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Abstract

Statistical analysis is a science that empowers us to process, present and interpret data which
come from various sources, including engineering, biology, economics, and psychology. This
thesis includes two parts: a theoretical part and a practical part. The first part consists of two
chapters, providing a theoretical background for different graphical model techniques in
statistical analysis. The second part consists of a third chapter, applying these techniques to
real-world data and comparing their outcomes.

A graph serves as a valuable tool for the visual representation of relationships between data.
Through a graph, it is easier to communicate complex information not only to experts of the
field, but also people who have no knowledge of the theory behind it. Furthermore, this
approach allows us to discern patterns and relationships that otherwise would not be
observed in the raw data.

In the first chapter, we present three types of undirected graphical models. The first technique
centers around log-linear models, which find application when datasets consist of discrete
variables. The second technique is about Gaussian graphical models, utilized specifically with
datasets comprising continuous variables. Lastly, the third technique delves into mixed
interaction models, which are designed for datasets consisting of both continuous and
categorical variables. These graphical models aim to gain insights into the hidden associations
and present then into the form of a diagram, where each edge represents an association
between the variables it connects.

In the second chapter, we present one of the most important directed graphical models. This
technique centers around chain graph models and it can be utilized when dealing with
datasets consisting of both continuous and categorical variables. Chain graph models use
blocks to separate variables based on their role within the model. They share similarities with
the mixed interaction models, but their difference lies in the regression process. In chain graph
models each variable is regressed based on the variables present in all prior blocks, while in
the mixed interaction models the regression considers the variables from all prior blocks and
the current block.

In the third chapter, we fit Gaussian graphical models, mixed interaction models and chain
graph models for statistical analysis of three sets of data using the statistical program R.
Specifically, we analyzed post-COVID data from a study following patients who were
hospitalized for COVID-19. The survey included various data, such as anthropometric,
hospitalization and psychological data which were obtained though questionnaires. After each
application, an explanation of the results is provided, shedding light on the meaning of the
outcomes. Furthermore, at the end of all three applications the findings are compared and
discussed.

Key — words: Gaussian graphical model, mixed interaction model, chain graph mode, AIC, BIC,
graph, maximized log likelihood, blocks, directed edges, undirected edges.
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Chapter 1- Undirected Graphical Models

In this chapter, we will introduce the fundamentals of undirected graphs. Specifically, we will
discuss how they relate to log-linear models, Gaussian graphical models, and mixed
interaction models, which combine elements of both. By understanding the basics of
undirected graphs and their applications in different types of models, we can better analyze
and interpret complex data.

1.1 Graph

A graph is a collection of points, which are interconnected by lines. The points and lines are
called nodes and edges respectively. Each edge represents a relationship between the nodes
it connects.

In the context of a model, the nodes can be used to represent variables, and the edges can
represent the relationships between these variables. By this representation, we can gain
insight into how different factors influence one another and how changes in one variable can
affect others.

Consider two nodes denoted by A and B. In undirected graphs, the edge between the two
nodes is denoted either by [AB] or [BA], as the edge does not have a specific direction
(Edwards, 2000).

One common way to represent a graph visually is by using a diagram.

D C

Figure 1: Undirected graph



Figure 1 depicts an undirected graph, where the collection of nodes is composed of 4, B, C,
and D and the collection of edges consists of [AB] and [BC].

1.1.1 Definitions

In accordance with the definitions provided in Edwards's (2000) book, we will now present
some key terms and concepts.

These definitions will help us establish a common vocabulary and understanding of the
concepts related to graph theory and its applications. Having a clear understanding of key
terms and concepts is crucial in any field, as it allows us to communicate ideas effectively and
efficiently. By defining these terms at the outset, we can ensure that everyone is on the same
page and has a shared understanding of the material.

When there is an edge connecting two nodes, we refer to them as adjacent. In mathematical
notation, we write A ~ B, where A and B are both nodes and ~ denotes adjacency. In
Figure 1, A and B are adjacent, but B and D are not, as there is no edge connecting them.

A graph is considered complete if every pair of nodes is connected by an edge. In other words,
there are no vertices in the graph that are not adjacent to each other. The graph shown in
Figure 1, is not complete. The complete version of it, is shown in Figure 2.

D C

Figure 2: Undirected Complete graph

A clique is a subset of nodes in an undirected graph, where every two distinct nodes are
adjacent to each other. In simpler terms, a clique forms a complete subgraph, with all nodes
in the clique being pairwise connected by edges. A clique is considered maximal when it
satisfies the conditions of being a clique, and adding any additional nodes to it would violate
this property (Hastie et al., 2009). In Figure 2, the nodes A, B, C and D form a maximal clique,
as every pair of distinct nodes are connected by edges [AB], [AC],[AD],[BC],[BD] and [CD],
and no additional edge can be added while preserving the clique property.



A path is a sequence of k nodes, where each consecutive pair of nodes is adjacent. This path
has length k — 1. Figure 1 provides an example where A4, B, C is a path of length 2 between
the nodes A and C.

A k-cycle is a path consisting of k nodes, forming a closed loop. A 3-cycle example can be
found in Figure 2, where the path initiates at node B, then proceeds to C and D, and
eventually terminates at node B.

A chordless cycle is a k-cycle where the k nodes are distinct, and only the pairs of vertices that
are adjacent are those with a difference in their indices of 1 or k — 1. In other words, there
are no edges connecting non-adjacent vertices within the cycle. Figure 2 displays a chordless
4-cycle, where the path initiates at node A, then proceeds to B, C, D, and terminates at node
A.

A graph is considered triangulated if it does not contain any chordless cycles of length greater
than or equal to four. This means that every cycle in the graph must have at least one chord,
which is a non-cycle edge connecting two vertices within the cycle. The graph, shown in
Figure 2, is triangulated since it does not contain any cycles of length four or more that are
chordless.

The number of edges in which a node is involved is called the node's degree. The highest
degree among all nodes in a graph is referred to as the graph's degree (Koller & Friedman,
2009).



1.2  Log-Linear Models

Log-linear models are statistical models that enable the analysis of the relationships between
categorical variables. They calculate the likelihood of observing a specific combination of
variable categories in the model by assuming that the logarithm of the likelihood is a linear
function of the variables. This property makes it possible to model intricate associations and
interactions between multiple categorical variables. Due to this feature, log-linear models are
beneficial in many areas such as epidemiology, social sciences, and market research.

1.2.1 Log-linear, Graphical & Decomposable Models

Log-linear models can be classified as hierarchical or nonhierarchical. The type of log-linear
models that we are focusing on in this thesis are hierarchical models, which are also the most
common models. In a log-linear model, the term "hierarchical" refers to the inclusion of all
lower-order terms that can be obtained from the variables present in a higher-order term
(Gauraha, 2017). The higher-order terms are called generators. A hierarchical log-linear model
is said to be graphical, if its generators correspond to the cliques of the undirected graph,
where the nodes represent the variables, and the edges represent the two-factor terms
included in the model. A graphical log-linear model is considered decomposable if its graph is
triangulated. In accordance with the definition provided in subsection (1.1.1), a graph is
triangulated when it does not contain cycles of length four or more without a chord (Maathuis
et al., 2018).

1.2.2 Hierarchical Model

Let X = (Xy,X5,..., Xi) be k discrete random variables of a dataset D and let d be a subset
of this dataset, d € D. Furthermore, let I be the set of all possible combinations of values for
these variables. A cell of I is denoted as i = (iy,i5,...,i;) anditis an observation of the values
of the discrete variables, where i; is the value of the j-th variable in the cell.

A hierarchical log-linear model is given by the formula,

logp; = Z ud (1.1)

acD



where,

e logp; is the logarithm of the probability of observing cell i,

e J,cp is the summation of all possible interaction terms in the model,

e ufisan interaction term, which corresponds to cell i and depends only on the variables
involved in the d-th subset,

(Edwards, 2000).

To provide better clarity, we will give an example.

Suppose we have three categorical variables: gender (G) with two levels (male, female), age
(A) with three levels (young, middle-aged, old), and smoking (S) with two levels (smoker,
nonsmoker). We are interested in modeling the joint distribution of these variables using a
Log-Linear model.

The saturated model assumes that the logarithm of the probability of each possible
combination of levels of the three variables is a linear function of the variables. Using equation
(1.1), we derive the following,

AS 4 1,GAS

. _ G A s A s
logp(l =(g,q, s)) =utug Huf Fup Fu, ug +ull Lo is

where,

e p(i)is the probability of the outcome i,
e uistheintercept term,
. ugg, u{l,ufg represent the main effects,

. ufg is the effect of gender on the probability of the outcome, and i;=male, female,
= ug‘zl is the effect of age on the probability of the outcome, and i,=young, middle-
aged, old,
= ufs is the effect of smoking on the probability of the outcome, and ig=smoker,
nonsmoker,
o ufd ufS, uflS, represent the interaction effect,
g'ta grts arts
= ufg‘f’ia is the interaction effect between gender and age,
= ufgfis is the interaction effect between gender and smoking,
= ug“‘fis is the interaction effect between age and smoking,
e uf4S . is the three-way interaction effect between gender, age, and smoking.
g tats



The terms in this model represent how the probability of the outcome is related to each
variable and their interactions, using a log-linear relationship. The model allows for the effects
of each variable to be conditional on the other variables, and for their interactions to be
included in the model as well.

By considering this example, we can identify three distinct types of dependencies that can be
modeled using a log-linear model.

e The marginal independence between two discrete variables (e.g., gender and age),
where the probability of one variable taking any value does not depend on the value of
the other variable, and vice versa.

e The conditional independence between two variables, given a third variable. For
example, gender and age are conditionally independent given smoking if

P(G,A|S) = P(G|S)P(A|S)

In other words, once we know the value of smoking, knowing the value of gender does
not give us any additional information about the value of age, and vice versa.
e The higher-order interaction involves all three variables.

1.2.3 Log-Likelihood

The likelihood function of a hierarchical log-linear model expresses the probability of
observing a set of data given the parameters of the model. The likelihood function is derived
from the joint distribution of the observed data and the model parameters, and it is given by
the formula,

L=c np(i)"i (1.2)

i€l

where,

e [isthei-th cell in the contingency table,
e 7, is the observed count of i,

e p(i)is the predicted probability of i, and
e (isaconstant term.



The maximized log-likelihood of the model can be obtained by maximizing the likelihood
function (1.2).

[=c+ Z n(i)logp(i) (1.3)

i€l

where p(i) are the maximum likelihood estimates (MLEs) of the model (Hgjsgaard et al.,
2012).

1.2.4 Goodness of fit

The deviance is a measure of how well the model fits the data. It measures the difference in
the log-likelihood between the fitted model m and the saturated model s, and it is scaled by
a factor of 2. This is a method to assess the goodness of fit of a model, as well as to compare
different models. A deviance value of 0 indicates a perfect fit, while greater values indicate a
poorer fit.

The deviance for a Log-Linear model is given by the formula,

D=2(l;-1,) (1.4)

where [, L, are the maximized log-likelihood function of the saturated model, and the fitted
model respectively. Utilizing the equation (1.3),

l,=c+ Z n(i)logp,(i) = c + Z n(i)log <%> (1.5)

i€l i€l

where N is the number of observations, and

l,=c+ Z n(i) logp,, (i) (1.6)

i€l

By combining (1.4), (1.5), (1.6),



D= 22n(i)log<%) ~ X? (1.7)

i

where,

e n; is the observed count of the i-th cell, and
e (i) is the expected cell count, (i) = Np,, (i).

The deviance can be used to perform hypothesis tests on the model, using the chi-squared
distribution with degrees of freedom k, equal to the difference in dimension between the
saturated model s (the log-linear model with every interaction term) and the alternative
model m (the log-linear model of interest) (Hgjsgaard et al., 2012).

1.2.5 Model Selection

Model selection is important in statistical modeling and data analysis. The purpose of model
selection is to identify the most appropriate model that accurately captures the underlying
patterns and relationships in the data while avoiding overfitting or underfitting.

One way to select the best model among models fitted based on the maximized log-likelihood
function is to apply the Akaike's Information Criterion (AIC), which is defined as

AIC =-2InL + 2d

where,

e [nL is the maximized log-likelihood function and
e d is the number of parameters of the model under consideration.

This criterion is used by calculating and comparing the AIC values for models with different
numbers of variables and selecting the model with the lowest AIC each time, until there is no
other model with a lower AIC value (Kapwvn & Owkovopou, 2017).

In a similar manner to the AIC criterion, we apply the BIC criterion (Bayesian Information
Criterion), which is defined as

BIC = —-2InL+dInN



where,

e [nL is the maximized log-likelihood function,
e d is the number of parameters of the model under consideration and
e N is the number of observations.

As the number of observations approaches infinity, the probability of BIC accurately selecting
the best model increases significantly and tends to one, in contrast to AIC criterion which has
the tendency to favor more complex models in such circumstances (Hastie et al., 2009).



1.3  Gaussian Graphical Models

Gaussian graphical models are statistical models used to represent the conditional
independence relationships among variables in a multivariate Gaussian distribution. These
models are used to analyze continuous data, where the variables follow a multivariate
Gaussian distribution. The graph shows the dependencies between variables, with nodes
representing variables and edges representing conditional dependence relationships. The
edges in a Gaussian graphical model indicate partial correlations, which are the conditional
correlations between variables after accounting for the other variables in the model. Gaussian
graphical models are commonly used in various fields such as statistics, biology, and finance.

1.3.1 Gaussian Graphical Model

The formula of a Gaussian graphical model can be represented using a precision matrix, also
known as an inverse covariance matrix, or a concentration matrix.

Let X = (X1, X>5,..., X}) be a multivariate Gaussian random vector with k variables and let ~
denote the covariance matrix of X. The concentration matrix (2, which is the inverse of X,
represents the conditional independence relationships among the variables in the Gaussian
graphical model.

The density function of X can be expressed as
_k 1 1
f(x)=Q@2n)"2|0]Z exp ~3 (x =™ 20— | ,x €R" (1.8)

where,

e f(x) represents the joint probability density function of the k-dimensional Gaussian
distribution with concentration matrix (2,

. (Zn)_g is a normalization constant,

e || represents the determinant of the concentration matrix 2 (det2 = detX™1),

e u is the k-dimensional vector of means of the Gaussian distribution N(u, X),

e Y isthe k X k covariance matrix of the Gaussian distribution N(y, %),

e (x — w7 is the transpose of (x — u), and

o (x—wT2(x — p) is the quadratic form of (x — u) with respect to the concentration
matrix (2,

(Maathuis et al., 2018)
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In a Gaussian graphical model, the partial correlations between variables can be obtained
from the elements of the concentration matrix (2,

Wy ..
pij | V\{i,j} = —W ) lL,] = 1,2, ,k (19)
iijj
where,

* Dij|v\{j represents the partial correlation between X; and X;j, given all the other
variables in set of nodes VV except i and j,
e w;; refers to the element located in the i-th row and j-th column of the matrix £2.

A zero entry in {2 indicates conditional independence between the corresponding variables,
while a non-zero entry indicates a conditional dependence.

The graphical structure of such a model, can be inferred from the sparsity pattern of the
precision matrix {2, where non-zero entries in {2 correspond to edges between variables in the
graphical model.

To provide better clarity, we will give an example.

Suppose we have three continuous variables X, Y and Z, and let the precision matrix to be,

Wyy Wyy 0
Wzx 0 Wzz

N= (1.10)

Wyy Wyxy wXZ]

Based on this concentration matrix (1.10), and the conditional independence relationships
described earlier, it can be concluded that there is a conditional independence relationship
between the variables Y and Z, as wy; = wzy = 0.

If we consider each variable as a node and each edge as a partial correlation between the two
variables it connects, the graph of this Gaussian graphical model illustrates the conditional
dependence relationships among the variables. It's important to note that the partial
correlation reflects the conditional correlation between two variables after accounting for the
other variables in the model. Figure 3 displays the graph corresponding to the model having
the concentration matrix as presented in equation (1.10).

11



Figure 3: Undirected graph of a Gaussian graphical model.

1.3.2 Log-Likelihood

In a Gaussian graphical model, the log-likelihood function is used to estimate the parameters
of the model. The log-likelihood function is the natural logarithm of the joint probability
density function of the multivariate Gaussian distribution. The joint probability density
function is a function of the mean vector y and the concentration matrix (2.

By utilizing equation (1.8), the log-likelihood function is given by,

n

L(u,2) = -3

n n n
klog2m + ElogI.QI - Etr(S.Q) - E(f -G - (111

where,

e 7 is the number of observations,
e || denotes the determinant of the concentration matrix (2,
e Sis the sample covariance matrix,

s =%i(xi-f) (xi— %)

, and X the sample mean,

e tr(50) denotes the trace of the product of S and /2.
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The maximized log-likelihood function is obtained by maximizing the log-likelihood function
(1.11) with respect to the parameters u and 2. The maximization occurs at

(1.12)

=>
Il
x|

and as the matrices £ and S have different entries where w;j = 0, we can deduce the
following result,

tr(2s) =tr(28) =k. (1.13)

By substituting equations (1.12) and (1.13) into equation (1.11), we obtain,
= —2klog2m +21 12| Dk (1.14)
= —5klog2m + - log > )

(Edwards, 2000).

1.3.3 Goodness of fit

The deviance of a Gaussian graphical model is a measure of the goodness of fit of the model.
It is calculated as the difference between the estimation of the maximized log-likelihood of
the saturated model and the estimation of the maximized log-likelihood of a reduced model.

The formula for the deviance of a Gaussian graphical model is,

~ ~

D=2(I,-I,) (1.15)

where [, 1, are the maximized log-likelihood function of the saturated model, and the
reduced model respectively.

Utilizing equation (1.14), the estimation of the log-likelihood of the saturated model is,
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I, = —Zklog2m — ~log|S| — ~k (1.16)
s = —5klog2m —Zlog > :

where log|2| = —log|Z| = —log|S| which is the sample covariance matrix of the data.

Similarly, the estimation of the log-likelihood of the reduced model is,
i =—Zklog2m — =1 12| Dk (1.17)
m = —5klog2m — - log k- .

By combining equations (1.15), (1.16) and (1.17), we obtain,

12|

SR (1.18)

D =nlog

To further discuss the deviance, it has the potential to be utilized for the likelihood ratio test,
which compares two nested models, one of which is a simplified or reduced version of the
other. In the case of Gaussian graphical models, the LRT can be utilized to determine if a more
intricate model with more edges (i.e., more nonzero elements in the concentration matrix)
provides a better fit to the data than a simpler model with fewer edges.

The LRT statistic is based on the difference in deviance between the two models. From
equation (1.18), it can be expressed as,

|0l

= ~ X?
4]

LRT = nlog 5

where £, and £, represent the estimation of the covariance matrix of the simpler M, and
more complex M; model, respectively.

The LRT statistic follows a chi-square distribution with degrees of freedom equal to the
difference in the number of parameters between the two models. A large LRT value suggests
that the more complex model fits the data significantly better than the simpler model, while
a small value indicates that the simpler model is sufficient (Hgjsgaard et al., 2012).
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1.3.4 Model Selection

As stated earlier, the significance of model selection lies in its ability to determine the most
suitable model for a given dataset. Through the comparison of various models, we can
determine the one that exhibits the best fit to the data and offers the most accurate
predictions. This process simplifies the model by eliminating redundant variables. This
enhances interpretability and reduces the potential for overfitting.

For selecting the best Gaussian graphical model, we employ the AIC and BIC criteria, which
are also used in log-linear models.

The AIC (Akaike's Information Criterion) value is given by the equation,

AIC =—-2InL + 2d,

while the BIC (Bayesian Information Criterion) value is determined by

BIC =—-2InL+dInN

where,

e [nL is the maximized log-likelihood function,
e d is the number of parameters of the model under consideration and
e N is the number of observations.

When comparing multiple models, the models with lower AIC values are preferred. A lower
AIC indicates a better trade-off between model fit and complexity. Thus, the model with the
lowest AIC is considered the best model among the alternatives.
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1.4  Mixed Interaction Models

Mixed interaction models are statistical models that combine both categorical and continuous
variables to capture complex relationships between variables. These models are often
represented using undirected graphical models, which provide a visual representation of the
categorical associations and continuous dependencies between variables. By incorporating
categorical and continuous variables, mixed interaction models combine the strengths of both
log-linear and Gaussian graphical models.

1.4.1 Mixed Interaction Model

Let D = (D4, D,,...,D;) be d discrete variables and C = (C,C,,...,C,) be ¢ continuous
variables of a dataset IV of N observations. Furthermore, let I be the set of all possible
combinations of values for the discrete variables. A cell of I is denoted as i = (i, iy,...,i4)
and it is an observation of the values of the discrete variables, where i; is the value of the j-
th variable in the cell. An entire row in the dataset (observation) is denoted as (i,y) =
(i, i ey ig, V1, Va2, s Vo). Additionally, the multivariate Gaussian distribution N(u;, %)
represents the conditional distribution of the continuous variables C, when the discrete
variables D are restricted to fall within a particular cell i.

The density function, also known as Conditional Gaussian density, can be expressed as
. _c _1 1
fG@y) =pi2m)"2det) Zexp | —5 (v — ) 27y — ) (1.19)

where,

e f(i,y) represents the density function, which calculates the probability density of the
continuous variables C given the discrete variables D falling in cell i,

e p; is the probability of the discrete variables falling in cell i,
1
e (2m) 2 is anormalization constant,

e yrepresents the vector of continuous variables,

e u; represents the mean vector associated with cell i. It denotes the expected values of
the continuous variables given the discrete variables falling in that cell, and

e ) represents the covariance matrix,

(Wermuth & Lautitzen, 1990).
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A key observation here is that, unlike the mean y; of the multivariate Gaussian distribution,
the covariance matrix 2 remains constant and does not vary with different values of discrete
variables. This property characterizes these models as homogeneous.

The Conditional Gaussian density function can also be expressed using equation (1.20). The
parameters (p;, i;, 2) presented in equation (1.19) are referred to as moment parameters,
and they can be converted into canonical parameters (g;, h;, K) by utilizing formulas (1.21),
(1.22), and (1.23).

1
fG,y) = exp (gi +hiy - EyTKy) (1.20)
c 1 1 ..
g; = log(p;) — Elog 21w — Elog detX — S Hi 2y (1.21)
h =27ty (1.22)
K=31 (1.23)

By utilizing the canonical parameters (g;, h;, K), the formula for the mixed interaction model
consists of a generating class G, which is divided into three distinct components. Each
generator in class G is denoted as (a,b) € G, where a € G N D represents the discrete
variables and b € G N C represents the continuous variables (Hgjsgaard et al., 2012).

Table 1 presents the three components of the model (discrete, linear, quadratic), along with
the corresponding canonical parameter formulas, as well as the generators of the model.
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Model component Canonical parameter formula Generator

Discrete 9i = Z Yi, max({a|(a,b) € G})
(a,b)eG
Linear h; = z h, max({a | (a, b) € C Ac € b})
(a,b)EG
kC1C1 kclcn
Quadratic K = : : ({b|(a,b) € G})
kcnc1 kcncn

Table 1: Mixed interaction model's formula

To provide better clarity, we will give an example.

Suppose we have four variables, two continuous C;, C, and two discrete variables D;, D,. Let
Figure 4 be a graph and formula (1.24) its corresponding model formula.

Dy G
@@

Figure 4: Mixed Interaction Model Graph

D, * Dy % Cy + Dy * G (1.24)

The model formula (1.24) is a summation of two terms, which are the generators of the
generating class G.

G ={(Dy * D, * C,),(Dy * C, )}

18



The first component of the model is called discrete, and it is generated by considering the
maximal set of discrete variables within the generating class G. The first generator D; * D, *
C, gives the set of discrete variables (D,, D,), while the second generator D; * C; yields the
set (D,). The appropriate set for the discrete generator is the maximal set among these two
sets. Thus, the first set is the correct choice.

The second component is referred to as linear, and it is determined by the maximal set of
discrete variables from the generating class G for each continuous variable. In this case, we
obtain the set (D,) from the first generator, and the set (D;, D,) from the second generator.

Finally, the third component of the model, known as quadratic, is the sets of the continuous
variables belonging to the generating class G. The set of continuous variables obtained from
the first generator is (C,), while the set derived from the second generator is (C;).

Table 2 summarizes the results.

Model component Canonical parameter formula Generator

Discrete gi=u+up +uw?+ut??  {(Dy, Dy}
Linear hfl —vt v'?ll D)}
hic2 = v+ vt + leZ + vfﬁDz {(D1,D,)}
q kC1C1 0
Quadratic K={"9" & {(C1), (C)}
Ca2Co

Table 2: MIM's formula Example
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1.4.2 Log-Likelihood

In a mixed interaction model, the likelihood function represents the probability of observing
the given data under the assumed model. The maximum likelihood estimation approach is
used to estimate the moment parameters (p;, 4;, 2), which characterize the model. These
parameters offer the best explanation for the observed data. The MLE procedure considers
both the categorical and continuous variables, effectively capturing their complex interactions
and dependencies.

By utilizing equation (1.19), the log-likelihood function is given by,

C 1 1
logf(i,y) = logp; — 7 log2m — 7 logdet X — 7 (G-w)"27 (y—u)) (1.25)

The maximized log-likelihood function is obtained by maximizing the log-likelihood function
(1.25) with respect to the parameters i and y. The maximization occurs at

Ly
= 1.26
P=y (1.26)
fi =y (1.27)
~ n;S;
S=5= Z ct 1.28
N (1.28)

By simplifying and substituting equations from (1.26) to (1.28) into equation (1.25), we
obtain,

. ny 1 1 1
[ =Znilog(ﬁ)—§NC loan—ENlogdetZ—ENc (1.29)

i

(Hgjsgaard et al., 2012).
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1.4.3 Goodness of fit

The deviance of a mixed interaction model is a measure of the goodness of fit. It is calculated
as the difference between the estimation of the maximized log-likelihood of the saturated
model and the estimation of the maximized log-likelihood of a reduced model. The deviance
is important in model selection and evaluation within the framework of mixed interaction
models. A low deviance value is desired, as it indicates a better fit of the model to the data.

The formula for the deviance of a mixed interaction model is,

N N

D=2(l;-1,) (1.30)

where [, [,,, are the maximized log-likelihood function of the saturated model, and the
reduced model respectively.

Utilizing equation (1.29), the deviance formula (1.30) takes the form,

D=2 z n; log (%) — Nlogdet(S£~1) + N(tr(s£71) — ¢)
: i
l

+Zni()_’i — )5 (F - ) (1.31)
i

(Hgjsgaard et al., 2012).
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1.4.4 Model Selection

Model selection is an important aspect of statistical analysis. It can help us to determine the
most appropriate model for a given dataset. By evaluating and comparing different models,
we can find the one that demonstrates the strongest alignment with the data and provides
the most reliable predictions. The selection process simplifies the model by eliminating
variables, resulting in improved interpretability and reduced risks of overfitting. In the context
of mixed interaction models, the criteria AIC and BIC can be utilized. These criteria serve as
valuable tools for evaluating the goodness of fit and complexity of models.

As already stated in paragraph 1.3.4, the AIC (Akaike's Information Criterion) value takes the
following form,

AIC =-2InL + 2d,

while the BIC (Bayesian Information Criterion) value is obtained through the equation,

BIC =—-2InL+dInN

where,

e [nL is the maximized log-likelihood function,
e d is the number of parameters of the model under consideration and
e N is the number of observations.

As previously mentioned, during the comparison of multiple models, those with lower AIC or
BIC values are selected. Generally, a lower value signifies a balance between model fit and
complexity. Thus, the model that exhibits the lowest AIC or BIC is regarded as the best choice
among the available alternatives.

22



23



Chapter 2- Directed Graphical Models

In this chapter, we will introduce chain graph models, an important subset of directed graphs.
Directed graphical models serve as valuable tools for representing and analyzing complex
dependencies. In particular, chain graph models find their strength in cases where variables
can be grouped into distinct blocks. The features that set them apart are their reliance on the
ordering between the distinct blocks of variables, while they do not permit ordering within
each of these blocks.

2.1 Chain Graph Models

Chain graph models are graphical models that represent conditional dependencies between
variables using a graph structure. These models allow for both directed and undirected edges,
capturing a more flexible range of relationships. An additional feature of these models is that
they can be used when the given dataset consists of both continuous and discrete variables.
They have various applications in fields such as genetics and social sciences.

2.1.1 Chain Graph Model

Figure 5 provides a simple example of a chain graph model consisting of two blocks. Similarly,
to undirected graphical models, each variable of the model is represented by a circle or node.
The connections among the nodes are represented by edges providing a clear visualization of
the conditional relationships between the variables. By analyzing and interpreting the edges,
we can gain insights into the potential influence of one variable on another.
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Block 1 Block 2

>

Figure 5: Chain Graph Model

To construct a chain graph, we utilize a block grouping mechanism. Variables are divided into
different blocks based on their role in the model. Within each block the variables are
considered concurrent, and each variable is regressed on all the variables which belong to all
blocks located to the right. In Figure 5, variables B, C, X belong in block 2, thus they are
concurrent, and variable A, which belongs in block 1, is regressed on all previous variables
(the variables belonging to all prior blocks), B, C, X.

Furthermore, the block located to the left of the chain graph contains the purely response
variables, while the block located to the right contains the purely explanatory variables. All
the intermediate variables belong to the in between blocks.

It is important to mention that valuable information is provided not only by present, but also
by missing edges. The absence of an edge between two variables indicates their conditional
independence.

2.1.2 Density Function

In a chain graph model, the joint density function is factorized based on the connected
components of the underlying graph. The connected components of such a graph are the
subgraphs which remain after eliminating all arrows (directed edges) of the initial graph.

Consider a graph of a chain graph model, and a set of its connected components g1, g2, -, Gn-
The joint density function is given by the following formula,

f= ﬁ fai1g>i
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where,

* fy,1g>i represents the conditional density function of the variables in the connected
component g; given all previous connected components g;, for j > i.

(Wermuth & Sadeghi, 2012).

It is worth highlighting that the form of the conditional density function depends on the type
of variables involved in the model and each connected component (continuous, discrete), as
well as the modeling assumptions (Cox & Wermuth, 1993).

2.1.3 Model Selection

The process of selecting the most appropriate model is crucial, as it allows us to identify the
model which best aligns with the dataset and as a result it can provide more accurate
predictions. By thoroughly evaluating and comparing various models, redundant variables are
removed of the studied model, offering on one hand better interpretability, and on the other
hand minimized overfitting risk. Similar to the prior models discussed, in the case of chain
graph models we can also utilize the model selection criteria AIC and BIC.

The AIC (Akaike's Information Criterion) criterion retains the form,

AIC =—-2InL + 2d,

And corresponding formula of the BIC (Bayesian Information Criterion) criterion is,

BIC =—-2InL+dInN

where,

e [nL is the maximized log-likelihood function,
e d is the number of parameters of the model under consideration and
e N is the number of observations.

As stated earlier, the objective is to identify the model that exhibits the lowest value in either
of these two criteria.
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Chapter 3- Data Analysis

In this chapter, we perform statistical data analysis using R. We focus on a specific dataset,
and we utilize it to apply three different techniques to study and compare their results. First,
an undirected Gaussian graphical model is applied to the dataset, then a mixed interaction
model is employed, and finally, we conduct statistical analysis using a chain graph model.

3.1 Dataset Presentation

In this thesis, we conducted an analysis of post-COVID data obtained from a study following
patients who were hospitalized for COVID-19 in Italy. This survey was carried out in the year
2021. The dataset comes from the research grant entitled "Multidimensional statistical
analysis of databases relating to patients affected by "long-Covid" in order to characterize
their manifestations, identify their risk factors and identify their therapeutic trajectories.",
which was provided and funded by the University of Perugia, in Italy. The primary objective of
this study is to investigate and gain insights into the long-term predictors of the health
consequences of this disease. The dataset used in this analysis consists of 108 observations
and 106 variables, providing information for our investigation.

The survey included various types of data,

e Demographic data: Age, gender

e Anthropometric data: Height, weight, body circumference (arm, waist, hip, neck)

e Symptoms: Fatigue, rash, sleep, diarrhea, etc.

e Medical history & treatments: Diabetes, insulin, etc.

e Hospitalization data: Admission, follow-up visit, respiratory support, etc.

e Habits: Smoking

e Laboratory data: Blood sample (Ferritin, DDIMER, fibrinogen, etc.)

e Pulmonary & cardiac function: CT scan, spirometry, echocardiogram, etc.

e Cardiorespiratory test: the ratio of minute ventilation to carbon dioxide production,
Lactate threshold, etc.

e Psychological data: stress, depression, etc.

Given the extensive number of variables compared to the number of observations, a selection
process was needed to focus on the most important factors. We identified and prioritized the
most relevant variables from the above data categories. This approach ensures that our
analysis is able to capture the essential aspects of the study. The selected variables are
presented in Table 3.
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Explanatory Variable Description Source Data
kg Anthropometric
m? data

BMI Continuous Body mass index (kg)

Duration between the patient’s

TIME_UNTIL_FOLUP  Continuous discharge and the follow-up Hospitalization

visit (days) data
AGE Continuous Patient’s age (years) Demographic data
. 1: Female .
GENDER Categorical 5 Male Demographic data
. 1: Nonsmoker .
SMOKING Categorical Health Habit data
2: Smoker

Response Variable

Ratio of minute ventilation to Cardiorespiratory

E. 2.SLOPE i .. .
VEVCO2.5LOP Continuous carbon dioxide production test
Cardi irat
V02 Continuous | maximal oxygen consumption teft lorespiratory
. Cardiorespiratory
LT Continuous Lactate threshold
test
. in1
FEV1 Continuous Max exhaled air v9|ume |.n Spirometry test
second after max inhalation
FERRITIN Continuous = Cellular iron-storing protein Laboratory data
DDIMER Continuous | Blood clotting test Laboratory data

Impact of Event Scale-Revised
Self-assessment of post-
traumatic stress symptom
severity
Self-assessment
1: Normal
2: Moderate
3: Severe
Intensive Care Unit
ICU Categorical 1:No
2: Yes
Self-assessment
FATIGUE Categorical | 1: No Symptoms
2: Yes
High Resolution Computed
Tomography
HRTC Categorical 1: Normal CT scan
2: Lesions
3: Severe Lesions
1: merge HRTC’s categories
2: HRTC’s NAs

IES.R.TOTAL Continuous Psychological data

DEPRESSION Categorical Psychological data

Hospitalization
data

HRTC_2cat Categorical CT scan

Table 3: Post-Covid Dataset
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3.2  Preprocessing Data
3.2.1 Create New Variables

By utilizing R and the given initial dataset we created the explanatory variables AGE, BMI and
TIME UNTIL_FOLUP, as well as the response variable HRTC_2cat. These variables were
created as they often appear to be important in various research.

e The explanatory variable AGE was derived by calculating the difference between each
patient's admission date to the hospital and their birth date.

e For the BMI variable, we used the available data on the patients' weight and height in
the formula,

Weight (kg)
Height? \m?

e Thevariable TIME_UNTIL_FOLUP was created by calculating the interval between the
admission date to the hospital and the subsequent date of the follow-up visit.

e The response variable HRTC_2cat was determined by the given variable HRTC. By
merging HRTC’s three categories into one, we created HRTC_2cat’s first category, and
the second category of HRTC_2cat consists of all HRT C’s missing values.

3.2.2 Define Subsets of Data

It is important to mention that for research purposes in each technique we used a slightly
different subset of the variables shown in Table 3. The following Tables 4,7 and 10 present
these subsets. Along with them, we provide Tables 5, 8 and 11 giving information about the
dimensions of each dataset, the missing values, and the duplicated rows. Additionally, we
present Tables 6,9 and 12 with a more detailed exploration of the missing values for each
variable.
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UNDIRECTED GAUSSIAN GRAPHICAL MODEL

Explanatory Variable | Type Description Source Data
Anthropometric
BMI Continuous = Body mass index (k—i) P '
m data

Duration between the patient’s
TIME_UNTIL_FOLUP  Continuous discharge and the follow-up
visit (days)
Continuous Patlent S age (years) Demographic data

Response Variable

VE.VCO2.SLOPE Continuous Ratio of minute ventilation to Cardiorespiratory

Hospitalization
data

carbon dioxide production test
Cardiorespirator
V02 Continuous = maximal oxygen consumption test ! P! i
. Cardiorespiratory
LT Continuous = Lactate threshold tost
. Max exhaled air volume in 1 .
FEV1 Continuous second after max inhalation Spirometry test
FERRITIN Continuous = Cellular iron-storing protein Laboratory data
DDIMER Continuous Blood clotting test Laboratory data

Impact of Event Scale-Revised
Self-assessment of post-
traumatic stress symptom
severity

IES.R.TOTAL Continuous Psychological data

Table 4: Dataset subset - Undirected Gaussian Graphical Model

Rows Columns Missing values Duplicated rows

108 10 181 2

Table 5: Dataset basic information - UGGM

Variable Type Na count Na %
AGE numeric 2 1.85%
BMI numeric 12 11.11%
TIME_UNTIL_FOLUP numeric 13  12.04%
DDIMER numeric 28  25.93%
FERRITIN numeric 17 15.74%
FEV1 numeric 17 15.74%
V02 numeric 23 21.3%
VE.VCO2.SLOPE numeric 23 21.3%
LT numeric 22 20.37%
IES.R.TOTAL numeric 24 | 22.22%

Table 6: Missing values information for each variable - UGGM
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MIXED INTERACTION MODEL

Explanatory Variable | Type Description Source Data
Anthropometric
BMI Continuous = Body mass index (k—i) P '
m data

Duration between the patient’s

TIME_UNTIL_FOLUP  Continuous discharge and the follow-up  o-Pitalization

visit (days) SEiE
AGE Continuous = Patient’s age (years) Demographic data
1: Female
ENDE i D i
GENDER Categorical 5 Male emographic data
. 1: Nonsmoker .
SMOKING Categorical Health Habit data
2: Smoker

Response Variable

VE.VCO2.SLOPE Continuous Ratio of minute ventilation to Cardiorespiratory

carbon dioxide production test
Cardi irat
V02 Continuous maximal oxygen consumption t:srt lorespiratory
. Cardiorespiratory

LT Continuous = Lactate threshold test
FEV1 Continuous Max exhaled air v9|ume !n 1 Spirometry test

second after max inhalation
FERRITIN Continuous = Cellular iron-storing protein Laboratory data
DDIMER Continuous Blood clotting test Laboratory data

Impact of Event Scale-Revised
Self-assessment of post-
traumatic stress symptom
severity

IES.R.TOTAL Continuous Psychological data

Table 7: Dataset subset - Mixed Interaction Model

Rows Columns Missing values Duplicated rows

108 12 195 2

Table 8: Dataset basic information — MIM
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Variable Type Na count Na % \

AGE numeric 2 1.85%
BMI numeric 12 11.11%
TIME_UNTIL_FOLUP numeric 13  12.04%
GENDER factor 0 0%
SMOKING factor 14  12.96%
VO2 numeric 23 21.3%
DDIMER numeric 28 | 25.93%
FERRITIN numeric 17  15.74%
FEV1 numeric 17 15.74%
IES.R.TOTAL numeric 24 | 22.22%
VE.VCO2.SLOPE numeric 23 | 21.3%
LT numeric 22 | 20.37%

Table 9: Missing values information for each variable — MIM
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CHAIN GRAPH MODEL

Explanatory Variable | Type Description Source Data
Anthropometric
BMI Continuous = Body mass index (k—i) P '
m data

Duration between the patient’s

TIME_UNTIL_FOLUP  Continuous discharge and the follow-up it artion

visit (days) SEiE
AGE Continuous = Patient’s age (years) Demographic data
1: Female
ENDE i D i
GENDER Categorical 5 Male emographic data
. 1: Nonsmoker .
SMOKING Categorical Health Habit data
2: Smoker

Response Variable

Cardiorespiratory

V02 Continuous = maximal oxygen consumption test
FEV1 Continuous Max exhaled air v9|ume |.n 1 Spirometry test
second after max inhalation
DDIMER Continuous ' Blood clotting test Laboratory data
Self-assessment
DEPRESSION Categorical ; Il:l/l(:)r;ne?'l\te Psychological data
3: Severe
Intensive Care Unit e
ICU Categorical  1:No Hospitalization
data
2: Yes
Self-assessment
FATIGUE Categorical 1:No Symptoms
2: Yes
High Resolution Computed
Tomography
HRTC Categorical = 1: Normal CT scan
2: Lesions
3: Severe Lesions
HRTC_2cat Categorical 1: merge HRTC's categories CT scan

2: HRTC’s NAs

Table 10: Dataset subset - Chain Graph Model

Rows Columns Missing values Duplicated rows‘

108 13 199 2

Table 11: Dataset basic information — CGM
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Variable Type Nacount Na% \

GENDER factor 0 0%
ICU factor 12 11.11%
SMOKING factor 14 12.96%
AGE numeric 2 1.85%
BMI numeric 12 11.11%
TIME_UNTIL_FOLUP | numeric 13 | 12.04%
FATIGUE factor 14 12.96%
DEPRESSION factor 24 | 22.22%
HRTC factor 40 37.04%
HRTC_2cat factor 0 0%
VO2 numeric 23 | 21.3%
FEV1 numeric 17 | 15.74%
DDIMER numeric 28 | 25.93%

Table 12: Missing values information for each variable — CGM

3.2.3 Dealing with Missing Values

To handle missing values in all three sub datasets, we followed an approach which involves
two steps.

The first step is filtering the dataset. With the help of R, firstly we identify and then remove
the rows which have a high percentage of missing values, specifically those with less than 70%
of complete values. This step reinforces the reliability of the remaining data for a meaningful
analysis.

The second step is filling in the rest of the missing values in the dataset. We use the function
knnimputation() which performs the k-nearest neighbors (KNN) algorithm. This algorithm
takes into consideration the values of neighboring data points (the default number of
neighbors is 10) and imputes the missing values based on them. The imputation based on the
complete observations maintains the integrity and completeness of the dataset.

This approach provides us with an appropriate dataset for analysis and modeling.

3.2.4 Preliminary Analysis

Before we delve into the applications of graphical model techniques, a preliminary analysis
will be conducted. The following analysis centers on the pairwise examination of the variables
listed in Table 3. The analysis’s steps are presented in Table 13 and through them we can
gain insights into the relationships and dependencies between variables.
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Response Quantitative Qualitative

Covariate
1. Scatter plots 1. Box plots (y axis:
® y axis: response var covariate, x axis:
e X axis: covariate response var)
e nonparametric regression 2. Comparison: Density
line plots
2. Cause-effect relationship e if Gaussian and
t-test Simple Linear Regression o 2groups:
e what is the effect of Independent t-
covariate on response? test
3. Spearman’s Correlation test: O 3+ groups:
rank-based non-parametric ANOVA
Quantitative correlation that does not depend ¢ If not Gaussian and
on the distribution of the data o 2 groups:
(avoid the effect of outliers) Wilcoxon rank-
e How are response var and sum (Mann-
covariate related? Whitney U)
o 3+ groups:
Kruskal-Wallis
test

e |s there a difference
between response’s
groups based on
the covariate?

1. Box plots (y axis: response var, x 1. Bar plots
axis: covariate) 2. Correlation: Chi square
2. Comparison: Density plots test of independency
e if Gaussian and (non-parametric)
o 2 groups: Independent e How are response
t-test var and covariate
o 3+ groups: ANOVA related?

o What is the difference in
response for patients
from different
Qualitative covariate’s groups?
e If not Gaussian and
o 2 groups: Wilcoxon
rank-sum (Mann-
Whitney U)

o 3+ groups: Kruskal-
Wallis test

o lIs there a difference
between covariate’s
groups based on
response?

Table 13: Pairwise Preliminary Analysis
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3.2.4.1 Quantitative explanatory variables vs Quantitative Response variable

1. Scatter plots

e |Is the non-parametric regression line close to linear? Is the slope positive, negative,

or close to zero?
e The blue line represents the non-parametric regression line.

quant_response

Scatter plot of Quantitative response variables vs the Quantitative covariate AGE

BMI DDIMER
3000~ 1500

2000 - . 1000~

1000 -

FEV1 IES.R.TOTAL

100 -

FERRITIN

LT

Figure 6: Scatter plots of Quantitative response variables vs the covariate AGE
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Scatter plot of Quantitative response variables vs the Quantitative covariate BMI
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Figure 7: Scatter plots of Quantitative response variables vs the covariate BMI
Scatter plot of Quantitative response variables vs the Quantitative covariate TIME_UNTIL_FOLUP
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Figure 8: Scatter plots of Quantitative response variables vs the covariate TIME_UNTIL_FOLUP
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Results

Table 14 presents three columns, one for each explanatory variable, and the rows show
the response variables that appear to have linear relationship with the corresponding
covariate based on Scatterplots in Figures 6,7 and 8.

The symbol “ + ” means that the non-parametric regression line has a positive slope and
“ — " indicates a negative slope.

AGE BMI TIME_UNTIL_FOLUP |
V02 -VO02 +V02

- FEV1 + DDIMER - VEVCO2.SLOPE

+1T - FEV1 +FEV1

+ DDIMER ' + VEVO2.SLOPE = +LT

Table 14: Scatterplots' comments

2. Simple Linear Regression t-test
e What is the effect of the covariate on the response variable?
o If Puawe < 0.05, then we reject the Hy: f = 0. This indicates that the covariate’s
value does not affect the value of the response variable.

e InTable 15 we present the p,qe fOr each t-test.

AGE p-value BMI p-value TIME_UNTIL_FOLUP p-value
Vo2 0.004 VO2 <0.001 V02 0.11

LT 0.005 LT 0.7 LT 0.071
FEV1 <0.001 FEV1 0.4 FEV1 0.2
FERRITIN 0.9 FERRITIN 0.8 FERRITIN 0.8
DDIMER 0.009 DDIMER 0.2 DDIMER 0.4
IES.R.TOTAL 0.7 IES.R.TOTAL 0.2 IES.R.TOTAL 0.5
VE.VCO2.SLOPE 0.8 VE.VCO2.SLOPE >0.9 VE.VCO2.SLOPE 0.4

Table 15: t-test results
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3. Spearman’s Correlation test: rank-based non-parametric correlation
e How are response variable and covariate related?
e Significance level 0.2

o
=
o I
) 093 e
S Qo z 5
> 8 E 4=
_ g > o = % % %
= = g 9 i i ™ a w
0.37
AGE ~0.38 0.30
0.29
BMI -0.45
F0.21
TIME_UNTIL_FOLUP
F0.12
VE.VCO2.SLOPE -0.26 ~0.31 0.24 || Looa
VO2 0.37 0.0
LT -0.29 -0.12
FEV1 ~0.24| %
0.28
FERRITIN
0.37
DDIMER
0.45

Figure 9: Correlation matrix
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Summary

In Table 14, we present the pairs (covariate, response) that occur to have a “strong”
relationship in the Scatter plots, the t-test and the Spearman’s correlation test (in all three).

The symbol “ + ” at the front of the response variable means that as the value of the covariate
increases the value of the response variable increases too, while the symbol “ —” indicates
that as the value of the covariate increases the value of the response variable decreases.

AGE BMI  TIME_UNTIL_FOLUP |
V02 V02 +LT

+ LT

-FEV1

+ DDIMER

Table 16: Results Quantitative explanatory variables vs subset Quantitative Response variable.

41



VE.WCO2.SLOPE

FEV1

3.2.4.2 Qualitative explanatory variables vs Quantitative Response variable

45

40

35

30

25

20

L]
— o
I
1 —_—
| |
I I
I I
I
I
I
I
I
| |
I I
I I
I I
I
I
I
—_l]
o
T T

GENDER #in1:31,#in2:77

_ —
T T
1 2

GENDER #in1:31,#in2:77

Vo2

FERRITIN

15 20 25 30

10

1200

200 400 600 800

0

1. Box plots (y axis: response var, x axis: covariate)

GENDER
8
T T
1 2

GENDER #in1:31,#in2: 77

g
8 l

=
l l
1 2

GENDER #in1:31,#in2: 77

42

LT

DDIMER

0.4 0.5 0.6 0.7

0.3

1500 2000 2500

1000

500

- —T
1 1
1 1
1
1
[
1
1
: i
. :
1
- —
I I
1 2

GENDER #in1:31,#in2: 77

. |
| 1
| e | I—I
l I
1 2

GENDER #in1:31, #in2: 77



08 09 o

™IoL"'s3l

GENDER #in 1: 31, #in2: 77

SMOKING

L0 90 S0 ¥0 €0
11
T T T T
0g Ge 0z Gl 0l
ZON
e *
! I ! ! I !
St o SE oe Se 0e

Ad0TS2OON TN

SMOKING #in 1: 57, #in 2: 37 SMOKING #in1:57,#in 2: 37

SMOKING #in 1: 57, #in 2: 37

43



FEV1

IES.R.TOTAL
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In Table 17, we have two columns, one for each explanatory variable, and the rows present

the response variables that appear to affect the groups of each qualitative covariate based on
the Box plots.

| GENDER  SMOKING
V02 DDIMER
FEV1
FERRITIN
IES.R.TOTAL

Table 17: Boxplots comments
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2. Comparison: Density plots & Shapiro-Wilk test
e Shapiro-Wilk test: p_value < 0.05 implies that the distribution of each group’s

data is significantly different from the normal distribution.

Density Plots

GENDER
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0.075-

GENDER

GENDER
Fernale
Male
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2 Female £
3 5
a Male [al
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Z‘C 3‘C 4‘0 1 1 ZIU 2‘5 0
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GENDER GENDER

= Z0.0050-

2 Female 3 Female

o O

o Male Q Male

0.001-
0.0025-
0.000 0.0000~-
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SMOKING
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Summary

In Table 6, “YES” indicates that the pairwise data for both groups of each covariate (group
covariate, response) follow the Gaussian distribution and “NO” otherwise.

For example, the covariate GENDER has two groups (1: Female, 2: Male). The cell (GENDER -
Gaussian, VO2) has the label “YES”. This means that the pairwise data (group 1 from GENDER,
VO2) AND (group 2 from GENDER, VO2) follow the Gaussian distribution. If at least one of
them did not, then the label of the cell would be “NO”.

\ Quantitative Response GENDER - GAUSSIAN SMOKING - GAUSSIAN

VE.VCO2.SLOPE YES YES
V02 YES YES
LT YES YES
FEV1 NO YES
FERRITIN NO NO
DDIMER NO NO
IES.R.TOTAL NO NO

Table 18: Shapiro-Wilk test results

¢ if Gaussian and
o 2groups
Independent t-test
Poatuwe < 0.05 implies that the means of the two groups are different.

GENDER p-value SMOKING p-value
VE.VCO2.SLOPE 0.126  VE.VCO2.SLOPE 0.449
V02 <0.001 V02 0.321
LT 0.009 LT 0.420
FEV1 0.204

Table 19: Independent t-test results
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¢ |f not Gaussian and
o 2 groups: Wilcoxon rank-sum (Mann-Whitney U)
o lIsthere a difference between covariate’s groups based on response?
O Poatue < 0.05 implies that the medians of the two groups are different.

GENDER pvalue SMOKING  pvalue \
FEV1 <0.01 FERRITIN 0.645
FERRITIN <0.01 DDIMER 0.210
DDIMER 0.77 IES.R.TOTAL 0.650
IES.RTOTAL <0.01

Table 20: Wilcoxon rank - sum test results

Summary

In Table 21 we present the quantitative response variables (rows) that based on them the
groups of each covariate differ.

GENDER SMOKING

. V02
Covariate groups T
differ based on
. FEV1
Response variable
FERRITIN
IES.R.TOTAL

Table 21: Results Qualitative explanatory variables vs Quantitative Response variable.
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AGE

AGE

3.2.4.3 Quantitative explanatory variables vs Qualitative Response variable

1. Box plots (y axis: response var, x axis: covariate)
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In Table 22, we present the qualitative response variables (rows) that seem to affect the
groups of each quantitative covariate (columns) based on the Box plots.

AGE BwmI TIME_UNTIL_FOLUP

HRTC ICU DEPRESSION
FATIGUE | HRTC
HRTC

Table 22: Boxplots results
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2. Comparison: Density plots & Shapiro-Wilk test

e Shapiro-Wilk test: p_value < 0.05 implies that the distribution of each group’s
data is significantly different from the normal distribution.

Density plot Density plot
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Density

Density plot

Density
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TIME_UNTIL_FOLUP
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Density plot
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Summary

InTable 10, “Yes” indicates that the pairwise data for all the groups of each response variable
(covariate, group of response var) follows the Gaussian distribution and “No” otherwise.

For example, the response variable Fatigue has two groups (1: No, 2: Yes). The cell (Age-
Gaussian, Fatigue) has the label “No”. This means that at least one of the pairwise data (Age,
group 1 of Fatigue), (Age, group 2 of Fatigue) did not follow the Gaussian distribution.

Qualitative response AGE - Gaussian BMI - Gaussian TIME_UNTIL_FOLUP - Gaussian

DEPRESSION No No No
ICU No No No
FATIGUE No No No
HRTC Yes No No
HRTC_2cat No No No

Table 23: Shapiro-Wilk test results
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e if Gaussian and
o 3+ groups: Anova: Pyaie < 0.05 implies that the means of the groups are different.

AGE p-value

HRTC 0.003

Table 24: Independent t-test results

¢ |f not Gaussian and
o 2 groups: Wilcoxon rank-sum (Mann-Whitney U)
o Is there a difference between covariate’s groups based on response?
O Pratue < 0.05 implies that the medians of the two groups are different.

AGE p-value BMI p-value TIME_UNTIL_FOLUP p-value
FATIGUE 0.783 FATIGUE 0.112 FATIGUE 0.363
ICU 0.356 ICU 0.006 ICU 0.634
HRTC_2cat 0.438 HRTC_2cat 0.085 HRTC_2cat 0.671

Table 25: Wilcoxon rank-sum results

o 3+ groups: Kruskal-Wallis test
o lIs there a difference between response groups based on the covariate?
o If Pyatue < 0.05, we reject the hypothesis Hy: the mean ranks of the groups are the

same.
AGE p-value BMI p-value TIME_UNTIL_FOLUP p-value
DEPRESSION  0.984 DEPRESSION 0.330 DEPRESSION 0.763
HRTC 0.338 HRTC 0.015
Table 26: Kruskal-Wallis test results
Summary

In Table 27 we present the qualitative response variables that their groups appear to have
differences based on each covariate.

Response variable BMI TIME_UNTIL_FOLUP
groups differ based on HRTC HRTC  HRTC
Covariate ICU

Table 27: Results Quantitative explanatory variables vs Qualitative Response variable.
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3.2.4.4 Qualitative explanatory variables vs Qualitative Response variable

1. Bar plots & Chi-square test
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Let’s consider the last plot as an example. The bar plot ICU vs SMOKING show us that the
patients who are smokers (SMOKING = 2) have higher likelihood of entering the intensive
care unit (ICU = 2), while the patients who do not smoke (SMOKING = 1) experienced a
decreased likelihood of being admitted to the intensive care unit (ICU = 1).
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2. Correlation: Chi square test of independency (non-parametric)
e How are response var and covariate related?
o If Prame < 0.05, then we reject the Hy: the variables are independent and there is

no relationship between the two qualitative variables.
e |[f two variables are related, the probability of one variable having a certain value is

dependent on the value of the other variable.

In Table 28 we present the results from the Chi-square test. Each column corresponds to a
gualitative explanatory variable and each row to a qualitative response variable. The bold
response variables are those that appear to have a relationship of dependency with the
corresponding covariate.

GENDER pvalue SMOKING pvalue
DEPRESSION 0.013 DEPRESSION 0.018
ICU 0.041 ICU 0.027
FATIGUE 0.557 | FATIGUE 0.280
HRTC 0.574 | HRTC 0.338

HRTC 2cat  0.836 HRTC_2cat  1.000

Table 28: Chi-square test results

Summary
From the Bar-plots and Table 28 we draw the following conclusions.

i. the value for the qualitative response variable DEPRESSION depends on the value of
the qualitative covariate GENDER and SMOKING,

ii. the value for the qualitative response variable ICU depends on the value of the
qualitative covariate GENDER and SMOKING.
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3.3 Undirected Gaussian Graphical Model

We begin by importing into the R environment the dataset from Table 4. This is done with
the help of the function read. xlsx(). We continue by applying the procedure explained in
subchapter 3.2.3 to deal with the missing values.

The analysis starts by studying the relationships among the continuous variables of interest
given in Table 4 with an undirected Gaussian graphical model (UGGM). We used the function
cmod(), where c stands for continuous variables in the model. This function is derived from
the R package gRim.

Next, we perform model selection, which is based on the BIC criterion, using the function
stepwise() and its argument for the penalty parameter k = log(nrow()). In this case, we
prefer BIC over AIC, as is favors a simpler model and consequently makes easier both the
interpretation and representation of the result. Table 29 shows the summary of the saturated
model, while Table 30 presents the summary of the final model after utilizing BIC. As it is
shown, the saturated model has 45 possible edges in total and accounting these only 18 are
present in the BIC’s final output model. In addition, by comparing the two models we observe
that both values of AIC and BIC are decreased.

Saturated Model: 10 continuous variables

-2loglL 6919.73 mdim 55 AIC 7029.73
ideviance # 180.85 | idf 45 | BIC  7170.77
deviance @ -0.00 df 0

Table 29: UGGM - Saturated Model's summary

Final Model: 10 continuous variables

-2loglL 6941.31 mdim 28 AIC 6997.31
ideviance # 159.28 | idf 18 BIC  7069.11
deviance 21.58 df 27

Table 30: UGGM - Final Model's summary

The final step of this analysis is to examine the relationships between the variables. To achieve
this, we calculate the partial correlation matrix through the covariance matrix with the
assistance of the function cov2pcor(). The output is given by Table 31. The signs upon the
edges in Figure 10 are derived from the following partial correlation matrix.
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TIME_ 3

Variable AGE BMI UNTL_ DDIMER FERRITIN Vo2 VCo2.

FOLUP SLOPE
PE3 100 -030 -001 033 005 -0.30 -0.34 0.02 036 -0.22
EIYT 030 100 007 017 001 008 -0.53 -0.09 023 0.10
TIME_
I[BS 001 007 100 -0.10 0.05 008 009 -003 016 -0.09
FOLUP
EOIVEW 033 017 010  1.00 011 009 006 -0.16 -0.07 0.01
005 -0.01 0.05  0.11 1.00  0.02 000 024 -0.02 -0.18
-0.30 0.08 0.08  0.09 0.02 1.00 033 -014 -0.27 -0.24
V02 034 053 0.09 0.6 000 033 1.00 -0.12 041 0.05
VE.
[deyB 002 -0.09 -0.03 -0.16 024 -014 -0.12 1.00 -0.18 0.23
SLOPE
LT 036 023 016  -0.07 -0.02 -027 041 -0.18 100 0.26
IES.
R. 022 010 -0.09  0.01 -0.18 024 005 023 026 1.00
TOTAL

Table 31: UGGM - Partial Correlation matrix

LT TIME_UNTIL_FOLUP

+  FEVI
- - +
- IES.R.TOTAL Lo +
+ \ + +
VE.VCO2.SLOPE - .}-\éE
+ + \
FERRITIN - DDIMER  VO2

.

Figure 10: Undirected Gaussian Graphical model using the dataset from Table 4.
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The following table explains Figure 10.

Variables connected by an edge Sign Interpretation

AGE ~ LT

AGE ~ FEV1

AGE ~ IES.R.TOTAL

AGE ~ BMI
AGE ~ DDIMER

AGE ~ VO2

BMI ~ VO2

BMI ~ LT

LT ~ FEV1

LT ~ VE.VCO2.SLOPE

LT ~ IES.R.TOTAL

LT ~ V02

FEV1 ~ IES.R.TOTAL

FEV1 ~ VE.VCO2.SLOPE

FEV1~ V02

IES.R.TOTAL ~ VE.VCO2.SLOPE

IES.R.TOTAL ~ FERRITIN

VE.VCO2.SLOPE ~ FERRITIN

+

+

As age increases, the lactate threshold also increases.
As age increases, the maximum volume of air exhaled
during the first second after a maximum inhalation
decreases.

Older patients tend to be more depressed after being
hospitalized due to Covid-19.

As age increases, the body mass index decreases.

As age increases, the DDimer value also increases.

As age increases, the maximal oxygen consumption
decreases.

As the body mass index increases, the maximal oxygen
consumption decreases.

As the body mass index increases, the lactate threshold
also increases.

As the lactate threshold increases, the maximum
volume of air exhaled during the first second after a
maximum inhalation decreases.

As the lactate threshold increases, the ratio of minute
ventilation to carbon dioxide decreases.

Patients with an increased lactate threshold value, tend
to be more depressed.

As the lactate threshold increases, the maximal oxygen
consumption also increases.

Patients with a higher maximum volume of air exhaled
during the first second after a maximum inhalation tend
to be less depressed.

Patients with a higher maximum volume of air exhaled
during the first second after a maximum inhalation tend
to have a decrease in the ratio of minute ventilation to
carbon dioxide.

Patients with a higher maximum volume of air exhaled
during the first second after a maximum inhalation tend
to have a higher maximal oxygen consumption.
Patients with higher ratio of minute ventilation to
carbon dioxide tend to be more depressed.

Patients with a higher ferritin value tend to be less
depressed.

Patients with higher ratio of minute ventilation to
carbon dioxide tend to have an increase to the ferritin
value.

Table 32: UGGM interpretation
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3.4 Mixed Interaction Model

We begin by importing into R environment the dataset from Table 7. This is done with the
help of the function read. xlsx(). We continue by applying the procedure explained in
subchapter (3.2.3) to deal with the missing values.

A mixed interaction model (MIM) is applied to analyze the data from Table 7, using the
function mmod(), where m stands for mixed variables (continuous and discrete) in the model.
This function is derived from the R package gRim.

Next, we perform model selection, which is based on the AIC criterion, using the function
stepwise() and its argument for the penalty parameter k = 2. AIC results in the most
appropriate model for the given data. Table 33 shows the summary of the saturated model,
while Table 34 presents the summary of the final model after utilizing AIC. As is shown, the
saturated model has 76 possible edges in total and accounting these only 19 are present in
the AIC’s final output model. In addition, by comparing the two models we observe that both
values of AIC and BIC are decreased.

Saturated Model: 10 continuous variables

-2loglL 4750.51 mdim 98 AIC 4946.51
ideviance | 170.14 | idf 76 BIC 5197.82
deviance @ -0.00 df 0

Table 33: MIM - Saturated Model's summary

Final Model: 10 continuous variables

-2loglL 4828.59 mdim 41 AIC 4910.59
ideviance | 131.11 | idf 19 BIC | 5015.72
deviance 39.04 df 57

Table 34: MIM - Final Model's summary

We continue the analysis by studying the relationships between the variables using the
moment parameters (p;, u;,2) displayed in chapter (1.4.1). Firstly, we investigate the
associations between the numeric variables using the partial correlation matrix derived from
the covariance matrix X (Table 35). Secondly, we examine the relationships between the
numeric and binary variables, by calculating the difference between the means of the groups
(Table 36). Finally, to study the interaction effect of the two binary variables Gender and
Smoking on each numeric variable we compare the difference in means between groups
when one of the two binary variables remains stable while the other one changes its level
(Table 36). The signs upon each edge were assigned according to the above.
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TIME_ IES. VE.

Variable AGE BMI UNTL_ R. VCO2. LT  DDIMER FERRITIN
FOLUP TOTAL SLOPE

PE3 100 -025 000 -047 -042 000 000 044 032 0.00

I 025 100 000 -0.41 000 000 000 022 0.00 0.00

TIME_

I8 000 000 100 000 000 000 000 000 0.00 0.00

FOLUP

V02 -0.47 -041 000 1.00 000 000 -0.14 059 0.00 0.00

042 000 000 000 100 000 000 0.00 0.00 0.00

IES.

R. 000 000 000 000 000 1.00 000 0.0 0.00 0.00

TOTAL

VE.

\[deyl " 000 000 000 -0.14 000 000 1.00 0.0 0.00 0.00

SLOPE

044 022 000 059 000 000 000 1.00 0.00 0.00

[COIYE® 032 000 000 000 000 000 000 000 1.00 0.00

0.00 000 000 000 000 000 000 000 0.00 1.00

Table 35: MIM - Partial Correlation matrix

Variable GI1251' G1252* GIS12° G2512° '"ooi-,
effect

P 209 -1.85 353 3.77 0.24
IV 434 435 021 022 -0.01

0.00 0.00 0.00 0.00 0.00

5.42 538 -052 -0.56  -0.04

FEV1 0.94 0.93 -0.12 -0.13 -0.01

-18.51 -18.51 0.00 0.00 0.00

VE.

VCo2. -1.29 -1.29 0.13 0.13 0.00
SLOPE

007 -007 001 001 0.00
EIYES o006  -005  -017 016 = 0.01

FERRITIN 1.00 1.00 0.00 0.00 0.00

Table 36: MIM - mean differences & interaction effect
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Table 36 columns’ explanation:

1The difference in outcome variable between individuals with Gender=2 (Male) and Gender=1
(Female), holding Smoking constant at its 1 level.

2The difference in outcome variable between individuals with Gender=2 (Male) and Gender=1
(Female), holding Smoking constant at its 2 level.

3 The difference in outcome variable between individuals with Smoking=2 (Smoker) and
Smoking=1 (Nonsmoker), holding Gender constant at its 1 level.

4 The difference in outcome variable between individuals with Smoking=2 (Smoker) and
Smoking=1 (Nonsmoker), holding Gender constant at its 2 level.

> The interaction effect of Gender and Smoking on the numeric variable.

Interaction effect of Gender & Smaking on

0O voz: -
VEVCO2 SLOPE O FEV1: -

O DDIMER: +

Vo2 € BMI
-+
+

LT — + AGE

_(Male) -
+
FEWV1 +(Male)
+(Male)
(Male)
FERRITIN +HMale) GENDER
“(Male)

IES.RTOTAL (Smoken) SMOKING

DDIMER TIME_UNTIL_FOLUP
Block 1 Block 2

Figure 11: Mixed Interaction Model using the dataset from Table 7.

The mixed interaction model presented in Figure 11 consists of two blocks. The first block
includes the response variables, while the second block includes the explanatory variables.

69



The following table explains Figure 11.

Variables connected by an edge Sign Interpretation

As age increases, the lactate threshold also
AGE ~ LT OE

increases.

As age increases, the maximum volume of air

AGE ~ FEV1 - exhaled during the first second after a maximum
inhalation decreases.

AGE ~ DDIMER N As age increases, the DDimer value also
increases.

AGE ~ VO2 i As age |nc'reases, the maximal oxygen
consumption decreases.

BMI ~ VO2 ) As the body mass.mdex increases, the maximal
oxygen consumption decreases.
As the body mass index increases, the lactate

BMI ~ LT .
threshold also increases.

BMI ~ GENDER (Male) Males tend to have lower body mass index
compared to women.

VO2 ~ GENDER +(Male) Males tenf:l to have higher maximal oxygen
consumption compared to women.

GENDER ~ IES.R.TOTAL -(Male) Males tend to be less depressed than women.

GENDER ~ FERRITIN +(Male) Males tend to have higher level of ferritin than
women.
Males tend to have higher maximum volume of

GENDER ~ FEV1 +(Male)  air exhaled during the first second after a
maximum inhalation compared to women.

LT ~ GENDER “(Male) Males tend to have lower lactate threshold
compared to women.

1T~ VO2 As the lactate threshold increases, the maximal
oxygen consumption also increases.

DDIMMER ~ SMOKING (Smoker) Smokers tend to have a decrease to the DDimer
value.
Patients with higher ratio of minute ventilation

VE.VCO2.SLOPE ~ VO2 - to carbon dioxide tend to have a decrease to the

maximal oxygen consumption.

Table 37: MIM interpretation
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3.5 Chain Graph Model

We begin by importing into the R environment the dataset from Table 10. This is done with
the help of the function read. xlsx(). We continue by applying the procedure explained in
subchapter (3.2.3) to deal with the missing values.

A chain graph model (CGM) is applied to analyze the data from Table 10, using the function
coxwer () from the R package gRchain.

Next, we perform model selection, which is based on the BIC criterion, using the function
stepwise() and its default argument for the penalty parameter k = log(nrow()). The
advantage of BIC against AIC is that it favors a simpler model.

A different type of model is fitted for each variable based on its nature.

e An ordinary least squares model is used for continuous variable.
e A binomial logit model is used for binary categorical variables.
e A proportional odds logit model is used for ordinal categorical variables.

The signs assigned to each edge in Figure 12 are derived from the coefficients obtained from
the corresponding fitted models. Table 38 presents the summary of each final model.

Summary for target variable: HRTC_2cat — (binomial logit model)

Model HRTC_2cat ~ SMOKING

Deviance Residuals Min 10 Median 3Q Max
-1.0891 -0.6485 -0.6485 1.2684 1.8235

Coefficients Estimate Std. Error z value Pr(>|t])

(Intercept) -1.4523 0.3349 -4.336 1.45e-05 ***

SMOKING2 1.2409 0.4676 2.654 0.00795 **

Dispersion parameter for binomial family taken to be 1

Null deviance: 115.9 on 95 degrees of freedom

Residual deviance: 108.6 on 94 degrees of freedom

AIC: 112.6

Number of Fisher Scoring iterations: 4

Summary for target variable: VO2 — (ordinary least squares model)

Model VO2 ~ TIME_UNTIL_FOLUP + AGE + BMI + GENDER +
TIME_UNTIL_FOLUP:AGE + TIME_UNTIL_FOLUP:GENDER
Deviance Residuals Min 1Q Median 3Q Max
-9.4358 -1.9962 -0.1612 | 2.0727 | 9.1979
Coefficients Estimate Std. Error tvalue Pr(>|t])
(Intercept) 24.2747093 | 7.0527834 3.442 0.000882 ***
TIME_UNTIL_FOLUP 0.1046366 | 0.0489553 2.137 0.035308 *
AGE 0.0767692 | 0.1095302 0.701 0.485197
BMI -0.3120555 | 0.0637743 | -4.893 4.39e-06 ***
GENDER2 -0.7740464 | 2.4119300 | -0.321 0.749020
TIME_UNTIL_FOLUP:AGE -0.0020451 | 0.0008427 -2.427 0.017245 *
TIME_UNTIL_FOLUP:GENDER2 | 0.0362494 | 0.0155825 2.326 0.022275 *
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Dispersion parameter for gaussian family taken to be 12.60276
Null deviance: 2335.7 on 95 degrees of freedom

Residual deviance: 1121.6 on 89 degrees of freedom

AIC: 524.42

Number of Fisher Scoring iterations: 2

Summary for target variable: FEV1 — (ordinary least squares model)

Model FEV1 ~ AGE + BMI + GENDER + AGE:BMI
Deviance Residuals Min 1Q Median 3Q Max
-1.08244 -0.33172 -0.00669 | 0.26410 | 1.46549
Coefficients Estimate Std. Error tvalue Pr(>|t])
(Intercept) -1.940637 1.836386 -1.057 0.293414
AGE 0.079213 0.031083 2.548 0.012497 *
BMI 0.215477 0.060545 3.559 0.000594 ***
GENDER2 0.856267 0.117071 7.314 9.82e-11 ***
AGE:BMI -0.003818 0.001035 -3.691 0.000381 ***

Dispersion parameter for gaussian family taken to be 0.2429366
Null deviance: 51.068 on 95 degrees of freedom

Residual deviance: 22.107 on 91 degrees of freedom

AIC: 143.47

Number of Fisher Scoring iterations: 2

Summary for target variable: DDIMER — (ordinary least squares model)

Model DDIMER ~ FEV1 + AGE + GENDER + FEV1:GENDER
Deviance Residuals Min 10 Median 3Q Max
-414.21 -186.99 -57.17 79.36 2198.46
Coefficients Estimate Std. Error z value Pr(>|t])
(Intercept) -1841.416 614.971 -2.994 0.003542 **
FEV1 545.447 192.990 2.826 0.005789 **
AGE 16.580 4.617 3.591 0.000534 ***
GENDER2 1290.083 503.722 2.561 0.012080 *
FEV1:GENDER2 -521.158 196.233 -2.656 0.009341 **

Dispersion parameter for binomial family taken to be 129402.5
Null deviance: 14191445 on 95 degrees of freedom

Residual deviance: 11775630 on 91 degrees of freedom

AIC: 1409.3

Number of Fisher Scoring iterations: 2

Summary for target variable: DEPRESSION — (proportional odds logit model)

Model DEPRESSION ~ FATIGUE + GENDER
Coefficients Value Std. Error t value
FATIGUE2 1.570 0.4837 3.245
GENDER2 -1.099 0.4893 -2.246
Intercepts Value Std. Error tvalue
1|2 0.8171 0.5003 1.6333
2|3 1.6366 0.5227 3.1311
Residual Deviance: 140.1466
AIC: 148.1466
Summary for target variable: FATIGUE — (binomial logit model)
Model FATIGUE ~ DEPRESSION
Deviance Residuals Min 1a Median 30 Max
-1.8930 -0.8752 -0.8752 1.1774 1.5134
Coefficients Estimate Std. Error z value Pr(>|t])
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(Intercept) -0.7621 0.2643 -2.884 0.00393 **
DEPRESSION2 0.7621 0.6350 1.200 0.23002
DEPRESSION3 2.3716 0.6854 3.460 0.00054 ***

Dispersion parameter for gaussian family taken to be 1

Null deviance: 131.58 on 95 degrees of freedom

Residual deviance: 115.42 on 93 degrees of freedom

AlIC:121.42

Number of Fisher Scoring iterations: 4

Summary for target variable: TIME_UNTIL_FOLUP — (ordinary least squares model)

Model TIME_UNTIL_FOLUP ~ 1

Deviance Residuals Min 1Q Median 3Q Max
-81.219 -43.469 -9.219 36.031 | 190.781

Coefficients Estimate Std. Error t value Pr(>|t])

(Intercept) 140.22 5.68 24.68 <2e-16 ***

Dispersion parameter for binomial family taken to be 3097.52

Null deviance: 294264 on 95 degrees of freedom

Residual deviance: 294264 on 95 degrees of freedom

AIC: 1047.1

Number of Fisher Scoring iterations: 2

Summary for target variable: ICU — (binomial logit model)

Model ICU ~ BMI + SMOKING

Deviance Residuals Min 1Q Median 3Q Max
-1.3396 -0.6449 -0.3918 | -0.3058 | 2.2881

Coefficients Estimate Std. Error z value Pr(>|t])

(Intercept) -5.7716 1.6259 -3.550 0.000385 ***

BMI 0.1100 0.0453 2.428 0.015185 *

SMOKING2 1.4230 0.5982 2.379 0.017369 *

Dispersion parameter for gaussian family taken to be 1

Null deviance: 89.653 on 95 degrees of freedom

Residual deviance: 78.149 on 93 degrees of freedom

AIC: 84.149

Number of Fisher Scoring iterations: 5

Summary for target variable: AGE — (ordinary least squares model)

Model AGE~ 1

Deviance Residuals Min 1Q Median 3Q Max
-26.188 -6.188 1.812 6.812 19.812

Coefficients Estimate Std. Error t value Pr(>|t|)

(Intercept) 58.1875 0.9652 60.28 <2e-16 ***

Dispersion parameter for gaussian family taken to be 89.43816

Null deviance: 8496.6 on 95 degrees of freedom

Residual deviance: 8496.6 on 95 degrees of freedom

AIC: 706.81

Number of Fisher Scoring iterations: 2

Summary for target variable: BMI — (ordinary least squares model)

Model BMI ~ GENDER

Deviance Residuals Min 10 Median 3Q Max
-8.223 -3.988 -1.089 2.158 24.543

Coefficients Estimate Std. Error t value Pr(>|t])

(Intercept) 33.307 1.136 29.317 <2e-16 ***

GENDER2 -3.170 1.330 -2.382 0.0192 *
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Dispersion parameter for binomial family taken to be 33.55966
Null deviance: 3345.1 on 95 degrees of freedom

Residual deviance: 3154.6 on 94 degrees of freedom

AIC: 613.69

Number of Fisher Scoring iterations: 2

Summary for target variable: GENDER — (binomial logit model)

Model GENDER ~ BMI

Deviance Residuals Min 10 Median 3Q Max
-1.8469 -1.1102 0.6717 0.7770 1.6206

Coefficients Estimate Std. Error Z value Pr(>|t])

(Intercept) 3.70352 1.26707 2.923 0.00347 **

BMI -0.08602 0.03901 -2.205 0.02747 *

Dispersion parameter for gaussian family taken to be 1
Null deviance: 112.14 on 95 degrees of freedom
Residual deviance: 106.98 on 94 degrees of freedom
AIC: 110.98

Number of Fisher Scoring iterations: 4

Summary for target variable: SMOKING — (binomial logit model)

Model SMOKING ~ 1

Deviance Residuals Min 1a Median 39 Max
-1.004 -1.004 -1.004 1.361 1.361

Coefficients Estimate Std. Error | zvalue Pr(>|t|)

(Intercept) -0.4229 0.2087 -2.026 0.0428 *

Dispersion parameter for gaussian family taken to be 1
Null deviance: 128.89 on 95 degrees of freedom
Residual deviance: 128.89 on 95 degrees of freedom
AIC: 130.89

Number of Fisher Scoring iterations: 4

Table 38: CGM - Models' summaries

In Figure 12, it is important to explain the meaning of the blocks presented. The plot
introduces four blocks in total.

A chain graph model is fitted to the variables divided into blocks labelled 2, 3 and 4 based on
their respective roles in the model. Particularly, block 4 consists of the basic explanatory
variables, block 3 includes the intermediate variables and block 2 contains the response
variables.

Now, let’s turn our attention to block 1. This block consists of a single variable, HRTC. This
variable corresponds to the initial HRTC variable from the dataset, but it includes its three
categories, after removing all the missing values. Its association with the other variables was
examined using proportional odds ordinal logistic regression, which is presented in Table 39.
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Summary for target variable: HRTC — (proportional odds logit model)

HRTC ~ GENDER + ICU + SMOKING + AGE + BMI + TIME_UNTIL_FOLUP +

Model FATIGUE + DEPRESSION + VO2 + FEV1 + DDIMER

Coefficients Estimate Std. Error t value Pr(>|t])
GENDER2 1.0441229 0.5390465 1.9370 0.058 .
ICU2 1.3120458 0.4579026 2.8653 0.0059 **
SMOKING2 -0.1972705 0.3790765 -0.5204 0.6049
AGE 0.0689372 0.0172667 3.9925 2e-04 ***
BMI -0.0266518 0.0232380 -1.1469 0.2565
TIME_UNTIL_FOLUP -0.0079339 0.0033027 -2.4023 0.0198 *
FATIGUE2 -0.1353469 0.3624706 -0.3734 0.7103
DEPRESSION2 -0.8277188 0.5244957 -1.5781 0.1204
DEPRESSION3 -0.7012201 0.5069005 -1.3833 0.1723
V02 -0.0796807 0.0380993 -2.0914 0.0412 *
FEV1 -0.3383030 0.2856785 -1.1842 0.2415
DDIMER -0.0006524 0.0004869 -1.3400 0.1858
Intercepts Value Std. Error tvalue

1]2 -0.2831 0.0510 -5.5529

2|3 1.0348 0.2470 4.1886

Residual deviance: 106.4238

AIC: 134.4238
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Table 39: CGM - HRTC — proportional odds logit model's summary
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Figure 12: Chain Graph Model using the dataset from Table 10.

76




Variables connected by an edge Sign Interpretation

Patients who felt fatigue tended to be more
depressed.

As time passes after the discharge date, the
maximal oxygen consumption increases.

As age increases, the maximum volume of exhaled

DEPRESSION ~ FATIGUE +(Yes)

TIME_UNTIL_FOLUP ~ VO2

AGE ~ FEV1 - air during the 1t second after maximum inhalation
decreases.

AGE ~ DDIMER + As age increases, the DDIMER value also increases.

AGE ~ VO2 ) As age increases, the maximal oxygen consumption
decreases.

As the body mass index increases, the maximal
oxygen consumption decreases.

As the body mass index increases, the maximum
BMI ~ FEV1 - volume of exhaled air during the 1t second after
maximum inhalation decreases.

As the body mass index increases, the likelihood of

BMI ~ VO2 -

BMI ~ ICU + . . . . .
entering in the intensive care unit also increases.
BMI ~ GENDER “(Male) Males tend to have lower body mass index
compared to women.
VO2 ~ GENDER +(Male) Males tend to have higher maximal oxygen

consumption compared to women.

Males tend to have higher maximum volume of air
GENDER ~ FEV1 +(Male) | exhaled during the first second after a maximum

inhalation compared to women.

Smokers tend to have a decrease to the DDimer

DDIMMER ~ SMOKING -(Smoker)
value.

SMOKING ~ ICU +(Smoker) Smok.ers jcend t(? have.an mcreas.ed likelihood of
entering in the intensive care unit.

SMOKING ~ HRTC_2cat +(Smoker) Smokers.tend to have a decreased likelihood of
undergoing a CT scan.
If a patient has a greater maximal oxygen

HRTC ~ VO2 i consumption, then it is more likely to fall into a

lower HRTC category. In other words, to have

better outcome.

As time passes after the discharge date, patients

tend to have better outcomes from their CT scan.

As the patient’s age increases, it is more likely to

have poorer results from their CT scan.

Males tend to have an increases likelihood for

having poorer results from the CT scan.

If the patient was admitted to the intensive care

HRTC ~ ICU +(Yes) unit, then it is more likely to have poorer results
from the CT scan.

HRTC ~ TIME_UNTIL_FOLUP
HRTC ~ AGE

HRTC ~ GENDER +(Male)

Table 40: CGM interpretation
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Conclusions

In this thesis, we began by introducing the fundamental theory underlying three important
types of graphical models: the Undirected Gaussian Graphical model, the Mixed Interaction
Model, and the Chain Graph model. Afterwards, we continued to their application on real
data, utilizing the statistical capabilities of the programming tool, R. Consequently, we
combined theory and application to gain the knowledge and skills for utilizing graphical
models for statistical analysis.

In conclusion, we investigated focusing on the associations of objective measurements of
physical condition and subjective evaluations obtained through questionnaires. This approach
allowed us to gain insights into the long-term health impact of COVID-19. The summarizing of
the results from Figures 6,7, and 8 and Tables 13,14, and 15, revealed that the effects of
the virus on individuals were influenced by multiple factors, including the patient’s age, the
patient’s body mass index, as well as the gender of a patient.

One noteworthy general observation is that the chain graph in Figure 8 shares several edges
with the mixed interaction graph in Figure 7. This consistency is very important and valuable
because it reinforces the validity of conclusions coming from these graphs.

We discovered various interesting results, both expected and unexpected, taking into
consideration present but also absent associations.

First, we observed differences based on gender. The analysis revealed that males tended to
exhibit higher values of maximal oxygen consumption (V02), as well as maximum volume of
exhaled air during the first second after maximum inhalation (FEV1) compared to females.

Secondly, differences based on age were uncovered. The results suggest that age can influence
health outcomes. Particularly, older patients displayed an increase to the level of DDIMER,
which is a marker of blood clotting. In addition, as age increased, a decline was noticed in both
maximal oxygen consumption (V02) and maximum volume of exhaled air during the first
second after maximum inhalation (FEV1).

One more quite valuable observation is that the self-assessed symptom fatigue was positively
associated with depression. But the aspect of interest here lies in the absence of associations
between these two subjective assessments and the other objective measurements. This
finding highlights the complex relationship between physical and mental health of individuals
who are recovering from COVID-19 and shows us the need for support to these people.

To continue with our results, we also observed that the body mass index (BMI) and the
admission into the intensive care unit (ICU) played a crucial role to a patient’s recovery.
Patients with larger body mass index tended to experience a decline in both maximal oxygen
consumption (VO2) and maximum volume of exhaled air during the first second after
maximum inhalation (FEV'1). Furthermore, individuals with a higher body mass index had an
increased likelihood of entering the intensive care unit (/ICU) while their hospitalization.
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Moreover, we discovered through the graphs an association between the variables Smoking
and ICU. More specifically, a higher likelihood of admission in the intensive care unit was
observed among smokers.

Last but not least, is the relationship between V02 and HRTC. We discovered that those
individuals with an increased maximal oxygen consumption (V02) tended to show better
outcomes in the High-Resolution Computed Tomography (HRTC), while older patients tended
to have poorer CT scan outcomes.

In summary, these findings highlight the effectiveness of graphical models in unraveling
hidden patterns and understanding complex relationships. Through the application of these
sophisticated techniques, we can identify crucial factors that influence health outcomes due
to a disease and find more appropriate interventions to mitigate the impacts.
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NepiAnyn

H otatiotikn avaAuon eivat pio emotipn mou pag divel tn Suvatotnta va enefepyalOUaoTe,
va topouctaloupe Kot va eppnveloupe dedopéva mou mpogpyovtal and Sladopeg mnyEg,
ouunepAapBavopévng TG UNXAVLKAG, TNEG BloAoylag, TnG olkovouiag kat tng YuxoAoyiag. H
napovoa SumAwpATKA epyacia mepthapfavel U0 pépn: éva BewpnTikd Kol €va TIPAKTIKO
HEPOG. To mpwTto pépog amoteAeital and dUo kepalala, Ta onoia MapEXOUV Eva BEwpPNTIKO
umtoBaBbpo yio SLadOoPETIKEC TEXVIKEC ypadlKwWV UOVIEAWV OTN OTATLOTIK avaAuon. To
SeUtepO UEPOG amoteAeital and éva tpito kedpalalo, epapuoloviag QUTEG TIG TEXVIKEC OE
paypatika Sedopéva Kal cUYKPIVOVTOG TA AMOTEAECUATA TOUG.

‘Evac ypadog xpnoLUEVEL WC TTOAUTLUO EPYAAELD YLOL TNV OTTTIKI) OVATIAPACTOCN TWV OXECEWV
HETAEL Twv Sedopévwy. Méow evog ypadrpatog, £ival EUKOAOTEPO VA TTOPOUCLACOUUE
ouvOeteg MAnpodopieg OXL LOVO O€ £16IKOUG TOU KAASOU, aAAA Kal O ATopa TTou Sev €XouV
yvwon tn¢ Bewplag miow amd autéc. EmumA£ov, autr) n MPOCEYYLON HAG ETITPEMEL va
Slakpivoupe potifa kot oxéoelg mou Stadopetika Sev Ba MAPATNPOUVTOV OTA MPWTIOYEVH
b6ebopéva.

21O MPWTO KEPAANLO, TTAPOUCLALOU IE TPELG TUTIOUC N KATEVOUVOUEVWY YPADIKWY LOVTEAWV.
H mpwtn TeEXVLKN EMKEVTPWVETAL yUpw amo log-linear povtéAa, ta omola Bpiokouv epapuoyn
otav ta cuvoAa dedopévwy amotelouvtal and Slakpltec petapAntec. H Seltepn TexviKA
adopa ta Gaussian ypadkd HOVIEAQ, TTOU XpnoLUomoloUvTal e8LKA Pe ocUVoAa Sedopévwy
mou meplhappavouv cuvexeic HetafANTEG. TENOC, N TPlTn TEXVIKN €UBaBUVEL o0 pOVTEAD
HULKTAG aAAnAeniSpaong, to omoia €xouv oxedlootel ylwa ouUvola Sedopévwv TmoU
armoteAouvTal TO00 Ao CUVEXELG 000 KAl QMO KATNYOPLKEG UETAPBANTEG. AUTA Ta YpadLkd
HOVTEAQ OTOXEVUOUV OTNV AMOKTNON YVWONG Yl TIG KpUPEG CUCXETIOELG Kal TipoodEPouy TN
duvatotnTa  avamapdctaonG Toug o€ popdn  SdlaypAppaTog, Omou  KABe  aKun
QVTLITPOOWTIEVEL LA CUOXETLON METAEL TwV SUO PeTABANTWY TTOU CUVOEEL.

210 SeUTepO KEDAAOLO, TAPOUCLALOUE €va Ao TA CNUAVTIIKOTEPA KATEVOUVOUEVA YpadLKA
HOVTEAQ. AUTA N TEXVLKN ETUKEVIPWVETAL YUPW Ao HOVIEAA ypadbnuatwv oAucidag kat
uropel va xpnotponownBel otav avtipetwnilovpe cuvola dedopévwy Tou amoteAouvTtal
TOOO QIO CUVEXELG OO0 KL OO KATNYOPLKEG UETOPANTEG. Ta povtéAa ypadnudtwy aluvacidag
XPNOLUOTIOLOUV KOUTLA yia va Staxwploouv LeTaBANTEG pe BAon Tov pOAO TOUG OTO LOVTEAO.
Motpalovtal opoLOTNTEG UE T MOVTEAA WIKTAC aAAnAemidpacng, aAAd n Siadopd Toug
€ykewtal otn Oladikaoia moAwdpounong. Zta povtéda ypadnudtwv oaAuvcibag kdabe
petaBAntn moAwdpopeite e Baon TG LETAPANTEG TTOU UTIAPXOUV OE OAA TA TPONYOUUEVA
KOUTLA, €VW OTA HOVTEAQ WIKTAG aAAnAemibpaong n maAwwdpounon Aapfdavel umoyn TG
HETABANTEG OXL LOVO aTtd TA TPONYOU LEVA KOUTLA, AAAQ KAl OTTO TO TPEXOV KOUTL.

210 Tpito Kedpahalo, mpooapudloue Eva Gaussian ypadlkd HOVIEAD, €va OVTEAO WULKTNG
oAAnAenibpaong kal éva povtéAlo ypadnudtwyv aAucibag XpnoLUOTMOLWVTOG TO OTOTLOTIKO
npoypappa R. Mo ocuykekplpéva, avaAvoape dedopéva amod pa LeAETN Tou akoAouBnoe
aoBeveic mou voonAeutnkav Adyw Tou Lou COVID-19. H épeuva meplhaupave diadopa
6ebopéva, OMwCG avOPWTOUETPIKA, VOONAeUTIKA Kol Yuyxoloywkd &edopéva ta omoia
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TIPOEPYOVTOL OO E€PWTNUATOAOYLA. 2TO KePAAolo auTO, £melta amod KABe edapuoyn,
TIAPEXETAL YLa EMEENYNON TWV ATIOTEAECUATWY KOl OTO TEAOC T EUPNUATA CUYKPLVOVTAL KOl
oxoAlalovtal.

Né€elg kAeldla: Gaussian ypadlkd HOVTEAO, HOVTEAO HEKTAG aAAnAemiSpoong, HOVTEAQ
oAvoidag, AIC, BIC, kouTLd, KATEUOUVOUEVEG OKUEG, N KATEUOUVOUEVEG OKUEC.
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Kedbahaio 1 — Mn-kateuBuvoueva Mpadikd Movieha

Je autd to kedpaAalo, Ba el0AyOUUE TIC PBOOLKEG €VVOLEG TWV HN-KATEUOUVOUEVWV
ypadnuatwy. Juykekpluéva, Ba oculntiooupe mw¢ oxetilovral pe ta log-linear povtéAa,
Gaussian ypadlkd HOVTEAQ Kol LOVTEAQ PEIKTWYV aAAnAemidpaocewy, Ta onoia cuvdualouv
otolxeia amnod ta SUo mponyoupeva. MEow TNG KATAVONONG TWV BACIKWY UN-KATEUOUVOUEVWV
ypodnUATWY Kol TwV £Pappoywv Toug o€ S1adopous TUMOUC HOVTEAWV, UTTOPOUUE va
oVaAUOU LLE KL VA EPUNVEVOUUE KOAUTEPA TTIOAUTIAOKO SS0pEvaL.

1.1 Tpadog

‘Evac ypadog eivat pla culoyr onueiwy, Ta omoila cuvdéovtal HETAtY TOUC UE YPAUUEG. Ta
onueia kat ot ypappég ovopalovrtat avtiotoya KOpBoL Kot aKUES. KABe akpun avamaplotd o
oX€on UeTafL TWV KOUBWV TTouU GUVOEEL.

210 MAQLLOLO EVOG LOVTEAOU, OL KOBOL UrtopoUV va Xpnotpomnotnfouv yla vo avamapootrioouV
METABANTEG, KOL Ol QKUEG UTTOPOUV VO OVATIOAPOOTHOOUV TIG OXECELG METAEU QUTWV TWV
HeTaBANTWY. Méow AUTAG TNC AVAOPAOTACNC, UTOPOUE VO QTTOKT|OOUUE ELOAYWYI OF
nwg Stadopol mapayovtec emnpealouV 0 £Vag ToV AANO Kal WG oL AANQYEC O€ pLa LeTOBANTA
UIOpOoUV VA EMNPEACOUV OAAEG.

Oswpnote &Uo kOuPBoug mou oupPoAilovtal pe Ta ypdaupota A kal B. Itoug un-
kateuBuvopevoug ypddoug, n akpr petafd twv dvo kouBwv cupPoliletal eite wg [AB] eite
w¢ [BA], adou n akun Sev €xeL pia cuykekpLpevn kateLBuvon (Edwards, 2000).

‘Evag ouvnBLopéVog TPOTOG ATELKOVLONG EVOG YPADOU OMTIKA Elval LECW EVOC SLayPALLOTOG.

1.2  Log-linear MovtéAa

Ta log-linear povtéAa €ival oTATIOTIKA LOVTEAQ TIOU ETUTPEMOUV TNV AVAAUCHN TWV OXECEWV
HETAEL Katnyoplkwv HeTtaPAntwy. YmoAoyilouv tnv miBavotnta mapatpnong €&vog
OUYKEKPLUEVOU CUVOUAOHOU TWV KOTNYOPLWV TWV HETABANTWY OTO UOVTEAO, EKTLLWVTAC OTL
0 AoyaplBpog ¢ mbavotntag eival Ypap ik cuvaptnon tTwv petaBAntwy. Auth n Wbotnta
ETUTPETEL TNV HOVTEAOTOINGCN TEPUTAOKWY OCUOXETIOEWV Kol OAANAerudpdoewv peTALY
TIOAAQTAWV KATNYOPLKWV HETABANTWV. Adyw autn¢ Tng Wbiotntag, ta log-linear eival xpriolua
o€ TIOAAOUG TOUELG, OTIWG N EMLIONHLOAOYLA, OL KOWVWVLKEG ETILOTHEG KaL N €PELVA OYOPAC.
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1.2.1 Log-linear MovtéAa, Mpadkd Movtéha & Movtéla AtocuvBeong

Ta log-linear povtéAa pmopoUv va Katnyoplomolnbolv wg LEPAPXLKA KAl UN-LEPAPXLKA. €
QUTAV TNV gpyaoia Ba emikevipwbOoUE OTa LEPOAPXIKA HOVIEAQ, TOL OTTOLO €lval KAl TO TILO
Kowva povtéAa. e éva log-linear povtélo, o 0pog "tepap)Lkog" avadEpeTal oTo yeyovog OtL
ouunepltAapfavovrtal 6AotL oL 6poL XoHNAGTEPNCG TAENE TTOU UTTOPOUV VAl TPOKUYOUV O TLG
HETABANTEC TTOU TeplExovTal o€ KABe 6po uPnAotepncg taéng (Gauraha, 2017). Ou 6pot
uPnAdtepng taéng ovopalovrtol yevvntopes. Eva epapyikd log-linear povtého Bewpeital
YPOPLKO, €AGV OL YEVVATOPEC TOU OVTLOTOLXOUV OTIG KAIKEG TOU pNn-KoteuBuvouevou
ypadriuatog, 0mou ol Kool avamaplotolV TG LETOBANTEG KoL OL AKUEC AVATIOPLOTOUV TOUG
0pouC ToUu HOVTEAOU Tou mepléxouv dUO petaPAntéc. Eva ypadikd log-linear povtého
Bewpeital amoouvOELUO €AV TO YpAPNUA TOU VAL TPLYWVIOUEVO. ZUUPWVA LIE TOV OPLOUO
nou mapéxetat otnv evotnta (1.1.1), éva ypddnua Bewpeital tpywviopévo otav dev
TIEPLEXEL KUKAOUG UNKOUG TECOEPQA 1) TIEPLOCOTEPO, XWPLC OHWG va urdpxel xopdn (Maathuis
et al., 2018).

1.2.2 lepapxkd MovtéAo

Eotw X = (X1, X5,,..., X;) va elval k Stokpltég tuxaieg LeTaPAnTEG evog ouvolou Sedopévwy
D kat é0tw d va gival €va umooUVoAo auTtol Tou cuvoAlou dedopévwy, d S D. EmumAéoy,
£€0Tw I T0 6UVOAO OAWV TWV SUVATWV CUVOUACGHWY TLHWV YLOL AUTEG TG METAPBANTEC. Eval KeAL
tou I oupPoliletat wg i = (iy,ip,...,10;) KOL QMOTEAEL pLA TOPATAPNON TWV TIHWV TWV
Sakprtwv petaAntwy, 6mou i; eivat n TA TG j-00TAG LETABANTAG 0TO KEAL

‘Eva Lepapytko log-linear povtélo Sivetal amod tov TUMO,

logp; = ) uf (1.1)

omnov,

e logp; elvat o AoyaplBpog tng mbavotntag napatnpnong tou KeALoU i,
e J,cp €lvarn aBpolon 0Awv twv duvatwv 0pwv aAAnAemidpaong oTto povtEAo,
¢ eivaw évag 6pog aAnAemiSpaocnc, o onoiog avtioTolyel oTo keAl i kat e§aptdTal pévo

aro TG LETABANTEG TTOU EUMAEKOVTAL OTO UTTOCUVOAO d,

* U

(Edwards, 2000).

88



1.2.3 Zuvaptnon MBavodavelag

H ouvaptnon mbavodavelag evog LepapyLkol log-linear povtélou ekdpalel Tnv mbavotnta
mapatnPnong evog cuvohou Sedopévwyv S00EVIWV Twv TAPAUETPWY TOU MHoOvTéAou. H
ouvaptnon TOavoPAVELAG TIPOKUTTEL QMO TNV KOLWVN KATAVOUN TWV TAPOTNPOUUEVWV
6£60UEVWV KaL TWV TIAPAUETPWY TOU HOVTEAOU Kal SIveTal amod Tov TUTo:

L=c np(i)"i (1.2)

i€l
omnovu,

e | elvaln i-ootn KeAl oToV TtivaKka tapatrpnong,

e n; elval o0 MoPATNPOVEVOG 0pLOUOG TOU i,

e p(i) elvaL n mpoPAenopevn mBavotnTa TOU i, KOt
e ( elval pa otaBepa.

H e€lowon (1.3) mapouotdlel tn AoyaplBpomnolnpévn cuvdaptnon nibavodavelag.

[=c+ Z n(i)logp(i) (1.3)

i€l

orou P (i) ival oL EKTIUACELG TNG HeyLoTomotnpévng TubBavodavelag (MLES) tou povtélou
(Hgjsgaard et al., 2012).

1.2.4 KataAAnAdtnta tou Movtélou

H amokAlon (deviance) amoteAel €va PETPO TOU TOCO KOAA Talpldlel To HOVTIEAO oTa
bebopéva. Metpa tn Sladopd TNG HeyloTOMOLNUEVNG AoyoplOpomolnpévng ocuvaptnong
mBavodavelag LETAEY TOU TIPOCAPUOCHEVOU OVTEAOU M KOL TOU KOPECHEVOU LOVTEAOU S.
AuTog elval évag tpomog afloAdynong TG KATaAANAGTNTAG TOU MOVTEAOU, OMWG €miong
XPNOLUOTIOLELTOL KAl yla TN oUyKplon Suo StadopeTikwy HovtéAwy. Mia T amokAwong 0
UTTOOELKVUEL €val TEAELO TIPOCAPHOCUEVO OVTENO, EVW HEYOAUTEPEG TLHMEG UTTOSELKVUOUV Eva

XELPOTEPN TIPOCAPLOY).
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H amokAon yla éva log-linear povtélo divetal amo tov TUTO,

D=2(l;-1,) (1.4)

omnou [, 1, €ivat n peylotonolnpévn AoyaplBponownpévn cuvdptnon nibavodpavelag tou
KOPEOUEVOU LOVTEAOU, KOL TOU TPOCAPUOCHEVOU LOVTEAOU avtiotolya. XpnoLUOTOLWVTIS
v e€lowon (1.3),

N n(i
ly=c+ Z n(i)logp,(i) = c + Z n(i) log <%> (1.5)
i€l i€l
orou N eivat o aplOpog Twv mapaTnPROEWY, Kot
ln=c+ Z n(i) log p,, (i) (1.6)
i€l
Zuvbualovtag (1.4), (1.5),(1.6),
. n(i) )
D= ZZn(l)log <m> ~ Xz (1.7)

l

onov,

e n_i elval 0 MapaATNPOUUEVOG apLOUOC TOU i-00TOU KEALOU, Kall
e (i) eival o avapevopevog apBuog kehwwv, mi(i) = Np,, (i).

H amokAlon pnopel va xpnotpomnotnBel yla va mpayUatonoliosl eAéyXoug UIOBECEWVY OTO
HOVTENO, XpNOLUOomoLWVTaC TNV Katavour X2 pe Babuouc eheuBepiag k, icoug pe tn Stadopd
otn Sldotaon UETAEU TOU KOPECUEVOU LOVTEAOU S KOL TOU TIPOCOPUOCHEVOU UOVTEAOU M
(Hgjsgaard et al., 2012).
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1.2.5 Emnoyn Movtéhou

H emloyl povtélou elval oOnUOVTLIKA OTn OTOTLOTIKA HOVIEAOTOLNON Kal avaAuon
6ebopévwy. O oKomog NG €MIAOYNC HOVIEAOU €ival va avayvwplosel To To KatdAAnAo
LOVTEAO TIOU QMOTUTIWVEL TO LOTiBa Kal TG ox€oelg ota dedopéva, amopelyovTag TV UTIEP-
TIPOCAPUOYH N TNV UTIO-TIPOCAPLOYI).

‘Evag TPOmog yla va eTAEYEL TO KOAUTEPO LOVTEAO OVAUECO OE HOVTEAQ TTOU TIpocappolovTal
hue Baon tn ouvaptnon mBavodavelag sival n epapuoyn tou Kpitnpiou AIC, to omolo
opileTal wg

AIC = -2InL + 2d

omnou,

e In(L) eivat n peyiotonotnpévn ouvdptnon mBavodAveLog Kat
e d sivol 0 aplOPOC TWV MAPOUETPWY TOU LOVTEAOU Tou e€eTaleTal.

AUTO TO KPLTNPLO Xpnolpomoleital umoloyilovtag Kot cuykpivovtog Tig TipéC tou AIC ya
HOVTEAQ pe SLadopeTIKO aplOpo HeTABANTWY Kal ETAEYETOL TO HOVTEAO HE TO XAUNAOTEPO
AIC kaBe dpopd, pEXPL va pUnV UTtdpxel AANO povTéAD pe xapnAotepn tun AIC (Kapwvn &
Owovopou, 2017).

Me mapopolo Tpomo He to Kpttriplo AIC, epapuoloupe to kpitrplo BIC, To omolo opiletal wg

BIC =—-2InL+dInN

onov,

e d eival o aplBPOG TWV MOPAUETPWY TOU LOVTEAOU TTOU e€eTAlETAL KOl
e N eival o0 aplBUOC TWV MaApATNPCEWV.

KaBwg o aplBuog twv mapatnproewyv MAncLalel to anelpo, n mbavotnta 1o BIC va eméEeL
He akpifela to KAAUTEPO LOVTEADO aUEAVETAL ONUAVTLIKA KoL TElVEL Tpog TN povada, avtiBeta
HE To KpLtrpLo AIC mtou €XEL TAON VA TTPOTLULA TTILO TIOAUTIAOKQ LLOVTEAQ OE TETOLEC TIEPLTTTWOELG
(Hastie et al., 2009).

Ta kpupla AIC kat BIC Bplokouv edpappoyn Kol ota HOVTEAX TTOU TtapoucLAlovTal OTLG
ETOUEVEG EVOTNTEG.
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1.3  MovtéAa lkaovaolavig Mpadikng Avanapdotaong

Ta povtéda [lkaouolavAg ypadlkiG ovamapdotoon €ival OTATIOTIKA HOVIEAQ TIOU
XPNOLLOTIOLOUVTAL YLO VO AVATIOPACTHO0UV TIG ouVONKeg avefaptnoiag petafl petofAntwy
o€ pLa Nkaouaotavh Katavopr MoAAwY HeToBANTWY. AUTA TA LOVTEAQ XPNOLUOTTOLOUVTOL yLa
Vv avaluon ouvexwv Oedopévwy. To ypadnua OSeiyvel tigc e€dptnong Hetafl Twv
HETABANTWY, HE KOUPOUC TIOU QAVIUTPOOWTEUOUV  UETOPANTEG KOl  OKUEC TIOU
OQVTUTPOOWTEVOUV ouvOnKeg e€aptnong. OL akUEG o€ €va POVTEAO TKaouoLavAG YPadLKNG
VAT apPAoTAonG UTTOSELKVUOUV LEPLKEC CUOXETIOELC, OL OTIOLEC lval Ol CUVONKEG CUCYXETLONG
HETAEL TwV peTaBAnTwv adol AndBouv umoPv kat ot GAAeG peTtaBAnTéC oto povtédo. Ta
HovTEéAa MkaouoLavhg ypadLkng avanapdotacng xpnotpomnolouvtal cuviBwe og dtadpopoug
TOUELG, OTIWCE N OTATLOTLKA, N BLoAoyia KAl Ol OLKOVOULKEC ETILOTIUEG.

1.3.1 [kaouolavo Moviého Mpadikng Avanapdotaong

H popdr evog Mkaouolavol PovTEAOU YpadLKN G avamopaoTacnc UMopEl va avamapootadel
XPNOLUOTIOLWVTAG €vav Tilvako oKpiBElag, yvwoTo Kal w¢ aviiotpodog mivakag
ouvSLOKUHAVONG 1) TIIVAKOC CUYKEVTPWONC.

Eotw X = (X1, X,,..., X}) évamoAupetaBAnto MNkaouolavo tuxaio Stavuopa pe k HeTaBAnTeg
Kal €0tw X va cupPBoAilet Tov mivaka cuvSlakupavong tou X. O mivakag cuykEvipwong f2,
Tou €lval o avtiotpodog tou X, avamaplotd TIG ouvlnkeg avefaptnoilog HETALL Twv
HeTaBANTWY 0TO NKOOUGLAVO HOVTEAO YpadLKNG OVATTAPACTACNG.

H cuvaptnon mukvotntag Tou X pmopel va ekppactel wg

fx) = (27T)_g IQI% exp <—% (x—w"(x - #)) )X € R (1.8)

onov,

) (Zn)_g eival plo otaBepd kavovikomnoinong,

e || avanaplotd tov nivaka cuykévipwong (2 (det2 = detX™1),

e u elval to k-6laotato Stavuopa Twv pecwv tng Nkaouvotavng katavoung N(u, ),
e Y eivairo k X k mivakag cuvdlakupavong tng ykaouaotavig katavoung N(u, 2),

(Maathuis et al., 2018).
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Mta UnSEVLIKE TLUR OTOV TIiVOKA CUYKEVTPWONG £2 urtodnAwvVeL TNV umoBeon NG UTIO OPOUC
avetoptnoiag HeTafl Twv avtioTolYwV HETABANTWY, EVW LA KN UNSEVIKN T uTtodnAWVEL
pLa uTto Opoug e€aptnon.

H ypadikn dour evog tétolou povtélou pmopel va e€axBel and 1o potifo apaldtntog Tou
TIVOKOL CUYKEVTPWONG {2, OTIOU OL N UNOEVIKEG TIUEC OTOV {2 QVTLOTOLXOUV OE OKUECG LETOED
HETABANTWYV OTO ypadLKO LOVTENO.

1.3.2 Zuvaptnon MNBavodavelag

e éva lkoouolavo HOVTEAO ypadlkng avamapdotacng, n ouvaptnon mibavodavelag
XPNOLLOTIOLEITOL Yl TNV EKTIUNON TwV TIOPAUETPWY TOU HoVTEAou. Elvat o ¢uolkog
AoyaplBpog TNE KoL ¢ TukvoTnToC TBavotntag tng moAudlaotatng MNkaouoLavhnG KATAVO UAG.
H kotv mukvotnta mbavotntag eival pia cuvaptnon Tou SLovUoHATOG ECNG TLUAG U KaL TOU
TilvaKol CUYKEVTPWONC (2.

Xpnotpomnowwvtag thy e€iowon (1.8), n cuvaptnon nmibavodavelag divetal anod tnv e€lowon:
n n n n
L(u,0) = _Ek log 2m + ElogI.QI - Etr(S.Q) - E(f -G - (111

onov,

e 1 glval o aplOUoC TWV mMapaATNPRoEWY,
e || umobnAwvel Tov mivaka cuykeEvTpwong L2,
e S elval o mivakag Selypatikng ouvdlakuuavong,

s =%i(xi-f) (xi— %)

i=

KaL X €lval o SELYUATIKOG HECOC OpOC,

n
zxi,

i=1

1

X=-

n

e tr(50) umtoSNAWVEL TO iXvVOG TOU YLVOHEVOU TWV S Kat £2.
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H peylwotomnoinon t¢ AoyaplOpomnotnuévng cuvaptnong nibavodavelag mPokKUTITEL OTO

(1.12)

=>
Il
x|

Kot KalBWE ot Tiivakeg £ Kat S €xouv SLadOPETIKES KATAXWPLOELS OTIOU w;j = 0, urmopoupue va
OUUTEPAVOU UE OTL

tr(2s) =tr(28) = k. (1.13)
Me avtikatdotaon twv e§lowoewv (1.12) kat (1.13) otnv e§lowon (1.11), €xoupe oTL
= —"klog2m +21 12| Dk (1.14)
== og2m > og > X

(Edwards, 2000).

1.3.3 KataAAnAotnta tou Movtélou

H anokAlon evog Mkaouolavou ypadikol POVTEAOU elval pila LETPNON TNG KOANG EdapUOYNG
TOUu povtéAou. Yrmoloyiletal wg n Stadopd avapeca oTNV EKTLUNCN TNG MEYLOTOTOLNUEVNG
AoyaplOuonoinpuévn ouvaptnon mBavoPavelag TOU KOPECUEVOU HOVIEAOU S KAl TNV
EKTLUNGON TNG AVTLOTOLNG CUVAPTNONG YLOL EVOL LOVTEAOD PE AlyOTEPEC UETOPANTEG.

H amokAlon Silvetal amno tn oxéon,
D=2(I,-I,) (1.15)

Xpnotponowwvtag tnv géiowon (1.14), n extipnon tou AoydpBuou tng cuvaptnong L tou
KOPEGUEVOU LOVTEAOU €lval,

I = — 2 klog2m — Zlog|S| — —k (1.16)
s = —5klog2m —>log 5 :
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onou log|| = — log|f| = —log|S| to oomoio eivat o elypatikog mivakag cuvSLaKUUAVONG
Twv dedopévwy.

H avtiotolyn ektipnon yLo To HOVTEAO pE AlyOTEPEC LETABANTEC €lval,
. n n o n
[ =—§klog2n—zlog|2|—§k. (1.17)

Zuvbualovtag tig e§lowoelg (1.15), (1.16) ko (1.17), €xoupe,

12|

m. (1.18)

D =nlog
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1.4  Mewktd povtéda aAnAenidpaong

To pelktd povtéha oAAnAemiSpaong eivol OTOTIOTIKA HOVTEAA TOU ocuvdualouv TOOO
KATNYOPLKEC OO0 KOL CUVEXELC METABANTEG yLOL VOL OITOTUTIWOOUV TIEPITTAOKEC OXEOCELC HUETOED
oUTWV. To CUYKEKPLUEVA LIOVIEAQ OVOTTAPLOTAVTOL XPNOLUOTIOLWVTOG Un KateuBuvoueva
YPOPLKA HOVTEAQ, T OOl TAPEXOUV LA OTTIKN OVATIOPACTACH TWV KOTNYOPLKWV
OUOXETIOEWV KAl TwV ouveXwv e€opTHoEWV HETAEY Twv HETABANTwY. Me TNV evowpdtwon
KATNYOPLKWV KAl CUVEXWV METABANTWY, Ta HELKTA HovTEAa aAAnAemnidpaong ouvdualouv ta
TIAEOVEKTALATA TOOO TwV log-linear ypadikwv povtéAwv 000 Kal Twv Nkaouaolavwy ypadLkwy
HOVTEAWV.

1.4.1 Mewto Movtélo ANnAeniSpaong

Eotw D = (D4, D,, ..., Dy) va eivar d Srokputég petafAntég kal C = (Cy, Cy, ..., C.) va glvat ¢
ouvexeic petoPAntec evog ouvolou dedopcvwy V pe N mapatnpnoels. EmumAéoy, éotw otL [
gival To cUVOAO OAWV TWV SUVATWY CUVSUACHWVY TLLWV YLa TIG SLakpLTEG peTaBANTEC. Eva KeAL
tou [ cupBoAileton wg i = (iq, iy,...,1Ig) KAL €lvaL Pl TTOPATAPNON TWV TLLWV TWV SLAKPLTWY
uetaBAntwy, omou i; eivat n A NG j-00Tr¢ HeETAPANTAG oTo KeAl. Mia oAdKANpN ypauun
oto oUvoho Sedopévwv cupPolriletal ws (i,y) = (i1, in -y igy Y1, Va2, o) Vo). ETUMAEOV, n
noAuvpetafAntr ykaouvotav katoavoun N(u;,2) avamapiotd tnv ouvlnkn Siavoun twv
ouvexwv petapAntwy C, otav ot Stakpttég petaBAntég D meplopilovtal va meédtouv os Eva
OUYKEKPLUEVO KEAL i.

H ouvaptnon mukvotntag, €miong yvwotn wg ouvaptnon Conditional Gaussian density,
uropet va ekdppaotel wg

c 1 1
f(,y) =p;2m)"zdet(X) 2 exp <—§ v—u)' 2y - m)) (1.19)

onov,

e p; elval n mBavotnTa Twv SLakpLtwy HETABANTWY VO TIEGOUV 0TO KeAL i,
1

e (2m)” 2 sivou pa ota@epd Kavovikomnoinong,

® Y OVATIOPLOTA TO SLAVUOUA TWV CUVEXWV METABANTWY,

® L; OvamopLoTA TO MECO SLAvuopa TIou CuoxeTiletal pe To KeAL i. YmodnAwvel TLg
OVOLEVOEVEG TLUEG TWV CUVEXWV HETAPBANTWY S00EVTIWV TWV SLOKPLTWVY PETARANTWY
TIoU TEDTOUV OE EKELVO TO KEAL, KaL X avamaplotd Tov Tivaka cuvSLakUuoavong,

(Wermuth & Lautitzen, 1990).

96



Mia onpavtiki mapatipnon eivat oty avtiBeta amod tn Heon TR U; MLOG TTOAUMETABANTAG
lkaouolavng Katavoung, o mivaka¢ ocuvllakupavong X mapapével otabepdg kol Oev
TIOLKIAAEL PE O€ SLADOPETIKEG TIUEG TWV Slakpltwy HeTaBAnTwy. Auth n I8LoéTNTA Xapaktnpilet
OUTA TA LOVTEAX WG OLLOLOYEVN).

Entiong, n ouvdptnon rukvotntac tne e€iowong (1.19) pnopei va ekdpactel pe T Xpron the
g€lowong (1.20). Ou mapdauetpot (p;, u;, 2) mou mapouoidlovtal otnv efiowon (1.19)
avadEpovtal we oTlyLaiol mapdpetpol (moment parameters), Kot WIOPOUV VA LETATPATIOUV
O€ KOWOVLIKEG TapapETpoug (canonical parameters). ZupBoAifovtat wg €§A1¢ (g;, h;, K) xau
LoxUoUV oL aKOAoUBEC OXEOELG.

1
fG,y) = exp (gi +hiy - EyTKy) (1.20)
c 1 1 ..
g; = log(p;) — Elog 21w — Elog detX — S Hi 2y (1.21)
hi = 2_1|J.i (122)
K=31 (1.23)

1.4.2 Zuvaptnon MNBavodavelag

Y€ €va HOVTEAO HEIKTWV OAANAETUOPACEWY, N cuvaptnon MBavodAVELAG AVIUTPOCWIEVEL
v mbavotnta mapatnpnong Twv Sedopévwy UTO To UMOBETIKO povtélo. H péBodog
EKTIUNONG HEYLOTNG TBavVOPAVELAG XPNOLUOTOLETAL Yla VA TNV EKTIUNON TWV OTLYHLOiwY
napopétpwv (p;, 1;, ~X), oL omoieg yapaktnpilouv to HOvtéAo. AUTEG OL TTOPAUETPOL
npoodEpouv TV KaAUTEPN €€nynon yla ta napatnpoupeva dedopéva. H dtadikaoia tng MLE
AapPBavel umoPn Kol T KOTNYOPLKEG KOL TIG OUVEXEIG METABANTEC, QATMOTUTIWVOVTOC
QMOTEAECUATIKA TLG TTOAUTIAOKEG OAANAETILOPACELG KAl E€XPTIOELS TOUG.

Xpnowonowwvtag tnv efiowon (1.19), n ouvaptnon AoyapiBuou NG ouvaptnong
mBavodavelag divetal amno tnv e€lowon,

c

1 1
> log2m — Elog det — 2 (- w)"2 ' (y —w)) (1.25)

log f(i,y) =logp; —
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H peylotomnoinor tng yivetat tav woyvouv ot e€lowoelg (1.26), (1.27), (1.28).

_m
p=v (1.26)
i =y (1.27)
o _ TliSi
S=5= Z = (1.28)

AmAomolwvTag Kal avtikadlotwvtag Tig e€lowoelg auteg otnv e€iowon (1.25), mpokumtel otL

) nn 1 1 1
l =Znilog(ﬁ)—§Nc logZH—ENlogdetZ—ENc (1.29)

i

(Hojsgaard et al., 2012).

1.4.3 KoataAAnAotnta tou Movtélou

H amokALon evog HOVTEAOU HELKTWY AAANAETIO pACEWY Elval pLa LETPNON TNG TIPOCAPHOYAG
Tou HovTéAou ota dedopéva. Ymoloyiletal wg n Sladopd UETALL TNG EKTIUNONG TNG
HeyLoTomoltnNpévnNG AoyaplOuomolnuévng ouvaptnong mibavodpAvelag Tou KOPECHUEVOU
MOVTEAOU S KOL TNG EKTLUNONG TNG HEYLOTOMOLNUEVNG AOyaplOUOTIOINEVNG CUVAPTNONG
rmbavodavelag evog “UelwpEVou” HovtéAou m. H amdkAlon elval onUavTtiki otnv emhoyn
Kol a€LOAOYNON TWV HOVTEAWY PECO OTO TAALOLO TWV MOVTEAWY MELKTWY OAANAETUS pACEWV.
ErmiBupntn elvat pio xapnAn TLun anokAong, kabwe umodelkvUEeL pia KOAUTEPN TIPOCAPLOYH
TOU povtélou ota dedopéva.

O TUMOoG yLa TNV amoOKALon VOGS LOVTEAOU HelKTwY aAAnAemildpdoswyv Sivetal ano tn oxéon,

D=2(;-1,) (1.30)
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Xpnopomnolwwvtag tn e€lowon (1.29), n tumog tng anokAong (1.30) maipvel t popdn,

D=2 Z n; log (%) — Nlogdet(SE~1) + N(tr(s2-1) — ¢)
- i
l

+Zni(3_7i - )" I — ) (1.31)

(Hgjsgaard et al., 2012).
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Kedahaio 2- Movtéla KatevBuvopevwy Mpadnudtwyv

Y& auUTO To KePAAALO, BOl KAVOUHE MO ELOOYWYH OTA HMOVTEAX ypadnuatwy aluoidag, Eva
ONUAVTLKO UTTOCGUVOAO TwV KateuBuVOpeVWwY ypadnudtwy. Ta kateuBuvoueva ypadniuata
amoteAoUV €pyaleia TOOO yla TNV AvVANOPACTOCH, 000 KAl TNV OVAAUGCH TIOAUTTAOKWV
e€aptnoewv PETOEL PLETAPANTWVY. ZUYKEKPLUEVA, TA LOVTEAQ ypadnudatwy alucidag Bplokouv
edbapuoyn O€ TEPUTTWOELC OTIOU OL UETOPANTEG Umopouv va opadomolnBouv oe Slakplta
KOUTLA. To XopaKkTnpLoTtiko Stadopomoinong amd aAla povtéAa sival n e€aptnon Toug amno
™V Taglvopnon HeETaty Twv SLOKPLTWV KOUTIWV TwV HETABANTWY, evw mopdAAnAa Sev
ETUTPETOUV TNV TaflVOUNON HECA O€ KABE €val amo AUTA TA KOUTLA.

2.1 Movtéla Alucdwtwy Mpadpnpuatwv

Toa povtéda ypadnuatwyv aluoidoc eivat ypadIkd LOVIEAQ TTOU OVATTAPLOTOUV TLG UTIO OpOUG
e€aptnoelg petaty Twv petofAnTwy xpnotpomnolwvtag pia dopr ypddou. Autd to HOVTEAQ
ETUTPETIOUV TOOO KATEUBUVOUEVEG OCO KOl [N KATEUOUVOUEVEG OKUEC, AVTLTPOCWITEUOVTOG
£TOL £va EVEALKTO EUPOC OXECEWV. Eval EMUTAEOV XAPAKTNPLOTLKO OUTWV TWV HOVTEAWV £ival
OTL UImopouV va xpnotpomnotnBouv otav 1o §£50uévo cUVOAo epAaBAVEL TOGO CUVEXELG 00O
Kol Slakplteéc petoPAnTEG. Exouv Sladopeg edbaployeg o medbla OMwWE N YEVETIKA Kol oL
KOWWVLKEC ETILOTAHEG.

2.1.1 Movtélo Alucidwtou Mpadriuatog

Mapopola pe Ta Un KoteuBuvopeva ypadilkd MovieAa, KABe HeTaBAnTi TOU MOVTIEAOU
avanoapiotatal ano évav koppo. OL cuveEoeLg PETOEU TwV KOUBWVY avamapiotavial ano
OKUEG TIOU TAPEXOUV MO KoBaprn Omtikomoinon Twv Umo Opwv e€aPTNOEwWYV UETAEY TwV
peTaBANTWY. AVOAUOVTAG KOL EPUNVEVOVTOG TIG AKUECG, UTOPOUE VO QITOKTACOUME YVwaon
OXETIKA UE TNV miBavn enidpaon piag LETOPANTAG O€ ULt GAAN.

Ma va KATooKEUACOUUE €va ypadnua oAucibag, XPNOLUOTOLOUME £€vav HNXOVIOUO
opadomnoinong oe koutld. Ol petaPAntég xwpilovtal o€ KouTtld BACEL TOU pOAOU TOUG OTO
HovTéAo. Evtog kaBe koutlou, ol PeTaPANTEG Bewpouvtal TAUTOXPOVEG Kal kABe petafAnti
urtoBAAAeTal o€ TOAWVOPOUNON ME TG METABANTEG TTOU aAvAKOUV O€ OAA TOL KOUTLA TIOU
Bpiokovtal de€ld tn¢.
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EmumAéov, to kouti mou PplokeTal ota aploTeEPd oto ypadnua alucidag TepPLEXEL
OTOKAELOTIKA TIG UETAPANTEG QIMOKPLONG, EVW TO KOUTL Ttou PBploketal ota Se€ld mepléxel
OTTOKAELOTIKA TIG EMEENYNUATIKEG METOPANTEG. OL umoAouneg PETABANTEC aAvVAKOUV OTA
evOlAEDA KOUTLA.

Elvat onuavtikd va avoadEpoupe OTL XprioLUeg TTAnpodopleg mapExovtal OXL LOVO amo TIC
napoloeg, aAAd Kal amd TG anouolalouvoes akpEG. H amouoiao pog akpng Hetaty Suo
HETABANTWVY uTtOSNAWVEL TNV UTIO Opo avetaptnaoia Touc.

2.1.2 Zuvaptnon Nukvotntog

Ye éva ypadnua aluoidag, n Ko cuvaptnon MUKVOTNTAC MOPAYOVTOTOLE(TaL BACEL TwV
ouvdedeévwy TUNUATWY (components) Tou ypadou. Ta cuvdedepéva TuRUaATA £lval Ta
HULKPOTEPA KOMUMUATIA TOU YypAdou ToU TOPOMEVOUV HETA TNV e€dlewpn OAwv Twv
KATEUOBUVOUEVWV OKUWV TOU 0pXLKOU ypAddou.

Ac¢ Beswpniooupe éva ypadnuo evog alucldwTtol ypadnuatog Kal £€va cUVOAO amod Tta
ouvdedepéva TUAMATA TOU g1, 92, .-, 9n. H ouvdptnon mukvotntag Oilvetal omd Ttov
TIAPOAKATW TUTTO,

f= f[ fgi|g>i

OMoU  fy.|g>i OVOMAPLOTA TNV UMO OPO OUVAPTNON TUKVOTNTAG TwV METABANTWVY OTO
ouvdebepévo TUAUA g; SE60UEVOU OAWV TWV TPONYOUUEVWY CUVEESEUEVWY TUNUATWY g,
ywa j > 1.

(Wermuth & Sadeghi, 2012).

AtileL va Ttovicoupe OTL n popdr TNG CUVAPTNONG AUTAC €aptdtal amd Tov TUMOo Twv
HETABANTWY TIOU CUMMETEXOUV OTO MOVTEAO Kal o€ KABe ocuvdedeuévo tunua (ouvexelg,
SLakpLTEC), kaBwe kat armo tig urtoBéoelg povtelomnoinong (Cox & Wermuth, 1993).
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Kedalaro 3- Avaluon Aedopévwv

Y€ aUTO TO KePAAQLO, TTPAYUATOTOLOUE OTATIOTLK aVAAUCH SE60UEVWVY XPNOLUOTIOLWVTAG
™V R. EMUKEVTPWVOUOOTE O £VOl CUYKEKPLUEVO GUVOAO SeSOUEVWVY KaL TO XPNOLUOTIOLOU UE
yla va epopUOCOUUE TPELG SLOPOPETIKEG TEXVIKEG ylol TN MEAETN KAl oUYKPLON Twv
QMOTEAECUATWY TOUC. ApxLKa, edapuoletal éva kaouolavo ypadilkd HOVIEAO 0TO CUVOAO
6ebopévwy, OTN CUVEXELA XPNOLUOTIOLE(TAL £val LOVTEADO UIKTAG aAANAeTidpaong, Kal TEAOC
TIPAYLOTOTIOLOU UE OTOTLOTLKA OVAAUGT) XPNOLUOTIOLWVTOC EVa YpadLKO LovTéAo aAuaidac.

3.1 Napouciaon tou ZuvoAou AsSopévwv

Y€ QUTAV TNV EPYOOLA, TIPAYUOTOTOLOAUE Hia avaluon Twv Sedopévwy mou tponABav amno
HLOL LEAETN tapakoAoUBOnong acBevwyv mou voonAeutnkayv yla COVID-19 otnv Italia. Auti n
£€peuva Tpaypatonow)fnke to £to¢ 2021. To ocuUvoAo Sedopévwv TPOEPXETOL ATO TO
EPEUVNTLKO Ttpoypappa pe titho " Multidimensional statistical analysis of databases relating
to patients affected by "long-Covid" in order to characterize their manifestations, identify their
risk factors and identify their therapeutic trajectories.", To omnoio xpnuatodotnOnke amnod to
MNavemotiuio tng MNepoutlia, otnv ItaAia. O KUPLOG OTOXOC QUTNC TNG MEALTNG £ival n
Slepelivnon Kal n anoktnon eUPENELOC OTOUC LOKPOTIPOBEGOUC TIPOYVWOTIKOUG TIOPAYOVTEG
TWV CUVETTELWV OTNV UYEla AUt TNG acBévelag. To cuvolo dedopévwy amoteAsitat amo 108
napatnpnoelg kat 106 petapAnteg.

H épeuva neplhapPfave dtadopoug tumoug Sedopévwy. EVEeLKTIKA avadEPOUE OPLOUEVOUG,

o Anpoypadika dedouéva: HAkia, puAo

e AvBpwropetpika Sedopéva: YPog, BAapog, TEPIUETPOG OWUATOG (Umpdtoo, HEon,
yodog, Aatpdg)

e Jyupmtwpata: Konwon, e€avonua, UTvog, Slappota KATL.

o Aebopéva voonlelag: Eloaywyn, emioken e€€taong, AvamVEUOTIKI) UTTOOTPLEN KATT.

e JuvnBeleg: Kanviopa

o Aebdopéva epyaoctnpiou: Aipa (Oeppttivn, DDIMER, dLunpvoydvo KATL.)

e Aettoupyla TmveUpova  Kalt  kapdlag:  Afoviky Topoypadla, OTpOUETPLa,
nxokapdloypddnua KAT.

o  Wuyoloyikd dedopéva: dyxog, KatdbAupn KA.

AOoyw Ttou peydlou mARBoug petaBAntwv oe oxéon PeE TO MANBOC TWV MOPATNPACEWY,
npaypatonolOnke emAoyr UETAPANTWY WOTE VA ETILKEVTPWOOUE OTOUG TILO CNUAVTLKOUG
TIAPAYOVTEG. AWCOME TIPOTEPALOTNTA OTIC TILO OXETIKEC METAPANTEG QMO TIG TAPOTTAVW
katnyopieg Sedopévwv. OL emAeyuEVeS HeTABANTEC TapouoLldlovTal oTtov akoAouBo mivaka.
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Eneénynuatiki MetapfAnty ToOmog

BMI ZUVEXNAG
TIME_UNTIL_FOLUP SUVEXAC
AGE ZUVEXAG
GENDER Katnyoptkn
SMOKING Katnyoptkn

Nepypadn

Agiktn¢ palog cwuoTog (%)
Aldpkela petalu fitnpiou Kat
eniokePng (NUEPEC)

HAwia (xpovia)

1: Nuvaika

2: Avépag

1: Mn KamvioTng

2: KamvioTtng

Mnyn Asdopévwv
AvOpWTOUETPLKA
bebopéva

Agdopéva voonleiog
Anpoypoadika Sedopéva
Anpoypadika dedopéva

Agdopéva ouvnBelwv
vyeiag

MetaBAnti AndkpLong MNeplypadn Mnyn Asbopévwv

VE.VCO2.SLOPE SUVEXAC
V02 JUVEXNG
LT JUVEXAC
FEV1 JUVEXNG
FERRITIN JUVEXNG
DDIMER JUVEXAC
IES.R.TOTAL ZUVEXNG
DEPRESSION Katnyoptkn
ICU Katnyopukn
FATIGUE Katnyopukn
HRTC Kotnyopukn
HRTC_2cat Kotnyopukn

AvoAoyia Tou ouvoALKoU
£LOTIVEOEVOU OEPQL TIPOC TNV
napaywyn Sto€eldiou Tou avBpaka

MéyLotn ofuyovwaon Katavalwong

Katwtoto 6plo yalakTtikol o&£og

Mé£yLoTOG OYKOG QEPOL TTIOU
EKTIVEETOL 0€ 1" PETA Ao YEYLOTN
€LOTIVON)

Mpwteivn amoBnkevong odrpou
oTa KUTTapa

Blood clotting test
AutoaéloAoynon TG coBapotntag
TWV CUMMTWUATWY UETA OO
TPAULLOTLKO OTPEG E TNV KALHOKA
Impact of Event Scale-Revised
Autoaflohoynon

1: Kavovikn

2: MétpLa

3: ZoBapn

Movada evtatikng Bepamneiag

1: OxL

2: Nou

Autoaglohoynon

1: OxL

2: Nau

High Resolution Computed
Tomography

1: KaVOoVIKEC

2: Eupnuata

3: JoBapa eupruata

1: Zuyxwvevon katnyoptwv HRTC
2: Kevég Tipuég HRTC

Table 41: Asdouéva rtpo¢ avaiuon
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Kapdloavamveuotikog
€\eyxog

KoapSLoavarmveuoTikog
€\eyxog
KoapSLoavamveuoTtikog
€\eyxog

ITLPOUETPLOC

Laboratory data

Epyaotnplakd debopéva

Wuyoloyika dedopéva

Wuyoloyika dedopéva

Asdopéva voonAeiag

JupnTwpoTa

CT scan

CT scan



3.2 Npoenegepyaocia Aedopévwy
3.2.1 Anuoupyio Néwv MetapAntwyv

XpNGOLUOMOLWVTAG TN YAWOOO TIPOYPAUUATIOHNOU R Kal To apXlkd Sedouévwy mou pog 660nke,
Snuoupynoape tig eEnynUatikeg petapAntég AGE, BMI kaw TIME_UNTIL_FOLUP, kaBwg
Kal TNV amokputikr petofAnty HRTC_2cat. Autég ol peTaBAntég dnuioupynBnkav emewdn
ouxva aivetal OtL elval onUAVTIKEG o SLAPOPEC EPEVVEC.

H petaBAnt AGE mpokUTTel amd Tov umoAoylopd tng Stadopdg HETALY TNG NUEPOUNVIOC
£100YWYNG Tou aoBeVOUG OTO VOOOKOUELD KaL TNG NUEPOUNVIAG YEVVNONG TOU.

Ma tn petafAnty BMI, xpnowpomnowoape ta dtabéoipa dedopéva yia to Bapog kal to Uog
TwVv acBevwv otov TuTo,

Weight (kg)
Height? \m?

H petapAnty TIME_UNTIL_FOLUP &nuioupynBnke omod TOV UTIOAOYLOMO TOU XPOVLKOU
SlaotAHATOG METAEU TNG NUEPOUNVIOG ELOQYWYNC OTO VOOOKOUELO KOl TNG ETOMEVNG
nNUEpoUNViag emavetETaong.

H petapAntn anokpiong HRTC _2cat mpoékuPe amo tn petafAntiy HRTC. TuyXwvelovTtog TG
TPl Katnyopleg tnc HRTC o€ pia, Snpovpyndnke n mpwtn katnyopiatng HRTC _2cat, evw
n &gutepn katnyoplatng HRTC _2cat meplhappavel OAeG TG anouvoldlovoes TiueéG tng HRTC.

3.3  Mn kateuBuvopeva lkaouotava Mpadikd Movtéda

ZeKWApe eloAyovtag To oUVoAo dedopévwv oto meplBaArlov tng R. Autd yivetal pe tn
BonBela tng ouvaptnong read.xlsx(). Zuvexilovpe pe Tt avAAuon Kot Tt UEAETN TWV
OXEOEWV HETOEU TWV OUVEXWV METAPANTWV HE TN Xpnon &vog kaoucolavol ypadilkou
HovtéAou. Xpnolpomotoape tn cuvdptnon cmod(), 6mou 1o ¢ avadEPETAL OTLG CUVEXELS
HeTaBANTEG 0TO HOVTEAD. AUTH N CUVAPTNON IPOEPXETAL ATIO TO TIAKETO gRim tng R.

2Tn OUVEXELQ, ETUAEYOU UE LOVTENO BAOEL TOU KpLtnpilou BIC, xpnotpomolwvtag tTn cuvaptnon
stepwise(). e autrv TNV ntepintwon, npotipovpe to BIC avti tou AIC, kaBwg guvoel €va Lo
artAS POVTEAOD Kall, CUVETIWG, SLEUKOAUVEL TOOO TNV EpUNVELA 0O KAl TNV AvVaapAcTAcH TOU
anoteAéopatog. Ta anoteAéopata napouaotdalovral otoug I1ivakes 42,43. Onwg daivetal,
TO MAAPEG UOVTEAO €XEL CUVOALKA 45 TBAVEG OKUEG KAl OO AUTEC LOvo 18 umdpxouv oTo
TEAIKO povVTéAO Tou TpokUTtel amd to BIC. EmutAéov, ocuykpivovtag ta SUo HOVTEAQ,
napatneoL he Ot kat oL Vo TIpES Tou AlC kat Tou BIC pelwvovtal.
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Kopeopévo Movtélo: 10 ouvexeig LeTaBANTEG
-2loglL 6919.73 mdim 55 AIC 7029.73

ideviance # 180.85 | idf 45 BIC  7170.77
deviance -0.00 df 0

Table 42: UGGM - Kopeouévo Movtédo

TeAwko Movtélo: 10 cuv
-2loglL 6941.31 mdim 28 AIC 6997.31

ideviance # 159.28 | idf 18 BIC | 7069.11
deviance 21.58 df 27

Table 43: UGGM - TeAiké Movtédo

TéAog, €€eTAlOUUE TIC OXEOEL UETOEY TWV HETABANTWY UTTOAOYL{OVTOC TOV TIVOKO HEPLKNAC
OUOXETLONG LEOW TOU Ttivaka cuvdlakupavong pe tn Bonbeta tng cuvdptnong cov2pcor().
(Mivaka 44). Ta mpoonua oTLg OKUEG 0To Xynua 13 mpoépxovtat amno tov I1ivaka 44.

TIME_ VE. IES.
MetaBAnty AGE BMI UNTL_ DDIMER FERRITIN FEV1 VO2 VCO2. LT R.
FOLUP SLOPE TOTAL
1.00 0.30 -0.01 0.33 -0.05 030 034 0.02 036 -0.22
0.30 1.00 0.07 0.17 -0.01 0.08 053 -0.09 0.23 0.10
0 61 0.07 1.00 -0.10 0.05 0.08 0.09 -0.03 0.16 -0.09
0.17 -0.10 1.00 0.11 0.09 0.06 -0.16 0 ;_)7 0.01
FERRITIN 005 0.01 0.05 0.11 1.00 0.02 0.00 0.24 0.02 -0.18
0.30 0.08 0.08 0.09 0.02 1.00 0.33 -0.14 027 -0.24
034 053 0.09 0.06 0.00 0.33 1.00 -0.12 0.41 0.05
0.02 0.09 -0.03 -0.16 0.24 014 0.12 1.00 018 0.23
0.36 0.23 0.16 -0.07 -0.02 0 _27 0.41 -0.18 1.00 0.26
0.22 0.10 -0.09 0.01 -0.18 0.24 0.05 0.23 0.26 1.00

Table 44: UGGM - MTivakog UEPLKIIG GUCYETLONG

105



LT TIME_UNTIL_FOLUP

+  FEV1
- - +
- IES.R.TOTAL . +
+ - + +
VE.VCO2.SLOPE - AGE
+ + -
FERRITIN - DDIMER  VO2

Figure 13: Min kateuBuvouevo Mkaouolavo ypa@Iko UoVTEAD

106




3.4  Movtélo Mwktric AMnAenibpaong

ZeKWVAPE elodyovtag oto mMepBailov tng R to ouvolo Sedopévwv. AuTO ylvetal UeE TN
BonBela tng ouvaptnong read. xIsx (). Eva povtélo piktng aAAnAenidpaong epappodletal yia
TNV avdAuon twv dedopévwy, xpnotponolwvtag tn cuvaptnon mmod (), 0mou 1o m onuaivel
OTL €XOUUE WLKTEC UETAPANTEG (OUVEXELC KaLl SLAKPLTEG) OTO HOVTEAO. AUt n ouvaptnon
TIPOEPXETAL OTtd TO TAKETO gRim tng R.

ITn OUVEXELD, €KTEAOUUE TNV €miAoyn HoOviéAou, n omoia Boaoiletalt oto kputripto AlC,
xpnowonowwvtag tn ouvaptnon stepwise(). O Ilivakag 45 6Selxvel tn olvoyn tou
KOPEOUEVOU HOVTEAOU, evw o ITivakag 46 mapouolalel Tn cuvodn tou TEAKOU HLOVTEAOU
HETA TN Xpnon tou AIC. Onwc daivetal, To KOPEOUEVO HOVTEAD €XeEL 76 TUOOVEG OKUEC
OUVOALKQA Kal amo auTéC povo 19 umdpyouv oto TeAKO poviélo. EmumAéov, ouykpivovtag Ta
600 povTEA MapaTNPOUUE OTL Kot ot Vo TIpEC Tou AIC kat tou BIC petwvovtal.

Kopeopévo Movtélo: 10 ouvexeig peTaBAnTEg

-2loglL 4750.51 mdim 98 AIC 4946.51
ideviance # 170.14 | idf 76 | BIC | 5197.82
deviance -0.00 df 0

Table 45: MIM - Kopeougvo MovtéAo

TeAwo Movtélo: 10 cuvexeic petaBAntég
-2loglL 4828.59 mdim 41 AIC 4910.59
ideviance  131.11 | idf 19 BIC 5015.72
deviance 39.04 df 57

Table 46: MIM - TeAiko Movtédo

Yuveyiloupe TNV avaAluon LEAETWVTAG TIG OXECELG LETAEY TWV LETABANTWVY XPNOLLOTIOLWVTAG
¢ mopapétpous pomnc (p;, Ui 2). ApXIKA, OLEPEUVOUUE TIG OUCKETIOELS METOED TwV
OPLOUNTIKWY UETABANTWY XPNOLUOTIOLWVTOG TOV TIVAKA HEPLKIG CUOXETLONG TTOU TIPOEPXETAL
armo tov nivaka cuvlakupavong X (lTivakag 47). Enewta, e€etalou e TG OXECELG METAEL TWV
aplOunTikwy Kat twv duadikwy petaBAntwy, untodoyilovtag tn dtadopd peTALY TWV PECWVY
O0pwv Twv opddwv (IMivakag 48). TéENog, yla va peAetriooupe thv alnAemidpaon twv §vo
Suadikwv petapAntwv o kABe aplOunTikn petaBAntr, ocuykpivoupe tn Stadopd Twv PEcWV
OpWV UETOEL TWV OUASWV OTav N pia oo g SUo Suadikeég HeTafANTEC Mapapével otabepn
Kot N GAAN aAAdlel to eninedo tng (Mivakag 48). Ta npoéonua oe k&Be akun mpoodidovtat
oluudwva pe toug ITivakes 47,48.
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MetapAnty AGE

0.00

V02 -0.47

FEV1 -0.42

0.00

0.00

0.44
| DDIMER [Nk
FERRITIN oKy

BMI

-0.25
1.00

0.00

-0.41
0.00

0.00

0.00

0.22
0.00
0.00

TIME_
UNTL_
FOLUP

0.00
0.00

1.00

0.00
0.00

0.00

0.00

0.00
0.00
0.00

Vo2

-0.47
-0.41

0.00

1.00
0.00

0.00

-0.14

0.59
0.00
0.00

FEV1

-0.42
0.00

0.00

0.00
1.00

0.00

0.00

0.00
0.00
0.00

IES.

R. VvVCco2.
TOTAL SLOPE
0.00 0.00
0.00 0.00
0.00 0.00
0.00 -0.14
0.00 0.00
1.00 0.00
0.00 1.00
0.00 0.00
0.00 0.00
0.00 0.00

VE.

Table 47: MIM - Mivakac Mepikn¢ ZucyETiong

MetaBAnt G1251' G1252
EX 209 | 185
ET 432 435
0.00  0.00
542 538
FEV1 094  0.93
-18.51 -18.51
VE.
VCOo2. 129 -1.29
SLOPE
-0.07  -0.07
BRIV -0.06 | -0.05
FERRITIN 1.00  1.00

G1s12°

3.53
-0.21

0.00

-0.52
-0.12

0.00

0.13

0.01
-0.17
0.00

G2s12°

3.77
-0.22

0.00

-0.56
-0.13

0.00

0.13

0.01
-0.16
0.00

LT DDIMER FERRITIN

0.44
0.22

0.00

0.59
0.00

0.00

0.00

1.00
0.00
0.00

inter_
effect®
0.24
-0.01

0.00

-0.04
-0.01

0.00

0.00

0.00
0.01
0.00

Table 48: MIM - Atapopa pugéowv opwv kot aAAnAenidpaon
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0.32
0.00

0.00

0.00
0.00

0.00

0.00

0.00
1.00
0.00

0.00
0.00

0.00

0.00
0.00

0.00

0.00

0.00
0.00
1.00



Ene€nynon otnAwv livaka 48:

1 H Siadopd otnv ékBaon petafd atopwv pe GUAo=2 (Avdpag) kat GUAo=1 (Fuvaika), mou
KpaTtouVv oTaBepo To KATVIoUA oTo emninedo 1.

2 H Sladopd otnv ékBoon petaPAnth HeTofy atopwv pe DUAo=2 (AvSpag) kot DUAo=1
(FTuvaika), mou dlatnpouv to Kanviopa otabepd oto eninedo 2.

3 H Suadopd otnv ékBaon petafd atopwyv pe Kanviopa=2 (Karviothc) kal Kdmviopa=1 (Mn
KQIVLOTAG), Ttou Kpatouv To QUAo otabepo oto 1 emnimedo.

4 H Sladopd otnv ékBaon petald atopwyv pe Kamviopa=2 (Kamviotic) kal Kdmviopa=1 (Mn
Kamviotg), kpatwvtoag to Qulo otabepod oto enimedo 2.

> H eniSpaon aAnAenidpaong ®UAou kot Kamviopatog otnv apt@untikr LEToBANTH.

Interaction effect of Gender & Smoking on

g VoI -
VEVCO2 SLOPE O FEV1: -
O DDIMER: +

V02 € BMI
+
+

LT " + AGE

-(Male) -
¥
FEVA1 +HMale)
+{Male)
-(Male)
Mal
FERRITIN +{Male) GENDER
“Male)
IESRTOTAL (Smoker) SMOKING
DDIMER TIME_UNTIL_FOLUP
Block 1 Block 2

Figure 14: MovtéAo uelktri¢ aAAnAemidpaong

To povtéAo piktg aAnAemnidpacng mou mapouctaletat oto Xynua 14 amnoteleitat and U0 KOUTLA.
To mpwto kouti meptAapPavel TIG HeTOPANTEG ATOKPLONG, VW To SeUTEPO KOUTL MEPAAUPAVEL TIG
EMEENYNUATIKEG LETABANTEC.
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3.5 Movtélo ypadnuatog aluoidag

ZeKWVAPE eloayovtag otnv R to ouvolo SeSopévwy. Auto yivetal pe tn BonBela ¢ ocuvaptnong
read. xlsx(). Eva povtélo ypadrpatog aluoidag epappoletal yla tnv avdAuon twv dedopévwy
Xpnotponolwvtag tn ocuvaptnon coxwer () and to noketo gRchain g R.

JTn ouVEXeLa, eKTEAOUE TNV ETILAOYT HOVTEAOU, N omola Baciletal oto kpttrpLo BIC, XpNOLLOTMOLWVTAS
™ ouvdptnon stepwise(). To mheovektnua tou BIC évavtt tng AIC ival otL euvoel €va amAoUoTtePo
HOVTENO.

‘Evag SLapopeTikog TUTOC PoVTEAOU TtpooapuoleTal yia kaBe petaBAntn pe Baon tn dpuon
ne.

e ‘Eva ordinary least squares HOVTEAO XpNnOLUOTOLELTAL YLO KAOE ouvVeX HETOBANTA.

e ‘Eva binomial logit povtélo xpnotpomoleitat yia kaBe duadikn petapAnth.

e ‘Eva proportional odds logit povtéAo xpnolpomoLeiTal Yot SLOTETAYUEVEG KATNYOPLKEC
HeTaBANTEC.

Ta mpoonua mou amodidovtal o kdBe aku oto Xynua 15 mpoépxovrat amod Toug
OUVTEAEOTEG TTOU AaUBAVOVTAL OO TA AVTIOTOLYO TTPOCAPUOCHUEVA LOVTEAQL.

3to Xynua 15, eivat onpavtikd va e§nyrnooupe tn onpacia kaBe koutlou.

‘Eva povtélo ypadrpatoc aluoidoc mpooappoletal otig MeTaBANTEC mou Ywpilovtal ota
KOUTLA € ETIKETEC 2, 3 Kol 4 BAOEL TOUC avTioToLyouC POAOUC TOUG OTO MoVTEND. ELSLKOTEPQ,
TO KOUTL 4 amoteAsital amo Ti¢ PACIKEG EMEENYNUOTIKEG LETABANTEG, TO KOUTL 3 tepAapBavel
TIG eVOLAUEDEC METABANTEC KAl TO KOUTL 2 TIEPLEXEL TIC METABANTEC ATIOKPLONC.

Ooov adopa to kouti 1, autd anoteAeital and tn HRTC. Auth n LETABANTH avTLOTOLXEL oTNV
apxkn petaBAnty HRTC amnod to oUvohlo Sedopévwy, oA MepAABAVEL LOVO TLG TPELG
Katnyopleg tng, €xovrag adalpebel OAeg oL amouolalouoeg TIHEG. H ouoxETlon TG UE TIG
OAAEG HeTAPBANTEG EEETAOTNKE XpNOLUOTIOLWVTOC TO proportional odds logit povtého.
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Figure 15: Mpapiko puovtédo aAvaibac
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Zuunepdopata

e auth TNV epyooia, fekwvioape elodyovtag tn Oepellwdn Bewpla mou SLEMEL TPELS
ONUAVTLKOUC TUTIOUG YpOodpLKWY HOVTEAWV: TO N KateuvBuvopevo lkaouolavo ypadlko
HOVTEAO, TO HOVTEAO MELKTAC aAAnAemidpaong kat To ypadlkd poviédo aluoidag. 2tn
OUVEXEL, oUVEXIOOUE UE TNV EPAPUOYN TOUC OE MPOYHOTIKA SeSopéva, a&lOMOLWVTOC TLG
OTATLOTIKEG SUVATOTNTEG TOU MPOYPAUUATIOTIKOU gpyaleiov R. Katd cuveénela, cuvduaoape
Bewpla kal epapuoyn yla va amoKTHOOUUE YVWOEeLS Kol de€lotnteg aflomoinong ypadikwy
HOVTEAWV YLO. OTATLOTIKN avAAuon.

JUUMEPAOUATLKA, EPEVVAOAUE E0TLAIOVTOC 0TI CUCXETIOELG TWV OVTLKELUEVIKWY UETPHOEWY
¢ HUOLKAG KOTAOTOONG KAl TWV UTIOKELUEVIKWY OELOAOYNOEWV TIOU TIPOEKUYPAV HECW
epwTNUOTOAOYiWY. AUTA N TIPOCEYYLON HOG EMETPEYE VO ATIOKTI|OOULE YVWOELG OXETIKA HE
ToV pakpomnpoBeopo avtiktumo tou COVID-19 otnv uyeia. H cuvoln Twv amoTteEAECUATWY Ao
ta Zynuata 6,7 kot 8 kat toug ITivakes 13,14 kat 15, amokdAude OTL OL EMUMTTWOELG TOU LOU
oTa atopa emnpealoviav oo MoAAoOUC MOPAYOVTEC, OTWE N NALKIA Tou acBevouc, o elktng
pafoc owpatog tou acbevouc, KaBwe Kot wg To $pUAO evog aoBevoug.

Mwa afloonuelwtn yevikn mopatipnon eivat otL 1o ypadnua alucibag oto Xynua 8
HOLPAleTalL TOAEG AKPEG HE TO ypddnua HKTAG aAnAenidpaong oto XZynua 7. Auth n
OUVETELO €lvol TIOAU ONUOVTIKN Kol TIOAUTLUN €TELSr) €VIOXUEL TNV EYKUPOTNTO TWV
CUUMEPACUATWY TIOU TIPOEPXOVTAL OO AUTA Ta YpadUaTa.

AvokaAUpape evlladEpovta OMOTEAECHUATA, KATOLA om0 aUTA ATV OVAUEVOUEVO Kol
Karmota aAAa oxL, AapBavovtag urtoPn umapxovteg aAAQ KoL AMOVTEC CUCXETLOUOUG.

Mpwtov, napatnpnoape dtadopeg pe Baon 1o puAo. H avaluon amokdAuPe OTL oL avEpeg
€Tewvayv va mopoucotalouv uPnAOTEPEC TIUEG LEYLOTNG KatavaAwaong ofuyovou (V02), kabwg
KOl MEYLOTOU OYKOU EKTIVEOUEVOU OQEPO KATA TO TPWTO SEUTEPOAETITO HETA TN MEYLOTN
elonvon) (FEV1) og ocUyKpLON HE TLG YUVALKEG.

AgUtepov, anokaAudOnkav dtadopég pe Baon tnv nAwkia. Ta amoteAéopata Seixyvouv OTL N
NALKioL Urtopel va emnpedoel Ta amoteAéopata TNG Vyelag. Mo cUYKEKPLUEVA, OL NALKLWEVOL
aoBevelg epdavicav avénon oto emninedo tou DDIMER, to omoio eivat Sgiktng mnéng tou
aiparog. EmumAéov, kaBwg avfavotav n nAikia, mopatnendnke Pelwon TOC0 TNG UEYLOTNG
KatavaAwong ouyovou (V02) 660 Kal Tou PEYLOTOU OYKOU EKTIVEOUEVOU QEPA KATA TO PWTO
SeutepOAento LeTA TN péylotn ewomvon (FEV1).

Mta akOpun TIOAUTLUN TTOpATAPNON €lval OTL TO AUTOAELOAOYNUEVO CUUMTWHA TNG KOTIWONG
ouoxetiotnke BeTikd pe TNV KATABALN. AAG n Tttuxn Tou evoladEpovtog edw EyKeELTOL OTNV
arnoucia ouoXETIoEWV HETOED AUTWY TWV SUO UTIOKELUEVIKWY EKTLUACEWV KoL TwWV GAAWY
OVTLKELUEVIKWVY UETPNOEWV. AUTO TO €UPNUO UTIOYPAUMIZEL TN oUVOETN ox€on MeTafL NG
CWHATIKAG KoL PUXIKAG UYELOG TwV atOPwV TIou avappwvouv amnd tov COVID-19 kat pag
Selyvel TNV avaykn uTtooTAPLENG AUTWV TWV avBpwnwv.
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Ma vo ouveXloOUE HE TA QNMOTEAECUATA LOG, TTAPATNPNOAUE emiong OTL 0 deiktng palag
ocwpatog (AMZ) kat n eloaywyn otn povada evratikng Bepamneiag (MEO) émaiéav kaboploTikd
pOAo otnv avdppwon tou aoBevous. OL acBeveig pe peyaAutepo deiktn palag CWHOTOG
£Tevayv va tapouaotalouv Peiwon 1600 TG HEYLOTNG KatavaAwong ofuyovou (V02) 6co kat
TOU PEYLOTOU OYKOU TOU EKTIVEOUEVOU O€PQ KATA TO TTPWTO SEUTEPOAETITO UETA TN UEYLOTN
elonvon (FEV1). EmumAéov, atopa pe uPpnAdtepo Seiktn palog owuatog eixov auvénuévn
mbavotnta va eloéABouv otn povada evratikng Oeparneioag (ME®) katd tn voonAeia Toug.

ErumAéov, péoa amnod ta ypodrpata avakoAUPope pla cuoxEtion HeTafl Twv PeTaBAnTwv
SMOKING xai ICU. Mo ouykekplpéva, upnAdtepn mbavotnta swcaywyng otn povada
EVTOTIKAG Bepameiag mapatnprBnKe 0TOUC KATIVIOTEG.

Teheutaia 0AAG OXL ALlyOTEPO ONUAVTIKN, €lval n oxéon petaéL VO2 kat HRTC. AvakaAUape
OTL TaL ATOpA HE auENUEVN pEYLloTn KatavaAwon ofuyovou (V02) étewvav va mapouaotalouy
KaAUTepa amoteAéopata otnv YmoAoylotikr Topoypadia upnAng avaiuong (HRTC), evw ot
NALKLWHUEVOL 0l0DEVELG ETELVOV VA £XOUV XELPOTEPA ATIOTEAECUOTO 0EOVLKAG TOpoypadLac.

JUVOTITIKA, OUTA TA EUPHMUOTO UTIOYPOAUUI{OUV TNV OIMOTEAECUATIKOTNTA TWV YPOPLKWV
HOVTEAWV oTnV amokaAuPn kpudwv HOTIBwVY KoL OTNV KATAVONGN TTOAUTTAOKWY OXECEWV.
Méow TNG €PappoynC OUTWV TWV €EEAYUEVWV TEXVIKWY, UMOPOULE VO EVIOMICOUE
KPLOLHOUG TIOPAYOVTEC TTIOU EMNPEALOUV TO. OIMOTEAECHATA TNE UYELXG AOYyw Lo aloBEveLag
Kol va BpoU e TiLo KATAAANAEC MOPEUBACELG YLOL TOV HETPLACHUO TWV ETLITTWOEWV.
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