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Patient outcome prediction using knowledge graph representation learning
Evaluating translational knowledge graph embedding methods for patient re-admission
classification

Adnan Fazlinovic

Trilokinath Modi

Department of Mathematical Sciences

Chalmers University of Technology

Abstract

The project focuses on using knowledge graphs in a healthcare setting, classify-
ing patient re-admissions. Knowledge graphs are a type of heterogeneous network
consisting of entities and relations. Knowledge graph embedding method aims to
generate lower-dimensional latent vector representation of these entities and rela-
tions while preserving their relational properties.

The data consists of patient admission details along with their underlying diag-
noses, prescriptions consumed and procedures performed. To exploit the true nature
of knowledge graphs, more information to the patient graph is added by combining
various biomedical databases to obtain a richer set of relationships.

Cleaning patient records and converting the information in more standardized form,
as well as gathering information and create a knowledge graph structure in the form
of triplets are conducted. The generation of latent vector representations of the en-
tities and relations are done with various embedding methods, where the final phase
is to classify patient re-admissions.

The methods investigated achieves to represent entities and relations in latent vec-
tor form when evaluating the embeddings based on the proposed loss functions.
However, the embeddings generated doesn’t supply enough information that can
accurately predict the patient readmission status in an extended down-stream fash-
ion. The potential problems could be either of not enough features that explains the
variability, not enough rich information regarding the different data sources used,
or the effect of class imbalance. A stratified test subset was created from the same
excerpt of training data to quantify the results.

Keywords: healthcare, EHR, biomedical ontologies, representation learning, knowl-
edge graphs, embeddings.
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1

Introduction

In this chapter we will give a brief introduction to the background of this thesis work
and the topics we wish to investigate. We will continue to present related work, and
further on the aim and limitations of this project. The research questions we wish to
answer will be stated before lastly presenting ethical considerations regarding this
project, as well as a thesis outline.

1.1 Background

Medical records contain large amounts of information, either as structured data or
as free text. Apart from the operational usage of medical records, e.g. by healthcare
practitioners, the available data can be used to build machine learning models to
support clinicians and practitioners. The models can be trained to predict patient
outcomes, e.g. remaining time in hospital [42], in-hospital mortality [33], drug rec-
ommendation systems [31] etc. Further on, there is active research based on the
usage of graph-based machine learning in Intensive Care Unit (ICU) [34], expanding
the methods used for various patient outcome predictions. The ICUs are often in
demand by critical patients and need detailed planning in resource allocation. A
well-trained model can inherently help the staff to pre-plan and facilitate resources
beforehand, as explained by Matlakala et al [37] as well as Holland et al [25], to-
gether with details about the challenges faced in resource allocation in .

Patient outcome predictions have been extensively studied using conventional classi-
fiers (e.g. Support Vector Machines, Artificial Neural Networks, Naive Bayes Method
and Random Forest) [55] [12]. These methods typically use tabular format data,
and can quickly scale when dealing with biomedical data, thus imposing challenges
when there are many features and corresponding categories to consider. The idea
that modelling patients along with medical concepts in a graph-structure can yield
good predictive ability by capturing the semantic relationships between different
entities and relations.

Ultimately, representing large amounts of information is a challenging task. A knowl-
edge graph is a concept where entities, e.g. objects, events and concepts, are stored
in a graph-structured data model or topology. The entities act as nodes, whereas
the relations between these entities act as directed edges in the graph structure. A
visual representation of this idea is presented in figure 1.1. Google uses the concept
of knowledge graphs for their info-box when using their platform [47], and similarly
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1. Introduction

Amazon within their product recommendation system [19]. Patients described by
their medical records can be represented by such a network, as any event a patient
undergoes is represented as a fact. We can expect that patients with similar ail-
ments will have a large share of mutual nodes, and with the addition of including
domain-specific knowledge within the knowledge graph can abridge the gap between
the events in a meaningful way.

Relation R

Entity A

Figure 1.1: Two entities and their relation. Entity A acts as the head entity and
entity B acts as the tail entity, implied by the direction of relation R. Note that a
relation is generally not reversible - thus a directed relation is introduced.

A distinctive advantage with the usage of knowledge graphs is the possibility to
embed the entities and relations by knowledge graph embedding methods. An em-
bedding is a concept of representing a (usually) high-dimensional vector as a contin-
uous vector of lower dimensionality. Knowledge graph embedding methods aim to
compute these vectors to preserve the association between connecting entities and
the corresponding relations, while capturing the latent properties of semantics in the
knowledge graphs [11]. These embeddings can then be explored to make predictions
in a down-stream fashion. By using knowledge graphs as a modelling method for
healthcare domains, the ability to model latent representations between different
information sources is presented which is difficult for other data models.

1.2 Related work

Healthcare offers one of the most interesting, promising, but arduous field for deep
learning algorithms. There is a continuous increase in the machine learning al-
gorithms applied in healthcare [45]. Among many machine learning techniques,
knowledge graphs prove to be helpful in medicine with tasks like drug discovery and
target gene-disease prediction, to name a few. Nevertheless, entities in the field of
medicine cannot be formulated in relational tables easily, whereas such entities are
often tangled with other entities via different types of relations. In the simplest of
manner, a graph structure fulfils the visualization of such data. In the following few
paragraphs, a discussion is made on how researchers face difficulty creating these
graph structures, followed by how researchers use knowledge graphs in medicine re-
search and how researchers aim to use knowledge graphs in healthcare, i.e., more
patient-centred research.

The analysis regarding life-science linked open data conducted by Kamdar et al

shows that the researchers endure severe technical challenges to integrate heteroge-
neous data from multiple sources [30]. Some of these sources can be the vast amount
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1. Introduction

of biomedical data and knowledge, such as medical records [29], biomedical publi-
cations [4] etc. They conclude by demonstrating the discrepancy in the quality of
life science linked open data sources, and discuss various challenges such as lack of
mappings between similar entities, varying notations and lack of reuse of standard
vocabularies. A recently (February 2021) published research paper by Bonner et al
[14] reviews various biomedical data sets with a central idea of the data set appli-
cability to knowledge graphs. Additionally, they aim to guide the machine learning
researchers regarding multiple biomedical terminologies and introduce high-quality
resources. Lastly, they list out a set of challenges, where the need of better meta-
data, incorporation of features and data uncertainty are some of the challenges they
addressed.

Various problems related to patient outcome prediction are addressed using machine
learning techniques and classical statistical models. Song et al explores and com-
pares machine learning techniques against statistical learning technique to classify
patient health risk [49]. Dai et al aims to predict patient hospitalization using tree-
based algorithms under supervised learning problem [18], whereas Beaulieu-Jones
et al aims to classify disease sub-types and improve genotype-phenotype association
studies using denoising autoencoders for dimensionality reduction and semisuper-
vised learning for disease sub-type classification [10].

Wu et al presents a comprehensive survey on Graph Neural Network (GNN), where
their evaluation proposes a new taxonomy to divide the evolving field of graph neural
networks [56]. Additionally, they aim to provide a hands-on guide for understanding
and using the different deep learning approaches for various fields and discuss the
possible applications of GNN across various domains'. Ali et al performs a detailed
analysis and large scale evaluation on various knowledge graph embedding tech-
niques [8]. This article holds an important role in the completion of the thesis work.
Gong et al uses two bipartite graphs, namely patient-disease and patient-medicine,
to create a heterogeneous graph structure [24], and further successfully uses the
learned embeddings to recommend safe medicine to patients. Another example is
the work by Rotmensch et al [44], where researchers aim to create a health knowl-
edge graph from electronic health records.

A funding of approximately £300 000 for a span of 3 years (2018-2021) is made
for the research project described in [2]. The project aims to develop a knowledge
graph, expand it with other related biomedical entities and make predictions on
anonymized electronic health record data. Based on the extracted cohort of pa-
tients, classifiers are trained to predict outcome relating to clinical variables and
risk associated. The research findings from this project are not yet published nor
found by the thesis workers as of 25 May 2021. However, this research outline was
used as motivation for our similar thesis outline.

LGNN and knowledge graphs are not the same but fall under a parent branch of graph networks.
Nevertheless, a branch of GNN deals with heterogeneous graph structures that are not studied as
a part of this thesis.
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1.3 Aim

The thesis aims to describe the construction of a patient-centered knowledge graph
based on different data-sources, and further on representing the patient information
in latent vector spaces using knowledge graph embedding methods and classifying
patient re-admission statuses. The evaluation of the patient embeddings is done
via link prediction, whereas classifying the patient re-admissions is done by two
methods, namely triplet classification and in a supervised manner using artificial
neural networks. The artificial neural networks will evaluate both the embeddings
generated in the link prediction approach, as well as two baseline-data sets which
exclusively describes the patient-information.

1.4 Limitations

Studies on re-admission classification have shown promising results by applying nat-
ural language processing techniques on patients clinical notes [26]. Similarly, studies
have shown that the use of time-series dependent patient features are also good pre-
dictors of patient outcome predictions [42]. Since these types of information are
rather difficult and non-trivial to place in a knowledge graph, we have limited our
scope of using static patient variables, and have thus disregarded time-dependent fea-
tures such as vital-signs and clinical notes written at the end of a patients admission.
This can be a significant limitation as patients health condition are generally mon-
itored by vital signs, and clinical notes often describe a patient’s health-behaviour
quite well.

Another limitation is the amount of external data sources which are investigated.
Specifically, we look into the direct relations between drugs and diseases, the indi-
rect relations between drugs and diseases via genes and hierarchies within diseases,
procedures and drugs. In the biomedical domain, these association types are merely
a tiny fraction. In reality, there are plenty of associations that could trigger or affect
any relation between the entities considered [3].

An assumption that could be considered a limitation is that we assume every fact
mentioned in all the considered databases to be correct. Many databases are algo-
rithmically generated, and studies have shown they may not be fully accurate for
this reason [51]. However, this is not investigated in the thesis, and is thus imposed
as a limitation.

1.5 Research questions

Since we wish to evaluate and compare a set of different classification algorithms and
their frameworks based on data sets of different types, the project aims to answer
the following research questions posed by the authors:



1. Introduction

o How well do the models correctly classify the re-admitted patients within 30,
90 and 365 days, as well as patients who are not re-admitted?
Medical practitioners are often aware of patient’s readmission risk, however,
having an prediction on the timeline could help plan resources better. There-
fore, different timeline of readmission posed to be an interesting research ques-
tion. The duration {30,90,365} days for readmission offers a near uniform
distribution in readmission status in the dataset with ~ 5.7%, 3.8%, 5.5% re-
spectively. For an effective training of model this often becomes important to
consider.

o How does the knowledge graph embedding method’s abilities to predict re-
admission compare to each other?
The Sahlgrenska University Hospital aimed to explore the possibility of using
knolwdge graphs in patient centric data. Hence, attempting different knowl-
edge graph embedding methods becomes invaluable.

e Does the included information gathered from other data sources improve the
classification algorithm’s ability to predict re-admissions? As explained in
section 3.1, a single dataset generally may not necessarily contain important
information about how patient conditions are interlinked. Hence, different
datasets becomes essential to model. This thesis work aims to open the pos-
sibility for Sahlgrenska to further expand the external source data on top of
the considered datasources as mentioned in section 3.1.1.

1.6 Ethical considerations

Machine learning algorithms needs large amounts of data in order to learn differ-
ent behaviours and generalize over unseen data, but the core principle of privacy
states “collect as little data as possible® [9]. This dichotomy is difficult to reconcile
and stands as a challenge to privacy. Further on, patient information is a highly
sensitive information, and sharing the data may lead to some extent in jeopardized
autonomy, whereas, concealing the information might lead to compromise in the
objective. There have been incidents in the past where medical practitioners have
used there position to sell patient identification [41]. This can capped under serious
ethical security breach. Moreover, a survey conducted found that approximately
73% of physicians text other physicians about work-related issues [7].

The Health Insurance Portability and Accountability Act (HIPAA) aims to protect
the healthcare information. It regulates strict audits in timely manner to ensure
preserving ethical issues at right order. The data set used in this thesis requires to
complete 9 mandatory certificates explaining best practices to ensure that health-
care data is not misused. The data set has de-identified all sensitive patient-oriented
information, such as time-shifting and removal and cleaning of patient information.
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1.7 Thesis outline

The report is further on divided into four major parts - theory, methods, results
and discussion, with the addition of a last chapter which present the conclusion of
the thesis. Chapter 2 describes the theory behind the concepts used in this project,
i.e. the concepts regarding knowledge graphs and the theory behind the representa-
tion learning of knowledge graph embedding methods. Chapter 3 describes how the
different data-sources have been combined and derived, as well as the functionality
behind the methods used. Chapter 4 describes the results from our preliminary in-
vestigations, and are further on discussed and commented in chapter 5, together with
future possibilities. Chapter 6 states our final thoughts and conclusions of the thesis.

The link to thesis work programs that were used is https://github.com/trilokimodi/
Thesis.git?

2The GitHub repository is private. Please send a request email to any thesis worker to avail
permissions.
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2

Theory

This section is devoted to giving the readers a brief background of some of the
techniques and methods used - both in this project and in machine learning in
general. It is assumed that the reader is familiar with the field before reading this
paper. We will describe the key concepts related to knowledge graphs, knowledge
graph embedding methods, the different classification methods used and metrices
chosen to evaluate these.

2.1 Knowledge graphs

A knowledge graph is a directed, multi-relational labelled graph consisting of enti-
ties and relations acting as nodes and edges. The entities act as 'real world” objects,
events and concepts, and the connection (relation) describes how the different en-
tities are connected. This knowledge is stored in a graph-structured data model or
topology based on available information from various sources. This way of represent-
ing knowledge is intuitive and generic when different associations connect different
entities. More formally, a knowledge graph is a subset of the Cartesian product of
a set of entities and a set of relations, expressed as:

KCK=EXRXE (2.1)

where K is the set set of observed facts, £ is the set of entities and R is set of
relations. Each member of set of observed facts is called a "triplet" and is denoted
as (h,r,t) where h,t € £ represents a triplet’s respective head and tail entities, and
r € R represents the relation between the head and tail entities. The direction is
from head entity to tail entity and is decisive of how the relation is defined. An
exemplary knowledge graph can be shown in figure 2.1.

In addition to triplets presented in a knowledge graph, different assumptions can
be considered regarding triplets not presented in the knowledge graph - whether or
not there’s a plausibility that a unobserved triplet can be true despite not being
presented in the knowledge graph. The Closed World Assumption (CWA) states
that triplets not presented in a knowledge graph are considered to be false, whereas
triplets not presented in a knowledge graph are unknown to be true or false under
the Open World Assumption (OWA) [40]. Depending on the type of problem that is
investigated, either one of the setting is used. For example, in the example knowledge
graph, the triplet P2, hasDisease, D2 is considered to be unknown under the OWA,
whereas it’s considered to be false in the CWA.
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Dr2

Dr3

Hasp;
SD'Sease
 HasDisease @

Figure 2.1: Exemplary knowledge graph of three patients. Circles represent pa-
tients, rectangles represent drugs and ellipses represents diagnoses. Different link
colours denotes different relation-types.

2.2 Knowledge graph embedding methods

In this section, bold characters are used to denote embedded vector, a relation
r € R, entity e € £ can be considered true unless otherwise stated. As a part of
this thesis, only translation based embedding methods have been investigated. This
implies that the general form for the energy function will always be head embedding
+ relation embedding =~ tail embedding. The specific embedding method in-
vestigated will influence the construction of the energy function by varying different
forms of head, tail or relation embeddings.

Knowledge graph embedding methods are used to learn latent vector representa-
tions of the entities e € &£ and relations r € R in a knowledge graph K that
preserves its structural properties. The quality of the embedded vectors preserving
their structural property depends on the choice of embedding method and data it-
self. Each of the embedding method hosts an interaction function f : EXRXxE — R
responsible to provide a real-valued measure on the plausibility of a triplet, i.e. a
higher score generally reflects a higher plausibility for a triplet being true. Note
that the interaction functions are model-dependent and the scores can’t always be
interpreted as probabilities directly, but rather needs to be evaluated for each model.

Different models have the ability to capture different relation cardinalities, i.e. 1: 1,
1: N, N:1and N : M connections, which then naturally imposes different com-
plexities on the models. Knowledge graphs are in general created with OWA i.e.
the relations associated to each entity is not limited to the existing facts within
the graph structure. Furthermore, a model with enough training parameters could
easily over-generalize the true facts. To avoid this problem, a set of false facts is
needed while training, which is further explained in subsection 2.3. All the discussed
embedding methods follows the same algorithm-schema as described in algorithm 1.
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Algorithm 1: Translational knowledge graph embedding algorithm.
Input: Training set S = {(h,r,t)}, h,t € £, r € R and margin ~y
Initialize: Appropriate entity and relation embeddings
loop

Appropriate normalization (method-dependent)
Shaten— sample(S,b) // Sample mini-batch of size b from training set S
Toaten < 0 // Initialize the set of pairs of triplets
for (h,r,t) € Spaten :
(W', r,t') < sample(Sy, ,.,)) // Sample a corrupted triplet
7I)atch = 7T)atch U {((h; T, t), (h,7 r, t/))}
end for
Update embeddings w.r.t. method-dependent energy function
Z((h,r,t),(h’,r,t’))eﬂ)amh \ [7 + d(h> r, t) - d(h/7 r, t/)Lr
end loop

The initialization mentioned in the algorithm 1 is a modified Xavier/Glorot ini-
tialization, which is a commonly used initialization schema within various fields of
machine learning in order to avoid gradients from exploding or vanishing in the
back-propagation step [6] [22]. The embedding vectors are initialized as described
in equation 2.2.

1 1
where z; is a scalar in the embedded vector and n denotes the embedding size. Note
that in some models, entity and relation embeddings can have different embedding
sizes. Further on, the entities and relations undergoes normalization after every
epoch, depending on the model selected. This is to make sure that the constraints
each method imposes are fulfilled, which are described in their own sub-section.

Lastly, the embeddings are updates using stochastic gradient descent with the Adam
stochastic optimizer. Overall, the algorithm proceeds to sample a batch from train-
ing set triplets, where for each training triplet in the batch, the algorithm corrupts
one triplet, computes the loss for the batch and proceeds to update the embeddings
by taking a gradient step. The following sub-sections will in detail describe the
different embedding methods and their methodologies. In particular, a description
of their energy function changes will be provided.

2.2.1 TransE

Translations in the Embedding Space (TransE) [16] is a knowledge graph embedding
method seeking to learn low-dimensional embeddings for entities and relations in
the knowledge graph by considering the relations as translations in the constructed
embedding space, thus trying to model the head and tail entities h,t € £ in a
presented triple (h,r,t) € K so that the tail embedding should lay close to the head
embedding, with the addition of the relation vector r € R, i.e. h+r ~ t. This simple
but rather powerful model relies on a reduced number of tune-able parameters and

9



2. Theory

creates only one vector representation for each entity and relation. Note that the
embedded vector for an entity is the same whether it’s presented as a head or tail
entity, and that the embedding sizes for entities and relations must be the same. A
graphical illustration of the methodology is shown in figure 2.2. The energy function
for TransE is defined as following:

A(h,r,6) = [t v bl (23)

This energy function returns a non-negative value for a true triplet and conversely
should return a higher non-negative value for a false triplet. In order to learn these
embeddings, wee seek the minimization of a margin-based ranking criterion over the
training set, which is defined as:

L= ) > [y+dhrt)—db, rt)), (2.4)

(h,r,t)eS (h’,r,t’)ESEhmt)
The notation of [z]; means the positive part of z, and v is treated as a margin
hyper-parameter in the model. The model can be evaluated with both L; and L,
norm. The set th,r,t) is the set of corrupted triplets, which is composed of training
triplets where either the head or tail entity has been corrupted, i.e. replace by
another entity randomly. Note that both entities are not corrupted at the same
time, only one at the time. We define this set as following;:

Slrey = LW, 1) € EYU{(h,r, )]t € €} (2.5)

The loss function encourages the model to discriminate between true triplets in our
knowledge graph and false ones constructed in the training phase. The optimization
also imposes the constraint that the Lo-norm of the entity embeddings is unity. This
is to avoid the trivial minimization of the loss function by inflating the norm of the
entity embeddings.

A

>

Figure 2.2: An illustration for the working of TransE methodology. The head
embedding h adds up with relation embedding r to produce tail embedding ¢. All
h,r,t lie in the same space R".
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2.2.2 TransH

Translation on Hyperplanes (TransH) [21] aims to project the head and tail entity
embeddings h, t of a true fact on a hyper-plane, whereas the projections are con-
nected by a translation vector d, € R"™ laying on this hyper-plane. The role of the
relation embedding r in the true fact comes in constructing the hyper-plane and the
translation vector d,.. Specifically, a relation is characterized by two vectors, a norm
vector w,, € R" of the hyper-plane and a translation vector d,. Note, n is a tune-
able hyper-parameter. With an independent hyper-plane for each unique relation,
the model tackles the difficulties of modelling 1:1,1: N, N :1and N : M relation-
cardinalities in a more suitable way. Figure 2.3 illustrates the projections of entities
on a relation hyper-plane, together with its translational vector. The projections
embeddings are denoted as h; for head entity h and t, for tail entity t. Within each
hyper-plane, the objective is to obtain h | +d, ~ t, for each true triplet. The energy
function for a true triplet (h,t,7) € K is expressed as d(h,r,t) = ||hy +d, —t,||.
By introducing the constraint ||w,||, = 1, we obtain that:

h;, =h—w, hw, (2.6)

ty =t —w, tw,
Thus, we can re-write the energy function as:

d(h,r,t) =|h, +d, —t,|>= H(h — WTThWT) +d, — (t - WTTtWT) E (2.8)

Again, the energy function returns a non-negative scalar which is lower for true
triplets and higher for false triplets.

A

Figure 2.3: An illustration of TransH methodology. The original embeddings h, t
are projected in a relation hyperplane r. The projected embeddings are connected
by a relation translation vector d,. All h,r,t lies in the same space R".

In order to learn the embeddings of the entities and relations, the same margin-
based ranking criterion is used as in the TransE-method, i.e. equation 2.4, as well
as the defined set of corrupted triplets defined in equation 2.5. As mentioned in the
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algorithm 1, head and tail entities and relation normal vectors are normalized after
each epoch. The rest of the training details follows as mentioned at the end of the
section 2.2.

2.2.3 TransR

The previously two mentioned embedding methods are based on the assumption
that both entity and relation embedding are presented in the same vector space
R™. Translation in the corresponding relation space (TransR) [35] is an embedding
method that overcomes this assumption by modelling the entities and relations in
separate embedding spaces, i.e. an entity embedding space and one unique relation
embedding space for each presented relation. This is done since each entity may
have several aspects, and relations may focus on different aspects of the entities.
Hence, TransR tries to model the facts in multiple relation spaces to achieve rela-
tion specific entity spaces. A graphical illustration is shown in figure 2.4.

The intuition behind TransR is that for each triplet (h,r,t) € K, the head and
tail entity embeddings h,r € R"™ are first projected onto the r-relational space using
the relation-specific projection-matrix M, € R¥*¢ and obtains the projected head
and tail entity embeddings h, = M, h, t, = M,t. We wish that these are projected
in a way so that h; +r ~ t, for the specific relation r and its embedding r € R*.
This gives the embedding model the possibility to model head and tail entities that
hold a specific relation lay close to each other in that specific relation-space, and
lay far from each other in another relation space where it’s not a true triplet. The
energy function is then computed as:

d(h,,r,t,) = ||hy + 1 — t,|2 (2.9)

The energy function returns low-valued scalars for true triplets and higher-valued
scalar for false triplets. Constraint are set upon the model’s embedding vector and
matrices, more specifically Vh,t € £, Vr € R, |h|, < 1, |t|l, < 1, |Ir], < 1,

|hM, ||, = 1 and |[tM,||, = 1. These constraints are met after each epoch during
training.

The embeddings for this model is learnt by the same margin-based ranking criterion
used in the TransE-model, i.e. equation 2.4, with margin v as a hyper-parameter,
and the set of corrupted triplets defined in equation 2.5.

2.2.4 TransD

Translation via dynamic mapping matrix (7TransD) [27] is an extension to TransR.
In case of TransR, a single mapping matrix is used, whereas in case of TransD the
idea is to project head and tail entities differently as they are generally of different
attributes. Two embedding vectors are constructed for each head and tail entities
h,t € £ and relation r € R, i.e. h/h, t,t, € R" Vh,t € €, r,r, € R* Vr € R.
The first embedding vector explains the entity or relation and the second defines

12
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N,
>

Entity space Relation space of r

Figure 2.4: An illustration for the TransR methodology. The head and tail em-
beddings h, t share the same space R™ and are projected to a relation r specific
space R™ using a single projections matrix.

how to project an entity to relation space. Matrices M, j,, M,., € R**" are the two
mapping matrices used for projections. These matrices are defined as:

M,,, = ryh) + 1" (2.10)
M, = rpt) + I (2.11)

Here, I"*" is identity matrix. The projection matrices are thus determined by both

the entity and relation. The second set of embedding vectors are then projected
onto the relation space by the newly constructed projection matrices as following:

h, =M, ,h (2.12)
t, = Mt (2.13)

The energy function for a observed triple (h,r,t) € K is once again defined as:
d(h,r,t) = |hy +d, —t. [ (2.14)

This energy function returns a low-valued scalar for true triplets and a higher-
valued scalar for false triplets. Further constraints are set upon the model - the
head and tail entity embeddings should be smaller or equal to unity, as well as their
corresponding projected vectors. This applies to the relations as well, i.e. Vh,t € &,
|hll, < 1, Itll, < 1, |hy|l, < 1|t ll, £ 1, Vr € R, ||r]|, < 1. These constraints are
met in each epoch of the training.

Once again margin-based ranking criterion is used i.e. equation 2.4, where the
margin v is a hyper-parameter, and the set of corrupted triplets defined in equation
2.5.

2.3 Negative sampling

The negative facts are generated by assuming stochastic local closed world as-
sumption. Under stochastic local closed world assumption, it is assumed that
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Figure 2.5: An illustration for the TransD methodology. The head and tail embed-
dings h, t share the same space R™ and are projected to a relation r specific space
R™ using 2 projection matrices individually for head and tail entities respectively.

for any given true fact (h;,r;,t;) € K, a false fact is any triplet from the set of
{(hj,ri,ti), (hisrj,t:), (hiy i t;) € K. The negative sample can be generated from
the set by either corrupting the head or tail entity. The choice of selecting head or
tail entity is done by two sampling methods, namely uniform negative sampling or
Bernoulli negative sampling.

Under uniform negative sampling, head or tail entity is randomly selected with uni-
form distribution and later an entity e € £ is uniformly sampled and selected as
the corrupted head or tail entity. This negative sampling technique was used by the
authors of the TransE embedding method.[16]

Under Bernoulli negative sampling, the probability of corrupting head or tail de-
pends on the type of relation in the fact. If the relation is of 1 : N (one to many)
then a higher probability is assigned to corrupt head h, and vice-versa for the case of
N : 1 (many to one). In general, in order to make it more computationally efficient,
for each relation r € R, the average number of tail entity per head entity (tph)
and average number of hpt is computed. The probability of selecting head entity

h or tail entity ¢ to corrupt is then given by the Bernoulli parameter tp;ﬂpt and
hpt

o respectively. The Bernoulli negative sampling technique was introduced by
the authors of the TransH embedding mehtod[21].

2.4 Evaluation

The training of the knowledge graph embedding methods involves an evaluation
phase based on a constructed validation graph. The evaluation can involve either
triplet classification or link prediction on the validation graph, depending on the
embedding scenario. These are presented in the subsection below.
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2.4.1 'Triplet classification

According to the definition present in [53], triplet classification is defined as the task
of finding if the given triplet (h,r,t) is true or false. The given triplet is scored
using the scoring function of the specific embedding method at use. The triplet is
considered true if the score is larger than a given threshold value ¢. In this thesis,
the triplet classification has been modified.

The modified definition of triplet classification is, given a set of heads h and a
specific relation r, the triplet is considered to be true if it obtains the maximum
score among the set of tails £. The details of the modified triplet classification will
be further discussed in method section 3.4.3.2.

2.4.2 Link Prediction

The performance of knowledge graph embedding methods are usually evaluated in
the setting of link prediction,using the newly constructed embedding vectors. A
link prediction task is defined as predicting either head h or tail ¢ given a entity-
relation pair (r,t) or (h, r) respectively. The prediction is generally done by a ranking
function, and the ranks are decided by the score of the triplet. The link prediction
algorithm is described in the algorithm 2.

Algorithm 2: Link prediction algorithm

for each triplet (h,r,t) in validation or test set:
corrupt h
Score the triplet  (h',7,t) V h €& — {h}
Sort the scores
Find the rank of true triplet (h,r,t) among sorted scores
Store the rank
corrupt ¢
Score the triplet  (h,r,t) V t €& —{t}
Sort the scores
Find the rank of true triplet (h,r,t) among sorted scores
Store the rank
end loop
Use a rank measurement technique to compute the overall link prediction
performance

2.4.3 Rank measurement technique

Mean Reciprocal Rank (MRR) can be defined as the mean over reciprocal
individual ranks, defined as in equation 2.15. The MRR-value lies in range [0, 1],
and indicating that a higher mean reciprocal rank is yielding a better predictive

!The exact algorithm is more efficient.
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ability. However, MRR is not uniform because of the reciprocal rank definition. For
example, MRR of 0.5 would imply a prediction within the top two entities, and
MRR of 0.1 would imply a prediction within the top 10 entities, and a MRR of 0.01
would be within the top 100.

1 1

M = _—
hft rank(h,r,t)

(2.15)
| Kvatidl (R )€K vatia

Hits at K (h@k) - Hits at K is the fraction of test triples that are ranked under top
K to the total number of triplets in the test set. Its definition is given in equation
2.16.

20

HQK =
Ucvalid’

(2.16)

where 6; = 1 if rank(i) < K, V i= (h,rt) € Kyauia-

During the validation phase using the described link prediction task, the MRR-
metric will be used as an early stopping criteria, and h@k will be parallely computed
to draw inferences.

2.4.4 Other evaluation metrics

When evaluating the performance of classification problems, the metrics used needs
to reflect the strengths and weaknesses of the learning algorithm. A way to present
the results is with the terms true positives, true negatives, false positives and false
negatives. In a binary setting, where only two classes are to be predicted, this is
a very comprehensible concept - either it belongs to one class (true) or the other
(false). However, in the setting of multiclass classification with C' classes, one needs
to evaluate each individual class against all others together, i.e. if class Cj is con-
sidered and a sample’s true target is of class Cy, then a true positive if considered
if the sample’s predicted target is of class Cy, and a false negative if it’s one of
the remaining classes {C},...,C|¢|-1}. In the same way, if a sample has a corre-
sponding true target that is not Cy, and the prediction is of class Cy, then this is
considered a false positive, and a true negative is considered if the predicted target is
one of the remaining classes {C1, ..., C|¢|—1}. Note that this doesn’t the difference
between classes others than Cj, only that it’s actually different from Cj. In other
words, metric-scores are calculated for each class, regarding the remaining classes
as negative. It is evaluated as a binary classification problem for each class indi-
vidually. After this, a general metric-score can be calculated by a weighted average
over each classes metric score to obtain an average performance value. Each class
has then obtain their corresponding set of true positives (TP), false negatives (FN),
false positives (FP) and true negatives (TN). From this, the following metrics can
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be calculated for each class as:

TP+TN

A = 2.17
Y = TP Y TNy FP+ FN (2.17)
TP
PreCiSiOﬂ = m (218)
TP
l= —— 2.1
Reca TP LN (2.19)
TP
Fl-score = (2.20)

TP+ Y(FP+FN)

Accuracy is a rather straight forward metric which measures the proportion of cor-
rect predictions among all predictions. However, one limitation with this is when
the distribution among the classes is imbalances, i.e. the number of test-pairs are
not equal among the different classes. If 95% of the sample-pairs belong to class
Co, then classifying everything as Cy and ignoring the remaining classes will yield a
good accuracy, but miss the information given from the other classes. To calculate
the proportion of predicted positives that is truly positive, then precision is used
for this evaluation. This gives a more nuanced evaluation than just looking at the
number of correct predictions. Another metric is recall, which tells us about the
proportion of true positives that are actually predicted correctly. This metric is use-
ful when trying to capture as many positives as possible. F'1-score is the harmonic
mean between precision and recall and is heavily used when the classes are either
imbalanced or when predicting true positives is important on all classes. If either of
the former metrics has a low value, it will be reflected in the Fl-score, thus a high
score here implies high scores for both precision and recall.

When calculating these metrices for several classes in the same classification task,
the macro-score is an average of the metric-score over each class, defined as:

e, .
ZL:|1 Metric-score,

€l

Macro-metric = (2.21)

The highlight of this thesis is to use knowledge graph embedding methods and im-
portant theories related to it has been discussed. Nevertheless, other important
concepts like deep learning, details on evaluation metrics, supervised learning and
gradient based optimization has been explained and presented in the appendix sec-
tion B.
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Methods

This chapter describes the preliminary experiential setup and our working pipeline.
The project can be divided into four phases, involving data cleaning, knowledge
gathering, knowledge graph embedding and model fitting, as seen in figure 3.1. We
will describe the different phases in detail, including the different data sources used,
different data splits, and how we train the models. We will lastly present our pro-
posed model training scheme as well as the metrics which evaluates these.

Link prediction
@ } > )
Train embeddings

MIMIC-III Knowledge Embedding
Patient data gathering vectors

Figure 3.1: Different phases of the project. Information regarding patients is
extracted from MIMIC-III, further on expanded with various data sources, before
constructing and evaluating different algorithms.

3.1 Data

We wish to explore if the incorporation of domain-specific information can be utilized
to yield better predictive performances than patient data alone. For the patient-
central data, we have looked at the Medical Information Mart for Intensive Care
- IIT (MIMIC-III) database version 1.4 [28]. MIMIC-III alone is an excellent data
source to model patient specific models. However, it doesn’t contain information on
the science of diseases, drugs, and how these are related to each other. For exam-
ple, MIMIC-III will present information about patient’s diseases, prescriptions and
procedures, but it doesn’t contain information on which drug is used to cure what
disease or which set of drugs targets the genes affected by a single or set of diseases.
Connecting non-patient entities gives additional flexibility to the knowledge graph
embedding methods on bringing related entities closer to each other. To accomplish
the addition of edges involving non-patient entities, knowledge from other biological
ontologies were incorporated. For data related to diseases, the Stanford Biomedical
Network Dataset (SNAP) has been investigated [36], as well as Disease Ontology
(DO) [46] and Unified Medical Language System (UMLS) [13][38]. For information
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pertaining to drugs, DrugBank 5.0 [54] has been investigated, as well as SNAP. For
data related to genes, the SNAP database was examined.

3.1.1 Biomedical Ontologies

An ontology is a collection of terms designed to represent knowledge in a specific
domain. Biomedical ontologies are vast and complex, and is therefore very difficult
to design a single logical terminology that can cover all biomedical information.
The tangled interdependence of the working nature of diseases, organs, drugs, genes,
proteins, and their interactions makes it inherently difficult to represent information
in a hierarchical or structural way. Hence most of the biomedical ontologies represent
knowledge in Resource Description Framework Schema (RDFS) or Web Ontology
Language (OWL). Both of these languages are designed for web formats and have
separate browsers to view and manipulate defined ontologies. These web format
databases contain biomedical information interlinked in a Directed Acyclic Graph
(DAG) structure with nodes as one of the entity in category and edges representing
a relation between two entities.

3.1.2 MIMIC-III

This is a large, single-center database containing information regarding de-indentified
patients admitted to critical care units admitted to the Beth Israel Deaconess Med-
ical Center in Boston, Massachusetts. The data includes vital signs, medication,
measurements obtained in laboratories, observation and chart notes written by care-
takers, procedure and diagnoses codes, survival data, patients information and more.
The relational database consists of 26 tables, which are linked by identifiers, which
are further explained in appendix A. The database is frequently used within both the
academia and industrial research fields. It consists of data corresponding to 58,976
unique hospital admissions for a total of 46,520 unique patients between the years
2001 and 2012. The data has been modified so that patients are de-identified accord-
ing to the HIPAA standards, by structured data cleaning and date shifting. This
process demands removal of identifying elements, such as patient name, phone num-
ber, address and dates. Furthermore, dates are consistently shifted with a positive
random offset for each patient, so that seasonal, weekly and daily time intervals are
preserved. Patient’s birth of date has been shifted if their true age is over 89 years
to comply with HIPAA regulations, and thus appear with ages of over 300 years in
the database. Protected health information, such as diagnostic reports and physi-
cian notes, is removed from free text fields using a well-evaluated de-identification
system. As the database contains sensitive and detailed information regarding the
clinical care of patients, it must be treated with care and respect. In order to obtain
the database, one must send a formal request for access via the MIMIC-website,
where a recognized course in protecting human research participants needs to be
completed. Furthermore, one must sign a data use agreement, which states appro-
priate data usage and security standards, where it also forbids efforts to identify
patients.
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3.1.3 DrugBank

Drugbank [54] is a comprehensive cheminformatics database, containing rich infor-
mation about drugs and drug-related information, such as drug function, formula-
tion, mechanism, metabolism, interactions and more. It is estimated that there are
16820 unique drugbank identifiers for drugs and 4422 unique drugbank identifiers
for salt compounds, classified among type categories as approved, experimental,
investigational, illicit, etc.

3.1.4 Stanford Biomedical Network Dataset

The Stanford Biomedical Network Dataset Collection (BioSNAP) [36] can be con-
sidered as an ensemble of bipartite graphs.! The graphs are stored as tsv-files,
with each row representing a edge connecting two nodes. The nodes-types can be
among diseases, drugs, genes, proteins etc. The term bipartite is used to emphasize
that each of the tsv-file contains a maximum of 2 entity types, implying all rows
in each tsv-file are of same relation type. It is therefore straight-forward to make a
heterogeneous graph with many interesting features by using the BioSNAP graph
database. These graph structures are not linked data, and hence, unlike many other
biomedical ontologies, it can be difficult to find additional information about any
selected entity solely from SNAP.

3.1.5 Disease Ontology

The human ()[46] is designed to abridge the gap between different biomedical
ontologies through disease concepts. The other disease concepts cross-referred in
are Medical Subject Headings (MeSH), , Systematized Nomenclature of Medicine
(SNOMED), etc. In total, there are about 9,069 unique Disease Ontology Identifier
(DOID). It also aims to provide linked reference to other ontologies, textual infor-
mation about the disease and grouping of closely related diseases in hierarchical
fashion. The human disease ontology is a part of Open Biological and Biomedical
Ontology (OBO) foundry. OBO is a community driven mission to develop a family
of inter-operable ontologies?[48].

International Classification of Disease - ICD-9 is the ninth revision of the
International Classification of Diseases (ICD) [1] accepted throughout the world
for indexing of hospital records, morbidity and mortality statistics. ICD-code is
designed for healthcare classification system and includes naunced classification of
variety of signs, symptoms, anomalies, external causes, injuries etc. The ICD-codes
are revised periodically, where the ongoing version in healthcare is [CD10. The ver-
sion used in MIMIC-III contains patients disease information in the form of ICD9-
codes and hence only ICD9-codes are considered as this thesis area of interest in DO.

Medical Subject Heading - Medical Subject Headings (MeSH) [43] is one of

!This statement has not been verified. It is stated to motivate the general understanding of
BioSNAP database.
2http://www.obofoundry.org/
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the most widely used biomedical ontologies in the research domain. Hence, a large
number of biomedical databases like UMLS (section 3.1.6), SNAP (section 3.1.4),
DO (section 3.1.5) etc. includes MeSH-terms in their cross-references. Moreover,
articles in PubMed have MeSH-terms attached to describe which biological entity
is referred to. This project considers the MeSH concepts only, and not the entire
MeSH ontology.

Systematized Nomenclature of Medicine - Unlike ICD, Systematized Nomen-
clature of Medicine - Clinical Terms (SNOMED-CT) [5] is a nomenclature designed
for clinical terms. SNOMED-CT provides the core terminology for electronic health
record and aims to improve the patient care, and includes approximately 311,000
unique concepts. SNOMED-CT is used by standards setting organizations and in
various health care applications, and is updated twice a year.

3.1.6 Unified Medical Language System

Unified Medical Language System (UMLS) [13] [38] is a large repository of inter-
related biomedical concepts developed by U.S. National Library of Medicine. The
repository is coined as Metathesaurus in UMLS website and publications. Unlike
many other biomedical ontologies which lacks focus on the clinical aspects, UMLS
aims to tackle this by involving a sub-domain with general terminologies such as
SNOMED-CT and ICD. Some of the concepts in UMLS can be linked to external
sources. Ontologies from some of the non-English language are also covered by
methathesaurus.

3.1.7 Other terminologies

There is an abundance of various other terminologies within biomedical databases
depending upon entity type, nature of database and applicability of the entity. Some
of the entities that are used in this project are described in previous subsections,
and some more are described in this section. The terminologies not used within this
project are neglected.

Genes [52] - Based on genetic information, human diseases can be classified as
monogenic, chromosomal, or multifactorial. Alteration in a single gene leads to
monogenic disease, whereas alteration in chromosome leads to chromosomal. The
mutlifactorial diseases are the complex diseases and is caused due to variation of
many genes. Finding associations between disease and genetic variation is a part of
genetic research. Some of the disease-drug relations are created through common
gene i.e. disease affecting gene X and drug targeting gene X.

Targets - A target is a protein encoded by genes that are targeted by drugs. These
targets are sometimes the carrier of drug or is responsible for the activation of drug.
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3.2 Data Set Creation

This section will describe the different tables and data sources which the data sets
are built upon. The process of the patient cohort selection will be described together
with their chosen features and corresponding statistics. How different data sources
are related and the work-flow regarding the actual act of connecting of these sources
will be presented as well. Finally, the different data sets created will be presented -
what information they include as well as which particular data set will be used in
which re-admission classification pipeline.

3.2.1 Admission details

This subsection describes the different features regarding a unique patient’s admis-
sion. Their admission details are given in ADMISSIONS and PATIENTS tables.
These tables are centered around patients and their admission and the data tables
consists of 58976 unique admission events for a total of 46520 unique patients. Other
tables used in order to obtain patient features are ICUSTAYS, which describes a
patient’s visit to the ICU-departments, as well as SERVICES, which describes the
different services a patient has been admitted under during their stay.

The different counts of re-admissions for all patients is presented in table 3.1. Fea-
tures are selected based on the patient’s first admission. This is due to the difficulty
of modelling patients with several admissions within the same knowledge graph -
distinguishing between different feature sets between different admissions. Also, ob-
servations in a prior admission can influence the response in a later admission.

Table 3.1: The table states the distribution of number of admissions different
patients had in the entire MIMIC-III dataset.

Number of admissions | Number of patients | Percentage
One 38983 83.80%

Two 5160 11.09%
Three 1342 2.88%

Four 508 1.10%

More than four 527 1.13%

The Length of Stay (LOS) for each admission can be derived based on the avail-
able information in the table - with variables describing the date and time for both
admission and discharge of a patient’s visit. We can see in subtable (a) in table
3.2 that certain patients has a negative LOS, which usually are patients that act
as organ donors®. These corresponds to 98 patients which have expired before their
arrival and are thus removed from the data set. Subtable (b) in table 3.2 shows the
distribution of LOS for the remaining patients. Since we need to create an entity-
type representing the length of stay, we bin it within certain intervals. Making

3https://mimic.mit.edu/iii/mimictables/admissions/

23


https://mimic.mit.edu/iii/mimictables/admissions/

3. Methods

weekly-long bins, we end up with the representation described in table 3.3.

Table 3.2: The table states the basic statistics of Length of stay considering the
MIMIC-III patients. Table (a) represents patients considering all patients whereas
(b) represents the set of patients that were selected for modelling.

(a) All patients. (b) Filtered patients.

Count | 46520 Count | 46422
Mean | 10.131 Mean | 10.151
Std 12.708 Std 12.713
Min -0.945 Min 0.004
25% 3.715 25% 3.729
50% 6.357 50% 6.369
5% 11.718 5% 11.734
Max | 294.660 Max | 294.660

Table 3.3: The table states the binned length of stay bin distributions. The bin-
ning becomes essential as the current implementation of Knowledge graph doesnot
support numeric features.

Bin interval Number of patients | Percentage
Less than one week 25159 54.20%

One to two weeks 12297 26.49%

Two to three weeks 4221 9.09%

More than three weeks | 4745 10.22%

Since we also wish to predict the re-admissions for patients, keeping patients who
die within their first (and only) admission is rather ambiguous and would skew the
distribution of patients that are actually re-admitted and not re-admitted. For this
reason, these 4319 patients are removed from the data set, resulting in 42103 unique
patients.

All time-stamps presented in the MIMIC-III data set have been shifted in order
to comply with the de-identification regarding HIPAA-regulations. However, the
time-stamps are still intact in relation to each other, i.e. we can calculate the age
for the patients by taking the difference between their date-of-birth and admission
time. We remove patients that are infants, because these generally lack the descrip-
tive features we wish to explore in this project. This reduces the number of patients
to 34296. It should also be noted that MIMIC-III doesn’t include pediatric patients,
and that the lowest age for the patients is currently 16 years. We group patients
within the following age-bins as presented in table 3.4.

Since we wish to predict readmission within the ranges of 30, 90 and 365 days,
keeping patients who die within these ranges after their first discharge will bias the
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Table 3.4: The table states the binning strategy and distribution for different age
group of the patients in MIMIC-III dataset.

Age interval | Number of patients | Percentage
[16,40) 3868 12.70%
[40,60) 9355 30.71%
[60,80) 12336 40.49%
[80,00) 4906 16.10%

predictions since they have no re-admission because of expiring. After removing
these patients, we are left with 30466 patients. We also find that one patient has
a second admission before their first discharge. This may be due to an error in the
recording system, so this patient is removed from the data set. The resulting data
set consists of 30465 unique patients and their respective first admission. We can
now look into the different rates of re-admission for the patients after their first
discharge. Taking the difference between their second admissions date and first dis-
charge date, we obtain after how many days patients are re-admitted (if re-admitted
at all). We obtain the following distribution presented in table 3.5.

Table 3.5: The table states the distribution of the response variable readmission
status. The remaining 25899 belongs to no readmission category.

Within days | Number of patients | Percentage
[0, 30) 1741 5.711%
(30, 90) 1152 3.78%
(90, 365) 1673 5.49%

Within each patients first admission, they are admitted to the ICU different number
of times, as well as different period of times. We can extract from the ICU-table how
many times each patient has been admitted to the ICU, as well its accumulated time
spent at the ICU. We can bin these time-interval in day-ranges, i.e. less than one
day, one to two days, up to siz to seven days, and from there we bin the higher day
counts into the same bin more than seven days. We obtain the following distributions
presented in table 3.6.

The ETHNICITY-table describes this demographic information regarding the pa-
tient in our cohort. Looking into this table, we can state that the distribution of
ethnicities is very imbalanced among the 41 different categories. The full description
of ethnicities can be found in appendix A with its corresponding mapping schema.
We narrow down the groups to the following ethnicities presented in table 3.7.

The RELIGION-table described this demographic information which patients leave
upon arrival at the admission. Looking into the different religions regarding the
patients in our cohort selection, we have 19 different categories ranging from 7 to
15734 patients in each category. The full distribution and its corresponding map-
ping schema can be found in appendix A. In order to deal with class imbalance, we
narrow this distribution down to the following religion categories presented in table
3.8.
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Table 3.6: The table (a) states the ICU specific binned length of stay distribution,
whereas the table (b) gives simple statistics about the feature ICU LOS.

() Binned ICU-LOS. (b) Accumulated ICU-LOS.

Time (days) | Count | Percentage Count | 30465
[0,1) 4879 16.02% Mean 3038
1.2) 0878 | 32.42% Std | 6.108
2,3) 5281 | 17.33% i T 0.000
3,4) 2045 | 9.67% '

25% 1.164
[45) 1736 5.70%

50% 2.048
5.6) 1100 | 3.61%

75% 3.952
6,7) 780 2.56% Max | 260.709
[7,00) 3366 | 12.69% '

Table 3.7: The table states the distribution of ethnicity of the patients in MIMIC-
I1I dataset.

Ethnicity Number of patients | Percentage
White 21760 71.43%
Unknown /not specified | 3515 11.54%
African American 2445 8.03%
Hispanic American 1117 3.67%
Other 899 2.95%

Asian American 729 2.39%

Table 3.8: The table states the distribution of religion of the patients in MIMIC-III
dataset.

Religion Number of patients | Percentage
Catholic 10859 35.64%
Unknown/Not specified | 10580 34.74%
Protestant 4143 13.60%
Jewish 2496 8.19%
Other 2387 7.83%

Looking into the different admission locations in the ADMISSION-table, most of
the patients are admitted to the emergency room. However, quite many are also
admitted under physicians referral and clinical referral, i.e. transfer of care for a
patient from a physician/clinic to another by request. Other admission locations
are referring to transfers, either from a hospital, a skilled nursing facility, other
healthcare facility, or within the same facility. These are grouped together under
the category transfer. We end up with the following distribution presented in table
3.9. The original distribution and its corresponding mapping to deal with class im-
balance can be found in appendix A.

Each patient is discharged after their visit to the hospital, which is presented in
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Table 3.9: The table states the first admission location within the hospital of the
patients.

Admission location Number of patients | Percentage
Emergency room admission | 12481 40.97%
Physician referral 6788 22.28%
Transfer 5643 18.52%
Clinical referral 5553 18.23%

table 3.10. Some locations have quite few data points so these have been grouped
together to other. The full distribution and its corresponding mapping schema is
also presented in appendix A.

Table 3.10: The table states the discharge location for patients after their first
admission to the hospital.

Discharge location Number of patients | Percentage
Home 10257 33.67%
Home health care facility | 8855 29.07%
Skilled nursing facility 4391 14.41%
Rehab 4302 14.12%
Other 1524 5.00%

Long term care hospital | 1136 3.72%

Checking into the different admission types in the ADMISSION-table, the categories
describe how each patient is admitted. We see that only a few admissions fall under
URGENT (908,2.98%), which is somewhat related to the category EMERGENCY
(23729,77.89%). We place these two together under the name EMERGENCY and
obtain that 24637 (80.87%) are admitted under emergency whereas 5828 (19.13%)
have an elective admission.

Checking into the insurances for the different patients, we have the following cate-
gories: Medicare (14650, 48.08%), Private (11636, 38.19%), MedicAid (2688, 8.82%),
Government (1051, 3.45%) and Self-Pay (440, 1.44%). We grouped Self-Pay together
with Private because these are in some sense similar, obtaining the final altered class
Private (12076, 39.64%).

Checking into marital status, we observe many missing values for this specific
feature. These are imputed to the class Unknown/Other. We narrow down the
classes because of imbalance and obtain the following distribution: married (14965,
49.12%), single (7935, 26.05 %), widowed (3743, 12.29%), divorced (1882, 6.18%),
separated (316, 1.04%), unknown (207, 0.68%) and life partner (0.04%). We group
together life partner, separated and unknown together under the common category
unknown/other and obtain the following distribution presented in table 3.11.
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Table 3.11: The table states the distribution of marital statuses for the patients.

Marital status | Number of patients | Percentage
Married 14965 49.12%
Single 7935 26.05%
Widowed 3743 12.29%
Unknown/Other | 1940 6.39%
Divorced 1882 6.18%

The services-table provides information the service a patient was admitted under.
A patient may be located at a specific [CU-unit, the patient may not be cared for
by the staff at the specific unit. This can be due to many reasons, as for example
bed shortage within the different units. There are 20 unique services in the MIMIC-
[T data set, and 18 unique in our data set. Patients can be transferred to several
services during the same stay. The following distribution of patients admission to
different services is presented in table 3.12.

Table 3.12: The table states the frequencies of the services the patients were
admitted under. The table contains the abbrevations of the service type and their
full forms are listed in the Acronyms.

Service | Counts
CMED 6097
CSURG | 6610
DENT 5
ENT 175
GU 335
GYN 255
MED 11889
NMED 1686
NSURG | 2659
OBS 109
OMED 775
ORTHO | 790
PSURG | 207
PSYCH |1
SURG 3294
TRAUM | 2529
TSURG | 811
VSURG | 794
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3.2.2 Diagnoses

In MIMIC-III, the information regarding patient’s diseases is provided in a table
titled DIAGNOSES ICD. All the diagnoses information from the patient’s first ad-
mission is stored as features. A total of 6984 unique disease codes was found from
MIMIC-III dataset. After the cohort selection, a total of 6031 unique disease codes
are present, and in total 321250 occurring diagnoses. What is noteworthy is that 6
patients in our data set do not have a diagnosis set for their first admission. For this
reason, they are removed from the data set and we are left with 30459 unique patients
and their respective first admission. The 5 most frequently occurring diagnoses in
our cohort selection are presented in table 3.13 together with their respective counts.

Table 3.13: The table states the most frequently occurring diagnoses in cohort
selection. The information in the table is not used in the modelling, rather it is for
informational purpose.

Diagnosis Number of patients
Unspecified essential hypertension 13390

Coronary atherosclerosis of native coronary artery | 8590

Atrial fibrillation 6741

Congestive heart failure, unspecified 5958

Other and unspecified hyperlipidemia 5411

The diseases are further grouped by ICD9-hierarchies using the information avail-
able at Wikipedia®. This is a tree-based grouping combining similar diagnoses within
each branch, where new branches and leaf-nodes pair can be constructed for a more
specific description of diagnoses. The frequency distribution of MIMIC-III diseases
under each hierarchy is presented in table 3.14.

“https://en.wikipedia.org/wiki/List_of_ICD-9_codes
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Table 3.14: The table states the higher grouping of ICD9 disease codes and their
frequencies in the MIMIC-III dataset. The higher order groupings is directly taken
based on the ICDY9 standards as mentioned in section 3.2.2.

ICD9 Code | Higher Group | Counts
001-139 Infectious 8850
140-239 Neoplasms 5903
240-279 Endocrine 38314
280-289 Blood 11848
290-319 Mental 15169
320-389 Nervous 11747
390-459 Circulatory 78555
460-519 Respiratory 21557
520-579 Digestive 20158
580-629 Genitourinary 15117
630-679 Pregnancy 639
680-709 Skin 3983
710-739 Muscular 7355
740-759 Congenital 1292
760-779 Perinatal 3397
780-799 Symptoms 11805
800-999 Injury 27592
E,V codes External 37969

3.2.3 Procedures

Much like the diagnoses, a patient’s underlying procedure information is provided
in a table titled PROCEDURES ICD. There are 2009 unique procedural codes
presented in the MIMIC-III data set, and after the cohort selection there are 1843
unique procedural codes present. Note that some patients do not have any proce-
dures performed on them. However, they are left in the data set. In total, there
are 132851 performed procedures in the data set. The 5 most frequently occurring
procedures in this data set is shown in table 3.15. Like diseases, the procedures can
be grouped by hierarchies using Wikipedia information® and is shown in table 3.16.
Similar to diagnoses hierarchies, it groups procedures related into branches, where
more specific procedures can be described further down in the tree-structure.

3.2.4 Prescriptions

Similar to diagnoses, patient’s prescriptions information is retrieved from the ta-
ble PRESCRIPTIONS in MIMIC-III. This lists the different drugs that a patient
has been prescribed by a physician during their admission. The prescriptions listed
in MIMIC-III is noisy mainly due to presence of quantified drugs, drug synonym,

Shttps://en.wikipedia.org/wiki/ICD-9-CM_Volume_3
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Table 3.15: The table states the most frequently occurring procedures in cohort
selection. This table is not used for modelling purpose, but it is only stated for
informational purpose.

Procedure Number of patients
Venous Catheterization, Not Elsewhere Classified | 6860
Extracorporeal Circulation Auxiliary To

6001
Open Heart Surgery
Insertion Of Endotracheal Tube 4190
Coronary Arteriography Using Two Catheters 4063
Continuous Invasive Mechanical Ventilation 4057
For Less Than 96 Consecutive Hours

Table 3.16: The table states the higher grouping of ICD9 procedures codes and
their frequencies in the MIMIC-III dataset. The higher order groupings is directly
taken based on the ICD9 standards as mentioned in section 3.2.3.

ICD9 Code | Higher group Counts
00-00 Interventions 0
01-05 Nervous 0
06-07 Endocrine 0
08-16 Eye 2,197
18-20 Ear 591
21-29 Nose/mouth 1,566
30-34 Respiratory 12,594
35-39 Cardiovascular 44,165
40-41 Hemic/lymphatic | 1,332
42-54 Digestive 14,493
55-59 Urinary 724
60-71 General 1,845
72-75 Obstetrical 467
46-84 Muscoloskeletal 7,317
85-86 Integumentary 2,643
87-99 Misc 42,917

mixture of drugs, abbreviated drug names, brand names of drugs etc. A quantified
drug can be defined as name of the drug followed by a quantity measure. Table 3.17
states the rules used to map drugs present in the MIMIC-III data set to DrugBank
indices. Table 3.18 illustrates some more examples under each of these rules.

The proportion of each rule used to convert a drug presented in the MIMIC-IIT data
set to a DrugBank index is shown in the pie-chart figure 3.2. A total of are 1046
unique drugs after cleaning are found in MIMIC-III data set, and after the cohort
selection there are 981 unique drugs present with a total of 796705 co-occurring
prescriptions.

31



3. Methods

Table 3.17: The table states the rules used to map MIMIC-IIT drugs with Drug-
Bank drugs. Since MIMIC-III drugs are noisy, a many same drugs repeat in different
forms. The rules are used to map them to common nomenclature i.e. drugbank

drugs.

Rule

Description

Exact Match

drug name

MIMIC-III drug matches exactly with the drugbank

Synonym Match

of any drug in drugbank

A substring of MIMIC-III drug matches a synonym

Product Match

A substring of MIMIC-III drug matches a listed
product variant of any drug in drugbank

Substring Match

A substring of MIMIC-III drug matches a substring
of drugbank drug name, synonym or product

Hardcoded rules

A sustring of MIMIC-IIT matches exactly a rule

Table 3.18: The table shows some sample drugs under each rule as defined in
table 3.17. The column MIMIC-IIT drug contains the noisy form of the drug and
the column DrugBank drug is the standard nomenclature for the respective drug.

Rule

MIMIC-III Drug

Drugbank Drug

Exact Match

Prednisone

prednisone

Tiotropium Bromide

tiotropium bromide

Cefpodoxime Proxetil

cefpodoxime proxetil

Memantine memantine
DHEA prasterone
Synonym Match | alcohol dehydrated ethanol
neo*po*vitamin e tpgs 26.7 unit/ml | tocofersolan
Maxalt rizatriptan
Product Match | ear wax drops carbamide peroxide
levsin hyoscyamine

Substring Match

fluticasone-salmeterol (100/50)

fluticasone propionate

diltia

diltiazem

Hardcoded rule

cilo cilostazol
heparin (preserv. free),
heparin flush (10 units/ml), heparin

heparin flush midline (100 units/ml),
heparin flush port (10units/ml)

ns (glass bottle)
ns (mini bag plus)
sodium chloride 3% (hypertonic)

sodium chloride

Each prescription has a hierarchical classification system grouping in the form of
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Drug Name Mappings

1793,0% _ 2758,1%

62612,
15%

135094, 31%

m Exact match ® Synonym match = Product match = Substring match = Hardcoded rule

Figure 3.2: Pie chart describing the drug names mapping frequencies under each
rule described in table 3.17.

Anatomical Therapeutic Chemical (ATC)-groupings®. This code is assigned to a
prescription according to the organ or system it works on and how it works, and
is furthermore maintained by the World Health Organization (WHO). The first
character of an ATC-code presents the anatomical main group and consists of 14
groups. We extract this ATC-level from DrugBank for all presprictions in our cohort
selection. Note that not all prescriptions had an ATC-code available, so these are
mapped to ATC-level X. The distribution of ATC-grouped prescriptions is presented
in figure 3.3.

3.2.5 Final MIMIC-III data sets

We have obtained the information wanted in order to construct the baseline-data
sets. These are called one-hot and numeric. The one-hot data set represents all
presented information encoded as one-hot embeddings, meaning that classes that
occur within a feature are encoded as a 1 if a patient are within that specific class,
and with a 0 else. We obtain 30459 samples with the feature dimensionality of
8922. The numeric data represents similar information but gathered differently -
instead of binning the numerical values of features age, LOS and ICU — LOS, we
keep these as numeric values but being centered and scaled. Also, since we have
grouped diagnoses, procedures and prescriptions in higher order groups, one patient
may now have several occurrences within each hierarchical group. This data set
has 30459 samples and the feature dimensionality of 100. Further on, the cohort
selection information extracted from the MIMIC-III data set will also be used within
the creation of knowledge graphs, which is described in section 3.3.

Shttps://www.ema.europa.eu/en/glossary/atc-code
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Distribution of ATC-codes
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Figure 3.3: The figures illustrates the distribution of ATC-codes for prescriptions
in our cohort. The ATC code is a standardized higher order code for grouping of
drugs.

3.3 Knowledge Gathering

The overall MIMIC-IIT data gathering and cleaning pipeline is shown in figure 3.4.
Patient information is collected from MIMIC-III and external links are generated
using other data sources. The details of knowledge gathering is described in the
current section.

Df AdmiTions DrugBank
Diagnoses Patient I

ICD information Presciptions

T T

UMLS Procedures

SNAP
UMLS

Figure 3.4: A illustration of how patients MIMIC-III data is linked with other
data sources.

Patient nodes obtained from MIMIC-III is rich in information because of the edges
between patient and their information. Finding the relation between diseases and
drugs using other biomedical databases is the goal of the current phase in the
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pipeline.

3.3.1 Diagnoses knowledge gathering

To accomplish the goal of connecting disesaes with drugs, they need to be trans-
formed to MeSH ontology. To achieve this, various disease databases such as DO,
UMLS are used. First, the available mappings between ICD9 and SNOMED-CT is
extracted from the UMLS ICD9 to SNOMED mapping file ICD9CM_SNOMED MAP 1TO1
202012.txt". The raw structure of the information extracted from this file is stated
in table 3.19. The disease ontology is then used to extract MeSH unique identifier.

Table 3.19: The table illustrates the information collected from UMLS ICD9
SNOMED map file. The column named “Column* is the name of the column

in UMLS map file and a map between these columns leads to the desired ICD,
SNOMED-CT mapping.

Column Description Example
ICD_CODE ICD9 code 427.31
SNOMED CID | SNOMED code | 49436004

The DO® contains external reference xrefs to various biomedical disease ontologies
regarding diseases. These external reference contains unique identifier codes of the
underlying disease belonging to other biomedical ontologies. A sample representa-
tion is shown in the code block 3.1°. If the external refernce contains MeSH along
with ICD9 or SNOMED-CT i.e. anyone among { MeSH, SNOMED-CT}, {MeSH,
ICD9}, {MeSH, SNOMED-CT, ICD9} then the respective pair is stored in the for-
mat of key-value pair with corresponding ICD9 code as key. If {SNOMED-CT,
MeSH} was found then UMLS cross reference is used to get the ICD9 code before
making a key-value pair.

Using Disease Ontology and UMLS ICD9 - SNOMED-CT conversion, approximately
650 MIMIC-IIT ICD9 codes were mapped to MeSH codes. 650 is only one-eleventh of
the total number of ICD codes in MIMIC, hence, the information contained among
all ICD9 codes is still sparse. This motivates to explore more databases.

The UMLS MRCONSO.RRF file is used to expand the equivalence links between
ICDY9 to MeSH links. The MRCONSO file is a RRF file and can be read as a pan-
das dataframe with delimeter ’|. The raw structure of the information used from
CONSO file is stated in table 3.20.

"https://www.nlm.nih.gov/research/umls/mapping_projects/icd9cm_to_snomedct.
html

Shttps://disease-ontology.org/downloads/

9This representation contains only the details that is essential to this project. Many of the
intermediate key-value pairs is removed for illustration purposes.

10The UMLS knowledge resource metathesauraus can be downloaded from https://www.nlm.
nih.gov/research/umls/licensedcontent/umlsknowledgesources.html
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Listing 3.1: An excerpt from the DO. The excerpt contains the information this
is used to extract the required diseases mapping.

"graphs" : [{
"nodes" : [{
"id" : "http://purl.obolibrary.org/obo/DOID_8717",
"meta" : {"xrefs' : |
{"val" : "MESH:D003668"},
{"val" : "SNOMEDCT_US 2020 09 01:28103007"},
"val' : "ICDICM:707.0"}]

H
iJ

Table 3.20: The table states the information collected from UMLS CONSO file.
The column named “Column® are the column names in the CONSO file. These
columns are used to obtain the desired ICD and MeSH links.

Column | Description Example
CUI Unique identifier for concept | C0000005
SAB Abbreviated source name MSH
CODE Source asserted identifier D012711

In reference to table 3.20, the column SAB in CONSO file contains abbreviations
of various biomedical ontologies in metathesaurus format. For example, MSH is
used as an abbreviation for MeSH, ICD9CM for ICD9 diseases and MTHICD9 as
the metathesaurus entry terms. The CODE (refer table 3.20) for MTHICDO is
same as [CD9 code. The MTHICD9 was created to provide additional synonyms
for ICDY9 codes by the UMLS. Although, there are many more such abbreviations
in the CONSO file, but only MSH, MTHICD9 and ICD9CM is used to generate
equivalence links between ICD9 and MeSH. Nevertheless, the amount of such equiv-
alence links can be further expanded by connecting various other database which is
not covered as a part of this project scope.

Table 3.21 provides some examples of the extracted information. The ICD9 codes
were then mapped to MeSH code based on common CUI codes. From the table 3.21,
it can be inferred that ICD9 789.0 is equivalent to MeSH D003085 and ICD9 634 is
equivalent to MeSH D000022 due to common CUI. Similarly, other ICD9-codes to
MeSH-codes equivalences were generated and stored as key-value pair for appropri-
ate use.

So far the MIMIC-III diseases and prescriptions are transformed to MeSH diseases
and DrugBank indices, but no relation is developed connecting diseases with drugs.
To achieve this, SNAP is used. Specifically, the file DCh-Miner!! contain infor-

Unttps://snap.stanford.edu/biodata/datasets/10004/10004-DCh-Miner.html
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Table 3.21: The table provides examples from UMLS Conso file to illustrate how
the mapping is made. The column CUI is unique identifier used by UMLS CONSO.
The desired mappings are then the result of “SAB® column afer inner joining the

CUI

CUI SAB CODE
C0000729 | MTHICD9 | 789.0
C0000729 | MSH D003085
C0000786 | ICD9CM | 634
C0000786 | MSH D000022

Table 3.22: The table illustrates the SNAP disease-drug database structure. The
column titled “Column* is the column names in SNAP database column names.
The mapping obtained are between disease and drug.

Column Description Example
Disease (MESH) | MeSH id of the disease | MESH:D005923
Chemical Drugbank id for drug | DB00564

mation on drug-disease relationships. The drug-disease associations are useful to
enhance knowledge about which drugs treats which diseases. The raw structure of
information used is shown in table 3.22.

The example in the table 3.22 is an example of association between the shown disease
and drug as they lie in the same row. Since these disease-drug association is available
between MeSH and DrugBank ontology, it was necessary to transform ICD9 codes
to MeSH ontology and drug names to DrugBank unique id’s. The drug-disease asso-
ciations was then limited to drugs and diseases available within MIMIC-III database.

Drugs and disease can be further associated based on gene and target informa-
tion. The ChG-Miner and DG-Miner are the chemical-gene (target) and disease
gene interaction network respectively offered by SNAP. The network ChG-Miner
contain associations between DrugBank indices and the targets (genes) which in-
teracts with the respective drug. Alongside, the DG-Miner contains MeSH disease
associations with Genes. This leads to disease-drug relation based on the mutual
gene shared between the two. Table 3.23 and table 3.24 illustrates the raw structure
of these SNAP databases. Referring to the examples, it can be deduced that dis-
ease MESH:D009377 is associated with drug DB01834 due to mutual gene P09211.
These gene based drug-disease associations are also limited to the disease and drugs
within MIMIC-IIT database.

Drugs interact with other drugs and can cause adverse drug reactions. Drugbank
database contains drug-drug interactions. Hence, drug-drug associations is gener-
ated for drugs within MIMIC-III database.
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Table 3.23: The table illustrates the SNAP disease-gene database structure similar
to table 3.22.

Column Description Example
Disease (MESH) | MeSH id of the disease | MESH:D009377
Gene Gene P09211

Table 3.24: The table illustrates the SNAP drug-gene database structure similar
to table 3.22.

Column | Description Example
Drug DrugBank ID for the drug | DB01834
Gene Gene P09211

3.3.2 Relations

In the previous sections, various association between entities is discussed. A sum-
mary of all edge types is described in table 3.25 and table 3.26. The edges with
connections involving diseases, drugs embeds additional information by containing
higher group of the respective entity. This allows in reducing the number of nodes
in the graph structure and it is expected that large amount of information can be
embedded in small embedding dimension due to large number of relations. Some
relations like ATCgroup, d_ICD Group, p_pICD Group, Gene are set of relations
with set size {15, 18, 13,1003} respectively. Having more and more such relations can
be benefecial for translational based embedding methods. Further, the relation-type
in table 3.26 is not used as triplets in case of link prediction problem. A stratified
split of this relation is used in triplet classification problem. Both link prediction
and triplet classification are explained in further sections.

3.4 Experimental setup

The key aspect of the experimental setup is to obtain a numerical vector embedding
for the entities and relations involved in the graph. The entities can then either
be trained for readmission prediction or can be used directly to predict patient
readmission status depending on the architecture of the network. Two methods
under investigation, i.e. Link Prediction (LP) and TC, are employed to tackle
the problem. These methods depend on whether any knowledge of re-admission is
present in the graph structure. Hence, an overview of the data splits is detailed in
section 3.4.2.

3.4.1 Software details

All code for this project has been written in Python version 3.7.10. The training
of knowledge graph embedding is done in TorchKGE version 0.16.25 which is built
solely on PyTorch, version 1.8.1 with CUDA-version 10.1. The model’s training
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Table 3.25: The table illustrates the Relations types and one example for each
relation type. Each row under the columns “Head entity“, “Relation” and “Tail
entity* illustrates one type of fact. An example is shown in the column “Example®.

Head entity | Relation Tail entity | Example
Patient ID isGender Gender p249, isGender,
Female
. . . p249, inAgeRange,
Patient ID inAgeRange Age bin age bin 3
. .. .. p249, hasEthnicity,
Patient 1D hasEthnicity Ethnicity WHITE
. . . p249, hasReligion,
Patient 1D hasReligion Religion CATHOLIC
. Admission p249, toAdmLoc,
Patient ID toAdmLoc location EmergencyRoomAdmit
Patient ID | toDischLoc Discharge | 919 toDischLoc, SNF
location
. Admission p249, hasAdmType,
Patient ID hasAdmType type EMERGENCY
Patient ID hasService S;;Zlce p4, hasService, MED
Patient ID | hasLOS Length p249, hasLOS,
of stay one to two weeks
Patient 1D hasTnsurance Insurance p249., hasInsurance,
type Medicare
. . Marital p249, maritalStatus,
Patient ID maritalStatus status DIVORCED
Patient 1D in[CURange ICU stay bin p249, inlCURange,
5 days
. Drugbank
Patient 1D ATCgroup drug ID p249, A, DB00030
) Disease p4, d_infectious,
Patient ID d_ICD Group 1CD id ICD 042
. Procedure p4, p_ respiratory,
Patient ID p_ pICD Group 1D id pICD._ 3323
Drugbank Disease DB01069, CURES,
drug id CURES ICD id ICD 4280
Disease Gene Drugbank DB00898, A5X5Y0,
ICD id drug id ICD 9779

and early stoppage handling is done using the PyTorch Ignite high level wrapper
functionalities, version 0.4.4.
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Table 3.26: Relations type for readmission status. There are 4 possible readmission
status - 130, 190, r365 and rNo where r30 implies readmission within 30 days, r90
implies re-admission within 90 days, r365 implies re-admission within 365 days and
rNo implies no re-admission. Note that if a patient qualifies for r30, it is considered
disqualified for r90.

Head entity | Relation Tail entity Example

p249, Readmission
_ Within, rNo

Patient ID Readmission_ Within | Readmission Type

3.4.2 Data splits

Figure 3.5 illustrates the splits made on the graph structures as well as on re-
admission statuses for the patients in the cohort selection. In figure 3.5, the set
of triplets imply all the facts pertaining to the relations defined in table 3.25. It
can be noted that the table doesn’t contain relation type "readmission_ type". It is
dealt separately to avoid data leakage between the training and the testing sets. In
the figure 3.5, the edge convert to KG is used to convert the set of triplets to a
TorchKGE knowledge graph data structure.

The primary rule of splitting in graph structures is, for every entity or relation in test
graph there should be at least one fact in the training graph. Abiding with this rule,
a 0.8 — 0.2 split is done giving rise to a training and a validation knowledge graph.
As illustrated in the figure 3.5, the complete set of triplet knowledge graph(Triplet
KG 4 Readmission KG’s) is used in triplet classification problem where as the the
knowledge graph splits(Train and Test KG) is used in link prediction problem. The
link prediction problem then use readmission status in down stream tasks i.e. after
embeddings is generated.

The re-admission statuses undergoes stratified splits in ratio 0.8:0.1:0.1 resulting
in train, validation and test splits respectively. Under the link prediction task, these
splits are used as sample-pairs together with generated patient embeddings for a
final feed forward neural network classification task. However, in case of the triplet
classification problem, the splits are converted to triplets followed by TorchKGE
graph structure resulting in train, validation and test (readmission) graphs.

3.4.3 Training Overview

Figure 3.6 illustrates the high level flow of a triplet knowledge graph to readmission
classification using link prediction (section 2.4.2) and triplet classification (section
2.4.1) methods.
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convert to KG used in TC splits
—> Train KG
Set of triplets >  Triplet KG used in LP
L[ Validate KG
stratify splits used in LP convert to KGs
with seed
> Train statuses / ‘\ » Train KG (R)
Re-admission »| Validate statuses »| Validate KG (R) used in TC
statuses \ }
»| Test statuses »| TestKG (R)

Figure 3.5: The different type of splits and data used for triplet classification and
link prediction. In this flowchart, KG is knowledge graph, TC is triplet classification
and LP is link prediction.

embed stratify splits train by ANN
with seed
R Train
embeddings () .| Re-admission
] Patient R Validate classification
B Train KG "|_embeddings "| embeddings 4

\_/ Test

validation function = LP embeddings ‘

Y

classification

merge embed test embeddings

Patient | Re-admission
”| embeddings ”| classification

N S NS

validation function = TC no training

TC Triplet KG

Y.

Train KG (R)

Figure 3.6: A flowchart representing the checkpoints involved in triplet classifica-
tion and link prediction. In this flowchart, (R) implies re-admission.

3.4.3.1 Link prediction training

The set of triples K is converted to a Torch-KGE knowledge graph structure with
a train-validation split of 0.8 — 0.2. The split is done ensuring that for each entity
or relation in validation set, at least one true fact exists in train set. The training
is then done on the training graph structure and validating against the validation
graph structure. The validation function used is defined below. Once the training
ends, the patient embeddings are fed to the input layer of the neural network ar-
chitecture described in subsection 3.4.5. The re-admission classification task is then
made on the test set to evaluate the performance of the model.
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Validation function - The amount of training is controlled by the early stop-
page criteria evaluated by the validation function. Mean reciprocal rank, defined in
section 2.4.3, is used as the main metric for link prediction validation function. The
ranking is done based on the value of the negative energy function. The rank will
be higher if the negative energy of the true triplet is higher as compared to false
ones. The energy of the triplet is dependent on embedding method being used. The
expression for energy measure is given in sections 2.2.1, 2.2.2, 2.2.3, 2.2.4. The rank
evaluation algorithm is mentioned in 2.

3.4.3.2 'Triplet classification training

The set of triples K is converted to TorchKGE knowledge graph and is merged with
the readmission train knowledge graph. The training is then done on this merged
graph structure with validation against readmission validation knowledge graph.
The validation function used is defined below. After training, the patient embed-
dings are used to test readmission status on the readmission test knowledge graph.

Validation function - F1 score is used as the evaluation metric for triple classifi-
cation validation function. The F1 scores is computed based on true and predicted
readmission status for all patients. The readmission status is computed by the neg-
ative energy function of the embedding method. Expressions for energy function is
given in sections 2.2.1, 2.2.2, 2.2.3, 2.2.4. The readmission status that obtains the
highest negative energy is the readmission predicted by the model.

3.4.4 Training details

Figure 3.7 illustrates how each triplet undergoes the training process. The edge
"convert to KG" in the figure 3.5 implies converting string formatted triplets to in-
dices, where each entity and relation is the initialized. These indexed triplets are
then divided into bathes using TorchKGE’s inbuilt Dataloader utility. The training
begins by dividing the triplets into batches. The batch size is tune-able but due to
computational efficiency it was preset to TorchKGE’s default batch size of 32768.
Under each batch, a negative sample is generated for each triplet. The negative
sample is generated using Bernoulli negative sampler 2.3. A forward pass is applied
and the loss is computed. Each forward pass will compute the energy for positive
triplet and negative triplet. The loss for each triplet is computed as the sum of
margin and their negative energy difference. The total batch loss is propagated
backward and the entity vectors are updated as per learning rate. The process is
repeated for many epochs i.e. until the validation function allows.

Depending on the problem setting, i.e. link prediction or triple classification, the
validation is conducted after every e epochs, where e = 25 if the problem is link
prediction and e = 1 if the problem is triple classification. The model performance
is evaluated based on how well the model can complete facts in case of link predic-
tion and amplitude of the macro F1-score for triplet classification. A patience of 50
epochs is used in the case of the link prediction task to let the model validate at
least two additional time before actually implementing early stoppage of the train-

42



3. Methods

Triplet  Initialize hil] Negative sample h:C...] /hil...]
(hrt) r: C..... ] » I [..... ] r: [..... 71—
Y t[.... ] t [..... ] t:[..... ]
No h:led
Yes Terminate? sl Update
r:[....] «——— Loss «—
t[.....]
TC . L
——» Re-admission classification
h:[.....]
L— » r: [.....] M Re-admission classification
t: [.....]
Figure 3.7: Training of each triplet. The [...] implies a numeric vector, b’ implies

a negative head entity and ¢ implies a negative tail entity.

ing, whereas a patience of 10 epochs is used in case of triple classification to let
the model validate at least 10 times before enforcing the early stoppage whenever a
downturn in the metric is observed.

Overall, the model requires 3 hyper-parameter tuning involving embedding dimen-
sion, learning rate and margin value for margin loss. Alongside these hyper-parameters,
the embedding methodology is explored. It was observed that FFBK15[15] database
is one of the standard data set used by the creators of these embedding method.
The data set contains similar number of relations, 60% of total entities as compared
to the knowledge graph created in this project. This motivates to the tuning of
hyper-parameter in ranges that were used in original research papers. A grid search
of model’s validation scores is done on these set of hyper-parameters to obtain the
model that performs best under each embedding strategy. Table 3.27 states the
hyper-parameter selection under each embedding method for triplet classification
and table 3.28 states the same for link prediction. The table is a subset of hyper-
parameter from the original papers and the subset of hyper-parameters is taken due
to computational challenges.

3.4.5 Network architectures

We explore different network architectures for the artificial neural networks in this
project. We also conduct exploration of different parameter setting regarding the
network itself, as well as different hyper-parameters for the training setting. A early-
stoppage criteria is implemented as well in order to avoid overfitting in the training
phase, as well as a weighted cross entropy loss function in the training phase’s back-
propagation algorithm.

A shallow fully-connected feed-forward artificial neural network is created which
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Table 3.27: The table states the set of hyper-parameters tried for triplet classi-
fication. Among the stated hyperparameters, all possible combinations have been
attempted.

Embedding method | Parameter | Set
Dimension 20, 50
Learning rate | 0.001, 0.01

Transk Margin 1,2 10
Dissimilarity | L1, L2
Dimension 20, 50

TransD Learning rate | 0.0001, 0.001, 0.01
Margin 1,2,5
Dimension 20, 50

TransH Learning rate | 0.001, 0.005, 0.01
Margin 0.5, 1, 2
Dimension 20, 50

TransR Learning rate | 0.0001, 0.001, 0.01, 0.1
Margin 1,24

Table 3.28: The table states the set of hyper-parameters attempted for link pre-
diction. The motivation for choosing this set comes from the best scoring hyperpa-
rameter in the original paper for a dataset of similar size.

Embedding method | Parameter Set
Dimension 50
TransE Learn'ing Rate | 0.01 (L1), 0.001 (L2)
Margin 1
Dissimilariy L1, L2
Dimension 50
Trans H Learning Rate | 0.005
Margin 0.5
Dimension 20
Trans R Learning Rate | 0.0001
Margin 2
Dimension 50
Trans D Learning Rate | 0.001
Margin 1

consists of an input layer with the same number of features that each training-pair
has, and four output neurons which represent the different possibilities: readmis-
sion with 30 days, readmission within 90 days, readmission within 365 days and
no readmission. The sub-sequential layer is a hidden layer, with varying number of
neurons. These are altered when conducting the hyper-parameter tuning in order to
obtain a set of results with varying quality. Between the input and hidden layer, a
ReLU-activation function is placed, as well as a dropout-layer with probability equal
to 0.1. The last layer outputs a vector of 4 scalars representing the signal strength

44



3. Methods

for each patient outcome. We choose the neuron and corresponding target with the
highest value which will be the predicted target for the sample.

Another deeper fully-connected feed-forward artificial neural network is created with
two hidden layers. The remaining architecture is the same - one input layer con-
sisting of the same number of neurons as the sample dimensions, and 4 output
neurons. The neurons in the two intermediate layers are altered as a part of the
hyper-parameter tuning. It uses the same activation function and dropout-layers
as the previously described network, placed both between the input layer and first
hidden layer, as well as between the first hidden layer and the second hidden layer.

Note that no activation function is explicitly placed on the output layer - this is
since the criterion given to the network architecture is implemented in PyTorch so
that the output signal is appropriately transformed before calculating the loss!?.

A stratified training-validation-testing split in the ratio of 0.8:0.1:0.1 is done to
maintain the ratio of readmission status in all data splits. The training data is
further divided into batches during training with the batch-size of 128. After each
training-epoch, the validation set is used to evaluate if early stoppage is of need. If
the validation loss is not decreased within 15 epochs, the training is terminated and
the network architecture’s parameters from the best validation-epoch is obtained for
further prediction. From there, the testing data is used as an independent set of
samples to evaluate the performance of the network.

The hyper-parameters explored in the simple-net is by altering the number of
neurons in the hidden layer by {64,128 256}, and altering the learning rate by
{0.001,0.005,0.01}. The deep-net explores the hyper-parameter settings: the values
{0.001,0.005,0.01} are tried for learning rate, for neurons in hidden layer 1 and
2 and the values {64, 128,256} are tried for each individual layer. The parame-
ters 81 and (o, € and the weight-decay values are set to the default values for the
Adam-optimizer.

2https://pytorch.org/docs/stable/generated/torch.nn.CrossEntropyLoss.html
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4

Results

This section will present the preliminary results from our experiments conducted
regarding re-admission classification on our patient cohort selection. For each data
set, we will describe the different techniques and methods used for classification as
well as a short description regarding evaluation and our choices to proceed. Lastly,
we will present the performance results for the different models, comparing the
models in their ability to capture patients re-admission statuses.

4.1 Baseline models

This section describes the re-admission classification results when feeding the patient
data sets alone to the feed-forward artificial neural network. We try out different
setting for hyper-parameters on both the simple-net as well as the deep-net, and
present the performance evaluation with respect to the two data sets, i.e. one-hot
and numeric, with the metrics described in section 2.4.4.

4.1.1 One-hot data set

The results from data set one-hot evaluated on the simple-net can be found in table
4.1. The results from data set one-hot evaluated on the deep-net can be found in
table 4.2. The best obtainable macro Fl-score (31.161%) using the simple-net on
the one-hot data set was with the setting of 64 neurons in the hidden layer and with
a learning rate of 0.005. The best obtainable macro Fl-score (31.303%) using the
deep-net on the one-hot data was with the setting of 128 neurons in the first hidden
layer, 128 neurons in the second hidden layer and with a learning rate of 0.005.

Table 4.1: Simple-net on one-hot data. This table contains top 3 results based on
the macro F1-1score. All hyper-parameter combinations is listed in table C.1. Note
that HL1 implies hidden layer 1.

Parameters | Macro Precision | Macro Recall | Macro F1 Score
HL1/LR Mean (SD) Mean (SD) Mean (SD)
64/0.005 31.194 (0.689) 33.856 (1.421) | 31.161 (0.875)
128/0.005 31.044 (0.891) 32.95 (1.661) 30.865 (1.076)
256/0.01 30.664 (0.913) 32.886 (1.493) | 30.494 (1.07)
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Table 4.2: Deep-net on one-hot data. This table contains the top 4 results based
on the macro Fl-score. All hyper-parameter combinations is listed in table C.2.

Note that HL1 implies hidden layer 1 and HL2 implies hidden layer 2.

Parameters
HL1/HL2/LR

Macro precision
Mean (SD)

Macro recall
Mean (SD)

Macro F1l-score
Mean (SD)

128/128/0.005

30.966 (1.054)

33.323 (1.369

31.303 (1.208)

256,/64,/0.01

31.323 (1.134)

33.822 (1.696

31.248 (0.973)

128/256,/0.001

31.18 (0.619)

~— [ — | — |~ —

(
30.922 (0.49)
(

(
33.396 (1.595
64/64/0.001 31.102 (0.469) 33.673 (1.234) | 31.019 (0.5)

4.1.2 Numeric data

The results from data set numeric evaluated on the simple-net can be found in table
4.3. The results from data set numeric evaluated on the deep-net can be found in
table 4.4. The best obtainable macro Fl-score (30.368%) using the simple-net on
the numeric data set was with the setting of 256 neurons in the hidden layer and
with a learning rate of 0.001. The best obtainable macro F1-score (30.795%) using
the deep-net on the numeric data set was with the setting of 256 neurons in the
first hidden layer, 64 neurons in the second hidden layer and with a learning rate of
0.001.

Table 4.3: Simple-net on numeric data. This table contains the top 3 results based
on the macro Fl-score. All hyper-parameter combinations is listed in table C.3.
Note that HL1 implies hidden layer 1.

Parameters | Macro precision | Macro recall | Macro F1-score
HL1/LR Mean (SD) Mean (SD) | Mean (SD)
256/0.001 30.275 (0.51) 34.377 (0.895) | 30.368 (0.612)
128/0.001 30.775 (0.516) 36.005 (0.822) | 30.0 (0.75)
256/0.005 30.286 (0.937) 34.48 (1.658) | 29.662 (1.342)

Table 4.4: Deep-net on numeric data. This table contains the top 4 results based
on the macro Fl-score. All hyper-parameter combinations is listed in table C.4.

Note that HL1 implies hidden layer 1 and HL2 implies hidden layer 2.

Parameters Macro precision | Macro recall | Macro F1l-score
HL1/HL2/LR | Mean (SD) Mean (SD) | Mean (SD)
256/64,/0.001 30.763 (0.677) 35.367 (0.974) | 30.795 (0.85)
256/256/0.001 30.361 (0.373) 34.588 (1.153) | 30.598 (0.372)
256/128/0.001 30.193 (0.638) 33.975 (1.271) | 30.348 (0.7)
128/128/0.01 30.719 (0.74) 35.805 (0.827) | 30.21 (0.775)
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4.2 'Triplet Classification

This section describes the re-admission classification results when the employed tech-
nique is triplet classification. This model evaluates on the triplet-data set, created
from all databases mentioned in table 3.25 and table 3.26. Different combination
of hyper-parameters descried in table 3.27 have been tried. The highest obtain-
ing macro F'l-scores and its hyper-parameter setting under each embedding method
is presented in table 4.5. Figure 4.1 represents the mean and standard deviation
over 10 iterations for each hyper-parameter model under each evaluated embedding
method. From the figure it can be observed that the general trend of larger stan-
dard deviation comes in by increasing the learning rate. For lower learning rates,
the model performance is close to mean in case of all embedding methods except
for some exceptions in case of TransD. Table 4.6 states the hyper-parameters that
obtained the highest mean macro F1l-scores on test dataset over 10 iterations. Inter-
estingly, TransD performs best on average and second best in case of overall highest,
but doesn’t perform better than baseline model.

Table 4.5: Hyper-parameter under each method and their macro F1-score on vali-
dation and test data, sorted on macro F'l-score based on the test set. These hyper-
parameters are the highest values under each embedding method.

Embedding Dimension Learning Margin Macro F1 | Macro F1
method rate Validation | Test
TransH 20 0.001 2 0.2460 0.2574
TransD 50 0.001 2 0.2436 0.2553
TransE(L2) 20 0.01 1 0.2567 0.2543
TransR 50 0.01 2 0.2647 0.2524
TransE(L1) 50 0.01 2 0.2559 0.2470

Table 4.6: Hyper-parameter and their resulting test F1 scores based on highest
average mean F'1 score on 10 iterations. The overall best is highlighted in bold.

Embeddinhg Dimension Learning Margin Test F1 Score
Method Rate Mean(Std)
TransE-L1 50 0.01 2 0.2469(0.0073)
TransE-1.2 50 0.01 1 0.2449(0.0059)
TransH 20 0.001 2 0.2418(0.0110)
TransR 50 0.001 2 0.2405(0.0073)
TransD 50 0.0001 1 0.2499(0.0079)

Based on the macro Fl-scores obtained from the test set, the globally best em-
bedding method is TransH with hyper-parameter selection {Dimension, learning
rate, margin} = 20,0.001,2. The maximum achieved macro F1-score is 0.2574.
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Figure 4.1: Mean and standard deviation for each model. In general, it can be
observed that the standard deviations is small in case of smaller learning rate with
an exception in case of TransD. The effect of smaller SD due to smaller LR can be
explained by batching. A smaller learning rate forces the model to learn slow and
thereby giving the facts of lower in frequency more opportunity to appear in different
batches and there by having a significant contribution in backpropagation of loss.
However, in case of large LR, the affect of facts with large in number dominates and
the model falls in the traps of local best.

The training loss and validation macro F1-score for the hyper-parameters mentioned
in table 4.5 is shown in figure 4.2. A general observation is that the training loss
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Training loss for best hyperparameters Validation F1 score for best hyperparameters
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Figure 4.2: (a)(b) Training loss and validation F1-score for the models described in
table 4.5 respectively. It can be observed that knowledge graph embedding method
along with learning rate have a significant impact on the number of training itera-
tions. Further, all the methods tend to achieve similar F1-scores. A general trend is
that the increase in model complexity results in decrease in number of training iter-
ations. For example, TransD being most complex have 2"¢ least training epochs and
the simplest TransE L1 method has the 27¢ highest training iterations. The models
complexity is generally increased with increase in the embedding spaces. TransR is
one of the complex models that has high training iterations.

goes significantly low in very few epochs, but also depends on learning rate. The
validation MRR score doesn’t improve beyond 24%, on average for validation read-

mission triplets.

The macro Fl-score on the test set for different hyper-parameter models is illus-
trated in figure 4.3. In general, all the translation models achieves competitive
maximum macro Fl-score on the test set. Based on their top result, no model out-
perform other model significantly. Nevertheless, it is observed that TransE models
are not badly affected by changing hyper-parameters with drastic exceptions. It is
also observed that the models doesn’t have a steady learning for higher learning
rates, they tend to generalize on a local affect rather than learning for global objec-

tive.

4.3 Link prediction

This section describes the re-admission classification results when the employed
technique is link prediction followed by a feed-forward artificial neural network.
The model trains in two phases, i.e. using the triplets defined in table 3.25. The
resulting patient embeddings is then re-trained for the re-admission classification
by the network architectures described in section 3.4.5. Table 4.7 states the test
dataset MRR and hits @ 5 scores for different embedding methods. It can be seen
that the TransE embedding method performs best for link prediction on test set.
The method achieves MRR of 0.60 which could be inferred as predictions within top
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Sorted F1 scores for different embedding methods
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Figure 4.3: Macro Fl-scores on test data for different embedding methods. All the
methods obtain similar best F'1 scores. The adverse change in F'1 scores motivates
the importance of hyperparameter tuning. The simple models like TransE L1 and
TransE L2 are not much affected by different hyperparameters except 1 — 2 outliers.
TransR is one of the complex models which produces stable F1 scores.

2 on an average.

Figure 4.4 illustrates the logarithm of training loss during the link prediction train-
ing (phase -1). The hyper-parameters for these curves is stated in table 3.28. It can
be observed that the network reaches a steady state.

Table 4.7: Test MRR and HQ@5 scores for the hyperparameters mentioned in table
4.4. The highest achieved MRR is highlighted.

Method Er.nbedd.llng Learning Margin | Test MRR | Test HQ5
Dimension | Rate

TransE L1 | 50 0.01 1 0.3920 0.4761

Transk L2 | 50 0.001 1 0.6023 0.6555

TransH 50 0.005 0.5 0.4254 0.5099

TransR 50 0.0001 2 0.1823 0.2378

TransD 50 0.001 1 0.2509 0.3926

Figure 4.5(a)(b) illustrates the validation mean reciprocal rank and hits @ 5. It can
be observed from either plot that the different embedding methods tend towards
steady state, with TransE L2 model outperforming the others significantly.

Table 4.9 describes the macro Fl-score for the TransE embedding method with
L1 dissimilarity. The tables states different configurations/hyper-parameters of
feed-forward artificial neural networks tried to obtain best fitting for predicting re-
admission risk. Similarly, other embedding methods results are stated in following
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Figure 4.4: Logarithm of training loss for different embedding method for link
prediction training. Most of the models obtains steady state training loss after ~ 150
iterations. This is mainly due to model learning the facts with large frequencies much
quicker than the facts that occur in smaller in number. The lowest training loss is
not significantly different in all the models except TransR. Surprisingly, TransR
model stops to train with much higher training loss. TransR is highly complex
model with both head and tail entities being projected to different relation space
to obtain embeddings that can capture different aspects of entities. Large batches
might result in loss of this property resulting in a poor training.
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Figure 4.5: (a)(b) Validation MRR and hits @5 respectively evaluated on valida-
tion knowledge graph. The simpler models achieved the best results i.e. TransE
and TransH. The dataset contains varied relations types, but, many entity types
falls under 1 : 1 category. Only the disease and drugs are of type M : N relations.
This leads to the explanation of simple models outperforming other complex one’s
as they are known to capture simple relations very well.

tables: for TransE using L2-dissimilarity, we refer to 4.10 when the embeddings are
fed to the simple-net and to 4.11 when feeding the embedding to the deep-net. For
TransH, we refer to 4.12 when the embeddings are fed to the simple-net, and to 4.13
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when feeding the embeddings to the deep-net. For TransR, we refer to 4.14 when
the embeddings are fed to the simple-net, and to 4.15 when feeding the embeddings
to the deep-net. For TransD, we refer to 4.16 when the embeddings are fed to the
simple-net and to 4.17 when they’re fed to the deep-net. It can be observed that
the TransD deep-net model slightly outperforms other embeddings, but not signifi-

cantly.

Table 4.8: Best L1-TransE-embeddings fed to simple-net. This table contains the
top 3 results based on the macro Fl-score. All hyper-parameter combinations are

listed in the table C.5.

Parameters | Macro Precision | Macro Recall | Macro F1 Score
HL1/LR Mean (SD) Mean (SD) Mean (SD)
64/0.01 26.738 (0.822) 28.02 (0.986) 24.352 (1.69)
256/0.005 26.169 (0.344) 27.682 (0.862) | 23.969 (0.656)
256/0.01 26.172 (0.369) 27.458 (0.852) | 23.766 (0.733)

Table 4.9: Best L1-TransE-embeddings fed to deep-net. This table contains the
top 4 results based on the macro Fl-score. All hyper-parameter combinations are

listed in the table C.6

Parameters

HL1/HL2/LR

Mean (SD)

Macro precision

Macro recall
Mean (SD)

Macro F1l-score
Mean (SD)

64,/128,/0.005

27.037 (1.137)

28.511 (0.863)

26.558 (1.128)

64,/64/0.01

27.759 (2.223)

27.435 (0.511)

26.435 (0.687)

64/128/0.01

64/256/0.01

(
27.273 (1.294)
27.089 (1.71)

(
28.063 (0.88)
27.797 (1.219)

(
26.054 (0.77)
26.023 (0.596)

Table 4.10: Best L2-TransE-embeddings fed to simple-net. This table contains the
top 3 results based on the macro F1 score. All hyper-parameter combinations are

listed in the table C.7.

Parameters | Macro Precision | Macro Recall | Macro F1 Score
HL1/LR Mean (SD) Mean (SD) Mean (SD)
64/0.01 29.044 (0.413) 31.425 (0.482) | 27.391 (0.602)
64/0.005 28.71 (0.259) 32.24 (0.535) 26.913 (0.686)
128/0.01 28.715 (0.61) 31.472 (0.999) | 26.819 (0.719)
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Table 4.11: Best L2-TransE-embedding fed to deep-net. This table contains the
top 4 results based on the macro Fl-score. All hyper-parameter combinations are
listed in the table C.8.

Parameters Macro precision | Macro recall | Macro F1l-score
HL1/HL2/LR | Mean (SD) Mean (SD) | Mean (SD)
64/128/0.001 28.916 (0.458) 32.099 (1.011) | 27.61 (0.831)
256/256/0.005 | 29.68 (1.857) 31.812 (1.079) | 27.592 (0.884)
64/64/0.001 28.653 (0.391) 31.647 (0.815) | 27.305 (0.841)
128/64,/0.005 29.506 (0.84) 31.363 (0.834) | 27.287 (1.009)

Table 4.12: Best TransH-embedding fed to simple-net. This table contains the top
3 results based on the macro F1l-score. All hyper-parameter combinations are listed

in the table C.9.

Parameters | Macro Precision | Macro Recall | Macro F1 Score
HL1/LR Mean (SD) Mean (SD) Mean (SD)
64/0.005 27.928 (0.605) 29.933 (1.172) | 26.265 (0.605)
256/0.005 27.516 (0.395) 29.903 (1.019) | 25.948 (0.486)
128/0.005 28.03 (0.843) 30.479 (1.351) | 25.897 (0.817)

Table 4.13: Best TransH-embedding fed to deep-net. This table contains the top
4 results based on the macro F1l-score. All hyper-parameter combinations are listed

in the table C.10.

Parameters Macro precision | Macro recall | Macro F1l-score
HL1/HL2/LR | Mean (SD) Mean (SD) | Mean (SD)
256/128/0.005 | 28.337 (0.468 31.283 (0.938) | 26.865 (1.019)
64/64/0.005 27.853 (0.531 30.123 (1.201) | 26.78 (0.6)

64,/128,/0.005

26.698 (1.039)

128,/256/0.001

)
(0.531)
27.919 (0.637)
28.037 (0.329)

)
(1.201)
20.746 (0.977)
30.897 (1.141)

26.554 (0.609)

Table 4.14: Best TransR-embedding fed to simple-net. This table contains the top
3 results based on the macro Fl-score. All hyper-parameter combinations are listed
in the table C.11.

Parameters | Macro Precision | Macro Recall | Macro F1 Score
HL1/LR Mean (SD) Mean (SD) Mean (SD)
64/0.01 26.387 (0.319) 27.317 (0.853) | 24.32 (0.82)
64/0.005 26.435 (0.528) 27.611 (1.33) 24.005 (1.139)
256/0.005 25.855 (0.362) 26.255 (0.827) | 23.68 (0.555)

4.4 Computational Time

All the computations related to triplet classification and link prediction where done
using the “Tesla V100-SXM2-16GB* which is a powerful GPU provided by Google
for colab pro users.
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Table 4.15: Best TransR-embeddings fed to deep-net. This table contains the top
4 results based on the macro F1l-score. All hyper-parameter combinations are listed
in the table C.12.

Parameters Macro precision | Macro recall | Macro F1l-score
HL1/HL2/LR | Mean (SD) Mean (SD) | Mean (SD)
64/64/0.005 27.157 (0.519) 28.443 (1.01) | 26.065 (0.861)
64/128/0.001 27.0 (0.353) 28.723 (0.908) | 25.34 (0.676)
64/64/0.001 26.823 (0.332) 28.392 (0.984) | 25.129 (0.953)
64/256/0.001 26.887 (0.722) 28.286 (0.97) | 25.048 (1.408)

Table 4.16: Best TransD-embedding fed to simple-net. This table contains the top
3 results based on the macro F1l-score. All hyper-parameter combinations are listed
in the table C.13.

Parameters | Macro Precision | Macro Recall | Macro F1 Score
HL1/LR Mean (SD) Mean (SD) Mean (SD)
64/0.005 29.06 (0.54) 33.032 (1.087) | 27.896 (0.829)
64/0.01 28.885 (0.653) 32.371 (1.002) | 27.392 (0.748)
128/0.01 28.72 (0.582) 32.19 (1.102) 27.193 (0.866)

Table 4.17: Best TransD-embeddings fed to deep-net. This table contains the top
4 results based on the macro F1l-score. All hyper-parameter combinations are listed
in the table C.14.

Parameters Macro precision | Macro recall | Macro F1l-score
HL1/HL2/LR | Mean (SD) Mean (SD) | Mean (SD)
64/64,/0.005 30.255 (0.94) 33.262 (0.745) | 28.785 (0.625)
128/64,/0.005 29.604 (0.774) 32.807 (0.657) | 28.541 (0.651)
64/128/0.001 29.398 (0.545) 33.725 (1.057) | 28.41 (0.912)
256/64/0.005 29.555 (1.252) 32.692 (0.657) | 28.395 (0.748)

Triplet Classification Computational Times

The validation in case of triplet classification involves computing dissimilarity value
for the readmission status for all patients in test sets. Further, F1 score is com-
puted based on the prediction obtained through dissimilarity value. The plot for
computational time is shown in figure 4.6.

Link Prediction Computational Times

The validation in case of link prediction involves computing dissimilarity of all pos-
sible entities and rank them. The true entity’s rank then contributes in computing
mean reciprocal rank. Hence, the link prediction validation times is much higher
as compared to triplet classification. Table 4.18 states the training times for link
prediction. Figure 4.7 illustrates the mean and SD of the validation times for each
of these methods.
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Mean and standard deviation of computational time for TC multiple iterations
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Figure 4.6: The figure illustrates the computational times for triplet classification.
The general trend is higher computational time with increasing model complexity.
And also, as expected the smaller learning rates in general took longer training
times, except for the TransR method. Some of the highest computational time has
been observed in case of TransD, but it is expected as TransD is complex model.
One explanation for the anomaly in case of TransR is the large batch size. The
large batch size may lead to model change the parameters abruptly after each batch
process. Ultimately, the model fluctuates in terms of F1 scores and takes longer
to reach early stoppage criteria. This can also be advocated with large standard
deviations in the same TransR method for LR = 0.01. Note that, 10 iterations were
considered to obtain the mean and standard deviation in each case.
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Table 4.18: The table illustrates computational times for link prediction embed-
ding methods. The validation contributes to greater than 95% of the training time.
Due to this validation is only done after every 25 epochs. Hence, it is interesting to
compare the average validaiton time taken in one validation iteration as compared
to total training time. The reason bein that the total training time depends on
learning rate which is not same in all 5 cases. From the table, it can be noticed
that the average validation time increases with increase in model complexity which
is expected.

Total training | Avg val time | Total Validaiton
Method time per epoch Epochs | Epochs
TransE L2 | 19537.083 1001.343 475 19
TransE L1 | 8208.924 1134.779 175 7
TransH 5342.791 1690.469 75 3
Trans R 6986.845 2216.474 75 3
TransD 19354.325 2018.863 200 8
validation computational time for LP embedding methods
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© 2000 A +
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Figure 4.7: The figure illustrates the mean and standard deviation of the compu-
tational times of validation function in case of link prediciton embedding methods.
It can be observed that the simple embedding methods have small SD, as com-
pared to complex ones. The figure also illustrates the increasing validation time
with increase in the model complexity. The methods in x-axis are sorted based on
increasing complexity of the method.
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Discussion

This section will present the discussions of the results from the previous section, as
well as the methods used in this project. We will also try to answer why the results
turned out as they did, as well as reason why we observe the particular performance
and behaviour of the models. We will discuss possible limiting factors, as well as
suggest what future work could be done on the topics, before finishing with the
contributions made with this project.

5.1 Discussion of re-admission classification tasks

As seen in section 4.1, 4.2 and 4.3, it can be argued that none of the employed tech-
nique significantly outperforms the baseline model when evaluated on the one-hot
data set. Nevertheless, the best performing models in either case are competitive
in terms of the re-admission predicting capability. Below, we make an analysis to
discover the probable reasons for poor model performance.

Cosine Similarity

Cosine similarity measures the cosine of angle between two vectors to produce a
measure that can be interpreted as a similarity measure. The cosine similarity is
generally used in positive spaces and lies in [0,1]. Here a value at 0 implies very
dissimilar as the angle between the vectors are almost perpendicular. On the other
hand, a value of 1 implies almost parallel vectors. In a one hot encoded data, the
vectors are boolean making the cosine similarity a good measure to compute the
similarity between them. We use the patient’s one-hot encoded information to com-
pute pairwise cosine similarity index within each of the readmission status. The
similarity measure can provide insights on how similar are two any two randomly
picked patients within same readmission status.

Figure 5.1, 5.2 and 5.3 illustrates the cosine similarity measure by considering all
patients pairwise within each readmission class. Table 5.1 states the mean p and
standard deviation o of the pairwise cosine similarity within each readmission status
group. The mean being less than 0.25 in all three cases and standard deviation less
than 0.1 clearly indicates that most of the pairwise comparisons ended up being
highly dissimilar to each other. Hence, it can be said that, it is very difficult for the
model to learn a pattern that can be applied to classify patients re-admission sta-
tuses. Moreover, features being categorical adds additional degree to the difficulty
for the model to generalize.
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Table 5.1: The table states the cosine similarity’s mean and standard deviation
within each readmission status. The mean and standard deviation is computed
by considering all possible pairwise patients within each of the stated readmission
status.

Readmission Status Mean | SD
Re-admission within 30 days | 0.249 | 0.09
Re-admission within 90 days | 0.241 | 0.08
Re-admission within 365 days | 0.237 | 0.09

Cosine-similarity index for patients within 30-days re-admission group.
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Figure 5.1: The figure illustrates the cosine similarity index for all pairwise-
comparisons within patient with re-admission within 30 days. It can be observed
that most of the measurements are centred around 0.25 indicating a low similarity
score.

The embeddings obtained are latent vector representations of high dimensional
sparse vectors. But still, it is difficult to visualize the embeddings. TSNE with
perplexity = v/ Embedded feature dimension, and PCA are the two techniques em-
ployed to visualize the spatial positioning of these embeddings. Both Principal Com-
ponent Analysis (PCA) and t-distribution Stochastic Neighbour embedding (TSNE)
are generally used to represent high dimensional data in lower dimensions. It can
be observed from figures 5.4, 5.5, 5.6, 5.7 and 5.8, that irrespective of embedding
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Cosine-similarity index for patients within 90-days re-admission group.
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Figure 5.2: The figure illustrates the cosine similarity index for all pairwise-
comparisons within patient with re-admission within 90 days. It can be observed
that most of the measurements are centred around 0.25 indicating a low similarity
score.

method, constructing a decision boundary that can distinguish different readmission
classes appears to be extremely difficult. It can be note worthy to state that the
variance captured by top 3 principal component amounted to just 18% indicating
that these illustrations doesn’t necessarily capture the true spread of embeddings.
As seen in the figures, the embeddings do not cluster the patients accordingly to
the re-admission statuses, but rather places them in a single blob with no distinct
pattern recognizable. An optimal embedding would be presenting visually separa-
ble clusters, where each re-admission status would be distinct from the other. This
would have then enabled the possibility for better predictive ability for the models
investigated in the project.

In relation to predicting missing links i.e. link prediction - from table 4.7, we could
infer that some models do perform very well in test graph structures for predicting
missing links. TransE with L2-norm achieves better performance for link prediction
tasks than the other evaluated methods. This can be motivated by the fact that
our knowledge graph contains large number of relations which favours translational
models, especially TransE favours lower facts:relations ratio. Nevertheless, there
are other relation-cardinalities present as well. TransH which is aimed on capturing
these M : N relations gives results close to TransE, i.e. the predicted entities ending
up in top 2 on an average. In general, it is observed that simple embedding methods
have performed better than more complex ones for link prediction.
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Cosine-similarity index for patients within 365-days re-admission groug
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Figure 5.3: The figure illustrates the cosine similarity index for all pairwise-
comparisons within patient with re-admission within 365 days. It can be observed
that most of the measurements are centred around 0.25 indicating a low similarity
score.

PCA DIm 2
TSME Dim 2

Figure 5.4: The figure illustrates PCA and TSNE for TransE embedding method
with L1 dissimilarity. It can be observed that both PCA and TSNE, the spread of
the readmission statuses is very wide. This implies creating a decision boundary
capturing general properties is difficult.

5.2 Limiting factors
In this section, we will briefly describe what limiting factors could have been pre-

venting the models to perform better. We’ll try to give a qualitative explanation as
well as reasoning behind this behaviour.

5.2.1 Data insufficiency

A possible reason for not obtaining greater results can be because of the insufficient
quality of the data used. All data sources investigated comes with their own terms

62



5. Discussion

08

086

0.4

0z

PCA Dim 2
TSNE Dim 2
=

0o

-0.2

-0.4

-0.6

06 04 02 00 02 04 06 08 20 10 0 10 P 0
PCA Dim 1 TSNE Dim 1

Figure 5.5: The figure illustrates PCA and TSNE for TransE embedding method
with L2 dissimilarity. A large mass of data points within all readmission status
appear to get closer, but distinguishing them with other status is still not significant.
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Figure 5.6: The figure illustrates PCA and TSNE for TransH embedding method.
The concentration of readmission status data points is relatively similar as compared
to TransE L2.
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Figure 5.7: The figure illustrates PCA and TSNE for TransR embedding method.
The spread of different readmission status is very wide, similar to TransE L1 method.

of noise, which can lead to an aggregated noise level which worsens the models per-
formance to correctly classify re-admissions. Since no available data set of this sort
was found, the time-consuming task of creating our own data set was necessary. A
positive attribute that came with this was the freedom with selection of data points
that could be chosen, as well as having full insight into how the cohort is selected.
However, it also imposed with certain difficulties. There’s no recognized baseline-
methodology that could be implemented and therefore had to be created. Whether
or not this baseline-methodology is appropriate or not is unknown until investigated.

In order to make the numerical values fit into the framework of knowledge graph
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Figure 5.8: The figure illustrates PCA and TSNE for TransD embedding method.
The concentration of data points is higher, but again is not sufficient enough to
distinguish within each readmission status and the overlay with no readmission is
quite high.

embedding methods, they needed to be binned in order to be represented as an
entity. Binning these values is not straight-forward and can be conducted in many
different ways. Many of our binning were done ad-hoc and could possibly be an
source of data insufficiency. Trying different approaches to bin these in different
intervals and counts could perhaps yield a better predictive ability to the models
investigated. However, due to lack of time, this was not investigated further in the
project. Moreover, binning causes a loss in structural property of numbers i.e. for
example binning age loses the characteristic of numeric age.

Furthermore, many of the investigated features that was more naturally appropriate
for the construction of a knowledge graph came with rather heavy class-imbalances.
Most features had several classes with quite few observations. The selection of
classes within features and their mappings were constructed ad-hoc, resulting in
many classes called other or unknown, which can also possibly be a source of data
insufficiency. A more stringent methodology regarding this task was however not
implemented due to lack of time.

5.2.2 Data-linkage

All data sources investigated comes with their own terms of error and noise, and
greater risk for noisy observations are presented when trying to link these together.
Some publicly available data sources are algorithmically generated and are prone to
error by some degree[14]. Moreover, the disease classification ICD for healthcare is
designed to record appropriate statistics and billing, but the research publications of
treating disease relates to either a part of a disease or sometimes relates to multiple
diseases too making it inherently difficult to give equal weightage to all facts. Dif-
ferent concentrations of drugs have different effects on the body, but concentrations
were ignored in this thesis to obtain facts linked with standard nomenclatures. This
can also lead to significant loss of information, and in general requires detailed or
expertise support as different drugs have different values to varying levels of con-
centrations. Lastly, the number of drug-disease connections found covered only a
fraction of diseases. Problems related to data-linkage is common in this field of
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research[17].

5.3 Future work

In this section, we will present some topics that were encountered that can be
further investigated in future work for benefiting the model’s regarding re-admission
classification ability. These topics was not investigated in this project due to lack of
time, but will rather be presented here with the motivation that they can be fully
utilized in future work.

5.3.1 Customized loss-function

We observe in section 4.1 and 4.3 that the embeddings generated from TransD gave
comparable results with the one-hot data classification when feeding them through
the artificial neural network. However, we want to add weights to each facts in
an algorithmic way. Adding weights to the knowledge graph embeddings would
reduce the bias created by relations that exist in much larger frequency. This may
potentially increase the training times largely, but one can expect that it will lead to
a significant improvement in the performance of the model. The initial thoughts to
incorporate weights comes with the weighted loss function, where depending on the
relation or fact a weight factor can be multiplied to loss before back-propagation.

5.3.2 Expanding knowledge-graph

There is a quite extensive selection of different biomedical data sources and ontolo-
gies that could be further investigated and included in the knowledge graph. For
example, including drug-target interactions, drugs and their side-effects, protein-
interaction and such could possibly improve the embeddings produced by the dif-
ferent methods. However, this leads to an drastic increase in complexity regarding
the knowledge graph embedding models, which then imposes a natural down-side.

Also, including time-series variables could possibly improve the predictive ability
of the classification algorithms. However, these needs to be carefully investigated -
binning numerical values is difficult, and representing time-series data as entities is
even more problematic. An idea could be to bin these based on the mean-value for
a given time-range. However, this would then impose the question of choosing such
a time-range, as well as deciding how to select the cohort depending on this, which
cut-off value should be chosen and how to deal with patients with several time-series
measurements of the same type within the same admission.

5.4 Contributions

We believe that the thesis has connected different research questions and addressed
at least one method to answer those research questions. Some examples of this thesis
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has contributed to research are listed below.

e The thesis had made an attempt to connect healthcare data with research
based biomedical ontologies.

o The thesis has explored the recently developed embedding methods for struc-
tured and relational data.

o The thesis has implemented a down-stream pipleline connecting the creation

of multi-informational knowledge graphs to embeddings methods further on
to classification algorithms to classify re-admission statuses.
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Conclusion

The rapid increase of electronic health records have opened up for the possibility
for patient outcome predictions, utilizing recorded information from patient’s ad-
missions to classify re-admissions within given time-intervals. The incorporation of
domain-specific information in a knowledge-graph based structure can be further
down-streamed for this particular type of classification problem.

We have found that this type of setting yields results that are comparable to the
proposed baseline-methodology. Despite imposing some difficulties in modeling this
type of structure, there are room for improvements so that this setting can ulti-
mately out-perform the baseline-methodology.

Since the work in the thesis obtained results that is not superior to the baseline-
methodology, it successfully created a pipeline to address the challenge. The thesis
has also opened doors to investigate similar problems.

Nevertheless, the employed techniques presents an interesting set of theories. For
example, the embeddings trained using link prediction can be used for a multitude
of prediction or other type of problems. For example, a well trained link prediction
problem can help in predicting alternate drugs for a patient based on dissimilarity
score.

Modeling patient health information is guided by complex principles and finding
the features that achieve state of the art results is inherently difficult. With this
thesis we could conclude that the features selected to model patient’s re-admission
status needs more information and possibly incorporation of patient vital signs.
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A

Appendix Tables

This section contains information on some specific features from MIMIC-III dataset
in particularly the one that have been used in the thesis work. Later, one table
containing information about all MIMIC-III tables to give the reader an information
on what more can be explored from the dataset.

Table A.1: The table provides extended count details of marital status present in
the MIMIC-III dataset.

Martial status Counts
MARRIED 14965
SINGLE 7935
WIDOWED 3743
DIVORCED 1882
UNKNOWN/OTHER | 1613
SEPARATED 316
LIFE PARTNER 11
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Table A.2: Table (a) provides counts of different admission type where as table
(b) provides counts on discharge types.

IT

Discharge location Counts
HOME 10219
HOME HEALTH 2855
Admission location | Count CARE
EMERGENCY 19477 SNF 4391
ROOM ADMIT REHAB/DISTINCT 4302
PHYS REFERRAL 6788 PART HOSP
/NORMAL DELI LONG TERM CARE 1136
CLINIC REFERRAL 5553 HOSPITAL
/PREMATURE DISC-TRAN CANCER 519
TRANSFER FROM 5541 JCHLDRN H
HOSP/EXTRAM DISCH-TRAN TO 579
TRANSFER FROM 26 PSYCH HOSP
SKILLED NUR SHORT TERM HOSPITAL | 288
TRANSFER FROM 14 LEFT AGAINST 199
OTHER HEALT MEDICAL ADVI
* INFO NOT 5 HOSPICE-HOME 54
AVAILABLE ** OTHER FACILITY 44
TRSF WITHIN 5 HOME WITH HOME 23
THIS FACILITY IV PROVIDR
HMO REFERRAL 1 ICF 27
/SICK HOSPICE-MEDICAL 19
FACILITY
DISC-TRAN TO 9
FEDERAL HC
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Table A.3: The table provides extended details of different transfer types present
in the MIMIC-III dataset.

Original Mapped
TRANSFER FROM

HOSP/EXTRAM | TRANSFERRED
TRANSFER FROM

SKILLED NUR TRANSFERRED
TRANSFER FROM

OTHER HEALT | TRANSFERRED
# INFO NOT EMERGENCY
AVAILABLE ** ROOM ADMIT
TRSF WITHIN

THIS FACILITY | L RANSFERRED
HMO REFERRAL | EMERGENCY
/SICK ROOM ADMIT

Original Mapped
DISC-TRAN
CANCER/CHLDRN g | YTHER
DISC-TRAN TO

FEDERAL HC OTHER
DISCILTRAN TO

PSYCH HOSP OTHER
TIOME WITH HOME

IV PROVIDR HOME
HOSPICE-HOME OTHER
OSPICE-MEDICAL

FACILITY OTHER
ICF OTHER
LEFT AGAINST

MEDICAL ADVI OTHER
OTHER FACILITY | OTHER
SHORT TERM

HOSPITAL OTHER
SNF-MEDICAID -

ONLY CERTIF

ITT
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Table A.4: The table provides extended count and details of patient religion present
in the MIMIC-III dataset.

Religion Count Original Mapped
CATHOLIC 10850 7TH DAY

NOT SPECIFIED 6820 ADVENTIST PROTESTANT
PROTESTANT 7 668 BAPTIST PROTESTANT
QUAKER ) BUDDHIST OTHER
UNOBTAINABLE 3166 CHRISTIAN OTHER
TEWISH 9188 SCIENTIST

OTHER 1480 EPISCOPALIAN | PROTESTANT
EPISCOPALIAN 116 GREEK OTHER
GREEK ORTHODOX | 237 ORTHODOX

CHRISTIAN o HEBREW JEWISH
SCIENTIST HINDU OTHER
BUDDHIST 122 TEHOVAITS

MUSLIM 100 WITNESS OTHER
JEHOVAITS WITNESS | 68 MUSLIM OTHER
UNITARIAN o METHODIST PROTESTANT
_UNIVERSALIST NOT SPECIFIED | UNKNOWN
HINDU 19 PROTESTANT

7TH DAY ADVENTIST | 39 QUAKER PROTESTANT
ROMANIAN ROMANIAN

EAST. ORTH 38 EAST. ORTH OTHER
BAPTIST 14 UNITARIAN-

HEBREW 8 UNIVERSALIST | OTHER
METHODIST G UNOBTAINABLE | UNKNWON

IV
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Table A.5: The table provides extended count details of patient ethnicity present
in the MIMIC-III dataset.

Ethnicity Count
WHITE 21570
UNKNOWN/NOT SPECIFIED 2661
BLACK/AFRICAN AMERICAN 2246
HISPANIC OR LATINO 861
OTHER 730
UNABLE TO OBTAIN 530
ASTAN 448
PATIENT DECLINED TO ANSWER 324
ASIAN - CHINESE 158
HISPANIC/LATINO - PUERTO RICAN 126
BLACK/CAPE VERDEAN 118
WHITE - RUSSIAN 81
MULTI RACE ETHNICITY 74
BLACK/HAITIAN 59
WHITE - OTHER EUROPEAN 55
HISPANIC/LATINO - DOMINICAN 53
ASIAN - ASTAN INDIAN 51
WHITE - BRAZILIAN 36
PORTUGUESE 31
ASIAN - VIETNAMESE 29
MIDDLE EASTERN 23
HISPANIC/LATINO - GUATEMALAN 23
BLACK/AFRICAN 22
WHITE - EASTERN EUROPEAN 18
AMERICAN INDIAN/ALASKA NATIVE 17
HISPANIC/LATINO - CUBAN 14
HISPANIC/LATINO - SALVADORAN 13
ASTAN - FILIPINO 12
ASTAN - OTHER 9
HISPANIC/LATINO - MEXICAN 9
ASIAN - KOREAN 9
HISPANIC/LATINO - COLOMBIAN 8
NATIVE HAWAITAN OR OTHER PACIFIC ISLANDER | 8
CARIBBEAN ISLAND 7
SOUTH AMERICAN 7
HISPANIC/LATINO - CENTRAL AMERICAN (OTHER) | 7
ASIAN - CAMBODIAN 6
ASTAN - JAPANESE 4
HISPANIC/LATINO - HONDURAN 3
ASIAN - THAI 3
AMERICAN INDIAN/ALASKA NATIVE 9
FEDERALLY RECOGNIZED TRIBE
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Table A.6: The table provides extended details of ethnicity present in the MIMIC-

IIT dataset.

Original

Mapped

PATIENT DECLINED TO ANSWER

UNKNOWN/NOT SPECIFIED

HISPANIC OR LATINO

HISPANIC

HISPANIC/LATINO - GUATEMALAN HISPANIC
ASTAN - CHINESE ASTAN
HISPANIC/LATINO - PUERTO RICAN | HISPANIC
ASTAN - ASTAN INDIAN ASTAN
ASTAN - VIETNAMESE ASTAN
MULTI RACE ETHNICITY OTHER
HISPANIC/LATINO - DOMINICAN HISPANIC
AMERICAN INDIAN/ALASKA NATIVE | OTHER
WHITE - RUSSIAN WHITE

BLACK/AFRICAN

BLACK/AFRICAN AMERICAN

HISPANIC/LATINO - SALVADORAN

HISPANIC

UNABLE TO OBTAIN

UNKNOWN/NOT SPECIFIED

BLACK/CAPE VERDEAN

BLACK/AFRICAN AMERICAN

BLACK/HAITIAN

BLACK/AFRICAN AMERICAN

WHITE - OTHER EUROPEAN

WHITE

ASIAN - CAMBODIAN ASIAN
WHITE - EASTERN EUROPEA WHITE
ASIAN - FILIPINO ASIAN
PORTUGUESE OTHER
CARIBBEAN ISLAND OTHER
SOUTH AMERICAN OTHER
ASIAN - KOREAN ASIAN
HISPANIC/LATINO - COLOMBIAN HISPANIC
WHITE - BRAZILIAN WHITE
HISPANIC/LATINO - CENTRAL

AMERICAN (OTHER) HISPANIC
ASIAN - THAI ASIAN
HISPANIC/LATINO - HONDURAN HISPANIC
NATIVE HAWAIIAN OR OTHER

PACIFIC ISLANDER OTHER
HISPANIC/LATINO - CUBAN HISPANIC
MIDDLE EASTER OTHER
ASIAN - OTHER ASIAN
HISPANIC/LATINO - MEXICAN HISPANIC
AMERICAN INDIAN/ALASKA NATIVE | oen
FEDERALLY RECOGNIZED TRIBE

ASIAN - JAPANESE ASIAN

VI




A. Appendix Tables

Table A.7: A complete overview of the MIMIC-IIT dataset

Table name

Description

Define a patient’s hospital admission,

ADMISSIONS defines HADM_ID.
Provides information when a patient was READY
CALLOUT for discharge from the ICU, and when the patient
was actually discharged from the ICU.
CAREGIVERS Defines the role of caregivers.
CHARTEVENTS Contains all charted data for all patients.
Contains current procedural terminology (CPT)
CPTEVENTS codes, which facilitate billing for procedures
performed on patients.
D CPT High-level definitions for current procedural

terminology (CPT) codes.

D _ICD_DIAGNOSES

Definition table for ICD diagnoses.

D ICD PROCEDURES

Definition table for ICD procedures.

D _ITEMS Definition table for all items in the ICU databases.
D_LABITEMS Definition table for all laboratory measurements.
DATETIMEVENTS Contains all date formatted data.

DIAGNOSES ICD

Contains ICD diagnoses for patients, most notably
ICD-9 diagnoses.

DRGCODES

Contains diagnosis related groups (DRG) codes
for patients.

ICUSTAYS

Defines each ICUSTAY _ID in the database,
i.e. defines a single ICU stay.

INPUTEVENTS_CV

CareVue ICU databases. Input data for patients.

INPUTEVENTS MV

Metavision ICU databases. Input data for patients.

Contains all laboratory measurements for a given

LABEVENTS patient, including out patient data.

MICROBIOLOGYEVENTS Contains mlcl.roblology 1nfor.mat10n, 11.1(:.lu.d.1ng
cultures acquired and associated sensitivities.

NOTEEVENTS Contains all notes for patients.

OUTPUTEVENTS Output data for patients.

PATIENTS Deﬁnes each S'UBJECl'“ilD in the database,
i.e. defines a single patient.

PRESCRIPTIONS Contains medication related order entries,

i.e. prescriptions.

PROCEDUREEVENTS MV

Contains procedures for patients.

PROCEDURES_ICD

Contains ICD procedures for patients, most
notably ICD-9 procedures.

SERVICES

Lists services that a patient was
admitted /transferred under.

TRANSFERS

Physical locations for patients throughout
their hospital stay.

VII
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Appendix Theory

B.1 Deep learning

Deep learning has became an invaluable part of machine learning. The most com-
mon ones rely on methods based on Artificial Neural Network (ANN). The neural
networks aims to mimic the networks of neurons in the mammalian brain, thereby;,
mimicking the mode of communication occuring in these biological systems [39].
In case of mammalian brain, the neurons are connected to synapses which trans-
mits signals to immediate neighbouring neurons. This motivates the construction
ANN, where a set of neurons are densely connected to another set of neurons. De-
pending on the activation function i.e. the work done on the signal allows these
neural networks to capture complex and hidden structures also known as patterns.
Generally, a training dataset is used by the model to learn these patterns and are
later tested against an unseen test dataset. The structural configurations of these
neurons leads to different nomenclature for neural networks. For example, a feed
forward neural network will have fully connected network, whereas a recurrent net-
work will contain connections within the same layer along with forward connections.

Each synapse (neuron-to-neuron) connection has a corresponding weight and bias
associated to it, where the weights control the strength of the signal processed to
the sub-sequential layer, i.e. controls how much influence an neuron will have to
the next connections of neurons. The biases works as offsets and are not directly
connected to the synapses, but rather have their own connections to each neuron in
each layer, and are therefore not influenced by the previous layers. Each neuron con-
nected to a set of neurons in a previous layer has an associated activation function,
which defines an output for the set of input signals to that specific neuron. Fig-
ure B.1 illustrates the basic concept of weights and biases. Conceptually, a neurons
value is determined by the set of connected neurons values from a previous layer and
their corresponding weights, and the bias connected to the neuron of interest. The
input is calculated as a weighted sum of its connected neurons and corresponding
weights, with the addition of bias value also known as Hebb’s rule. This value is
then fed through an activation function which yields another value as the output.
A common choice of activation function is the Rectified Linear Unit (ReLU), which
is an non-linear function described as:

ReLU(z) = [z]; = max(0,x) (B.1)
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N
©-
0

weighted activation
sum function

Figure B.1: Graphic example of a calculated output from an neuron in layer ¢ with
n input neurons.

Figure B.2: Graphic example of a feed-forward artificial neural network with three
input neurons, one hidden layer with 5 neurons, and an output layer with three
neurons.

The equation B.1 for ReLU function yields an output signal only if the input signal
is positive, otherwise it returns 0. This leads to one of the benefits of ReLU acti-
vation function i.e. it naturally implements a dropout-schema for neurons which is
usually used to prevent overfitting. Another benefit is its efficient computations and
it results in fewer vanishing gradient problems that other commonly used activation-
functions [23]. Neural networks can easily fall into the trap of overfitting on training
data. One way to avoid some overfitting is by having dropout. A dropout excludes
or ignore units randomly with a probability and their corresponding connections
[50].

Feed-Forward Neural Network

A feed-forward neural network is a type of artificial neural networks where the con-
nections between neurons do not form a circle or loop, and the transmitted infor-
mation is fed forward in its architecture. The signal is transmitted from neurons of
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one entire layer to the neurons of its subsequent layer. No information is exchanged
within the neurons of same layer. The information moves in one direction - starting
in the input layer, moving on to the hidden layers and ending up in the output layer
giving rise to the name feed forward. A neural network is called as deep network
when it’s architecture contains one or more hidden layers. The weights connecting
these layers are initialized using Xavier initialization. An exemplary feed-forward
artificial neural network is presented in figure B.2, showing one input layer, one
hidden layers and one output layer.

A deep learning problem statement

The problem that the deep learning is trying to solve can be stated as finding an
approximate function F that satisfies equation B.2. The candidates that approxi-
mately satisfy the equation are called as hypothesis space. In general, the hypothesis
space should map input points x to target points y for each (x,y) € (X, )) respec-
tively in a corresponding fashion.

F:x—yxekXye) (B.2)

The parameterized function that satisfy the hypothesis space can be termed as Fy,
where 6 is the set of parameters that makes the function satisfy the hypothesis.
In neural networks, the 6 is generally weights and biases. Hence, neural networks
aims to obtain the parameters 6 that best approximate Fy(x) ~ F(x) Vx € X.
Generalising the problem, one can state that there is a joint probability distribu-
tion P(x,y) over X and ). The training set contain Independent and Identically
Distributed (i.i.d.) samples from this joint distribution. The network learns by con-
stantly predicting the response vectors and using the information of how deviated
is the predicted response from the true response. Therefore, for each given pair
in the training set, the function maps the input point to a predicted target point,
ie. Fy(x) = §. A associated non-negative real-valued loss function measures the
deviance between the predicted target vector of the function Fy and the true target
vector, i.e. L(y,y), where y denotes the predicted target vector. The risk that is
then associated with the function F is expressed as shown in equation B.3.

R(F) = E[L(F(x),y)] = L(F(x),y)dP(x,y) (B.3)

/(x,y)G(X )
The risk is just the expectation of the loss-function. Ultimately, we wish to find the
optimal function F* from the hypothesis space which minimizes the risk:

F* = arg m}n R(F(x)) (B.4)

Since this joint probability distribution is not known, it’s not generally possible to
compute the risk. However, an approximation called empirical risk can be computed
by averaging the loss over the training sample pairs, and thus selecting the func-
tion which minimizes the empirical loss over the training sample pairs as shown in
equation B.5. The choice of loss function is generally problem-dependent.

n
A

F= argm}nlz (L(F(x:),y:)) (B.5)
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For an ANN, the principle is that the network architecture F is initiated with many
free parameters (weights and biases) such that it can find a suitable imitation of the
unknown function F. For each training pair (x;,y;), we can make a prediction of
the target vector based on the input vector y; = F (x;) and calculate the loss for
that prediction using a loss function £(y,y) which measures the difference between
the target vector and the predicted target vector. The parameters of the network
architecture can then be updated with respect to the loss captured by the loss

function, so that the prediction loss is lowered in the following iteration:
-ﬁ;erl < ﬁt + B (ﬁta ‘C(ya y)) (B6)

B denotes a back propagation which updates the parameters of the network ar-
chitecture so that it lowers the proceeding prediction error measured by the loss
function. This is generally achieved by gradient descent algorithms like stochastic
gradient descent, refer section B.1.2.

B.1.1 Supervised learning

This section builds on the details mentioned at the end of the deep learning section
B.1. Infact, the problem described in section B.1 is a typical supervised learning
problem i.e. when the response variables are known.

Supervised learning is one type of machine learning problems which learns a func-
tion F that maps an input points x to a target point y based on input-target-pairs
{x,y}. Let, a set of training input-target-pairs of the form {(x1,y1),...,(Xn,¥yn)}
is given. Here, x; represents the i-th observation’s feature vector and y; represents
its corresponding target vector. The learning algorithm seeks to find the mapping
function that maps input feature vectors belonging to an input domain X to a target
domain Y.

One important goal of machine learning algorithms is to generalize the training. In
the context of supervised learning problem, one could refer to this as bias-variance
trade-off problem i.e. if the model fit too much on the training data, it has high
variance and it is overfitting. Contrary to this, if the model fit too little to the
training data then it has high bias and is underfitted. Figure B.3 illustrates model
fits. Therefore, mandatory train, validation and test splits are required to control
the amount of fitting is done on the training data.

B.1.2 Back propagation using Stochastic Gradient Descent

Back propagation is a method frequently used to train, i.e. update the parameters
of a feed forward artificial neural network with respect to a loss function. The
idea is to adjust the parameters of the network architecture in order to correctly
classify each training-pair, or to minimize the error between the target vector and
the predicted target vector. The loss function is parameterized with smoothness
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Figure B.3: Graphic example of a underfitted, balanced and overfitted model. Red
dots are data points with noise, blue curve is true function and green curve is fitted
model.

properties (differentiable or sub-differentiable), meaning that the gradient can be
calculated with respect to the network parameters. The stochastic nature arises
in the calculation of the gradient of the loss - it’s an approximation of the actual
gradient which is calculated on the whole training set with a subset of it called mini-
batch. This has two benefits - it reduces the complexity burden and achieves faster
training (but with trade-off with slower convergence) and also has the possibility of
escaping local minimas. This is since the weights and biases are adapted to take a
step in the steepest descent direction of the gradient computed with respect to the
loss. The sampling of the mini-batches gives the ability to move in an (globally)
non-optimal path, meaning not moving in the direct steepest descending direction,
and avoid getting stuck in local optimums. The updated network parameters using
steepest gradient descent algorithm can be described in the iterative scheme (we
denote the parameters of the network architecture as 6 for simplicity):

Orp1 < 0, —nVL(O|(X,Y)) (B.7)

where 7 is a tunable parameter called learning rate, which determines how much we
move in the direction of the steepest descent, and the loss is calculated based on a
training-pair (x,y), x € X,y € ). This methods calculates the gradient for each
training-pair, which quickly scales in time complexity if the number of samples is
large, and also if the dimensionality of 6 is large. Furthermore, it is greedy in the
sense that it always follows the most optimal descent in a local fashion, making it
prone to land in local minimums. We wish to approximate equation B.7 with the
following;:

1 N
6t+1 — Ht —T]VNZ,C(et|(Xz,yZ)) (BS)
i=1
where {(x1,¥:),-..,(Xn,¥n)} is a random subset of training-pairs of size N. Since

the mini-batches are differently sampled each time and is therefore a random vari-
able, it introduces the possibility to move in non-optimal paths, leaving local mini-
mums and explore the search space better in order to find the global minimum.

However, when dealing with imbalanced training pairs, i.e. that we have a discrep-
ancy between the sizes of the different class sizes, each batch needs to be weighted
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so that the expectation of each class occurring is roughly the same. By this, the
network learns to identify patterns in different classes, and do not neglect the mi-
nority class. This introduces the possibility for the learning algorithm to learn from
all classes, despite their imbalance in size.

B.1.3 Adam for stochastic optimization

In the previous sub-section, the stochastic gradient descent method using mini-
batches was presented. However, it uses a fixed learning rate which is a difficult
hyper-parameter to tune, and doesn’t change during the training phase. Different
methods have been proposed that deals with dynamic learning rates, which can
make to stochastic optimization more effective. These include ADAGRAD, which
adapts the learning rate to the parameters based on frequently occurring features
[20], and ADADELTA [57], which is an extension of the formerly mentioned adaptive
stochastic optimizer. Adam, short for Adaptive Moment Estimation [32] is another
stochastic optimizer that computes adaptive learning rates for the parameters, using
the first-order gradients and require little memory overhead. It computes adaptive
learning rates for each individual parameter from estimates of the first and second
moments of the gradients. By calculating the averages of the gradient m; and
squared gradient v;, which acts as the first and second moment of the gradients with
respect to the objective function £, it updates the exponential moving averages of
m,; and v; with respect to time as following:

my <— Blmt,l + (1 — 61)V£(9t71) (B9)
Vg < /82’075_1 + (1 — 62)V(£(9t_1))2 (BlO)

These moving averages are initialized to the zero vector, and is thus biased towards
0 in initial time-steps and for hyper-parameter values (3; and 5 close to unity.
Therefore, the bias corrected estimates of the moments are calculated as:

my

1—pf

(o

1— g5

My

(B.11)

Uy

(B.12)

The time variable t is also updated since the hyper-parameters are time-dependent
with respect to the power function, changing for each time-step. This is then used
for updating the parameters 6 as:

Qt—l—l — Qt (B13)

I
—nN—m
Wove
There is now 4 hyper-parameters present - n which acts as a time-step, £, and [
which acts as the relative exponential decay rate for the first and second moments

of the gradients with respect to the objective function. The hyper-parameter € is
set to a small number to avoid division-by-zero.
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B.1.4 Loss functions

The loss function plays an important role in the setting of deep learning and needs
to be chosen wisely for the particular task. Its main purpose is to give an indication
of measurement for how well the training is performed on the learning algorithm, as
well as updating the learning algorithm in the direction of the steepest descending
gradient so that the performance is increased. The loss function, also frequently
called energy function, gives us a measure on how well the predicted target vector
is mimicking the actual target vector.

Cross entropy loss [58], or log-loss, is used to measure a models prediction where
the output is presented as a vector of probabilities between 0 and 1 of belonging to
a set of different classes, and the true class that sample belongs to. Since the net-
work’s outputs are scalars that don’t necessarily represent a probability distribution
of a sample x belonging to one of C classes, it needs to be transformed so that the
values in the output layer are non-negative and sum to unity. This is done via the
Softmax-function, which is described as following:

exp(0;)

SOftmaX(O)l‘ = m

(B.14)

This function maps each scalar in the vector o, which is referring to the output
vector from a neural network, to a scalar in the range (0,1) where the sum of all
elements in the vector sums to 1. This can then directly be considered a probability
distribution of belonging to a class {0,...,|C| — 1}. The cross entropy-loss is then
calculated as following:

Lcp(o,y) ==Y y;log(Softmax(o);) (B.15)

jel

Here, y represents a one-hot encoding of the targets, i.e. a vector of size equal to the
number of classes, with value 1 at the corresponding index of the target class and
0 elsewhere. In the setting where a learning algorithm needs to classify target-pairs
in an imbalanced distribution, i.e. the distribution of class occurrences is skewed
and some classes occurs more frequently than others, a weighted variant of the cross
entropy loss-function is applied:

Luce(o,y) == w;y;log(Softmax(o);) (B.16)

jec

The weight vector w denotes the weights of each class. This weight is set to be the
inverse class frequency, normalized so that the sum of the weight-vector is unity,
so classes with few observations will have a higher weights than classes with many
observations. This penalizes predictions where the target is of a minority class more
than the majority class, so that the loss function accounts for class imbalances.
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Appendix Results

This section contains the detailed hyperparameter results for the models trained.

Table C.1: The table states the results obtained on different hyperparameters for
simple-net on one-hot data.

Parameters | Macro precision | Macro recall Macro F1-score
HL1/LR [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/0.001 31.10 (0.5) 33.86 (0.9) 30.45 (0.6)
128/0.001 30.92 (0.5) 32.78 (0.9) 30.25 (0.5)
256/0.001 30.63 (0.7) 31.99 (1.2) 29.98 (0.8)
64/0.005 31.19 (0.7) 33.86 (1.4) 31.16 (0.9)
128/0.005 31.04 (0.8) 32.95 (1.7) 30.87 (1.1)
256/0.005 30.41 (0.9) 31.44 (1.4) 30.21 (1.0)
64/0.01 30.54 (0.6) 33.53 (1.2) 30.15 (1.1)
128/0.01 30.52 (0.7) 33.38 (1.9) 30.29 (1.2)
256/0.01 30.66 (0.9) 32.89 (1.5) 30.49 (1.1)

XVI



C. Appendix Results

Table C.2: The table states the results obtained on different hyperparameters for
deep-net on one-hot data.

256,/128/0.01 | 30.64
64/256/0.01 29.75
128/256/0.01 | 31.25
256,/256/0.01 | 30.00

Parameters Macro precision | Macro recall Macro F1-score
HL1/HL2/LR | [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/64/0.001 31.10 (0.5) 33.67 (1.2) 31.02 (0.5)
128/64,/0.001 30.85 (0.5) 33.09 (1.3) 30.83 (0.7)
256/64,/0.001 30.41 (0.5) 32.03 (1.3) 30.40 (0.7)
64/128/0.001 31.03 (0.8) 33.58 (1.3) 30.92 (0.9)
128/128/0.001 | 30.45 (0.7) 32.60 (1.7) 30.62 (0.8)
256/128/0.001 | 30.33 (0.6) 32.48 (1.9) 30.55 (0.8)
64/256/0.001 30.63 (0.4) 32.85 (1.5) 30.53 (0.5)
128/256,/0.001 | 30.92 (0.5) 33.37 (1.6) 31.18 (0.6)
256/256/0.001 | 30.30 (0.7) 31.24 (1.5) 30.15 (0.8)
64/64,/0.005 30.80 (1.1) 33.57 (1.6) 30.72 (1.2)
128/64/0.005 30.62 (0.7) 33.49 (1.2) 30.76 (1.1)
256/64/0.005 30.53 (0.6) 32.54 (1.5) 30.73 (0.7)
64/128/0.005 30.95 (0.7) 33.65 (0.8) 30.49 (0.8)
128/128/0.005 | 30.97 (1.1) 33.32 (1.4) 31.30 (1.2)
256/128/0.005 | 30.10 (0.8) 32.51 (1.5) 30.26 (1.0)
64/256/0.005 31.33 (1.2) 33.96 (0.7) 30.90 (0.9)
128/256/0.005 | 30.52 (1.1) 32.79 (1.3) 30.58 (1.4)
256/256/0.005 | 30.43 (0.9) 32.43 (1.4) 30.43 (0.9)
64/64/0.01 30.69 (0.6) 34.24 (1.2) 29.68 (0.9)
128/64/0.01 30.87 (1.2) 32.35 (1.2) 30.38 (1.5)
256/64/0.01 31.32 (1.1) 33.82 (1.7) 31.25 (0.9)
64/128/0.01 31.26 (1.9) 33.67 (0.9) 29.25 (1.4)
128/128/0.01 30.43 (0.5) 32.76 (1.5) 30.45 (0.6)
(1.1) (1.3) (0.8)
(1.3) (1.7) (1.7)
(0.9) (1.0) (1.6)
(0.7) .96 (1.3) (0.9)
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Table C.3: The table states the results obtained on different hyperparameters for
simple-net on numeric data.

Parameters | Macro precision | Macro recall Macro F1-score
HL1/LR [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/0.001 30.62 (0.5) 36.12 (0.8) 29.59 (0.7)
128/0.001 30.78 (0.5) 36.01 (0.8) 30.00 (0.8)
256/0.001 30.28 (0.5) 34.37 (0.9) 30.36 (0.6)
64/0.005 30.29 (0.8) 34.87 (0.6) 29.43 (1.0)
128/0.005 30.64 (0.9) 34.99 (1.1) 29.53 (0.9)
256/0.005 30.29 (0.9) 34.48 (1.6) 29.66 (1.3)
64/0.01 29.47 (0.8) 34.19 (1.1) 27.80 (0.8)
128/0.01 29.54 (0.8) 33.89 (1.2) 27.63 (1.0)
256/0.01 30.12 (1.2) 33.49 (1.5) 27.42 (1.1)
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Table C.4: The table states the results obtained on different hyperparameters for
deep-net on numeric data.

Parameters Macro precision | Macro recall Macro F1-score
HL1/HL2/LR | [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/64/0.001 30.59 (0.5) 35.51 (0.7) 29.56 (0.7)
128/64,/0.001 30.36 (0.5) 35.40 (1.1) 29.89 (0.7)
256/64,/0.001 30.76 (0.6) 35.36 (0.9) 30.79 (0.8)
64/128/0.001 30.77 (0.6) 35.93 (1.1) 29.82 (0.6)
128/128/0.001 | 30.12 (0.2) 34.70 (0.6) 29.58 (0.3)
256/128/0.001 | 30.19 (0.6) 33.97 (1.2) 30.34 (0.7)
64/256/0.001 30.89 (1.3) 35.51 (1.2) 29.72 (1.1)
128/256,/0.001 | 30.09 (0.5) 34.52 (0.9) 29.76 (0.6)
256/256/0.001 | 30.36 (0.3) 34.58 (1.1) 30.59 (0.3)
64/64,/0.005 30.82 (2.4) 34.78 (0.5) 28.96 (0.7)
128/64/0.005 30.29 (1.0) 34.59 (1.3) 29.04 (1.6)
256/64/0.005 29.93 (0.6) 34.60 (0.7) 28.91 (1.1)
64/128/0.005 29.94 (1.1) 34.47 (0.9) 28.84 (0.9)
128/128/0.005 | 30.08 (0.9) 34.61 (1.0) 28.68 (1.0)
256/128/0.005 | 29.92 (0.9) 33.95 (1.3) 28.98 (0.8)
64/256/0.005 29.42 (1.1) 33.75 (1.0) 28.31 (0.8)
128/256/0.005 | 29.65 (0.9) 33.87 (0.9) 28.23 (0.7)
256/256/0.005 | 29.75 (0.7) 34.27 (1.0) 28.70 (1.0)
64/64/0.01 29.97 (0.9) 33.24 (0.8) 28.21 (0.6)
128/64/0.01 29.83 (1.1) 33.99 (1.3) 27.74 (0.9)
256/64/0.01 29.49 (1.9) 34.16 (1.7) 28.06 (2.2)
64/128/0.01 28.33 (2.1) 32.30 (1.5) 26.53 (1.2)
128/128/0.01 30.71 (0.7) 35.80 (0.8) 30.21 (0.7)
256/128/0.01 30.51 (1.0) 34.12 (1.3) 28.36 (1.3)
64/256/0.01 27.13 (1.6) 31.62 (1.9) 25.83 (0.9)
128/256/0.01 29.27 (1.1) 32.87 (1.3) 27.30 (1.4)
256/256/0.01 29.89 (1.4) 32.93 (0.9) 27.72 (1.0)
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Table C.5: The table states the results obtained on different hyperparameters for
simple-net on link prediction TransE-L1 embedded data.

Parameters | Macro precision | Macro recall Macro F1-score
HL1/LR [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/0.001 26.45 (0.2) 28.77 (0.8) 21.84 (1.0)
128/0.001 26.33 (0.2) 28.55 (0.9) 21.67 (0.5)
256/0.001 26.45 (0.2) 28.89 (0.5) 23.09 (0.2)
64/0.005 26.41 (0.9) 27.68 (1.0) 23.30 (1.9)
128/0.005 26.04 (0.3) 27.54 (0.7) 22.87 (0.7)
256/0.005 26.16 (0.3) 27.68 (0.8) 23.96 (0.6)
64/0.01 26.73 (0.8) 28.02 (0.9) 24.35 (1.6)
128/0.01 26.13 (0.5) 27.38 (1.2) 23.02 (1.0)
256/0.01 26.17 (0.3) 27.45 (0.8) 23.76 (0.7)
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Table C.6: The table states the results obtained on different hyperparameters for
deep-net on link prediction TransE-L1 embedded data.

128/256/0.01 | 26.39
256/256/0.01 | 26.16

Parameters Macro precision | Macro recall Macro F1-score
HL1/HL2/LR | [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/64/0.001 26.68 (0.5) 28.53 (1.1) 24.64 (2.4)
128/64,/0.001 26.29 (0.4) 27.99 (0.7) 23.04 (1.6)
256/64,/0.001 26.32 (0.5) 28.26 (1.4) 23.05 (0.8)
64/128/0.001 26.59 (0.6) 28.06 (0.7) 24.32 (1.8)
128/128/0.001 | 26.43 (0.8) 28.04 (0.7) 23.12 (1.8)
256/128/0.001 | 26.47 (0.4) 28.27 (1.1) 23.75 (0.9)
64/256/0.001 26.36 (0.4) 27.95 (1.1) 23.16 (0.9)
128/256,/0.001 | 26.17 (0.3) 27.77 (0.8) 22.92 (0.7)
256/256/0.001 | 26.28 (0.3) 28.00 (0.9) 23.78 (0.8)
64/64,/0.005 27.01 (1.3) 28.15 (1.5) 24.99 (2.7)
128/64/0.005 27.26 (1.3) 28.66 (0.9) 25.70 (1.6)
256/64/0.005 26.84 (0.7) 28.10 (1.0) 25.33 (1.7)
64/128/0.005 27.03 (1.1) 28.51 (0.8) 26.55 (1.1)
128/128/0.005 | 26.31 (0.8) 27.85 (0.9) 24.41 (1.7)
256/128/0.005 | 26.19 (0.4) 27.48 (0.7) 24.10 (1.3)
64/256/0.005 27.55 (1.1) 28.66 (0.7) 25.79 (1.2)
128/256/0.005 | 26.52 (0.9) 27.60 (1.5) 24.10 (1.7)
256/256/0.005 | 26.76 (1.1) 27.71 (1.0) 25.18 (1.3)
64/64/0.01 27.76 (2.2) 27.43 (0.5) 26.43 (0.6)
128/64/0.01 25.83 (1.5) 27.68 (1.5) 24.97 (1.8)
256/64/0.01 26.07 (1.2) 27.17 (1.2) 22.52 (3.3)
64/128/0.01 27.27 (1.3) 28.06 (0.8) 26.05 (0.7)
128/128/0.01 26.54 (0.3) 28.42 (0.8) 23.80 (1.0)
256/128/0.01 25.77 (1.5) 27.11 (1.4) 23.46 (1.8)
64/256/0.01 27.08 (1.7) 27.79 (1.2) 26.02 (0.5)
(1.0) (1.1) 27 (1.3)
(0.6) (0.8) .25 (1.5)
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Table C.7: The table states the results obtained on different hyperparameters for
simple-net on link prediction TransE-L2 embedded data.

Parameters | Macro precision | Macro recall Macro F1-score
HL1/LR [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/0.001 28.39 (0.7) 30.98 (1.1) 26.74 (0.7)
128/0.001 28.05 (0.2) 30.84 (0.8) 25.49 (0.4)
256/0.001 27.93 (0.2) 30.51 (0.6) 25.87 (0.3)
64/0.005 28.71 (0.2) 32.24 (0.5) 26.91 (0.7)
128/0.005 28.29 (0.4) 30.99 (0.9) 26.50 (0.5)
256/0.005 28.17 (0.6) 30.81 (1.1) 26.79 (0.5)
64/0.01 29.04 (0.4) 31.42 (0.4) 27.39 (0.6)
128/0.01 28.71 (0.6) 31.47 (0.9) 26.81 (0.7)
256/0.01 28.55 (0.6) 31.25 (0.9) 26.80 (0.8)
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Table C.8: The table states the results obtained on different hyperparameters for
deep-net on link prediction TransE-L2 embedded data.

256/128/0.01 | 28.55
64,/256,0.01 27.95
128/256/0.01 | 27.86
256,/256/0.01 | 28.33

Parameters Macro precision | Macro recall Macro F1-score
HL1/HL2/LR | [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/64/0.001 28.65 (0.3) 31.64 (0.8) 27.30 (0.8)
128/64,/0.001 28.33 (0.4) 30.88 (0.9) 26.67 (0.7)
256/64,/0.001 28.18 (0.4) 30.64 (0.8) 26.62 (0.6)
64/128/0.001 28.91 (0.4) 32.09 (1.0) 27.61 (0.8)
128/128/0.001 | 28.58 (0.4) 31.35 (1.1) 26.91 (0.6)
256/128/0.001 | 28.42 (0.4) 31.03 (1.0) 26.83 (0.5)
64/256/0.001 28.56 (0.5) 31.21 (1.1) 27.10 (0.8)
128/256,/0.001 | 28.71 (0.5) 31.17 (0.9) 27.00 (0.7)
256/256/0.001 | 28.64 (0.4) 31.21 (0.6) 27.08 (0.5)
64/64,/0.005 29.23 (1.2) 31.45 (0.9) 27.16 (0.9)
128/64/0.005 29.50 (0.8) 31.36 (0.8) 27.28 (1.0)
256/64/0.005 29.11 (1.0) 30.92 (1.0) 26.95 (0.8)
64/128/0.005 29.29 (1.3) 31.31 (0.6) 27.14 (0.6)
128/128/0.005 | 29.01 (0.7) 31.44 (1.1) 27.15 (1.1)
256/128/0.005 | 28.86 (0.5) 31.05 (0.9) 26.91 (0.9)
64/256/0.005 28.88 (1.1) 30.78 (0.8) 26.54 (1.0)
128/256/0.005 | 28.78 (0.7) 31.28 (1.1) 26.83 (1.3)
256/256/0.005 | 29.68 (1.8) 31.81 (1.0) 27.59 (0.8)
64/64/0.01 28.38 (0.9) 30.25 (1.2) 26.13 (1.2)
128/64/0.01 28.33 (1.2) 30.43 (0.6) 26.16 (1.2)
256/64/0.01 28.54 (1.6) 30.59 (1.0) 26.62 (1.2)
64/128/0.01 28.35 (0.8) 30.47 (0.9) 26.60 (1.3)
128/128/0.01 28.58 (0.4) 31.30 (0.7) 27.11 (0.6)
(0.8) (0.9) 21 (1.2)
(0.7) (1.0) .95 (0.9)
(0.5) (0.6) 28 (1.1)
(1.1) (1.3) .78 (0.9)

XXIII



C. Appendix Results

Table C.9: The table states the results obtained on different hyperparameters for
simple-net on link prediction TransH embedded data.

Parameters | Macro precision | Macro recall Macro F1-score
HL1/LR [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/0.001 27.61 (0.2) 30.10 (0.9) 25.47 (1.1)
128/0.001 27.76 (0.4) 31.07 (1.5) 24.78 (0.7)
256/0.001 27.29 (0.4) 29.81 (1.2) 24.71 (0.7)
64/0.005 27.93 (0.6) 29.93 (1.1) 26.26 (0.6)
128/0.005 28.03 (0.8) 30.47 (1.3) 25.89 (0.8)
256/0.005 27.51 (0.3) 29.90 (1.0) 25.95 (0.4)
64/0.01 27.67 (0.6) 29.78 (0.9) 25.73 (0.6)
128/0.01 27.85 (0.4) 30.81 (1.0) 25.76 (0.7)
256/0.01 27.37 (0.4) 29.67 (0.9) 25.53 (0.4)

XXIV



C. Appendix Results

Table C.10: The table states the results obtained on different hyperparameters for
deep-net on link prediction TransH embedded data.

Parameters Macro precision | Macro recall Macro F1-score
HL1/HL2/LR | [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/64/0.001 27.73 (0.8) 29.58 (1.2) 26.27 (1.1)
128/64,/0.001 27.88 (0.3) 30.60 (0.8) 26.30 (0.7)
256/64,/0.001 27.85 (0.4) 30.86 (0.8) 26.13 (0.6)
64/128/0.001 27.61 (0.4) 29.75 (1.1) 26.30 (0.5)
128/128/0.001 | 27.74 (0.3) 30.54 (0.8) 25.71 (0.7)
256/128/0.001 | 28.01 (0.5) 31.01 (0.9) 26.22 (0.7)
64/256/0.001 27.74 (0.4) 30.22 (1.0) 26.26 (0.5)
128/256,/0.001 | 28.03 (0.3) 30.89 (1.1) 26.55 (0.6)
256/256/0.001 | 27.98 (0.4) 31.14 (1.1) 26.29 (0.7)
64/64,/0.005 27.85 (0.5) 30.12 (1.2) 26.78 (0.6)
128/64/0.005 27.51 (0.6) 29.81 (1.1) 26.14 (1.0)
256/64/0.005 28.03 (0.5) 30.51 (1.3) 26.43 (0.7)
64/128/0.005 27.91 (0.6) 29.74 (0.9) 26.69 (1.0)
128/128/0.005 | 27.76 (0.3) 30.35 (0.8) 26.11 (0.6)
256/128/0.005 | 28.33 (0.4) 31.28 (0.9) 26.86 (1.0)
64/256/0.005 27.78 (0.4) 30.34 (1.0) 26.31 (0.6)
128/256/0.005 | 27.69 (0.6) 30.08 (1.3) 25.71 (1.1)
256/256/0.005 | 27.91 (0.6) 30.61 (1.2) 26.12 (0.8)
64/64/0.01 27.73 (0.8) 29.88 (1.4) 26.18 (1.7)
128/64/0.01 27.82 (0.6) 30.07 (1.3) 26.13 (1.1)
256/64/0.01 27.98 (0.3) 30.61 (0.6) 26.43 (0.8)
64/128/0.01 27.65 (0.4) 30.00 (0.8) 25.91 (1.1)
128/128/0.01 27.98 (0.3) 30.89 (0.91) 26.28 (0.6)
256/128/0.01 27.15 (0.4) 28.75 (0.9) 25.28 (1.0)
64/256/0.01 27.58 (0.6) 29.67 (0.8) 25.89 (0.7)
128/256/0.01 27.59 (1.3) 29.41 (1.3) 25.27 (1.1)
256/256/0.01 27.94 (0.8) 30.24 (1.1) 26.01 (1.0)
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C. Appendix Results

Table C.11: The table states the results obtained on different hyperparameters for
simple-net on link prediction TransR embedded data.

Parameters | Macro precision | Macro recall Macro F1-score
HL1/LR [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/0.001 27.06 (0.3) 29.34 (1.2) 22.99 (0.9)
128/0.001 26.16 (0.3) 26.76 (0.8) 21.63 (0.6)
256/0.001 25.92 (0.3) 26.04 (1.0) 22.31 (0.6)
64/0.005 26.43 (0.5) 27.61 (1.3) 24.00 (1.1)
128/0.005 26.07 (0.5) 26.74 (1.3) 23.32 (0.8)
256/0.005 25.85 (0.3) 26.25 (0.8) 23.68 (0.5)
64/0.01 26.38 (0.3) 27.31 (0.8) 24.32 (0.8)
128/0.01 26.28 (0.6) 27.13 (1.4) 23.63 (1.0)
256/0.01 25.87 (0.3) 26.21 (0.7) 23.64 (0.4)
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C. Appendix Results

Table C.12: The table states the results obtained on different hyperparameters for
deep-net on link prediction TransR embedded data.

Parameters | Macro precision | Macro recall Macro F1-score
HL1/LR [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/64/0.001 26.82 (0.3) 28.39 (0.9) 25.12 (0.9)
128/64/0.001 | 26.84 (0.3) 28.51 (0.7) 24.27 (1.1)
256/64/0.001 | 26.25 (0.4) 26.85 (0.9) 23.09 (0.7)
64/128/0.001 | 27.00 (0.3) 28.72 (0.9) 25.34 (0.6)
128/128/0.001 | 26.46 (0.3) 27.68 (0.8) 23.26 (0.6)
256/128/0.001 | 26.24 (0.6) 27.12 (1.4) 23.40 (1.0)
64/256/0.001 | 26.89 (0.7) 28.28 (0.9) 25.04 (1.4)
128/256/0.001 | 26.46 (0.4) 27.35 (0.6) 23.85 (1.2)
256/256/0.001 | 26.05 (0.4) 26.68 (1.2) 23.41 (0.6)
64/64,/0.005 27.15 (0.5) 28.44 (1.0) 26.06 (0.8)
128/64/0.005 | 26.55 (0.6) 27.65 (0.9) 24.91 (1.1)
256/64/0.005 | 26.57 (0.3) 27.56 (0.4) 24.27 (1.1)
64/128/0.005 | 27.19 (1.1) 27.67 (0.9) 24.96 (1.3)
128/128/0.005 | 26.69 (0.4) 27.68 (1.0) 24.60 (1.2)
256/128/0.005 | 26.45 (0.5) 27.58 (1.2) 23.91 (1.0)
64/256/0.005 | 26.47 (0.5) 27.56 (0.8) 24.19 (1.0)
128/256/0.005 | 26.57 (0.5) 27.72 (1.1) 24.25 (1.5)
256/256/0.005 | 26.17 (0.5) 26.73 (1.3) 23.60 (1.2)
64/64/0.01 26.64 (0.6) 27.60 (1.2) 24.01 (1.5)
128/64/0.01 26.57 (0.4) 27.43 (0.8) 23.60 (1.3)
256/64/0.01 26.59 (1.3) 26.96 (1.2) 23.41 (1.5)
64/128/0.01 26.97 (0.6) 28.03 (0.9) 24.84 (1.3)
128/128/0.01 | 26.66 (0.6) 27.91 (1.4) 23.86 (1.6)
256/128/0.01 | 26.05 (0.4) 26.52 (0.8) 22.06 (1.1)
64/256/0.01 26.61 (0.6) 27.30 (1.2) 24.20 (1.6)
128/256/0.01 | 26.41 (0.6) 27.08 (1.0) 23.42 (1.4)
256/256/0.01 | 26.63 (0.8) 27.34 (1.4) 23.86 (1.8)
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C. Appendix Results

Table C.13: The table states the results obtained on different hyperparameters for
simple-net on link prediction TransD embedded data.

Parameters | Macro precision | Macro recall Macro F1-score
HL1/LR [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/0.001 29.09 (0.3) 33.71 (0.9) 26.79 (0.5)
128/0.001 28.86 (0.4) 32.96 (1.1) 26.78 (0.6)
256/0.001 28.44 (0.2) 31.65 (0.6) 26.78 (0.3)
64/0.005 29.06 (0.5) 33.03 (1.0) 27.89 (0.8)
128/0.005 28.57 (0.4) 31.71 (0.9) 27.13 (0.6)
256/0.005 28.37 (0.6) 31.21 (1.1) 26.96 (0.8)
64/0.01 28.88 (0.6) 32.37 (1.0) 27.39 (0.7)
128/0.01 28.72 (0.5) 32.19 (1.1) 27.19 (0.8)
256/0.01 28.50 (0.5) 31.53 (1.1) 26.91 (0.8)
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C. Appendix Results

Table C.14: The table states the results obtained on different hyperparameters for
deep-net on link prediction TransD embedded data.

Parameters | Macro precision | Macro recall Macro F1-score
HL1/LR [%] Mean (SD) | [%] Mean (SD) | [%] Mean (SD)
64/64/0.001 29.21 (0.7) 33.22 (1.6) 28.17 (1.0)
128/64,/0.001 | 28.96 (0.4) 32.62 (0.8) 27.98 (0.6)
256/64,/0.001 | 28.90 (0.3) 32.37 (0.6) 28.08 (0.5)
64/128/0.001 | 29.39 (0.5) 33.72 (1.0) 28.41 (0.9)
128/128/0.001 | 28.91 (0.6) 32.59 (1.2) 27.66 (0.7)
256/128/0.001 | 28.75 (0.4) 32.23 (0.6) 27.53 (0.5)
64/256/0.001 | 29.42 (0.4) 33.52 (0.8) 28.32 (0.8)
128/256,/0.001 | 29.20 (0.6) 32.68 (1.2) 27.91 (0.9)
256/256/0.001 | 29.03 (0.4) 32.55 (1.3) 27.79 (0.8)
64/64,/0.005 30.25 (0.9) 33.26 (0.7) 28.78 (0.6)
128/64/0.005 | 29.60 (0.7) 32.80 (0.6) 28.54 (0.6)
256/64/0.005 | 29.55 (1.2) 32.69 (0.6) 28.39 (0.7)
64/128/0.005 | 29.36 (0.8) 32.84 (0.7) 28.06 (0.5)
128/128/0.005 | 30.10 (1.2) 33.08 (0.8) 28.39 (0.8)
256/128/0.005 | 29.55 (0.8) 32.40 (1.0) 27.76 (0.7)
64/256/0.005 | 28.60 (0.7) 32.30 (0.7) 27.46 (0.5)
128/256/0.005 | 30.19 (1.4) 32.81 (0.7) 27.65 (0.5)
256/256/0.005 | 29.10 (1.1) 32.66 (1.3) 27.73 (0.9)
64/64/0.01 29.85 (1.6) 32.46 (1.0) 28.11 (0.8)
128/64/0.01 32.17 (7.3) 32.96 (1.2) 28.16 (0.8)
256/64/0.01 29.18 (0.9) 32.45 (0.7) 27.68 (1.3)
64/128/0.01 29.50 (1.3) 32.10 (1.5) 27.87 (0.6)
128/128/0.01 | 28.83 (0.3) 32.48 (0.8) 27.60 (0.5)
256/128/0.01 | 28.66 (0.9) 32.20 (1.1) 27.71 (1.4)
64/256/0.01 28.47 (0.9) 32.14 (0.6) 27.14 (0.8)
128/256/0.01 | 29.08 (0.7) 31.66 (0.7) 27.53 (1.5)
256/256/0.01 | 28.50 (0.4) 31.93 (0.8) 27.90 (0.5)
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