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Rationale for the Data Analysis Approach.

Clustering
Rather than use conventional clustering algorithms (where the number of clusters is known) to analyse the data, we assumed that the data originated from an unknown number of  clusters[1] which (Gaussian) distributions are defined by several parameters (i.e. shape, orientation and volume). The MCLUST program, which is based on mixture modelling, has the advantage to provide an objective estimate of the number of clusters in the data. 
The analysis was initiated by using an agglomerative hierarchical clustering method (i.e. a clustering method that groups records in a hierarchy or tree topped by a common ancestor) for multivariate data; while fitting was performed by the expectation-maximization (EM) algorithm [2]. The MCLUST program then searched for the optimal model (in terms of Bayesian Information Criterion (BIC) or Integrated Complete-data Likelihood criterion (ICL)) for the clustering of data among models with varying shape, orientation and volume of the distributions, as well as the number of components and substructures.
The mixture model that we used can be formally described by the following equation:
		[1]

where the probability density function, f(.), is a linear combination of m probability density functions on the form f(.|ψ), which for a Gaussian mixture model represent a Normal probability density function with parameter ψ:
						[2]

In the Gaussian Mixture Model, clusters are ellipsoidal with mean μ, and volume, shape and orientation determined by the covariance matrix Σ.  Finally, m is the number of mixture components (or classes) and w represents the relative frequency of class k (from 1 to m) in the data.


In MCLUST, each covariance matrix is decomposed by eigen decomposition in the form:
						[3]
where for the k class, Q is the orthogonal matrix of eigenvectors – which determines the orientation of the principal components, D is a diagonal matrix whose elements are proportional to the eigenvalues of Σ – i.e. the shape of the distribution, and λ is a scalar – i.e. the volume of the distribution. For multivariate data, 14 models with varying distribution (spherical, diagonal and ellipsoidal), volume (equal or variable across classes), shape (equal or variable across classes) and orientation (equal or variable across classes) are compared in MCLUST.

The EM algorithm computed the maximum likelihood estimators of the mixture model (with eigen-decomposed covariance). Convergence of the EM algorithm was checked when the change in log-likelihood or the relative change in log-likelihood was sufficiently small [2]. Computation of the Bayesian Information Criterion (BIC) values was used to determine the form of the covariance structure and the number of components, which in turn determined the optimal number of clusters [2]. Since BIC is the value of the maximized log likelihood penalised for the number of parameters in the model, it allowed the comparison of models with different parameterizations and/or different numbers of clusters [3]. The closer the BIC value was to zero, the stronger the evidence for the model.

Finally, we tested the hypothesis of equality between two classes, using a bootstrapped likelihood ratio test: for each bootstrapped sample, the likelihoods with m and m* classes were calculated followed by the likelihood ratio. The P-value was obtained by comparing the number of times that the bootstrapped likelihood ratio was larger than the observed (in the original data) likelihood ratio [4] over T replications.

Supervised Classification (discriminant analysis)
Once the optimal model and number of classes were decided (in terms of BIC); training errors, training sensitivity and training specificity were calculated.  We used an Eigen Decomposition Discriminant Analysis (EDDA) within MCLUST which is based on equation [3][5]. Therefore, when classes (and therefore their covariances and means) were obtained, the discriminant analysis was applied to find the separation plane(s) between classes.  When this plane did not perfectly separate two classes training errors (misclassifications) resulted. In addition, the uncertainty, i.e. 1 minus the (sum of) probability that a member belonged a to different class(s), estimated the robustness of the classification since the classification probabilities were more informative than the assigned cluster labels.

One out-of-sample cross-validation (CV) and confounder cross validation (CCV).
To evaluate the predictivity of the clustering model we employed a traditional cross-validation method to predict out of sample membership (CV, results in the first two columns of Table 3). In addition, we have developed a CCV, based on a class-member permutation, to evaluate the capacity of the model to identify false members (or confounders) within a class. In practice, 10% of infected dog measurements were classified uninfected (false uninfected), while 10% of uninfected dogs measurements were classified infected (false infected). Then the full discriminatory analysis is repeated. We finally evaluated how many of the changed labels were correctly predicted (i.e. false uninfected predicted as real infected and false infected predicted as real uninfected) (results in the last two columns of Table 3). 

Selecting important variables.
To compare the importance of each variable in determining the number of sub-classes (in both infected and uninfected dogs) a clustering with permuted variable values was performed. In other words, the tested (for importance) variable values are permuted, while the rest of the variables are kept unchanged, and clustering is performed. Then it is checked if the optimal number of sub-classes is larger or smaller than the one obtained with the un-permuted variable. The permutation is repeated 999 times, and a p-value produced as the number of times that the optimal number of sub-classes obtained by permutation is larger or shorter than the observed one, divided by 1000. Larger is the P-value, more important the variable is.
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