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Abstract

There are many symptoms, which cannot be visually spotted. Imaging is
needed to spot these symptoms, which is time intensive. Two examples of
these symptoms are heart abnormalities and kidney abnormalities. These
can be predicted with the use of graph and semantic similarity methods.
Patients are represented as HPO graphs with symptoms being HPO nodes
in the graph. Graph and semantic similarity can be used to compare pa-
tients with each other in order to make a classification based on the most
similar patients. Resnik and Lin, two semantic similarity methods, have
been compared to the maximum common sub-graph method, which is a
graph similarity method. Overall the maximum common sub-graph method
yields the best performance and has an AUC of 0.89. This can already be
used with this data to determine the priority of the order in which patients

undergo imaging.
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Chapter 1

Introduction

In the medical world a doctor helps many patients every year. Take for
example a geneticist; for each patient he/she wants to know whether the pa-
tient has a syndrome and which symptoms the patient has. Some symptoms,
like facial abnormalities, can be visually observed by a geneticist, others like
heart or kidney abnormalities cannot. To discover these symptoms, imaging
has to be used, which can be time intensive if it needs to be done for all
patients. Especially if the hospital in question is located in a developing
country, where imaging machines are scarce[l]. In this case, the hospital
needs to make a well thought-out decision as to which patients should un-
dergo imaging. Additional information about the patient can be used to
save time and make such a well thought-out decision. This additional infor-
mation can be the symptoms a patient has, for instance ventricular septal
defect. Especially in genetic syndromes, where a patient can have a wide
range of symptoms, it is conceivable that the presence of some symptoms

can be predictive of the presence of others.

The difficulty however when using symptoms, is inter-observer bias. This is



the reason the Human Phenotype Ontology (HPO) terms were developed.
Ontology means a vocabulary that is standardized and in this case it con-
tains many terms with phenotypic information of human genes. These terms
which contain phenotypic abnormalities are structured in graphs, which are
directed and in which there are no cycles possible[2]. The graphs start out
with abstract terms at the top and get more specific the deeper you get into
the graph. So a very specific abnormality such as ventricular septal defect
will be very deep in the graph whereas a more general abnormality like heart

abnormality will be less deep in the graph.

To compare patients based on their HPO terms, graph similarity could be
used. Graph similarity is a concept, which is widely used in many domains
especially since the rise of the world wide web, which is a large graph that
consists of billions of web pages[3]. Graph similarity allows us to compare
graphs and rank them on the basis of similarity. There are many differ-
ent graph similarity measures, each with their own advantages. Graphs are

found in many daily tasks, such as task scheduling and social networking][4]

[5]-

Graph similarity can also be useful with HPO graphs, specifically in the
genetics domain. Doctors can spare a lot of time and resources if symp-
toms, which are not easily detectable by the geneticist could be predicted.
This can be done if the patients are classified into the positive or negative
group for the specific symptom of interest. HPO graphs can be used for
this classification task along with graph similarity. There are many differ-
ent graph similarity measures, but there exist semantic similarity measures

as well, which are specific for an ontology. Semantic similarities measure



how similar certain concepts are in one specific ontology[6]. So the research

question answered in this thesis is:

Which graph or semantic similarity measure works best when predicting

whether patients have heart or kidney abnormalities based on their pheno-

type?

On the basis of these HPO graphs, we can compare the patient of interest to
other patients from the dataset. Intuitively, graph and semantic similarity
can be used to compare patients to each other and make a list of most similar
patients. In order to construct a similarity matrix, two semantic similarity
measures and one graph similarity measure are used. Afterwards a classifi-
cation rule can be defined, which will determine the likelihood of a positive
class for each patient. This likelihood will be transformed into a probability
for each patient, which stands for the probability that each patient belongs
to the class of interest. This class of interest is in our case the symptom
we want to predict. The model can be tweaked on the basis of the doctors
preferences, which determines the classification threshold. False negatives
are a problem in the medical world, because they it means that patients
who have the disease will not get recognized by the classifier. In order to
minimize the false negatives to zero, we can adapt the threshold to a certain
point. This will lead to additional false positives, meaning that patients will
be classified as if they have the disease when they do not. However, this
solution is still able to classify all the positive patients correctly and some
of the negative patients as well, which will lead to a decrease in the amount

of times imaging needs to be used.



The research uses HPO data to asses similarity between patients as is also
done by Rojano et al.[7]. It also uses graph similarity for a classification task,
which is also done by Diykh et al.[8]. The research combines and compares
it with semantic similarity methods, which are also used for classification by
Rojano et al.[7]. This research tries to predict heart and kidney abnormal-
ities. This has also been done earlier by Mohan et al.[9] and Vijayarani et

al.[10], but contrary to these studies, this research uses HPO data.



Chapter 2

Preliminaries

2.1 Graphs

Graphs are data structures, which are built from nodes and edges. A node
is point in a graph, which can be connected with other nodes through edges.
An edge is a connection between two nodes. Graphs can represent many
things such as a social network with people representing nodes and edges
the connections between people. There are two types of graphs: directed
and undirected graphs. These concepts tell something about the direction
of traversal in a graph. An undirected graph consists of edges which are
bidirectional, meaning that it is possible to traverse the edge in both direc-
tions whereas it is only possible to traverse the edge in one direction with
directed graphs. Nodes can also be called vertices and will be denoted as
V. Edges are denoted as a connection between two vertices. For example,
an edge that connects V1 and V2 is denoted as E(V1,V2). A sub-graph is
a graph G2, which is part of a larger whole graph G. This means that the
set of vertices in the sub-graph is a subset of the set of vertices in the whole

graph and that the set of edges in the sub-graph is a subset of the set of



edges in the whole graph[11] [12].

2.2 Graph Isomorphism

If two graphs are isomorphic it means that both graphs have the same
amount of nodes, edges and that those nodes are connected in the same

way in both graphs[13].

2.3 Graph Similarity - Maximum Common sub-
graph

Graphs are useful in many domains. Graphs can also be compared to each
other to assess how similar they are. Graph similarity is an ambiguous
concept and it can be interpreted in many ways, thus there are numerous
notions of comparison. In this research the maximum common sub-graph
method is used, which is an example of isomorphism with sub-graphs. If
we have two graphs, common sub-graphs are the sub-graphs that the two
graphs have in common and thus are isomorphic. Out of all the common
sub-graphs the two graphs have, the maximum common sub-graph (MCS)
is the sub-graph with the highest amount of edges. In this research I will
only look at MCS’s which are connected, meaning there is a path between

every pair of distinct nodes[14] [15].

2.4 Resnik And Lin Similarity

The Resnik and Lin similarity are both semantic similarity measures. A
semantic similarity measure is a metric for the similarity of terms in an on-

tology. It calculates a score based on the resemblance between the meaning



of both terms[16]. The Resnik similarity measure is based on the informa-
tion content (IC) of the terms. Two terms have a higher similarity if they
share more information. The information content between two terms is de-
fined as: -log p(c). p(c) is the probability of encountering an instance of
concept c. Within a set of terms an abstract concept has a high probability,
but a low information content. On the other hand a specific concept has a
low probability, but a high information content. The similarity between two

terms is defined as:

Sim(CL 62) = maxcES(cl,CQ)[_log p(c)]

S(cl,c2) is the set with the common ancestors of cl and c2. The simi-
larity of two terms is equal to the concept in S with the highest information

content, also called the most informative subsumer|[17].

The Lin similarity in is defined as:

_ 2-LogP(Co)
" LogP(C1)+LogP(Cs2)

Sim(x1,x2)

The CO stands for the most specific common ancestor for x1 and x2. C1
and C2 are respectively class 1 and 2. Calculating the Resnik for x1 and x2

will lead to the same result, so the above formula is equal to:

2-ResnikSimilarity(cl,c2)
IC(cl)+1C(c2)

[18]




Chapter 3

Related Work

There has not been many research on the classification of patients with HPO
data. However, there are many studies on the prediction of heart and kidney
diseases. These studies do not use HPO data, but other healthcare data.
Take for example this paper by Mohan et al., which uses machine learning
techniques on a data set with many attributes to predict whether some-
one has a high chance to develop a heart disease. The study uses a hybrid
random forest with a linear model to make these predictions. It already
achieves an accuracy of 88.7 percent[9]. A similar study by Vijayarani et al.
exists in the form of Kidney disease prediction. Here Support Vector Ma-
chines and Artificial Neural Networks are used to classify patients into five
categories. These categories consist of four kidney diseases and one healthy
class. This research also uses healthcare data collected from medical labs,
hospitals and centres. The data consists of attributes, which can influence

renal diseases[10].

Graph and semantic similarity can also be used for classification. Research

by Diykh et al. shows that graph properties and structure can be used for
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classification. In the study, graph properties, such as the degree distribution
and Jaccard Similarity Coefficient. Based on these features, graphs are clus-
tered on their similarity in order to classify sleep EEG signals[8]. Semantic
similarity measures can also be used for a classification task. This study by
Rojano et al., which uses the Lin method to calculate the similarity between
patients and cluster them into cohorts. The study uses HPO data from pa-
tients to cluster the patients into genetic disease cohorts. It uses the Lin
method to asses the similarity between the patients, such that they can be

clustered on the basis of phenotypic similarity[7].

This research expands upon above mentioned studies, by using Human Phe-
notype ontology data for the prediction of heart and kidney abnormalities.
This adds the other symptoms, which can be predictive of heart and kid-
ney abnormalities to the used data. This research also combines the usage
of graph and semantic similarity methods for a classification task. These
methods are also compared to each other. All in all, this research combines
methods and data, which have not been combined before to attempt to solve

the problem described in the introduction.
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Chapter 4

Research

4.1 Hypothesis

The three similarity methods used are: maximum common sub-graph(MCS),
Resnik and Lin. It is suspected that both the Resnik and Lin similarity
methods will perform better than the MCS method. Considering they are
both semantic similarity methods, which are specific for an ontology, whereas

the MCS similarity method is intended for graphs in general.

4.2 Research Method

To find out the influence of the similarity methods on the prediction of heart
or kidney abnormalities, the methods were implemented in python and were
used to create similarity matrices. Both the Resnik and Lin similarity come
from the Phenopy library, which lets us calculate the similarity between two
lists of HPO terms[19]. The maximum common sub-graph method was im-
plemented with the assistance of methods from NetworkX, which is a Python

library for graphs|[20].
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The dataset contains 553 patients. Three columns of this dataframe are
of importance in this research. The first column "hpo_all_with_parents’ con-
tains lists of all patients and those lists contain all HPO terms of that patient.
The second column "hpo_all’ is build up in the same way, but only contains
the most specific child nodes. This means that the list only contains nodes
that have no descendants. This column will be used to calculate the Resnik
and Lin similarity as this is much more computationally efficient than using
all HPO terms and produces almost the same results. The third column
of importance is ’graphs’, which contains the graphs of all patients with all

HPO terms in NetworkX format.

First three similarity matrices are calculated: one for each similarity method.
The matrices for Resnik and Lin are calculated in almost the same way
and the procedure consists of a few steps. At first the program will loop
through all the patients in the dataset and for each patient, it is checked
whether the patient has heart or kidney abnormalities. This can be done
by checking whether the patient in hpo_all_with_parents contains the most
abstract HPO term for heart or kidney abnormalities. The terms of inter-
est are in this case HP:0000077, which means ’Abnormality of the kidney’
and HP:0001627, which means ’Abnormal heart morphology’. Moreover all
the specific descendants of these terms are also of interest as they are more

specific instances of kidney and heart abnormalities|[21].

Secondly, if a patient has either of these abnormalities or a specific instance
of them they will be removed from the data. This procedure simulates a
'patient’ where these symptoms have not been discovered. Then we will use

Leave-One-Out Cross-Validation; each patient in hpo_all will be compared

13



one by one to all remaining 552 patients with the Resnik and Lin similarity.
This gives us a a similarity matrix consisting of 553 entries. This includes
a comparison of the patient of interest with itself, which will not be used
for the prediction. Ultimately we will end up with a 553 by 553 similarity

matrix.

The similarity matrix for the MCS method is computed in a similar way,
but uses the ’graphs’ column. When calculating the similarity with this
method there needs to be a correction for the size of the graphs, because
some patients have far larger graphs than others. This is done by dividing
the size of the maximum common sub-graph by the size of the patient with
which we are comparing with. The size of a graph is here defined by the
total amount of nodes and edges. Leave-One-Out Cross-Validation is used

as well and the result is a 553 by 553 similarity matrix.

After calculating the similarity matrices, a classification rule needs to be
defined. This rule will be used to calculate a score for each patient. Based
on these scores the competence of the classifier can be evaluated. A few
different classification rules for each similarity method have been compared.
For the classification rule we will look at the most similar patients for each
patient. Here the variable of interest is the range of most similar patients
used to calculate the score. The score is calculated by summing the amount
of patients with a heart or kidney abnormality in the top range of most
similar patients. This depends on which abnormality we want to predict.
For example: The variable is set to 10 and we want to predict heart abnor-
malities; the program will look at the top 10 most similar patients for each

patient and calculate the amount of patients with heart abnormalities in the

14



top 10. In this research, the top 1, 5, 10, 25, 50 and 100 most similar patients

have been tested to determine what works best with every similarity method.

The combination of semantic similarity methods and graph similarity meth-
ods has also been tested. This can be done by taking the average of the two
similarity matrices. Combining all the methods with each other leads to
three additional similarity matrices, which are the result of the three differ-
ent combinations: Resnik and Lin, Resnik and MCS, Lin and MCS. When
combining a semantic similarity measure with a graph based similarity mea-
sure, the matrix of the semantic measure needs to be scaled from 0 to 1, as
that is the range of the values in the MCS matrix. No scaling is needed for

the combination of Resnik and Lin.

After the initial steps, it is possible to evaluate the classifier and plot a
ROC curve for the classifier. The ROC curve is a graph of the true positive
rate (TPR) against the false positive rate (FPR) at different classification

thresholds.

_ True positives
TPR = All positives

__ False positives
FPR = All negatives

If the classifier is random and the probability for the prediction of each
class is 0.5, the ROC curve is a straight line from the bottom left to the
top right. It is also possible to calculate the area under the ROC curve
(AUCQ) of the classifier. The AUC for the ROC curve tells us how well the

classifier performs. An AUC of 1 would be perfect, whereas an AUC of 0.5

means that the classifier is random. Furthermore, the AUC is sensitive to
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class imbalance, which is desired in this case, because the classes of patients
with an abnormality are much smaller[22]. A different measure used for the
evaluation of the classifiers is the Brier score, which is the mean squared er-
ror of the predicted probability and measures the accuracy of the classifier.
A Brier score of 0.25 means a random classifier and a score of 0 would be
perfect, since there would be no error in prediction[23]. I will use the Brier
and AUC score to asses the performance of the models. For the ROC curve,

AUC score and the brier score, the Sklearn library is used [24].

After evaluating the model it can be used. From the ROC curve it is pos-
sible to select a threshold according to one’s preferences. If the doctor for
example wants to make predictions without any false negatives, he can se-
lect the point in the ROC graph where the TPR is 1 and use that threshold.
There can also be other scenarios. Take for example a hospital, located in a
developing country, where they only have one imaging machine, which urges
an efficient use of that machine. In this case the threshold most close to the

left upper corner can be used, as this is the perfect situation where the TPR

is 1 and the FPR 0.

4.3 Results

4.3.1 Data Exploration

The Dataset consists out of 553 patients. From those 553 patients 113 have
a heart abnormality and 57 have a kidney abnormality. Figure 4.1 and 4.2
show the ratio of the patients with abnormalities to the total amount of

patients.
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Ratio between patients with heart abnormality and all patients
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Figure 4.1: A visualization of ratio between the amount of patients that
have a heart abnormality and all the patients

Ratio between patients with a kidney abnormality and all patients
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Figure 4.2: A visualization of ratio between the amount of patients that
have a kidney abnormality and all the patients



4.3.2 Kidney Abnormality

In this section the results are presented of the case which concerns the pre-
diction of kidney abnormalities. The first method here will be the Resnik
similarity. In Figure 4.3, the different amount of top most similar patients
are displayed with their AUC scores. The last three scores are close to each
other. When examining them closely, considering the top 50 most similar
patients yields the best result and leads to a rounded AUC score of 0.76. In
figure 4.4, the ROC curve of the Resnik with top 50 most similar patients is
plotted. The graphs shows that a TPR of 1 is only achievable with a very
high FPR of almost 1, so this scenario is not usable. It is however possible
to achieve a TPR of 0.8 and a FPR of 0.3.

This classifier leads to a Brier score of 0.085.

The second method is the Lin similarity, which results are similar to that
of the Resnik score. In Figure 4.3, the different amount of top most similar
patients has been displayed with the according AUC scores. The last three
scores are close to each other. When examining them closely, considering
the top 25 most similar patients yields the best result and leads to a rounded
AUC score of 0.73. In figure 4.4, the ROC curve of the Lin with top 25 most
similar patients is plotted. The ROC curve again shows that a TPR of 1
is only achievable with a very high FPR of almost 1, so this scenario is not
usable. It is however possible to achieve a TPR of 0.8 and a FPR of 0.3.

This classifier leads to a Brier score of 0.087, which is a little higher than

the Brier score of the Resnik method.
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The last method is the MCS method. In Figure 4.3, the different amount of
top most similar patients has been displayed with the according AUC scores.
In the case of the MCS method, there is one case clearly better; Consider-
ing the top 100 most similar patients yields the best result and leads to a
rounded AUC score of 0.89. In figure 4.4, the ROC curve of the MCS with
top 100 most similar patients is plotted. The ROC curve shows that in this
case a TPR of 1 is achievable with a FPR of 0.5, which can be usable in
some scenarios. It is also possible to achieve a TPR of 0.82 and a FPR of
0.2.

This classifier leads to a Brier score of 0.086 , which is a little higher than

the Brier Score of the Resnik method.

AUC Scores: Kidney Abnormality

B 10 25 50 100
0.62 0.70 0.75 0.76 0.74
0.64 0.70 0.73 0.73 0.72

0.67 0.78 0.83 0.84 0.89

Figure 4.3: AUC scores when predicting whether patients have a kidney
abnormality. Three different methods and a variable amount of most similar
patients are used.
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Receiver Operating Charactenistic for all three methods with Kidney abnormality

ROC Resnik ROC Lin ROC MCS
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Figure 4.4: ROC curves of three different methods

Brier Score

0.085
0.087
0.086

Figure 4.5: Brier Scores of the kidney predictions made with the three dif-
ferent methods

4.3.3 Heart Abnormality

In this section the results are presented of the case which concerns the pre-
diction of heart abnormalities. The first method here will be the Resnik
similarity. In Figure 4.6, the different amount of top most similar patients
has been displayed with the according AUC scores. The last three scores
are close to each other. When examining them closely, considering the top
100 most similar patients yields the best result and leads to a rounded AUC
score of 0.72. In figure 4.7, the ROC curve of the Resnik with top 100 most
similar patients is plotted. The graphs shows that a TPR of 1 is only achiev-
able with a very high FPR of almost 1, so this scenario is not usable. This

classifier leads to a Brier score of approximately 0.149.

The second method is the Lin similarity, which results are similar to that



of the Resnik score. In Figure 4.6, the different amount of top most similar
patients has been displayed with the according AUC scores. The last three
scores are close to each other. When examining them closely, considering
the top 50 most similar patients yields the best result and leads to a rounded
AUC score of 0.71. In figure 4.7, the ROC curve of the Lin with top 50 most
similar patients is plotted. The ROC curve again shows that a TPR of 1
is only achievable with a very high FPR of almost 1, so this scenario is not
usable.

This classifier leads to a Brier score of approximately 0.149, which is the

same as the Resnik method.

The last method is the MCS method. In Figure 4.6, the different amount
of top most similar patients has been displayed with their AUC scores. The
last two scores are close to each other. When examining them closely, con-
sidering the top 50 most similar patients yields the best result and leads to
a rounded AUC score of 0.86. In figure 4.7, the ROC curve of the MCS with
top 50 most similar patients is plotted. The ROC curve shows that in this
case a TPR of 1 is achievable with a FPR of 0.65, which can be usable in
some scenarios. It is also possible to achieve a TPR of 0.73 and a FPR of
0.18.

This classifier leads to a Brier score of approximately 0.152 , which is a little

higher than the Brier Score of the Resnik and Lin method.
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AUC Scores: Heart Abnormality
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Figure 4.6: AUC scores when predicting whether patients have a heart ab-
normality. Three different methods and a variable amount of most similar
patients are used.
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Receiver Operating Characteristic for all three methods with Heart abnormality
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Figure 4.7: ROC curves of three different methods
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Figure 4.8: Brier Scores of the heart predictions made with the three differ-
ent methods



Chapter 5

Discussion

The results of this study indicate that overall the maximum common sub-
graph method works the best when predicting whether patients have heart or
kidney abnormalities based on their phenotype. This is contrary to the hy-
pothesis, which suggests that the Resnik and Lin semantic similarity meth-

ods would work the best, since they are specific for an ontology.

The data show us that predicting kidney abnormalities works better than
predicting heart abnormalities, because The AUC scores of the classifiers are
all higher when predicting kidney abnormalities than when predicting heart
abnormalities. The analysis also identifies that the maximum common sub-
graph method works the best when predicting either of these abnormalities,
since the classifier has the highest AUC of 0.86 and 0.89, when respectively
predicting heart and kidney abnormalities. It also has a low Brier score,
meaning that the prediction error is small. This classifier is not perfect, but
it could have various uses in society. It could be used to determine the prior-
ity of patients, which are on the waiting list for imaging. This can especially

be useful in developing countries, where imaging machines are limited or in
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a crisis situation.

A patient visits the hospital and the doctor wants to know whether this
patient has a heart or kidney abnormality. At first focused on the kidney
abnormality, the Doctor will enter the patient’s known symptoms in the
computer as HPO terms. From this, a graph can be easily constructed.
From the results of the study it can be inferred that, using the MCS sim-
ilarity method on the HPO graph will lead to the best performance. This
can be derived from it’s AUC score, which at 0.89 is the highest of the three
classifiers. Using this classifier, the doctor is able to fine-tune the threshold
of the classifier to his/her own liking’s. The doctor is able to achieve a TPR
of 1 with a FPR of 0.5 if he/she wants to prevent any false negatives. In this
case, the probability of falsely classifying this patient as positive is 0.3 and
the probability of correctly classifying the patient if he is positive, is 1. If the
doctor was operating in a developing country in a busy hospital with only
a limited amount of imaging machines, he/she might choose to achieve the
lowest possible FPR, with the highest possible TPR. This point lays closest
to the top left corner in the ROC curve. It will have a TPR of 0.82 and a
FPR of 0.2. Both the FPR and TPR are lower this time. The probability
that this patient is now correctly classified, when he is in fact positive, is
0.82. So 0.18 percent of all patients, who are in fact positive, will be falsely
classified as negative. On the other hand, the probability that this patient
will be falsely classified as positive, when he is in fact negative is now 0.2.
So 20 percent of all negative patients will be classified falsely as positive.
If these results are directly related to the data, 10 of the 57 patients with
a kidney abnormality will be classified falsely as negative. Out of all the

496 negative patients approximately 100 will be classified falsely as positive.
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The brier score of the MCS method compared to the other methods unfor-
tunately does not say much; They lay close to each other. As stated in the

results, combining two similarity methods does not lead to a better result.

If the doctor focuses on the heart abnormality, the best classifier is still
the one, which uses the maximum common sub-graph similarity method.
This classifier will lead to an AUC of 0.86. The doctor is again able to fine-
tune the threshold of classification to his/her own requirements. If no false
negatives are desired, a TPR of 1 is achieved with a FPR of 0.65. The point,
which lays closest to the top-left corner and which represents the most well-
rounded combination, has a TPR of 0.73 and a FPR of 0.18. If these results
are again directly related to the data, approximately 31 of the 113 patients
with a heart abnormality will be classified falsely as negative. Out of all the
440 negative patients approximately 80 will be falsely classified as positive.
Once more, the Brier scores of the methods do not say much as They lay
close to each other. In this case, Combining two similarity methods does

not lead to a better result as well.

These results are not expected, considering the Resnik and Lin semantic
similarity methods are specific for within an ontology and the MCS similar-
ity method can be used for all graphs in general. This could mean multiple
things. For example, the graph structure could contain more information
about the abnormalities than the semantic content. This is one of the areas,
where future research could expand upon. The prediction of other symp-
toms and abnormalities can be researched in the future as well. It would be
interesting to know how this classifier would handle the prediction of other

symptoms. The usage of various similarity methods could also be extended.

25



Three methods have been tested in this research, but there are far more
methods available, especially in the graph similarity domain. Additional re-
search could also give more insight into the difference of importance between

graph structure and semantic information.

5.1 Limitations

The research uses a small data set, which contains only 553 patients. Fur-
thermore, the dataset only contains a few select syndromes, so it does not
represent the average patient. This means that it is not possible to generalise
these results at this moment, until more data are collected. Something to
also take into consideration is the fact that in this research, the simulation
of the 'new’ patients only removes the nodes and descendants from heart
and kidney abnormality. What happens if there is a patient with only a few
symptoms? This is a question, which could be answered in future research.
For now, this classifier can be used to determine the order in which patients
will undergo imaging in the hospital. It can also be used to make a well
thought-out consideration in developing countries, where imaging machines
are sparse and these choices should be made wisely. Moreover, it could be

used in a crisis situation, when there is a need of imaging.

5.2 Conclusion

In this study, it was researched which graph or semantic similarity method
works best when predicting whether patients have heart or kidney abnor-

malities based on their phenotype. The research shows that the maximum
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common sub-graph similarity method yields the best result when predict-
ing this. In both the heart abnormality and kidney abnormality cases, the
classifier that uses MCS leads to the highest AUC score. The MCS method
is also able to achieve the best balance between FPR and TPR of the three
methods. The classifier can be fine-tuned to the liking of the clinician to
achieve this best balance or a TPR of 1. The classifier performs quite well
and could already be used for some tasks, which do not require a TPR of
1, such as the determination of the order in which patients undergo imag-
ing. In future research, the usage of a larger data set could improve the

generalizability of the study.
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Chapter 6

Data Availability

The code used in this research is available at: https://github.com/MisjaZippelius/BachelorThesis
The used dataset is however not publicly available, because the data might
be traceable and would violate the General Data Protection Regulation re-

strictions.
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