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Introdu tion
Finland has one of the oldest re ording systems of so ial and health information
in the world (Gissler and Haukka, 2004), whi h provides a valuable resour e for
so ial and epidemiologi al resear h.
The introdu tion of the personal identi ation number, in 1964, allowed to
link the re ords from dierent registers and studies, providing a ri h and omplex
data olle tion. A ording to the Finnish register system, the Finnish Hospital Dis harge Register (FHDR) is the most used database for resear h purposes
(Gissler and Haukka, 2004).
In onjun tion with the FINRISK studies, the FHDR forms a olle tion of
personal and biologi al information that ould be used to fa ilitate the prognosis
and predi t the development of diseases based on individual data.
Disease evolution has been studied with dierent learning te hniques
(Cohen et al., 2010, Sonnenberg and Be k, 1993), most of them related with Markov
hains. Markov hains are a powerful resour e due to their apa ity to model temporal sequen es and to infer the probability of possible progressions of states.
In Jensen et al. (2014) used the Markov luster algorithm (MCL), a tool based
on Markov hains, is used to explore disease intera tions present in the ele troni
medi al re ords ompiled from the Danish population. Previously, MCL algorithm has been used to examine the feasibility of protein sequen es depending
on the identi ation of groups (Enrigth et al., 2002, Szilágyi and Szilágyi, 2013).
Jensen et al. (2014) exploit the fa t that the dynami s in protein intera tions is
omparable to disease intera tions.
The aim of this thesis is to identify signi ant disease paths (disease groups) in
1
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the Finnish population. For this purpose I utilized the FHDR data for individuals
sampled in the FINRISK studies. A general des ription of the datasets is given
in Chapter 1, where is also introdu ed the International Classi ation of Diseases
(ICD) ode system. Moreover, in Chapter 1 I highlight the main ategories of
disease to fo us our study, a ording to the availability of data and the risk of
developing su h disease.
In Chapter 2, I detail the on ept of Markov hain and its relation to the
Markov luster algorithm. For a better understanding of the algorithm, in Chapter
3 I developed an illustrative example to show the ee t of the parameter values.
Also, in Chapter 3 I present the results obtained by applying the MCL algorithm to a rst order Markov hain dened by the disease transitions established
by the rst and se ond hierar hy levels of the ICD odes.
Finally, we present some dis ussion about the results and pra ti al uses of this
work.

Chapter 1
Data
1.1

FINRISK study

The national FINRISK studies are ross se tional studies performed, sin e 1992,
every ve years. They were established with the purpose to monitor ardiovasular and hroni diseases, and the risk fa tors asso iated with the working age
population in Finland.
The FINRISK studies started as a review of the North Karelia proje t. Sin e
then new regions of interest were in luded and it be ame a national study. In the
latest FINRISK study in 2012 (Borodulin et al., 2013) the muni ipalities in luded
were lo ated in the following regions:
1. Pohjois-Karjalan maakunta
2. Pohjois-Savon maakunta
3. Turku, Loimaa ja tietyt ympäryskunnat
4. Helsinki ja Vantaa
5. Pohjois-Pohjanmaa ja Kainuun maakunnat
6. Lapin lääni
3

4

CHAPTER 1.

DATA

The population of interest to the FINRISK studies onsists of adults from 25 to
74 years of age. In the latest FINRISK study (2012), the individuals were sampled
randomly from the Population Register (Väestörekisteri) under a stratied design
by age and sex, with uniform sample size per region. The aim was to olle t a
sample of 2000 individuals per region.
The questionnaires were sent to the individuals together with an invitation to
the losest health are enter arranged for the study. In the health are entres,
the individuals were asked to onsent for physi al measures and the extra tion of
a blood sample.
The information ompiled in lude so ial-demographi variables, information
related to the use of health servi es, diseases and symptoms suered, health and
diet habits, and psy hoso ial fa tors. Blood samples were taken for biomarker
measurement and geneti analysis.
FINRISK samples onstitute a ri h olle tion of biologi al information, whi h
in onjun tion with health re ords an ontribute to the understanding of omplex
diseases and their risk fa tors, allowing advan es in personalised medi ine. The
health re ords asso iated with the FINRISK studies are from the Finnish Hospital
Dis harge Register.

1.2

Finnish Hospital Dis harge Register

Finnish Hospital Dis harge Register (FHDR) is one of the oldest individual registries whi h has proved to be a useful tool for health studies of the Finnish
population. In the beginning, the FHDR olle tion was restri ted to the most
ommon mortality auses, but, sin e 1967 is re orded ontinuously for all hospital dis harge auses (Gissler and Haukka, 2004). The basi data olle ted are
demographi information and the diagnoses for the auses of hospitalization.
The diagnoses are oded using the International Classi ation of Diseases (ICD)
dened by the World Health Organization (WHO). The odes are onstantly updated, therefore FHDR ontains ICD odes from versions 8, 9 and 10. In FHDR,
ea h visit to a health enter is re orded using the diagnosis provided by the physi-
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ian. There are various variables ontaining information on the main diagnosis
and up to 4 side diagnoses. There are no lear standards to re ord side diagnoses,
hen e this thesis fo uses on the main diagnosis.
Sin e 1969 (Sund, 2012), the registry has been linked to other registers and
studies by a personal identity ode, meaning that ross se tional data an be
mapped into the longitudinal register giving information of the health ondition of
the population. The FHDR data used in this study orrespond to the individuals
in the FINRISK ohorts.
FDHR onstitutes an invaluable resour e for epidemiologi al studies as the longitudinal information allows to observe disease patterns (Kouvonen et al., 2014)
that an be used to design and monitor prevention poli ies. Sin e 1970's, due to its
high rate of ardiovas ular disease (CVD), Finland has been developing preventive
measures resulting in a de rease of the mortality by CVD during the last de ades
(Vartianen et al., 1994). Other diseases, su h as neoplasms and mus uloskeletial disorders, have been monitored due to their relatively high prevalen e in the
Finnish population.

1.2.1 ICD odes
The International Classi ation of Diseases (ICD) denes the standard odes that
indi ate the diagnosis and its treatment. In the following analyses ICD9 and
ICD10 are in luded due to their onsisten y in the denition of ategories (Table
1.1 ). ICD8 is ex luded be ause of the in ompatibility in the ategories. The
odes related to a idents, poisoning, external auses and pregnan y are ex luded
from the analysis be ause our main interest is in the ongoing disease pro esses
(Jensen et al., 2014).

6
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Table 1.1

ICD lassi ation in ICD9 and ICD10.

Disease ategory
Infe tious and parasiti diseases
Neoplasms
Endo rine,
nutritional
and
metaboli diseases, and immunity disorders
Diseases of the blood and bloodforming organs
Mental disorders

ICD 9
001-139
140-239
240-279

ICD 10
A00-B99
C00-D49
E00-E89

280-289

D50-D89

290-319

Diseases of the nervous system
and sense organs
Diseases of the ir ulatory system
Diseases of the respiratory system
Diseases of the digestive system
Diseases of the genitourinary system
Diseases of the skin and sub utaneous tissue
Diseases of the mus uloskeletal
system and onne tive tissue
Congenital anomalies
Certain onditions originating in
the perinatal period

320-389

F01-F99
G00-G99 + H00-H59
(eye) + H60-H95 (ear)

390-459
460-519
520-579
580-629

I00-I99
J00-J99
K00-K95
N00-N99

680-709

L00-L99

710-739

M00-M99

740-759
760-779

Q00-Q99
P00-P96

DATA

The ICD odes have many levels of hierar hy, depending on the nature of the
disease. The rst level refers to the main ategories of diagnosis. The ICD8 was
used during 1969-1986, the ICD9 during 1987-1995 and ICD10 sin e 1996 (Sund,
2012), meaning that our analysis will ontain re ords sin e 1987.
The data used here onsist of 222 427 re ords (25 995 individuals). After
ex luding ICD8 re ords, 170 954 entries remained whi h were further redu ed to
125 909 re ords on 22 850 individuals due to the ategories ex luded. Table 1.2
shows the distributions of the diagnoses a ording to the ICD version, ongenital
diseases and perinatal disorders were omitted be ause of their low sample size.
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with ea h ICD version.
lusions) Diagnoses (after ex lusions)
51 462
49 685
32 011
121 280
93 898

FHDR also re ords demographi variables: sex, age, area of residen e, et .
Table 1.3 indi ates the distribution by region and sex of the diagnoses, showing
there are no signi ant dieren es between male/female distributions a ross the
regions.
Number of diagnoses and individuals in the Finnish Hospital Dis harge
data, ICD9 and ICD10.

Table 1.3

FINRISK region
Pohjois-Karjalan maakunta
Pohjois-Savon maakunta
Turku, Loimaa ja tietyt ympäryskunnat
Helsinki ja Vantaa
Pohjois-Pohjanmaa ja Kainuun maakunnat
Lapin lääni

Diagnoses
32 999
25 467
20384
23 475
15 371
8 213

Individuals (male% / female%)
5 236 (50.1% / 49.9%)
4 440 (53% / 47%)
4 174 (53.8% / 46.2%)
4 552 (50.4% / 49.5%)
3 083 (53% / 47%)
1 365 (52.2% / 47.8%)

Analysis of disease patterns in the Finnish population have been re ently studied in (Kouvonen et al., 2014). They present results that permit to follow the
evolution of the main auses of hospitalization and extrapolate estimates for the
mortality rates. A ording to their work, the main auses of hospitalization in
Finland are: Diseases of the ir ulatory system (15%); Mental and behavioural disorders (6%); Diseases of the mus uloskeletal system and onne tive tissue (20%);
Diseases of the respiratory systems (10%); and Neoplasm (4%). These proportions
were al ulated from a national register and serve as a base line to ompare the
proportions presented here. Table 1.4 ontains the proportions for the main auses
of hospitalization a ording to the ICD odes into the re ords of the FHDR for
FINRISK individuals.
Initially, the FHDR is a national register and the individuals sampled to the
FINRISK studies form a representative national sample. However, in this the-

8
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Table 1.4

Main hospitalization auses. Proportions
Disease ategory
Infe tious And Parasiti Diseases
Neoplasms
Endo rine, Nutritional And Metaboli
Diseases,And Immunity Disorders
Diseases Of The Blood And BloodForming Organs
Mental Disorders
Diseases Of The Nervous System And
Sense Organs
Diseases Of The Cir ulatory System
Diseases Of The Respiratory System
Diseases Of The Digestive System
Diseases Of The Genitourinary System
Diseases Of The Skin And Sub utaneous Tissue
Diseases Of The Mus uloskeletal System And Conne tive Tissue

DATA

are unweighted.
Cases %Cases
4 138
3.28
15 798
12.54
2 498
1.98
766

0.6

8 900
13 986

7.06
11.10

24
10
12
10
1

129
199
530
288
862

19.17
8.10
9.95
8.17
1.48

20 815

16.53

sis I do not present weighted proportions of the FINRISK sample (Table 1.4).
Kouvonen et al. (2014) mention that the proportions of hospitalizations are onstant through the time of analysis (1976 - 2010), observation also seen in our data.
The rst part of the exploratory analysis onsists of observing the evolution
of the proportions of hospitalizations due to dierent auses as a fun tion of age,
in the Finnish population, to delineate the fa tors that inuen e them su h as
geographi al region and sex.
Figure 1.1 represents the proportions for the main auses of hospitalization a ording to age. The graph indi ates that the most frequent diagnoses are diseases
of the ir ulatory system and neoplasms, both diagnoses tend to be more frequent in elderly people. Other auses with high proportions are mental disorders,
frequently diagnosed in adults younger than 50 years old; and mus uloskeleti al
diseases, more present in adults younger than 60 years old.
Stratifying by sex (Figure 1.2) dete ts dieren es in the proportions of the main
diagnoses: males have higher proportions of ardiovas ular diseases and women

1.2.
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present higher proportion of neoplasms. Su h observations were also mentioned
in (Kouvonen et al., 2014). The proportions stratied by region are displayed in
Figure 1.3 to Figure 1.8. These are based on smaller sample sizes and have thus
more un ertainty.
As expe ted, in Figure 1.1 and Figure 1.2 it is observed some important onsisten y with the main auses of death in the Finnish population (Statisti s Finland,
2013) and the most prevalent diseases present (Isomaa and Almgren, 2001).

10
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1.2.2 Mortality rates
Mortality rates measure the deaths o urred in the population in the given time
interval. These rates are usually represented as the deaths per thousand individuals per year. In Finland, the information summarized in the mortality rates is
omputed annually and ome from the Causes of Death Register.
Causes of death are dened by the International Classi ation of Diseases, making it possible to ompare the statisti s provided by the mortality rates and the
diagnoses from the register.

Both sour es of information are analysed

using geographi al information su h as muni ipalities or regional and demographi
information su h as gender and age.
The highest mortality rate in 2013 (Statisti s Finland, 2013) orresponded to
diseases of the ir ulatory system: around 38% of the deaths were aused by
is haemi heart diseases, erebrovas ular diseases and other diseases related to
heart and ir ulatory system. The se ond highest ause was the presen e of some
lass of malignant neoplasm.
Proportion of deaths by neoplasms and ir ulatory diseases in 2013
(Statisti s Finland, 2013).

Table 1.5

Cause of death
Neoplasms
Diseases of the ir ulatory system
- Is haemi heart diseases
- Cerebrovas ular diseases
- Other heart and ir ulatory system diseases

0-14 years
11.36
5.68
0.00
0.57
5.11

15-64 years
28.76
22.24
11.22
4.02
6.99

65+ years
22.70
41.54
22.60
9.61
9.32

Total
23.75
37.97
20.50
8.58
8.89

The proportions in Table 1.5 indi ate the diseases with highest mortality rate,
showing the importan e to fo us on su h disease events with the aim to identify signi ant diagnosis paths whi h allow predi tion of future symptoms in new
patients.

1.2.
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Figure 1.2: Distribution of main diagnoses by sex.
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Figure 1.3: Distribution of main diagnoses in Pohjois-Karjalan maakunta.

Figure 1.4: Distribution of main diagnoses in Pohjois-Savon maakunta.
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Figure 1.5: Distribution of main diagnoses in Turku, Loimaa ja tietyt ympäryskunnat.

Figure 1.6: Distribution of main diagnoses in Helsinki ja Vantaa.
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Figure 1.7: Distribution of main diagnoses in Pohjois-Pohjanmaa ja Kainuun maakun-

nat.

Figure 1.8: Distribution of main diagnoses in Lapin lääni.
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Chapter 2
Methods
Suppose the state of health of a person is des ribed with three ategories, 'Healthy'
(H), 'Ill'(I) or 'Dead'(D). When analysing the state of an individual for a xed
period of time there are sequen es of events, like {H, H, I, D}, {I, I, H, D} or

{H, I, D, D} that des ribe the evolution of the health ondition. A hara teristi of the sequen es is that events annot o ur at the same time, thus, there
is an ordering usually represented by dis rete time points. A tool for modelling these traje tories is onditional probability.

For example, at spe ifying

the hain {H, H, I, D} the probability of observing su h sequen e is given by

P (H, H, I, D) = P (D | I, H, H)P (I | H, H)P (H | H)P (H), whi h indi ates the
probability of death (D) after being ill(I) and being healthy (H) for two periods.
In a more general setting the 'Ill' state onsists of more than one ategory
spe ifying the disease. Therefore, the health ondition of a person an be seen as
a traje tory of states whi h serves to identify signi ant patterns developed by a
parti ular ondition in a well dened population.
Following the example, the ondition of a person an be des ribed as a phenomenon that hanges its urrent state at ea h time unit a ording to a probability
law, formally dened as a sto hasti pro ess. The pro esses dis ussed in this thesis are Markov hains. Markov hains an be used to infer the behaviour of the
transitions giving an estimate for future states.
17
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hains

In this thesis, sto hasti pro esses are dened as a sequen e of random variables
{Xt }, where Xt takes values from a nite olle tion of states S and the index t is
a dis rete time index, su h that the probability model indi ates the dependen ies
through the transitions of states, P (Xt = xt | Xt−1 = xt−1 , . . . , X0 = x0 ) for xj ∈
S , j ∈ {0, 1, . . . , t}. Parti ularly, we onsider time homogeneous hains dened
as in (Karlin and Taylor, 1975), referring to the independen e of the transition
probabilities of the time index: for n, t > 0,
P (Xn+t = xt | Xn+t−1 = xt−1 , . . . , Xn = x0 ) = P (Xt = xt | Xt−1 = xt−1 , . . . , X0 = x0 ).

Another property inherent to Markov hains is the Markov property whi h states
that the present information is all that is relevant for predi tions, i.e., we say that

Xt is onditionally independent of {Xt−2 , . . . , X0 } given Xt−1 :
P (Xt = xt | Xt−1 = xt−1 , . . . , X0 = x0 ) = P (Xt = xt | Xt−1 = xt−1 ) = pxt−1 ,xt
(2.1)
A Markov hain is hara terized by the transitions probabilities pij ≥ 0 from
state i to state j , i ∈ S , that an be represented in a matrix format. This matrix
P
is also known as sto hasti or Markov matrix meaning that
j pij = 1 for all

i, j ∈ S . Using the previous example, the transition matrix dened by the states
{′ Healthy ′ (H),′ Ill′ (I),′ Dead′ (D)} is,
H
H



pHH


Pij = I  pIH
D
0

I

D


pHI

pHD

pII


pID 

1

0

When other states j annot be rea hed from one state i then pij = 0. Here, on e
in the 'Dead' state, it is not possible to go to any other state as pD,H = pD,I = 0.
The analysis of a Markov hain is dire tly related to the probabilities of the
possible realisations of the pro ess, better des ribed as the probabilities of the
possible paths of rea hing state j when starting from state i at ertain number of

2.1.
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steps n. For example, pij indi ates the transition probability from state i to state

j in one time step. To represent the probability of rea hing j starting from i at the
se ond time step we assume that at the rst step i the hain an visit any state k
and then rea h j :
(2)

pij =

X

P (X2 = j | X1 = k)P (X1 = k | X0 = i) =

k∈S

X

pik pkj .

(2.2)

k∈S

This expression mat hes the denition of matrix multipli ation, so, the n − step
(n)

transition is given by the matrix P n and its entries are denoted by [P n ]ij = pij .

2.1.1 Classi ation of states
(n)

Transition probabilities dene the properties of the states in the hain. If pij > 0
for some n > 0, it is said that j is a essible from state i, i → j . Moreover, if
(n)

(n)

pij > 0 and pji > 0 for some n > 0, then it is said that the states i and j

ommuni ate, denoted by i ←→ j . This on ept indu es an equivalen e relation,
meaning that the states an be partitioned into equivalen e lasses. If all states
ommuni ate the hain is alled irredu ible.
The ommuni ation relation permits a graphi al representation of the transition probabilities. Following the previous example, at initial time t0 an individual
an be healthy, ill or dead. Ea h state is represented by a node and if the person is
healthy or ill she has a han e to hange the state or stay in it, while, if the person
is dead, she annot hange the state any more, meaning that she has rea hed an

absorbing state. The possibility to stay in a parti ular state is illustrated by an ar
pointing to the state itself. The possibility of moving from one state to another is
represented by an ar between those nodes (Figure 2.1).

20
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D

Figure 2.1:

Graphi al representation for the

{′ Healthy ′ (H),′ Ill′ (I),′ Dead′ (D)}

hain with state spa e S

=

The states of a Markov hain with a nite state spa e are alled re urrent, if the
state is a essible from all states that are a essible from it. Otherwise the state
is alled transient. If a state is re urrent the probability of oming ba k to that
state during an innite hain is 1, meaning that the hain returns to it innitely
often. Instead, transient states have the possibility of not being visited again.
Other property onsiders the period of a state i, dened as the greatest ommon
(n)

divisor of values n for whi h pii

> 0. If the period of a state is 1, then it is

an aperiodi state, if the period is greater than 1, the state is a periodi state.
Periodi ity is a property shared by all the states within a ommuni ating lass.
For a nite state Markov hain, a ommuni ating lass is alled ergodi if it is both
re urrent and aperiodi .

2.1.2 Invariant probability
Consider a Markov matrix P and a probability ve tor π . If π = πP , π is dened
P
as the steady state or invariant distribution of P and satises j∈S πj = 1 and

πj ≥ 0. If P denes a nite state Markov hain, then it has at least one invariant
probability distribution (Wu, 2011). If P is an irredu ible and aperiodi Markov
hain (ergodi

hain), then, there is a unique invariant distribution π , (Perron-

Frobenious Theorem,(Karlin and Taylor, 1975)).
The invariant distribution represents the asymptoti probability of rea hing
P
ertain state j after n transitions, when n → ∞. By denition, Pijn+1 = k Pikn Pkj .
P
If Pi·n → π , then, Pijn+1 → k πk Pkj = πP·j . Noti e that π is the left eigenve tor

of the linear system dened (πP = λπ with λ = 1). The solution an be omputed
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algebrai ally. For example, if P is a 2 × 2 matrix, then, the linear system looks
like

π1 p11 + π2 p21 = π1
π1 p12 + π2 p22 = π2
This system has a non zero solution if and only if the determinant of P − λI ,
with λ = 1 is dierent from zero.
Clustering algorithms take advantage of the algebrai properties asso iated
with re urren e and aperiodi ity. If P denes an ergodi

hain with one re urrent

lass, π is a unique solution of the system. But, if there are more than one re urrent lasses and ea h one is aperiodi , then the system has linearly independent
solutions, non-zero when orresponding to the re urrent lass (Ng et al., 2001).

2.2

Markov Cluster Algorithm

The Markov Cluster Algorithm (MCL) (van Dongen, 2000) is an exploratory data
te hnique that dete ts an inner stru ture present in the transition probability
matrix. This method uses the theoreti al results of Markov hains to identify
a graph stru ture, grouping states based on a transformation of the transition
probabilities for n − length paths.

2.2.1 Denitions
Let G be a graph dened as a pair G = (V, w), where V is a nite set of elements
whi h are alled the nodes of G, dened by the states in the sample spa e S , and

w a ve tor of weights. The asso iated matrix of G, denoted by MG , has as entries
the weights w : V × V → R+ ∪ {0} where w(u, v) > 0 if there is an ar going from

u to v , u, v ∈ V . If the graph is undire ted then the matrix MG is symmetri . If
the graph is dire ted then the values in the upper and the lower triangle of MG
may dier.
Dierent graphi al properties are used in dierent hierar hi al

lustering
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approa hes. Most of them onsider a luster as the largest possible olle tion of
nodes that

ompound a subgraph.

In MCL, the approa h is

alled

n − path clustering , whi h lusters nodes in the same group if the weight of the
path between them is maximal. The n−path clustering denition is equivalent to
the single link lustering method when n = 1. The single link lustering onsists
of joining the losest elements into the same luster based on a similarity measure,
in this ase the weight w .
The idea behind MCL is based on a randomisation lustering pro edure that
depends on the matrix MG . Let n ≥ 1. The values in the matrix MGn indi ate
the weights of the paths of length n between the nodes of G. The nodes in V
that should belong to the same luster have heavier paths than those nodes in
dierent lusters. To illustrate this idea, Figure 2.2 represents a simulated example of the evolution of the matrix MG under the MCL iterations, extra ted from
(van Dongen, 2000).

Figure 2.2: Simulated example of the MCL iterations, bottom right represents the

onverging matrix dening the luster stru ture.
Jensen et al. (2014).

Reprinted with permission from

Based on the on ept of the length of a path and its dire t relation to the
powers of the asso iated matrix, there are some observations that an algorithm
should full (von Luxburg, 2007): 1. if two points are in the same luster they have
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a larger weight asso iated than points in dierent lusters, and 2. the realisations
of the hain visits all the states in a luster before es aping to another luster.
The stru ture of the matrix MG has graphi al impli ations su h as bipartiteness, the square of the adja en y matrix is used to determine whether or not the
matrix is bipartite. To avoid bibartiteness the matrix MG is transformed, adding
self loops to the nodes in G su h that no odd or even loops are spe ially represented
(Wildstrom, 2009), (Kranda, 2012).
MCL algorithm exploits the onverge theory of Markov hains based on the
fa t that the normalization of MG represents a olumn sto hasti matrix and that
the output of the algorithm is an invariant matrix under the multipli ation matrix
operator.

2.2.2 Algorithm
Let G = (V, w) be a graph and MG its asso iated matrix. For ea h integer n > 0
the matrix MGn is interpreted as the weight of the paths with length n between
the elements of V . To avoid parity issues a loop is added to every node in G,
and the matrix asso iated with this new graph, G′ , is MG′ = MG + I , where I
is the identity matrix. Let T be the normalized asso iated matrix to G′ , su h
P
that Tik = [MG′ ]ik /dk where dk = i [MG′ ]ik , note that T is a Markov matrix by
olumns.

The aim of the algorithm is to identify lusters of nodes that express an intera tion between nodes. Given a Markov matrix T and the denition of invariant
distribution, the matrix is transformed onsidering the idea that heavier weights
indi ate a stronger intera tion between nodes than smaller weights.
The algorithm is divided in two main steps: 1. the operation T n , n > 1 indi ates
the existen e of paths of length n in the Markov matrix, and 2. the ination pro ess,
a res aling pro edure that favors the largest values and redu e the smaller values
resulting in a Markov matrix to feed a new iteration of the algorithm.
The res aling operator (Γr ) involves a parameter r named the ination parameter whi h is a non-negative number and its fun tion is represented as (Γr M)pq =
P
(Mpq )r / i∈S (Miq )r . The parameter r has an important interpretation related to
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the form of the lusters. When 0 < r < 1 the homogeneity of the probability
ve tor T·i , i ∈ S in reases and with values r > 1 the heterogeneity in reases.
Considering the previous denitions, let MG be the asso iated matrix of a graph

G, e > 0 the number of steps in time and the ination parameter r > 0. The MCL
algorithm is dened as follows:

MCL (M,e,r){
G = M + I
T_1 = normalize(G)
for(k=1,2,...){
T_2k = power(T_(2k-1),e)
T_(2k+1) = inflation(T_2k,r)
if(T_(2k+1) is idempotent)
break
}
}
In the k th iteration two matri es are omputed: T2k is omputed as the previous
matrix T2k−1 taken to the power e, and the matrix T2k+1 as the result of applying

Γr . As k → ∞ the algorithm onverges to an idempotent matrix T ∞ . If T ∞
is idempotent, then [T ∞ ]2 = T ∞ implying that T ∞ is an invariant matrix under
square power operation. The matrix T ∞ represents a partition that ree ts the
ee t of the parameters e and r .
The partition is indu ed by attra tor points whi h are nodes that have positive
return probability in the nal matrix T ∞ . If v is an attra tor, the set of its
neighbours is alled an attra tor system of v .

2.2.3 Clustering
Given that the output of the algorithm is an idempotent matrix T ∞ with no
negative entries indi ating whi h states i,j ∈ S are onne ted, it is easy to identify
the attra tor nodes, i.e., nodes for whi h Tii∞ 6= 0. The neighbours of i form an
attra tor system that denes a luster Ci .
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In some ases, the matrix T ∞ onverges to an invariant matrix where the subsets of C overlap. Consider a perturbation ε su h that the input for the algorithm
is MG + ε. The algorithm still onverges but the matrix T ∞ represents a dierent
set of attra tor points that an be a renement of the lustering produ ed by MG
(Theorem 3,(van Dongen, 2000)). Thus, the luster denition may or may not inlude overlapping. Overlapping regions are more ommon when T is a symmetri
matrix.
Let Vd be the set of attra tor nodes in T ∞ . Suppose there are not overlapping
regions, the attra tor nodes dene equivalen e lasses Ei : V ×V of ommuni ation
on MG . Let C = {C1 , . . . , Cd } be the olle tion of lusters dened by Ci = {v ∈

V | u ∈ V, (u, v) ∈ Ei }.
In the present study, in ase of overlapped states, they are grouped to the luster with the strongest asso iation value in T ∞ in order to build proper partitions.

2.2.4 Parameters ee t
The parameters e and r ould be dened as ve tors of length k , meaning that
the values of e and r ould dier at ea h iteration. In this thesis the values of
the parameters are kept onstant in ea h iteration. The default values that were
determined empiri ally in (van Dongen, 2000) are e = r = 2.
The parameter r denes a non-linear operator that ontra ts the values in
the matrix and ae ts the granularity of the graph (Figure 2.3). The parameter

r represents a ontra tion of the values of T for r > 1. If the value is r = 1,
P
P
P
then (Tpq )r / i∈S (Tiq )r = (Tpq )/ i∈S Tiq = (Tpq ), be ause i∈S Tiq = 1, and the

algorithm just omputes the powers indi ated by e. Consider n = e · k , where k

indi ates the number of iterations in the algorithm, thus, the algorithm al ulates

T n and when n → ∞ the algorithm determines an invariant matrix.
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Figure 2.3: Variation of the granularity when tuning parameters, a=e and R=r.

Reprinted with permission from Jensen et al. (2014).

We know that xr → 0 when 0 ≤ x ≤ 1 and r ≥ 0. Figure 2.4 represents the
speed how xr → 0 depending on the value of r . The fun tion xr equals 0 or 1
when x = 0 or x = 1 respe tively.

Figure 2.4: The ee t of the power k on the values x.
In the following se tion we present an illustrative example with the purpose to
larify the role of the parameter values.

Chapter 3
Results
3.1

Example

For a better understanding of the ee t of the parameter values e and r , onsider a
set of points from a uniform distribution dened over R[0,1]×[0,1]. The matrix M is
dened by the inverse of the Eu lidean distan e. The diagonal of M is dened by
ones. The denition of M is based on the fa t that the hain visits more frequently
losest states, and therefore the transition weight to su h states should be higher.
Given the olle tion of points and the relation exhibited between the MCL
algorithm and the single link lustering method, Figure 3.2 present a possible
lustering based on M .
The matrix M represents an irredu ible hain where all states are initially
ommuni ating. M is also a symmetri matrix with diagonal values equal to 1,
that implies that there is no need to add self loops to the nodes, then the matrix

G in the algorithm is equal to M . The algorithm is run with dierent values of
parameters to evaluate their ee t (Table 3.1).
27
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Figure 3.1: Cartesian representation of the uniform sample.

Figure 3.2: Example of single link lustering.
Table 3.1

Examples of dierent parameter values.
e
r
Figure 3.3 2
2
Figure 3.4 2 4.5
Figure 3.5 2 1.5
Figure 3.6 1 1.5

RESULTS
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Figure 3.3, shows the results obtained with the default parameter values e =

r = 2. The results indi ate three lusters, one where the attra tor point is 6,
C6 = {2, 3, 5, 7, 9, 10, 11, 14, 16, 17, 19}, other in whi h the attra tor is 15, C15 =
{1, 4, 5, 8, 9, 12, 13, 15, 20}, and the singleton C18 = {18}. This example present
overlapping points, the points 5 and 9 an be in C6 and in C15 , this phenomenon
is onsistent due to the symmetry of the matrix M . In Figure 3.1 points 6 and 18
would seem to be loser enough to be in the same luster. However, with these
parameter values both are identied as attra tors.

(a) Fifth iteration.

(b) Tenth iteration.

( ) Classi ation.
Figure 3.3: MCL with parameters e=2 and r=2
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Other values for r were tried with the same e = 2, the main dieren e observed was the number of iterations needed to rea h onvergen e. As r → ∞ the
ontra tion made by the ination operator makes the algorithm onverge faster.
Figure 3.4 represent the lustering and the matrix obtained at the fth iteration for

e = 2 and r = 4.5. The lustering resulted in Figure 3.3 form a proper partition,
C = {C5 , C6 , C13 , C15 , C17 , C18 }.

(a) Cartesian representation of the lustering.

(b) Fifth iteration.

Figure 3.4: MCL with parameters e = 2 and r = 4.5
The results obtained for r = 1.5, are represented in Figure 3.5. In the gure four
groups are indi ated where all the points are overlapping. In this ase the values
of the parameters lead to a at distribution for the attra tor points {6, 13, 15, 18}.
Figure 3.6 presents the lustering generated with parameters e = 1 and r = 1.5.
Be ause the value e = 1 represent one step transition, it serves as a base value to
observe the ee t of the ination parameter as luster generator. In this ase, the
number of iterations in reased (15 iterations), but the luster stru ture does not
hange for values r = {1.5, 2.5, 3.5, 4.5} (results not shown).
Figure 3.6 makes lear the ee t in the granularity indu ed by r . In this ase,
the attra tor points annot be learly dened in the matrix, but the riteria of
ommuni ation lasses established before are used to derive the lusters.
As is observed, the parameter r impa ts in the number of lusters, and is
adjusted a ording to the required number of lusters. The algorithm tends to
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(a) Fifth iteration.

(b) Tenth iteration.

Figure 3.5: MCL with parameters e = 2 and r = 1.5.
luster by singletons making ne essary to determine the value that results in an
adequate number of lusters. It is possible to approximate the number of lusters
using the ratio ut approa h from graph theory (von Luxburg, 2007).

3.2

ICD

lustering for FHDR data

As in the previous example, MCL allows to luster states from the sample spa e

S a ording to the most visited paths. Now, I in orporate su h development to
identify disease traje tories. To a hieve this goal, I dene the sample spa e as
the top ategory of the ICD odes. As in (Jensen et al., 2014) I ex lude ertain
ategories (pregnan y, poisoning, a idents) and ategories with small sample size.
Therefore, the sample spa e is dened as S = { Infe tious diseases, Neoplasms,

Blood diseases, Endo rine system diseases, Mental disorders, Nervous system diseases,Cir ulatory system diseases, Respiratory diseases, Digestive system diseases,
Skin/Tissue diseases, Mus uloskeletal diseases, Congenital diseases }.
To implement the algorithm, the rst step is to dene a graph G with the
sample spa e elements as nodes. The asso iated matrix to G, MG is dened as
the ounts of individuals diagnosed rst with disease p and at the next visit with
disease q , p, q ∈ S . The matrix T is dened as the transpose of the proportions
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(a) Fifth iteration.
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(b) Tenth iteration.

( ) Classi ation.
Figure 3.6: MCL with parameters e=1 and r=1.5
omputed by rows from MG . Thus, T is a Markov matrix by olumns.
Due to the fa t that an individual ould be diagnosed within the same ategory
in the next visits there is no need to add self loops.
As in the previous example dierent values of the parameters were tried to
explore possible lusterings and evaluate those with respe t to the observable and
theoreti al information.
The default parameters to run the algorithm are e = r = 2, whi h results in
Figure 3.7 ontains six lusters: C = {CN eoplasms , CM ental , CN ervous , CRespiratory ,

CCirculatory , CM usculoskeletal}. This lustering expresses high level intera tions among
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the ategories.

Figure

3.7:

MCL

evaluation

for

e=2

and

r=2,

C

=

{CN eoplasms , CM ental , CN ervous , CRespiratory , CCirculatory , CM usculoskeletal }

The variation in the parameter values allows us to observe dierent lusterings
(Figure 3.8, Figure 3.9, Figure 3.10), in whi h I identify similar groups: CN eoplasms ,

CM ental and CM usculoskeletal tend to be singletons, and CCirculatory lusters the rest
of the ategories. Plausible explanations for the lusterings are dis ussed next.
The presen e of singletons an be explained by the ategory denitions. The
ategories in S orrespond to a general des ription of the diseases that groups a
huge number of symptoms. The symptoms are asso iated with the main ause,
whi h is the one re orded, even in the presen e of omorbidities.
Neoplasms represent the se ond most ommon ause of death in Finland
(Statisti s Finland, 2013), ex luding al ohol related auses. Figure 1.2 indi ates
that the presen e of neoplasm is more frequent in women than in men
(Kouvonen et al., 2014). The symptoms developed in the presen e of a neoplasm
are grouped into the neoplasm ategory even when they would t in other ate-
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gory as well. For example, one individual who visits the health enter due to hest
pain ould be diagnoses with some respiratory disease. However, if it is known
that he had been diagnosed earlier with lung an er, then the symptom (pain) is
asso iated with a neoplasm instead of a respiratory disease.

Figure 3.8: MCL evaluation for e=2 and r=1.5, C = {CN eoplasms , CM ental , CCirculatory }
The prognosis of many mental diseases onsist of the evaluation on a rating s ale of several manifestations, based on the observations made by lini ians
(Overall and Graham, 1962, Trepa z and Baker, 1987). Therefore, dierent mental diseases have similar symptoms and they are dis riminated by the intensity of
the manifestation. Sometimes this pro edure does not allow a single diagnosis explaining the parti ularity of the intera tions within the mental disorders ategory.
Many of the disorders of the mus uloskeletal system are degenerative disorders,
meaning that on e diagnosed the individual is expe ted to get similar diagnoses
in the future. The luster {CM usculoskeletal , CGenitourinary } in Figure 3.7 is explained
with the high proportion of elderly people who suer from some level of in ontinen e, whose prevalen e has been in reasing along the years and has a strong
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Figure

3.9:

MCL

evaluation

for

e=3

and

r=2.7,

C

=

{CN eoplasms , CM ental , CCirculatory , CM usculoskeletal }

asso iation with ageing and fun tional disabilities (Nuotio, 2003).
Cir ulatory diseases represent 38% of the deaths in the Finnish population
(Table 1.5). These diseases have been widely studied due their multifa tor nature
and their ee ts as ause of mortality. A feasible explanation for the intera tions
presented in Figure 3.7 is related to the metaboli syndrome whose symptoms have
been asso iated with ardiovas ular failures (Isomaa and Almgren, 2001).

3.2.1 Most Frequent events
In order to verify the intera tions presented in the previous se tion, ea h individual is represented as a sequen e of states, and the intera tions are sear hed as
subsequen es of the individual sequen es (Gabadinho et al., 2011). The rst part
is to identify the frequen y of the possible attra tor ategories from the dierent
lusterings, (Figures 3.7 - 3.10, and e = 3, r = 3.37 not shown here). The proportion is omputed by ounting the number of individuals that at least on e were
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Figure

3.10:

MCL

evaluation

for

e=3

and

r=4.7,
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C

=

{CN eoplasms , CM ental , CN ervous , CRespiratory , CCirculatory , CM usculoskeletal }

diagnosed with some disease in the ategory,
Attra tor ategories, ex ept mental disorders, are the most frequent
subsequen es.
Category
Presen e1 Proportion Number of individuals
Mus uloskeletal diseases
4/5
0.1814
4 146
Cir ulatory diseases
5/5
0.1473
3 366
Neoplasms
5/5
0.0822
1 879
Mental disorders
5/5
0.0399
913
Nervous system diseases
3/5
0.0917
2 097
Respiratory diseases
2/5
0.1124
2 570
Table 3.2

The output of the MCL algorithm represent a undire ted graph. Thus, the inspe tion is for sequen es of the form disease1 → disease2 and disease2 → disease1 ,
1 Presen e = Number of lusterings in whi h the ategory is present / Total number of lusterings

3.2.

37

ICD CLUSTERING FOR FHDR DATA

Table 3.3

Sequen es of the intera tions identied in last se tion.

Category
Cir ulatory > Nervous
Nervous > Cir ulatory
Cir ulatory > Digestive
Digestive > Cir ulatory
Cir ulatory > Genitourinary
Genitourinary > Cir ulatory
Mus uloskeletal > Genitourinary
Genitourynary > Mus uloskeletal
Cir ulatory > Respiratory
Respiratory > Cir ulatory
Cir ulatory > Infe tious
Infe tious > Cir ulatory
Cir ulatory > Blood
Blood > Cir ulatory
Cir ulatory > Endo rine
Endo rine > Cir ulatory
Cir ulatory > Skin
Skin > Cir ulatory

Presen e
2/5
5/5
4/5
1/5
2/5
5/5
5/5
5/5
5/5

Proportion
0.0535
0.0520
0.0429
0.0487
0.0344
0.0364
0.0372
0.0452
0.0322
0.0305
0.0177
0.0166
0.0042
0.0033
0.0102
0.0031
0.0052
0.0065

Number of individuals
1 223
1 190
982
1 113
2097
2570
852
1 035
736
609
406
381
96
76
235
71
120
149

The proportions omputed for the ategories in S allow us to observe ertain
spe i phenomena and fo us on the main ategories in more detail. To take a
deeper look into these ategories I built the transition probability matrix for the
se ond hierar hi al level of the ICD odes.
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Se ond Level ICD

The se ond hiera hi al level of the ICD odes dene 101 ategories, whi h were
oded as shown in Appendix 1. The new sample spa e is dened by these ategories
whi h were indexed using a short name for the main ategories with their own index
as dened in Table 3.4.
Table 3.4

Indexing summary of the se ond level ICD ategories.

Disease ategory
I - Infe tious diseases
B-Blood diseases
M-Mental disorders
C-Cir ulatory diseases
D-Digestive diseases
MU-Mus uloskeletal disorders
P-Perinatal disorders

Index ik
k ∈ {1, . . . , 16}
k ∈ {1, . . . , 10}
k ∈ {1, 2, 3, 4}
k ∈ {1, . . . , 9}
k ∈ {1, . . . , 7}
k ∈ {1, 2, 3, 4}
k ∈ {1, 2}

Disease ategory
N-Neoplasms
E-Endo rine diseases
NE-Nervous system dis.
R-Respiratory diseases
S-Skin diseases
G-Genitourinary diseases
CO-Congenital diseases

Index ik
k ∈ {1, . . . , 11}
k ∈ {1, 2, 3, 4}
k ∈ {1, . . . , 8}
k ∈ {1, . . . , 6}
k ∈ {1, 2, 3}
k ∈ {1, . . . , 6}
k ∈ {1, . . . , 11}

In the previous se tion, the states lustered around identiable attra tor points,
ir ulatory diseases, neoplasms and mus uloskeletal disorders. The purpose of the
present se tion is to observe more spe i intera tions. To a hieve this goal, the
algorithm was run with dierent parameter values over the new sample spa e S
obtaining matri es of dimension 101 ×101 whi h hara terize the graphs presented
here. The graphs in this se tion ex lude states that intera t with themselves ex ept
for the states into the ategories of interest.
Figure 3.11 represents the lustering obtained from the MCL algorithm with
parameters e = r = 2, fo using on the ategories of neoplasms, mus uloskeletal
disordes and ir ulatory diseases.
Figure 3.12 presents the lustering obtained when running the algorithm with
parameters e = 3 and r = 4.5. As mentioned in Chapter 2, the groups obtained
do not variate mu h from the ones in Figure 3.11. The main dieren es are enumerated in Table 3.9.
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Figure 3.11: Clustering of the 101 ategories with e=r=2.

Des ription of ir ulatory intera tions in Figure 3.11 when the attra tor
point is in the ir ulatory diseases ategory.
Table 3.5

Cluster
C2
C6 - C3
C6 - B6
C4 - I3
C4 - B5
C5
C7
C8 - P2

Cluster des ription
Chroni rheumati heart disease
Hypertensive disease - Other forms of heart disease
Hypertensive disease - Other unspe ied anemias
Is haemi heart disease - Zoonoti ba terial diseases
Is haemi heart disease - Aplasti anemia and other bone marrow
failure syndrome
Disease of pulmonary ir ulation
Cerebrovas ular diseases
Arthropathies
and
related
disorders/Inammatory
polyarthropathies - Disease of veins, lymphati vessels and lymph
nodes

40

CHAPTER 3.

RESULTS

Des ription of neoplasm intera tions in Figure 3.11 when the attra tor
point is in the neoplasm ategory.
Table 3.6

Cluster
N1 - P1
N2 - CO11
N3 - B9
N4 - N9
N5 - C1
N6
N7
N10

Cluster des ription
Malignant neoplasm of lip, oral avity and pharynx - Abnormal ndings on neonatal
Malignant neoplasm of digestive organs and peritoneum Chromosomal abnormalities not elsewhere lassied
Malignant neoplasm of respiratory and intrathora i organs Disease of white blood ells/Other diseases of blood and blood
forming organs
Malignant neoplasm of bone, onne tive tissue, skin and
breast - Car inoma in situ
Malignant neoplasm of genitourinary organs - A ute
rheumati fever
Malignant neoplasm of other and unspe ied sites
Malignant neoplasm of lymphati and hematopoieti tissue/Neuroendo rine tumors
Neoplasm of unspe i behaviour, poly ythemia vera and
myelodisplasti syndromes

Des ription of Mus uloskeletal intera tions in Figure 3.11 when the
attra tor point is in the mus uloskeletal ategory.
Table 3.7

Cluster
MU1 - MU3
MU1 - MU4
MU1
MU1
MU1
MU1
MU1
MU1
MU1

-

C9
N8
N11
G3
G4
G5
G6

MU2 - B6

Cluster des ription
Arthropathies and related disorders/ Inammatory polyarthropathies - Rheumatism, ex luding ba k/Disorders of
synovium and tendon,and other soft tissues
- Osteopathies, hrondopathies and a quired mus uloskeletal
deformities
- Disease of veins, lymphati vessels and lymph nodes
- Benign neoplasms
- Neoplasms of unspe i nature
- Diseases of male genital organs
- Disorders of breast
- Inammatory diseases of female pelvi organs
- Other diseases of female genital tra t/Noninammatory disorders of female genital tra t
Dorsopathies, spondylopathies - Unspe ied anemias
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Table 3.8

Des ription of other intera tions in Figure 3.11.

Cluster
B2 -B10
CO5 - D7
CO2 - NE7
CO10 - D6
CO10 - CO6
CO1 - NE3

Cluster des ription
Other de ien y anemias -Other diseases of blood and forming
organs
Cleft palate and left lips - Other diseases of digestive system
Congenital anomalies of eye, ear, fa e and ne k - Disorders of
eye and adnexa
Congenital anomalies of the integument, unspe ied ongenital anomalies - Other diseases of intestines, peritoneum and
retroperitoneum
Congenital anomalies of the integument, unspe ied ongenital anomalies - Other ongenital anomalies of upper alimentary tra t and digestive system
Anen ephalus and similar anomalies - Pain/Disorders of the
nervous system

Figure 3.12: Clustering of the 101 ategories with e=3, r=4.5
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Table 3.9

RESULTS

Des ription of new and hanged (from 3.11) intera tions in Figure 3.12.

Cluster
C6 - C2
C6 - C3
N3 - B9
N3 - I14
N4
N9
MU1 - C5
MU1 - G2
MU2 - B8
M1 - M4
M2 - CO4

Cluster des ription
Hypertensive disease - Chroni rheumati fever
Hypertensive disease - Other forms of heart disease
Malignant neoplasm of respiratory and intrathora i organs Disease of white blood ells/Other diseases of blood and blood
forming organs
Malignant neoplasm of respiratory and intrathora i organs Helminthiases/Other ba terial diseases
Malignant neoplasm of bone, onne tive tissue, skin and
breast
Car inoma in situ
Arthropaties and related disorders/ Inammatory polyarthropathies - Diseases of pulmonary ir ulation
Arthropaties and related disorders/ Inammatory polyarthropathies - A ute kidney failure and hroni kidney disease/Urolithiasis/Other diseases of kidney and ureter
Dorsopathies, spondylopathies- Purpura and other hemorragi onditions
Mental disorder due to known physiologi al onditions/Mental and behavioural disorders due to psy hoa tive
- Intelle tual disabilities
S hizophrenia, s hizotypal, delusional and non-mood psyhoti disorders - Congenital malformations of the respiratory
system

To explore parti ular intera tions among the disease ategories of interest, the
algorithm was applied separately to the matrix generated from individuals on e
diagnosed with ir ulatory diseases, neoplasms or mus uloskeletal diseases. Figure
3.13, Figure 3.14 and Figure 3.15 represent the lusterings obtained, with parameters e = r = 2, from ea h subsample. Based on the attra tors des ribed before, I
mainly look for the behaviour of the diseases into the ategories of interest.
The lustering from ir ulatory disease diagnosis as ases is indi ated in Figure 3.13. As observed, some of the intera tions are maintained, the expe ted
intera tions are shown in Table 3.10, fo using on the main attra tors in this example, C4 (Is haemi heart disease), C6 (Hypertensive disease), N7 (Malignant neoplasm of lymphati and hematopoieti tissue/Neuroendo rine tumors) and MU1
(Arthropaties and related disorders/Inammatory polyarthropathies).

3.3.

SECOND LEVEL ICD

Figure 3.13: Clustering for ir ulatory diseases.
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Table 3.10

Figure 3.12.
Attra tor

C4

C6

N7

RESULTS

Des ription of new and hanged (from Figure 3.11) intera tions in
Disease in
the luster
C5
B5
B7
R2
G2
G3
C2
C3
R1
R5
E1
E4
B1
B6
N8
B3
B9
I7
I10

Des ription
Disease of pulmonary ir ulation
Aplasti anemia and other bone marrow failure syndrome
Coagulation defe ts
Diseases of upper respiratory tra t
A ute kidney failure and
hroni
kidney disease/Urolithiasis/Other diseases of kidney and ureter
Diseases of male genital organs
Chroni rheumati fever
Other forms of heart disease
A ute respiratory infe tions
Pneumo onioses and other lung diseases due to external
agents
Disorders of tyroid gland
Overweight,
obesity and other hyperalimentation/Metaboli disorders
Other unspe ied anemias
Iron de ien y anemias/Nutritional anemias
Benign neoplasm
Hereditary hemoliti anemias
Disease of white blood ells
Viral diseases a ompanied by exanthem
Ri kettoses and other arthropod-borne diseases

The lustering orresponding to the ases of neoplasm (Figure 3.14) form a
dierent partition in whi h the main attra tors are: N1 (Malignant neoplasm
of lip, oral avity and pharynx), N2 (Malignant neoplasm of digestive organs
and peritoneum), N3 (Malignant neoplasm of respiratory and intrathora i organs), N4 (Malignant neoplasm of bone, onne tive tissue, skin and breast), N5
(Malignant neoplasm of genitourinary organs), N6 (Malignant neoplasm of other
and unspe ied sites), N7 (Malignant neoplasm of lymphati and hematopoieti
tissue/Neuroendo rine tumors), N10 (Neoplasm of unspe i behaviour, polyythemia vera and myelodisplasti syndromes) and MU1 (Arthropaties and related
disorders/Inammatory polyarthropathies).

3.3.

SECOND LEVEL ICD

Figure 3.14: Clustering for neoplasm.
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Table 3.11

3.12.
Attra tor
N1
N2
N3

N4

N5

N6

N7

RESULTS

Des ription of new and hanged (from 3.11) intera tions in Figure
Disease in
the luster
P1
NE1
CO11
B9
E3
I14
N9
N11
G4
CO4
I2
C1
C5
B5
B10
D4
G2
G3
CO7
N6
B3
B7
R3
E4
I7
I9
I10
I13

Des ription
Abnormal ndings on neonatal
Inammatory diseases of the entral nervous system
Chromosomal anomalies
Disease of white blood ells
Nutritional de ien ies
Helminthiases
Car inoma in situ
Neoplasms of unspe i nature
Disorders of breast
Congenital anomalies of the respiratory system
Tuber ulosis
A ute rheumati fever
Disease of pulmonary ir ulation
Aplasti anemia and other bone marrow failure syndrome
Other diseases of blood and blood forming organs
Hernia of abdominal avity
A ute kidney failure and
hroni
kidney disease/Urolithiasis/Other diseases of kidney and ureter
Diseases of male genital organs
Congenital anomalies of genital organs
Malignant neoplasm of other and unspe ied sites
Hereditary hemolyti anemias
Coagulation defe ts
Pneumonia and inuenza
Metaboli and immunity disorders
Viral diseases a ompanied by exanthem
Other diseases aused by hlamydiae/Viral hepatitis/Other viral diseases
Ri kettsioses ans other arthropod-borne diseases
My oses

3.3.
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Figure 3.15: Clustering for mus uloskeletal diseases.
Finally, onsider the lustering resulted of applying the algorithm to the data
from mus uloskeletal diagnosis. In Figure 3.15, the main luster has MU1 as an
attra tor and the states dened for neoplasms and ir ulatory diseases tend to
remain isolated. After observing Figure 3.13, Figure 3.14 and Figure 3.15 I an
hypothesize that the development of mus uloskeletal disorders is independent to
other syndromes. To formulate stronger hypotheses about the intera tions it is
ne essary to dis uss more about the pathology of the diseases, a topi that is
beyond the s ope of this thesis.
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RESULTS

Chapter 4
Dis ussion
Markov hains have been re urrently used to analyse disease progressions be ause
they allow to express the transitions between dierent predened states, usually
hara terized by lini al denitions. One of the di ulties is the heterogeneity
of the individual paths developed by the diseases, meaning that there are various
paths of possible development to estimate. The estimations are omputed from
longitudinal data whi h most of the time are sparse be ause the data are re orded
only when a patient visits a health are enter.
With the information available I showed the feasibility to dis over signi ant
disease paths from the Finnish hospital register data. The identi ation of the
paths allows to tra k disease progressions over time (Cohen et al., 2010). The
ability to predi t individual progressions an improve patient are de isions. However, the results a hieved here are not yet dire tly appli able in the real ontext,
mainly be ause the wide denitions of the ategories used.
In this study I explored progressions based on rst order Markov hains. The
onstru tion of Markov hains of higher orders implies a dramati in rease in the
number of parameters to estimate and in the size of the sample required. However,
this development would be ne essary if we wanted to explore more spe i disease
ategories.
The te hnique used here, the MCL algorithm, produ es an undire ted graph
in whi h the nodes gather in sub graphs, and the dire tion of the ar s permit to
propose ausality hypothesis. Exploring this possibility further is left for future
work.
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DISCUSSION

Chapter 5
Con lusion
Inspired by (Jensen et al., 2014), I have illustrated the appli ability of the MCL
algorithm in the identi ation of disease paths from the Finnish register data. The
studies about spe i diseases depend on the availability of data and the risk of
the population to develop it. In the Finnish population, ir ulatory diseases, neoplasms and mus uloskeletal diseases represent a major proportion in the hospital
dis harge register. Due to the huge variety of studies done about these diseases and
their onsequen es it is possible to validate the out ome of this work, by working
together with medi al experts of dierent disease ategories.
Besides the possibility to improve medi al are through more a urate predi tion models, this work also presents an opportunity to explore new physiologi
relationships between the disease ategories.
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Appendix 1
ICD ode labeling
The following tables spe ify the 101 ategories from the se ond level of the ICD
ode system:

Table 1.1

Code
E1

E2

E3

E4

Des ription of endo rine system diseases.
ICD verDes ription
sion
ICD9
Disorders of thyroid gland
ICD10
Disorders of thyroid gland
ICD9
Diseases of other endo rine glands
Diabetes mellitus
Other disorders of glu ose regulation and pan reati inICD10
ternal se retion
Disorders of other endo rine glands
Intraoperative ompli ations of endo rine system
ICD9
Nutritional de ien ies
Malnutrition
ICD10
Other nutritional de ien ies
ICD9
Other metaboli disorders and immunity disorders
Overweight, obesity and other hyperalimentation
ICD10
Metaboli disorders
Postpro edural endo rine and metaboli ompli ations
and disorders, not elsewhere lassied
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Table 1.2

Code
NE1

APPENDIX 1.

Des ription of nervous system diseases.
ICD version
ICD9
ICD10
ICD9

NE2
ICD10

NE3
NE4
NE5

ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9

NE6

ICD10
ICD9

NE7

ICD10

ICD9
NE8

ICD CODE LABELING

ICD10

Des ription
Inammatory diseases of the entral nervous system
Inammatory diseases of the entral nervous system
Hereditary and degenerative diseases of the entral nervous system
Systemi atrophies primarily ae ting the entral nervous system
Extrapyramidal and movement disorders
Other degenerative diseases of the nervous system
Pain
Other disorders of the nervous system
Other heada he syndromes
Episodi and paroxysmal disorders
Other disorders of the entral nervous system
Demyelinating diseases of the entral nervous system
Cerebral palsy and other paralyti syndromes
Disorders of the peripheral nervous system
Nerve, nerve root and plexus disorders
Polyneuropathies and other disorders of the peripheral
nervous system
Diseases of myoneural jun tion and mus le
Disorders of the eye and adnexa
Disorders of eyelid, la rimal system and orbit
Disorders of onjun tiva
Disorders of s lera, ornea, iris and iliary body
Disorders of lens
Disorders of horoid and retina
Glau oma
Disorders of vitreous body and globe
Disorders of opti nerve and visual pathways
Disorders of o ular mus les, bino ular movement, a ommodation and refra tion
Visual disturban es and blindness
Other disorders of eye and adnexa
Intraoperative and postpro edural ompli ations and
disorders of eye and adnexa, not elsewhere lassied
Diseases of the ear and mastoid pro ess
Diseases of external ear
Diseases of middle ear and mastoid
Diseases of inner ear
Other disorders of ear
Intraoperative and postpro edural ompli ations and
disorders of ear and mastoid pro ess, not elsewhere lassied
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Table 1.3

Code
C1
C2
C3
C4
C5
C6
C7
C8
C9

Des ription of ir ulatory diseases.
ICD version
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10

Des ription
A ute rheumati fever
A ute rheumati fever
Chroni rheumati heart disease
Chroni rheumati heart diseases
Hypertensive disease
Hypertensive diseases
Is hemi heart disease
Is hemi heart diseases
Diseases of pulmonary ir ulation
Pulmonary heart disease and diseases of pulmonary irulation
Other forms of heart disease
Other forms of heart disease
Cerebrovas ular disease
Cerebrovas ular diseases
Diseases of arteries, arterioles, and apillaries
Diseases of arteries, arterioles and apillaries
Systemi onne tive tissue disorders
Diseases of veins and lymphati s, and other diseases of
ir ulatory system
Diseases of veins, lymphati vessels and lymph nodes,
not elsewhere lassied
Other and unspe ied disorders of the ir ulatory system
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Table 1.4

Code
R1
R2
R3
R4
R5

APPENDIX 1.

Des ription of respiratory system diseases.
ICD version
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9

R6

ICD CODE LABELING

ICD10

Des ription
A ute respiratory infe tions
A ute upper respiratory infe tions
Other diseases of upper respiratory tra t
Other a ute lower respiratory infe tions
Other diseases of upper respiratory tra t
Pneumonia and inuenza
Inuenza and pneumonia
Chroni obstru tive pulmonary disease and allied onditions
Chroni lower respiratory diseases
Pneumo onioses and other lung diseases due to external
agents
Lung diseases due to external agents
Other Diseases of respiratory system
Other respiratory diseases prin ipally ae ting the interstitium
Suppurative and ne roti onditions of the lower respiratory tra t
Other diseases of the pleura
Intraoperative and postpro edural ompli ations and
disorders of respiratory system, not elsewhere lassied
Other diseases of the respiratory system
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Table 1.9

Code
D1

D2
D3
D4
D5
D6

Des ription of digestive system diseases.
ICD version
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9

D7

ICD10

Des ription
Diseases of oral avity, salivary glands, and jaws
Diseases of oral avity and salivary glands
Dentofa ial anomalies (in luding malo lusion) and
other disorders of jaw
Diseases of esophagus, stoma h, and duodenum
Diseases of esophagus, stoma h and duodenum
Appendi itis
Diseases of appendix
Hernia of abdominal avity
Hernia
Noninfe tive enteritis and olitis
Noninfe tive enteritis and olitis
Other diseases of intestines and peritoneum
Other diseases of intestines
Diseases of peritoneum and retroperitoneum
Other diseases of digestive system
Diseases of liver
Disorders of gallbladder, biliary tra t and pan reas
Other diseases of the digestive system
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Table 1.10

Code
S1

APPENDIX 1.

Des ription of skin diseases.
ICD version
ICD9
ICD10
ICD9

S2
ICD10
ICD9
S3

ICD CODE LABELING

ICD10

Des ription
Infe tions of skin and sub utaneous tissue
Infe tions of the skin and sub utaneous tissue
Other inammatory onditions of skin and sub utaneous tissue
Bullous disorders
Dermatitis and e zema
Papulosquamous disorders
Urti aria and erythema
Diseases of skin and sub utaneous tissue
Radiation-related disorders of the skin and sub utaneous tissue
Disorders of skin appendages
Intraoperative and postpro edural ompli ations of skin
and sub utaneous tissue
Other disorders of the skin and sub utaneous tissue
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Table 1.11

Code
G1

Des ription of genitourinary system diseases.
ICD version
ICD9
ICD10
ICD9

G2

G3
G4
G5
G6

ICD10

ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10

Des ription
Nephritis, nephroti syndrome, and nephrosis
Glomerular diseases
Renal tubulo-interstitial diseases
Other diseases of urinary system
A ute kidney failure and hroni kidney disease
Urolithiasis
Other disorders of kidney and ureter
Other diseases of the urinary system
Intraoperative and postpro edural ompli ations and
disorders of genitourinary system, not elsewhere lassied
Diseases of male genital organs
Diseases of male genital organs
Disorders of breast
Disorders of breast
Inammatory disease of female pelvi organs
Inammatory diseases of female pelvi organs
Other disorders of female genital tra t
Noninammatory disorders of female genital tra t
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Table 1.12

Code
P1

APPENDIX 1.

Des ription of perinatal diseases.
ICD version
ICD9
ICD10
ICD9

P2

ICD CODE LABELING

ICD10

Des ription
Maternal auses of perinatal morbidity and mortality
Newborn ae ted by maternal fa tors and by ompli ations of pregnan y, labor, and delivery
Other onditions originating in the perinatal period
Disorders of newborn related to length of gestation and
fetal growth
Birth trauma
Respiratory and ardiovas ular disorders spe i to the
perinatal period
Infe tions spe i to the perinatal period
Hemorrhagi and hematologi al disorders of newborn
Transitory endo rine and metaboli disorders spe i to
newborn
Digestive system disorders of newborn
Conditions involving the integument and temperature
regulation of newborn
Other problems with newborn
Other disorders originating in the perinatal period
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Table 1.13

Code

MU1

Des ription of mus uloskeletal disorders.
ICD version
ICD9

ICD10

ICD9
MU2

ICD10
ICD9

MU3

ICD10
ICD9

MU4
ICD10

Des ription
Arthropathies and related disorders
Infe tious arthropathies
Inammatory polyarthropathies
Osteoarthritis
Other joint disorders
(Cir ulatory system) Systemi onne tive tissue disorders
(Digestive system)Dentofa ial anomalies (in luding malo lusion) and other disorders of jaw
Dorsopathies
Deforming dorsopathies
Spondylopathies
Other dorsopathies
Rheumatism, ex luding the ba k
Disorders of mus les
Disorders of synovium and tendon
Other soft tissue disorders
Osteopathies, hondropathies, and a quired mus uloskeletal deformities
Disorders of bone density and stru ture
Other osteopathies
Chondropathies
Other disorders of the mus uloskeletal system and onne tive tissue
Intraoperative and postpro edural ompli ations and
disorders of mus uloskeletal system, not elsewhere lassied
Biome hani al lesions, not elsewhere lassied
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Table 1.14

Code

APPENDIX 1.

Des ription of ongenital diseases.
ICD version
ICD9

CO1

CO2

ICD10
ICD9
ICD10
ICD9

CO3

CO4
CO5
CO6
CO7
CO8

ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9

CO9
ICD10
CO10
CO11

ICD CODE LABELING

ICD9
ICD10
ICD9
ICD10

Des ription
Anen ephalus and similar anomalies
Spina bida
Other ongenital anomalies of nervous system
Congenital malformations of the nervous system
Congenital anomalies of eye
Congenital anomalies of ear fa e and ne k
Congenital malformations of eye, ear, fa e and ne k
Bulbus ordis anomalies and anomalies of ardia septal
losure
Other ongenital anomalies of heart
Other ongenital anomalies of ir ulatory system
Congenital malformations of the ir ulatory system
Congenital anomalies of respiratory system
Congenital malformations of the respiratory system
Cleft palate and left lip
Cleft lip and left palate
Other ongenital anomalies of upper alimentary tra t
Other ongenital anomalies of digestive system
Other ongenital malformations of the digestive system
Congenital anomalies of genital organs
Congenital malformations of genital organs
Congenital anomalies of urinary system
Congenital malformations of the urinary system
Certain ongenital mus uloskeletal deformities
Other ongenital anomalies of limbs
Other ongenital mus uloskeletal anomalies
Congenital malformations and deformations of the musuloskeletal system
Congenital anomalies of the integument
Other and unspe ied ongenital anomalies
Other ongenital malformations
Chromosomal anomalies
Chromosomal abnormalities, not elsewhere lassied
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Table 1.5

Code
I1
I2
I3
I4
I5
I6

I7

I8

Des ription of infe tion diseases.
ICD version
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9

I9

I10
I11
I12
I13
I14
I15
I16

ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10

Des ription
Intestinal Infe tious Diseases
Intestinal infe tious diseases
Tuber ulosis
Tuber ulosis
Zoonoti Ba terial Diseases
Certain zoonoti ba terial diseases
Other Ba terial Diseases
Other ba terial diseases
Ba terial and viral infe tious agents
Human Immunode ien y Virus
Human immunode ien y virus [HIV℄ disease
Poliomyelitis And Other Non-Arthropod-Borne Viral
Diseases Of Central Nervous System
Intestinal infe tious diseases
Viral Diseases A ompanied By Exanthem
Viral infe tions hara terized by skin and mu ous membrane lesions
Other human herpesviruses
Arthropod-Borne Viral Diseases
Arthropod-borne viral fevers and viral hemorrhagi
fevers
Other diseases due to viruses and hlamydiae
Other diseases aused by hlamydiae
Viral hepatitis
Other viral diseases
Ri kettsioses and other arthropod-borne diseases
Ri kettsioses
Protozoal diseases
Syphilis and other venereal diseases
Infe tions with a predominantly sexual mode of transmission
Other spiro hetal diseases
Other spiro hetal diseases
My oses
My oses
Helminthiases
Helminthiases
Other infe tious and parasiti diseases
Pedi ulosis, a ariasis and other infestations
Other infe tious diseases
Late ee ts of infe tious and parasiti diseases
Sequelae of infe tious and parasiti diseases
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Table 1.6

Code
N1
N2
N3

APPENDIX 1.

Des ription of neoplasms ategory.
ICD version
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9

N4
ICD10
ICD9
N5

ICD10
ICD9

N6

ICD10

ICD9
N7
ICD10

N8

N9
N10

N11

ICD CODE LABELING

ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10

Des ription
Malignant neoplasm of lip, oral avity, and pharynx
Malignant neoplasms of lip, oral avity and pharynx
Malignant neoplasm of digestive organs and peritoneum
Malignant neoplasms of digestive organs
Malignant neoplasm of respiratory and intrathora i organs
Malignant neoplasms of respiratory and intrathora i organs
Malignant neoplasm of bone, onne tive tissue, skin,
and breast
Malignant neoplasms of bone and arti ular artilage
Melanoma and other malignant neoplasms of skin
Malignant neoplasms of mesothelial and soft tissue
Malignant neoplasms of breast
Malignant neoplasm of genitourinary organs
Malignant neoplasms of female genital organs
Malignant neoplasms of male genital organs
Malignant neoplasms of urinary tra t
Malignant neoplasm of other and unspe ied sites
Malignant neoplasms of eye, brain and other parts of
entral nervous system
Malignant neoplasms of thyroid and other endo rine
glands
Malignant neoplasms of ill-dened, other se ondary and
unspe ied sites
Malignant neoplasm of lymphati and hematopoieti tissue
Malignant neuroendo rine tumors
Se ondary neuroendo rine tumors
Malignant neoplasms of lymphoid, hematopoieti and
related tissue
Benign neoplasms
Benign neoplasms, ex ept benign neuroendo rine tumors
Benign neuroendo rine tumors
Car inoma in situ
In situ neoplasms
Neoplasms of un ertain behavior
Neoplasms of un ertain behavior, poly ythemia vera
and myelodysplasti syndromes
Neoplasms of unspe ied behavior
Neoplasms of unspe ied nature
-
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Table 1.7

Code
B1
B2
B3
B4
B5

Des ription of blood diseases.
ICD version
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10

B6
B7
B8
B9
B10

ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10
ICD9
ICD10

Des ription
Iron de ien y anemias
Nutritional anemias
Other de ien y anemias
Nutritional anemias
Hereditary hemolyti anemias
Hemolyti anemias
A quired hemolyti anemias
Certain disorders involving the immune me hanism
Aplasti anemia and other bone marrow failure syndromes
Aplasti and other anemias and other bone marrow failure syndromes
Other and unspe ied anemias
Coagulation defe ts
Coagulation defe ts, purpura and other hemorrhagi
onditions
Purpura and other hemorrhagi onditions
Coagulation defe ts, purpura and other hemorrhagi
onditions
Diseases of white blood ells
Other disorders of blood and blood-forming organs
Other diseases of blood and blood-forming organs
Other disorders of blood and blood-forming organs
Intraoperative and postpro edural ompli ations of the
spleen
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Table 1.8

Code
M1

M2

APPENDIX 1.

Des ription of mental diseases.
ICD version
ICD9
ICD10
ICD9
ICD10
ICD9

M3
ICD10

M4

ICD CODE LABELING

ICD9
ICD10

Des ription
Organi psy hoti onditions
Mental disorders due to known physiologi al onditions
Mental and behavioral disorders due to psy hoa tive
substan e use
Other psy hoses
S hizophrenia, s hizotypal, delusional, and other nonmood psy hoti disorders
Pervasive and spe i developmental disorders
Neuroti disorders, personality disorders, and other
nonpsy hoti mental disorders
Mood (ae tive) disorders
Anxiety, disso iative, stress-related, somatoform and
other nonpsy hoti mental disorders
Behavioral syndromes asso iated with physiologi al disturban es and physi al fa tors
Disorders of adult personality and behavior
Behavioral and emotional disorders with onset usually
o urring in hildhood and adoles en e
Intelle tual Disabilities
Intelle tual disabilities
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