple
and complex appendicitis. SAA did not demonstrate significant differences across severity of
illness (Table 6-2, Figure 6-3). Pairwise Pearson’s correlation coefficients and multivariate
regression model coefficients are listed in Appendices 6-4 and 6-5.

6.4.3. Expansive inflammatory-related protein mediator profiling (heat mapping)
Levels of acute phase reactants (7), chemokines (11), regulatory growth hormones (15),
inflammatory (17), and anti-inflammatory (4) mediators were determined (mean and standard
deviation for all 54 proteins found in Appendix 6-6) and compared across severity of illness;
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upon visual inspection, six main response patterns were observed (Figure 6-4). Appendix 6-1
describes each of these inflammatory proteins.
1) Progressively higher plasma levels with increasing severity of illness: ferritin, G-CSF,
IL-6, IL-15, MIP-1β, IL-18, MCP-1, and PCT
2) Progressive suppression of plasma levels with increasing illness severity: RANTES, IL1α, TNF-β, and TRAIL
3) Multiphasic pattern, with initial suppression followed by progressive elevation: CTACK,
MIG, IL-8, IL-2Rα, IFN-α2, M-CSF, VEGF, and IP-10
4) Multiphasic pattern, with initial elevation followed by progressive suppression:
RANTES, SAA, and PDGF-BB
5) Clear distinction between appendicitis (simple, perforated) and sepsis (regardless of
underlying condition): PCT, CTACK, GROα, G-CSF, IL-1α, IL-6, TRAIL, and INF-α2
6) Clear distinction in all appendicitis when compared to non-appendicitis sepsis: IL-5,
MIP-1α, IL-3, IL-6, MCP-3, and IL-7

6.4.4 Protein mediator decision tree analysis
54 protein mediators were evaluated for decision tree analysis. The final decision tree was
composed of 6 biomarkers including CRP, ferritin, SAA, RANTES, MIG, and PCT (Figure 6-5).
Operating characteristics demonstrate high levels of specificity and negative predictive values
for each patient category (Table 6-3).
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6.4.5 Assessment of current common appendicitis evaluations

Characteristics of tests commonly used in the evaluation of pediatric appendicitis (WBC,
neutrophils, and PAS) are shown in Appendix 6-7.

6.5. Discussion

Current advances in, and the availability of, precision medicine technologies offer the
potential to transform our understanding of the underlying physiologic responses of children with
abdominal pain, providing a gateway to novel diagnostic and risk-stratification strategies. In this
study, we have described the inflammatory landscape of children presenting to the ED with
suspected appendicitis. Specifically, using a conventional approach based on evaluating
individual bio-markers, we have demonstrated statistically significant differences in 5 previously
described plasma markers (IL-6, CRP, MCP-1, PCT, and SAA) in children with appendicitis
compared to those with NAAP. Furthermore, the results of our decision-tree analysis and
expansive proteomic heat mapping approaches determined several potential future biomarker
candidates that had not previously been identified. The identification of these inflammatory
protein mediators could reveal a “fingerprint” for appendicitis and, together with future biotechnology partnership, result in a point-of-care clinical tool for timely and accurate diagnosis
which is readily available/accessible across the spectrum of health care settings.
Despite being the most common atraumatic surgical emergency in the pediatric population,
appendicitis continues to challenge clinicians managing children with abdominal pain, from
primary care providers in rural settings to tertiary pediatric emergency subspecialists. Current
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diagnostic and risk stratification strategies (Thompson et al., 2015) include combinations of
common clinical scoring systems (Pediatric Appendicitis Score (Samuel 2002), Alvarado Score
(Alvarado 1986), Lintula Score (Lintula et al., 2009), Appy1 (Huckins et al., 2017), etc.),
laboratory investigations (WBC, neutrophils +/- CPR) (Bundy et al., 2007), and imaging studies
(ultrasound) (Gongidi and Bellah 2017). While often useful in the first-line work-up of a child
with suspected appendicitis, these strategies remain limited because (a) children often present
with atypical symptoms (Becker et al., 2007; Mallick 2008), (b) clinical scoring systems and
conventional laboratory investigations have suboptimal test characteristics (sensitivities and
specificities in the 70-85% range) (Bundy et al., 2007; Khanafer et al., 2016; Thompson 2012;
Kulik et al., 2013), and (c) ultrasound is known to have high rates of incomplete visualization
(Ross et al., 2014; Keller et al., 2017; Ramarajan et al., 2014; Mittal et al., 2013), may be painful
for the child (compression on an already tender abdomen), and in females requires a full bladder
(for optimal evaluation of pelvic organs) (Ross et al., 2016). Second-line/advanced imaging
techniques are limited by exposure of developing organs to unacceptable levels of ionizing
radiation (computed tomography) (Brenner et al., 2001) or have limited accessibility outside
tertiary settings (magnetic resonance imaging). Sadly, a missed or misdiagnosis of appendicitis
(Naiditch et al., 2013; Galai et al., 2017; Lee et al., 2012) can lead to adverse patient outcomes; it
remains amongst the highest concerns of caregivers/parents, ranks amongst the highest pediatric
emergency presentations leading to litigation (Raine 2011; Brown et al., 2010), and can result in
unnecessary exposure to surgical and anesthetic intervention (negative appendectomies).
In evaluating a set of 7 previously identified inflammatory protein markers, our results
demonstrated statistically significant differences in IL-6, CRP, MCP-1, PCT, and SAA. These
results are consistent with prior studies (Zviedre et al., 2016; Kharbanda et al., 2011; Anielski et
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al., 2010; Andersson et al., 2014; Sit et al., 2014; Acharya et al., 2017; Kharbanda et al., 2012).
Despite these significant differences, no single mediator demonstrates satisfactory sensitivity or
specificity for the clinical identification of appendicitis. This has been a consistent problem in
the application of biomarker analysis to complex disease. More recent studies have demonstrated
the value in multiplex analysis of biomarkers, assessing an overall disease or inflammatory
“fingerprint” over the measurement of a single mediator (Shommu et al., 2018a; Shommu et al.,
2018b; Mickiewicz et al., 2015a). Assessment of multiple biomarkers is better able to filter out
the noise originating from multiple disease etiologies (many mediators are specific to the
initiating source of inflammation, independent of the actual clinical course of disease) allowing
studies to focus on the handful of mediators responsible for the actual disease/tissue pathology.
Importantly, inflammatory mediators do not work in isolation but rather function as an overall
milieu. For example, a patient with an increase in one specific proinflammatory cytokine may
have similar disease progression as a second patient who has normal levels of the
proinflammatory mediator but reduced levels of an anti-inflammatory cytokine. By measuring
single mediators, these overall “fingerprints” or bioprofiles are missed. Additionally, analysis of
single mediators is inherently biased, focusing on the most obvious or logical targets and
ignoring other mediators that may be much more biologically important but are simply not
commonly studied or on the surface have no apparent mechanistic link to the condition being
studied. Through the use of a large, multiplexed panel, one is better able to identify these
nonobvious targets that may in fact be more informative than the common a priori selected
mediators. Finally, the surge or suppression of individual biomarkers may have a temporal
relationship to disease evolution that would allow a multimarker panel to identify changes across
time.
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The principle drawback associated with the analysis of a large array of biomediators is the
need to separate the key core markers that predict disease or progression from the noise of the
other background mediators. To accomplish this, we applied a machine learning approach to the
overall data set to generate a decision tree. The purpose of the decision tree was to identify
important markers and have a way to graphically display between-group differences rather than
to develop an accurate predictive tool. The decision tree analysis identified 6 key biomarkers, as
using any additional biomarkers would not have resulted in an appreciable increase in
classification accuracy. Only two out of the 6 biomarkers were included in the more in-depth
analysis (CRP and PCT) while the role of the other 4 (Ferritin, SAA, RANTES, and MIG) in the
progression of appendicitis may be more unclear. Despite achieving the best possible fit for this
current dataset, the test characteristics of the decision tree preclude its use in clinical settings; in
particular, misclassification of patients with non-appendicitis sepsis and severe appendicitis as
healthy would have the most severe consequences. Although this specific decision tree would
require revision and validation before implementation into clinical practice as a decision tool, it
can serve as a hypothesis-generating mechanism for investigating the roles of different
biomarkers in pathogenesis, graphically display possible classification schemes, and demonstrate
the potential importance of machine learning methods which considers multiple markers and
features for disease diagnosis.
Machine learning (ML) has already successfully been applied to identify patients with
chronic and long-term conditions like cancer (Kourou et al., 2015) or in detecting sepsis based
on continuous heart rate and blood pressure monitoring in critical care patients (Shashikumar et
al., 2017; Mao et al., 2018). In these cases, however, data is often available for long periods of
time (cancer) or is continuously collected (critical care patients), whereas in emergency medicine
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collecting high volumes of sequential data is not practical or possible in short periods of time.
Success with using ML methods in identifying patients with preclinical Alzheimer’s and clinical
cases of Alzheimer’s (Casanova et al., 2018a; Casanova et al., 2018b; Casanova et al., 2016;
Laske et al., 2011) based on blood metabolite and protein panels could suggest the use of similar
panel-based decision tools in emergency medicine. Indeed, ML methodologies are making their
way into the ED (Stewart et al., 2018); they have been shown to be as accurate—or better than—
certain clinical outcome prediction models for ED triage (Levin et al., 2018), predicting adverse
cardiovascular outcomes (VanHouten et al., 2014; Liu et al., 2016), and identifying traumatic
injury requiring life-saving intervention (Liu and Salinas 2017; Sefrioui et al., 2017).
Historically, it has not been practical to conduct such a broad spectrum biomediator analysis.
Measurement and characterization of more than 50 mediators in a clinical study using single
analyte assessments is not feasible due to cost, time, and sample volume requirements. However,
the application of multiplexed approaches, such as we have demonstrated in the current study,
offers significant advantages. It is possible to generate data on scores of mediators in a cost- and
time-efficient manner with very reasonable sample volumes. For the current study, less than
200 μL of blood from each patient was needed; this research strategy provides significant
advantages in studying even the youngest neonates in the future. Although the current approach
examines a very broad array of inflammatory mediators, many of which appear to be
noninformative for this study, in future studies, similar multiplex technology can be developed to
focus only on the biomarkers found to identify appendicitis and stratify disease severity. This
approach would allow transition from a discovery-based overall assessment of the inflammatory
“landscape” to a focused, bedside diagnostic study that can accurately and specifically identify
patients that would best benefit from a given treatment. Importantly, the current assessment of
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protein mediators can be partnered in future studies with additional panels of biomarkers
(damage-associated molecular patterns [DAMPs], metabolites, transcriptomes, etc.). Although
multiplex approaches provide better sensitivity and specificity than single analyte assessments,
previous work has demonstrated that the integration of multiple biomarker platforms has the
capacity to further enhance the accuracy of these diagnostic tests (Mickiewicz et al., 2015b).

6.6. Limitations

One significant limitation of the current study is the turnaround time required between
sample collection and determination of biomarker levels. Much of this limitation is related to the
assessment of a broad array of biomarkers requiring sequential analysis of multiple assay plates.
Future studies aimed at the assessment of a narrow range of useful markers will greatly
streamline the assessment, allowing results to be available to the clinician within one to two
hours. Further refinement and engagement with industry can enable the development of bedside,
dipstick-based tests that could provide results within minutes using a single drop of blood. These
features are highly relevant in busy, high-volume, high-stakes ED environments. Not only does
such an approach have substantial appeal with respect to diagnostic turnaround time, but simple
bedside tests do not require specialized equipment or staff expertise allowing them to be used in
the smallest and most remote health care settings. Diagnosis of patients within a rural or remote
setting can rapidly inform a local health care professional if transfer of the patient to the nearest
surgical centre is required, reducing delays, lowering the risk of severe complication, and
improving overall patient outcomes.
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The dataset in our current study was limited in power for training a complex ML
classification algorithm with 4 different outcome levels. In developing this kind of ML decision
tool, it is important to have a diverse set of data for training models; Casanova et al. (2016) have
demonstrated how limited datasets can impact repeatability and reliability, which is vital in the
high-stakes ED environment. External data for validating model performance is required.

6.7. Conclusions

While assessment of previously identified inflammatory plasma mediators demonstrate
statistical differences in children with appendicitis when compared to those with nonappendicitis abdominal pain, analysis of individual mediators does not have sufficiently
acceptable test characteristics to be used to rule in or out appendicitis. However, a precision
medicine multiplex approach to evaluating the inflammatory protein mediator landscape
identifies novel patterns of candidate biomarkers that could be used to identify a fingerprint of
disease. Together with industry partners, point-of-care diagnostic technologies could be
developed. This discovery-to-translation approach can be used across multiple acute pediatric
presentations and can be modelled for future research initiatives in pediatric emergency
medicine.
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Table 6-1. Characteristics of children in control, appendicitis and sepsis cohorts.

Non-appendicitis
abdominal pain (n=83)

Appendicitis (n=48)

Perforated appendicitis
(n=17)

Appendicitis-related
sepsis (n=14)

Non-appendicitis
sepsis (n=23)

Females, n (%)

52 (62.7)

20 (41.7)

10 (58.8)

6 (42.9)

11 (47.8)

Age, mean (SD)

11.7 (3.6)

11.5 (3.2)

11.2 (3.6)

11.7 (3.4)

11.2 (4.1)

5 (4)

7 (3)

8.5 (3)

N/A

N/A

Fever, n (%)

50 (60.2)

17 (35.4)

3 (17.7)

3 (21.4)

2 (8.7)

WBC, mean (SD)

10.2 (5.2)

15.6 (4.8)

17.9 (4.8)

18.1 (9.1)

15.2 (10.4)

PAS, median (IQR)
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Table 6-2. Inflammatory protein mediators and their test characteristics in children with suspected appendicitis. Area under receiver
operator characteristic curve and other test characteristics calculations are based on classification of patients with non-appendicitis
abdominal pain and appendicitis (non-appendicitis sepsis group is excluded).

CRP, mean (SD)1

Non-appendicitis
abdominal pain
(n=83)
7.6 (14.1)

IL-6, mean (SD)2

28.0 (44.3)

1113.8 (6165.1)

4834.8 (20025.2)

0.8101

68.9 (69.4)

48.1:90.1

4.87:0.58

24.4 (20.0)

164.5 (914.5)

385.8 (922.5)

0.5425

33.2 (59.4)

34.2:83.5

2.08:0.79

IL-10, mean (SD)

19.9 (23.7)

94.9(297.0)

271.4 (864.9)

0.6294

30.1 (62.26

35.1:87.8

2.87:0.74

MCP-1, mean (SD 2

2

IL-8, mean (SD)

2

PCT, mean (SD)

Appendicitis
(n = 79)

Non-appendicitis
sepsis (n=23)

AUROC

Cut-off
(%correct)

Sensitivity:
LR+:LRSpecificity

46.6 (51.8)

70.5 (44.3)

0.8472

7.9 (78.1)

80.5:75.6

3.31:0.26

88.3 (102.7)

361.5 (1129.2)

605.0 (1786.3)

0.6813

133.8 (68.4)

45.5:90.1

4.60:0.61

3

6.1 (2.3)

10.0 (9.2)

33.1 (52.0)

0.7382

6.5 (69.2)

57.7:80.8

3.00:0.52

1

122.7 (254.5)

248.3 (377.0)

92.5 (83.5)

0.7514

73.2 (73.6)

93.6:53.1

2.05:0.12

SAA, mean (SD)

CRP – c-reactive protein; IL- interleukin; MCP – monocyte chemoattractant protein; PCT – procalcitonin; SAA – serum amyloid A;
AUROC – area under receiver operating characteristic; LR – likelihood ratio.
1
Concentrations measured in mg/L
2
Concentrations measured in pg/mL
3
Concentrations measured in ng/mL
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Table 6-3. Operating characteristics (95% CI) of patient categorization based on the decision tree.

Patient category

Sensitivity

Specificity

PPV

NPV

Non-appendicitis
abdominal pain

0.916 (0.834-0.965)

0.843 (0.758-0.908)

0.826 (0.733-0.897)

0.925 (0.851-0.969)

Simple appendicitis

0.646 (0.495-0.778)

0.920 (0.862-0.960)

0.738 (0.580-0.861)

0.882 (0.818-0.930)

Severe appendicitis

0.581 (0.391-0.755)

0.968 (0.926-0.989)

0.783 (0.563-0.925)

0.920 (0.867-0.957)

Non-appendicitis sepsis

0.826 (0.612-0.950)

0.945 (0.898-0.974)

0.679 (0.476-0.841)

0.975 (0.936-0.993)

Non-appendicitis
abdominal pain

0.916 (0.834-0.965)

0.860 (0.776-0.921)

0.844 (0.753-0.912)

0.925 (0.851-0.969)

Appendicitis

0.722 (0.609-0.817)

0.925 (0.857-0.967)

0.877 (0.772-0.945)

0.817 (0.736-0.881)

Non-appendicitis sepsis

0.826 (0.612-0.950)

0.944 (0.897-0.974)

0.679 (0.476-0.841)

0.975 (0.936-0.993)
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Figure 6-1. Selection of study candidates and final illness categories.
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Figure 6-2. Boxplots of 7 selected cytokine concentrations in pediatric patients (n=196) grouped by category.
Outliers (values > 95th percentile) are not presented but were included in statistical comparisons using
multivariate normal regression followed by least-square means post-hoc pairwise contrasts using the
Bonferroni correction.
1
Concentrations are in ng/mL for PCT; mg/L for CRP, and SAA; pg/mL for IL-6, IL-8, IL-10, and MCP-1
* P-value < 0.05;** P-value < 0.01; *** P-value < 0.001.
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Figure 6-3. Boxplots of 7 selected cytokine concentrations in pediatric patients (n=196) grouped by category
and appendicitis severity. Outliers (values > 95th percentile) are not presented in the plots but were included in
statistical comparisons conducted using multivariate normal regression followed by least-square means posthoc pairwise contrasts using the Bonferroni correction.
1
Concentrations are in ng/mL for PCT; mg/L for CRP, and SAA; pg/mL for IL-6, IL-8, IL-10, and MCP-1
* P-value < 0.05; ** P-value < 0.01; *** P-value < 0.001.
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Figure 6-4. Heatmap showing relative change over mean concentration in patients without appendicitis of 54 selected cytokines grouped by
patient category, appendicitis severity and class of cytokine based on 196 pediatric patients.
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Figure 6-5. Decision tree for classifying patients into different categories or severities of appendicitis based on concentrations of 4
informative cytokines. Thresholds presented are blood concentrations of the cytokines Concentrations are in ng/mL for PCT; mg/L for
CRP, and SAA; pg/mL for all others. Numbers below category refer to how many individuals in each terminal node have been
classified into each category: green = no appendicitis; orange = appendicitis; red = severe appendicitis; blue = non-appendicitis sepsis.
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6.9. Appendices
Appendix 6-1. Luminex Multiplex Assays of Inflammatory Protein Mediators.
Assay Kits (Bio-Rad Laboratories)
Bio-Plex Pro™ Human Cytokine 21-plex
(#MG0005KMII)

Inflammatory Protein Mediators
Interleukin (IL)-1a, IL-2Ra, IL-3, IL-12 (p40), IL-16, IL18, cutaneous T-cell attracting
chemokine (CTACK), growth related oncogene (Gro)-a, hepatocyte growth factor (HGF),
interferon (IFN)-a2, leukemia inhibitory factor (LIF), monocyte chemotactic protein (MCP)-3,
monocyte colony stimulating factor (M-CSF), macrophage migration inhibitory factor (MIF),
monokine induced by gamma interferon (MIG), b-nerve growth factor (NGF), stem cell factor
(SCF), stem cell growth factor (SCGF)-b, stromal cell-derived factor (SDF)-1a, tumor necrosis
factor (TNF)-b, TNF-related apoptosis-inducing ligand (TRAIL).

Bio-Plex Pro™ Human Cytokine 27-plex
(#M500KCAF0Y)

Fibroblast growth factor basic (FGF2), eotaxin, granulocyte colony-stimulating factor (G-CSF),
granulocyte-macrophage colony-stimulating factor (GM-CSF), IFN-g, IL-1b, IL-1ra, IL-2, IL-4,
IL-5, IL-6, IL-7, IL-8, IL-9, IL-10, IL-12 (p70), IL-13, IL-15, IL-17, Interferon gamma-induced
protein (IP)-10, monocyte chemotactic protein (MCP)-1 , macrophage inflammatory protein
(MIP)-1a and -1b, platelet-derived growth factor (PDGF)-BB, regulated on activation normal
T-cell expressed and secreted (RANTES), tumour necrosis factor (TNF)-a, vascular endothelial
growth factor (VEGF).

Bio-Plex Pro™ Human Acute Phase 5 + 4plex Panel Complete (#171A4S07M)

Ferritin, fibrinogen, procalcitonin (PCT), serum amyloid A (SAA), tissue plasminogen activator
(TPA), a-2-macroglobin (a2M), C-reactive protein (CRP), haptoglobin, serum amyloid P
(SAP).

250

Chapter 6: Cytokines and chemokines in pediatric appendicitis
Appendix 6-2. Pairwise Pearson’s correlation coefficient computed between cytokine
concentrations of pediatric patients stratified by outcome category. Top-half of correlation matrix
is omitted as it mirrors values in the lower half.
Patient Category (n)

No appendicitis
(83)

Appendicitis
(79)

Non-appendicitis sepsis
(23)

Cytokine
IL-6
IL-8
IL-10
CRP
MCP-1
PCT
SAA
Cytokine
IL-6
IL-8
IL-10
CRP
MCP-1
PCT
SAA
Cytokine
IL-6
IL-8
IL-10
CRP
MCP-1
PCT
SAA

IL-6
1.000
0.373
0.465
0.415
0.385
0.414
0.407
IL-6
1.000
0.817
0.590
0.371
0.746
0.746
-0.255
IL-6
1.000
0.703
0.729
-0.208
0.743
0.688
0.112

IL-8

IL-10

CRP

MCP-1

PCT

SAA

1.000
0.434
0.223
0.334
-0.010
0.199
IL-8

1.000
0.057
0.343
0.184
0.129
IL-10

1.000
0.165
0.429
0.855
CRP

1.000
0.202
0.164
MCP-1

1.000
0.430
PCT

1.000
SAA

1.000
0.595
0.312
0.766
0.745
-0.233
IL-8

1.000
0.162
0.459
0.418
-0.242
IL-10

1.000
0.266
0.277
0.010
CRP

1.000
0.746
-0.001
MCP-1

1.000
-0.143
PCT

1.000
SAA

1.000
0.603
0.000
0.810
0.605
0.146

1.000
-0.115
0.737
0.711
0.318

1.000
-0.022
0.041
-0.100

1.000
0.712
0.140

1.000
0.078

1.000
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Appendix 6-3. Pairwise Pearson’s correlation coefficient computed between cytokine
concentrations of pediatric patients stratified by outcome category and severity of appendicitis.
Top-half of correlation matrix is omitted as it mirrors values in the lower half.
Patient Category (n)

No appendicitis
(83)

Appendicitis
(48)

Severe appendicitis
(31)

Non-appendicitis sepsis
(23)

Cytokine
IL-6
IL-8
IL-10
CRP
MCP-1
PCT
SAA
Cytokine
IL-6
IL-8
IL-10
CRP
MCP-1
PCT
SAA
Cytokine
IL-6
IL-8
IL-10
CRP
MCP-1
PCT
SAA
Cytokine
IL-6
IL-8
IL-10
CRP
MCP-1
PCT
SAA

IL-6
1.000
0.373
0.465
0.415
0.385
0.414
0.407
IL-6
1.000
0.695
0.347
0.255
0.598
0.482
0.037
IL-6
1.000
0.841
0.702
0.187
0.773
0.815
-0.370
IL-6
1.000
0.703
0.729
-0.208
0.743
0.688
0.112

IL-8

IL-10

CRP

MCP-1

PCT

SAA

1.000
0.434
0.223
0.334
-0.010
0.199
IL-8

1.000
0.057
0.343
0.184
0.129
IL-10

1.000
0.165
0.429
0.855
CRP

1.000
0.202
0.164
MCP-1

1.000
0.430
PCT

1.000
SAA

1.000
0.338
0.406
0.457
0.292
0.133
IL-8

1.000
-0.021
-0.019
-0.122
-0.041
IL-10

1.000
0.297
0.234
0.255
CRP

1.000
0.594
0.318
MCP-1

1.000
0.288
PCT

1.000
SAA

1.000
0.710
0.016
0.821
0.826
-0.326
IL-8

1.000
0.042
0.722
0.687
-0.346
IL-10

1.000
0.014
0.036
-0.028
CRP

1.000
0.754
-0.067
MCP-1

1.000
-0.306
PCT

1.000
SAA

1.000
0.603
0.000
0.810
0.605
0.146

1.000
-0.115
0.737
0.711
0.318

1.000
-0.022
0.041
-0.100

1.000
0.712
0.140

1.000
0.078

1.000
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Appendix 6-4. Model coefficients for the multivariate normal regression fit assessing differences
between cytokine concentrations in pediatric patients (n=185) of different categories. Includes an
adjustment for age and sex of patient.
Cytokine
IL-6

IL-8

IL-10

CRP

MCP-1

PCT

SAA

Coefficient
Intercept†
Appendicitis
Non-appendicitis sepsis
Age
Sex
Intercept†
Appendicitis
Non-appendicitis sepsis
Age
Sex
Intercept†
Appendicitis
Non-appendicitis sepsis
Age
Sex
Intercept†
Appendicitis
Non-appendicitis sepsis
Age
Sex
Intercept†
Appendicitis
Non-appendicitis sepsis
Age
Sex
Intercept†
Appendicitis
Non-appendicitis sepsis
Age
Sex
Intercept†
Appendicitis
Non-appendicitis sepsis
Age
Sex

Estimate
2.720
1.673
3.363
-0.065
0.137
2.965
0.321
1.451
-0.033
0.055
2.611
0.547
1.250
-0.059
-0.067
7.321
2.851
3.555
-0.115
-0.243
4.125
0.760
1.290
0.009
0.030
8.619
0.383
1.326
0.002
0.107
9.048
2.048
1.956
-0.040
0.171

Standard Error
0.207
0.256
0.385
0.033
0.240
0.153
0.188
0.284
0.024
0.177
0.186
0.230
0.346
0.030
0.216
0.246
0.303
0.456
0.039
0.284
0.137
0.170
0.255
0.022
0.159
0.070
0.087
0.131
0.011
0.082
0.296
0.366
0.550
0.047
0.343

P-value
< 0.001
< 0.001
< 0.001
0.050
0.569
< 0.001
0.091
< 0.001
0.172
0.758
< 0.001
0.019
< 0.001
0.049
0.756
< 0.001
< 0.001
< 0.001
0.004
0.394
< 0.001
< 0.001
< 0.001
0.675
0.850
< 0.001
< 0.001
< 0.001
0.860
0.190
< 0.001
< 0.001
< 0.001
0.397
0.619

†

Intercept refers to reference group against which the coefficients are being compared: females,
of the mean age (11.16yr) with no appendicitis.
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Appendix 6-5. Model coefficients for the multivariate normal regression fit assessing differences
between cytokine concentrations in pediatric patients (n=185) of different categories and severity
of appendicitis. Includes an adjustment for age and sex of patient.
Cytokine

IL-6

IL-8

IL-10

CRP

MCP-1

PCT

SAA

Coefficient
Intercept†
Appendicitis
Severe appendicitis
Non-appendicitis sepsis
Age
Sex
Intercept†
Appendicitis
Severe appendicitis
Non-appendicitis sepsis
Age
Sex
Intercept†
Appendicitis
Severe appendicitis
Non-appendicitis sepsis
Age
Sex
Intercept†
Appendicitis
Severe appendicitis
Non-appendicitis sepsis
Age
Sex
Intercept†
Appendicitis
Severe appendicitis
Non-appendicitis sepsis
Age
Sex
Intercept†
Appendicitis
Severe appendicitis
Non-appendicitis sepsis
Age
Sex
Intercept†
Appendicitis
Severe appendicitis
Non-appendicitis sepsis
Age
Sex

Estimate
2.691
0.981
2.557
3.359
-0.063
0.206
2.945
-0.132
0.898
1.449
-0.032
0.100
2.591
0.072
1.152
1.247
-0.057
-0.020
7.295
2.242
3.627
3.552
-0.113
-0.182
4.110
0.413
1.203
1.288
0.010
0.065
8.611
0.185
0.637
1.325
0.003
0.127
9.065
2.443
1.543
1.958
-0.041
0.132

Standard Error
0.194
0.281
0.305
0.360
0.031
0.225
0.145
0.211
0.228
0.270
0.023
0.168
0.180
0.261
0.282
0.334
0.029
0.209
0.238
0.344
0.373
0.441
0.038
0.275
0.133
0.192
0.208
0.246
0.021
0.154
0.067
0.098
0.106
0.125
0.011
0.078
0.294
0.427
0.462
0.547
0.047
0.341

P-value
< 0.001
< 0.001
< 0.001
< 0.001
0.044
0.362
< 0.001
0.532
< 0.001
< 0.001
0.169
0.555
< 0.001
0.782
< 0.001
< 0.001
0.047
0.925
< 0.001
< 0.001
< 0.001
< 0.001
0.003
0.508
< 0.001
0.033
< 0.001
< 0.001
0.626
0.675
< 0.001
0.060
< 0.001
< 0.001
0.807
0.106
< 0.001
< 0.001
0.001
< 0.001
0.378
0.700

†

Intercept refers to reference group against which the coefficients are being compared: females,
of the mean age (11.16yr) without appendicitis.
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Appendix 6-6. Mean and standard deviation of 54 protein mediators in children with suspected appendicitis. All concentrations
measured in pg/mL unless otherwise marked.

255

Chapter 6: Cytokines and chemokines in pediatric appendicitis
Appendix 6-6. Continued.
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Appendix 6-7. Test characteristics of current “gold standard” evaluations in children with
suspected appendicitis.

!

WBC (× 10 &$%)
!

Neutrophils (× 10 &$%)
PAS

Cut-off value

Sensitivity (%)

Specificity (%)

>10
>12
>15
>8
>10
≥7

88.9
81.0
61.9
85.7
78.6
73.5

58.4
71.4
80.5
74.3
80.0
71.7

Accuracy
(%)
72.1
75.7
72.1
78.6
79.5
72.3

WBC – white blood cell count; PAS – pediatric appendicitis score
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Appendix 6-8. Boxplots of 7 selected cytokine concentrations in pediatric patients (n=196)
grouped by category, with outliers (values > 95th percentile) included.
Concentrations are in ng/mL for PCT; mg/L for CRP, and SAA; pg/mL for IL-6, IL-8, IL-10,
and MCP-1
* P-value < 0.05; ** P-value < 0.01; *** P-value < 0.001
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Appendix 6-9. Boxplots of 7 selected cytokine concentrations in pediatric patients (n=196)
grouped by category and appendicitis severity, with outliers (values > 95th percentile) included.
Concentrations are in ng/mL for PCT; mg/L for CRP, and SAA; pg/mL for IL-6, IL-8, IL-10,
and MCP-1
* P-value < 0.05; ** P-value < 0.01; *** P-value < 0.001
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CHAPTER 7: Dietary patterns, food groups and nutrients in Crohn’s disease: associations
with gut and systemic inflammation

7.1. Abstract

This study examined associations between dietary intake and gut and systemic inflammation
assessed by fecal calprotectin ≤ or > 100 μg/mg (FCP), C-reactive protein ≤ or > 5 mg/L (CRP)
and serum cytokine profiles in Crohn’s disease (CD) patients in clinical remission. A 3-month
observational study was conducted at the University of Calgary in Calgary, Alberta, Canada
between 2016 and 2018 in 66 outpatients with CD in clinical remission. FCP was obtained from
stool samples at baseline and 3-months and serum CRP and serum cytokines were assessed at 3months only (n = 41). Dietary intakes were collected using 3-day food records at baseline and 3months and categorized as: PREDIMED Mediterranean diet scores (pMDS) total and individual
components, the dietary inflammatory index (DII), food groups, and common micro- and macronutrients. Statistical models were developed to identify relationships between dietary factors and
FCP, CRP and cytokine levels. Daily intake of leafy green vegetables was associated with
FCP ≤ 100 μg/mg (p < 0.05). Increasing omega 6:3 ratio was associated with CRP ≤ 5 mg/L
(p = 0.02). Different cytokines were significantly associated with various dietary variables.
Future studies in patients with greater disease activity should be undertaken to explore these
relationships.
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7.2. Introduction

Inflammatory bowel disease (IBD) is believed to arise from a shared interaction between
genetic and environmental influences (Opstelten et al., 2019), resulting in an imbalance between
pro- and anti-inflammatory signalling. There has been a steady rise in incident cases of IBD over
the past several decades with the highest prevalence rates seen in Europe and North America of
approximately 0.3% of the population (Ng et al., 2018). Its recent increase in incidence across
newly industrialized countries suggests environmental factors induce or modify disease
expression. This has occurred in parallel with global dietary shifts towards a more “Western”
style of eating. Common medical therapies include corticosteroids, immunomodulatory and
biologic agents, and surgery. However, these therapies are not universally effective, the disease
may recur and drugs may be associated with serious side effects. Recently, guidelines have
included dietary therapies as a treatment option (Levine et al., 2020).
Western diets are characterized by high intakes of total, polyunsaturated fatty acids (PUFA)
and saturated fats, red and processed meats, commercial baked goods, sweetened beverages and
food additives such as carrageenan, maltodextrin and emulsifiers together with low intakes of
phytochemicals, fibre, fruits, vegetables and fish (Ananthakrishnan et al., 2013; Nickerson et al.,
2015; Bhattacharyya et al., 2017; Levine et al., 2019; Taylor et al., 2018). This dietary pattern
can alter the gut microbiota and impair intestinal barrier function, thus resulting in a cascade of
reactions that may trigger an enhanced inflammatory response. In contrast, prospective cohort
and intervention studies have identified certain dietary patterns and individual diet components
that may reduce gut inflammation and improve symptoms in IBD (Levine et al., 2019; Konijeti
et al., 2017; Chiba et al., 2010; Suskind et al., 2018; Shivappa et al., 2016). While knowledge of
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dietary relationships with the gut microbiome in IBD is evolving, the effects of dietary patterns
and components on systemic markers of immune function is unexplored.
Given this context, it is justified to investigate the effect of dietary patterns and individual
dietary components on surrogate biomarkers of Crohn’s disease (CD) activity and systemic
markers of inflammation. Fecal calprotectin (FCP) is a useful surrogate marker of
gastrointestinal inflammation and levels less than 100 µg/g are consistently associated with
disease remission, whereas levels > 250 µg/g predict disease relapse (D’Haens et al., 2012). CReactive Protein (CRP) is a marker of systemic inflammation and is associated with therapeutic
response in IBD, and CRP levels correlate modestly with endoscopic disease activity (Kiss et al.,
2012). Furthermore, serum cytokines have been associated with clinical remission and mucosal
healing. With the above-described rationale for these disease specific biomarkers, our study
objective was to examine associations between gut and systemic inflammation assessed
FCP ≤ or > 100 μg/mg, CRP ≤ or > 5 mg/L with dietary intake in patients with CD in remission.
Exploratory analyses between serum cytokine profiles and dietary components were undertaken
to characterize the relationship between diet and systemic markers of immune status.

7.3. Materials and Methods

7.3.1. Study design
A 3-month observational study of patients with CD was conducted at the gastrointestinal
outpatient clinic at the University of Calgary, Alberta, Canada between 2016 and 2018.
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7.3.2. Inclusion/exclusion criteria
Inclusion criteria were: (a) ≥ 18 years of age; (b) documented diagnosis of luminal ileal and/or
ileocolonic CD based on conventional criteria; (c) steroid-free clinical remission defined by a
Harvey Bradshaw Index (HBI) < 5 for at least three months; d) achieved induction of remission
either through anti-tumor necrosis factor (anti-TNF) agents or corticosteroids, and maintenance
of remission with anti-TNF agents either with or without immunomodulators; and (e) able to
provide informed consent, and read and write in English. Patients were excluded if they had (a)
> 1 bowel resection; (b) evidence of fistulizing or stricturing disease CD; (c) upper
gastrointestinal disease, or; (d) an ostomy.

7.3.3. Data collection
Patient-related characteristics (i.e., age, sex, height, weight, body mass index: BMI) and
medical history (i.e., treatment with anti-tumor necrosis factor biologics and immunomodulators
at baseline and previous small bowel resection) were captured during the first study visit
(n = 66). Stool was obtained at baseline and 3-months for FCP, whereas serum was collected for
CRP and cytokine levels at 3 months only in patients who presented for timely follow-up
collection (n = 41); patient demographics are presented in Table 7-1. Several inflammatory
(Tumour Necrosis Factor alpha (TNF-α), interferon gamma (IFN-γ), interleukins 4, 6, 8, 17a, and
12/23p40 (i.e., IL-4, IL-6, IL-8, IL-17a, IL-12/23p40) and regulatory (IL-10 and IL-27)
cytokines (all pg/mL) were examined. Cytokines were evaluated using electrochemiluminescent, multi-plex ELISA kits by MesoScale Discovery (Rockville, MD, USA) as per
the manufacturer’s protocol.
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Dietary intake was determined using 3-day weighed food records at baseline and 3-months.
Study participants met with the study coordinator to receive training on how to record an
accurate 3-day weighed food record and were instructed to document all food and drinks
consumed and preparation method on two representative non-consecutive weekdays, and one
weekend day. The study dietitian reviewed the food record with the patient to identify any
missing information.
Dietary intake data was analyzed using ESHA Food Analysis Software Version 11.3 X,
ESHA Food Processor Nutrition Analysis Software (Salem, OR, USA), and individual macroand micro-nutrients amounts were calculated. Dietary intakes were categorized using the
following:
1) Mediterranean Diet Score (pMDS; Martinez-Gonzalez et al., 2012), modified to exclude red
wine consumption (Taylor et al., 2018), was calculated for each patient to measure how
closely their overall dietary pattern resembled a Mediterranean diet.
2) The dietary inflammatory index (DII) developed by Shivappa et al. (2014) was calculated to
score the inflammatory potential of individual dietary patterns.
3) Canada’s Food Guide to Healthy Eating (CFGHE) food group serving sizes was used to
examine servings of fruits, vegetables, leafy green vegetables, red and processed meats,
legumes, fish, and nuts and seeds (Health Canada 2011). Definitions of serving sizes for each
food group have been previously reported (Taylor et al., 2018).

7.3.4. Statistical analyses
All data management and statistical analyses were conducted in R version 3.5.3 (R Core
Team 2018), and a p-value < 0.05 was considered statistically significant. Outcomes of interest
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included FCP, dichotomized at 100 μg/mg to discriminate between patients in active or inactive
intestinal inflammation (Mumolo et al., 2018); CRP dichotomized at 5 mg/L (Vermeire et al.,
2004), and various inflammatory and/or regulatory cytokines (Table 7-1). Dietary variables
explored in this analysis included total pMDS and its sub-components (Taylor et al., 2018); the
DII, CFGHE food group servings; macro- and micro-nutrient intake and miscellaneous aspects
of dietary intake (Tables 7-2, 7-3). Other patient characteristics including age in years at
baseline, body mass index, previous bowel surgery, height, sex, taking anti-TNF medication or
immunosuppressants, and weight were assessed as potential confounders of the associations of
interest.
The association between FCP and diet was assessed using a mixed-effects logistic regression
model to account for within-patient correlations between baseline and follow-up, and was
implemented using the R package “lme4” (Bates et al., 2015). This allowed the model to account
for the within-patient correlation affecting the strength of the associations as it incorporated a
random-effects term in the model to capture this correlation. Linear regression models were used
to determine the association between diet and cytokine measurements using the R “stats”
package (R Core Team, 2019), while logistic regression models were used to determine the
association between CRP and diet.
Descriptive statistics and visualization were used to identify and explore outliers. The
“ggplot2” library was used for all exploratory visualizations and plotting. Regression models
were then built in a mixed stepwise manner, beginning with a forward-stepwise selection based
on univariable associations with the outcomes (P < 0.15), followed by a backwards-elimination
while assessing confounding (removal of the variable causes a change in the remaining
coefficient estimates of ± 30%), and retained only the variables with P < 0.10. Interactions
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between variables were not assessed due to the small sample sizes resulting from the
stratification necessary to test the corresponding interactions.
7.3.5. Ethical approval
The study was approved by the Calgary Health Research Ethics Board (REB15-1805) and
informed consent was provided by all patients. All the research was carried out in accordance
with relevant guidelines and regulations.

7.4. Results

7.4.1. Demographics
Table 7-1 describes the demographics and health characteristics for patients at baseline and 3months. At baseline, participants were generally middle aged (Median = 51 years, IQR = 37–58)
overweight (Median = 27.3 kg/m2, IQR = 23.5–29.7) and 49% were male. All patients were in
clinical remission (HBI < 5) and 64% of patients were in biological remission defined as
FCP ≤ 100 μg/mg. At baseline, 53 patients (80%) were receiving anti-TNF biologics, with 29
patients (44%) receiving immunomodulators and no patients receiving corticosteroids.

7.4.2. Dietary pattern and macro- and micro-nutrients
Patients’ DII scores were generally pro-inflammatory (Mean = 1.6, SD = 1.8) and pMDS
scores showed only 4–5 healthy behaviours being performed (Mean = 4.6, SD = 1.5) out of a
possible 13. Means and proportions of dietary patterns, individual food groups and macro- and
micro-nutrients used in the analyses are described in Tables 7-2 and 7-3.
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7.4.3. Fecal calprotectin
Increasing daily servings of leafy green vegetables were associated with FCP ≤ 100 μg/mg
(p < 0.05; Table 7-4, Figure 7-1).

7.4.4. C-reactive protein
When assessing the odds of having a low CRP at 3-months (defined as a serum
concentration ≤ 5 mg/L), males had higher odds of having a low CRP than females (Table 7-4).
In addition, a higher omega 6:3 fatty acids ratio increased the odds CRP would be ≤ 5 mg/L
(Figure 7-2). The mean omega 6:omega-3 (n-6:n-3) PUFA ratio in the low CRP group was 8:1,
compared to the high CRP group with a ratio of 4:1.

7.4.5. Serum cytokines
Serum cytokine relationships with dietary variables are presented in Table 7-4. Different
cytokines were significantly associated with various dietary variables. Considering dietary
pattern, a negative association between energy adjusted DII and IL-12/23 p40 (P = 0.04), and
positive association between pMDS and IL-17A (P = 0.03) was observed, pMDS and DII scores
were not associated with the remaining serum cytokines.

7.5. Discussion

We present the first prospective study to characterize the relationship between pMDS, DII,
CFGHE food groups, micro- and macro-nutrients with serum and fecal biomarkers of disease
activity and peripheral cytokine profiles in patients with CD in clinical remission. Daily servings
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of leafy green vegetables was associated with FCP ≤ 100ug/mg, and an n-6:n-3 PUFA ratio of
8:1 was associated with CRP ≤ 5 mg/L. We did not identify relationships for FCP or CRP with
dietary patterns measured by pMDS and energy-adjusted DII.
Epidemiological studies have associated fruit, vegetable and fish intake with lower risk of
IBD incidence (Racine et al., 2016; Papada et al., 2019). Leafy greens are a rich source of
carotenoids which may help improve intestinal barrier function and reverse lipopolysaccharides
induced intestinal barrier damage through enhancing the expression of tight junction proteins (He
et al., 2019). A plant-based diet, rich in dietary fiber, appears to be beneficial for human health
by promoting the development of a diverse microbial ecosystem (Eom et al., 2018); in this study
however, total dietary fiber was not associated with FCP or CRP. Exclusive enteral nutrition
(EEN), a low-fibre product, is used effectively as primary therapy for CD in pediatric patients
with luminal CD (Ruemmele et al., 2014). EEN may deplete the nutrients (e.g., fibre) necessary
for bacterial growth, or create a luminal microenvironment where the functionality of
inflammatory microbes is suppressed, inhibiting the gut mediated immune response in patients
with CD (Svolos et al., 2019). Therefore, the mechanisms underlying the protective benefits of
leafy greens may extend beyond their fiber content.
Higher n-6:n-3 PUFA ratios were associated with increased odds of patients having a
CRP ≤ 5 mg/L. In typical Western diets this ratio can be as high as 20:1 (Simopoulos 2002), and
disproportionate n-6:n-3 intake ratios may lead toward a proinflammatory response which may
affect the onset of IBD (Scaioli et al., 2017). Supplementation with n-3 PUFA to alter the n6:n3
ratio towards anti-inflammatory effects has shown mixed results in CD and genetic
polymorphisms in n-3 metabolism could be one possible mechanism to explain conflicting
results (Scaioli et al., 2017). A study in zebrafish compared various levels of n-6:n-3 ratios in
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fish consuming a standard diet of 12% total calories from lipids (Powell et al., 2015). Similar to
our study, this study identified an 8:1 ratio as optimal compared to a 5:1 and a 2:1 ratio to
promote greater gains in lean body mass and less total body fat. In addition, zebrafish eating the
n-6:n-3 PUFA 8:1 ratio diet had lower levels of CRP and amyloid, markers of inflammation
identified on liver biopsies. The authors concluded the ratio of n6:n3 may influence the
inflammatory response less than the total percent of calories consumed from lipids. In our study,
total intake of fat grams did not have any significant association with FCP, CRP or inflammatory
cytokines.
Having identified dietary associations with FCP and CRP, we proceeded to examine potential
immune mediated mechanisms to explain these results. Both expected and unexpected
relationships between peripheral cytokines and dietary components and patterns were identified.
Unexpectedly, increasing scores for the pMDS (more anti-inflammatory dietary pattern) were
associated with increasing levels of IL-17A. Similarly, lower energy adjusted DII scores (more
anti-inflammatory) were associated with increased IL12/23p40. In 320 healthy Iranian women,
an inverse relationship with IL-17A and adherence to a Mediterranean diet was identified
(Sakhaei et al., 2018) while another study demonstrated increasing consumption of fruit juices
reduced IL-17A (Peluso et al., 2012). Although IL-17A has generally been classified as a proinflammatory cytokine, it may regulate components of the intestinal barrier by reinforcing tight
junction proteins in epithelial cells, and it induces the expression of mucin-associated genes and
the production of β-defensins in the colon (Lee et al., 2015; Hueber et al., 2012). IL-17A may
have protective effects and its role in gut homeostasis may not be completely understood.
In previous work the DII score was associated with increased levels of TNF-α and IFN-γ and
not associated with IL12/23p40 as seen in this study (Shivappa et al., 2017); however, this was in
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healthy adolescents and not in a diseased cohort of patients. In another study in adults, the DII
was positively associated with IL-6 and TNF-α (Shivappa et al., 2015). The DII was not
significantly associated to these cytokines in our study; however, our study collected data using
3-day food records compared to a food frequency questionnaire, did not control for the same
confounders as the previous work, and the study populations were different.
We identified a significant relationship between IL-10 and β-carotene intake. IL-10 is an
immunoregulatory cytokine that plays a crucial role in orchestrating intestinal immune
homeostasis (Kuhn et al., 1993). However, these data need to be interpreted with caution due to
the relatively small sample size and the possible disconnect between serum cytokine levels and
gut inflammation. β-carotene is widely distributed in green leafy, yellow and orange coloured
vegetables and fruits, and is one of the most abundant carotenoids. β-carotene has been reported
to suppress LPS-induced inflammatory responses by inhibiting nuclear factor kappa B
expression, suggesting an anti-inflammatory role (Bai et al., 2005).
We demonstrated an inverse relationship between red meat intake and IL-27 serum levels, and
an inverse relationship between leafy green vegetables and IL-27. It has not been definitively
determined whether IL-27 ameliorates or promotes intestinal inflammation, as contradictory
roles for IL-27 have been reported in animal models of IBD. Studies have demonstrated the
ability of IL-27 to lessen colonic inflammation by increasing the production of IL-10 in animal
models of colitis (Dann et al., 2014; Hanson et al., 2014). These somewhat conflicting results
may speak to the dual effects of IL-27 on intestinal inflammation, however mechanistic
interpretations cannot be concluded at this time.
Study strengths include dietary data collection and FCP measurements at two time points
using dietitian reviewed 3-day food records, and rigorous statistical modeling. Study limitations
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to the regression-based model analysis were related largely to sample size. We selected inclusion
and exclusion criteria that would allow us to have a clinical population that was representative of
the typical patient in remission without being too restrictive or broad. All patients presenting to
the outpatient clinic were informed of the study and over the 2-year period we were able to
achieve an initial n = 66. This sample size allowed us sufficient power to examine our question
but certainly suggests that future larger studies are warranted to further confirm the interesting
findings of our study. As the number of variables and dietary factors observed were greater than
the number of individuals, a risk factor analysis was underpowered to begin with. This small
sample size made it impossible to assess interactions between predictor variables in the models,
meaning that some key relationships between variables may not have been identified, as effect
modification was not tested. As the purpose of this work was exploratory to provide preliminary
associations for further investigation, reducing the number of significant associations detected by
adjusting the significance level may result in potential relationships not being further
investigated. In addition, while serum cytokine levels do not necessarily reflect mucosal
inflammation, the identified relationships may add context and foundation for future dietary
mechanistic studies. Raw P-values have been included in the results tables so they can be
interpreted independently of a pre-defined significance cutoff.
In conclusion, we have identified relationships between dietary components and FCP and
CRP in patients with CD in clinical remission, and provided preliminary associations between
dietary components, patterns and nutrients with serum cytokines. The lack of robust associations
between the DII and pMDS with FCP and CRP were unanticipated; however, the remitted
patient population may limit these associations, and future studies building on this work should
be undertaken in patients with greater disease activity.
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Table 7-1. Patient demographics and health characteristics at baseline and 3-month follow-up

Median age, years, (IQR)
Gender, males (%)
Median disease duration, years (IQR)
Median body mass index, kg/m2, (IQR)
Current smoker, n (%)
Anti-TNF use, n (%)
Steroid use, n (%)
Immunomodulators use, n (%)
Surgical Hx, n (%)
Median dietary inflammatory index, energy
adjusted, (IQR)
Median Mediterranean diet score, (IQR)
Fecal calprotectin,
µg/mg Median (IQR)
Biological remission,
£ 100 µg/mg, (%)
C-reactive protein mg/L
Median (IQR)
£ 5 mg/L
TNF-a, pg/mL, median (IQR)
IFN-g, pg/mL, median (IQR)
IL-4, pg/mL, median (IQR)
IL-6, pg/mL, median (IQR)
Il-8, pg/mL, median (IQR)
IL-17A, pg/mL, median (IQR)
IL-12/23p40, pg/mL, median (IQR)
IL-10, pg/mL, median (IQR)
IL-27, pg/mL, median (IQR)
1
2

51 (37-58)
32 (49)
10.0 (4.5-17.8)
27.3 (23.5-29.7)
3, (4.5)
53 (80)
0
29 (44)
18 (27)

Patients with cytokine
measurement at time 2
n = 41
53 (36-60)
18 (44)
10.5 (4.9-19.0)
27.5 (24.8-29.5)
1, (2.4)
29 (71)
0
16 (39)
8 (20)

P-value of
difference
n = 41
-

+1.9 (0.5-2.8)

+2.2 (1.1-3.2)

0.061

4.0 (4.0-5.0)

4.0 (3.0-5.0)

0.081

73 (28-216)
42 (64)

73 (25-288)
22 (54)

Baseline
n = 66

Variables

n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a

1.47 (0.80-3.79)
9 (22)
1.10 (0.77-1.44)
2.87 (1.90-5.10)
0.024 (0.02-0.04)
0.28 (0.17-0.39)
6.02 (5.43-7.62)
1.70 (1.23-2.47)
75.12 (49.08-101.35)
0.16 (0.12-0.29)
370.66 (286.45-472.59)

0.791
0.182
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a
n/a

P-value computed using the Wilcoxon Signed-Rank test for paired data
P-value computed using McNemar’s Chi-squared test for paired data
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Table 7-2. Description of dietary pattern variables in the mixed-stepwise selection process for the regression models.
Units/Levels

Median (IQR) at baseline
(n=66)

Mediterranean diet score (pMDS)

-

4.00 (4.00-5.00)

4.00 (3.00-5.00)

Dietary inflammatory index (DII), energy adjusted

-

1.89 (0.46-2.78)

2.16 (1.10-3.27)

Vegetables 1/2 cup, 1 medium or 1 cup leafy greens

Servings/d

1.30 (0.58-2.43)

1.42 (0.61-3.03)

Leafy green vegetables, 1 cup raw

Servings/d

0.30 (0.00-0.80)

0.25 (0.00-1.02)

Fruit, 1/2 cup or 1 medium and juice, 1/2 cup

Servings/d

1.60 (1.00-2.78)

1.33 (0.67-2.70)

Fruit, 1/2 cup or 1 medium, no juice

Servings/d

1.50 (0.78-2.63)

1.28 (0.67-2.38)

Legumes, ¾ cup

Servings/wk

0.00 (0.00-0.00)

0.00 (0.00-0.00)

Nuts, ¼ cup

Servings/wk

0.25 (0.00-4.40)

1.17 (0.00-2.63)

Red and processed meat, 84 g (3oz)

Servings/d

1.15 (0.40-1.90)

0.33 (0.00-0.69)

Red meat, 84 g (3oz)

Servings/d

0.40 (0.00-1.13)

0.00 (0.00-0.47)

Processed meat, 84 g (3oz)

Servings/d

0.40 (0.08-0.93)

0.50 (0.00-0.43)

Fish and shellfish (84 g)

Servings/wk

0.00 (0.00-4.10)

2.33 (0.00-8.11)

Fish (84 g)

Servings/wk

0.00 (0.00-2.60)

1.05 (0.00-7.06)

Variables

Median (IQR) at follow-up
(n=41)

Diet Scores

Food Groups
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Table 7-3. Description of macro- and micro-nutrients and single dietary components included in a mixed-stepwise selection process
for regression models.
Variable
Macronutrients
Calories
Carbohydrates
Fiber
Fat
Mono-unsaturated fatty acids
Omega-3
Omega-6
Omega6:Omega3
Poly-unsaturated fatty acids
Saturated fat
Trans-fats
Cholesterol
Protein
Single dietary components
Vitamin A
Beta-carotene
Vitamin B1
Vitamin B2
Vitamin B3
Vitamin B6
Folate, B9
Vitamin B12
Vitamin C
Vitamin D
Vitamin E
Iron
Magnesium
Potassium
Selenium
Sodium
Zinc
Alcohol/d
Caffeine

Type

Units/Levels

Median (IQR) at baseline
(n=66)

Median (IQR) at follow-up
(n=41)

Measured
Measured
Measured
Measured
Measured
Measured
Measured
Continuous; computed
Measured
Measured
Measured
Measured
Measured

kcal
g
g
g
g
g
g
g
g
g
mg
g

2123.21 (1635.79-2401.25)
248.49(192.85-287.67)
20.09 (15.07-29.72)
80.09 (53.97-99.67)
15.27 (10.11-24.77)
0.71 (0.48-1.15)
6.00 (3.81- 10.02)
8.74 (6.05-10.75)
8.84 (5.69-12.52)
25.13 (17.28-32.41)
0.55 (0.18-1.20)
280.90 (204.36-400.24)
89.66 (70.16-108.73)

1838.41 (1611.78-2372.05)
227.88 (186.52-274.27)
19.72 (16.20-28.23)
66.00 (56.84-97.07)
13.97 (7.27-20.67)
0.74 (0.37-1.01)
4.94 (2.44-7.12)
7.31 (4.12-9.71)
7.20 (4.11-9.14)
23.96 (16.90-34.80)
0.56 (0.20-0.81)
226.17 (141.91-376.47)
82.39 (61.97-102.00)

Measured
Measured
Measured
Measured
Measured
Measured
Measured
Measured
Measured
Measured
Measured
Measured
Measured
Measured
Measured
Measured
Measured
Measured
Measured

μg
μg
mg
mg
mg
mg
μg
μg
mg
μg
mg
mg
mg
mg
μg
mg
mg
g
mg

439.58 (264.85-711.58)
712.29 (202.36-2962.85)
1.05 (0.68-1.46)
1.33 (0.99-2.04)
16.60 (11.83-22.80)
86.85(66.21-121.99)
263.03 (158.77-353.83)
2.54 (1.95-4.48)
66.17 (49.83-130.92)
2.01 (1.10-3.47)
3.76 (2.76-6.70)
13.06 (10.40-16.09)
188.32 (141.63-279.11)
1894.46 (1494.45-2542.69)
72.73 (45.85-104.94)
3316.86 (2503.30-4239.60)
5.70 (4.48-9.83)
0.00 (0.00-6.47)
94.68 (18.97-189.44)

410.10 (231.01-702.14)
680.41 (194.79-2061.24))
0.69 (0.47-1.08)
1.09 (0.68-1.70)
13.06 (8.97-14.51)
1.09 (0.69-1.80)
162.23 (117.27-251.73)
2.58 (1.52-3.92)
71.44 (39.91-127.54)
2.40 (1.09-4.24)
2.74 (2.02-4.25)
10.80 (9.42- 15.92)
161.99 (110.13-233.85)
1755.77 (1094.58-2282.07)
52.54 (37.50-74.47)
2720.15 (2150.07-3497.78)
5.06 (3.04-6.62)
0.00 (0.00-5.21)
76.98 (10.03-217.01)
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Table 7-4. Final multivariate model results for fecal calprotectin, C-reactive protein, and pro- and
anti-inflammatory cytokines.
Outcome
Variable
Fecal calprotectin
Reference1
>100 µg/mg
Leafy green vegetables/d
Vitamin B2 intake
C-reactive protein
>5 mg/L
Reference
Omega 6:3 ratio
Sex
Pro-inflammatory cytokines (pg/ml)
Reference
TNF-a
Age
Body mass index
Reference
IFN-g
Processed meat consumption
IL-4
Reference
Alcohol consumption
Not taking anti-TNF
Iron intake
IL-6
Reference
Fiber intake
Weekly fish consumption
Omega-3 fatty acids
Poly-unsaturated fatty acids
IL-8
Reference
Alcohol consumption
Beta-carotene intake
Fiber intake
Inadequate fruit pMDS
Vitamin B3 Intake
IL-17A
Reference
Inadequate fruit pMDS
Not taking anti-TNF
medication
Total pMDS
Il-12/23 p40
Reference
Body mass index
Energy adjusted DII3
Anti-inflammatory/regulatory cytokines
IL-10
Reference
Beta-carotene intake
IL-27
Reference
Leafy green vegetables/day
Red meat/day
Weight (kg)

Coefficient (95% CI)

Standard error

P-value

1.04 (-0.40 to 3.20)
-1.14 (-2.64 to -0.12)
- 0.90 (-2.48 to -0.03)

0.79
0.58
0.54

0.19
<0.01
0.09

1.95 (-0.14 to 4.61)
-0.37 (-0.76 to -0.10)
-2.91 (-6.20 to -0.68)

1.17
0.16
1.33

0.10
0.02
0.03

-0.46 (-1.45 to 0.53)
0.01 (-1.92x10-3 to 0.01)
0.04 (3.15x10-3 to 0.08)
1.17 (-2.33 to 4.66)
17.06 (9.83 to 24.29)
4.71 x10-3 (-0.01 to 0.02)
-5.81 x10-4 (-9.89 x10-4 to -1.72 x10-4)
8.61 x10-3 (-3.95 x10-4 to 0.02)
1.68 x10-3 (8.03 x10-4 to 2.55 x10-3)
0.02 (0.22 to 0.18)
0.01 (1.69 x10-3 to 0.02)
-0.01 (-0.03 to 2.90 x10-3)
0.37 (0.18 to 0.55)
-0.02 (-0.05 to 3.95 x10-3)
2.05 (-0.41 to 4.51)
-0.09 (-0.15 to -0.02)
4.11 x10-4 (1.74x10-5 to 8.05 x10-4)
0.09 (0.01 to 0.17)
1.89 (0.41 to 3.37)
0.07 (0.01 to 0.16)
1.80 (0.66 to 2.96)
-0.77 (-0.15 to -0.09)

0.487
0.01
0.02
1.72
3.57
0.01
2.30 x10-4
4.42 x10-3
4.12x10-4
0.10
0.01
0.01
0.09
0.01
1.20
0.03
2.23x10-4
0.04
0.72
0.04
0.57
0.34

0.35
0.10
0.03
0.50
< 0.01
0.40
0.01
0.06
< 0.01
0.85
0.02
0.10
< 0.01
0.10
0.10
0.01
0.04
0.03
0.01
0.07
<0.01
0.03

-0.70 (-1.30 to -0.09)

0.30

0.03

0.21 (0.03 to 0.39)
-86.31 (-200.16 to 27.54)
7.26 (3.37 to 11.14)
-10.34 (-20.07 to -0.61)

0.09
55.96
1.91
4.78

0.03
0.13
<0.01
0.04

0.11 (-0.04 to 0.25)
1.06 x10-4 (4.65 x10-5 to 1.65 x10-4)
45.70 (-135.52 to 226.91)
-75.14 (-123.18 to -27.11)
-78.23 (-135.11 to -21.36)
1.06 (0.57 to 1.56)

0.01
3.20x10-5
89.17
23.6
27.99
0.24

0.14
<0.01
0.61
<0.01
<0.01
< 0.01
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Figure 7-1. Fecal calprotectin ≤ 100 μg/mg is significantly related to leafy greens intake.
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Figure 7-2. C-reactive protein ≤ 5 mg/L is significantly related to ratio of omega-6 to omega-3 polyunsaturated fat.
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CHAPTER 8: Summarizing discussion

8.1. Concluding remarks

Rapid developments in data collection and storage technologies, along with increasing
availability of high-performance computational resources have resulted in the potential for
applying Big Data analytics in health research. Digitization of health and treatment records on
dairy farms and in medical settings, high-frequency data from physiological sensors, and
diagnostic tests that can quickly and accurately quantify large numbers of biologically important
analytes are all data sources that can provide invaluable data in health research. However, to
ensure validity and robustness of insights derived from these types of data, it is crucial that the
most appropriate analytical methodologies be chosen, while also considering the limitations
inherent to these data. Our results demonstrate how 1) dairy herd improvement (DHI) data,
bacteriological culturing, and scientific databases can be used to facilitate effective management
of mastitis in primiparous dairy cattle; 2) regularly collected data from automated milking
systems (AMS) can be used to develop effective models for the detection of clinical mastitis in
dairy cattle, while being robust to many of the challenges faced when combining data from
varied sources; and 3) multiplex immunoassays can be used to understand disease severity,
predict clinical outcomes and evaluate the effectiveness of diet when combined with other types
of records.
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8.1.1. Mastitis management in primiparous dairy cattle
Primiparous dairy cattle have typically been thought to be at low risk for diseases of the
udder since they have not been exposed to the physiological stress of milk production and
regular milking (De Vliegher et al., 2012). We demonstrated that this is not the case in Canada,
as the incidence of clinical mastitis (CM) in primiparous cattle was significantly higher than in
multiparous cows immediately after calving, and a higher proportion of primiparous cattle than
multiparous cattle had intramammary bacterial infections during the first month after calving. In
addition, the pathogens causing CM and intramammary infections (IMI) in primiparous cows
were very different from those causing CM and IMI in multiparous cows, likely a reflection of
the different environment the animals are exposed to prior to calving. Since the teat canal can
open and be susceptible to infection up to 80d before calving (Krömker and Friedrich, 2009),
pre-calving management of primiparous cattle will play an important role in the prevention of
disease in the postpartum period.
Our systematic review and meta-analysis of studies assessing the effectiveness of precalving treatments on udder health after calving demonstrated that a number of different types of
treatment are effective at improving udder health, but the effectiveness of treatments can vary
considerably depending on the type of treatment, and the type of pathogen being targeted. Teat
sealants were most effective at reducing the incidence and prevalence of IMIs by environmental
pathogens, whereas antimicrobials, teat sealants, and vaccines were equally effective at reducing
the occurrence of IMIs by contagious pathogens. Non-aureus staphylococci (NAS) are a diverse
group of bacteria, and the prevalence of NAS IMIs is most effectively reduced by using a
combination of different treatment types. Although antimicrobials were effective at reducing the
prevalence of all types of IMIs, their use must be balanced with concerns about potentials for
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antimicrobial resistance, and non-antimicrobials of equal effectiveness would be preferred. These
results indicate that efficient management of mastitis in primiparous cattle should start before
calving and should be informed by an understanding of the types of pathogens being targeted,
which would require regular, pre-calving milk sampling for determination of the distribution of
bacteria.
Both Chapters 2 and 3 highlighted the need for targeted data collection when designing
disease control programs on farms. There is an immense volume of data collected on lactating
animals on a dairy farm such as health and treatment records, milk production and components,
and activity or behaviour for estrus detection, as these directly support the commercial operation
of dairy farms, whereas typically only health and treatment records are kept for young stock. To
take advantage of Big Data analytics most effectively for regular management on dairy farms, it
would be necessary to make data collection and sampling from non-lactating animals more
thorough. As technology adoption continues to grow in the dairy industry, and more technology
is specifically developed for younger animals or becomes more accessible to allow use on nonlactating animals, targeted data collection will allow producers to develop and monitor their own
preventive disease management programs.

8.1.2. Clinical mastitis detection using recurrent neural networks
The adoption of AMS on dairy farms in Canada is continuing to grow at a rapid pace
(Barkema et al., 2015; Dairy barns by type, 2020), allowing producers to more easily monitor
production, and improve milking labour management (Tse et al., 2018). Although AMS
incorporate many different types of sensors, and the associated software generate alerts for
potentially sick cows, only 23% of producers using AMS report relying on those alerts (Tse et
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al., 2017). This likely indicates that the performance of the disease detection algorithms is not
satisfactory, and either needs to be improved, or at least modified to better suit individual
producers’ management styles.
Studies that developed models for the detection of CM typically relied on a small number
predictor variables, typically consisting of different milk characteristics (Hogeveen et al., 2010;
Slob et al., 2021). In addition to milk yield and components, sensors accompanying AMS also
collect information about animal behaviour and feeding which are also known to change during
onset of CM (Siivonen et al., 2011; Sepúlveda-Varas et al., 2016; King et al., 2018). The results
presented in Chapter 4 demonstrate that RNNs can combine observations from different sources
on a dairy farm, to effectively detect the onset of CM in dairy cattle. Although variables
associated with behaviour and feeding were not effective predictors for CM onset on their own,
combining them with milk characteristics did improve model performance with both sensitivity
and specificity > 0.80. These data are regularly collected by AMS, and so can readily be
incorporated into predictive models without the need for additional hardware. In addition, unlike
previous studies that downsample “healthy” observations to better balance the outcome
(Ankinakatte et al., 2013; Khatun et al., 2018), we included all observations and applied a
weighted loss function. This allowed us to evaluate how the model would perform in the realworld and assess its practical usefulness using the positive predictive value.
The challenge with developing RNNs is that they require large amounts of data to avoid
overfitting and maximize generalizability. Although farm-specific models that can control for
between-farm variability may perform better, it would not be feasible to collect enough data to
train and validate the models and as a result, robust predictive models need to be developed
using data from multiple farms. Our results from Chapter 5 demonstrate that RNNs are robust to
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many of the issues that would typically be encountered when training models on data from
multiple farms. Model performance was only when there were very high levels of unmeasured
variability at the cow- and herd-level, which can be avoided by incorporating additional
information about farms and cows into data from AMS. We also demonstrated that RNNs can be
very robust to outcome misclassification (label noise), allowing from the use of data from
multiple farms without needing to explicitly standardize how disease diagnoses are recorded.
Including predictor variables from multiple sources may also benefit model performance, in case
a highly predictive variable is not recorded on a farm, and model predictions rely more heavily
on the other observed variables.
The research presented in both Chapters 4 and 5 has demonstrated how methodologies that
have recently become more accessible due to reduced computation costs, can effectively
leverage varied data types from different sources on a dairy farm to facilitate disease monitoring
and animal health management.

8.1.3. Characterizing immune response using multiplex immunoassays
As diagnostic testing kits become cheaper and more easily accessible, they provide a good
way to incorporate increasingly detailed, and subject-specific physiological information into
research and health management. In Chapter 6, we described how levels of blood cytokines vary,
and can be used to differentiate diagnoses in children presenting to the emergency department
with very similar symptoms consistent with appendicitis. Although the predictive model was not
validated due to limited sample size, it did highlight biomarkers that would be of interest when
developing and validating such a model for clinical implementation. With a thoroughly validated
model, the primary obstacle limiting its application in a clinical setting would be the time
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required to get the samples analyzed, as critical care decisions need to be made quickly. As these
diagnostic kits are further developed and refined to reduce turnaround time and the complexity in
sample processing, their role in precision medicine will continue to grow to support decisionmaking by physicians.
When combined with weekly food records, results from multiplex immunoassays were used
to identify potential risk factors for flare-ups and gut and systemic inflammation in patients with
Crohn’s disease. Of particular importance, we found that increasing consumption of leafy green
vegetables was associated with a lower risk of flare-ups (defined by elevated fecal calprotectin),
and that a high ratio of Omega 6:3 fatty acids in diet can be a good way to reduce inflammation
overall. One challenge with this study was that the dataset was extremely wide (no. explanatory
variables >> no. observations), so multivariable regression models were used to avoid multiple
comparisons with the same data but resulted in lowered power. The P-values were not further
corrected for the multiple outcomes, as not many were statistically significant anyway, but this
limitation was noted, and carefully considered when interpreting the findings.
These studies highlight the importance of all the 3 V’s of Big Data for analysis – although
data from a variety of sources was collected, practical application of multiplex immunoassays in
decision-making was limited by the velocity at which the data could be generated in Chapter 6
and the robustness and depth of insight generated in Chapter 7 was limited by the low volume of
data collected.

8.1.4. Comparing the capabilities of different analytical approaches
In Chapters 2 and 6, linear models and generalized linear models were used for exploratory
analyses to assess for overdispersion and narrow down a large list of potential risk factors. The
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results of these analyses were not interpreted or discussed, and rather were used to assess the
suitability of the collected data for more complex models that would answer the research
questions of interest. In both chapters, the statistical model used to answer the primary research
questions was a generalized linear mixed model, to account for the lack of independence
between observations, and the underlying hierarchical structures. Chapter 5 also utilized linear
mixed models to combine data from multiple, different populations (studies) to determine a
pooled effect of different treatments while accounting for the between-population heterogeneity.
Model assumptions and appropriateness of model type were thoroughly explored, and the results
of the model were interpreted cautiously in the context of the limitations. In Chapters 4 and 5,
neural networks were trained to maximize predictive performance by freely determining the
relevant variable relationships without user input. Although this resulted in good performance,
describing the variable relationships was more challenging, and the interpretation more abstract
than for the models used in Chapters 2, 3, 6 and 7. In Chapter 6, we developed a decision tree
model to predict disease severity, which is an example of a machine learning model with variable
relationships that are easily and directly interpretable. The ease of interpretation comes at a cost
however, as model generalizability and external validity is diminished due to the tendency of
decision trees to overfit training data. Due to the small sample size that precluded the use of an
external validation set, lack of confidence about model performance and generalizability resulted
in the interpretation focusing primarily on the relationships between input variables.
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8.2 Future directions

In summary, future research should aim to:
1) Motivate the regular collection of data from groups of animals on dairy farms other than
just the milking herd
Although data about the milking herd are likely the most important for monitoring and
optimizing milk production, data should also be routinely collected from other animals in the
herd. An increasing number of dairy farms in developed countries uses automated milk feeders
(e.g. Barkema et al., 2015). The automated feeders collect data that are similar to the data
collected by AMS. However, the data on the calves are often not used (Costa et al., 2021). By
expanding regularly collected data and sampling to incorporate these other animals, producers
will be able to better monitor overall health of their herd, and focus on preventive mastitis
management, rather than waiting until the animal joins the milking herd to address udder health.
Additionally, by monitoring drinking volume and intervals, and growth, problems in young stock
can be detected earlier (Cramer and Ollivett, 2020; Conboy et al., 2021). These additional data
will also benefit researchers who aim to understand the epidemiology of diseases in other groups
of animals since future studies will also be able to more effectively incorporate large amounts of
routinely collected data.
2) Improve predictive models for CM onset by incorporating even more data from
additional sources on the farm, to reduce unmeasured variability at the herd- and animallevels, while improving performance and generalizability simultaneously
We demonstrated that unmeasured variability at the herd- and cow-levels can reduce model
performance, so being as inclusive as possible with predictor selection is preferred when using
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models like neural networks. Neural networks are better able to handle noise in data from
including extraneous predictors than other machine learning models, while being robust to many
of the statistical issues encountered when collecting data from multiple farms. Reduced costs for
high-performance computing resources will make the use of these complex models more
accessible, and their potential applications for health monitoring of dairy cattle should be
explored with other diseases as well.
3) Incorporate all the V’s of big data (volume, variety, and velocity) in studies using
multiplex immunoassays to increase the value of insights that can be generated
Although clinical applications of these assays may still be limited by complex sample
preparation and turnaround time, they have immense potential to develop more targeted and
personalized approaches for the study and management of disease. When aiming to use these
assays for clinical prediction models, sufficient sample size to ensure robust model validation
must be ensured.
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