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A Hidden Markov Model with missing data in the outcome variable is considered. The initial and transition probabilities of the Markov chain and the emission probability of the HMM are allowed to depend on fully observed covariables. Tests for the ignorable and for the MCAR mechanisms are proposed. These tests do not require grouping the individuals by their missing pattern, making them easier to apply in practice. They are based on the estimates of the conditional probabilities of emitting a missing data given the latent state of the Markov chain and some observed covariables. When the ignorable mechanism holds, the conditional probabilities of emitting a missing value are the same for a given value of the observed variables. On the contrary, when the MCAR mechanism holds, these probabilities are all the same. A practical implementation of these tests based on simulations is proposed, along with a presentation of their performances. A real example from piglet farming illustrates their use.

Introduction

Missing data (MD) arises quite often in statistics. This situation should be analysed carefully since many classical statistical analyses cannot be directly applied when this occurs.

For example, an elementary way to handle MD is suppression. Referred as "deletion", this can be performed listwise (all the observations with at least one non-observed variable are excluded) or pairwise (only the observations where the variable of interest is missing are deleted, but the missing values of the unused variables are kept). However, these methods have two major drawbacks. First, they always decrease the size of the dataset. Second, if for a given variable, the probability of occurrence of an MD is correlated to the value that should have been observed (for example, in a survey about incomes, people with highest incomes are more likely to refuse to answer), deletion may generate a bias in the estimation.

Besides deletion, there are two classes of methods to handle missing values in a dataset: include them in the analysis using dedicated methods, such as, for example, the well-known EM algorithm of [START_REF] Dempster | Maximum likelihood from incomplete data via the em algorithm[END_REF], see also Little and Rubin (2014) for an extended review of methods; or impute missing values (i.e., replace them with plausible data). The imputation problem will not be discussed here but the reader may refer to the book of [START_REF] Van Buuren | Flexible imputation of missing data[END_REF].

When one wants to include MD, the way to do it depends on the type of missing values mechanism involved in the dataset. In his seminal work, [START_REF] Rubin | Inference and missing data[END_REF] presented three types of MD mechanisms: Missing Completely at Random (MCAR), Missing At Random (MAR), and Missing Not At Random (MNAR). In the case of MCAR mechanism, the missing values of a given variable are independent of all the other variables. In other words, the set of observations with a missing value is a uniform random subset of the complete set of observations.

In the case of MAR mechanism, the MD is allowed to depend on some observed variables but not on the MD themselves. The MD mechanism is then completely random, conditionally on some observed variables. When neither the MCAR nor MAR mechanisms hold, the missing values mechanism is MNAR. In this case, the missing observation depends on the missing variable itself; in other words, on the value that should have been observed, as for the income survey example.

Many estimation methods (e.g., MLE) can be adapted for data with MAR or MCAR MD. MCAR and MAR mechanisms are often grouped under the name "ignorable MD", contrary to the MNAR mechanism, which is called "non-ignorable". Indeed, for MCAR or MAR MD, either the missing values do not cause a loss of information for the variable (except the decrease in the number of observations) or the information about the missing values can be found elsewhere in the dataset. In contrast, for the MNAR case, at least a part of the missing information is not available.

Consequently, it is important to distinguish between the ignorable and non-ignorable cases. [START_REF] Enders | Applied missing data analysis[END_REF] stated that "MCAR is the only mechanism yielding to testable propositions" and that if one wants to test the hypotheses H 0 =MAR or H 0 =MNAR, additional assumptions should be made. For example, [START_REF] Breunig | Testing missing at random using instrumental variables[END_REF] proposed a test of the MAR mechanism that uses an instrumental variable. As announced by Enders, the application of Breunig's test assumes the availability of such an instrumental variable and that this variable does not have missing values.

Many tests for the MCAR mechanism have been proposed. The first tests were Student univariate tests from [START_REF] Dixon | BMDP statistical software[END_REF]. The individuals are gathered into two groups: for a given variable with MD, individuals with an MD and those without and the equality of means between the two groups for all other variables is tested. Then [START_REF] Little | A test of missing completely at random for multivariate data with missing values[END_REF] proposed a test where the individuals are gathered by their pattern of MD (a pattern corresponds to the set of variables whose values are missing for an individual). The main idea of the test relies on the fact that in the MCAR case, all these groups come from the same population, with the same joint distribution of variables. The equality of joint distributions implying the equality of moments, the test statistic measures the homogeneity of means and/or covariances across the groups of individuals with the same missingness pattern. Little proposed different versions of his test. First, a test for homogeneity of means when the covariance matrix is supposed to be known. Second, a test for homogeneity of means when the covariance matrix is unknown but supposed to be the same for all groups and estimated by MLE. And third, a test for homogeneity of means and covariance matrices when the covariance matrices are estimated by MLE for each group separately. For the three versions, the test statistic is asymptotically chi-squared distributed (with adequate number of degrees of freedom) under H 0 =MCAR and allows rejecting the null hypothesis of MCAR MD or considering it as compatible with the data. Finally, there exist several tests based on Little's work [START_REF] Jamshidian | Tests of homoscedasticity, normality, and missing completely at random for incomplete multivariate data[END_REF]; [START_REF] Jamshidian | Missmech: an r package for testing homoscedasticity, multivariate normality, and missing completely at random (mcar)[END_REF]; [START_REF] Kim | Tests of homogeneity of means and covariance matrices for multivariate incomplete data[END_REF]. The main idea is still to test for the homogeneity of means and covariances. They aim at improving the performance of Little's test when working with smaller samples. They also allow overcoming a restriction of Little's work: Little's test with covariance matrices estimated by group requires the number of individuals in a group to be larger than the number of observed variables in this group. Otherwise, the empirical covariance matrix is singular.

Anyway, none of these tests apply when each individual has a distinct pattern of MD, a common situation when working with longitudinal data. The dataset is composed of several explanatory variables (quantitative and categorical), and one categorical outcome variable. This is the most comprehensible framework to present the test methodology, possible extensions to other types of variables are discussed in Section 7 . Only the outcome variable has MD. For an individual, the pattern of MD is the vector of measurement times when the outcome variable is missing. If the number of measurement times is large compared to the number of individuals, it is likely to have numerous groups of patterns with very few (or one) individuals, causing the tests presented above to perform badly. For example, [START_REF] Park | A test of the missing data mechanism for repeated categorical data[END_REF] proposed a test for the MD mechanism in the case of repeated categorical data. Once again, the idea of the test is to group individuals according to the pattern of their MD and to compare the moments of the distribution of these groups. Park proposed to fit a selected model to each group and then to test the homogeneity of the model pa-rameter estimates across groups. When the number of individuals strongly varies between groups, or when the number of groups is high, the test has a low power. As a solution, Park suggested grouping individuals in only two groups: individuals without missing values and individuals with at least one missing value. But the authors admit that this approach could be misleading (Section 2.2 of [START_REF] Park | A test of the missing data mechanism for repeated categorical data[END_REF]).

As already mentioned, this article deals with longitudinal data with missing values in the outcome variable. A Hidden Markov Model (HMM) is used to model the observed variable.

In an HMM, the outcome variable is assumed to be the consequence of an underlying and unobserved variable, whose evolution over time has a Markov structure. This unobserved variable is often referred to as a hidden or latent variable, while the outcome variable is referred to as the emitted or observed variable. An HMM is defined by the latent Markov chain (state space, initial and transition probabilities), and by the emission probability (the conditional distribution of the observed variable according to the latent variable).

Considering a categorical emission variable, the MD can be affected to an additional observed value. Then the missingness mechanism can be investigated throught the emission probabilities. A test for the MD mechanism in an HMM framework is proposed. To our knowledge, this has not already been proposed. More precisely, the latent Markov variable is defined such that it corresponds to the values of the emitted variable that should have been observed is there were no MD. For example, if the emitted variable Y ∈ {1, 2, NA}, then the latent variable U can take two values, 1 and 2. Then the probabilities of emitting Y = NA, conditionally on U can be estimated and compared.

If the emission probability is allowed to depend on an observed covariable (such as, for example, the gender of the respondent), estimates for the conditional emission probabilities of having an MD, given each value of the latent variable and the covariable can be computed.

If the MD mechanism is MCAR, these probabilities should not depend on the values of the latent variable or covariable. The test of the MCAR null hypothesis consists in a test for the homogeneity of the probability estimates for the emission law across the latent variable and covariable values. If the MD mechanism is ignorable (MAR or MCAR), these probabilities can depend on the covariable but not on the latent variable. Once again, the null hypothesis can be tested by a homogeneity test for the probability estimates, across the values of the latent variable for a given value of the covariable. Based on these properties, two tests are proposed. Test number 1 is a test of the ignorable null hypothesis (against MNAR) and test number 2 is a test of the MCAR null hypothesis (against not MCAR). These two tests allow distinguishing between the ignorable/non-ignorable cases and between the MCAR/non-MCAR cases. They do not allow distinguishing between MAR and MCAR, unless they are performed sequentially. Then, a third (procedure of) test is proposed. It first tests the ignorable null hypothesis and, if it is not rejected, it tests the MCAR null hypothesis.

The remainder of this paper is organised as follows. In Section 2, the HMM with covariables is described. In Section 3, the link between the MD mechanism and the HMM is developed. The test procedure is explained. Section 5 evaluates the tests' performance on simulated data and presents a practical implementation of the tests. Section 6 is dedicated to an application to real data. Lastly, Section 7 contains a discussion and conclusion.

Hidden Markov Model with covariables

An HMM is a statistical model where the studied phenomenon is assumed to be an unobserved Markov chain. An HMM with covariables allows the initial and transition probabilities of the hidden Markov chain and the emission probability to be functions of the covariables. The covariables are denoted by X t when involved in the initial and transition probabilities of the Markov chain and O t when involved in the emission probability.

Let (U t ) t=1...T be a Markov chain, with U t ∈ U, a discrete finite set. The initial distribution of U 1 is assumed to be a function of the covariable X 1 with parameter β. For t = 2, ..., T , the transition probability from time t -1 to t is assumed to be a function of X t-1 with parameter γ. The observation at time t is denoted by Y t . Then the conditional distribution of Y t given U t = u and O t = p is assumed to be a function of u, p and a parameter α. All the parameters are gathered in θ = (α, β, γ). Figure 1 gives a schematic representation of the model with its three components: the initialization of the Markov chain, its transitions and the emission process.

Figure 1: Representation of the HMM : the non-observed states of the Markov chain (U t ) t are the variable of interest. The U t 's depend on some observed covariables (X t ) t . The observations (Y t ) t should give information on the U t 's,. However, some Y t are missing. The Y t 's may depend on some observed covariables (O t ) t .

As already mentioned, an HMM can handle missing values in an observation by considering them as an additional outcome of the emission process. If NA denotes the "missing value", then assumes that for all t = 1, ..., T , Y t belongs to Y = {1, ..., y max , NA}. Using this notation, the parametric form of the emission process can be written as follows. For u ∈ U, p ∈ O and y ∈ Y, and if the NA state is taken as a reference,

for k ∈ 1, ..., y max α k,u,p = log P α (Y t = k|U t = u, O t = p) P α (Y t = N A|U t = u, O t = p) . (1) 
The α k,u,p are gathered into the vector α according to a fixed order. To simplify, the emission probability is assumed to be constant over time (the α's do not depend on t). This assumption could be relaxed with some additional assumptions on the dependence of the emission probability on time.

A generalized linear model with a logit link function was used to model the influence of the covariables on the initial and transition probabilities of the Markov chain. Regarding the initial probability, let foru ∈ U, u = 1, log

P β (U 1 = u|X 1 = x 1 ) P β (U 1 = 1|X 1 = x 1 ) = x 1 β u ,
where x 1 is the vector containing the covariables for t = 1.

Regarding the transition probability, for u, v ∈ U and t = 2, .., T , let

for v = 1, log P γ (U t = v|U t-1 = u, X t-1 = x t-1 ) P γ (U t = 1|U t-1 = u, X t-1 = x t-1 ) = x t-1 γ u,v ,
where the vector γ u = (γ u,• ) gathers the transition parameters from state u. As previously,

x t-1 contains the covariables for time t -1.

In the following section the three common types of MD mechanism and their consequences for the writing of the emission probability of the HMM are described. The estimation method is also presented, along with the two test statistics.

Missingness mechanism and HMM

The MD mechanism is linked to the parameter α alone. If the MD mechanism is MCAR, the probability of the event Y t =NA neither depends on the value of Y t that would have been observed nor on another variable. In the HMM framework, this is equivalent to saying that the probability of an MD does not depend on the state of the latent Markov chain U t and does not depend on O t either:

∀u, v ∈ U, ∀p, q ∈ O, ∀t = 1, ..., T, P(Y t = N A|U t = u, O t = p) = P(Y t = N A|U t = v, O t = q). (M1)
Equation ( M1) can be written in more detail to make explicit the constraints on the param-

eter vector. Let τ (u, p) = 1 + k =N A e α k,u,p . Then P(Y t = N A|U t = u, O t = p) = 1 τ (u,p) and Equation (M1) is equivalent to ∀u, v ∈ U, ∀p, q ∈ O, τ (u, p) = τ (v, q). (M1')
If the MD mechanism is MAR, the probability of the event Y t =NA does not depend on the value of Y t that should have been observed but does depend on another observed variable, O t here. This MAR hypothesis can be written as for all t = 1, ..., T, the following conditions (a) and (b) are verified

(a) ∀p ∈ O, ∀u, v ∈ U, P(Y t = N A|U t = v, O t = p) = P(Y t = N A|U t = u, O t = p), (b) ∃p, q ∈ O, p = q, such as ∀u ∈ U, P(Y t = N A|U t = u, O t = p) = P(Y t = N A|U t = u, O t = q). (M2)
The first line of (M2) says that the probabilities do not depend on U t . The second line says that there are at least two values of the observed covariable leading to different probabilities of MD. This corresponds, for example, to probabilities that are equal for the same value of O t but different when O t changes. To test such a null hypothesis, something similar to what is often performed in a power analysis with post hoc inference should be done, that is, make assumptions about the values p and q considered and estimate the size of the effect:

P(Y t = N A|U t = u, O t = p) -P(Y t = N A|U t = u, O t = q) on
the dataset. This approach is known to have a lot of problems [START_REF] Hoenig | The abuse of power[END_REF].

If only the condition (a) of (M2) is considered, the test of (M2 corresponds to the test of the ignorable hypothesis:

∀p ∈ O, ∀u, v ∈ U, ∀t, P(Y t = N A|U t = v, O t = p) = P(Y t = N A|U t = u, O t = p). (M3)
As for the MCAR case, Equation (M3) is equivalent to

∀p ∈ O, ∀u, v ∈ U, τ (u, p) = τ (v, p). (M3')
When the ignorable hypothesis (M3) does not hold, the MD mechanism is MNAR, and the probability of the event Y t =NA does depend on U t . There is no precision about the dependency on an additional observed variable and a lot of mechanisms can correspond to this description. In the context of an HMM with covariables, the general MNAR hypothesis can be written

∃p ∈ O, ∃u, v ∈ U, u = v, ∀t, P(Y t = N A|U t = v, O t = p) = P(Y t = N A|U t = u, O t = p). (M4)
Two particular versions of the MNAR mechanism were investigated. In the so called MNAR1, the probability of the event Y t = NA varies with U t but is the same for all the values of O t for a given value of U t . In MNAR2 the probability of Y t =NA depends on both U t and O t .

The build of a likelihood ratio test has failed. Actually, for both hypothesis tests, that for MCAR and that for an ignorable MD mechanism hypotheses, the constraints imposed by the null hypotheses cannot be easily written as explicit constraints on the parameter set.

For example, if Y = {1, 2, NA}, and according to the the multinomial logit parametrization given in (1), the MCAR null hypothesis (M1') is equivalent to ∀u, v ∈ U, ∀p, q ∈ O, 1 + e α 1,u,p + e α 2,u,p = 1 + e α 1,v,q + e α 2,v,q .

(M1")

The estimation of α with the constraints given by Equation (M1") is complicated. Thus, the estimation the parameters of the HMM under the MCAR or ignorable null hypotheses and the comparison of corresponding log-likelihoods is intricate.

To summarize, two sets of hypotheses to test can be tested. The first test, referred as test 1 is the test of the null hypothesis H 0 = the MD mechanism is ignorable against H 1 = the MD mechanism is MNAR. The second test, referred as test 2 is the test of the null hypothesis H 0 = the MD mechanism is MCAR against H 1 = the MD mechanism is not MCAR. The next section shows how to build these tests.

Building the tests

For both tests, the MLE for the parameters of the HMM was used to estimate the probabilities P(Y t = N A|U t = u, O t = p). The general strategy for both tests was: (1) to estimate the model parameters without any constraint on α and (2) check whether or not the estimate α is "close" to H 0 . Estimation for HMMs has been extensively documented and was not the purpose of the present paper. The reader could refer to [START_REF] Lagona | Maximum likelihood estimation of bivariate circular hidden markov models from incomplete data[END_REF] and [START_REF] Bulla | A multivariate hidden markov model for the identification of sea regimes from incomplete skewed and circular time series[END_REF] and references within for exemples of the general estimation methods in HMM with ignorable missing data. θ was estimated by θ = argmax θ∈Θ θ (y), where θ (y) is the log-likelihood of the model, using the EM algorithm as described in [START_REF] Bartolucci | Information matrix for hidden markov models with covariates[END_REF]. The method they proposed for the computation of the Fisher information matrix of the model was also used. The EM algorithm presented in [START_REF] Bartolucci | Information matrix for hidden markov models with covariates[END_REF] was implemented in the package LMest [START_REF] Bartolucci | LMest: An R package for latent markov models for longitudinal categorical data[END_REF]. Nevertheless, this package does not handle covariables in both the emission and transition probabilities of the HMM. The estimation algorithm was then rewritten to include this capability.

For individual i = 1, ..., n and t = 1, ..., T , consider the longitudinal observations y i,. = (y i t ) t=1,...,T , where y i t ∈ Y = {1, ..., y max , NA}. The individuals were assumed to be independent, so the log-likelihood of the model is

θ (y) = n i=1 θ (y i,. ), with θ (y i,. ) = log P θ (Y i,. = y i,. ) = log   u i,. ∈U T P θ (Y i,. = y i,. |U i,. = u i,. )P θ (U i,. = u i,. )   ,
where U i,. is the random vector (U i,t ) t=1,...,T and u i,. is one realization of this vector and U = {1, ..., y max }.

The complete log-likelihood was used in the EM algorithm: for given a value of the parameter θ k , the complete likelihood is defined by the conditional expectation

* (θ|θ k ) (y) = n i=1 * (θ|θ k ) (y i,. ) with * (θ|θ k ) (y i,. ) = E θ k log P θ (Y i,. = y i,. , U i,. = u i,. ) Y i,. = y i,.
,

where the expectation is taken along u i,. ∈ U T , i.e., *

(θ|θ k ) (y i,. ) = u i,. ∈U T log P θ (Y i,. = y i,. , U i,. = u i,. ) × P θ k (U i,. = u i,. |Y i,. = y i,.
).

Using the Markov property and the notation defined above, the complete log-likelihood in the HMM with covariate framework, can be written *

(θ|θ k ) (y i,. ) = T t=1 u∈U log P α (Y i t = y i t |U i t = u, O i t = o i t )P θ k (U i t = u|Y i,. = y i,.
)

+ u∈U log P β (U i 1 = u|X i 1 = x i 1 )P θ k (U i 1 = u|Y i,. = y i,. ) + T t=2 u∈U v∈U log P γ (U i t = v|U i t-1 = u, X i t-1 = x i t-1 )P θ k (U i t = v, U i t-1 = u|Y i,. = y i,. ),
where o i t ∈ O = {1, ..., o max } is the vector of observed covariables for individual i and time t.

The EM algorithm is iterative and starts at k = 0 from an initial point θ 0 . Then the two steps E for Expectation and M for Maximization are alternated, as follows. The step E consists in computing, for a fixed θ k , the probabilities

P θ k (U i t = u|Y i,. = y i,. ), P θ k (U i 1 = u|Y i,. = y i,.
)

and

P θ k (U i t = v, U i t-1 = u|Y i,. = y i,.
). To do so, the Baum Welch recursions are used [START_REF] Baum | A maximization technique occurring in the statistical analysis of probabilistic functions of markov chains[END_REF]. The step M consists in maximizing * (θ|θ k ) (y i,. ) with respect to θ. This step gives the estimate θ opt . Then the algorithm returns to step E with θ k = θ opt .

Finally, the EM algorithm converges toward a local maximum assumed to be the MLE θN of θ. To maximize the chances of finding the global maximum, the EM algorithm was run from several random starting points. Note that the computation time can be reduced using a short-run strategy [START_REF] Lagona | Maximum likelihood estimation of bivariate circular hidden markov models from incomplete data[END_REF] or a stochastic EM [START_REF] Dedieu | Mixed hidden markov model for heterogeneous longitudinal data with missingness and errors in the outcome variable[END_REF]. N = n × T is the number of observations in the whole dataset (the number of individuals × the number of times). Let αN be the subvector of θN containing the MLE of α. Let g be a function from R nα to R nunp such that for α,

g(α) = (g i (α)) i=1..nunp = 1 τ (u, p) (u,p)
,

where n u = Card(U) and n p = Card(O). It remains to check whether or not αN is close to H 0 . That is, whether the constraints imposed by H 0 on g(α N ) approximately hold. The MCAR mechanism hypothesis implies that all the g i (α) are equal. The ignorable mechanism hypothesis implies that for each p, all the g i (α) corresponding to the covariable O t = p are equal.

Let

T N (g(α)) = ||Σ -1/2 αN (g(α N ) -g(α))|| 2 ,
with g(α N ) the function g evaluated at the MLE αN , g(α) its expected value, and Σ -1/2 αN its covariance matrix.

The idea of the test is to replace g(α) by what it should be if the null hypothesis was true and to measure whether the estimation is with this value.

If the MD mechanism is ignorable, this implies that g(α) = (µ 1 , µ 2 , ..., µ np ) , where each µ j is repeated n u times. In practice, the plug-in variable

μj = 1 n u i=(u,p);p=j g i (α N ),
is used, and

T 1 N (g(α)) = ||Σ -1/2 αN (g(α N ) -(μ 1 , μ2 , ..., μnp ) )|| 2 .
Analogously, if the MCAR null hypothesis is true, H 0 is equivalent to ∃µ ∈ R; g(α) = µ1 nunp , with 1 nunp = (1, 1, ..., 1, 1) . This time, the plug-in variable used is μ =

1 nunp nunp i=1 g i (α N ),
the empirical mean of g(α N ) so that

T 2 N (g(α)) = ||Σ -1/2 αN (g(α N ) -μ1 nunp )|| 2 .

Asymptotic results

The asymptotic distributions of the two statistics T 1 N (g(α)) and T 2 N (g(α)) can be derived easily. The classical theory for MLE holds for HMM parameter estimates and so

I N (α) 1/2 (α N -α) D -→ N (0, I nunp ) as N → +∞,
where I N (α) is the Fisher information matrix for α obtained with N observations, I nunp is the identity matrix of dimension n u n p and D -→ denotes convergence in distribution.

Because g is C ∞ on R nunp , the delta method can be used to approximate the distribution of g(α N ):

Σ -1/2 α (g(α N ) -g(α)) D -→ N (0, I nunp ), as N → +∞, (2) 
where

Σ α = D g (α)I N (α) -1 D g (α) and D g (α)
is the Jacobian matrix of g at α. By Slutsky's theorem, the convergence holds when replacing Σ α by

Σ αN = D g (α N )I N (α N ) -1 D g (α N ) .
Then, under H 0 = the MD mechanism is ignorable, respectively, H 0 = the MD mechanism is MCAR:

T 1 N (g(α)) D -→ T as N → +∞, with T ∼ χ 2 ((n u -1)n p ),
and respectively,

T 2 N (g(α)) D -→ T as N → +∞, with T ∼ χ 2 (n u n p -1),
where the number of degrees of freedom is, respectively, (n u -1)n p and n u (n p -1), because of the use of the plug-in estimators μk and μ.

About the power of the tests

Regarding the statistic distribution under the alternative hypothesis: for the test of the MCAR mechanism, the alternative hypothesis is H 1 = the MD mechanism is not MCAR, i.e., MD for each value of the covariable were used).

For the MCAR hypothesis test, the values of the test statistic T 1 were computed for each sample simulated with the MCAR mechanism and the 95% quantile was extracted from this empirical distribution. For the ignorable hypothesis test, the values of the test statistic T 2

were computed for each sample simulated with the MCAR or the MAR mechanisms.

Simulations

Because the study that motivated our interest in MD for HMM was linked to pig farming, the simulation study was conducted with data as close as possible to the the pig farming data. Diarrhea is a common health problem in post-weaning piglets. An experiment was organized to describe the way this occurs. Piglets were observed during their early age and their health status was assessed by a visual inspection of their feces. For each piglet, the feces were evaluated each day after the end of its weaning. Because the observation time was limited to 20 min per day and a group of piglets, not all the feces of a group were observed. This resulted in a lot of missing values in the time series of observations. Beside the assessment of the feces, real-time water and food consumption and weight measurements were recorded for each piglet. In what follows, these variables are referred to as the "behavior covariables".

The first question that arose in this study was to determine whether or not the missing observations were ignorable, in other words, did the unknown health status affect the occurrence of missing values ?

An HMM with covariables was used to model the feces evaluation. The latent Markov variable can be interpreted as the actual health status of the piglet. To simplify, only a binary health status is considered: the pig can be healthy or sick (1 or 2). Of course, the health status is probably a phenomenon much more regular than a binary variable, but in practice, veterinarian has to make a binary decision: to treat or not to treat the piglet. The feces evaluation is the emitted variable. This evaluation was defined as normal or diarrheic (1 or 2), plus the missing observation, denoted by NA. The behaviour covariables were included in the initial and transition probabilities of the Markov chain. The feces evaluations were performed by three different observers. The variable representing the observer is included as a covariable in the emission process, i.e., O t ∈ {1, 2, 3}.

In order to evaluate performance of the test, simulations were carried out. An estimation of the distribution of the initial values and growth coefficients for each type of behavior data (water, food, and weight), are obtained from healthy piglets. A total of 10000 piglets, i.e., behavior data and health status over 35 days, were simulated using these estimates. First, in order to control for the total number of observations with a sick health status, a sequence of health statuses was generated. For each piglet, two illness episodes of length five days were randomly spread over the time period, in order to obtain about 30% sick days. Secondly, the corresponding behavior data were generated by modifying each growth coefficient as follows. Compared to "healthy" growth coefficients, for each illness episode, for days 1 and 2, the growth coefficients were reduced by 80%, for days 3 and 4, the growth coefficients were reduced by 50% and for day 5, the growth coefficients were reduced by 70%.

Since the true health status of the piglet was not known before the study, the length of an illness episode and the way the growth coefficients were modified were fixed and visually estimated from the data. Centered Gaussian perturbations were added to the growth curves obtained (the standard deviations of these perturbations are the estimates of the standard deviations of the empirical distribution for each growth coefficient). Figure 2 shows an example of such simulation. Finally, for each simulated piglet, several vectors of feces evaluations were generated: one for each MD mechanism (see below) and for different proportions of missing values in the dataset. In the piglet example, the emission law is the conditional distribution of the feces evaluation given the latent health status and the observer who made the evaluation. That is, the following discrete probabilities have to be fixed for each u ∈ {1, 2} and each o ∈ {1, 2, 3}:

P(Y i t = 1|U i t = u, O i t = o) ; P(Y i t = 2|U i t = u, O i t = o) and P(Y i t = N A|U i t = u, O i t = o).
For the MCAR mechanism, the probability of MD is the same for all the observers and health statuses. The probabilities of observing Y = 1 or Y = 2 were fixed so that a diseased piglet was more likely to have pathological feces than normal ones and so that a healthy piglet was more likely to have normal feces than pathological ones. The probabilities of Y = 1 or Y = 2 were allowed to vary between observers. An example of an emission law for MCAR is presented in Table 1 for a total proportion of missing values equal to 5%. In the MAR mechanism, the probability of having MD depends on the observer variable.

In our case, this corresponds to having the proportion of missing values varying between observers, but being the same for the two latent health statuses for a given observer. An example of the emission probabilities for a total proportion of missing values of 15% is given in Table 2.

o=a o=b o=c P(Y = y|U = u, O = o) u u u MAR case 1 2 1 2 1 2 y 1
0.8624 0.044 0.8075 0.085 0.738 0.123 2 0.0176 0.836 0.425 0.765 0.082 0.697 NA 0.12 0.12 0.15 0.15 0.18 0.18 The MNAR mechanism allows the missing values to depend on both observed and non observed variables. In our piglet example, this is equivalent to saying that the probability of observing a missing value is not the same whether the pig is healthy or sick, and eventually differs from one observer to another. Two subtypes of the MNAR mechanism were investigated: MNAR1 where the probability of a value's being missing depends only on the latent health status, and MNAR2 where it also depends on the observer.

Tables 3 and4 give examples of emission laws for 5, respectively, 30, percent of missing values.

is made with very uninformative data. Indeed, under the two null hypotheses (MCAR or ignorable), the MD could be emitted from each latent state with the same probability. For the two tests, it seems that there is an "ideal" proportion of MD, around 20%, resulting in a quicker convergence of the actual distribution to the theoretical one. and under H 0 = ignorable MD (bottom). When there are too many or too few MD, the asymptotic is not reached. 20% of MD seems to be the "best" proportion.

Computed as described in Section 4.3, the empirical quantiles of level 95%, for the two tests and for the different proportions of missing values, are shown in Table 5. As for the convergence of the test statistic law, the quantile varies with the total proportion of MD.

This is an additional argument for the use of the empirical quantile obtained by simulation.

Prop NA 0.05 0.1 0.15 0.2 0.3 0.4 0.5 quantile under MCAR hyp. (theo. 11.07 ) 17.88 14.72 13.63 13.46 12.54 14.51 21.46 quantile under Ignorable hyp. (theo. 7.81) 12.87 11.48 11.22 11.41 11.76 15.06 20.88 Table 5: Empirical quantiles for the two test statistic distributions according to the total proportion of NA in the dataset. The theoretical values correspond to the 95% quantile of the χ 2 (5) distribution for the MCAR hypothesis and χ 2 (3) for the ignorable hypothesis. The quantiles vary with the proportion of NA, showing that the convergence towards the asymptotic is affected by this proportion.

The empirical power of the test and the results, presented in Table 6, were better than expected. Once again, a total proportion of MD around 20% seems to give the best results, and the power drastically decreases when the proportion of NA is higher than 30%. These conclusions should be taken carefully. Indeed, the total structure of the emission law also plays an important role in the quality of the parameter estimation: if the two latent states could emit the two informative evaluations (Y = 1 or 2) with probabilities that are close to each other, the estimation of the most likely sequence of latent states would be difficult.

Consequently, the understanding of the MD mechanism will be poor.

One can also see that the power decreases for datasets with a total proportion of MD of 15%. A possible explanation for this non-intuitive phenomenon is given in Section 7.

Real data application

A total of n = 153 piglets were followed during the first week of weaning. This results in seven days of behavior data records (from day 1 to 7) and in five days of feces visual inspections (days 3 to 7). There were three different observers, so O t ∈ {1, 2, 3}. Inn order to include some history in the covariables , the relative variations for each of the three behavior covariables for day t with respect to one and two days before were used as X t . In other words, X t contains the relative variations of the three behavior data (daily weight, food, and water) between day t and t -1 and between day t and t -2. An example may be seen in Figure 4. Background colour indicates the feces evaluation Y t (red for sick, green for healthy, and gray for NA). "Cov1" indicates to the relative variations of the covariable "Cov" between day t and t -1, and "Cov2" indicates to the relative variations between day t and t -2. The relation between behaviour data and illness is not trivial.

The parameters of the HMM were estimated a first time, in order to have reference values for the emission probabilities of the evaluations Y = 1 or 2 for the MCAR and MAR mechanisms. For the MAR mechanism, the proportion of MD was fixed for each observer, and estimated from the real data. In the dataset, the total proportion of missing values was 8%. Simulations were performed to determine the empirical quantiles of the test statistics distribution under both the ignorable and MCAR hypotheses.

In this application, the ignorable MD hypothesis was rejected, concluding that the MD were of the non-ignorable type: the health status of a piglet affects the occurrence of a missing observation. The missing information cannot be recovered using the observed data alone. With this first result in hand, it is not useful to perform the second test (MCAR) but if it is done anyway, as expected, the MCAR hypothesis was also rejected. If the ignorable hypothesis had not been rejected, it would have been tempting to perform in sequence the test of the MCAR hypothesis. This way of proceeding is sequential and will be discussed in the last section. Figure 5 shows the differences between the estimated MD probabilities and their expected counterparts under the ignorable and MCAR hypotheses. Although this overrides the conclusion allowed by the tests, it seems that the healthy piglets are more prone to producing MD than those with digestive troubles, which is rather realistic. 

Discussion and conclusion

This section contains a comment on the application of the tests to real data. The parameters of the HMM should be estimated a first time for the simulated data to be generated.

Currently, the variance of this first estimation is not considered. But as it is done in parametric bootstrap, it is taken into account when the parameters α, β, and γ are re-estimated for each simulation sample.

A sequential test could be built as follows: first, use test 1 to test the ignorable null hypothesis, and if it is not rejected, use test 2 to test the MCAR null hypothesis. At the end, this test would be able to classify a dataset with MD as MCAR, MAR, or MNAR. This procedure has some advantages but currently suffers some drawbacks. Indeed, concerning the null hypothesis MCAR, the final risk of type I (i.e., the proportion of datasets with MCAR missing data that are wrongly classified as MAR or MNAR) can be fixed to 5% by choosing a couple of adequate quantiles for tests 1 and 2. The use of the sequential test allows slightly increasing the power of the MCAR null hypothesis test compared to the direct test of MCAR (test 2), see Table 6 Nevertheless, the control of the overall type I risk for the MAR hypothesis requires the control of the type II risk of the first test and of the type I risk for the second test. In our simulations, it has not been possible to find suitable pairs of levels for tests 1 and 2 in order to obtain a controlled risk of 5% for both the MCAR and MAR hypotheses. Moreover, in our simulations, the risk for the MAR hypothesis cannot always be set to 5% (even if considered alone, without fixing the risk for the MCAR hypothesis). This issue occurs when there is too much MD in the dataset (a proportion greater than 30%, as can be seen in Table 6).

However, the sequential test procedure appears interesting since it would allow testing the MAR hypothesis, for which only a few tests exist.

For both tests considered in this article, a decreased power was observed when the proportion of MD is 15%. The power of a test is directly linked to the distance between the null and alternative hypotheses. In the HMM framework, two things, among others, can explain a bad separation of the hypotheses. Firstly, the theoretical distance between the hypotheses is small, i.e., the emission probabilities of Y =NA fixed for the simulation are not sufficiently different (the values chosen for the simulations can be seen in the last line in Table 2). Secondly, the emission probability estimates are far from their actual values and consequently, the test is made on values that do not reflect the reality of the MD mechanism.

As mentioned earlier, bad performances of estimators can be encountered when the probabilities of the different values of the outcome (Y = 1, 2,NA) are too close for different values of the latent variable. This implies that Y gives poor information on the latent Markov process.

The link between the choice of the values in the emission law and the distance between the null and alternative hypotheses of the test is then very complex and depends on many parameters. This interesting point is not investigated further. Nevertheless, the reader should bear in mind that for tests 1 and 2, the distance between H 0 and H 1 is not the same for the different proportions of MD explored by the simulations, explaining the nonmonotonic variation of the test power.

The test methodology is only described for categorical variables. In case of a continuous emitted variable, the hidden variable should also be continuous, according to the method proposed here. In presence of MD, the distribution of the emitted variable is a mixture of a continuous distribution and a Dirac measure on Y = NA. It would then be necessary to ensure that certain theoretical results still hold since the distribution of Y is no longer dominated by the Lebesgue measure. Hopefully, the estimation of the mixture weight for the Dirac measure can be obtained. This estimation is a function of u, the value of the hidden state. The extension of the test proposed here could be to test if this function is a constant function.

In conclusion, a method to test the ignorable and MCAR mechanisms in an HMM framework was proposed. Their asymptotic laws were derived, but a method based on simulations was proposed in order to avoid theoretical constraints that are not always satisfied in real data applications. The two proposed tests have good power. The main advantage of the method proposed here is that it does not require additional assumptions other than those that are made to use an HMM to model the observed variable. Indeed, the test statistics only use the estimates of the HMM that would have been obtained in a classical fitting of an HMM. A promising sequential procedure, making it possible to test the MAR hypothesis has also been explored but more work is needed to make it usable.

Figure 2 :

 2 Figure 2: Example of simulated behaviour data for one individual. The color of the background indicates the value of the emitted variable, i.e., the feces evaluations Y t : green for normal, red for pathological and gray for NA. The days into black lines indicates the true sick days (U t = 2).

Figure 3 :

 3 Figure 3: Empirical distribution of the test statistic versus its asymptotic χ 2 distribution (black plain line) for different proportions of missing values in the simulated data set. Distribution under H 0 =MCAR (top)and under H 0 = ignorable MD (bottom). When there are too many or too few MD, the asymptotic is not reached. 20% of MD seems to be the "best" proportion.

Figure 4 :

 4 Figure 4: Example of covariables (standardized) along observation time, computed from real behaviour data.Background colour indicates the feces evaluation Y t (red for sick, green for healthy, and gray for NA). "Cov1" indicates to the relative variations of the covariable "Cov" between day t and t -1, and "Cov2" indicates to the relative variations between day t and t -2. The relation between behaviour data and illness is not trivial.

Figure 5 :

 5 Figure 5: Estimated probabilities of emitting missing values, by observer and latent state (•). The grey horizontal lines correspond to the expected values under the null hypotheses: MCAR MD (top) and ignorable MD (bottom). These values correspond to the plug-in variables defined in T 1 N (g(α)) and T 2 N (g(α)). The estimates are too far from the expected values, leading to the rejection of the two hypotheses.

Table 1 :

 1 Emission law of Y conditional on U and O, for the MCAR mechanism, for 5% of missing values in the simulated dataset. The last line gives the conditional probabilities of MD, which are all equal.

Table 2 :

 2 Emission law of Y conditional on U and O, for the MAR mechanism, for 15% of missing values in the simulated dataset. The last line gives the conditional probabilities of MD, which are equal for a given o.

  .

	Prop NA	0.05	0.1	0.15	0.2	0.3	0.4	0.5
	Power of MCAR direct test (no.2) 0.809 0.869 0.81 0.928 0.741 0.737 0.541
	Power of MCAR sequential test	0.823 0.876 0.806 0.929 0.741 0.737 0.541
	Power of MAR sequential test	0.74 0.96 0.67 0.91	-	-	-
	Power of ignorable test (no.1)	0.76 0.76 0.71 0.92 0.78 0.66 0.37

Table 6 :

 6 Power of the different tests for a type I risk of 5%. First line, direct test of the MCAR null hypothesis (test 2) ; second line, sequential test of the MCAR null hypothesis ; third line, sequential test of the MAR null hypothesis ; fourth line, test of the ignorable null hypothesis (test 1). For the tests 1 and 2, the best power is reached for 20% of MD. The performance strongly decreases when the proportion of MD exceeds 30%. The power for the MCAR hypothesis test is slightly improved by the use of the sequential test. For the MAR hypothesis test, it is not possible to guarantee a risk of 5% for proportions of MD above 30%. The unexpected decrease of power at 15% MD is discussed in the text.
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) is still asymptotically chi-squared distributed, but this chi-square distribution is non-central with an unknown non-centrality parameter λ which depends on the distance between g(α) and the set of values verifying H 0 . Even if λ is unknown, the test is consistent. Indeed, if the MD mechanism is not MCAR, at least and without loss of generality, g 1 (α) = g 2 (α). Then the random vector g(α N ) -μ1 nunp is asymptotically normal with a non-zero mean. Moreover Σ

(the analogous matrix obtained using I 1 (α)). Thus, for any fixed quantile M , of the asymptotic distribution of T 2 N (g(α)) under H 0 , the power of the test, P H 1 (T 2 N (g(α)) > M ) tends to 1 as N →

∞. An analogous argument gives the consistency of the test of the ignorable mechanism.

The empirical powers of the two tests are given in Table 6. In the following section, the performances of these tests are evaluated and some modifications allowing a better control of the risks are proposed.

Empirical size

As illustrated in Section 5, the convergence of the test statistic empirical distribution toward the asymptotic one seems to be affected by the proportion of MD in the data set.

Although, it could be very interesting to investigate the theoretical convergence of the test statistic law toward its asymptotic distribution, this requires a method applicable even when the theoretical conditions for convergence are not met. This is the reason why the empirical quantiles and a classical type I risk of 5% are chosen. For a given data set, a first estimation of the HMM parameters using all the emission data (observed and MD) was done.

Then, the estimated parameters of the hidden Markov chain were used to create simulated samples of the latent variable. Finally, data sets of emitted variable were generated using the latent variable samples and forcing the emission law to follow the MCAR constraint (all the emission probabilities equal to the total proportion of MD in the original data set For each MD mechanism and each total proportion of MD, 500 random samples of n = 300 individuals were drawn from the 10000 individuals previously generated. For each dataset, the HMM parameters were estimated and the test statistics under the null hypothesis ignorable (M3) and under the null hypothesis MCAR (M1) were computed.

The empirical statistics distribution (grey lines) and the corresponding theoretical χ 2 law (black lines) are represented in Figure 3. Note that the asymptotic distribution of the test statistics is not always reached for some total proportions of MD. It is not surprising that the proportion of MD affects the convergence of the distribution of the statistics since it affects the estimation of the HMM parameters, see [START_REF] Dedieu | Mixed hidden markov model for heterogeneous longitudinal data with missingness and errors in the outcome variable[END_REF] for an example. In our study, it can be seen that when there were too few MD (like 5%), then, as would be the case with any emission category rarely observed, the estimation is bad because there were not enough observations. At the opposite extreme, when there are too many MD (40% or 50%) the estimation of the more likely latent states sequence for a given observation sequence